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Abstract

This document describes how to use MySQL HeatWave. It covers how to load data, run queries, optimize
analytics workloads, and use HeatWave machine learning capabilities.

For information about creating and managing a HeatWave Cluster on Oracle Cloud Infrastructure (OCIl), see the
MySQL HeatWave Service documentation.

For information about creating and managing a HeatWave Cluster on Amazon Web Services (AWS), see the
MySQL HeatWave on AWS Service Guide.

For information about creating and managing a HeatWave Cluster on Oracle Database Service for Azure (ODSA),
see the Oracle Database Service for Azure documentation.

For MySQL Server documentation, refer to the MySQL Reference Manual.
For information about the latest MySQL HeatWave features and updates, refer to the HeatWave Release Notes.
For legal information, see the Legal Notices.

For help with using MySQL, please visit the MySQL Forums, where you can discuss your issues with other
MySQL users.
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https://docs.oracle.com/en-us/iaas/mysql-database/doc/heatwave.html
https://dev.mysql.com/doc/heatwave-aws/en/
https://docs.oracle.com/en-us/iaas/Content/multicloud/intro.htm
https://dev.mysql.com/doc/refman/8.0/en/
https://dev.mysql.com/doc/relnotes/heatwave/en/
http://forums.mysql.com

Table of Contents

Preface and Legal NOUICES ......ccouuuiiiiiiie ettt e e et ettt e e e e e e e eebanaaeees vii
L OVERIVIBW ..ottt ettt oottt e ettt e et h e et e b e et e et e et e e e e e et e e e nb e eees 1
1.1 HeatWave ArchiteCtural FEALUIES ...........iiiiiiiiiiiiii et 1
1.2 HEAIWAVE USBGE . ..eieniiiiiiie ettt ettt e et e e et e et e e e et e e e e eaaens 3
1.3 HEAtWaVE AULOML ...ttt e et e e et e e e e ees 3
1.4 HeatWave LaKENOUSE ........ccoiiiiieiiiii ettt e e e e 3
1.5 MYSQL AULOPIIOL ...ttt ettt ettt e et e e e e e aa s 4
1.6 MySQL Server Extensions for HEQtWaVE ..............iiiiiiiiiiiiiiii e 6
2 HEAIWANVE ...ttt et 7
2.1 BEfOre YOU BEOIN ...ttt ettt et 9
2.2 Loading Data t0 HEAWAVE .......c..niiiiiiii e e e 9
2.2.1 PIEIrEOUISITES .....uieieiti ettt ettt et e et et e et e e e e eaaas 10
2.2.2 Loading Data ManUAILY ...........oooouiiiii e e 11
2.2.3 Loading Data Using Auto Parallel Load .............coooveeiiiiiiiiiiieiiiieeee e 12
2.2.4 MoNItoring LOAd PrOgreSs ......cccuuuiiiiiii it ettt eean e eees 18
2.2.5 ChecKing LOAd STALUS .......cccuuniiiiie ittt et et e s 18
2.2.6 DAt COMPIESSION ....ciiitieetiiti ettt ettt e et e et e e et e et e e et e e e e ena s 18
2.2.7 Change Propagation ............oooeiiiuiiiii e e e e et eans 19

2.3 RUNNING QUETIES ...ttt ettt e et e et e e et e e e e ana s 20
2.3.1 QUENY Prer@QUISITES .....ciiiiiiieieiiii ettt ettt et ettt e et e e ena e e enaas 20
2.3.2 RUNNING QUETIES ...ttt ettt ettt e et e e et eeeba s 20
2.3.3 AULO SCREAUIING ...eneeiii e 22
2.3.4 Auto Query Plan IMProOVEMENT ........iiiiiiiiiii e 22
2.3.5 DebUGQING QUETIES .....uuiiiiiieeeiei ettt ettt e et e e 22
2.3.6 Query Runtimes and EStMALES .........oovuuiiiiiiiiiie e 24
2.3.7 CREATE TABLE ... SELECT Statements ...........oveeeeuiiiiiiiiineeieeiieeeeiie e e 24
2.3.8 INSERT ... SELECT SEAteMENTS .....ccciitiieiiiiiieeeiiii ettt 25
2.3.9 USING VIBWS ..ttt ettt e ettt e ettt e et et e e e e ena e eeees 25

2.4 MOiIfYING TADIES ...t et 26
2.5 Unloading Data from HEAtWAVE .............iiiiiiiiiiiii e e 27
2.5.1 UNloading TabIES ... oo 27
2.5.2 Unloading Data Using AUto UNIOAd ............c.uuiiiiiiiiieiiiiiieeei e 27

2.6 Table Load and QUEry EXAmMPIE .......coooiiiiiiii e e 30
2.7 Workload OpPtiMIZALION .........uuiiiiiii e e ettt e e e e e 32
2.7.1 Encoding String COIUMNS .......uuuiiiiiiiei et 33
2.7.2 Defining Data Placement KEYS ........oooiiiiiiiiiii e 34

2.8 Workload Optimization USING AGVISOT ........cccuuuiiiiiiiieeiiis et eeeni e 35
2.8.1 AQVISOT SYNTAX ..eirtuieiiitiie ettt ettt e e et e e e e et e e s 36
2.8.2 AULO ENCOGING ..ttuiiiiii e ettt e e et e e e e 38
2.8.3 AULO Data PIaCEIMENT .. .couuiiiiiii ettt e e enees 41
2.8.4 QUETY INSIGNTS ...ttt et et 44
2.8.5 UNIOAA AGVISOT ..ottt ettt e e 47
2.8.6 Advisor Command-line HEIP .........uiiiiiiiiii e e 48
2.8.7 AAVISOr RePOrt TabIe .......ooiiiiiieii e 48

2.9 BESE PrACHCES ... iiiitiieeiiit ettt ettt et et 49
2.9.1 Preparing Datal . .....ceeuoiii i et e e e e 49
2.9.2 PrOVISIONING . eevuneieetit ettt ettt ettt et e e e et e e e e e e e e enaas 50
2.9.3 Importing Data into the MySQL DB SYStEM ........oeiiiiiiieiiiiiieiiiiieeee e 50
2.9.4 Inbound REPHCALION .....cieiiiieiiii e 51
2.9.5 L0AAING DALA ... ceeeiiieiiiiie et 51
2.9.6 Auto Encoding and Auto Data Placement ............c.uiviiiiiiiiiiiiiiiieee e 52
2.9.7 RUNNING QUETIES ...ttt ettt ettt et e et e e 52
IR I\ o] o1 (o] ¢ o [P PTTRTUPPTTTRP 57
2.9.9 REl0AAING DALA ....ceiiitieeieii et 57

2.10 SUPPOITED DAB TYPES .. eeeiiieeiiii ettt ettt ettt e ettt e et e e et e e e e e e e 58




MySQL HeatWave User Guide

2.11 Supported SQL MOAES ....ccouueiiiiieii e e e e et e e e e e et e et e e et e e st e aeanaes 59
2.12 Supported FUNCLioNS and OPEIratOrS ........civuuiiiieiiii e e e e e e e e eanns 59
2.12.1 Aggregate FUNCHONS ........uiiiiiieii e e e e e e e e e eaans 59
A N 111 0] 41 ([ @ o =T = L (o ] £ 62
2.12.3 Cast FUNCIONS and OPEratOrS .........eeiuuieiiieeiieeeiie e e e e e e e e e e e eeenns 62
2.12.4 Comparison FUNCtions and OPEratorsS ..........ccuveiruieiiiieeiiie e eeiire e e e e eeannas 62
2.12.5 Control Flow Functions and OPEerators ..........c.ueveeiieiiieiiieeeiiieeenee e e e e eannes 63
2.12.6 Data Masking and De-ldentification FUNCLIONS ...........cccocovieiiiiiiiiieec e, 64
2.12.7 Date and Time FUNCLIONS ......iiiiiiieeicie et e e e e e e 64
2.12.8 Encryption and Compression FUNCLIONS .........cocuieiiiiiiiiici e 67
2.12.9 JSON FUNCLIONS ..ottt ettt e e e e et e e et e e e eae e e e eann e eeeenns 67
WA O o o Tor- L @ 01T - o] =P 67
2.12.11 Mathematical FUNCHONS .........iiiiiiiiiieii et et e e s 68
2.12.12 String FUnctions and OPErators ..........ccccuuieiiuieeiiiieiiiee e e e e e eaanas 69
2.12.13 WINAOW FUNCHIONS ....euuiiiiiii et e et e et e e e e e eaa e 71

2.13 String Column Encoding REfErENCE .........oiiiiiiiii e e 71
2.13.1 Variable-1ength ENCOING ......uiiiiiiiiiei e 71
2% S 7 B T T ) F= Y VA =1 (oo o [ o [0S P 73

P e TR T @o 11 ] IR0 1) PSP 73

2% 7 I (01U o] =T o o) 1] o PSR 73
A Y11 = o F= L= R O T 1= = PP 76
2.15.1 Secondary Engine DefinitionS ..........ooiiiiiiiiiiii e 77
2.15.2 EXClUded COIUMNS ...coutiiiiiiiieee e e et e et eeeaa e 77
2.15.3 String Column ENCOAING ....cvvuiiiiieii e e e e e e e aeas 77
2.15.4 Data PIACEMENT .....iiiiiiieiiii et 78

2.16 Bulk Ingest Data to MySQL SEIVEN ......uiiiiiiii e e e 79
2.17 HeatWave LIMItatioNS .........ioiiiiiieiiii et e e e e et s e e e e e e eaaeaeeeannns 81
2.17.1 Change Propagation LImitations ...........cccceuiiiiieiiiiiiiiee e e e e e e 81
2.17.2 Data Type LIMItations .......couuiiiiiiiii e e e e e e e e e e aanas 81
2.17.3 Functions and Operator LIMItations ............coevvuieiiiiiiiiiieci e e e e e 82
2.17.4 Index and OptiMIzZer HINES ......couuiiiiii e e e e 84
2.17.5 J0IN LIMIEALIONS «.oevtiieiiiiii ettt e et e e et e e e et e e e et e e eeannns 84
2.17.6 Variable LIMItAtIONS ........coiuuuieiiiiii ettt e e e et e e e e e era s 85
2.17.7 Bulk Ingest Data to MySQL Server LImitations ...........cccocevieeiiiiiiiiiieiieecieeieeeenn, 85
2.17.8 Other LIMItAtIONS ......uuiiiiiiiieeiiite et e et e e et e e et e e e et e e e eett e e e eeteaaeeaereaeeaes 86

3 HEAIWAVE AULOML ...ttt e e e e et e et e e e e e e e e aeees 89
3.1 HeatWave AUIOML FRALUIES .........oii it e e e ees 90
3.1.1 HeatWave AutoML Supervised Learning ........cc.oeevuiiieiiieeiiiieiiieeiiee e e e e 90
3.1.2 HeatWave AUtOML EaSE Of USE ....ccocuuiiiiiiiiiicei e e 90
3.1.3 HeatWave AUtOML WOIKFIOW .......oooiiuiiiiiii e 91
3.1.4 Oracle AUIOML ...ooveiiii et 91

G = T= o] £ =T o TU I =TT 1o 92
IR I CT= 1 1] o [ = Ut (= o PN 93
3.4 Preparing Datal ......cco.uiiiiiiiii e e e a e r e e aa 93
I R = o 11 [T [ - | - PP 93
3.4.2 UNIADEIE DALA ....ueeiiiiieeeei e 94
3.4.3 General Data REQUIFEMENLS .....couuuiiii e e e e e e e 94
3.4.4 EXAMPIE DALA ....uiiiiiiiii i 95
3.4.5 EXAMPIE TEXE DALA ...cvvuiiii i e e e e e e 96

TN I -1 o J= T 1Yo To [ 97
3.5.1 Advanced ML_TRAIN OPLONS .....ciuuiiiiiiiii i ee e e e e e e e e e e e aanees 98

3.6 Training EXPIAINEIS ....ccvniiiiic e 98
I A o (=T o [Tod 1o PSP 100
I A R = (o 1A o =T [Tod T o LSS 100

I A - o] (=3 o £ To o 1T L PP 101

GRS T (o] = T = LT 101
IS 0 A o 1A T o] = Vg = LT 1N 102
3.8.2 Tabhle EXPlanatioNnS ........cccuuiiiiiiiii e e e e e e e e a e 103




MySQL HeatWave User Guide

LS 0 (=T o7= ) ] Vo [P 104
3.9.1 Training a Forecasting Model ..........c.cooiiiiiiiiiiiii e 104
3.9.2 Using a Forecasting MOdEl ..........coouiiiiiiiiiiii e 104

3.10 ANOMAlY DEIECHON ....ivtiiiii e e e e e e e e e e e e e e e e e aaa e 107
3.10.1 Training an Anomaly Detection MOdel ..........ccoooviiiiiiiiiii e, 108
3.10.2 Using an Anomaly Detection Model ..........cccovuiiiiiiiiiei e, 108

I 5 R = LYot 4] 0 =Y o F= Lo PP 110
3.11.1 Training a Recommendation Model ............cocouiiiiiiiiiii e 111
3.11.2 Using a Recommendation MOdEl ............cociiiiiiiiiiii e 113

3.12 HeatWave AUtOML and LakehOUSE ........ccouuiiiiiiiiiiiiiiii e 123

G0 I V.- Vo= Vo [T To TR 1Yo To 1= £ PPN 127
3.13.1 The Model Catalog .......ccuuieiiiieiiiiie e e e e e e e e e e e e e aneaes 127
3.13.2 ONNX MOdel IMPOIt ...t e e e 129
G0 I B I - To [ 10T T 1Y/ To 1= £ 135
G0 R 7 B U T ] [ 7= To [ Ta o TN 1Yo To 1= £ P 135
3.13.5 VIeWING MOGEIS ....couniiiiiiiiii et e e e e e e 136
3.13.6 SCOMNG MOUEIS ....ceiiiiie e e e e e e e 136
G0 I A Y Fo To [T I o] F= T = o] 1 137
3.13.8 MOl HANAIES .. .eiiiieeeiii e 137
3.13.9 DeletiNng MOUEIS ... .ccouiiiiiiei e e e e e e e aaaas 138
3.13.10 Sharing MOEIS .......ceeiiiii e e 139

3.14 ProgreSs traCKiNg ......ccuueiii i eeie et e e e e e e e e e 139

3.15 HeatWave AULOML ROULINES .....couuiiiiiiiie et e e e e e e 143
.15, 1 ML_TRAIN Lottt e e ettt e e e e e e e e 143
3.15.2 ML_EXPLAIN L.uieie et e e e et e e e e et 150
3.15.3 ML_MODEL_IMPORT ...ttt ettt e e e et eeeaa s 152
3.15.4 ML_PREDICT_ROW ...uiiiiiiiieteie ettt e e et e et eeeaan s 153
3.15.5 ML_PREDICT_TABLE .. oottt 156
3.15.6 ML_EXPLAIN_ROW ... ittt e et e e e s 159
3.15.7 ML_EXPLAIN_TABLE ..ottt e e e 161
3.15.8 ML_SCORE ...uiiiiiiieiiii ettt et eaaan 163
3.15.9 ML_MODEL_LOAD ...ttt e et e et e e e et neeeeaan e eaees 165
3.15.10 ML_MODEL_UNLOAD ....uuiiiiiiiieeeee ettt e e e e 166
0 T O 1Y/ T To 1= B Y/ o 1= T 166
3.15.12 MOl MEAUALA .. ..cevvneieiiii et 168
3.15.13 Optimization and Scoring MELtIICS ........c.uveiiieiiiiieii e e 170

T LIRS0 o] oo g (=To I D= L= W 1Y =T PPN 174

3.17 HeatWave AULOML EITOr MESSAQES . ..uiuuiiiiitie it re e e e e e e e e e e 175

3.18 HeatWave AULOML LIMItAtiONS .......oeiiiiiieiiiiie et e e e e e 196

4 HeatWave LAKENOUSE .........iiiiiiiiiee ettt et e e et e e e et e e e e aa s 197

I @Y= T Y S 197

A e (= = To [ 1] (= S 198

4.3 Pre-Authenticated REQUESES ... .c.uuiiii i e e e e e e e aanas 198
4.3.1 Pre-Authenticated Request EXamples ..........coovviiiiiiiiiiiici e 198

4.4 RESOUICE PrINCIPAIS ...uuiiiiieii e e e e e e eaaas 200
4.4.1 Configuring a Tenancy for Resource Principal Data Loading .............cccooevveeinnnnns 200

S B L= L= Nl Y/ 011 TP PP 200

4.6 HeatWave Lakehouse LIMItAatioNS ..........ovieiiiiiiiiiiiieccci e 201

4.7 Lakehouse External Table SYNaX ......cc.uiiiiiiieiiiiiiii e e e 202

4.8 Lakehouse AUto Parallel LOAd ...........ooiiiiiiiiiiiiieic e 205

4.9 Loading Data from External Storage Using Auto Parallel Load ..............ccocciiiiiiiiinennn. 206
e Tt R o T Yo I @da 1o [0 = 1o o P PPN 206
4.9.2 Loading LakehouSe Data ..........c.uiviiuiiiiiiiiiii e e e e e e e e e e e e e aaen 207
4.9.3 Generated LOad SCHPL ....cviiniiiiie e 210

4.10 Manually Loading Data from ExXternal Storage ..........ccoovvvuiieiiiieiiiiiiiii e eee e 211

4.11 External Table RECOVEIY .....u.iiiiiieiii ettt e e e e e e e e e eanns 211

4.12 HeatWave Lakehouse ErrOr MESSAGES .....civuuieiinieiiiieeiieeeiiieeeee et eeeeeeaaeeatneeeaneesanees 211

5 System and Status Variables ...........ccoouiiiiiii e 217




MySQL HeatWave User Guide

5.1 SYSIEM ValADIES ...uiiiiiiiii e 217
5.2 SEAtUS VANTADIES ... e 221
6 HeatWave Performance and MONITOMNG ........iiuiieiiiei e e e e e e e e e e aen 223
6.1 HeatWave Autopilot Report Table .........coovuiiiiiiii e 223
(SR o 1= LAY =AY Y 1Y Fo T 1 (o o P 225
6.2.1 HeatWave Node Status MONITOMNG .......cc.uveiiieiiiiieiiiieeiir e e e e e e e e 225
6.2.2 HeatWave Memory Usage MONItONNG .....ccuuiiiiiieiiieiiie e e e e 225
6.2.3 Data Load Progress and Status MONItOriNG ..........c.cccvveiiiieiiiieiiii e eeeiee s 225
6.2.4 Change Propagation MONITOMNG .......ciuuniiiiieiiii e e e e e e e e 226
6.2.5 Query EXecution MONITOIING ......cccuuieiiiieiii e e e e e e e e e e e e e eaanaees 227
6.2.6 Query History and Statistics MONItONNG ........ccevvieiiiiiiiiee e 228
6.2.7 Scanned Data MONITOMING .......couuiiiiiieii e e e e e e e e e 229

6.3 HeatWave AULOML MONITOTING ...ovuuiiieeiiii e e e e e e e e e e e e e e e anaeeaen 230
6.4 HeatWave Performance Schema Tables .........cooiiiiiiiiiiiiiii e 231
6.4.1 The rpd_column_id Table ..o 231
6.4.2 The rpd_ColUMNS TabIE ...c.uuiiii e e 231
6.4.3 The rpd_exec_stats Table ......ccouiiiiiiii e 232
6.4.4 The rpd_NOAES TabBIE ......ccuniiii e 232
6.4.5 The rpd_preload _stats Table .......ccouiiiiiiiiii e 234
6.4.6 The rpd_query_Stats Table .......couiiiiiiiii e 235
6.4.7 The rpd_table_id Table ..o 235
6.4.8 The rpd_tables Table ..o 236

7 HeatWave QUICKSTAIS .........iiiiiiii e e e e e e e e e e et e e e e et e e et eeanaeeaes 239
7.1 tpch ANalytics QUICKSTAN ... ...iiii i e e e e e e e e an s 239
A0 T A o T T o = (=T U1 N 239
7.1.2 Generating tpch Sample Data ........cccuuiiiiiiiiiii e 240
7.1.3 Creating the tpch Sample Database and Importing Data ............cc.ccoeveviieeinneennnn. 240
7.1.4 Loading tpch Data Into HEAtWAVE ........cc.uiiiiiiiiiiiciie e 243
7.1.5 RUNNING tPCh QUETIES . ..viiiii e e e e e 244
7.1.6 Additional tpCh QUETIES .......iiiiiiii e e eaas 245
7.1.7 Unloading tpch Tables .......cc.uoiiiiii e 247

7.2 AirportDB Analytics QUICKSTAI .........ciieieiii e e e e e 247
7.2.1 AIrportDB Prer@qUISITES ......ivveiiiici e e e e aaaas 247
7.2.2 InStalling AIrPOIDB .....ccuiiiii e e 248
7.2.3 Loading AirportDB into HEAtWaVE ...........oiviiiiiiiiici e 248
7.2.4 Running AIrportDB QUETIES ......uuiiiuiiiiieeie e et e e e e e e e e e e aaaeees 249
7.2.5 Additional AirportDB QUETIES .....uuuiiiieiii e eiee et e e e e e e e eaanas 250
7.2.6 Unloading AIrportDB TabIes ........coouiiiiiiii e 251

7.3 Iris Data Set Machine Learning QUICKSTAI ............oieiiiiiiiiiiii e 251

Vi



Preface and Legal Notices

This is the user manual for MySQL HeatWave.

Legal Notices

Copyright © 1997, 2024, Oracle and/or its affiliates.
License Restrictions

This software and related documentation are provided under a license agreement containing
restrictions on use and disclosure and are protected by intellectual property laws. Except as expressly
permitted in your license agreement or allowed by law, you may not use, copy, reproduce, translate,
broadcast, modify, license, transmit, distribute, exhibit, perform, publish, or display any part, in any
form, or by any means. Reverse engineering, disassembly, or decompilation of this software, unless
required by law for interoperability, is prohibited.

Warranty Disclaimer

The information contained herein is subject to change without notice and is not warranted to be error-
free. If you find any errors, please report them to us in writing.

Restricted Rights Notice

If this is software, software documentation, data (as defined in the Federal Acquisition Regulation), or
related documentation that is delivered to the U.S. Government or anyone licensing it on behalf of the
U.S. Government, then the following notice is applicable:

U.S. GOVERNMENT END USERS: Oracle programs (including any operating system, integrated
software, any programs embedded, installed, or activated on delivered hardware, and modifications
of such programs) and Oracle computer documentation or other Oracle data delivered to or accessed
by U.S. Government end users are "commercial computer software," "commercial computer software
documentation," or "limited rights data" pursuant to the applicable Federal Acquisition Regulation and
agency-specific supplemental regulations. As such, the use, reproduction, duplication, release, display,
disclosure, modification, preparation of derivative works, and/or adaptation of i) Oracle programs
(including any operating system, integrated software, any programs embedded, installed, or activated
on delivered hardware, and modifications of such programs), ii) Oracle computer documentation and/
or iii) other Oracle data, is subject to the rights and limitations specified in the license contained in

the applicable contract. The terms governing the U.S. Government's use of Oracle cloud services

are defined by the applicable contract for such services. No other rights are granted to the U.S.
Government.

Hazardous Applications Notice

This software or hardware is developed for general use in a variety of information management
applications. It is not developed or intended for use in any inherently dangerous applications, including
applications that may create a risk of personal injury. If you use this software or hardware in dangerous
applications, then you shall be responsible to take all appropriate fail-safe, backup, redundancy, and
other measures to ensure its safe use. Oracle Corporation and its affiliates disclaim any liability for any
damages caused by use of this software or hardware in dangerous applications.

Trademark Notice

Oracle, Java, MySQL, and NetSuite are registered trademarks of Oracle and/or its affiliates. Other
names may be trademarks of their respective owners.

Intel and Intel Inside are trademarks or registered trademarks of Intel Corporation. All SPARC
trademarks are used under license and are trademarks or registered trademarks of SPARC
International, Inc. AMD, Epyc, and the AMD logo are trademarks or registered trademarks of Advanced
Micro Devices. UNIX is a registered trademark of The Open Group.
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Documentation Accessibility

Third-Party Content, Products, and Services Disclaimer

This software or hardware and documentation may provide access to or information about content,
products, and services from third parties. Oracle Corporation and its affiliates are not responsible

for and expressly disclaim all warranties of any kind with respect to third-party content, products,

and services unless otherwise set forth in an applicable agreement between you and Oracle. Oracle
Corporation and its affiliates will not be responsible for any loss, costs, or damages incurred due to
your access to or use of third-party content, products, or services, except as set forth in an applicable
agreement between you and Oracle.

Use of This Documentation

This documentation is NOT distributed under a GPL license. Use of this documentation is subject to the
following terms:

You may create a printed copy of this documentation solely for your own personal use. Conversion

to other formats is allowed as long as the actual content is not altered or edited in any way. You shall
not publish or distribute this documentation in any form or on any media, except if you distribute the
documentation in a manner similar to how Oracle disseminates it (that is, electronically for download
on a Web site with the software) or on a CD-ROM or similar medium, provided however that the
documentation is disseminated together with the software on the same medium. Any other use, such
as any dissemination of printed copies or use of this documentation, in whole or in part, in another
publication, requires the prior written consent from an authorized representative of Oracle. Oracle and/
or its affiliates reserve any and all rights to this documentation not expressly granted above.

Documentation Accessibility

For information about Oracle's commitment to accessibility, visit the Oracle Accessibility Program
website at
http://www.oracle.com/pls/topic/lookup?ctx=acc&id=docacc.

Access to Oracle Support for Accessibility

Oracle customers that have purchased support have access to electronic support through My Oracle
Support. For information, visit

http://www.oracle.com/pls/topic/lookup?ctx=acc&id=info or visit ht t p: / / www. or acl e. cont pl s/

t opi ¢/ | ookup?ct x=acc& d=tr s if you are hearing impaired.
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HeatWave is a massively parallel, high performance, in-memory query accelerator that accelerates
MySQL performance by orders of magnitude for analytics workloads, mixed workloads, and machine
learning. HeatWave can be accessed through Oracle Cloud Infrastructure (OCI), Amazon Web
Services (AWS), and Oracle Database Service for Azure (ODSA).

HeatWave consists of a MySQL DB System and HeatWave nodes. Analytics queries that meet certain
prerequisites are automatically offloaded from the MySQL DB System to the HeatWave Cluster

for accelerated processing. With a HeatWave Cluster, you can run online transaction processing
(OLTP), online analytical processing (OLAP), and mixed workloads from the same MySQL database
without requiring extract, transfer, and load (ETL), and without modifying your applications. For more
information about the analytical capabilities of HeatWave, see Chapter 2, HeatWave.

The MySQL DB System includes a HeatWave plugin that is responsible for cluster management, query
scheduling, and returning query results to the MySQL DB System. The HeatWave nodes store data in
memory and process analytics and machine learning queries. Each HeatWave node hosts an instance
of the HeatWave query processing engine (RAPI D).

Enabling a HeatWave Cluster also provides access to HeatWave AutoML, which is a fully managed,
highly scalable, cost-efficient, machine learning solution for data stored in MySQL. HeatWave AutoML
provides a simple SQL interface for training and using predictive machine learning models, which can
be used by novice and experienced ML practitioners alike. Machine learning expertise, specialized
tools, and algorithms are not required. With HeatWave AutoML, you can train a model with a single call
to an SQL routine. Similarly, you can generate predictions with a single CALL or SELECT statement
which can be easily integrated with your applications.

1.1 HeatWave Architectural Features

The HeatWave architecture supports OLTP, OLAP and machine learning.




In-Memory Hybrid-Columnar Format

Figure 1.1 HeatWave Architecture
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In-Memory Hybrid-Columnar Format

HeatWave stores data in main memory in a hybrid columnar format. The HeatWave hybrid approach
achieves the benefits of columnar format for query processing, while avoiding the materialization and
update costs associated with pure columnar format. Hybrid columnar format enables the use of efficient
guery processing algorithms designed to operate on fixed-width data, and permits vectorized query
processing.

Massively Parallel Architecture

The HeatWave massively parallel architecture uses internode and intranode partitioning of data. Each
node within a HeatWave Cluster, and each CPU core within a node, processes the partitioned data in
parallel. HeatWave is capable of scaling to thousands of cores. This massively parallel architecture,
combined with high-fanout, workload-aware partitioning, accelerates query processing.

Figure 1.2 HeatWave Massively Parallel Architecture
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Push-Based Vectorized Query Processing

HeatWave processes queries by pushing vector blocks (slices of columnar data) through the query
execution plan from one operator to another. A push-based execution model avoids deep call stacks
and saves valuable resources compared to tuple-based processing models.




Scale-Out Data Management

Scale-Out Data Management

When analytics data is loaded into HeatWave, the HeatWave Storage Layer automatically persists the
data for pause and resume of the HeatWave Cluster and for fast recovery in case of a HeatWave node
or cluster failure. Data is automatically restored by the HeatWave Storage Layer when the HeatWave
Cluster resumes after a pause or recovers a failed node or cluster. This automated, self-managing
storage layer scales to the size required for your HeatWave Cluster and operates independently in the
background. MySQL HeatWave Service persists the data to OCI Object Storage. MySQL HeatWave on
AWS persists the data to AWS S3.

Native MySQL Integration

Native integration with MySQL provides a single data management platform for OLTP, OLAP, mixed
workloads, and machine learning. HeatWave is designed as a pluggable MySQL storage engine, which
enables management of both the MySQL and HeatWave using the same interfaces.

Changes to analytics data on the MySQL DB System are automatically propagated to HeatWave nodes
in real time, which means that queries always have access to the latest data. Change propagation is
performed automatically by a light-weight algorithm.

Users and applications interact with HeatWave through the MySQL DB System using standard tools
and standard-based ODBC/JDBC connectors. HeatWave supports the same ANSI SQL standard and
ACID properties as MySQL and the most commonly used data types. This support enables existing
applications to use HeatWave without modification, allowing for quick and easy integration.

1.2 HeatWave Usage

Analytics and machine learning queries are issued from a MySQL client or application that interacts
with the HeatWave Cluster by connecting to the MySQL DB System. Results are returned to the
MySQL DB System and to the MySQL client or application that issued the query.

The number of HeatWave nodes required depends on data size and the amount of compression
that is achieved when loading data into the HeatWave Cluster. A HeatWave Cluster in Oracle Cloud
Infrastructure (OCI) or Oracle Database Service for Azure (ODSA) supports up to 64 nodes. On
Amazon Web Services (AWS), a HeatWave Cluster supports up to 128 nodes.

On Oracle Cloud Infrastructure (OCI), data that is loaded into HeatWave is automatically persisted to
OCI Object Storage, which allows data to be reloaded quickly when the HeatWave Cluster resumes
after a pause or when the HeatWave Cluster recovers from a cluster or node failure.

HeatWave network traffic is fully encrypted.

1.3 HeatWave AutoML

With HeatWave AutoML, data and models never leave MySQL HeatWave, saving you time and
effort while keeping your data and models secure. HeatWave AutoML is optimized for HeatWave
shapes and scaling, and all HeatWave AutoML processing is performed on the HeatWave Cluster.
HeatWave distributes ML computation among HeatWave nodes, to take advantage of the scalability
and massively parallel processing capabilities of HeatWave. For more information about the machine
learning capabilities of HeatWave, see Chapter 3, HeatWave AutoML.

1.4 HeatWave Lakehouse

The Lakehouse feature of MySQL HeatWave enables query processing on data resident in Object
Storage. The source data is read from Object Storage, transformed to the memory optimized
HeatWave format, stored in the HeatWave persistence storage layer in OCI Object Storage, and then
loaded to HeatWave cluster memory.

» Provides in-memory query processing on data resident in Object Storage.




MySQL Autopilot

» Data is not loaded into the MySQL InnoDB storage layer.
» Supports structured and relational data in Avro, CSV, and Parquet format files.

 With this feature, users can now analyse data in both InnoDB and an object store using familiar SQL
syntax in the same query.

See: Chapter 4, HeatWave Lakehouse. To use Lakehouse with HeatWave AutoML, see: Section 3.12,
“HeatWave AutoML and Lakehouse”.

1.5 MySQL Autopilot

MySQL Autopilot automates many of the most important and often challenging aspects of achieving
exceptional query performance at scale, including cluster provisioning, loading data, query processing,
and failure handling. It uses advanced techniques to sample data, collect statistics on data and queries,
and build machine learning models to model memory usage, network load, and execution time.

The machine learning models are used by MySQL Autopilot to execute its core capabilities. MySQL
Autopilot makes the HeatWave query optimizer increasingly intelligent as more queries are executed,
resulting in continually improving system performance.

System Setup
* Auto Provisioning

Estimates the number of HeatWave nodes required by sampling the data, which means that manual
cluster size estimations are not necessary. For MySQL HeatWave on OCI, see HeatWave Cluster
Size Estimates. For MySQL HeatWave on AWS, see Estimating Cluster Size with MySQL Autopilot.
For HeatWave in Oracle Database Service for Azure (ODSA), see the Provisioning HeatWave
Nodes.

» Auto Shape Prediction

For MySQL HeatWave on AWS, the Auto Shape Prediction feature in MySQL Autopilot uses MySQL
statistics for the workload to assess the suitability of the current shape. Auto Shape Prediction
provides prompts to upsize the shape and improve system performance, or to downsize the shape if
the system is under-utilized. See: Autopilot Shape Advisor.

Data Load

» Auto Parallel Load

Optimizes load time and memory usage by predicting the optimal degree of parallelism for each table
loaded into HeatWave. See: Section 2.2.3, “Loading Data Using Auto Parallel Load”.

» Auto Encoding

Determines the optimal encoding for string column data, which minimizes the required cluster size
and improves query performance. See: Section 2.8.2, “Auto Encoding”.

» Auto Data Placement

Recommends how tables should be partitioned in memory to achieve the best query performance,
and estimates the expected performance improvement. See: Section 2.8.3, “Auto Data Placement”.

» Auto Data Compression

HeatWave can compress data stored in memory using different compression algorithms. To
minimize memory usage while providing the best query performance, auto compression dynamically
determines the compression algorithm to use for each column based on its data characteristics.
Auto compression employs an adaptive sampling technique during the data loading process,
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Query Execution

and automatically selects the optimal compression algorithm without user intervention. Algorithm
selection is based on the compression ratio and the compression and decompression rates,
which balance the memory needed to store the data in HeatWave with query execution time. See:
Section 2.2.6, “Data Compression”.

Query Execution
« Auto Query Plan Improvement

Uses statistics from previously executed queries to improve future query execution plans. See:
Section 2.3.4, “Auto Query Plan Improvement”.

» Adaptive Query Execution

Adaptive query optimization automatically improves query performance and memory consumption,
and mitigates skew-related performance issues as well as out of memory errors. It uses various
statistics to adjust data structures and system resources after query execution has started. It
independently optimizes query execution for each HeatWave node based on actual data distribution
at runtime. This helps improve the performance of ad hoc queries by up to 25%. The HeatWave
optimizer generates a physical query plan based on statistics collected by Autopilot. During query
execution, each HeatWave node executes the same query plan. With adaptive query execution,
each individual HeatWave node adjusts the local query plan based on statistics such as cardinality
and distinct value counts of intermediate relations collected locally in real-time. This allows each
HeatWave node to tailor the data structures that it needs, resulting in better query execution time,
lower memory usage, and improved data skew-related performance.

» Auto Query Time Estimation

Estimates query execution time, allowing you to determine how a query might perform without
having to run the query. Runtime estimates are provided by the Advisor Query Insights feature. See:
Section 2.8.4, “Query Insights”.

» Auto Change Propagation

For MySQL HeatWave on OCI, Auto Change Propagation intelligently determines the optimal time
when changes to data on the MySQL DB System should be propagated to the HeatWave Storage
Layer.

» Auto Scheduling

Prioritizes queries in an intelligent way to reduce overall query execution wait times. See:
Section 2.3.3, “Auto Scheduling”.

» Auto Thread Pooling

Queues incoming transactions to give sustained throughput during high transaction concurrency.
Where multiple clients are running queries concurrently, Auto Thread Pooling applies workload-
aware admission control to eliminate resource contention caused by too many waiting
transactions. Auto Thread Pooling automatically manages the settings for the thread pool
control variables t hr ead _pool _si ze,t hread pool max_transactions |inmt,and
thread _pool query_ threads per_group. For details of how the thread pool works, see
Thread Pool Operation.

Failure Handling

* Auto Error Recovery

On Oracle Cloud Infrastructure (OCI), Auto Error Recovery recovers a failed node or provisions
a new one and reloads data from the HeatWave storage layer when a HeatWave node becomes
unresponsive due to a software or hardware failure. See: HeatWave Cluster Failure and Recovery.
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MySQL Server Extensions for HeatWave

For MySQL HeatWave on AWS, Auto Error Recovery recovers a failed node and reloads data from
the MySQL DB System when a HeatWave node becomes unresponsive due to a software failure.

1.6 MySQL Server Extensions for HeatWave

The following items are extensions to MySQL Server that are only available with HeatWave:

» Section 2.16, “Bulk Ingest Data to MySQL Server”
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When a HeatWave Cluster is enabled, queries that meet certain prerequisites are automatically
offloaded from the MySQL DB System to the HeatWave Cluster for accelerated processing.

Queries are issued from a MySQL client or application that interacts with the HeatWave Cluster by
connecting to the MySQL DB System. Results are returned to the MySQL DB System and to the
MySQL client or application that issued the query.

Manually loading data into HeatWave involves preparing tables on the MySQL DB System and
executing load statements. See Section 2.2.2, “Loading Data Manually”. The Auto Parallel Load utility
facilitates the process of loading data by automating required steps and optimizing the number of
parallel load threads. See Section 2.2.3, “Loading Data Using Auto Parallel Load”.

For MySQL HeatWave on AWS, you can load data into HeatWave using the MySQL HeatWave
Console. See Manage HeatWave Data with Workspaces, in the MySQL HeatWave on AWS Service
Guide.

For HeatWave in Oracle Database Service for Azure (ODSA), see Importing Data to MySQL
HeatWave.

When HeatWave loads a table, the data is sharded and distributed among HeatWave nodes. After a
table is loaded, DML operations on the tables are automatically propagated to the HeatWave nodes.
No user action is required to synchronize data. For more information, see Section 2.2.7, “Change
Propagation”.

On Oracle Cloud Infrastructure (OCI), data loaded into HeatWave, including propagated changes, are
automatically persisted by the HeatWave Storage Layer to OCI Object Storage for a fast recovery in
case of a HeatWave node or cluster failure. For MySQL HeatWave on AWS, data is recovered from the
MySQL DB System.
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Before You Begin

After running a number of queries, you can use the HeatWave Advisor to optimize your workload.
Advisor analyzes your data and query history to provide string column encoding and data placement
recommendations. See Section 2.8, “Workload Optimization using Advisor”.

2.1 Before You Begin

Before you begin using HeatWave, the following is assumed:

* You have an operational DB System and you are able to connect to it using a MySQL client. If not,
refer to the following procedures:

* For MySQL HeatWave on OCI, see Creating a DB System, and Connecting to a DB System, in
the MySQL HeatWave on OCI Service Guide.

« For MySQL HeatWave on AWS, see Creating a DB System, and Connecting from a Client, in the
MySQL HeatWave on AWS Service Guide.

« For HeatWave in Oracle Database Service for Azure (ODSA), see Provisioning MySQL HeatWave
and Connecting to MySQL HeatWave.

* Your MySQL DB System has an operational HeatWave Cluster. If not, refer to the following
procedures:

* For MySQL HeatWave on OCI, see Adding a HeatWave Cluster, in the MySQL HeatWave on OCI
Service Guide.

« For MySQL HeatWave on AWS, see Creating a HeatWave Cluster, in the MySQL HeatWave on
AWS Service Guide .

* For HeatWave in Oracle Database Service for Azure (ODSA), see Provisioning MySQL
HeatWave.

2.2 Loading Data to HeatWave

This section describes how to load data into HeatWave. The following methods are supported:

» Loading data manually. This method loads one table at a time and involves executing multiple
statements for each table. See Section 2.2.2, “Loading Data Manually”.

» Loading data using Auto Parallel Load. This MySQL Autopilot enabled method loads one or more
schemas at a time and facilitates loading by automating manual steps and optimizing the number of
parallel load threads for a faster load. See Section 2.2.3, “Loading Data Using Auto Parallel Load”.

» Loading data using the MySQL HeatWave Console (for users of MySQL HeatWave on AWS).
This GUI-based and MySQL Autopilot enabled method loads selected schemas and tables using
an optimized number of parallel load threads for a faster load. See Manage HeatWave Data with
Workspaces, in the MySQL HeatWave on AWS Service Guide.

HeatWave loads data with batched, multi-threaded reads from | nnoDB. HeatWave then converts the
data into columnar format and sends it over the network to distribute it among HeatWave nodes in
horizontal slices. HeatWave partitions data by the table primary key, unless the table definition includes
data placement keys. See Section 2.7.2, “Defining Data Placement Keys”.

Concurrent DML operations and queries on the MySQL node are supported while a data load operation
is in progress; however, concurrent operations on the MySQL node can affect load performance and
vice versa.

After tables are loaded, changes to table data on the MySQL DB System node are automatically
propagated to HeatWave. For more information, see Section 2.2.7, “Change Propagation”.
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Prerequisites

For each table that is loaded in HeatWave, 4MB of memory (the default heap segment size) is
allocated from the root heap. This memory requirement should be considered when loading a large
number of tables. For example, with a root heap of approximately 400GB available to HeatWave,
loading 100K tables would consume all available root heap memory (100K x 4GB = 400GB). As of
MySQL 8.0.30, the default heap segment size is reduced from 4MB to a default of 64KB per table,
reducing the amount of memory that must be allocated from the root heap for each loaded table.

As of MySQL 8.0.28-ul, HeatWave compresses data as it is loaded, which permits HeatWave
nodes to store more data at a minor cost to performance. If you do not want to compress data as it
is loaded in HeatWave, you must disable compression before loading data. See Section 2.2.6, “Data
Compression”.

Note

Before MySQL 8.0.31, DDL operations are not permitted on tables that are
loaded in HeatWave. In those releases, to alter the definition of a table, you
must unload the table and remove the SECONDARY ENG NE attribute before
performing the DDL operation. See Section 2.4, “Modifying Tables”.

For related best practices, see Section 2.9, “Best Practices”.

2.2.1 Prerequisites

Before loading data, ensure that you have met the following prerequisites:

» The data you want to load must be available on the MySQL DB System. For information about
importing data into a MySQL DB System, refer to the following instructions:

* For MySQL HeatWave on OCI, see Importing and Exporting Databases in the MySQL HeatWave
on OCI Service Guide.

* For MySQL HeatWave on AWS, see Importing Data, in the MySQL HeatWave on AWS Service
Guide.

* For HeatWave in Oracle Database Service for Azure (ODSA), see Importing Data to MySQL
HeatWave.

Tip

For an OLTP workload that resides in an on-premise instance of MySQL
Server, inbound replication is recommended for replicating data to the MySQL
DB System for offload to the HeatWave Cluster. For more information, see
Replication, in the MySQL HeatWave on OCI Service Guide and Section 2.9,
“Best Practices”.

» The tables you intend to load must be | nnoDB tables. You can manually convert tables to InnoDB
using the following ALTER TABLE statement:

nysqgl > ALTER TABLE t bl _nane ENG NE=I| nnoDB;

» The tables you intend to load must be defined with a primary key. You can add a primary key using
the following syntax:

nysqgl > ALTER TABLE t bl _nane ADD PRI MARY KEY (col umm);

Adding a primary key is a table-rebuilding operation. For more information, see Primary Key
Operations.

Primary key columns defined with column prefixes are not supported.

Load time is affected if the primary key contains more than one column, or if the primary key column
is not an | NTEGER column. The impact on MySQL performance during load, change propagation,
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and query processing depends on factors such as data properties, available resources (compute,
memory, and network), and the rate of transaction processing on the MySQL DB System.

« Identify all of the tables that your queries access to ensure that you load all of them into HeatWave.
If a query accesses a table that is not loaded into HeatWave, it will not be offloaded to HeatWave for
processing.

» Column width cannot exceed 65532 bytes.

e The number of columns per table cannot exceed 1017. Before MySQL 8.0.29, the limit was 900.

2.2.2 Loading Data Manually

As of MySQL 8.2.0, HeatWave Statically Guided Load uses MySQL Autopilot to exclude schemas,
tables, and columns that cannot be loaded, and define RAPI D as the secondary engine. To load data
manually, follow these steps:

1. Optionally, applying string column encoding and data placement workload optimizations. For more
information, see Section 2.7, “Workload Optimization”.

2. Loading tables using ALTER TABLE ... SECONDARY_LOAD statements. See Section 2.2.2.3,
“Loading Tables”.

Before MySQL 8.2.0, loading data manually involves the following steps:
1. Excluding columns with unsupported data types. See Section 2.2.2.1, “Excluding Table Columns”.

2. Defining RAPI D as the secondary engine for tables you want to load. See Section 2.2.2.2, “Defining
the Secondary Engine”.

3. Optionally, applying string column encoding and data placement workload optimizations. For more
information, see Section 2.7, “Workload Optimization”.

4. Loading tables using ALTER TABLE ... SECONDARY_LOAD statements. See Section 2.2.2.3,
“Loading Tables”.

2.2.2.1 Excluding Table Columns

Before loading a table into HeatWave, columns with unsupported data types must be excluded;
otherwise, the table cannot be loaded. For a list of data types that HeatWave supports, see
Section 2.10, “Supported Data Types”.

Optionally, you can also exclude columns that are not relevant to the queries you intend to run.
Excluding irrelevant columns is not required but doing so reduces load time and the amount of memory
required to store table data.

To exclude a column, specify the NOT SECONDARY column attribute in an ALTER TABLE or CREATE
TABLE statement, as shown below. The NOT SECONDARY column attribute prevents a column from
being loaded into HeatWave when executing a table load operation.

nmysqgl > ALTER TABLE orders MODI FY descri pti on BLOB NOT SECONDARY;

nmysql > CREATE TABLE orders (id INT, description BLOB NOT SECONDARY) ;
Note

If a query accesses a column defined with the NOT SECONDARY attribute, the
query is executed on the MySQL DB system by default.

To include a column that was previously excluded, refer to the procedure described in Section 2.4,
“Modifying Tables”.
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2.2.2.2 Defining the Secondary Engine

For each table that you want to load into HeatWave, you must define the HeatWave query processing
engine (RAPI D) as the secondary engine for the table. To define RAPI D as the secondary engine,
specify the SECONDARY _ENG NE table option in an ALTER TABLE or CREATE TABLE statement:

nysql > ALTER TABLE orders SECONDARY_ENG NE = RAPI D;

nysql > CREATE TABLE orders (id | NT) SECONDARY_ENG NE = RAPI D;

2.2.2.3 Loading Tables

To load a table into HeatWave, specify the SECONDARY_LQOAD option in an ALTER TABLE statement.

nysqgl > ALTER TABLE orders SECONDARY_LOAD,
The SECONDARY _LOAD clause has these properties:

» Data is read using the READ COVM TTED isolation level.

2.2.3 Loading Data Using Auto Parallel Load

Auto Parallel Load facilitates the process of loading data into HeatWave by automating many of the
steps involved, including:

» Excluding schemas, tables, and columns that cannot be loaded.

Defining RAPI D as the secondary engine for tables that are to be loaded.

Verifying that there is sufficient memory available for the data.

Optimizing load parallelism based on machine-learning models.
» Loading data into HeatWave.

Auto Parallel Load, which can be run from any MySQL client or connector, is implemented as a stored
procedure named heat wave_| oad, which resides in the MySQL sys schema. Running Auto Parallel
Load involves issuing a CALL statement for the stored procedure, which takes schenmas and opt i ons
as arguments; for example, this statement loads the t pch schema:

nmysql > CALL sys. heatwave_| oad(JSON_ARRAY("tpch"), NULL) ;

2.2.3.1 Auto Parallel Load Requirements

» The user must have the following MySQL privileges:
* The PROCESS privilege.
e The EXECUTE privilege on the sys schema.
e The SELECT privilege on the Performance Schema.

* To run Auto Parallel Load in nor mal mode, the HeatWave Cluster must be active.

2.2.3.2 Auto Parallel Load Syntax

mysql > CALL sys. heatwave_| oad (db_list,[options]);

db_list: {
JSON_ARRAY( [ "schema_nane", "schema_nane"] ...)

}

options: {
JSON_OBJECT("key", "val ue"[, "key", "val ue"] ...)
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"key", "val ue": {

"mode", {"normal "|"dryrun"}]

"output”, {"normal "|"conpact"|"silent"|"hel p"}]

"sql _node", "sql _node"]

"policy", {"di sabl e_unsupported_col ums"| "not _di sabl e_unsupported_col umms"}]

"exclude_list", JSON_ARRAY(schema_nane_1, schema_nane_2.tabl e_nanme_1, schena_nane_3.tabl e_nan
"set | oad_parallelisn, {true|fal se}]

"aut o_enc", JSON_OBJECT( " node", {"of f"| "check"})]

S — ——

"external _tabl es", JSON_ARRAY(db_object [, db_object]... )]
}
db_object: {
JSON_OBJECT("key", "val ue"[, "key", "val ue"] ...)
"key", "val ue": {
"db_nane": "nane",
"tabl es": JSON _ARRAY(table [, table] ...)
}
}
table: {
JSON_OBJECT("key", "val ue"[, "key", "val ue"] ...)
"key", "val ue": {
"tabl e_nanme": "nane",

"sanpling": true|false,
"file": JSON_ARRAY(file_section [, file_section]...),
"dialect": {dialect_section},

}

db_|i st specifies the schemas to load. The list is a JSON array and requires one or more valid
schema names. An empty array is permitted to view the Auto Parallel Load command-line help, see
Section 2.2.3.5, “Auto Parallel Load Command-Line Help”.

Use key-value pairs in JSON format to specify opt i ons. HeatWave uses the default setting if there is
no option specification. Use NULL to specify no arguments.

For syntax examples, see Section 2.2.3.6, “Auto Parallel Load Examples”.

Auto Parallel Load opt i ons include:

» node: Defines the Auto Parallel Load operational mode. Permitted values are:
< nor mal : The default. Generates and executes the load script.

e dryrun: Generates a load script only. Auto Parallel Load executes in dr yr un mode automatically
if the HeatWave Cluster is not active.

» out put : Defines how Auto Parallel Load produces output. Permitted values are:

< nor mal : The default. Produces summarized output and sends it to st dout and to the
heat wave_aut opi | ot _report table. See Section 6.1, “HeatWave Autopilot Report Table”.
Before MySQL 8.0.32, it sends it to the heat wave | oad_report table. See Section 2.2.3.7,
“The Auto Parallel Load Report Table”.

e si |l ent: Sends output to the heat wave_aut opi | ot _report table only. See
Section 6.1, “HeatWave Autopilot Report Table”. Before MySQL 8.0.32, it sends it to the
heat wave_| oad_report table. See Section 2.2.3.7, “The Auto Parallel Load Report Table”.
The si | ent output type is useful if human-readable output is not required; when the output is
consumed by a script, for example. For an example of a stored procedure with an Auto Parallel
Load call that uses the si | ent output type, see Section 2.2.3.6, “Auto Parallel Load Examples”.

» conpact : Produces compact output.

* hel p: Displays Auto Parallel Load command-line help. See Section 2.2.3.5, “Auto Parallel Load
Command-Line Help”.
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e sgl node: Defines the SQL mode used while loading tables. Auto Parallel Load does not support

the MySQL global or session sql _node variable. To run Auto Parallel Load with a non-oci-default
SQL mode configuration, specify the configuration using the Auto Parallel Load sql _node option as
a string value. If no SQL modes are specified, the default OCI SQL mode configuration is used.

For information about SQL modes, see Server SQL Modes.

pol i cy: Defines the policy for handling of tables containing columns with unsupported data types.
Permitted values are:

e di sabl e_unsupported _col unms: The default. Disable columns with unsupported data
types and include the table in the load script. Columns that are explicitly pre-defined as NOT
SECONDARY are ignored (they are neither disabled or enabled).

Auto Parallel Load does not generate statements to disable columns that are explicitly defined as
NOT SECONDARY.

e not _di sabl e_unsupported_col ums: Exclude the table from the load script if the table
contains a column with an unsupported data type.

A column with an unsupported data type that is explicitly defined as a NOT SECONDARY column
does not cause the table to be excluded. For information about defining columns as NOT
SECONDARY, see Section 2.2.2.1, “Excluding Table Columns”.

excl ude_li st : Defines a list of schemas, tables, and columns to exclude from the load script.
Names must be fully qualified without backticks.

Auto Parallel Load automatically excludes database objects that cannot be offloaded, according to
the default pol i cy setting. These objects need not be specified explicitly in the exclude list. System
schemas, non-l1 nnoDB tables, tables that are already loaded in HeatWave, and columns explicitly
defined as NOT SECONDARY are automatically excluded.

set | oad_paral | el i sm Enabled by default. Optimizes load parallelism based on machine-
learning models by optimizing the i nnodb_par al | el _read_t hr eads variable setting before
loading each table.

aut o_enc: Checks if there is enough memory for string column encoding. Settings include:
« node: Defines the aut o_enc operational mode. Permitted values are:
« of f : Disables the aut o_enc option. No memory checks are performed.

« check: The default. Checks if there is enough memory on the MySQL node for dictionary-
encoded columns and if there is enough root heap memory for variable-length column encoding
overhead. Dictionary-encoded columns require memory on the MySQL node for dictionaries.
For each loaded table, 4MB of memory (the default heap segment size) must be allocated from
the root heap for variable-length column encoding overhead. As of MySQL 8.0.30, the default
heap segment size is reduced from 4MB to a default of 64KB per table. If there is not enough
memory, Auto Parallel Load executes in dr yr un mode and prints a warning about insufficient
memory. The aut o_enc option runs check mode if it is not specified explicitly and set to of f .
For more information, see Section 2.2.3.4, “Memory Estimation for String Column Encoding”.

ext ernal _tabl es: non-InnoDB tables which do not store any data, but refer to data stored
externally, such as in Oracle Cloud Infrastructure Object Storage, in file formats such as Avro, CSV
or Parquet.

The external table stores the location of the data, and uses a pre-authenticated request, PAR, or
a resource principal. See Section 4.3, “Pre-Authenticated Requests”, and Section 4.4, “Resource
Principals”.

External tables are part of HeatWave Lakehouse, see Chapter 4, HeatWave Lakehouse.
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2.2.3.3 Running Auto Parallel Load

Run Auto Parallel Load in dr yr un mode first to check for errors and warnings and to inspect the
generated load script. To load a single schema in dr yr un mode:

nmysqgl > CALL sys. heat wave_| oad(JSON_ARRAY("t pch"), JSON _OBJECT("node", "dryrun"));

In dr yr un mode, Auto Parallel Load sends the load script to the heat wave_aut opi | ot _report
table only. See Section 6.1, “HeatWave Autopilot Report Table”. Before MySQL 8.0.32, it sends it to
the heat wave | oad_report table. It does not load data into HeatWave.

If Auto Parallel Load fails with an error, inspect the errors with a query to the
heat wave aut opi | ot _report table. Before MySQL 8.0.32, query the heat wave | oad_report
table.

nmysql > SELECT | og FROM sys. heat wave_aut opi | ot _report
WHERE type="error",

When Auto Parallel Load finishes running, query the heat wave_aut opi | ot _r eport table to check
for warnings. Before MySQL 8.0.32, query the heat wave_| oad_r eport table.

nysqgl > SELECT | og FROM sys. heat wave_aut opi | ot _report
WHERE t ype="war n";

Issue the following query to inspect the load script that was generated. Before MySQL 8.0.32, query
the heat wave | oad report table.

nysql > SELECT | og->>"$.sql" AS "Load Script"
FROM sys. heat wave_aut opi | ot _report
WHERE type = "sqgl" ORDER BY i d;

Once you are satisfied with the Auto Parallel Load CALL statement and the generated load script,
reissue the CALL statement in nor mal mode to load the data into HeatWave. For example:

nysqgl > CALL sys. heatwave_| oad(JSON_ARRAY("t pch"), JSON _OBJECT("node","normal"));
Note

Retrieve DDL statements in a table or use the following statements to produce
a list of DDL statements to easily copy and paste. Before MySQL 8.0.32, query
the heat wave | oad_report table.

nysqgl > SET SESSI ON group_concat _nax_| en = 1000000;
nysqgl > SELECT GROUP_CONCAT( | og- >>"$. sql " SEPARATOR ' ')
FROM sys. heat wave_aut opi | ot _report

WHERE type = "sgl" ORDER BY id;

The time required to load data depends on the data size. Auto Parallel Load provides an estimate of
the time required to complete the load operation.

Tables are loaded in sequence, ordered by schema and table name. Load-time errors are reported as
they are encountered. If an error is encountered while loading a table, the operation is not terminated.
Auto Parallel Load continues running, moving on to the next table.

When Auto Parallel Load finishes running, it checks if tables are loaded and shows a summary with the
number of tables that were loaded and the number of tables that failed to load.

2.2.3.4 Memory Estimation for String Column Encoding

The aut o_enc option is run in check mode by default to ensure that there is enough memory for
string column encoding.

The following example uses the aut o_enc option in check mode, if you want to ensure that there is
sufficient memory for string column encoding before attempting a load operation. Insufficient memory
can cause a load failure.
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nmysqgl > CALL sys. heat wave_| oad(JSON_ARRAY("t pch"),

JSON_OBJECT( " node", "dryrun", "aut o_enc", JSON_OBJECT( " node", "check")));
Note

The aut o_enc option runs in check mode regardless of whether it is specified
explicitly in the Auto Parallel Load call statement.

Look for capacity estimation data in the Auto Parallel Load output. The results indicate whether there is
sufficient memory to load all tables.

2.2.3.5 Auto Parallel Load Command-Line Help

To view Auto Parallel Load command-line help, issue the following statement:

nysqgl > CALL sys. heatwave_| oad(JSON_ARRAY(), JSON _OBJECT("out put", "hel p"));

The command-line help provides usage documentation for the Auto Parallel Load utility.

2.2.3.6 Auto Parallel Load Examples

Load a single schema with default options.

nysqgl > CALL sys. heat wave_| oad(JSON_ARRAY("t pch"), NULL);

Load multiple schemas with default options.

nysql > CALL sys. heatwave_| oad(JSON_ARRAY("t pch", "ai rportdb", "enpl oyees", "sakil a"), NULL);

Load multiple schemas with the not _di sabl e_unsupport ed_col umms policy, which causes
tables with unsupported columns to be excluded from the load operation. Unsupported columns are
those with unsupported data types.

nysqgl > CALL sys. heat wave_| oad(JSON_ARRAY("t pch", "ai rportdb", "enpl oyees", "sakil a"),
JSON_OBJECT( " pol i cy", "not _di sabl e_unsupported_col utms"));

Load multiple schemas, excluding specified tables and a particular column:

nysqgl > CALL sys. heatwave_| oad(JSON_ARRAY("t pch", "ai rportdb"),
JSON_OBJECT("excl ude_list", JSON_ARRAY( "t pch. orders", "airportdb. enpl oyee. salary")));

Load tables that begin with an “hw” prefix from a schema named schena_cust oner _1.

nmysql > SET @xc_list = (SELECT JSON OBJECT(' exclude_list"',

JSON_ARRAYAGGE CONCAT(t abl e_schemm,'."', tabl e _nane)))
FROM i nf or mat i on_schenma. t abl es
WHERE t abl e_schema = ' schena_custoner_1'

AND t abl e_name NOT LIKE ' hw ) ;
nmysql > CALL sys. heat wave_| oad( JSON_ARRAY(' schema_custoner _1'), @xc_list);

Load all schemas with tables that start with an “hw” prefix.

nysqgl > SET @lb_|ist = (SELECT json_arrayagg(schena_nane) FROM i nformati on_schena. schenat a) ;
nysqgl > SET @xc_|ist = (SELECT JSON _OBJECT(' excl ude_list",

JSON_ARRAYAGH CONCAT(t abl e_schems, ' ."', tabl e_nane)))

FROM i nf or mat i on_schena. t abl es

VWHERE t abl e_schema NOT | N

("mysql','information_schema', 'perfornmance_schema','sys')

AND t abl e_name NOT LIKE ' hwes ) ;
nysqgl > CALL sys. heatwave_| oad( @b_|ist, @xc_list);

You can check db_1i st and exc_Ii st using SELECT JSON PRETTY( @lb_|i st); and SELECT
JSON _PRETTY( @xc_list);

Call Auto Parallel Load from a stored procedure:

DROP PROCEDURE | F EXI STS aut o_| oad_wr apper ;
DELI M TER //
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CREATE PROCEDURE aut o_| oad_wr apper ()
BEG N
-- AUTOVATED | NPUT
SET @b_list = (SELECT JSON_ARRAYAGH schenma_nane) FROM i nformati on_schema. schemat a) ;
SET @xc_list = (SELECT JSON_ARRAYAGG CONCAT(tabl e_schenm,'."', tabl e_nane))
FROM i nf or mat i on_schemna. t abl es WHERE t abl e_scherma = "db0");

CALL sys. heatwave_| oad(@b_list, JSON OBJECT("output”,"silent","exclude_list",
CAST( @xc_list AS JSON)));

-- CUSTOM QUTPUT

SELECT | og as ' Unsupported objects' FROM sys. heatwave_autopi |l ot _report WHERE type="warn"
AND st age="VERI FI CATI ON' and | og |ike "%Jnsupported% ;

SELECT Count (*) AS "Total Load commands Cener at ed"

FROM sys. heat wave_aut opi | ot _report WHERE type = "sql" ORDER BY i d;

END //
DELI M TER ;

CALL auto_Il oad_wr apper();
Before MySQL 8.0.32, use heat wave_| oad_report.
2.2.3.7 The Auto Parallel Load Report Table

MySQL 8.0.32 deprecates the heat wave | oad_report table, and replaces it with the
heat wave_aut opi | ot _report table inthe sys schema. A future release will remove it. See
Section 6.1, “HeatWave Autopilot Report Table”.

When MySQL runs Auto Parallel Load, it sends output including execution logs and a generated load
script to the heat wave | oad_report table in the sys schema.

The heat wave | oad_r eport table is a temporary table. It contains data from the last execution
of Auto Parallel Load. Data is only available for the current session and is lost when the session
terminates or when the server is shut down.

Auto Parallel Load Report Table Query Examples

Query the heat wave_| oad_r eport table after MySQL runs Auto Parallel Load, as in the following
examples:

* View error information in case Auto Parallel Load stops unexpectedly:

nmysql > SELECT | og FROM sys. heat wave_| oad_report WHERE type="error";

» View warnings to find out why tables cannot be loaded:

nysql > SELECT | og FROM sys. heat wave_| oad_report WHERE type="warn";

» View the generated load script to see commands that would be executed by Auto Parallel Load in
nor mal mode:

nysql > SELECT | og->>"$.sqgl" AS "Load Script"
FROM sys. heat wave_| oad_report
WHERE type = "sql" ORDER BY id;

» View the number of load commands generated:

mysql > SELECT Count (*) AS "Total Load Comrands Cener at ed"
FROM sys. heat wave_| oad_r eport
VWHERE type = "sqgl" ORDER BY id;

» View load script data for a particular table:

nysqgl > SELECT | og->>"$. sql "
FROM sys. heat wave_| oad_r eport
WHERE type="sqgl " AND | og->>"$. schema_nane" = "db0" AND | og->>"$.tabl e_nane" = "tbhl"
ORDER BY i d;
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» Concatenate Auto Parallel Load generated DDL statements into a single string to copy and
paste for execution. The gr oup_concat _nax_| en variable sets the result length in bytes
for the GROUP_CONCAT( ) function to accommodate a potentially long string. (The default
group_concat _max_| en setting is 1024 bytes.)

nysql > SET SESSI ON group_concat _nax_| en = 1000000;
nmysql > SELECT GROUP_CONCAT(| og->>"$. sgl " SEPARATOR ' ')
FROM sys. heat wave_| oad_r eport
WHERE type = "sqgl" ORDER BY id;

2.2.4 Monitoring Load Progress

The time required to load a table depends on data size. You can monitor load progress by issuing the
following query, which returns a percentage value indicating load progress.

nysql > SELECT VARI ABLE_VALUE
FROM per f or mance_schena. gl obal _st at us
VWHERE VARI ABLE_NAMVE = 'rapi d_| oad_progress';

e +
| VARI ABLE_VALUE |
e +
| 100. 000000 |
e +

Note
If necessary, you can halt a load operation using Ct r | - C.

2.2.5 Checking Load Status

You can check if tables are loaded by querying the LOAD STATUS data from HeatWave Performance
Schema tables. For example:

nysql > USE performance_schens;
nysqgl > SELECT NAME, LOAD_STATUS
FROM rpd_tabl es,rpd_table_id
VWHERE rpd_tables.ID = rpd_table_id.ID

tpch. suppl i er
tpch. part supp

| | AVAI L_RPDGSTABSTATE |
| | AVAI L_RPDGSTABSTATE |
| tpch. orders | AVAI L_RPDGSTABSTATE |
| tpch.lineitem | AVAI L_RPDGSTABSTATE |
| tpch. cust oner | AVAI L_RPDGSTABSTATE |
| tpch.nation | AVAI L_RPDGSTABSTATE |
| tpch. region | AVAI L_RPDGSTABSTATE |
| tpch. part | AVAI L_RPDGSTABSTATE |

The AVAI L_RPDGSTABSTATE status indicates that the table is loaded. For information about load
statuses, see Section 6.4.8, “The rpd_tables Table”.

2.2.6 Data Compression

As of MySQL 8.0.28-u3, HeatWave compresses data as it is loaded, which permits HeatWave nodes
to store more data. More data per node reduces costs by minimizing the size of the HeatWave Cluster
required to store your data.

While data compression results in a smaller HeatWave Cluster, decompression operations that occur
as data is accessed affect performance to a small degree. Specifically, decompression operations
have a minor effect on query runtimes, on the rate at which queries are offloaded to HeatWave during
change propagation, and on recovery time from Object Storage.

If data storage size is not a concern, disable data compression by setting the r api d_conpr essi on
session variable to OFF before loading data:
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nmysql > SET SESSI ON r api d_conpr essi on=0OFF;

As of MySQL 8.3.0, the default option is AUTOwhich automatically chooses the best compression
algorithm for each column.

2.2.7 Change Propagation

After tables are loaded into HeatWave, data changes are automatically propagated from | nnoDB
tables on the MySQL DB System to their counterpart tables in the HeatWave Cluster.

DML operations (I NSERT, UPDATE, DELETE) on the MySQL DB System do not wait for changes to
be propagated to the HeatWave Cluster; that is, DML operations on the MySQL DB System are not
delayed by HeatWave change propagation.

Data changes on the MySQL DB System node are propagated to HeatWave in batch transactions.
Change propagation is initiated as follows:

» Every 200ms.
* When the change propagation buffer reaches its 64MB capacity.

* When data updated by DML operations on the MySQL DB System are read by a subsequent
HeatWave query.

A change propagation failure can cause tables in HeatWave to become stale, and queries that access
stale tables are not offloaded to HeatWave for processing.

Tables that have become stale due to change propagation failures resulting from out-of-code errors are
automatically reloaded. A check for stale tables is performed periodically when the HeatWave Cluster
is idle.

If change propagation failure has occurred for some other reason causing a table to become stale,
you must unload and reload the table manually to restart change propagation for the table. See
Section 2.5.1, “Unloading Tables”, and Section 2.2, “Loading Data to HeatWave”.

To check if change propagation is enabled globally, query the
rapi d_change_ propagati on_st at us variable:

nysql > SELECT VARI ABLE_VALUE
FROM per f or mance_schema. gl obal _st at us
WHERE VARI ABLE_NAME = 'rapi d_change_propagati on_status';

o +
| VAR ABLE_VALUE |
o +
| ON [
o +

To check if change propagation is enabled for individual tables, query the POOL_TYPE data in
HeatWave Performance Schema tables. RAPI D LOAD POOL_TRANSACTI ONAL indicates that
change propagation is enabled for the table. RAPI D_LOAD_POOL_ SNAPSHOT indicates that change
propagation is disabled.

nysqgl > SELECT NAMVE, POOL_TYPE
FROM rpd_t abl es, rpd_table_id
WHERE rpd_tables.ID = rpd_table_id.| D AND SCHEMA NAME LI KE 't pch';

tpch. orders
t pch. regi on

[ RAPI D_LOAD POOL_TRANSACTI ONAL |
| RAPI D_LOAD POOL_TRANSACTI ONAL |
| tpch.lineitem| RAPID _LOAD POOL_TRANSACTI ONAL |
| tpch. supplier | RAPI D _LOAD POOL_TRANSACTI ONAL |
| tpch. partsupp | RAPI D_LOAD POOL_TRANSACTI ONAL |
| tpch. part | RAPI D_LOAD POOL_TRANSACTI ONAL |
| tpch.custoner | RAPI D_LOAD POOL_TRANSACTI ONAL |
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I oooo0000000000 I 0000000000000 0000000000000000 +

See Section 2.17.1, “Change Propagation Limitations”.

2.3 Running Queries

When HeatWave is enabled and the data you want to query is loaded, queries that qualify are
automatically offloaded from the MySQL DB System to HeatWave for accelerated processing. No
special action is required. Simply run the query from a client, application, or interface that is connected
to the DB System associated with the HeatWave Cluster. After HeatWave processes a query, results
are sent back to the MySQL DB System and to the client, application, or interface that issued the
query. For information about connecting to a DB System on MySQL HeatWave Service:

» For MySQL HeatWave on OCI see Connecting to a DB System, in the MySQL HeatWave on OCI
Service Guide.

» For MySQL HeatWave on AWS, see Connecting from a Client, in the MySQL HeatWave on AWS
Service Guide.

Running queries and other query-related topics are described in the following sections:

For related best practices, see Section 2.9, “Best Practices”.

2.3.1 Query Prerequisites

The following prerequisites apply for offloading queries to HeatWave:

e The query must be a SELECT statement. | NSERT ... SELECT and CREATE TABLE ... SELECT
statements are supported, but only the SELECT portion of the statement is offloaded to HeatWave.
See Section 2.3.7, “CREATE TABLE ... SELECT Statements”, and Section 2.3.8, “INSERT ...
SELECT Statements”.

» All tables accessed by the query must be defined with RAPI D as the secondary engine. See
Section 2.2.2.2, “Defining the Secondary Engine”.

» All tables accessed by the query must be loaded in HeatWave. See Section 2.2, “Loading Data to
HeatWave”.

e aut oconmmi t must be enabled. If aut ocomi t is disabled, queries are not offloaded and execution
is performed on the MySQL DB System. To check the aut ocommi t setting:

nysql > SHOW VARI ABLES LI KE ' aut oconmi t';

dimccccccoocccooo dmccccoe +
| Variable_nane | Value |
dimccccccoocccooo dmccccoe +
| autoconm t | ON [
dimccccccoocccooo dmccccoe +

» Queries must only use supported functions and operators. See Section 2.12, “Supported Functions
and Operators”.

» Queries must avoid known limitations. See Section 2.17, “HeatWave Limitations”.

If any prerequisite is not satisfied, the query is not offloaded and falls back to the MySQL DB System
for processing by default.

2.3.2 Running Queries

Before running a query, you can use EXPLAI Nto determine if the query will be offloaded to HeatWave
for processing. If so, the Ext r a column of EXPLAI N output shows: “Usi ng secondary engi ne
RAPI D".

nysql > EXPLAI N SELECT O ORDERPRI ORI TY, COUNT(*) AS ORDER COUNT
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FROM or der s
WHERE O ORDERDATE >= DATE ' 1994-03-01
GROUP BY O ORDERPRI ORI TY
ORDER BY O ORDERPRI ORI TY;
khkkkkhkkkhkkkhkkhkhkkhkhkkhhkkhhkhkkhkkhkhkkhkkkx*x 1 I’OW khkkkkhkkkhkkkhkkhkhkkhkhkkhkhkkhhkhkhkhkkhhkkhkkx*x
id: 1
sel ect _type: SIMLE
tabl e: orders
partitions: NULL
type: ALL
possi bl e_keys: NULL
key: NULL
key | en: NULL
ref: NULL
rows: 14862970
filtered: 33.33
Extra: Using where; Using tenporary; Using filesort; Using secondary
engi ne RAPI D

If Usi ng secondary engi ne RAPI Ddoes not appear in the Ext r a column, the query will
not be offloaded to HeatWave. To determine why a query will not offload, refer to Section 2.14,
“Troubleshooting”, or try debugging the query using the procedure described in Section 2.3.5,
“Debugging Queries”.

After using EXPLAI N to verify that the query can be offloaded, run the query and note the execution

time.

nmysqgl > SELECT O ORDERPRI ORI TY, COUNT(*) AS ORDER_COUNT
FROM or der s
WHERE O ORDERDATE >= DATE ' 1994-03-01
GROUP BY O _ORDERPRI ORI TY
ORDER BY O _ORDERPRI ORI TY;

i coononoananono00 i ooooobonanan +
| O ORDERPRI ORI TY | ORDER COUNT |
i coononoananono00 i ooooobonanan +
| 1- URGENT [ 2017573 |
| 2-H GH | 2015859 |
| 3- MEDI UM | 2013174 |
| 4-NOT SPECI FIED | 2014476 |
| 5-LOW | 2013674 |
i coononoananono00 i ooooobonanan +

5 rows in set (0.04 sec)

To compare HeatWave query execution time with MySQL DB System execution time, disable the
use_secondary_engi ne variable and run the query again to see how long it takes to run on the
MySQL DB System.

nmysqgl > SET SESS| ON use_secondary_engi ne=OFF

nysqgl > SELECT O ORDERPRI ORI TY, COUNT(*) AS ORDER_COUNT
FROM or der s
WHERE O ORDERDATE >= DATE ' 1994- 03- 01
GROUP BY O ORDERPRI ORI TY
ORDER BY O ORDERPRI ORI TY

dhsccooooococoooooooo dhscococooooooooo +
| O ORDERPRI ORI TY | ORDER_COUNT
dhsccooooococoooooooo dhscococooooooooo +
| 1- URGENT | 2017573 |
| 2-H &H [ 2015859
| 3-MEDI UM | 2013174 |
| 4-NOT SPECI FI ED | 2014476
| 5-LOW | 2013674 |
dhsccooooococoooooooo dhscococooooooooo +

5 rows in set (8.91 sec)
Note

Concurrently issued queries are prioritized for execution. For information about
query prioritization, see Section 2.3.3, “Auto Scheduling”.
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2.3.3 Auto Scheduling

HeatWave uses a workload-aware, priority-based, automated scheduling mechanism to schedule
concurrently issued queries for execution. The scheduling mechanism prioritizes short-running queries
but considers wait time in the queue so that costlier queries are eventually scheduled for execution.
This scheduling approach reduces query execution wait times overall.

When HeatWave is idle, an arriving query is scheduled immediately for execution. It is not queued. A
query is queued only if a preceding query is running on HeatWave.

A light-weight cost estimate is performed for each query at query compilation time.
Queries cancelled via Ct r | - Care removed from the scheduling queue.

For a query that you can run to view the HeatWave query history including query start time, end time,
and wait time in the scheduling queue, see Section 6.2, “HeatWave Monitoring”.

2.3.4 Auto Query Plan Improvement

The Auto Query Plan Improvement feature collects and stores query plan statistics in a statistics cache
when a query is executed in HeatWave. When a new query shares query execution plan nodes with
previously executed queries, the statistics collected from previously executed queries are used instead
of estimated statistics, which improves query execution plans, cost estimations, execution times, and
memory efficiency.

Each entry in the cache corresponds to a query execution plan node. A query execution plan may have
nodes for table scans, JO Ns, GROUP BY operations, and so on.

The statistics cache is an LRU structure. When cache capacity is reached, the least recently used
entries are evicted from the cache as new entries are added. The number of entries permitted in the
statistics cache is 65536, which is enough to store statistics for 4000 to 5000 unique queries of medium
complexity. The maximum number of statistics cache entries is defined by the MySQL-managed

rapi d_stats_cache_nax_entri es setting.

2.3.5 Debugging Queries

This section describes how to debug queries that fail to offload to HeatWave for execution.
Query debugging is performed by enabling MySQL optimizer trace and querying the
| NFORVATI ON_SCHEMA. OPTI M ZER TRACE table for the failure reason.

1. To enable MySQL optimizer trace, setthe opti ni zer _trace andopti m zer _trace_of fset
variables as shown:

nysql > SET SESSI ON opti mi zer _trace="enabl ed=on";
nysql > SET opti m zer_trace_of f set =- 2;

2. Issue the problematic query using EXPLAI N. If the query is supported by HeatWave, the Ext r a
column in the EXPLAI N output shows the following text: “Usi ng secondary engi ne RAPI D
otherwise, that text does not appear. The following query example uses the TI MEDI FF() function,
which is currently not supported by HeatWave:

nysql > EXPLAI N SELECT TI MEDI FF( O_ORDERDATE, ' 2000: 01: 01 00: 00: 00. 000001" )
FROM or der s;
R EEEEEEEEEEEEEEREEEEEEEEESEES 1 r ow EEEEEEEEEEEEEEEEREEEEEEEEESEES
id: 1
sel ect _type: S| MPLE
tabl e: ORDERS
partitions: NULL
type: ALL
possi bl e_keys: NULL
key: NULL
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key_ | en: NULL
ref: NULL
rows: 1488248
filtered: 100
Extra: NULL
1 rowin set, 1 warning (0.0011 sec)

3. Query the | NFORVATI ON_SCHEMA. OPTI M ZER TRACE table for a failure reason. There are two
trace markers for queries that fail to offload:

e Rapid Ofload Fails
e secondary_engi ne_not _used

To query for the Rapi d_Of f | oad_Fai | s trace marker, issue this query:

nysql > SELECT QUERY, TRACE->'$**. Rapi d_O fl oad_Fail s’
FROM | NFORMATI ON_SCHENA. OPTI M ZER _TRACE;

To query for the secondary_engi ne_not _used trace marker, issue this query:

nysql > SELECT QUERY, TRACE->'$**.secondary_engi ne_not _used'
FROM | NFORMATI ON_SCHENA. OPTI M ZER_TRACE;

Note

If the optimizer trace does not return all of the trace information, increase
the optimizer trace buffer size. For more information, see Section 2.9.7,
“Running Queries”.

For the TI MEDI FF() query example used above, querying the Rapi d_Of f | oad_Fai | s marker
returns the reason for the failure:

nysql > SELECT QUERY, TRACE->'$**.Rapid O fload_Fails'
FROM | NFORMATI ON_SCHENA. OPTI M ZER_TRACE;

dhmccccoccocccoocccocoocccooccococSoccoocCcococcoooccooc diecccccococcccococccoocccccococcccococooooo +
| QUERY | TRACE->' $**. Rapid_Ofl oad_Fail s' |
dhmccccoccocccoocccocoocccooccococSoccoocCcococcoooccooc diecccccococcccococccoocccccococcccococooooo +
| EXPLAI N SELECT | [{"Reason": "Function tinmediff is not |
| TI MEDI FF( O_ORDERDATE, ' 2000: 01: 01 00: 00: 00. 000001") | yet supported"}] |
| FROM ORDERS | |
dhmccccoccocccoocccocoocccooccococSoccoocCcococcoooccooc diecccccococcccococccoocccccococcccococooooo +

The reason reported for a query offload failure depends on the issue or limitation encountered. For
common issues, such as unsupported clauses or functions, a specific reason is reported. For undefined
issues or unsupported query transformations performed by the optimizer, the following generic reason
is reported:

nysql > [{"Reason": "Currently unsupported RAPID query conpilation scenario"}]

For a query that does not meet the query cost threshold for HeatWave, the following reason is
reported:

nysqgl > [{"Reason": "The estimated query cost does not exceed secondary_engi ne_cost_threshold."}]

The query cost threshold prevents queries of little cost from being offloaded to HeatWave. For
information about the query cost threshold, see Section 2.14, “Troubleshooting”.

For a query that attempts to access a column defined as NOT SECONDARY, the following reason is
reported:

nysqgl > [{"Reason": "Columm risk_assessnment is marked as NOT SECONDARY. "}]

Columns defined as NOT SECONDARY are excluded when a table is loaded into HeatWave. See
Section 2.2.2.1, “Excluding Table Columns”.
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2.3.6 Query Runtimes and Estimates

You can view HeatWave query runtimes and runtime estimates using HeatWave Advisor Query
Insights feature or by querying the per f or neance_schena. r pd_query_st at s table. Runtime data
is useful for query optimization, troubleshooting, and estimating the cost of running a particular query or
workload.

HeatWave query runtime data includes:

* Runtimes for successfully executed queries

» Runtime estimates for EXPLAI N queries

* Runtime estimates for queries cancelled using Ct r | +C

* Runtime estimates for queries that fail due to an out-of-memory error

Runtime data is available for queries in the HeatWave query history, which is a non-persistent store of
information about the last 1000 executed queries.

To use query insights:

» To view runtime data for all queries in the HeatWave history:

nysqgl > CALL sys. heat wave_advi sor (JSON_OBJECT("query_i nsi ghts", true));

» To view runtime data for queries executed by the current session only:

nmysql > CALL sys. heat wave_advi sor (JSON_OBJECT( " query_i nsi ghts", true,
"query_session_id", JSON_ARRAY(connection_id())));

For additional information about using Query Insights, see Section 2.8.4, “Query Insights”.
To use the rpd_query_stats table:

» To view runtime data for all queries in the HeatWave query history:

nysql > SELECT query_id,
JSON_EXTRACT(JSON_UNQUOTE( gkr n_t ext ->' $**. sessionld'),"'$[0]') AS session_id,
JSON_EXTRACT( JSON_UNQUOTE( gkr n_t ext - >' $**. accunul at edRapi dCost"' ), "' $[0]"') AS tinme_in_ns,
JSON_EXTRACT( JSON_UNQUOTE( gexec_text->'$**. error'),"' $[0]') AS error_nessage
FROM per f or mance_schena. r pd_query_st at s;

» To view runtime data for a particular HeatWave query, filtered by query ID:

nysql > SELECT query_id,
JSON_EXTRACT( JSON_UNQUOTE( gkr n_t ext ->"' $**. sessionld'),"' $[0]') AS session_id,
JSON_EXTRACT( JSON_UNQUOTE( gkr n_t ext - >' $**. accunul at edRapi dCost' ), ' $[0]') AS tine_in_ns,
JSON_EXTRACT(JSON_UNQUOTE( gexec_text->'$**.error'), ' $[0]"') AS error_nessage
FROM per f or mance_schena. rpd_query_stats
WHERE query_id = 1;

» EXPLAI N output includes the query ID. You can also query the
performance_schema. r pd_query_st at s table for query IDs:

nysqgl > SELECT query_id, LEFT(query_text, 160)
FROM per f or nance_schema. r pd_query_stat s;

2.3.7 CREATE TABLE ... SELECT Statements

The SELECT query of a CREATE TABLE ... SELECT statement is offloaded to HeatWave for
execution, and the table is created on the MySQL DB System. Offloading the SELECT query to
HeatWave reduces CREATE TABLE ... SELECT execution time in cases where the SELECT query

is long running and complex. SELECT queries that produce large result sets do not benefit from this
feature due to the large number of DML operations performed on the MySQL DB system instance.

24


https://dev.mysql.com/doc/refman/8.0/en/explain.html
https://dev.mysql.com/doc/refman/8.0/en/explain.html
https://dev.mysql.com/doc/refman/8.0/en/select.html
https://dev.mysql.com/doc/refman/8.0/en/create-table-select.html
https://dev.mysql.com/doc/refman/8.0/en/select.html
https://dev.mysql.com/doc/refman/8.0/en/create-table-select.html
https://dev.mysql.com/doc/refman/8.0/en/select.html
https://dev.mysql.com/doc/refman/8.0/en/select.html

INSERT ... SELECT Statements

The SELECT table must be loaded in HeatWave. For example, the following statement selects data
from the or der s table on HeatWave and inserts the result set into the or der s2 table created on the
MySQL DB System:

nysqgl > CREATE TABLE orders2 SELECT * FROM orders;

The SELECT portion of the CREATE TABLE ... SELECT statement is subject to the same HeatWave
requirements and limitations as regular SELECT queries.

2.3.8 INSERT ... SELECT Statements

The SELECT query of an | NSERT ... SELECT statement is offloaded to HeatWave for execution,
and the result set is inserted into the specified table on the MySQL DB System. Offloading the SELECT
qguery to HeatWave reduces | NSERT ... SELECT execution time in cases where the SELECT query

is long running and complex. SELECT queries that produce large result sets do not benefit from this
feature due to the large number of DML operations performed on the MySQL DB system instance.

The SELECT table must be loaded in HeatWave, and the | NSERT table must be present on the MySQL
DB System. For example, the following statement selects data from the or der s table on tHeatWave
and inserts the result set into the or der s2 table on the MySQL DB System:

nmysqgl > | NSERT | NTO orders2 SELECT * FROM or ders;
Usage notes:

e The SELECT portion of the | NSERT ... SELECT statement is subject to the same HeatWave
requirements and limitations as regular SELECT queries.

» Functions, operators, and attributes deprecated by MySQL Server are not supported in the SELECT
query.

* The ON DUPLI CATE KEY UPDATE clause is not supported.

* | NSERT | NTO sone_vi ew SELECT statements are not offloaded. Setting
use_secondary_engi ne=FORCED does not cause the statement to fail with an error in this case.
The statement is executed on the MySQL DB System regardless of the use_secondary_engi ne
setting.

» See Section 2.3.1, “Query Prerequisites” and Section 2.17.8, “Other Limitations”.

2.3.9 Using Views

HeatWave supports querying views. The table or tables upon which a view is created must be loaded
in HeatWave. Queries executed on views are subject to the same offload prerequisites and limitations
as queries executed on tables.

In the following example, a view is created on the or der s table, described in Section 2.6, “Table Load
and Query Example”. The example assumes the orders table is loaded in HeatWave.

nysqgl > CREATE VIEWv1 AS SELECT O ORDERPRI ORI TY, O ORDERDATE
FROM or ders;

To determine if a query executed on a view can be offloaded to HeatWave for execution, use
EXPLAI N. If offload is supported, the Ext r a column of EXPLAI N output shows “Using secondary
engine RAPID”, as in the following example:

nysql > EXPLAI N SELECT O ORDERPRI ORI TY, COUNT(*) AS ORDER_COUNT
FROM v1
VWHERE O ORDERDATE >= DATE ' 1994- 03-01'
GROUP BY O _ORDERPRI ORI TY
ORDER BY O ORDERPRI ORI TY;

25


https://dev.mysql.com/doc/refman/8.0/en/create-table-select.html
https://dev.mysql.com/doc/refman/8.0/en/select.html
https://dev.mysql.com/doc/refman/8.0/en/select.html
https://dev.mysql.com/doc/refman/8.0/en/insert-select.html
https://dev.mysql.com/doc/refman/8.0/en/select.html
https://dev.mysql.com/doc/refman/8.0/en/insert-select.html
https://dev.mysql.com/doc/refman/8.0/en/select.html
https://dev.mysql.com/doc/refman/8.0/en/select.html
https://dev.mysql.com/doc/refman/8.0/en/insert-select.html
https://dev.mysql.com/doc/refman/8.0/en/select.html
https://dev.mysql.com/doc/refman/8.0/en/explain.html
https://dev.mysql.com/doc/refman/8.0/en/explain.html

Modifying Tables

khkkkkhkkkhkkkhkkhkhkkhkhkkhhkkhhkhkkhkkhkhkkhkkkx*x 1 I’OW khkkkkhkkkhkkkhkkhkhkkhkhkkhkhkkhhkhkhkhkkhhkkhkkkx*x
id: 1
sel ect _type: SIMLE
tabl e: ORDERS
partitions: NULL
type: ALL
possi bl e_keys: NULL
key: NULL
key | en: NULL
ref: NULL
rows: 1488248
filtered: 33.32999801635742
Extra: Using where; Using tenmporary; Using filesort; Using secondary engi ne RAPI D

2.4 Modifying Tables

Before MySQL 8.0.31, DDL operations are not permitted on tables that are loaded in HeatWave, with
SECONDARY_ENG NE = RAPI D. In those releases, to alter the definition of a table, you must unload
the table and remove the SECONDARY ENG NE attribute before performing the DDL operation, then
reload the table. As of MySQL 8.0.31, you do not need to do this, and can change the table without
unloading it.

Before MySQL 8.0.31, follow this procedure to modify a table that is loaded in HeatWave:

1. Unload the table from HeatWave; for example:

nmysql > ALTER TABLE orders SECONDARY_UNLOAD;

2. Setthe SECONDARY_ ENG NE attribute to NULL; for example:

nysql > ALTER TABLE orders SECONDARY_ENG NE = NULL;

3. Modify the table. The following examples demonstrate adding a previously excluded column,
modifying or removing a column encoding, and modifying or removing a data placement key.
Examples are based on the orders table describes in Section 2.6, “Table Load and Query
Example”.

¢ Adding a previously excluded column

Columns are excluded by specifying the NOT SECONDARY column attribute in a CREATE TABLE
or ALTER TABLE statement; for example:

nysqgl > ALTER TABLE orders MODI FY "~ O COMVENT" varchar (79) NOT NULL NOT SECONDARY;

To include a previously excluded column the next time the table is loaded, modify the column
definition to remove the NOT SECONDARY column attribute; for example:

nysqgl > ALTER TABLE orders MODI FY O COMVENT" varchar (79) NOT NULL;
« Modifying or removing a column encoding

String column encoding is defined by specifying the RAPI D_COLUMN=ENCCODI NG={ SORTED|
VARLEN} keyword string in a column comment; for example:

nysql > ALTER TABLE orders MODI FY "~ O COMVENT  VARCHAR(79) COLLATE utf8nb4_bin NOT NULL
COMMVENT ' RAPI D_COLUMN=ENCODI NG=SORTED' ;

To modify the column encoding, alter the column comment; for example:

nysql > ALTER TABLE orders MODI FY "~ O COMVENT  VARCHAR(79) COLLATE utf8nb4_bin NOT NULL
COMMVENT ' RAPI D_COLUMN=ENCODI NG=VARLEN ;

To remove a column encoding, remove the RAPI D_COLUVN=ENCODI NG={ SORTED| VARLEN}
keyword string from the column comment. The next time the table is loaded, the string column
encoding defaults to VARLEN encoding, which is the default string column encoding.
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The following example removes the column comment entirely, but if there are other column
comments that you want to keep, you need only remove the encoding keyword string.

nysql > ALTER TABLE orders MODIFY O COMWENT VARCHAR(79)
COLLATE ut f 8mb4_bin NOT NULL;

< Modifying or removing a data placement key

A data placement key is defined by specifying the RAPI D_COLUVN=DATA PLACENMENT_KEY=N
keyword string in a column comment; for example:

nmysql > ALTER TABLE orders MODI FY " O ORDERDATE' DATE NOT NULL
COMMVENT ' RAPI D_COLUMN=DATA PLACEMENT_KEY=1';

To modify a data placement key, modify the data placement keyword string:

nmysqgl > ALTER TABLE orders MODI FY " O ORDERDATE DATE NOT NULL
COMMVENT ' RAPI D_COLUMN=DATA PLACEMENT_KEY=2';

To remove a data placement key, modify the column comment to remove the

RAPI D_COLUVN=DATA PLACENMENT KEY=N keyword string. The following example removes
the column comment entirely, but if there are other column comments that you want to keep, you
need only remove the data placement keyword string.

nmysqgl > ALTER TABLE orders MODI FY " O ORDERDATE DATE NOT NULL;

4. After making the desired changes to the table, set the SECONDARY_ENG NE attribute back to
RAPI D; for example:

nysql > ALTER TABLE orders SECONDARY_ENG NE = RAPI D

5. Reload the table; for example:

nysqgl > ALTER TABLE orders SECONDARY_LOAD,
2.5 Unloading Data from HeatWave
2.5.1 Unloading Tables

Unloading a table from HeatWave may be necessary to replace an existing table, to reload a table, to
free up memory, or simply to remove a table that is no longer used.

To unload a table from HeatWave, specify the SECONDARY _UNLQAD clause in an ALTER TABLE
statement:

nysql > ALTER TABLE orders SECONDARY_UNLOAD;

Data is removed from HeatWave only. The table contents on the MySQL DB System are not affected.

2.5.2 Unloading Data Using Auto Unload

MySQL 8.0.33 introduces Auto Unload, which facilitates the process of unloading data from HeatWave
by automating many of the steps involved, including:

» Excluding schemas and tables that cannot be unloaded.
» Removes the secondary engine flag for tables that are to be unloaded.
» Unloading data from HeatWave.

Auto Unload, which can be run from any MySQL client or connector, is implemented as a stored
procedure named heat wave_unl oad, which resides in the MySQL sys schema. Running Auto
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Unload involves issuing a CALL statement for the stored procedure, which takes schenmas and
opt i ons as arguments; for example, this statement unloads the t pch schema:

nmysqgl > CALL sys. heat wave_unl oad(JSON_ARRAY("t pch"), NULL) ;

2.5.2.1 Auto Unload Syntax

nmysqgl > CALL sys. heatwave_unl oad (db_list,[options])

db_list: {
JSON_ARRAY(["schema_nane", "schema_nane"] ...)

options: {

JSON_OBJECT("key", "val ue"[, "key", "val ue"] ...)
"key", "val ue": {
["node", {"normal "|"dryrun"}]
["output", {"normal "|"silent"|"hel p"}]
["exclude_list", JSON_ARRAY(schema_nane_1, schema_nane_2.table_nane_1, ...)]

}

db_I|i st specifies the schemas to unload. The list is specified as a JSON_ARRAY and requires one or
more valid schema names. An empty array is permitted to view the Auto Unload command-line help,
see Section 2.5.2.3, “Auto Unload Command-Line Help”.

Use key-value pairs in JSON format to specify opt i ons. HeatWave uses the default setting if there is
no option specification. Use NULL to specify no arguments.

For syntax examples, see Section 2.5.2.4, “Auto Unload Examples”.

Auto Unload opt i ons include:

» node: Defines the Auto Unload operational mode. Permitted values are:
< nor mal : The default. Generates and executes the unload script.

e dryrun: Generates an unload script only. Auto Unload executes in dr yr un mode automatically if
the HeatWave Cluster is not active.

e out put : Defines how Auto Unload produces output. Permitted values are:

< nor mal : The default. Produces summarized output and sends it to st dout and to the
heat wave aut opi | ot _report table. See Section 6.1, “HeatWave Autopilot Report Table”.

« si |l ent: Sends output to the heat wave_aut opi | ot _report table only. See Section 6.1,
“HeatWave Autopilot Report Table”. The si | ent output type is useful if human-readable output
is not required; when the output is consumed by a script, for example. For an example of a stored
procedure with an Auto Unload call that uses the si | ent output type, see Section 2.5.2.4, “Auto
Unload Examples”.

* hel p: Displays Auto Unload command-line help. See Section 2.5.2.3, “Auto Unload Command-
Line Help”.

» exclude_li st: Defines a list of schemas and tables to exclude from the unload script. Names must
be fully qualified without backticks.

Auto Unload automatically excludes tables that are loading, unloading or in recovery. This is when
the | oad_st at us is one of the following: NOLOAD RPDGSTABSTATE, LOADI NG RPDGSTABSTATE,
UNLOADI NG_RPDGSTABSTATE or | NRECOVERY_RPDGSTABSTATE.

2.5.2.2 Running Auto Unload

Run Auto Unload in dr yr un mode first to check for errors and warnings and to inspect the generated
unload script. To unload a single schema in dr yr un mode:
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nmysqgl > CALL sys. heat wave_unl oad(JSON_ARRAY("t pch"), JSON _OBJECT("node", "dryrun"));

In dr yr un mode, Auto Unload sends the unload script to the heat wave aut opi | ot _report table
only. See Section 6.1, “HeatWave Autopilot Report Table”.

If Auto Unload fails with an error, inspect the errors with a query to the
heat wave_aut opi | ot _report table.

nmysql > SELECT | og FROM sys. heat wave_aut opi | ot _report
WHERE type="error";

When Auto Unload finishes running, query the heat wave_aut opi | ot _report table to check for
warnings.

nmysqgl > SELECT | og FROM sys. heat wave_aut opi | ot _report
WHERE t ype="warn";

Issue the following query to inspect the unload script that was generated.

nmysql > SELECT | og->>"$.sqgl" AS "Unl oad Script"
FROM sys. heat wave_aut opi | ot _report
WHERE type = "sqgl" ORDER BY id;

Once you are satisfied with the Auto Unload CALL statement and the generated unload script, reissue
the CALL statement in nor mal mode to unload the data into HeatWave. For example:

nysqgl > CALL sys. heatwave_unl oad(JSON_ARRAY("t pch"), JSON _OBJECT("node", "normal"));
Note

Retrieve DDL statements in a table or use the following statements to produce a
list of DDL statements to easily copy and paste.

nysql > SET SESSI ON group_concat _nmax_| en = 1000000;
nysql > SELECT GROUP_CONCAT(| og->>"$. sql " SEPARATOR ' ')
FROM sys. heat wave_aut opi | ot _report

WHERE type = "sqgl" ORDER BY id;

The time required to unload data depends on the data size.
Tables are unloaded in sequence, ordered by schema and table name. Unload-time errors are reported
as they are encountered. If an error is encountered while unloading a table, the operation is not

terminated. Auto Unload continues running, moving on to the next table.

When Auto Unload finishes running, it checks if tables are unloaded and shows a summary with the
number of tables that were unloaded and the number of tables that failed to unload.

2.5.2.3 Auto Unload Command-Line Help

To view Auto Unload command-line help, issue the following statement:

nysqgl > CALL sys. heat wave_unl oad(JSON_ARRAY(), JSON_OBJECT("out put", "hel p"));
The command-line help provides usage documentation for the Auto Unload utility.

2.5.2.4 Auto Unload Examples

» Unload a single schema with default options.

nysqgl > CALL sys. heat wave_unl oad(JSON_ARRAY("t pch"), NULL);

* Unload multiple schemas with default options.
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nysql > CALL sys. heat wave_unl oad(JSON_ARRAY( "t pch", "ai rportdb", "enpl oyees", "saki |l a"), NULL);

» Unload multiple schemas, excluding specified tables:

mysql > CALL sys. heat wave_unl oad(JSON_ARRAY( "t pch", "ai rportdb"),
JSON_OBJECT("excl ude_Ilist", JSON_ARRAY("t pch. orders")));

» Unload tables that begin with an “hw” prefix from a schema named schenma_cust oner 1.

nysqgl > SET @xc_|ist = (SELECT JSON _OBJECT(' exclude_list",
JSON_ARRAYAGEH CONCAT(t abl e_schems, ' .", tabl e_nane)))
FROM per f or neance_schema. rpd_t abl e_i d
WHERE schenma_nanme = 'schena_customer 1
AND t abl e_name NOT LIKE ' hwi ) ;
nysqgl > CALL sys. heat wave_unl oad(JSON_ARRAY(' schenma_custoner_1'), @xc_|ist);

» Unload all schemas with tables that start with an “hw” prefix.

nysqgl > SET @lb_|ist = (SELECT JSON_ARRAYAGG uni que_schemas)
FROM ( SELECT DI STI NCT(scherma_nane) as uni que_schenmas
FROM per f or mance_schena. rpd_t abl e_i d)
AS | oaded_schemas) ;

nysqgl > SET @xc_|ist = (SELECT JSON OBJECT(' exclude_|ist",
JSON_ARRAYAGE CONCAT(t abl e_schenm, ' ."', tabl e _nane)))
FROM per f or mance_schenma. rpd_tabl e_id
WHERE t abl e_nanme NOT LIKE ' hweb ) ;

nysqgl > CALL sys. heatwave_unl oad( @b_|ist, @xc_|ist);

Check db_Ii st and exc_li st with SELECT JSON PRETTY( @lb_list); and SELECT
JSON PRETTY( @xc_list);

» Call Auto Unload from a stored procedure:

DROP PROCEDURE | F EXI STS aut o_unl oad_w apper;
DELIM TER //
CREATE PROCEDURE aut o_unl oad_wr apper ()
BEG N
-- AUTOVATED | NPUT
SET @b_list = (SELECT JSON_ARRAYAGH uni que_schenas) FROM ( SELECT DI STI NCT(schema_nane) as uni que_scher
SET @xc_list = (SELECT JSON_ARRAYAGG( CONCAT(schena_nane,'.', tabl e_nane))
FROM per f or mance_schema. rpd_table_id
VWHERE t abl e_nanme NOT LIKE ' hw ) ;
CALL sys. heatwave_unl oad( @lb_Iist, JSON OBJECT("output","silent","exclude_list",
CAST(@xc_list AS JSON)));

-- CUSTOM QUTPUT

SELECT | og as ' Warni ngs' FROM sys. heatwave_aut opi | ot _report WHERE type="warn";
SELECT Count (*) AS "Total Unload conmands Gener at ed"

FROM sys. heat wave_aut opi | ot _report WHERE type = "sql" ORDER BY i d;

END //
DELI M TER ;

CALL aut o_unl oad_wr apper () ;

2.6 Table Load and Query Example

The following example demonstrates preparing and loading a table into HeatWave manually and
executing a query.

It is assumed that HeatWave is enabled and the MySQL DB System has a schema named t pch with

a table named or der s. The example shows how to exclude a table column, encode string columns,
define RAPI D as the secondary engine, and load the table. The example also shows how to use
EXPLAI N to verify that the query can be offloaded, and how to force query execution on the MySQL DB
System to compare MySQL DB System and HeatWave query execution times.

1. The table used in this example:
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nmysql > USE t pch;
nysql > SHOW CREATE TABLE or ders;
EE R R R R R R R R R R R R R 1 r ow EE R R R R R R R R R R R R R EEEEEEEE]
Tabl e: orders
Create Tabl e: CREATE TABLE "orders™ (
" O_ORDERKEY" int NOT NULL,
"O_CUSTKEY" int NOT NULL,
" O_ORDERSTATUS® char (1) COLLATE utf8nmb4_bi n NOT NULL,
"O_TOTALPRI CE' deci mal (15, 2) NOT NULL,
" O_ORDERDATE date NOT NULL,
" O _ORDERPRI ORI TY' char (15) COLLATE utf8nmb4_bin NOT NULL,
O CLERK' char(15) COLLATE utf8nmb4_bin NOT NULL,
"O SH PPRIORITY' int NOT NULL,
" O_COWENT" varchar (79) COLLATE utf8nmb4_bin NOT NULL,
PRI MARY KEY (° O ORDERKEY")
) ENG NE=I nnoDB DEFAULT CHARSET=ut f 8mb4 COLLATE=ut f 8nb4_bi n

Exclude columns that you do not want to load, such as columns with unsupported data types:

nysqgl > ALTER TABLE orders MODI FY * O COMVENT varchar (79) NOT NULL NOT SECONDARY;

Encode individual string columns as necessary. For example, apply dictionary encoding to string
columns with a low number of distinct values. Variable-length encoding is the default if no encoding
is specified.

nysql > ALTER TABLE orders MODI FY " O ORDERSTATUS char (1) NOT NULL
COMMVENT ' RAPI D_COLUMN=ENCODI NG=SORTED ;

nysql > ALTER TABLE orders MODI FY " O ORDERPRI ORI TY' char (15) NOT NULL
COMVENT ' RAPI D_COLUMN=ENCODI NG=SORTED ;

nysqgl > ALTER TABLE orders MODI FY " O CLERK char(15) NOT NULL
COMMENT ' RAPI D_COLUMN=ENCODI NG=SORTED ;

Define RAPI D as the secondary engine for the table.

nysql > ALTER TABLE orders SECONDARY_ENG NE RAPI D

Verify the table definition changes:

nysqgl > SHOW CREATE TABLE or ders;
kkhkkkhkkhkkhkhkkhkhkhhkhkhkhkhhkdhkhhkhhhkhx*k l. TOW khkkkhkkhkkhkhkkhkhkhhkhkhkhkhhkhhkhhhhhhx*k
Tabl e: orders
Create Tabl e: CREATE TABLE "orders™ (
" O _ORDERKEY" int NOT NULL,
" O_CUSTKEY" int NOT NULL,
* O_ORDERSTATUS' char (1) COLLATE utf8mb4 bin NOT NULL COMVENT
' RAPI D_COLUMN=ENCODI NG=SORTED
* O TOTALPRI CE' deci mal (15,2) NOT NULL,
" O_ORDERDATE" date NOT NULL,
* O _ORDERPRI ORI TY' char (15) COLLATE utf8mb4_bin NOT NULL COVVENT
' RAPI D_COLUMN=ENCODI NG=SORTED
O CLERK char(15) COLLATE utf8nmb4_bin NOT NULL COVVENT ' RAP| D_COLUMN=ENCODI NG=SORTED |,
"O SH PPRIORITY" int NOT NULL,
" O_COWENT" varchar (79) COLLATE utf8nmb4_bin NOT NULL NOT SECONDARY,
PRI MARY KEY (' O ORDERKEY")
) ENG NE=I nnoDB DEFAULT CHARSET=ut f 8mb4 COLLATE=ut f 8mb4_bi n SECONDARY_ENG NE=RAPI D

Load the table into HeatWave.

nysql > ALTER TABLE orders SECONDARY_LOAD,

Use EXPLAI Nto determine if a query on the orders table can be offloaded. Usi ng secondary
engi ne RAPI Din the Ext r a column indicates that the query can be offloaded.

nysql > EXPLAI N SELECT O ORDERPRI ORI TY, COUNT(*) AS ORDER_COUNT
FROM or der s
WHERE O ORDERDATE >= DATE ' 1994- 03- 01"
GROUP BY O _ORDERPRI ORI TY
ORDER BY O ORDERPRI ORI TY;
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ARKKK KKK RRKR KKK KRR KKk hkkkkk* ] [ QWY % % % ok ok ok ok ok ok ok kK kK ok ok ok ok kR kK ok kK

id:

sel ect _type:
tabl e:
partitions:

1

SI MPLE
orders
NULL

type: ALL
possi bl e_keys: NULL
key: NULL
key_ | en: NULL
ref: NULL
rows: 14862970
filtered: 33.33
Extra: Using where; Using tenporary; Using filesort; Using secondary
engi ne RAPI D
1 rowin set, 1 warning (0.00 sec)

8. Execute the query and note the execution time:

nysql > SELECT O ORDERPRI ORI TY, COUNT(*) AS ORDER_COUNT
FROM or der s
WHERE O ORDERDATE >= DATE ' 1994- 03- 01"
GROUP BY O ORDERPRI ORI TY
ORDER BY O ORDERPRI ORI TY;

dcococoocoooooooos focoocoooooooc +
| O ORDERPRI ORI TY | ORDER_COUNT |
dcococoocoooooooos focoocoooooooc +
| 1- URGENT | 2017573 |
| 2-H GH | 2015859 |
| 3-MEDI UM | 2013174 |
| 4-NOT SPECI FIED | 2014476 |
| 5-LOW | 2013674 |
dcococoocoooooooos focoocoooooooc +

5 rows in set (0.04 sec)

9. To compare HeatWave query execution time with MySQL DB System execution time, disable
use_secondary_engi ne and run the query again to see how long it takes to run on the MySQL
DB System

nysqgl > SET SESSI ON use_secondary_engi ne=0OFF;

nysqgl > SELECT O ORDERPRI ORI TY, COUNT(*) AS ORDER_COUNT
FROM or der s
WHERE O ORDERDATE >= DATE ' 1994- 03-01'
GROUP BY O_ORDERPRI ORI TY
ORDER BY O ORDERPRI ORI TY;

fococooooooosooooos focooooooooooe +
| O _ORDERPRI ORI TY | ORDER COUNT |
fococooooooosooooos focooooooooooe +
| 1- URGENT | 2017573 |
| 2-H GH | 2015859 |
| 3- MEDI UM | 2013174 |
| 4-NOT SPECI FI ED | 2014476 |
| 5-LOW | 2013674 |
fococooooooosooooos focooooooooooe +

5 rows in set (8.91 sec)

2.7 Workload Optimization

This section describes optimizations that you can apply to your data to improve HeatWave query
performance. Optimizations include using dictionary encoding for certain string columns and defining
data placements keys to optimize for JO Nand GROUP BY query performance. For information about
applying these optimizations, see Section 2.7.1, “Encoding String Columns”, and Section 2.7.2,
“Defining Data Placement Keys”.

You can determine where to apply the encoding and data placement optimizations yourself or run
the Advisor utility for recommendations. The Advisor Auto Encoding feature provides string column
encoding recommendations. The Advisor Auto Data Placement feature recommends data placement
keys. See Section 2.8, “Workload Optimization using Advisor”.
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Advisor also includes a Query Insights feature that provides query runtimes and runtime estimates,
which can be used to optimize queries, troubleshoot, and perform workload cost estimations. See
Section 2.8.4, “Query Insights”.

2.7.1 Encoding String Columns

Encoding string columns helps accelerate the processing of queries that access those columns.
HeatWave supports two string column encoding types:

» Variable-length encoding (VARLEN)
« Dictionary encoding (SORTED)

When tables are loaded into HeatWave, variable-length encoding is applied to CHAR,

VARCHAR, and TEXT-type columns by default. To use dictionary encoding, you must define the

RAPI D_COLUMN=ENCODI NG=SORTED keyword string in a column comment before loading the table.
The keyword string must be uppercase; otherwise, it is ignored.

You can define the keyword string in a CREATE TABLE or ALTER TABLE statement, as shown:

nysqgl > CREATE TABLE orders (nane VARCHAR(100)
COMMVENT ' RAPI D_COLUMNE=ENCODI NG=SORTED' ) ;

nysql > ALTER TABLE orders MODI FY nane VARCHAR(100)
COMVENT ' RAPI D_COLUMN=ENCODI NG=SORTED ' ;

If necessary, you can specify variable-length encoding explicitly using the
RAPI D_COLUMN=ENCODI NG=VARLEN keyword string.

Note

Other information is permitted in column comments. For example, it is permitted
for a column description to be specified alongside a column encoding keyword
string:

COMMENT ' col um_descri ption RAPI D_COLUMN=ENCODI NG=SORTED
Tip

For string column encoding recommendations, use the Advisor utility after
loading tables into HeatWave and running queries. For more information, see
Section 2.8, “Workload Optimization using Advisor”.

To modify or remove a string column encoding, refer to the procedure described in Section 2.4,
“Modifying Tables”.

Encoding Type Selection

If you intend to run JO N operations involving string columns or use string functions and operators,
variable-length encoding is recommended. Variable-length encoding provides more expression, filter,

function, and operator support than dictionary encoding. Otherwise, select the encoding type based on

the number of distinct values in the string column relative to the cardinality of the table.

 Variable-length encoding (VARLEN) is best suited to columns with a high number of distinct values,
such as “comment” columns.

+ Dictionary encoding (SORTED) is best suited to columns with a low number of distinct values, such as

“country” columns.

Variable-length encoding requires space for column values on the HeatWave nodes. Dictionary
encoding requires space on the MySQL DB System node for dictionaries.
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The following table provides an overview of encoding type characteristics:

Table 2.1 Column Encoding Type Characteristics

Encoding Type Expression, Filter, Best Suited To Space Required On
Function, and
Operator Support

Vari abl e-1 ength Supports JO N Columns with a high HeatWave nodes
( VARLEN) operations, string number of distinct
functions and operators, |values

and LI KE predicates.
See Section 2.13.1,
“Variable-length

Encoding”.
Di ctionary Does not support JO N |Columns with a low MySQL DB System
( SORTED) operations, string number of distinct node

functions and operators, |values
or LI KE predicates.

For additional information about string column encoding, see Section 2.13, “String Column Encoding
Reference”.

2.7.2 Defining Data Placement Keys

When data is loaded into HeatWave, it is partitioned by the table primary key and sliced horizontally for
distribution among HeatWave nodes by default. The data placement key feature permits partitioning
data by JO N or GROUP BY key columns instead, which can improve JO N or GROUP BY query
performance by avoiding costs associated with redistributing data among HeatWave nodes at query
execution time.

Generally, use data placement keys only if partitioning by the primary key does not provide adequate
performance. Also, reserve data placement keys for the most time-consuming queries. In such cases,
define data placement keys on the most frequently used JO N keys and the keys of the longest running
queries.

Tip

For data placement key recommendations, use the Advisor utility after
loading tables into HeatWave and running queries. For more information, see
Section 2.8, “Workload Optimization using Advisor”.

Defining a data placement key requires adding a column comment with the data placement keyword
string:

$> RAPI D_COLUVN=DATA_PLACEMENT_KEY=N

where Nis an index value that defines the priority order of data placement keys.
* The index must start with 1.

» Permitted index values range from 1 to 16, inclusive.

* An index value cannot be repeated in the same table. For example, you cannot assign an index
value of 2 to more than one column in the same table.

» Gaps in index values are not permitted. For example, if you define a data placement key column with
an index value of 3, there must also be two other data placement key columns with index values of 1
and 2, respectively.
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You can define the data placement keyword string in a CREATE TABLE or ALTER TABLE statement:

nysqgl > CREATE TABLE orders (date DATE
COMMVENT ' RAPI D_COLUMN=DATA PLACEMENT KEY=1'):

nysqgl > ALTER TABLE orders MODI FY date DATE
COMMVENT ' RAPI D_COLUMN=DATA_PLACEMENT_KEY=1";

The following example shows multiple columns defined as data placement keys. Although a primary
key is defined, data is partitioned by the data placement keys, which are prioritized over the primary
key.

nysql > CREATE TABLE orders (
id INT PRI MARY KEY,
dat e DATE COMMVENT ' RAPI D_COLUVMN=DATA PLACEMENT_KEY=1',
price FLOAT COMMVENT ' RAPI D_COLUWMN=DATA PLACEMENT_KEY=2');

When defining multiple columns as data placement keys, prioritize the keys according to query
cost. For example, assign DATA PLACEMENT KEY=1 to the key of the costliest query, and
DATA PLACEMENT KEY=2 to the key of the next costliest query, and so on.

Note

Other information is permitted in column comments. For example, it is permitted
to specify a column description alongside a data placement keyword string:

nmysql > COMMVENT ' col unm_descri pti on RAPI D_COLUVMN=DATA PLACEMENT_KEY=1'

To modify or remove a data placement key, refer to the procedure described in
Section 2.4, “Modifying Tables”.

Usage notes:

« JO Nand GROUP BY query optimizations are only applied if at least one of the JO Nor GROUP BY
relations has a key that matches the defined data placement key.

« If a JO Noperation can be executed with or without the JO Nand GROUP BY query optimization, a
compilation-time cost model determines how the query is executed. The cost model uses estimated
statistics.

» A data placement key cannot be defined on a dictionary-encoded string column but are permitted on
variable-length encoded columns. HeatWave applies variable-length encoding to string columns by
default. See Section 2.7.1, “Encoding String Columns”.

» A data placement key can only be defined on a column with a supported data type. See
Section 2.10, “Supported Data Types”.

» A data placement key column cannot be defined as a NOT SECONDARY column. See Section 2.2.2.1,
“Excluding Table Columns”.

For related metadata queries, see Section 2.15, “Metadata Queries”.

2.8 Workload Optimization using Advisor

This section describes the Advisor utility, which provides the following optimization capabilities:
* Advisor Auto Encoding

Recommends string column encodings that minimize the required cluster size and improve query
performance. See Section 2.8.2, “Auto Encoding”.

» Advisor Auto Data Placement
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Recommends data placement keys for optimizing JO Nand GROUP BY query performance. See
Section 2.8.3, “Auto Data Placement”.

» Advisor Query Insights

Provides runtime information for successfully executed queries and runtime estimates for EXPLAI N
queries, queries cancelled with Ct r | +C, and queries that fail due to out of memory errors. Runtime
data is useful for query optimization, troubleshooting, and estimating the cost of running a particular
guery or workload. See Section 2.8.4, “Query Insights”.

* Unload Advisor

Recommends tables to unload, that will reduce HeatWave memory usage. The recommendations
are based upon when the tables were last queried.

Advisor is workload-aware and provides recommendations based on machine learning models,
data analysis, and HeatWave query history. Advisor analyzes the last 1000 successfully executed
HeatWave queries.

Advisor is implemented as a stored procedure named heat wave_advi sor, which resides in the
MySQL sys schema. Running Advisor involves issuing a CALL statement for the stored procedure with
optional arguments.

To run Advisor, the HeatWave Cluster must be active, and the user must have the following MySQL
privileges:

» The PROCESS privilege.
» The EXECUTE privilege on the sys schema.

* The SELECT privilege on the Performance Schema.

2.8.1 Advisor Syntax

nmysql > CALL sys. heatwave_advi sor ([options])

options: {
JSON_OBJECT(' key', 'value'[,"'key', 'value'] ...)

"key', "' val ue'
["output',{'normal'|"'silent'|"help'}]
['target _schema', JSON_ARRAY({' schema_nane'[,'schena_nane']}]
[" exclude_query', JSON_ARRAY(' query_id'[, ' query_id] ...)]
['query_session_id ,JSON ARRAY('query_session_id [,'query session_id ] ...)]
['query_insights', {true|false}]
["auto_enc', JSON_OBJECT(aut o_enc_option)]
["auto_dp', JSON _OBJECT(auto_dp_option)]
["auto_unl oad' , JSON_OBJECT(aut o_unl oad_opti on)]

}
aut o_enc_option: {
['mode' ,{"of f'|'recommend' }]
['fixed_enc', JSON OBJECT('schema.tbl.col',{"'varlen'|"dictionary'}
[,"schema.tbl.col',{"varlen'|"dictionary'}] ...]
}
aut o_dp_option: {
['benefit_threshold , N
[ max_conbi nations', N|
}

aut o_unl oad_option: {

node' , {' of f'|' recommend' }]

exclude_list', JSON_ARRAY(schema_nane_1, schema_nanme_2.table_nanme_1, ...)]
| ast _queried_hours', N|

nmenory_gai n_ascendi ng' , {true|fal se}]

[
[
[
[
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}

["limt_tables' , N

Advisor opt i ons are specified as key-value pairs in JSON format. Options include:

» out put : Defines how Advisor produces output. Permitted values are:

< nor mal : The default. Produces summarized output and sends it to st dout and to the
heat wave_aut opi | ot _report table. See Section 6.1, “HeatWave Autopilot Report Table”.
Before MySQL 8.0.32, it sends it to the heat wave_advi sor_report table. See Section 2.8.7,
“Advisor Report Table”.

« si | ent: Sends output to the heat wave_aut opi | ot _report table only. See
Section 6.1, “HeatWave Autopilot Report Table”. Before MySQL 8.0.32, it sends it to the
heat wave_advi sor _report table. See Section 2.8.7, “Advisor Report Table”. The si | ent
output type is useful if human-readable output is not required; when the output is consumed by a
script, for example.

« hel p: Displays Advisor command-line help. See Section 2.8.6, “Advisor Command-line Help”.

t ar get _schema: Defines one or more schemas for Advisor to analyze. The list is specified in JSON-
array format. If a target schema is not specified, all schemas in the HeatWave Cluster are analyzed.
When a target schema is specified, Advisor generates recommendations for tables belonging to the
target schema. For the most accurate recommendations, specify one schema at a time. Only run
Advisor on multiple schemas if your queries access tables in multiple schemas.

excl ude_quer y: Defines the IDs of queries to exclude when Advisor analyzes query statistics.
To identify query IDs, query the per f or mance_schena. r pd_query_st at s table. For a query
example, see Section 2.8.3.2, “Auto Data Placement Examples”.

query_sessi on_i d: Defines session IDs for filtering queries by session ID. To identify session
IDs, query the per f or mance_schena. r pd_query_st at s table. For a query example, see
Section 2.8.4.3, “Query Insights Examples”.

query_i nsi ght s: Provides runtime information for successfully executed queries and runtime
estimates for EXPLAI N queries, queries cancelled using Ct r | +C, and queries that fail due to an out-
of-memory error. See: Section 2.8.4, “Query Insights”. The default setting is f al se.

aut o_enc: Defines settings for Auto Encoding, see Section 2.8.2, “Auto Encoding”. Options include:

» node: Defines the operational mode. Permitted values are:

« of f : The default. Disables Auto Encoding.

e reconmend: Enables Auto Encoding.

» fixed_enc: Defines an encoding type for specified columns. Use this option if you know the

encoding you want for a specific column and you are not interested in an encoding recommendation
for that column. Only applicable in r ecormend mode. Columns with a fixed encoding type are
excluded from encoding recommendations. The fi xed_enc key is a fully qualified column name
without backticks in the following format: schena_nane. t bl _name. col _nane. The value is

the encoding type; either var | en or di ct i onar y. Multiple key-value pairs can be specified in a
comma-separated list.

aut o_dp: Defines settings for Data Placement, which recommends data placement keys. See:
Section 2.8.3, “Auto Data Placement”. Options include:

e benefit threshol d: The minimum query performance improvement expressed as a

percentage value. Advisor only suggests data placement keys estimated to meet or exceed the
benefit threshol d. The default value is 0.01 (1%). Query performance is a combined measure
of all analyzed queries.
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e max_conbi nati ons: The maximum number of data placement key combinations Advisor considers
before making recommendations. The default is 10000. The supported range is 1 to 100000.
Specifying fewer combinations generates recommendations more quickly but recommendations may
not be optimal.

aut o_unl oad: Defines settings for Unload Advisor, which recommends tables to unload. See:
Section 2.8.5, “Unload Advisor”. Options include:

» node: Defines the operational mode. Permitted values are:
« of f : The default. Disables Unload Advisor.
e recomend: Enables Unload Advisor.

e exclude | i st: Defines a list of schemas and tables to exclude from Unload Advisor. Names must
be fully qualified without backticks.

» | ast _queried_hours: Recommend unloading tables that were not queried in the past
 ast _queri ed_hour s hours. Minimum: 1, maximum 744, default: 24.

* nenory_gai n_ascendi ng: Whether to rank the unload table suggestions in ascending or
descending order based on the table size. Default: f al se.

« [imt_tabl es:Alimitto the number of unload table suggestions, based on the order imposed by
nmenory_gai n_ascendi ng. The default is 10.

2.8.2 Auto Encoding

Auto Encoding recommends string column encodings. Using the right string column encodings
can reduce the amount of memory required on HeatWave nodes and improve query performance.
HeatWave supports two string column encoding types: variable-length and dictionary. HeatWave
applies variable-length encoding to string columns by default when data is loaded. Auto Encoding
generates string column encoding recommendations by analyzing column data, HeatWave query
history, query performance data, and available memory on the MySQL node. For more information
about string column encoding, see Section 2.7.1, “Encoding String Columns”.

2.8.2.1 Running Auto Encoding

To enable Auto Encoding, specify the aut o_enc option in r ecormend mode. See Section 2.8.1,
“Advisor Syntax”.

Note

To run Advisor for both encoding and data placement recommendations, run
Auto Encoding first, apply the recommended encodings, rerun the queries,
and then run Auto Data Placement. This sequence allows data placement
performance benefits to be calculated with string column encodings in place,
which provides for greater accuracy from Advisor internal models.

For Advisor to provide string column encoding recommendations, tables must be loaded in HeatWave
and a query history must be available. Run the queries that you intend to use or run a representative
set of queries. Failing to do so can affect query offload after Auto Encoding recommendations are
implemented due to query constraints associated with dictionary encoding. For dictionary encoding
limitations, see Section 2.13.2, “Dictionary Encoding”.

In the following example, Auto Encoding is run in r econmrend mode, which analyzes column data,
checks the amount of memory on the MySQL node, and provides encoding recommendations intended
to reduce the amount of space required on HeatWave nodes and optimize query performance. There is
no target schema specified, so Auto Encoding runs on all schemas loaded in HeatWave
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mysql > CALL sys. heatwave_advi sor (JSON_OBJECT("' aut o_enc', JSON_OBJECT(' node' , ' recomend' )));

The f i xed_enc option can be used in r ecomrend mode to specify an encoding for specific columns.

These columns are excluded from consideration when Auto Encoding generates recommendations.
Manually encoded columns are also excluded from consideration. (For manual encoding instructions,

see Section 2.7.1, “Encoding String Columns”.)

nmysql > CALL sys. heat wave_advi sor (JSON_OBJECT("' aut o_enc', JSON_OBJECT( ' node' , ' recomend' , ' fi xed_enc',
JSON_OBJECT( ' t pch. CUSTOMER. C_ADDRESS' , 'varlen'))));

Advisor output provides information about each stage of Advisor execution, including recommended
column encodings and estimated HeatWave Cluster memory savings.

mysql > CALL sys. heat wave_advi sor (JSON_OBJECT(' target _schema', JSON_ARRAY(' t pch_1024"),

"auto_enc', JSON_OBJECT(' node', ' recomend')));

Version: 1.12

I I
I I
| Qutput Mde: normal |
| Excluded Queries: O |
| Target Schemas: 1 |
I I

Total 8 tables |oaded in Heat\Wave for 1 schemas |
Tabl es excl uded by user: 0 (within target schemas) |
I

SCHEMA TABLES COLUMWNS |

NANE LOADED LOADED |
| ceeeee e |
| “tpch_1024° 8 61 |
| |
dh 5 0050000000000 00C000000000000000000000000000000000000000 +

Total Auto Encodi ng suggestions produced for 21 col ums
Queries executed: 200
Total query execution time: 28.82 min

Most recent query executed on: Tuesday 8th June 2021 14:42:13

|
|
|
|
| O dest query executed on: Tuesday 8th June 2021 14:11:45
|
|
|
|

CURRENT

COLUWN COLUWN
NAVE ENCODI NG

| ______________
| “tpch_1024 . CUSTOVER . C_ADDRESS VARLEN
| “tpch_1024 . CUSTOVER .  C_COWNVENT VARLEN
| “tpch_1024> .  CUSTOMER .  C_MKTSEGVENT VARLEN
| “tpch_1024 .  CUSTOVER .  C_NAME VARLEN
| “tpch_1024> . LI NEI TEM . L_COWVENT VARLEN
| “tpch_1024 . LI NEI TEM . L_SHI PI NSTRUCT' VARLEN
| “tpch_1024 . LI NEI TEM . L_SHI PMODE VARLEN
| “tpch_1024 . NATION .  N_COMVENT VARLEN
| “tpch_1024° . NATI ON .  N_NAME VARLEN
| “tpch_1024> . ORDERS' . O CLERK VARLEN
| “tpch_1024 .  ORDERS . O ORDERPRI ORI TY' VARLEN
| “tpch_1024 . PART . P_BRAND VARLEN
| “tpch_1024> . PART .  P_COWVENT VARLEN
| “tpch_1024° .  PART .  P_CONTAI NER VARLEN
| “tpch_1024" . PART . P_MFGR VARLEN
| “tpch_1024 .  PARTSUPP . PS_COWVENT VARLEN
| “tpch_1024° . REG ON . R COMVENT VARLEN

SUGGESTED
COLUWN

39



Auto Encoding

“tpch_1024" .  REG ON . ' R_NAME VARLEN DI CTI ONARY
“tpch_1024" . SUPPLI ER . S_ADDRESS VARLEN DI CTI ONARY
“tpch_1024" . SUPPLI ER . S_NAME' VARLEN DI CTI ONARY
“tpch_1024" . SUPPLI ER . S_PHONE' VARLEN DI CTI ONARY

Appl yi ng the suggested encodi ngs m ght inprove query performance and cl uster nenory usage.

|
|
|
|
|
|
| Esti mat ed Heat Wave O uster nenory savi ngs: 355.60 G B
|

Script generated for applying suggestions for 8 | oaded tabl es
Appl yi ng changes wi |l take approximtely 1.64 h

| |
| |
| |
| |
| Retrieve script containing 61 generated DDL commands using the query bel ow |
| SELECT | 0og->>"$.sqgl" AS "SQ. Script" FROM sys. heatwave_advi sor_report WHERE type = "sql"|
| ORDER BY i d; |
| |
| |
| |
| |

Caution: Executing the generated script will alter the colum conment and secondary engi ne
flags in the schema

9 rows in set (18.20 sec)

To inspect the load script, which includes the DDL statements required to implement the recommended
encodings, query the heat wave _aut opi | ot _report table. Before MySQL 8.0.32, query the
heat wave_advi sor _report table.

nysql > SELECT | og->>"$.sql" AS "SQL Script"
FROM sys. heat wave_aut opi | ot _report
WHERE type = "sql"
ORDER BY i d;

To concatenate generated DDL statements into a single string that can be copied and pasted for
execution, issue the statements that follow. The gr oup_concat _nax_| en variable sets the result
length in bytes for the GROUP_CONCAT( ) function to accommodate a potentially long string. (The
default gr oup_concat _nmax_| en setting is 1024 bytes.)

nmysql > SET SESSI ON gr oup_concat _max_| en = 1000000;
nysqgl > SELECT GROUP_CONCAT( | og- >>"$. sql " SEPARATOR ' ')
FROM sys. heat wave_advi sor _report
WHERE type = "sqgl"
ORDER BY i d;

Usage Notes:

» Auto Encoding analyzes string columns (CHAR, VARCHAR, and TEXT-type columns) of tables that
are loaded in HeatWave. Automatically or manually excluded columns, columns greater than
65532 bytes, and columns with manually defined encodings are excluded from consideration. Auto
Encoding also analyzes HeatWave query history to identify query constraints that preclude the
use of dictionary encoding. Dictionary-encoded columns are not supported in JO N operations,
with string functions and operators, or in LI KE predicates. For dictionary encoding limitations, see
Section 2.13.2, “Dictionary Encoding”.

» The time required to generate encoding recommendations depends on the number of queries to be
analyzed, the number of operators, and the complexity of each query.

» Encoding recommendations for the same table may differ after changes to data or data statistics.
For example, changes to table cardinality or the number of distinct values in a column can affect
recommendations.

» Auto Encoding does not generate recommendations for a given table if existing encodings do not
require modification.
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« Auto Encoding only recommends dictionary encoding if it is expected to reduce the amount of
memory required on HeatWave nodes.

* If there is not enough MySQL node memory for the dictionaries of all columns that would benefit
from dictionary encoding, the columns estimated to save the most memory are recommended for
dictionary encoding.

» Auto Encoding uses the current state of tables loaded in HeatWave when generating
recommendations. Concurrent change propagation activity is not considered.

» Encoding recommendations are based on estimates and are therefore not guaranteed to reduce the
memory required on HeatWave nodes or improve query performance.

2.8.2.2 Auto Encoding Examples

* Running Auto Encoding to generate string column encoding recommendations for the t pch schema:

nysql > CALL sys. heat wave_advi sor (JSON_OBJECT('t arget _schema', JSON_ARRAY('t pch'),
‘auto_enc', JSON_OBJECT(' node', ' recommend')));

* Running Auto Encoding with the fi xed_enc option to force variable-length encoding for the
t pch. CUSTOVER. C_ADDRESS column. Columns specified by the f i xed_enc option are excluded
from consideration by the Auto Encoding feature.

nysql > CALL sys. heat wave_advi sor (JSON_OBJECT('t arget _schema', JSON_ARRAY('tpch'),
‘auto_enc', JSON_OBJECT(' node', ' recommend' , ' fixed_enc',
JSON_OBJECT( ' t pch. CUSTOMER. C_ADDRESS' , 'varlen'))));

2.8.3 Auto Data Placement

Auto Data Placement generates data placement key recommendations. Data placement keys are
used to partition table data among HeatWave nodes when loading tables. Partitioning table data by
JO Nand GROUP BY key columns can improve query performance by avoiding costs associated with
redistributing data among HeatWave nodes at query execution time. The Data Placement Advisor
generates data placement key recommendations by analyzing table statistics and HeatWave query
history. For more information about data placement keys, see Section 2.7.2, “Defining Data Placement
Keys”.

2.8.3.1 Running Auto Data Placement
Note

To run Advisor for both encoding and data placement recommendations, run
Auto Encoding first, apply the recommended encodings, rerun the queries,
and then run Auto Data Placement. This sequence allows data placement
performance benefits to be calculated with string column encodings in place,
which provides for greater accuracy from Advisor internal models.

For Advisor to generate data placement recommendations:
» Tables must be loaded in HeatWave.

» There must be a query history with at least 5 queries. A query is counted if it includes a JO Non
tables loaded in the HeatWave Cluster or GROUP BY keys. A query executed on a table that is no
longer loaded or that was reloaded since the query was run is not counted.

To view the query history, query the per f or rance_schena. r pd_query_st at s table. For
example:

nysql > SELECT query_id, LEFT(query_text, 160)
FROM per f or mance_schena. r pd_query_st at s;
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For the most accurate data placement recommendations, run Advisor on one schema at a time. In the
following example, Advisor is run on the t pch_1024 schema using the t ar get _schena option. No
other opt i ons are specified, which means that the default option settings are used.

nysqgl > CALL sys. heatwave_advi sor (JSON_OBJECT('target_schema', JSON_ARRAY('tpch_1024")));

Advisor output provides information about each stage of Advisor execution. The data placement
suggestion output shows suggested data placement keys and the estimated performance benefit of
applying the keys.

The script generation output provides a query for retrieving the generated DDL statements for
implementing the suggested data placement keys. Data placement keys cannot be added to a table or
modified without reloading the table. Therefore, Advisor generates DDL statements for unloading the
table, adding the keys, and reloading the table.

nmysql > CALL sys. heat wave_advi sor (JSON_OBJECT(' target _schema' , JSON_ARRAY(' t pch_1024")));

Version: 1.12

I I
I I
| Qutput Mde: normal |
| Excluded Queries: O |
| Target Schemas: 1 |
I I

Total 8 tables |oaded in Heat\Wave for 1 schemas |
Tabl es excluded by user: 0 (within target schemas) |
I

SCHEMA TABLES COLUWNS |

NANE LOADED LOADED |
| ceeeee e e |
| “tpch_1024° 8 61 |
| |
oy Sy Sy RSPy +

| Auto Data Pl acenment Configuration: |
| M ni mum benefit threshold: 1% |
| Produci ng Data Pl acement suggestions for current setup: |
| Tabl es Loaded: 8 |
| Queries used: 189 |
| Total query execution time: 22.75 mn |
| Most recent query executed on: Tuesday 8th June 2021 16:29: 02 |
| O dest query executed on: Tuesday 8th June 2021 16: 05: 43 |
| Heat Wave cl uster size: 5 nodes |
I I
I I
I I
I I

Al'l possible Data Pl acement conbi nati ons based on query history: 120
Expl ored Data Pl acenent conbi nations after pruning: 90

Total Data Pl acenent suggestions produced for 2 tables |

I
I
| TABLE DATA PLACEMENT DATA PLACEMENT |
| NAME CURRENT KEY SUGGESTED KEY |

| ceesoe o eieiieeiiees e |
| “tpch_1024"." LI NEI TEM L_ORDERKEY, L_LI NENUMBER L_ORDERKEY |
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“tpch_1024" . SUPPLI ER S_SUPPKEY S_NATI ONKEY

Expected benefit after applying Data Pl acement suggestions
Runti me saving: 6.17 min
Per f or mance benefit: 27%

Scri pt generated for applying suggestions for 2 | oaded tabl es
Appl yi ng changes will take approximtely 1.18 h

Retrieve script containing 12 generated DDL conmands using the query bel ow

SELECT | 0og->>"$.sql" AS "SQ. Script" FROM sys. heatwave_advi sor_report WHERE type

ORDER BY i d;

Caution: Executing the generated script will alter the colum conment and secondary engi ne

flags in the schema

9 rows in set (16.43 sec)

SELECT | 0g->>"$.sql" AS "SQL Script"

ORDER BY i d;

SET SESSI ON i nnodb_paral | el _read_t hreads = 48;

ALTER TABLE "tpch_1024". LI NEIl TEM SECONDARY_UNLQAD;

ALTER TABLE "t pch_1024". LI NEIl TEM SECONDARY_ENG NE=NULL;

ALTER TABLE "tpch_1024". LI NEI TEM MODI FY " L_ORDERKEY' bigint NOT NULL COMMENT
' RAPI D_COLUMN=DATA_PLACEMENT_KEY=1'";

ALTER TABLE "tpch_1024". LI NEl TEM SECONDARY_ENG NE=RAPI D;

ALTER TABLE "t pch_1024". LI NEl TEM SECONDARY_LQAD;

SET SESSI ON i nnodb_paral | el _read_t hreads = 48;

ALTER TABLE "t pch_1024". SUPPLI ER° SECONDARY_UNLQAD;

ALTER TABLE "t pch_1024". SUPPLI ER° SECONDARY_ENG NE=NULL;

ALTER TABLE "tpch_1024". SUPPLI ER° MODI FY ~S_NATI ONKEY' int NOT NULL COMVENT
' RAPI D_COLUMN=DATA_PLACEMENT_KEY=1'";

ALTER TABLE "tpch_1024". SUPPLI ER SECONDARY_ENG NE=RAPI D;

ALTER TABLE "t pch_1024". SUPPLI ER SECONDARY_LQAD;

12 rows in set (0.00 sec)

Usage Notes:

FROM sys. heat wave_advi sor _report WHERE type = "sdl

I
I
I
I
I
= "sql”|
I
I
I
I
I

« If a table already has data placement keys or columns are customized before running Advisor,
Advisor may generate DDL statements for removing previously defined data placement keys.

» Advisor provides recommendations only if data placement keys are estimated to improve query
performance. If not, an information message is returned and no recommendations are provided.

» Advisor provides data placement key recommendations based on approximate models.

Recommendations are therefore not guaranteed to improve query performance.

2.8.3.2 Auto Data Placement Examples

 Invoking Advisor without any opt i ons runs the Data Placement Advisor with the default option

settings.

mysql > CALL sys. heat wave_advi sor ( NULL) ;

* Running Advisor with only the t ar get _schemnma option runs the Data Placement Advisor on the

specified schemas with the default option settings.
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nysql > CALL sys. heat wave_advi sor (JSON_OBJECT( "t arget _schema", JSON_ARRAY( "t pch", "enpl oyees")));

* Running the Advisor with the data placement nax_conbi nati ons and benefit _threshol d
parameters. For information about these opt i ons, see Section 2.8.1, “Advisor Syntax”.

nysqgl > CALL sys. heat wave_advi sor (JSON_OBJECT("aut o_dp",
JSON_OBJECT( " max_conbi nati ons", 100, "benefit _threshol d", 20)));

» The following example shows how to view the HeatWave query history by querying the
performance_schema. rpd_query_ st at s table, and how to exclude specific queries from Data
Placement Advisor analysis using the excl ude_query option:

nmysql > SELECT query_id, LEFT(query_text, 160)
FROM per f or mance_schema. rpd_query_st at s;

mysql > CALL sys. heat wave_advi sor (JSON_OBJECT("t arget _schema",
JSON_ARRAY( "t pch"), "excl ude_query", JSON_ARRAY( 1, 11, 12, 14)));

» This example demonstrates how to invoke the Data Placement Advisor with opt i ons specified in a
variable:

nysqgl > SET @ptions = JSON_OBJECT(
"target_schema", JSON _ARRAY("anal ytics45", "sanpl e_schema"),
"excl ude_query", JSON_ARRAY(12, 24),
"aut o_dp", JSON_OBJECT(
"benefit_threshol d", 12.5,
"max_conbi nati ons", 100

));

nysqgl > CALL sys. heatwave_advi sor( @ptions );

» This example demonstrates how to invoke Advisor in silent output mode, which is useful if the output
is consumed by a script, for example. Auto Data Placement is run by default if no option such as
aut o_enc or query_i nsi ght s is specified.

nmysql > CALL sys. heat wave_advi sor (JSON_OBJECT("out put", "silent"));

2.8.4 Query Insights

Query Insights provides:

» Runtimes for successfully executed queries

* Runtime estimates for EXPLAI N queries.

* Runtime estimates for queries cancelled using Ct r | +C.

* Runtime estimates for queries that fail due to an out-of-memory error.

Runtime data can be used for query optimization, troubleshooting, or to estimate the cost of running a
particular query or workload on HeatWave.

2.8.4.1 Running Query Insights

For Query Insights to provide runtime data, a query history must be available. Query Insights provides
runtime data for up to 1000 queries, which is the HeatWave query history limit. To view the current
HeatWave query history, query the per f or mance_schena. r pd_query_st at s table:

nmysql > SELECT query_id, LEFT(query_text, 160)
FROM per f or mance_schema. rpd_query_stats;

The following example shows how to retrieve runtime data for the entire query history using Query
Insights. In this example, there are three queries in the query history: a successfully executed query, a
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query that failed due to an out of memory error, and a query that was cancelled using Ct r | +C. For an
explanation of Query Insights data, see Section 2.8.4.2, “Query Insights Data”.

nmysql > CALL sys. heatwave_advi sor (JSON_OBJECT(' query_i nsights', true));

| Version: 1.12 |
I I
| Qutput Mde: normal |
| Excluded Queries: 0O |
| Target Schenmms: All |
I I

Total 8 tables |oaded in Heat\Wave for 1 schemas |
Tabl es excl uded by user: 0 (within target schemas) |
I

SCHEMA TABLES COLUMNS |
NAVE LOADED LOADED |
| c--eee e |
| “tpchi28 8 61 |
[ [
o +

Queries executed on Heatwave: 4
Session IDs (as filter): None

QUERY- I D SESSION-1D QUERY- STRI NG EXEC- RUNTI ME  COMVENT
| ccccssce  cooscscsss  cescossessss 0 coccccoosooo  soooooo
1 32 SELECT COUNT(*)
FROM t pch128. LI NEl TEM 0. 628
2 32 SELECT COUNT(*)
FROM t pch128. ORDERS 0.114 (est.) Explain.
3 32 SELECT COUNT(*)
FROM t pch128. ORDERS,
t pch128. LI NEl TEM 5.207 (est.) CQut of nenory

error during
query execution

I
I
I
I
I
I
I
I
I
I
I
I
I
I
in RAPID. |
I
I
I
I
I
I
I
I
I
I
I
I
I

4 32 SELECT COUNT(*)
t pch128. LI NEl TEM 3.478 (est.) Operation was
i nterrupted by
t he user.
TOTAL ESTI MATED: 3 EXEC- RUNTI ME: 8. 798 sec
TOTAL EXECUTED: 1 EXEC- RUNTI ME: 0. 628 sec

Retri eve detail ed query statistics using the query bel ow
SELECT | og FROM sys. heat wave_advi sor _report WHERE stage = "QUERY_I NSI GHTS" AND

|
|
|
|
|
|
|
|
|
|
|
| FROM t pch128. SUPPLI ER,
|
|
|
|
|
|
|
|
|
| type = "info";
[

nmysql > SELECT | og FROM sys. heat wave_advi sor _report
WHERE st age = " QUERY_I NSI GHTS"
AND type = "info";

| {"comment": "", "query_id": 1, "query_text": "SELECT COUNT(*) FROM tpchl128. LI NEl TEM,
| "session_id": 32, "runtine_executed_ns": 627.6099681854248,
|  "runtinme_estimted_ns": 454.398817}
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{"comrent": "Explain.", "query_id": 2, "query_text": "SELECT COUNT(*)
FROM t pch128. ORDERS", "session_id": 32, "runtine_executed_ns": null,
“runtime_estimated_ns": 113.592768}

| |
| |
| |
| |
| |
| "query_text": "SELECT COUNT(*) FROM t pchl128. ORDERS, tpch128. LI NEl TEM', |
| |
| |
| |
| |
| |

{"comrent": "Qut of nenory error during query execution in RAPID.", "query_id": 3,
"session_id": 32, "runtime_executed_ns": null, "runtinme_estinmted_ns": 5206.80822}
{"comrent": "Operation was interrupted by the user.", "query_id": 4,
"query_text": "SELECT COUNT(*) FROM tpch128. SUPPLI ER, tpch128. LIl NEl TEM',
"session_id": 32, "runtime_executed_ns": null, "runtime_estimated_ns": 3477.720953}
P S S +

4 rows in set (0.00 sec)

2.8.4.2 Query Insights Data

Query Insights provides the following data:
e QUERY-ID
The query ID.
¢ SESSION-1D
The session ID that issued the query.
* QUERY- STRI NG
The query string. EXPLAI N, if specified, is not displayed in the query string.
* EXEC- RUNTI ME

The query execution runtime in seconds. Runtime estimates are differentiated from actual runtimes
by the appearance of the following text adjacent to the runtime: ( est . ) . Actual runtimes are shown
for successfully executed queries. Runtime estimates are shown for EXPLAI N queries, queries
cancelled by Ct r | +C, and queries that fail with an out-of-memory error.

o COMVENT
Comments associated with the query. Comments may include:
e Expl ai n: The query was run with EXPLAI N.

e Operation was interrupted by the user: The query was successfully offloaded to
HeatWave but was interrupted by a Ctrl+C key combination.

e Qut of nenory error during query execution in RAPID: The query was successfully
offloaded to HeatWave but failed due to an out-of-memory error.

* TOTAL- ESTI MATED and EXEC- RUNTI ME

The total number of queries with runtime estimates and total execution runtime (estimated).
» TOTAL- EXECUTED and EXEC- RUNTI ME

The total number of successfully executed queries and total execution runtime (actual).
* Retrieve detailed statistics using the query bel ow

The query retrieves detailed statistics from the heat wave_aut opi | ot _report table. Before
MySQL 8.0.32, it retrieves from the heat wave _advi sor _report table. For an example of the
detailed statistics, see Section 2.8.4.1, “Running Query Insights”.

Query Insights data is available in machine readable format for use in scripts. Query Insights data is
also available in JSON format or SQL table format with queries to the heat wave _aut opi | ot _report
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table. See Section 6.1, “HeatWave Autopilot Report Table”. Before MySQL 8.0.32, query the
heat wave_advi sor _report table. See Section 2.8.7, “Advisor Report Table”.

2.8.4.3 Query Insights Examples

» To view runtime data for all queries in the HeatWave query history for a particular schema:

nysqgl > CALL sys. heat wave_advi sor (JSON_OBJECT('t arget _schema', JSON_ARRAY('tpch'),
‘query_insights', true));

» To view runtime data for queries issued by the current session:

nysql > CALL sys. heat wave_advi sor (JSON_OBJECT(' query_i nsi ghts', true,
‘query_session_id , JSON_ARRAY(connection_id())));

» To view runtime data for queries issued by a particular session:

nysgl > CALL sys. heat wave_advi sor (JSON_OBJECT(' query_i nsi ghts', true,
‘query_session_id , JSON ARRAY(8))):

» This example demonstrates how to invoke the Query Insights Advisor in silent output mode, which is
useful if the output is consumed by a script, for example.

mysql > CALL sys. heat wave_advi sor (JSON_OBJECT(' query_insights',true, ' output','silent'));

2.8.5 Unload Advisor

Unload Advisor recommends tables to unload, that will reduce HeatWave memory usage. The
recommendations are based upon when the tables were last queried.

2.8.5.1 Running Unload Advisor

For Advisor to recommend tables to unload, the tables must be loaded in HeatWave and a query
history must be available.

To enable Unload Advisor, specify the aut o_unl oad option in r ecormend mode. See Section 2.8.1,
“Advisor Syntax”.

Use the excl ude_| i st option to define a list of schemas and tables to exclude from Unload Advisor.

Use the | ast _queri ed _hour s option to only recommend unloading tables that were not queried
during this past number of hours. The default is 24 hours.

Set menory_gai n_ascendi ng tot r ue to rank the unload table suggestions in ascending order
based on the table size. The defaultis f al se.

Usethe |l i nm t _t abl es option to limit the number of unload table suggestions, based on the order
imposed by menory_gai n_ascendi ng. The default is 10.

2.8.5.2 Unload Advisor Examples

» To view recommendations for tables to unload, for a particular schema:

mysql > CALL sys. heat wave_advi sor (JSON_OBJECT("' aut o_unl oad' , JSON_OBJECT(' node' , "' reconmend' )));

| This feature is in Preview Mde.
| Using:

| "last_queried_hours": 24

| "nmenory_gai n_ascendi ng": fal se
| "limt_tables": 10

| Nunber of excluded tables: 0

I
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| SCHEMA TABLE

| NANE NAVE REASON
“tpch128° > LI NEI TEM LAST QUERI ED ON ' 2022-09-12 15: 30: 40. 538585'
“tpch128° * CUSTOVER' LAST QUERI ED ON ' 2022-09-12 15: 30: 40. 538585'

St orage consunmed by base rel ations after unload: 100 G B

2.8.6 Advisor Command-line Help

To view Advisor command-line help:

nysqgl > CALL sys. heat wave_advi sor (JSON_OBJECT(' out put',"' hel p'));

The command-line help provides usage documentation for the Advisor.

2.8.7 Advisor Report Table

MySQL 8.0.32 deprecates the heat wave advi sor _report table, and replaces it with the
heat wave aut opi | ot _report table inthe sys schema. A future release will remove it. See
Section 6.1, “HeatWave Autopilot Report Table”.

When MySQL runs Advisor, it sends detailed output to the heat wave _advi sor _report table in the
sys schema.

The heat wave_advi sor _report table is a temporary table. It contains data from the last execution
of Advisor. Data is only available for the current session and is lost when the session terminates or
when the server is shut down.

Advisor Report Table Query Examples

Query the heat wave_advi sor _report table after MySQL runs Advisor, as in the following
examples:

View Advisor warning information:

nysql > SELECT | og FROM sys. heat wave_advi sor _report WHERE type="warn";

View error information if Advisor stops unexpectedly:

nysqgl > SELECT | og FROM sys. heat wave_advi sor _report WHERE type="error";

View the generated DDL statements for Advisor recommendations:

nysql > SELECT | og->>"$.sql" AS "SQ. Script"
FROM sys. heat wave_advi sor _report
WHERE type = "sql"
ORDER BY i d;

Concatenate Advisor generated DDL statements into a single string to copy and paste for execution.

The gr oup_concat _nmax_| en variable sets the result length in bytes for the GROUP_ CONCAT( )
function to accommodate a potentially long string. The default gr oup_concat _max_| en setting is
1024 bytes.

nysql > SET SESSI ON group_concat _nax_| en = 1000000;
nysql > SELECT GROUP_CONCAT( | og->>"$. sql " SEPARATOR ' ')
FROM sys. heat wave_advi sor _report
VWHERE type = "sql"
ORDER BY i d;

Retrieve Query Insights data in JSON format:

nmysql > SELECT | og
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FROM sys. heat wave_advi sor _report
WHERE st age = "QUERY_I NSI GHTS" AND type = "info";

» Retrieve Query Insights data in SQL table format:

nysql > SELECT | og->>"$. query_i d" AS query_id,
| 0g->>"$. session_id" AS session_id,
| 0og->>"$. query_text" AS query_text,
log->>"$. runti me_esti mated_ns" AS runtinme_esti mated_ns,
| og->>"$. runti me_executed_ms" AS runtine_execut ed_ns,
| og->>"$. conment" AS conment
FROM sys. heat wave_advi sor _report
WHERE stage = "QUERY_I NSI GHTS" AND type = "info"
ORDER BY i d;

BB BB P

2.9 Best Practices

2.9.1 Preparing Data

The following practices are recommended when preparing data for loading into HeatWave:

* Instead of preparing and loading tables into HeatWave manually, consider using the Auto Parallel
Load utility. See Section 2.2.3, “Loading Data Using Auto Parallel Load”.

» To minimize the number of HeatWave nodes required for your data, exclude table columns that
are not accessed by your queries. For information about excluding columns, see Section 2.2.2.1,
“Excluding Table Columns”.

» To save space in memory, set CHAR, VARCHAR, and TEXT-type column lengths to the minimum
length required for the longest string value.

» Where appropriate, apply dictionary encoding to CHAR, VARCHAR, and TEXT-type columns.
Dictionary encoding reduces memory consumption on the HeatWave Cluster nodes. Use the
following criteria when selecting string columns for dictionary encoding:

1. The column is not used as a key in JO N queries.

2. Your queries do not perform operations such as LI KE, SUBSTR, CONCAT, etc., on the column.
Variable-length encoding supports string functions and operators and LI KE predicates; dictionary
encoding does not.

3. The column has a limited number of distinct values. Dictionary encoding is best suited to columns
with a limited number of distinct values, such as “country” columns.

4. The column is expected to have few new values added during change propagation. Avoid
dictionary encoding for columns with a high number of inserts and updates. Adding a significant
number of a new, unique values to a dictionary encoded column can cause a change propagation
failure.

The following columns from the TPC Benchmark™ H (TPC-H) provide examples of string columns
that are suitable and unsuitable for dictionary encoding:

* ORDERS. O ORDERPRI ORI TY

This column is used only in range queries. The values associated with column are limited.
During updates, it is unlikely for a significant number of new, unique values to be added. These
characteristics make the column suitable for dictionary encoding.

e LI NEI TEM L_COMVENT

This column is not used in joins or other complex expressions, but as a comment field, values are
expected to be unique, making the column unsuitable for dictionary encoding.
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When in doubt about choosing an encoding type, use variable-length encoding, which is applied by
default when tables are loaded into HeatWave, or use the HeatWave Encoding Advisor to obtain
encoding recommendations. See Section 2.8.2, “Auto Encoding”.

Data is partitioned by the table primary key when no data placement keys are defined. Only consider
defining data placement keys if partitioning data by the primary key does not provide suitable
performance.

Reserve the use of data placement keys for the most time-consuming queries. In such cases, define
data placement keys on:

¢ The most frequently used JO N keys.
* The keys of the longest running queries.

Consider using Auto Data Placement for data placement recommendations. See Section 2.8.3, “Auto
Data Placement”.

2.9.2 Provisioning

To determine the appropriate HeatWave Cluster size for a workload, you can estimate the required
cluster size. Cluster size estimates are generated by the HeatWave Auto Provisioning feature, which
uses machine learning models to predict the number of required nodes based on node shape and data
sampling. For instructions:

For MySQL HeatWave on OCI, see Generating a Node Count Estimate, in the MySQL HeatWave on
OCI Service Guide.

For MySQL HeatWave on AWS, see Estimating Cluster Size with MySQL Autopilot, in the MySQL
HeatWave on AWS Service Guide.

For HeatWave in Oracle Database Service for Azure (ODSA), see Provisioning HeatWave Nodes.

Perform a cluster size estimate:

When adding a HeatWave Cluster to a DB System, to determine the number of nodes required for
the data you intend to load.

Periodically, to ensure that you have an appropriate number of HeatWave nodes for your data.
Over time, data size may increase or decrease, so it is important to monitor the size of your data by
performing cluster size estimates.

When encountering out-of-memory errors while running queries. In this case, the HeatWave Cluster
may not have sufficient memory capacity.

When the data growth rate is high.

When the transaction rate (the rate of updates and inserts) is high.

2.9.3 Importing Data into the MySQL DB System

MySQL Shell is the recommended utility for importing data into the MySQL DB System. MySQL Shell
dump and load utilities are purpose-built for use with MySQL DB Systems; useful for all types of
exports and imports. MySQL Shell supports export to, and import from, Object Storage. The minimum
supported source version of MySQL is 5.7.9.

For MySQL HeatWave on OCI, see Importing and Exporting Databases in the MySQL HeatWave on
OCI Service Guide.

For MySQL HeatWave on AWS, see Importing Data, in the MySQL HeatWave on AWS Service
Guide.
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» For HeatWave in Oracle Database Service for Azure (ODSA), see Importing Data to MySQL
HeatWave.

2.9.4 Inbound Replication

Note
Inbound replication is only supported with MySQL HeatWave on OCI.

* Replicating DDL operations: Before a table is loaded into HeatWave, RAPI D must be defined as the
table secondary engine; for example:

nysql > ALTER TABLE orders SECONDARY_ENG NE = RAPI D

Before MySQL 8.0.31, DDL operations are not permitted on tables defined with a secondary engine.
In those releases, before replicating a DDL operation from an on-premise instance to a table on the
DB System that is defined with a secondary engine, you must set the SECONDARY_ENG NE option to
NULL; for example:

nysql > ALTER TABLE orders SECONDARY_ENG NE = NULL;

Setting the SECONDARY_ENG NE option to NULL removes the SECONDARY_ENG NE option from the
table definition and unloads the table from HeatWave. To reload the table into HeatWave after the
DDL operation is replicated, specify the SECONDARY _LOAD option in an ALTER TABLE statement.

mysql > ALTER TABLE orders SECONDARY_LOAD;

2.9.5 Loading Data

Instead of preparing and loading tables into HeatWave manually, consider using the Auto Parallel
Load utility. See Section 2.2.3, “Loading Data Using Auto Parallel Load”. Users of MySQL HeatWave
on AWS also have the option of loading data from the MySQL HeatWave Console. See Manage
HeatWave Data with Workspaces, in the MySQL HeatWave on AWS Service Guide.

The loading of data into HeatWave can be classified into three types: Initial Bulk Load, Incremental
Bulk Load, and Change Propagation.

* Initial Bulk Load: Performed when loading data into HeatWave for the first time, or when reloading
data. The best time to perform an initial bulk load is during off-peak hours, as bulk load operations
can affect OLTP performance on the MySQL DB System.

* Incremental Bulk Load: Performed when there is a substantial amount of data to load into tables that
are already loaded in HeatWave. An incremental bulk load involves these steps:

1. Performing a SECONDARY _UNLQAD operation to unload a table from HeatWave. See
Section 2.5.1, “Unloading Tables”.

2. Importing data into the table on the MySQL DB System node.

3. Performing a SECONDARY_LOAD operation to reload the table into HeatWave. See Section 2.2,
“Loading Data to HeatWave”.

Depending on the amount of data, an incremental bulk load may be a faster method of loading new
data than waiting for change propagation to occur. It also provides greater control over when new
data is loaded. As with initial build loads, the best time to perform an incremental bulk load is during
off-peak hours, as bulk load operations can affect OLTP performance on the MySQL DB System.

» Change Propagation: After tables are loaded into HeatWave, data changes are automatically
propagated from | nnoDB tables on the MySQL DB System to their counterpart tables in HeatWave.
See Section 2.2.7, “Change Propagation”.

Use the following strategies to improve load performance:
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Auto Encoding and Auto Data Placement

* Increase the number of read threads

For medium to large tables, increase the number of read threads to 32 by setting the
i nnodb_paral | el _read_t hr eads variable on the MySQL DB System.

nysql > SET SESSI ON i nnodb_paral | el _read_t hreads = 32;

If the MySQL DB System is not busy, you can increase the value to 64.
Tip
The Auto Parallel Load utility automatically optimizes the number of parallel
read threads for each table. See Section 2.2.3, “Loading Data Using Auto
Parallel Load”. For users of MySQL HeatWave on AWS, the number of

parallel read threads is also optimized when loading data from the MySQL
HeatWave Console. See Manage HeatWave Data with Workspaces.

» Load tables concurrently

If you have many small and medium tables (less than 20GB in size), load tables from multiple
sessions:

Sessi on 1:
nysqgl > ALTER TABLE suppl i er SECONDARY_LOAD,

Sessi on 2:
nysqgl > ALTER TABLE parts SECONDARY_LOAD,

Sessi on 3:
nysqgl > ALTER TABLE regi on SECONDARY_LOAD,

Sessi on 4:
nysqgl > ALTER TABLE partsupp SECONDARY_LOAD,

» Avoid or reduce conflicting operations

Data load operations share resources with other OLTP DML and DDL operations on the MySQL DB
System. To improve load performance, avoid or reduce conflicting DDL and DML operations. For
example, avoid running DDL and large DML operations on the LI NEI TEMtable while executing an
ALTER TABLE LI NEI TEM SECONDARY_LQAD operation.

2.9.6 Auto Encoding and Auto Data Placement

The Advisor utility analyzes your data and HeatWave query history to provide string column encoding
and data placement key recommendations. Consider re-running Advisor for updated recommendations
when queries change, when data changes significantly, and after reloading modified tables.

In all cases, re-run your queries before running Advisor. See Section 2.8, “Workload Optimization using
Advisor”.

2.9.7 Running Queries
The following practices are recommended when running queries:

« If a query fails to offload and you cannot identify the reason, enable tracing and query the
| NFORVATI ON_SCHENMA. OPTI M ZER TRACE table to debug the query. See Section 2.3.5,
“Debugging Queries”.

If the optimizer trace does not return all of the trace information, increase the optimizer

trace buffer size. The M SSI NG BYTES BEYOND NMAX MEM S| ZE column of the

| NFORVATI ON_SCHENMA. OPTI M ZER TRACE table shows how many bytes are missing from a
trace. If the column shows a non-zero value, increase the opti ni zer _trace_nmax_nem si ze
setting accordingly. For example:
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SET optim zer_trace_max_nem si ze=1000000;

e Ifan | NFORVATI ON_SCHENMA. OPTI M ZER TRACE query trace indicates that a subquery is not yet
supported, try unnesting the subquery. For example, the following query contains a subquery and is
not offloaded as indicated by the EXPLAI N output, which does not show “Using secondary engine”.

mysql > EXPLAI N SELECT COUNT( *)
FROM orders o
WHERE o_total price> (SELECT AVE o_total price)
FROM or der s
WHERE o_cust key=0. 0_cust key) ;
EEEEEEEEEEEEEEEEREEEEEEEEESESE] 1 r ow EEEEEEEEEEEEEEEEREEEEEEEEESEE]
id: 1
sel ect _type: PRI MARY
table: o
partitions: NULL
type: ALL
possi bl e_keys: NULL
key: NULL
key | en: NULL
ref: NULL
rows: 14862970
filtered: 100.00
Extra: Using where
EEEEEEEEEEEEEEEEREEEEEEEEEESE] 2 r ow EEEEEEEEEEEEEEEEREEEEEEEEEEE]
id: 2
sel ect _type: DEPENDENT SUBQUERY
table: orders
partitions: NULL
type: ALL
possi bl e_keys: NULL
key: NULL
key_ | en: NULL
ref: NULL
rows: 14862970
filtered: 10.00
Extra: Using where
2 rows in set, 2 warnings (0.00 sec)

This query can be rewritten as follows to unnest the subquery so that it can be offloaded.

nmysql > EXPLAI N SELECT COUNT( *)
FROM orders o, (SELECT o_custkey, AV o_totalprice) a_total price
FROM or der s
GROUP BY o_cust key) a
VWHERE 0. 0_cust key=a. o_custkey AND o.o0_total price>a.a_total price;

» By default, SELECT queries are offloaded to HeatWave for execution and fall back to the MySQL DB
system if that is not possible. To force a query to execute on HeatWave or falil if that is not possible,
setthe use_secondary_engi ne vari abl e to FORCED. In this mode, a SELECT statement returns
an error if it cannot be offloaded. The use_secondary_engi ne variable can be set as shown:

¢ Using a SET statement before running queries:
mysql > SET SESSI ON use_secondary_engi ne = FORCED;
e Using a SET_ VAR optimizer hint when issuing a query:

nysqgl > SELECT /*+ SET_VAR(use_secondary_engine = FORCED) */ ... FROM ...
* If you encounter out-of-memory errors when running queries:

1. Avoid or rewrite queries that produce a Cartesian product. In the following query, a JO N
predicated is not defined between the suppl i er and nat i on tables, which causes the query to
select all rows from both tables:

nysqgl > SELECT s_nati onkey, s_suppkey, |_coment FROM |ineitem supplier, nation
VWHERE s_suppkey = | _suppkey LIMT 10;
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ERROR 3015 (HY000): Qut of menory in storage engine 'Failure detected in RAPID; query
executi on cannot proceed'.

To avoid the Cartesian product, add a relevant predicate between the suppl i er and nat i on
tables to filter out rows:

nmysql > SELECT s_nati onkey, s_suppkey, | _comment
FROM |i neitem supplier, nation
VWHERE s_nati onkey = n_nati onkey AND s_suppkey = | _suppkey LIMT 10;

Avoid or rewrite queries that produce a Cartesian product introduced by the MySQL optimizer.
Due to lack of quality statistics or non-optimal cost decisions, MySQL optimizer may introduce
one or more Cartesian products in a query even if a query has predicates defined among all
participating tables. For example:

nmysql > SELECT o_orderkey, c_custkey, | _shipdate, s_nationkey, s_suppkey, |_comment
FROM |i nei tem supplier, nation, custoner, orders

WHERE c_custkey = o_custkey AND o_orderkey = | _orderkey
AND c_nationkey = s_nationkey AND c_nationkey = n_nationkey AND c_custkey < 3000000
LIMT 10;

ERROR 3015 (HY000): Qut of menory in storage engine 'Failure detected in RAPID;
guery execution cannot proceed'.

The EXPLAI N plan output shows that there is no common predicate between the first two table
entries (NATI ON and SUPPLI ER).

nysqgl > EXPLAI N SELECT o_orderkey, c_custkey, |_shipdate, s_nationkey, s_suppkey, |_conmment
FROM |'i neitem supplier, nation, custoner, orders
VWHERE c_custkey = o_custkey AND o_orderkey = | _orderkey AND c_nationkey = s _nati onkey
AND c_nati onkey = n_nationkey AND c_custkey < 3000000 LIMT 10;
EEEEEEEREEEEEEEEEEEEEEEEREESEES 1 r ow EEEEEEEREREEEEEEEEEEEEEEEEESEES
id: 1
sel ect _type: SIMPLE
tabl e: supplier
partitions: NULL
type: ALL
possi bl e_keys: NULL
key: NULL
key_l en: NULL
ref: NULL
rows: 99626
filtered: 100.00
Extra: Using secondary engi ne RAPI D
EEEEREEREREREEEEEEEEREEEEEEEEEEES 2 r ow EEEEREEEEREEEEEEEEEEEEEEEEESEES
id: 1
sel ect _type: SIMPLE
tabl e: nation
partitions: NULL
type: ALL
possi bl e_keys: NULL
key: NULL
key_l en: NULL
ref: NULL
rows: 25
filtered: 10.00
Extra: Using where; Using join buffer (hash join); Using secondary engi ne RAPI D
EEEEREEEREREEEEEEEEEEEEEEEREESEES 3 r ow EEE R EEEREREEEEEEEEEEEEEEEREESEES
id: 1
sel ect _type: SIMPLE
tabl e: custoner
partitions: NULL
type: ALL
possi bl e_keys: NULL
key: NULL
key_l en: NULL
ref: NULL
rows: 1382274
filtered: 5.00
Extra: Using where; Using join buffer (hash join); Using secondary engi ne RAPI D

EEEEREEEREREEEEEEEEREEEEEEEEESEES 4 r ow EEEEEEEREREEEEEEEEREEEEEEEEESEES

54



Running Queries

id: 1
sel ect _type: SIMPLE
tabl e: orders
partitions: NULL
type: ALL
possi bl e_keys: NULL
key: NULL
key | en: NULL
ref: NULL
rows: 14862970
filtered: 10.00
Extra: Using where; Using join buffer (hash join); Using secondary engi ne RAPID
R R R R R 5 r ow R R R R S S
id: 1
sel ect _type: SIMPLE
tabl e: |ineitem
partitions: NULL
type: ALL
possi bl e_keys: NULL
key: NULL
key | en: NULL
ref: NULL
rows: 56834662
filtered: 10.00
Extra: Using where; Using join buffer (hash join); Using secondary engi ne RAPID

To force a join order so that there are predicates associated with each pair of tables, add a
STRAI GHT_JO N hint. For example:

mysql > EXPLAIN SELECT o_orderkey, c_custkey, |_shipdate, s_nationkey, s_suppkey, | _conment
FROM SUPPLI ER STRAI GHT_JO N CUSTOVER STRAI GHT_JO N NATI ON STRAI GHT_JO N ORDERS

STRAI GHT_JO N LI NEI TEM WHERE c_cust key = o_custkey and o_or derkey = | _orderkey
AND c_nationkey = s_nati onkey AND c_nationkey = n_nationkey AND c_custkey < 3000000
LIMT 10;
R R R S S Sk Sk S S S S S S 1 r ow R R R S S S S S S S S S
id: 1

sel ect _type: SIMPLE
tabl e: supplier
partitions: NULL
type: ALL
possi bl e_keys: NULL
key: NULL
key_len: NULL
ref: NULL
rows: 99626
filtered: 100.00
Extra: Using secondary engi ne RAPI D
R R R Sk S Sk S S S S S S 2 r ow R R R Sk S S S S S S S S S
id: 1
sel ect _type: SIMPLE
tabl e: cust oner
partitions: NULL
type: ALL
possi bl e_keys: NULL
key: NULL
key_len: NULL
ref: NULL
rows: 1382274
filtered: 5.00
Extra: Using where; Using join buffer (hash join); Using secondary engi ne RAPI D
R R R S S Sk kS S S S S S 3 r ow R R R S S S S S S S S S S S
id: 1
sel ect _type: SIMPLE
tabl e: nation
partitions: NULL
type: ALL
possi bl e_keys: NULL
key: NULL
key_len: NULL
ref: NULL
rows: 25
filtered: 10.00

55



Running Queries

Extra: Using where; Using join buffer (hash join); Using secondary engi ne RAPID

R R R R 4 r ow R R R S S S R
id: 1
sel ect _type: SIMPLE
tabl e: orders
partitions: NULL
type: ALL
possi bl e_keys: NULL
key: NULL
key |l en: NULL
ref: NULL
rows: 14862970
filtered: 10.00
Extra: Using where; Using join buffer (hash join); Using secondary engi ne RAPID

R R R R S R 5 r ow R R R R S R
id: 1
sel ect _type: SIMPLE
tabl e: |ineitem
partitions: NULL
type: ALL
possi bl e_keys: NULL
key: NULL
key | en: NULL
ref: NULL
rows: 56834662
filtered: 10.00
Extra: Using where; Using join buffer (hash join); Using secondary engi ne RAPID

Avoid or rewrite queries that produce a very large result set. This is a common cause of out of
memory errors during query processing. Use aggregation functions, a GROUP BY clause, or a
LI M T clause to reduce the result set size.

Avoid or rewrite queries that produce a very large intermediate result set. In certain cases, large
result sets can be avoided by adding a STRAI GHT_JO N hint, which enforces a join order in a
decreasing of selectiveness.

Check the size of your data by performing a cluster size estimate. If your data has grown
substantially, the HeatWave Cluster may require additional nodes.

» For MySQL HeatWave on OCI, see Generating a Node Count Estimate, in the MySQL
HeatWave on OCI Service Guide.

» For MySQL HeatWave on AWS, see Estimating Cluster Size with MySQL Autopilot, in the
MySQL HeatWave on AWS Service Guide.

* For HeatWave in Oracle Database Service for Azure (ODSA), see Provisioning HeatWave
Nodes.

HeatWave optimizes for network usage by default. Try running the query with the

M N_MEM CONSUMPTI ON strategy by setting by setting r api d_executi on_strat egy to

M N_MEM CONSUMPTI ON. The rapi d_executi on_strat egy variable can be set as shown:
» Using a SET statement before running queries:

nysqgl > SET SESSI ON r api d_execution_strategy = M N_MEM CONSUVPTI ON,

* Using a SET_VAR optimizer hint when issuing a query:

nysql > SELECT /*+ SET_VAR(rapi d_execution_strategy = M N_MEM CONSUVPTION) */ ... FROM...

» Unloading tables that are not used. These tables consume memory on HeatWave nodes
unnecessarily. See Section 2.5.1, “Unloading Tables”.

» Excluding table columns that are not accessed by your queries. These columns consume
memory on HeatWave nodes unnecessarily. This strategy requires reloading data. See
Section 2.2.2.1, “Excluding Table Columns”.
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Monitoring

7. After running queries, consider using HeatWave Advisor for encoding and data placement
recommendations. See Section 2.8, “Workload Optimization using Advisor”.

2.9.8 Monitoring

The following monitoring practices are recommended:

» For MySQL HeatWave on OCI, you can monitor operating system memory usage by setting an
alarm to notify you when memory usage on HeatWave nodes remains above 450GB for an extended
period of time. If memory usage exceeds this threshold, either reduce the size of your data or add
nodes to the HeatWave Cluster. For information about using metrics, alarms, and notifications, refer
to MySQL HeatWave Service Metrics, in the MySQL HeatWave on OCI Service Guide.

» For MySQL HeatWave on AWS, you can monitor memory usage on the Performance tab of the
MySQL HeatWave Console. See Performance Monitoring.

» For HeatWave in Oracle Database Service for Azure (ODSA), select Metrics on the details page for
the HeatWave Cluster to access Microsoft Azure Application Insights. See About Oracle Database
Service for Azure.

» Monitor change propagation status. If change propagation is interrupted and tables are not
automatically reloaded for some reason, table data becomes stale. Queries that access tables
with stale data are not offloaded to HeatWave for processing. For instructions, see Section 2.2.7,
“Change Propagation”.

2.9.9 Reloading Data

Reloading data is recommended in the following cases:

 After resizing the cluster by adding or removing nodes. Reloading data distributes the data among all
nodes of the resized cluster.

» After a maintenance window. Maintenance involves a DB System restart, which requires that
you reload data into HeatWave. On OCI, consider setting up a MySQL HeatWave Service event
notification or Service Connector Hub notification to let you know when an update has occurred. For
information about MySQL DB System maintenance:

« For MySQL HeatWave on OCI, see Maintenance in the MySQL HeatWave on OCI Service Guide.

For MySQL HeatWave on AWS, see Maintenance, in the MySQL HeatWave on AWS Service
Guide.

For HeatWave in Oracle Database Service for Azure (ODSA), see the Oracle Database Service for
Azure documentation.

< For information about MySQL HeatWave Service events, see MySQL HeatWave Service Events.
 For information about Service Connector Hub, see Service Connector Hub.
« For table load instructions, see Section 2.2, “Loading Data to HeatWave”.

Tip

Instead of loading data into HeatWave manually, consider using the Auto
Parallel Load utility, which prepares and loads data for you using an
optimized number of parallel load threads. See Section 2.2.3, “Loading
Data Using Auto Parallel Load”.

* When the HeatWave Cluster is restarted due to a DB System restart. Data in the HeatWave Cluster
is lost in this case, requiring reload.

57


https://docs.cloud.oracle.com/en-us/iaas/mysql-database/doc/mysql-database-metrics.html
https://dev.mysql.com/doc/heatwave-aws/en/heatwave-aws-performance.html
https://docs.oracle.com/en-us/iaas/Content/multicloud/intro.htm
https://docs.oracle.com/en-us/iaas/Content/multicloud/intro.htm
https://docs.oracle.com/en-us/iaas/mysql-database/doc/maintenance.html
https://dev.mysql.com/doc/heatwave-aws/en/heatwave-aws-maintenance.html
https://docs.oracle.com/en-us/iaas/Content/multicloud/intro.htm
https://docs.oracle.com/en-us/iaas/Content/multicloud/intro.htm
https://docs.oracle.com/en-us/iaas/mysql-database/doc/managing-db-system.html#GUID-6569BD97-50E2-4379-ADA3-B2971597EA32
https://docs.oracle.com/en-us/iaas/Content/service-connector-hub/overview.htm

Supported Data Types

2.10 Supported Data Types

HeatWave supports the following data types. Columns with unsupported data types must be excluded
(defined as NOT SECONDARY) before loading a table. See Section 2.2.2.1, “Excluding Table Columns”.

» Numeric data types:
« BIG NT
* BI NARY
« BOOL
» DECI VAL
» DOUBLE
e FLOAT
« | NT
e | NTEGER
e MEDI UM NT
e SVALLI NT
o TI NYI NT
» Temporal data types:

* DATE

DATETI ME

« TI ME

TI MESTAMP

* YEAR
Temporal types are supported only with strict SQL mode. See Strict SQL Mode.

For limitations related to TI MESTAMP data type support, see Section 2.17, “HeatWave Limitations”.
» String and text data types:

« CHAR

* VARCHAR

o TEXT

o TI NYTEXT

* MEDI UMTEXT

e LONGTEXT

* ENUM

For ENUMIlimitations, see Section 2.17, “HeatWave Limitations”.
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Supported SQL Modes

+ JSON

See: The JSON Data Type.

2.11 Supported SQL Modes

Default MySQL DB System SQL modes are supported, which include ONLY _FULL GROUP_BY,
STRI CT_TRANS_TABLES, NO ZERO | N _DATE, NO ZERO DATE, ERROR_FOR DI VI SI ON_BY_ZEROQ,
and NO_ENG NE_SUBSTI TUTI ON. See Server SQL Modes.

In addition, the following SQL modes are supported:
* ANSI _QUOTES

« H GH_NOT_PRECEDENCE

| GNORE_SPACE

NO_BACKSLASH_ESCAPES

REAL_AS FLOAT

TI ME_TRUNCATE_FRACTI ONAL

Temporal types are supported only with strict SQL mode. See Strict SQL Mode.
2.12 Supported Functions and Operators

This section describes functions and operators supported by HeatWave.
2.12.1 Aggregate Functions

The following table shows supported aggregate functions. The VARLEN Support column identifies
functions that support variable-length encoded string columns. See Section 2.7.1, “Encoding String
Columns”.

Table 2.2 Aggregate (GROUP BY) Functions

Name VARLEN Support Description

AVE) Return the average value of the
argument

COUNT() Yes Return a count of the number of
rows returned

COUNT( DI STI NCT) Return the count of a number of
different values

GROUP_CONCAT() Yes Return a concatenated string.

See Section 2.17.3, “Functions
and Operator Limitations”.

HLL() Yes Only available in HeatWave.
Similar to COUNT( DI STI NCT) ,
but faster and with user defined
precision. Supported as of

MySQL 8.3.0.
MAX() Yes Return the maximum value
M N() Yes Return the minimum value
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Aggregate Functions

Name VARLEN Support Description

STD() Return the population standard
deviation

STDDEV() Return the population standard
deviation

STDDEV_POP() Return the population standard
deviation

STDDEV_SAMP() Return the sample standard
deviation

SUM) Return the sum

VAR _POP() Return the population standard
variance

VAR_SAMP() Return the sample variance

VARI ANCE( ) Return the population standard
variance

e H.LL(expr,[expr...], precision)

Returns an approximate count of the number of rows with different non-NULL expr values. 4 <
preci si on £15. The default value is 10.

If there are no matching rows, HLL() returns O.

As of MySQL 8.3.0, HyperLogLog, HLL( ), is only available in HeatWave. It is similar to
COUNT( DI STI NCT) , but with user defined precision.

HLL() is faster than COUNT( DI STI NCT) . The greater the pr eci si on, the greater the accuracy,
and the greater the amount of memory required.

For each GROUP, HLL() requires 2°"®“S°" bytes of memory. The default value of 10 requires 1Ki B of
memory per GROUP.

An example with precision set to 8 that uses 256 bytes of memory per GROUP:

nmysql > SELECT HLL(results, 8) FROM student;

2.12.1.1 GROUP BY Modifiers

As of MySQL 8.3.0, and only available in HeatWave, the GROUP BY clause permits a CUBE modifier in
addition to the ROLLUP modifier. See: GROUP BY Modifiers for the ROLLUP modifier.

The ROLLUP modifier generates aggregated results that follow the hierarchy for the selected columns.
The CUBE modifier generates aggregated results for all possible combinations of the selected columns.
For a single column the results are the same.

A ROLLUP modifier example:

nmysql > SELECT
| F(GROUPI NG(year), 'All years', year) AS year,
| F(GROUPI NG country), '"All countries', country) AS country,
| F( GROUPI NG product), "All products', product) AS product,
SUM profit) AS profit

FROM sal es

GROUP BY ROLLUP (year, country, product);
o - e---o - o - e o mma-- oo o - e o mao-oo oo o - +
| year | country | product | profit |
o - e---o - o - e o mma-- oo o - e o mao-oo oo o - +
| 2000 | Finland | Comput er | 1500 |
| 2000 | Finland | Phone | 100 |
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Aggregate Functions

| 2000 | Finland | Al products | 1600 |
| 2000 | India | Cal cul at or | 150 |
| 2000 | India | Conput er | 1200 |
| 2000 | India | Al products | 1350 |
| 2000 | USA | Cal cul at or | 75 |
| 2000 | USA | Conput er | 1500 |
| 2000 | USA | Al products | 1575 |
| 2000 | Al countries | Al products | 4525 |
| 2001 | Finland | Phone | 10 |
| 2001 | Finland | Al products | 10 |
| 2001 | USA | Cal cul at or | 50 |
| 2001 | USA | Conput er | 2700 |
| 2001 | USA | TV | 250 |
| 2001 | USA | Al products | 3000 |
| 2001 | Al countries | Al products | 3010 |
| Al years | All countries | Al products | 7535 |
Fommmmmeeaaa tomm e e e ee e Fommm e meeeaaaa R +

A CUBE modifier example that uses the same data:

nmysql > SELECT
| F(GROUPI NG(year), 'All years', year) AS year,
| F(GROUPI NG( country), '"All countries', country) AS country,
| F( GROUPI NG product), '"All products', product) AS product,
SUM profit) AS profit

FROM sal es
GROUP BY CUBE (year, country, product);
fmoccoooc=os fooccccososccoos foocccocosoocoos fmoccooos +
| year | country | product | profit |
fmoccoooc=os fooccccososccoos foocccocosoocoos fmoccooos +
| 2001 | USA | Conput er | 2700 |
| 2000 | USA | Conput er | 1500 |
| 2000 | India | Cal cul at or | 150 |
| 2001 | USA | TV | 250 |
| 2000 | USA | Cal cul at or | 75 |
| 2000 | Finland | Phone | 100 |
| 2001 | Finland | Phone | 10 |
| 2000 | Finland | Conput er | 1500 |
| 2001 | USA | Cal cul at or | 50 |
| 2000 | India | Conputer | 1200 |
| All years | All countries | Al products | 7535 |
| 2001 | Al countries | Al products | 3010 |
| 2000 | Al countries | Al products | 4525 |
| All years | India | Al products | 1350 |
| All years | Finland | Al products | 1610 |
| Al years | USA | Al products | 4575 |
| 2001 | USA | Al products | 3000 |
| 2000 | India | Al products | 1350 |
| 2000 | Finland | Al products | 1600 |
| 2000 | USA | Al products | 1575 |
| 2001 | Finland | Al products | 10 |
| All years | All countries | TV | 250 |
| All years | All countries | Conputer | 6900 |
| All years | All countries | Phone | 110 |
| All years | All countries | Calcul ator | 275 |
| 2001 | Al countries | Conputer | 2700 |
| 2000 | Al countries | Phone | 100 |
| 2000 | Al countries | Calculator | 225 |
| 2001 | Al countries | Phone | 10 |
| 2001 | Al countries | TV | 250 |
| 2001 | Al countries | Calculator | 50 |
| 2000 | Al countries | Conputer | 4200 |
| All years | Finland | Conput er | 1500 |
| Al years | USA | Cal cul at or | 125 |
| Al years | USA | TV | 250 |
| Al years | USA | Conput er | 4200 |
| All years | India | Cal cul at or | 150 |
| Al years | Finland | Phone | 110 |
| All years | India | Conput er | 1200 |




Arithmetic Operators

2.12.2 Arithmetic Operators

The following table shows supported arithmetic operators. Before MySQL 8.0.32, arithmetic operators
are not supported with variable-length encoded string columns. See Section 2.7.1, “Encoding String
Columns”. MySQL 8.0.32 removed these restrictions.

Table 2.3 Arithmetic Operators

Name Description

DV Integer division

/ Division operator
- Minus operator
% MOD Modulo operator
+ Addition operator

Multiplication operator

Change the sign of the argument

2.12.3 Cast Functions and Operators

The following operations are supported with the CAST() function.

» CAST() from and to all the HeatWave supported numeric, temporal, string and text data types. See
Section 2.10, “Supported Data Types”.

e CAST() of ENUMcolumns to CHAR, DECI MAL, FLOAT, and to SI GNED and UNSI GNED numeric
values. CAST() operates on the ENUMindex rather than the ENUMvalues.

See Section 2.17.3, “Functions and Operator Limitations”.

2.12.4 Comparison Functions and Operators

The following table shows supported comparison functions and operators. The VARLEN Support
column identifies functions and operators that support variable-length encoded string columns. See
Section 2.7.1, “Encoding String Columns”.

Table 2.4 Comparison Functions and Operators

Name VARLEN Support Description

BETWEEN ... AND ... Yes Check whether a value is within
a range of values

COALESCE( ) Yes Return the first non-NULL
argument. Not supported as a
JO N predicate.

= Yes Equal operator

<=> NULL-safe equal to operator

> Yes Greater than operator

>= Yes Greater than or equal operator

GREATEST() Yes Return the largest argument.
MySQL 8.0.30 includes support
for temporal types with the
exception of the YEAR data type.
MySQL 8.3.0 includes support
for the YEAR data type.

I N() Yes Check whether a value is within

a set of values.
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Control Flow Functions and Operators

Name

VARLEN Support

Description

expr IN (value,...)
comparisons where the
expression is a single value and
compared values are constants
of the same data type and
encoding are optimized for
performance. For example, the
following | N() comparison is
optimized:

SELECT * FROM Cust oners
WHERE Country IN

(' Germany', 'France',

' Spain');

IS

Test a value against a boolean

I'S NOT

Test a value against a boolean

'S NOT NULL

Yes

NOT NULL value test

I'S NULL

Yes

NULL value test

I SNULL()

Test whether the argument is
NULL

LEAST()

Yes

Return the smallest argument.
MySQL 8.0.30 includes support
for temporal types with the
exception of the YEAR data type.
MySQL 8.3.0 includes support
for the YEAR data type.

<

Yes

Less than operator

<=

Yes

Less than or equal operator

LI KE

Yes

Simple pattern matching

NOT BETWEEN ... AND ...

Yes

Check whether a value is not
within a range of values

= <>

Yes

Not equal operator

NOT 1 N()

Yes

Check whether a value is not
within a set of values

NOT LI KE

Yes

Negation of simple pattern
matching

STRCVP()

Yes

Compare two strings.

2.12.5 Control Flow Functions and Operators

The following table shows supported control flow operators. The VARLEN Support column identifies
functions and operators that support variable-length encoded string columns. See Section 2.7.1,

“Encoding String Columns”.

Table 2.5 Control Flow Functions and Operators

Name VARLEN Support Description

CASE Yes Case operator

I F() Yes If/else construct

I FNULL() Yes Null if/else construct

NULLI F() Yes Return NULL if exprl = expr2
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Data Masking and De-ldentification Functions

2.12.6 Data Masking and De-ldentification Functions

2.12.7 Date and Time Functions

The following table shows data masking and de-identification functions supported by HeatWave as of

MySQL 8.0.30.

Table 2.6 Data Masking and De-ldentification Functions

Name

Description

gen_range()

Generate random number within range

gen_rnd_enai |l ()

Generate random email address

gen_rnd_pan()

Generate random payment card Primary Account
Number

gen_rnd_ssn()

Generate random US Social Security number

gen_rnd_us_phone()

Generate random US phone number

mask_i nner ()

Mask interior part of string

mask_out er ()

Mask left and right parts of string

mask_pan()

Mask payment card Primary Account Number part
of string

mask_pan_rel axed()

Mask payment card Primary Account Number part
of string

mask_ssn()

Mask US Social Security number

The following table shows supported date and time functions. As of MySQL 8.3.0, all functions support
variable-length encoded string columns. See Section 2.7.1, “Encoding String Columns”.

Before MySQL 8.3.0, the VARLEN Support column identifies functions that support variable-length

encoded string columns.

Table 2.7 Date and Time Functions

Name VARLEN Support Description

ADDDATE( ) Add time values (intervals) to a
date value

ADDTI ME() Add time

CONVERT_TZ() Convert from one time zone
to another. Conversion of
named time zones is not
supported. For a workaround,
see Section 2.17.3, “Functions
and Operator Limitations”.

CURDATE() Return the current date

CURRENT_DATE(),
CURRENT_DATE

Synonyms for CURDATE( )

CURRENT _TI ME(),
CURRENT_TI ME

Synonyms for CURTI ME()

CURRENT_TI MESTAMP() ,
CURRENT_TI MESTAVP

Synonyms for NOW( )

CURTI ME()

Return the current time

DATE( )

Extract the date part of a date or
datetime expression
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Date and Time Functions

Name VARLEN Support Description

DATE_ADD( ) Yes Add time values (intervals) to a
date value

DATE_FORNAT() Yes Format date as specified

DATE_SUB() Subtract a time value (interval)
from a date

DATEDI FF() Subtract two dates

DAY() Yes Synonym for DAYOFMONTH( )

DAYNANME( ) Yes Return the name of the weekday

DAYOFMONTH() Yes Return the day of the month
(0-31)

DAYORFWEEK( ) Return the weekday index of the
argument

DAYOFYEAR() Yes Return the day of the year
(1-366)

EXTRACT() Extract part of a date

FROM DAYS() Convert a day number to a date.
Supported as of MySQL 8.0.30.

FROM_UNI XTI ME() Format Unix timestamp as a date

GET_FORNAT() Return a date format string.
Supported as of MySQL 8.1.0.

HOUR( ) Yes Extract the hour

LAST_DAY() Yes Return the last day of the month
for the argument

LOCALTI ME(), LOCALTI ME Synonym for NOW( )

LOCALTI MESTAMP, Synonym for NOW( )

LOCALTI MESTAMP()

MAKEDATE( ) Create a date from the year and
day of year. Supports FLOAT,
DOUBLE, | NTEGER, and YEAR
data types.

MAKETI ME() Create time from hour, minute,
second. Supported as of MySQL
8.1.0.

M CROSECOND( ) Yes Return the microseconds from
argument

M NUTE() Yes Return the minute from the
argument

MONTH( ) Yes Return the month from the date
passed

MONTHNANME( ) Yes Return the name of the month

NOW( ) Return the current date and time

PERI OD_ADD( ) Add a period to a year-month.
Supported as of MySQL 8.1.0.

PERI OD DI FF() Return the number of months
between periods. Supported as
of MySQL 8.1.0.
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Date and Time Functions

Name VARLEN Support Description

QUARTER() Yes Return the quarter from a date
argument

SEC TO TI ME() Converts seconds to 'HH:MM:SS'
format. Supported as of MySQL
8.1.0.

SECOND( ) Return the second (0-59)

STR _TO _DATE() Yes Convert a string to a date

SUBDATE() Synonym for DATE_SUB() when
invoked with three arguments.
Supported as of MySQL 8.1.0.

SUBTI MVE() Yes Subtract times. Supported as of
MySQL 8.1.0.

SYSDATE() Return the time at which the
function executes. Supported as
of MySQL 8.1.0.

TI ME() Yes Extract the time portion of the
expression passed

TI ME_FORNAT() Yes Format as time.

TI ME_TO SEC() Return the argument converted
to seconds

TI MEDI FF() Subtract time. Supported as of
MySQL 8.1.0.

TI MESTAMP() Yes With a single argument, this
function returns the date or
datetime expression; with two
arguments, the sum of the
arguments

TI MESTAMPADD( ) Add an interval to a datetime
expression

TI MESTAMPDI FF() Yes Subtract an interval from a
datetime expression

TO DAYS() Yes Return the date argument
converted to days

TO_SECONDS( ) Yes Return the date or datetime
argument converted to seconds
since Year 0

UNI X_TI MESTAMP() Return a Unix timestamp

UTC _DATE() Return the current UTC date.
Supported as of MySQL 8.1.0.

UTC _TI ME() Return the current UTC time.
Supported as of MySQL 8.1.0.

UTC_TI MESTAMP() Return the current UTC date and
time. Supported as of MySQL
8.1.0.

VEEK( ) Yes Return the week number.
Restrictions apply. See
Section 2.17.3, “Functions and
Operator Limitations”
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Encryption and Compression Functions

Name VARLEN Support Description

VEEKDAY( ) Return the weekday index

WEEKOFYEAR( ) Return the calendar week of the
date (1-53)

YEAR() Return the year

YEARWEEK( ) Return the year and week

2.12.8 Encryption and Compression Functions

The following table shows supported encryption and compression functions. Encryption and
compression functions are supported with variable-length columns. These functions are not supported

with dictionary-encoded columns.

Table 2.8 Encryption and Compression Functions

Name Description

COWPRESS( ) Return the result as a binary string.
VD5( ) Calculate the MD5 checksum.
RANDOM BYTES() Return a random byte vector.

SHA() , SHAL() Calculate an SHA-1 160-bit checksum.
SHA2() Calculate an SHA-2 checksum.
UNCOVPRESS( ) Uncompress a compressed string.

UNCOVPRESSED_LENGTH( )

Return the length of a string before compression.

2.12.9 JSON Functions

Table 2.9 JSON Functions

Name Description

-> Return value from JSON column after evaluating
path; equivalent to JSON_EXTRACT().

->> Return value from JSON column after evaluating
path and unquoting the result; equivalent to
JSON_UNQUOTE(JSON_EXTRACT()).

JSON_ARRAY() Create JSON array

JSON_DEPTH()

Maximum depth of JSON document

JSON_EXTRACT()

Return data from JSON document

JSON_LENGTH()

Number of elements in JSON document

JSON_OBJECT()

Create JSON object

JSON_UNQUOTE( )

Unquote JSON value

2.12.10 Logical Operators

The following table shows supported logical operators.

Table 2.10 Logical Operators

Name Description
AND, && Logical AND
NOT, ! Negates value
[],O0R Logical OR
XOR Logical XOR
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Mathematical Functions

2.12.11 Mathematical Functions

The following table shows supported mathematical functions. These are not supported with dictionary-
encoded columns. Before MySQL 8.0.32, mathematical functions are not supported with variable-
length or dictionary-encoded columns. MySQL 8.0.32 removed the variable-length restriction.

Table 2.11 Mathematical Functions

Name Description

ABS() Return the absolute value.

ACOS() Return the arc cosine.

ASI N() Return the arc sine.

ATAN() Return the arc tangent.

ATAN2( ), ATAN() Return the arc tangent of the two arguments

CEl L() Return the smallest integer value not less than the
argument. The function is not applied to Bl G NT
values. The input value is returned. CEI L() isa
synonym for CEl LI N&() .

CEl LI N&¥) Return the smallest integer value not less than the
argument. The function is not applied to Bl Gl NT
values. The input value is returned. CEl LI N&() is
a synonym for CEI L() .

COos() Return the cosine.

COT() Return the cotangent.

CRC32() Compute a cyclic redundancy check value.

DEGREES( ) Convert radians to degrees.

EXP() Raise to the power of.

FLOOR() Return the largest integer value not greater than
the argument. The function is not applied to
Bl G NT values. The input value is returned.

LN() Return the natural logarithm of the argument.

LOY) Return the natural logarithm of the first argument.

LOGLO() Return the base-10 logarithm of the argument.

LOR2() Return the base-2 logarithm of the argument.

MODX( ) Return the remainder.

Pl () Return the value of pi

POW() Return the argument raised to the specified power

PONER( ) Return the argument raised to the specified
power.

RADI ANS() Return argument converted to radians.

RAND( ) Return a random floating-point value.

ROUND( ) Round the argument.

SIGN() Return the sign of the argument.

SIN() Return the sine of the argument.

SQRT() Return the square root of the argument.

TAN() Return the tangent of the argument.

TRUNCATE( ) Truncate to specified number of decimal places.
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String Functions and Operators

2.12.12 String Functions and Operators

The following table shows supported string functions and operators. With the exception of the
FORNVAT() function, string functions and operators described in the following table are supported with
variable-length encoded columns. Dictionary encoded columns are not supported.

Table 2.12 String Functions and Operators

Name Description

ASCI I () Return numeric value of left-most character

Bl N() Return a string containing binary representation of
a number. Supported as of MySQL 8.2.0.

Bl T_LENGTH() Return length of argument in bits. Supported as of

MySQL 8.2.0.

CHAR_LENGTH()

Return number of characters in argument

CONCAT() Return concatenated string
CONCAT_WE() Return concatenated with separator
ELT() Return string at index number. Supported as of

MySQL 8.2.0.

EXPORT_SET()

Return a string such that for every bit set in the
value bits, it returns an on string (and for every
unset bit, it returns an off string). Supported as of
MySQL 8.2.0.

FI ELD()

Index (position) of first argument in subsequent
arguments. Supported as of MySQL 8.2.0.

FI ND_I N_SET()

Index (position) of first argument within second
argument

FORMAT( )

Return a number formatted to specified number of
decimal places. Does not support variable-length-
encoded columns.

FROM BASE64( )

Decode base64 encoded string and return result

GREATEST() Return the largest argument. MySQL 8.0.30
includes support for temporal types with the
exception of the YEAR data type. MySQL 8.3.0
includes support for the YEAR data type.

HEX() Hexadecimal representation of decimal or string
value

| NSERT() Return the index of the first occurrence of
substring

I NSTR() Return the index of the first occurrence of
substring

LEAST() Return the smallest argument. MySQL 8.0.30
includes support for temporal types with the
exception of the YEAR data type. MySQL 8.3.0
includes support for the YEAR data type.

LEFT() Return the leftmost number of characters as
specified

LENGTH() Return the length of a string in bytes

LI KE Simple pattern matching

LOCATE() Return the position of the first occurrence of

substring
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String Functions and Operators

Name Description

LOVER() Return the argument in lowercase

LPAIX ) Return the string argument, left-padded with the
specified string

LTRI M) Remove leading spaces

MAKE SET() Return a set of comma-separated strings that
have the corresponding bit in bits. Supported as of
MySQL 8.2.0.

M ) Return a substring starting from the specified
position

NOT LI KE Negation of simple pattern matching

OCTET_LENGTH()

Synonym for LENGTH()

ORI()

Return character code for leftmost character of the
argument

POSI TI ON() Synonym for LOCATE( )

REPEAT() Repeat a string the specified number of times
QUOTE() Escape the argument for use in an SQL statement
REGEXP Whether string matches regular expression

REGEXP_| NSTR()

Starting index of substring matching regular
expression

REGEXP_LI KE()

Whether string matches regular expression

REGEXP_REPLACE()

Replace substrings matching regular expression.
Supports up to three arguments.

REGEXP_SUBSTR()

Return substring matching regular expression.
Supports up to three arguments.

REPLACE() Replace occurrences of a specified string

REVERSE( ) Reverse the characters in a string

Rl GHT() Return the specified rightmost number of
characters

RLI KE Whether string matches regular expression

RPAD( ) Append string the specified number of times

RTRI M) Remove trailing spaces

SOUNDEX( ) Return a soundex string

SPACE() Return a string of the specified number of spaces

STRCMP() Compare two strings

SUBSTR() Return the substring as specified

SUBSTRI N&() Return the substring as specified

SUBSTRI NG_I NDEX()

Return a substring from a string before the
specified number of occurrences of the delimiter

TO_BASE64()

Return the argument converted to a base-64 string

TRI M) Remove leading and trailing spaces

UNHEX( ) Return a string containing hex representation of a
number

UPPER() Convert to uppercase

VEI GHT_STRI N )

Return the weight string for a string
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Window Functions

2.12.13 Window Functions

This section describes HeatWave window function support. For optimal performance, window functions
in HeatWave utilize a massively parallel, partitioning-based algorithm. For general information about
window functions, see Window Functions, in the MySQL Reference Manual.

HeatWave window function support includes support for:

« W NDOWand OVER clauses in conjunction with PARTI TI ON BY, ORDER BY, and W NDOWframe
specifications.

» Nonaggregate window functions supported by MySQL Server, as described in Window Function
Descriptions.

» The following aggregate functions used as window functions:
* AVH)
» COUNT()
« M N()
- MAX()
e STID() . Supported as of MySQL 8.3.0.
e STDDEV() . Supported as of MySQL 8.3.0.
e STDDEV_POP() . Supported as of MySQL 8.3.0.
e STDDEV_SAMP() . Supported as of MySQL 8.3.0.
* SUM)
* VAR _POP() . Supported as of MySQL 8.3.0.
« VAR SAMP() . Supported as of MySQL 8.3.0.

e VARI ANCE( ) . Supported as of MySQL 8.3.0.

2.13 String Column Encoding Reference

HeatWave supports two string column encoding types:
» Section 2.13.1, “Variable-length Encoding”
» Section 2.13.2, “Dictionary Encoding”

String column encoding is automatically applied when tables are loaded into HeatWave. Variable-
length encoding is the default.

To use dictionary encoding, you must define the encoding type explicitly for individual string columns.
See Section 2.7.1, “Encoding String Columns”.

2.13.1 Variable-length Encoding

Variable-length (VARLEN) encoding has the following characteristics:

« Itis the default encoding type. No action is required to use variable-length encoding. It is applied
to string columns by default when tables are loaded with the exception of string columns defined
explicitly as dictionary-encoded columns.
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Variable-length Encoding

« It minimizes the amount of data stored for string columns by efficiently storing variable length column
values.

« Itis more efficient than dictionary encoding with respect to storage and processing of string columns
with a high number of distinct values relative to the cardinality of the table.

« It permits more operations involving string columns to be offloaded than dictionary encoding.

« It supports all character sets and collation types supported by the MySQL DB System. User defined
character sets are not supported.

* VARLEN columns can be declared as NULL.
2.13.1.1 VARLEN Supported Expressions, Filters, Functions, and Operators

For supported functions and operators, refer to Section 2.12, “Supported Functions and Operators”.
VARLEN Supported Filters

» Column-to-column filters, excluding the <=> filter.

Before MySQL 8.3.0, both columns must be VARLEN-encoded and column-to-column filters must use
columns that are encoded with the same character set and collation.

» Column-to-constant filters, excluding the <=> filter.

Before MySQL 8.3.0, the character set and collation of the constant variable must match the
character set and collation of the constant.

VARLEN Supported Relational Operators
« GROUP BY
« JON
s LIMT
+ ORDER BY

2.13.1.2 VARLEN Encoding Limits

» For information about HeatWave column limits and how they relate to VARLEN-encoded columns,
see Section 2.13.3, “Column Limits”.

» Only expressions with non-boolean types are supported.
2.13.1.3 VARLEN Column Memory Requirements

» For HeatWave nodes, a VARLEN-encoded column value requires enough memory for the data plus
two bytes for length information. Internal fragmentation or headers can affect the actual amount of
memory required.

e There is no memory requirement on the MySQL DB System node, apart from a small memory
footprint for metadata.

2.13.1.4 VARLEN Encoding and Performance

» The presence of VARLEN-encoded VARCHAR or CHAR columns does not affect table load
performance.

» Table load and change propagation operations perform more slowly on VARLEN-encoded TEXT-type
columns than on VARLEN-encoded VARCHAR columns.

» There are two main differences with respect to HeatWave result processing for variable-length
encoding compared to dictionary encoding:
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Dictionary Encoding

« A dictionary decode operation is not required, which means that fewer CPU cycles are required.

« Because VARLEN-encoded columns use a larger number of bytes than dictionary-encoded
columns, the network cost for sending results from HeatWave to the MySQL DB System is greater.

2.13.2 Dictionary Encoding

Dictionary encoding (SORTED) has the following characteristics:

Best suited to string columns with a low number of distinct values relative to the cardinality of the
table. Dictionary encoding reduces the space required for column values on the HeatWave nodes but
requires space on the MySQL DB System node for dictionaries.

Supports GROUP BY and ORDER BY operations on string columns.

Supports only a subset of the operations supported by variable-length encoding such as LI KE
with prefix expressions, and comparison with the exact same column. Dictionary-encoded columns
cannot be compared in any way with other columns or constants, or with other dictionary-encoded
columns.

Does not support JO N operations.

Does not support operations that use string operators. Queries that use string operators on
dictionary-encoded string columns are not offloaded.

Does not support LI KE predicates.
Does not support comparison with variable-length encoded columns.

The dictionaries required to decode dictionary-encoded string columns must fit in MySQL DB System
node memory. Dictionary size depends on the size of the column and the number of distinct values.
Load operations for tables with dictionary-encoded string columns that have a high number of distinct
values can fail if there is not enough available memory on the MySQL DB System node.

2.13.3 Column Limits

HeatWave has the following column limits:

The maximum column width is 65532 bytes.

The column limit for base relations, tables as loaded into HeatWave, is 1017. Before MySQL 8.0.29,
the limit was 900.

The column limit for intermediate relations (intermediate tables used by HeatWave when processing
queries) is 1800.

The actual column limit when running queries depends on factors such as MySQL limits, protocol
limits, the total number of columns, column types, and column widths. For example, for any
HeatWave physical operator, the maximum number of 65532-byte VARLEN-encoded columns is
31 if the query only uses VARLEN-encoded columns. On the other hand, HeatWave can produce
a maximum of 1800 VARLEN-encoded columns that are less than 1024 bytes in size if the query
includes only VARLEN-encoded columns. If the query includes only non-string columns such as
DOUBLE, | NTEGER, DECI MAL, and so on, 1800 columns are supported.

2.14 Troubleshooting

Problem: Queries are not offloaded.

« Solution A: Your query contains an unsupported predicate, function, operator, or has encountered
some other limitation. See Section 2.3.1, “Query Prerequisites”.

« Solution B: Query execution time is less than the query cost threshold.
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Troubleshooting

HeatWave is designed for fast execution of large analytic queries. Smaller, simpler queries, such
as those that use indexes for quick lookups, often execute faster on the MySQL DB System.

To avoid offloading inexpensive queries to HeatWave, the optimizer uses a query cost estimate
threshold value. Only queries that exceed the threshold value on the MySQL DB System are
considered for offload.

The query cost threshold unit value is the same unit value used by the MySQL optimizer for query
cost estimates. The threshold is 100000.00000. The ratio between a query cost estimate value and
the actual time required to execute a query depends on the type of query, the type of hardware,
and MySQL DB System configuration.

To determine the cost of a query on the MySQL DB System:

1. Disable use_secondary_engi ne to force MySQL DB System execution.
nysqgl > SET SESSI ON use_secondary_engi ne=OFF;

2. Run the query using EXPLAI N.
nysqgl > EXPLAI N sel ect _query;

3. Querythe Last query_cost status variable. If the value is less than 100000.00000, the
guery cannot be offloaded.

nysqgl > SHOW STATUS LI KE ' Last _query_cost';

Solution C: The table you are querying is not loaded. You can check the load status of a table in
HeatWave by querying LOAD STATUS data from HeatWave Performance Schema tables. For
example:

nysqgl > USE performance_schens;
nysqgl > SELECT NAME, LOAD STATUS FROM rpd_t abl es, rpd_table_id
VWHERE rpd_tables.|D = rpd_table_id.|D;

t pch. supplier
t pch. part supp

[ | AVAI L_RPDGSTABSTATE |
[ | AVAI L_RPDGSTABSTATE |
| tpch.orders | AVAI L_RPDGSTABSTATE |
| tpch.lineitem | AVAI L_RPDGSTABSTATE |
| tpch. cust oner | AVAI L_RPDGSTABSTATE |
| tpch.nation | AVAI L_RPDGSTABSTATE |
| tpch.region | AVAI L_RPDGSTABSTATE |
| tpch. part | AVAI L_RPDGSTABSTATE |

For information about load statuses, see Section 6.4.8, “The rpd_tables Table”.

Alternatively, run the following statement:

nysql > ALTER TABLE tbl name SECONDARY_LOAD;

The following error is reported if the table is already loaded:
mysql > ERROR 13331 (HY000): Table is already | oaded.

Solution D: The HeatWave Cluster has failed. To determine the status of the HeatWave Cluster,
run the following statement:

nmysql > SHOW GLOBAL STATUS LI KE ' rapi d_pl ugi n_boot st rapped' ;
fimo-soc=cssssocccsssocosssoooco=sosoos frmosooc==ss-o2 +

| Vari abl e_nane
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Troubleshooting

See Chapter 5, System and Status Variables for r api d_pl ugi n_boot st r apped status values.

If the HeatWave Cluster has failed, restart it in the Console and reload the data if necessary. The
HeatWave recovery mechanism should reload the data automatically.

» Problem: You cannot alter the table definition to exclude a column, define a string column encoding,
or define data placement keys.

Solution: Before MySQL 8.0.31, DDL operations are not permitted on tables defined with a
secondary engine. In those releases, column attributes must be defined before or at the same that
you define a secondary engine for a table. If you need to perform a DDL operation on a table that is
defined with a secondary engine in those releases, remove the SECONDARY ENG NE option first:

nysql > ALTER TABLE orders SECONDARY_ENG NE = NULL;

For more information, see Section 2.4, “Modifying Tables”.

Problem: You have encountered an out-of-memory error when executing a query.

Solution: HeatWave optimizes for network usage rather than memory. If you encounter out of
memory errors when running a query, try running the query with the M N_VEM CONSUVPTI ON
strategy by setting r api d_executi on_strat egy before executing the query:

nmysql > SET SESSI ON rapi d_execution_strategy = M N_MEM CONSUVPTI ON,

Also consider checking the size of your data by performing a cluster size estimate. If your data has
grown substantially, you may require additional HeatWave nodes.

e For MySQL HeatWave on OCI, see Generating a Node Count Estimate, in the MySQL HeatWave
on OCI Service Guide.

* For MySQL HeatWave on AWS, see Estimating Cluster Size with MySQL Autopilot, in the MySQL
HeatWave on AWS Service Guide.

* For HeatWave in Oracle Database Service for Azure (ODSA), see Provisioning HeatWave Nodes.

Avoid or rewrite queries that produce a Cartesian product. For more information, see Section 2.9.7,
“Running Queries”.

Problem: A table load operation fails with “ERROR HYO0O0O: Error while running parallel scan.”

Solution: A TEXT-type column value larger than 65532 bytes is rejected during SECONDARY _LOAD
operations. Reduce the size of the TEXT-type column value to less than 65532 bytes or exclude the
column before loading the table. See Section 2.2.2.1, “Excluding Table Columns”.

Problem: Change propagation fails with the following error: “Blob/text value of n bytes was
encountered during change propagation but RAPID supports text values only up to 65532 bytes.”

Solution: TEXT-type values larger than 65532 bytes are rejected during change propagation. Reduce
the size of TEXT-type values to less than 65532 bytes. Should you encounter this error, check the
change propagation status for the affected table. If change propagation is disabled, reload the table.
See Section 2.2.7, “Change Propagation”.

Problem: A warning was encountered when running Auto Parallel Load.

Solution: When Auto Parallel Load encounters an issue that produces a warning, it automatically
switches to dr yr un mode to prevent further problems. In this case, the load statements generated
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Metadata Queries

by the Auto Parallel Load utility can still be obtained using the SQL statement provided in the utility
output, but avoid those load statements or use them with caution, as they may be problematic.

« If a warning message indicates that the HeatWave Cluster or service is not active or online, this
means that the load cannot start because a HeatWave Cluster is not attached to the MySQL
DB System or is not active. In this case, provision and enable a HeatWave Cluster and run Auto
Parallel Load again.

 If a warning message indicates that MySQL host memory is insufficient to load all of the tables,
the estimated dictionary size for dictionary-encoded columns may be too large for MySQL host
memory. Try changing column encodings to VARLEN to free space in MySQL host memory.

 If a warning message indicates that HeatWave Cluster memory is insufficient to load all of the
tables, the estimated table size is too large for HeatWave Cluster memory. Try excluding certain
schemas or tables from the load operation or increase the size of the cluster.

« If a warning message indicates that a concurrent table load is in progress, this means that another
client session is currently loading tables into HeatWave. While the concurrent load operation is
in progress, the accuracy of Auto Parallel Load estimates cannot be guaranteed. Wait until the
concurrent load operation finishes before running Auto Parallel Load.

» Problem: During retrieval of the generated Auto Parallel Load or Advisor DDL statements,
an error message indicates that the heat wave_aut opi | ot _report table or the
heat wave advi sor _report table or the heat wave | oad _report table does not exist. For
example:

nysql > SELECT | og->>"$.sql" AS "SQ. Scri pt"
FROM sys. heat wave_aut opi | ot _report
WHERE type = "sql"
ORDER BY i d;
ERROR 1146 (42S02): Tabl e 'sys. heatwave autopilot_report' does not exi st

nysql > SELECT | og->>"$.sql" AS "SQ. Scri pt"
FROM sys. heat wave_advi sor _report
WHERE type = "sql "
ORDER BY i d;
ERROR 1146 (42S02): Tabl e 'sys. heatwave_advi sor_report' does not exi st

nysql > SELECT | og->>"$.sql" AS "SQ. Scri pt"
FROM sys. heat wave_| oad_r eport
WHERE type = "sql"
ORDER BY i d;
ERROR 1146 (42S02): Table 'sys. heatwave | oad _report' does not exi st

Solution: This error can occur when querying a report table from a different session. Query the
report table using the same session that issued the Auto Parallel Load or Advisor CALL statement.

This error also occurs if the session used to call Auto Parallel Load or Advisor has timed out or was
terminated. In this case, run Auto Load or Advisor again before querying the report table.

2.15 Metadata Queries

This section provides Information Schema and Performance Schema queries that you can use to
retrieve HeatWave metadata.

Note

For queries that monitor HeatWave node status, memory usage, data loading,
change propagation, and queries, see Section 6.2, “HeatWave Monitoring”.
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Secondary Engine Definitions

2.15.1 Secondary Engine Definitions

To identify tables on the MySQL DB System that are defined with a secondary engine,

query the CREATE_OPTI ONS column of the | NFORVATI ON_SCHENMA. TABLES table. The
CREATE_OPTI ONS column shows the SECONDARY ENG NE clause, if defined. Tables with
SECONDARY_ENG NE="RAPI D" are loaded into HeatWave, and changes to them are automatically
propagated to their counterpart tables in the HeatWave Cluster.

nysql > SELECT TABLE SCHEMA, TABLE NAVE, CREATE OPTI ONS
FROM | NFORVATI ON_SCHENMA. TABLES
VWHERE CREATE OPTI ONS LI KE ' %4SECONDARY_ENG NE% AND TABLE SCHEMA LI KE 'tpch' ;

fr=ccoscoscososs fr=ccoscososss fh=cc=cccscoscoscoscososssos +

| TABLE_SCHEMA | TABLE NAME | CREATE_OPTI ONS |

fr=ccoscoscososs fr=ccoscososss fh=cc=cccscoscoscoscososssos +
tpch cust oner SECONDARY_ENGI NE=" RAPI D'
tpch lineitem SECONDARY_ENGI NE=" RAPI D'
tpch nation SECONDARY_ENGI NE=" RAPI D'
tpch orders SECONDARY_ENGI NE=" RAPI D'

| | | |
| | | |
| | | |
| | | |
| tpch | part | SECONDARY_ENG NE="RAPI D' |
| | | |
| | | |
| | | |

tpch par t supp SECONDARY_ENG NE=" RAP| D"

tpch regi on SECONDARY_ENG NE=" RAPI D"

tpch suppl i er SECONDARY_ENG NE=" RAPI D"
o - o - B +

You can also view create options for an individual table using SHON CREATE TABLE.
Note

Before MySQL 8.0.31, it may be necessary to exclude the SECONDARY

ENG NE option from CREATE TABLE statements when creating

a dump file, as DDL operations cannot be performed on tables

defined with a secondary engine in those releases. You can use the

show create_tabl e _skip_secondary_engi ne variable to exclude the
SECONDARY ENG NE clause from SHOW CREATE TABLE output, and from
CREATE TABLE statements dumped by the nysqgl dunp utility. mysql dunp
also provides a - - show- cr eat e- ski p- secondar y- engi ne option that
enables the show create_tabl e skip _secondary_engi ne system
variable for the duration of the dump operation.

2.15.2 Excluded Columns

To identify table columns defined as NOT SECONDARY on the MySQL DB System, query the EXTRA
column of the | NFORVATI ON_SCHEMA. COLUMNS table. Columns defined with the NOT SECONDARY
column attribute are not loaded into HeatWave when executing a table load operation.

nysql > SELECT COLUMN NAME, EXTRA
FROM | NFORMATI ON_SCHEMA. COLUMNS
WHERE TABLE NAME LIKE 't1' AND EXTRA LI KE ' 9%NOT SECONDARY% :

] N ] R +
| COLUMN_NAME | EXTRA |
] N ] R +
| O COMMENT | NOT SECONDARY |
] N ] R +

You can also view columns defined as NOT SECONDARY for an individual table using SHON CREATE
TABLE.

2.15.3 String Column Encoding

» To identify explicitly encoded string columns in tables on the MySQL DB System, query the
COLUVN_COMVENT column of the | NFORVATI ON_SCHENMA. COLUMWNS table. For example:

nysql > SELECT COLUVN_NAME, COLUMN_COMVENT

FROM | NFORMATI ON_SCHENMA. COLUMNS

WHERE TABLE_NAME LI KE ' orders' AND COLUMN COWMVENT LI KE ' %ENCODI NG% ;
e e e e e e e e e +
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Data Placement

| COLUMN_NAVE | COLUMN_COVVENT |
' oooooo0000000000 N OO0 ODOOO0000000000000000000000 +
| O CLERK | RAPI D_COLUMN=ENCODI NG=SORTED |
| O _ORDERPRI ORI TY | RAPI D_COLUMN=ENCODI NG=SORTED |
| O _ORDERSTATUS | RAPI D_COLUMN=ENCODI NG=SORTED |
| O CLERK | RAPI D_COLUMN=ENCODI NG=SORTED |
| O_ORDERPRI ORI TY | RAPI D_COLUMN=ENCODI NG=SORTED |
| O _ORDERSTATUS | RAPI D_COLUMN=ENCODI NG=SORTED |
' oooooo0000000000 N OO0 ODOOO0000000000000000000000 +

You can also view explicitly defined column encodings for an individual table using SHOW CREATE
TABLE.

To view the dictionary size for dictionary-encoded columns, in bytes:

nysql > USE per f or mance_schens;

nysql > SELECT rpd_t abl e_i d. TABLE_NAME, rpd_col umms. COLUVN_ | D, rpd_col ums. DI CT_SI ZE_BYTES
FROM rpd_t abl e_id, rpd_col ums
WHERE rpd_table_id.I D = rpd_col ums. TABLE | D AND r pd_col ums. DI CT_SI ZE_BYTES > 0
ORDER BY rpd_t abl e_i d. TABLE_NAME;

2.15.4 Data Placement

» To identify columns defined as data placement keys in tables on the MySQL DB System, query the

COLUVN_COWMVENT column of the | NFORVATI ON_SCHEMA. COLUMWNS table. For example:

nysql > SELECT COLUVN NAVE, COLUMN COMVENT
FROM | NFORVATI ON_SCHEMA. COLUWNS
WHERE TABLE NAMVE LIKE 'orders' AND COLUVMN COWNVENT LI KE ' %DATA PLACEMENT KEY% :

L Py i g g +
| COLUWN_NAVE | COLUMN_COVVENT [
L Py i g g +
| O CUSTKEY | RAPI D_COLUMN=DATA PLACEMENT KEY=1 |
L Py i g g +

You can also view data placement keys for an individual table using SHOWV CREATE TABLE.

To identify columns defined as data placement keys in tables that are loaded in HeatWave, query the
DATA PLACENMENT | NDEX column of the per f or mance_schena. r pd_col umms table for columns
with a DATA_ PLACEMENT | NDEX value greater than 0, which indicates that the column is defined as
a data placement key. For example:

mysql > SELECT TABLE NAME, COLUWN NANVE, DATA PLACENMENT | NDEX
FROM per f or mance_schema. rpd_col ums r1l
JO N performance_schema.rpd _colum_id r2 ONrl. COOUMN ID = r2.1D
WHERE r 1. TABLE I D = (SELECT | D FROM performance_schema.rpd_table_id
WHERE TABLE_NAME = 'orders') AND r2. TABLE_NAME = 'orders'
AND r 1. DATA PLACEMENT | NDEX > 0 ORDER BY r 1. DATA PLACEMENT | NDEX;

Fomem e mmaa o Fomem e mmeaaa o Fome e emee e eeaaaaaas +
| TABLE_NAME | COLUMN_NAME | DATA PLACEMENT_| NDEX |
Fomem e mmaa o Fomem e mmeaaa o Fome e emee e eeaaaaaas +
| orders | O_TOTALPRI CE | 1|
| orders | O _ORDERDATE | 2 |
| orders | O_COMVENT | 3|
Fomem e mmaa o Fomem e mmeaaa o Fome e emee e eeaaaaaas +

For information about data placement key index values, see Section 2.7.2, “Defining Data Placement
Keys”.

To determine if data placement partitions were used by a JO N or GROUP BY query, you can query
the QEP_TEXT column of the per f or mance_schena. r pd_query_st at s table to view pr epart
data. (pr epart is short for “pre-partitioning”.) The pr epart data for a GROUP BY operation contains
a single value; for example: " pr epart " : #, where # represents the number of HeatWave nodes.
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Bulk Ingest Data to MySQL Server

A value greater than 1 indicates that data placement partitions were used. The pr epart data for

a JO N operation has two values that indicate the number of HeatWave nodes; one for each JO N
branch; for example: " prepart ": [ #, #] . A value greater than 1 for a JO N branch indicates that
the JO N branch used data placement partitions. (A value of " prepart™: [ 1, 1] indicates that data
placement partitions were not used by either JO N branch.) pr epar t data is only generated if a
GROUP BY or JO Noperation is executed. To query QEP_TEXT pr epart data for the last executed

query:

nmysql > SELECT CONCAT( '“"prepart":[', (JSON | EXTRACT(QEP TEXT->>"$** prepart”, "$[0][0]"')),
" ", (JSON_EXTRACT(QEP_TEXT->>"$** prepart", '$[O0][1]')) , '1' )
FRCJ\/I per f or mance_schena. r pd_query_stats
WHERE query_id = (sel ect max(query_id)
FROM per f or mance_schena. rpd_query_stats);

| concat( ' "prepart”:[', (JSON EXTRACT(QEP_TEXT->>"$**.prepart”, '$[0][0]')), |
|"," , (JSON_EXTRACT( QEP_TEXT- >>"$**. prepart”, '$[01[1]')) , '1' )

2.16 Bulk Ingest Data to MySQL Server

MySQL 8.1.0 introduces a bulk load extension to the LOAD DATA statement which is only available in
HeatWave. It adds the following features:

» The optimized loading of data sorted by primary key.
» The optimized loading of unsorted data.

» The optimized loading of data from an object store.

» The optimized loading of data from a series of files.

LOAD DATA
[LON PRI ORI TY | CONCURRENT]
[ FROM
INFILE | URL | S3 'file_prefix' [COUNT N
[IN PRI MARY KEY ORDER]
I NTO TABLE t bl _nane
[ CHARACTER SET char set _nane]
[{FI ELDS | COLUWMNS}
[ TERM NATED BY 'string']
[ [ OPTI ONALLY] ENCLCSED BY 'char']
[ ESCAPED BY ' char']
|
[ LI NES
[ TERM NATED BY 'string']
|
[ 1 GNORE nunber {LINES | ROAS}]
[ PARALLEL = nunber]
[ MEMORY = M
[ ALGORI THM = BULK]

The additional LOAD DATA clauses are:
» FROMt Makes the statement more readable.
¢ URL: The Oracle Cloud Infrastructure file location.

This requires a pre-authenticated request, PAR. See: Section 4.3, “Pre-Authenticated Requests”. It
also requires the user privilege LOAD FROM URL.

See: Section 2.17.7, “Bulk Ingest Data to MySQL Server Limitations”.
+ S3: The AWS S3 file location.

This requires the user privilege LOAD_FROM _S3.
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Syntax Examples

See: Section 2.17.7, “Bulk Ingest Data to MySQL Server Limitations”.
» COUNT: The number of files in a series of files.

For COUNT 5andfile prefix settodata. csv., the five files would be: dat a. csv. 1,
dat a. csv. 2, dat a. csv. 3,dat a. csv. 4, and dat a. csv. 5.

« I N PRI MARY KEY ORDER: Use when the data is already sorted. The values should be in ascending
order within the file.

For a file series, the primary keys in each file must be disjoint and in ascending order from one file to
the next.

» PARALLEL: The number of concurrent threads to use. A typical value might be 16, 32 or 48. The
default value is 16.

PARALLEL does not require CONCURRENT.

» IMEMORY: The amount of memory to use. A typical value might be 512M or 4G. The default value is
1G.

» ALGORI THM Set to BULK for bulk load. The file format is CSV.
LOAD DATA with ALGORI THV=BULK does not support these clauses:

LOAD DATA
[ LOCAL]
[ REPLACE | | GNORE]
[ PARTI TION (partition_nane [, partition_nane] ...)]
]
[ LI NES

[ STARTI NG BY ' string']
]

[ (col _name_or _user _var
[. col _name_or_user_var] ...)]
[ SET col _name={expr | DEFAULT}
[, col _name={expr | DEFAULT}] ...]
LOAD DATA with ALGORI THV=BULK supports the following data types:
e | NT, SMALLI NT, Tl NYI NT, and Bl G NT
e CHAR and Bl NARY.
» VARCHAR and VARBI NARY. The record must fit in the page. There is no large data support.
* NUVMERI Cand DECI MAL.
» UNSI GNED NUVERI C and DECI MAL.
» DOUBLE and FLOAT.
» DATE and DATETI ME.
For the data types that HeatWave supports, see: Section 2.10, “Supported Data Types”

See: Section 2.17.7, “Bulk Ingest Data to MySQL Server Limitations”.

Syntax Examples

» An example that loads unsorted data from AWS S3 with 48 concurrent threads and 4G of memory.

nmysql > GRANT LOAD FROM S3 ON *.* TO | oad_user @ ocal host ;

nmysql > LOAD DATA FROM S3 ' s3-us-east-1://innodb-bul kl oad-dev-1/lineitemthbl’
| NTO TABLE |ineitem
FlI ELDS TERM NATED BY "|*"
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HeatWave Limitations

» An example that loads eight files of sorted data from AWS S3. The fi | e_prefi x ends with a
period. The filesarelineitemtbl.1,lineitemthbl.2,...1ineitemthbl.8.

nysql > GRANT LOAD FROM S3 ON *.* TO | oad_user @ ocal host ;
nysqgl > LOAD DATA FROM S3 ' s3-us-east-1://innodb-bul kl oad-dev-1/1ineitemtbl."'

I N PRI MARY KEY ORDER
I NTO TABLE |ineitem

2.17 HeatWave Limitations

This section lists functionality that is not supported by HeatWave. It is not an exhaustive list with

OPTI ONALLY ENCLOSED BY " "'
LI NES TERM NATED BY '\ n'

PARALLEL = 48
MEMORY = 4G
ALGORI THVFBULK;

FI ELDS TERM NATED BY "|*"
OPTI ONALLY ENCLOSED BY " "'
LI NES TERM NATED BY '\ n'

ALGORI THVFBULK;

respect to data types, functions, operators, and SQL modes. For data types, functions, operators, and
SQL modes that are supported by HeatWave, see Section 2.10, “Supported Data Types”, Section 2.12,

“Supported Functions and Operators”, and Section 2.11, “Supported SQL Modes”. If a particular
data type, function, operator, or SQL mode does not appear in those tables and lists, it should be
considered unsupported.

2.17.1 Change Propagation Limitations

e Cascading changes triggered by a foreign key constraint.

2.17.2 Data Type Limitations

» Spatial data types. See Spatial Data Types.

» Decimal values with a precision greater than 18 in expression operators, with the exception of the

following:

Arithmetic operators, see: Section 2.12.2, “Arithmetic Operators”.

CAST()
COALESCE( )
CASE

I F()

NULLI F()
ABS()

CEl LI N&)
FLOOR()
ROUND( )
TRUNCATE( )
GREATEST()
LEAST()
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Functions and Operator Limitations

» ENUMtype columns as part of a UNI ON, EXCEPT, EXCEPT ALL, | NTERSECT, or | NTERSECT ALL
SELECT list or as a JO N key, except when used inside a supported expression.

» ENUMtype columns as part of a non-top level UNI ON ALL SELECT list or as a JO N key, except
when used inside a supported expression.

» ENUMtype support is limited to:

< Comparison with string or numeric constants, and other numeric, non-temporal expressions
(numeric columns, constants, and functions with a numeric result).

e Comparison operators (<, <=, <=>, =, >=, >, and BETWEEN) with numeric arguments.
< Comparison operators (=, <=>, and <>) with string constants.
e enum.col IS [NOT] {NULL| TRUE| FALSE}

e The I N() function in combination with numeric arguments (constants, functions, or columns) and
string constants.

e COUNT(), SUM), and AVE ) aggregation functions on ENUMcolumns. The functions operate on
the numeric index value, not the associated string value.

« CAST(enum col AS {[N] CHAR [ (X)]] SI GNED| UNSI GNED| FLOAT| DOUBLE| DECI MAL
[(MNT}). The numeric index value is cast, not the associated string value.

e CAST(enum col) AS {[N] CHAR} is supported only in the SELECT list and when it is not nested
in another expression.

» Temporal types are supported only with strict SQL mode. See Strict SQL Mode.

2.17.3 Functions and Operator Limitations
« Bit functions and operators.
e COALESCE() as aJO N predicate.
» CONVERT_TZ() with named time zones such as VET or Eur ope/ Anst er dam

Only datetime values are supported. Rewrite queries that use named time zones with equivalent
datetime values. For example:

nysql > SELECT CONVERT_TZ( O ORDERDATE, 'UTC ,' EST') FROM tpch. orders;

Rewrite as:

nmysql > SELECT CONVERT_TZ( O ORDERDATE, '+00:00','-05:00') FROM tpch. orders;
 Full-text search functions.
» XML, Spatial, and other domain specific functions.

* The following JSON functions:

JSON_ARRAY APPENID )

JSON_ARRAY_| NSERT()

JSON_CONTAI NS()

JSON_CONTAI NS_PATH()

JSON_| NSERT()
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Functions and Operator Limitations

« JSON_KEYS()
* JSON_MERGE()
« JSON_MERGE_PATCH()
« JSON_NMERGE_PRESERVE()
* JSON_OVERLAPS()
« JSON_PRETTY()
« JSON_QUOTE()
* JSON_REMOVE()
« JSON_REPLACE()
« JSON_SCHEMA VALI ()
« JSON_SCHEMA VALI DATI ON_REPORT()
« JSON_SEARCH()
« JSON_SET()
+ JSON_STORAGE_FREE()
« JSON_STORAGE_SI ZE()
« JSON_TABLE()
* JSON_TYPE()
¢ JSON_VALI IX)
« JSON_VALUE()
« MEMBER OF()
» Loadable Functions.
e GROUP_CONCAT() with:
¢ ORDER BY

« Dictionary-encoded string columns (RAPI D_COLUVN=ENCODI NG=SORTED). See Section 2.13.2,
“Dictionary Encoding”.

« WTH RCLLUP

GROUP_CONCAT( ) is only supported in strict mode.

» A CASE control flow operator or | F() function that contains columns not within an aggregation
function and not part of the GROUP BY key.

 String functions and operators on columns that are not VARLEN-encoded. See Section 2.7.1,
“Encoding String Columns”.

e The AVE ) aggregate function with enumeration and temporal data types.
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Index and Optimizer Hints

» The following aggregate functions with the enumeration data type:
- STD()
+ STDDEV()
« STDDEV_POP()
« STDDEV_SAMP()
* SUM)
« VARI ANCE()
« VAR POP()
« VAR _SAMP()

With the exception of SUM ) , the same aggregate functions within a semi-join predicate due to the
nondeterministic nature of floating-point results and potential mismatches. For example, the following
use is not supported:

nysql > SELECT FROM A WHERE al I N ( SELECT VAR POP(bl) FROM B);

The same aggregate functions with numeric data types other than those supported by HeatWave.
See Section 2.10, “Supported Data Types”.

* \\EEK( dat e[, node] ) does not support the def aul t _week_f or mat system variable.

To use the node argument, the node value must be defined explicitly.

2.17.4 Index and Optimizer Hints
* Index and optimizer hints. See Index Hints, and Optimizer Hints.
» Semijoin strategies other than FI RSTVATCH.

MySQL attempts to enforce the FI RSTMATCH strategy and ignores all other semijoin strategies
specified explicitly as subquery optimizer hints. However, MySQL may still select the DUPSWEEDOUT
semijoin strategy during JO N order optimization, even if an equivalent plan could be offered using
the FI RSTMATCH strategy. A plan that uses the DUPSWEEDOUT semijoin strategy would produce
incorrect results if executed on HeatWave.

For general information about subquery optimizer hints, see Subquery Optimizer Hints.

2.17.5 Join Limitations

 Antijoins, with the exception of supported | Nand EXI STS antijoin variants listed below.

e EXI STS semijoins and antijoins are supported in the following variants only:

e SELECT ... WHERE ... EXISTS (...)

e SELECT ... WHERE ... EXISTS (...) IS TRUE

e SELECT ... WHERE ... EXISTS (...) IS NOT FALSE

e SELECT ... WHERE ... NOT EXISTS (...) IS FALSE

e SELECT ... WHERE ... NOT EXISTS (...) IS NOT TRUE

Depending on transformations and optimizations performed by MySQL, other variants of EXI STS
semijoins may or may not be offloaded.
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Variable Limitations

I N semijoins and antijoins other than the following variants:

« SELECT ... WHERE ... IN (...)
« SELECT ... WHERE ... IN(...) IS TRUE
« SELECT ... WHERE ... NOT IN (...) IS FALSE

Depending on transformations and optimizations performed by MySQL, other variants of | N
semijoins may or may not be offloaded.

A query with a supported semijoin or antijoin condition may be rejected for offload due to how
MySQL optimizes and transforms the query.

Semijoin and antijoin queries use the best plan found after evaluating the first 10000 possible plans,
or after investigating 10000 possible plans since the last valid plan.

The plan evaluation count is reset to zero after each derived table, after an outer query, and after
each subquery. The plan evaluation limit is required because the DUPSWEEDOUT join strategy, which
is not supported by HeatWave, may be used as a fallback strategy by MySQL during join order
optimization (for related information, see FIRSTMATCH). The plan evaluation limit prevents too
much time being spent evaluating plans in cases where MySQL generates numerous plans that use
the DUPSVEEEDOUT semijoin strategy.

Outer join queries without an equality condition defined for the two tables.

Some outer join queries with | N . . . EXI STS sub-queries (semi-joins) in the ON clause.

2.17.6 Variable Limitations

A group_concat _nax_| en session variable with a value that exceeds the maximum HeatWave
column length (65532 bytes).

The sql _select |imt asa global variable.
It is only supported as a session variable.

time_zone andti nmest anp variable settings are not passed to HeatWave when queries are
offloaded.

2.17.7 Bulk Ingest Data to MySQL Server Limitations

MySQL HeatWave on OCI does not support LOAD DATA with ALGORI THVEBULK.

MySQL HeatWave on AWS does support LOAD DATA with ALGORI THVEBULK, but does not support
the | NFI LE and URL clauses.

The target table for LOAD DATA with ALGORI THVEBULK must be empty. The state of the table
should be as though it has been freshly created. If the table has instantly added/dropped column, call
TRUNCATE before calling LOAD DATA with ALGORI THVEBULK.

The target table for LOAD DATA with ALGORI THVFBULK must not be partitioned.
The target table for LOAD DATA with ALGORI THVEBULK must not contain secondary indexes.

The target table for LOAD DATA with ALGORI THVEBULK must be in a file_per_tablespace. The table
must not be in a shared tablespace.

The target table for LOAD DATA with ALGORI THVEBULK must have the default row format,
ROW FORVAT=DYNAM C. Use ALTER TABLE to make any changes to the table after LOAD DATA
with ALGORI THVEBULK.
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Other Limitations

The target table for LOAD DATA with ALGORI THVEBULK must contain a primary key.
LOAD DATA with ALGORI THM=BULK does not support a prefix index for the primary key.

The target table for LOAD DATA with ALGORI THVEBULK must not contain virtual or stored generated
columns.

The target table for LOAD DATA with ALGORI THVEBULK must not contain foreign keys.

The target table for LOAD DATA with ALGORI THVEBULK must not contain CHECK constraints.
The target table for LOAD DATA with ALGORI THVEBULK must not contain triggers.

The target table for LOAD DATA with ALGORI THVEBULK is not replicated to other nodes.

The target table for LOAD DATA with ALGORI THVEBULK must not use a secondary engine. Set the
secondary engine after the after LOAD DATA with ALGORI THVEBULK. See: Section 2.2.2.2, “Defining
the Secondary Engine”.

LOAD DATA with ALGORI THVEBULK locks the target table exclusively and does not allow other
operations on the table.

LOAD DATA with ALGORI THM=BULK does not support automatic rounding or truncation of the input
data. LOAD DATA with ALGORI THVEBULK will fail if the input data requires rounding or truncation in
order to be loaded.

LOAD DATA with ALGORI THM=BULK does not support temporary tables.

LOAD DATA with ALGORI THVEBULK is atomic but not transactional. LOAD DATA with
ALGORI THVEBULK commits any transaction that is already running. On failure the LOAD DATA
statement is completely rolled back.

LOAD DATA with ALGORI THM=BULK cannot execute when the target table is explicitly locked by a
LOCK TABLES statement.

2.17.8 Other Limitations

Most non-default MySQL DB System SQL modes.

For a list of supported SQL modes, see Section 2.11, “Supported SQL Modes”.

The gh18030 _chi nese_ci character set and collation.

The W TH ROLLUP modifier in GROUP BY clauses in the following cases:

¢ In queries that contain distinct aggregations.

¢ In queries that contain duplicate GROUP BY keys.

COUNT( NULL) in cases where it is used as an input argument for non-aggregate operators.

UNI ON ALL queries with an ORDER BY or LI M T clause, between dictionary-encoded columns, or
between ENUMcolumns.

EXCEPT, EXCEPT ALL, | NTERSECT, | NTERSECT ALL, and UNI ON queries with or without an
ORDER BY or LI M T clause, between dictionary-encoded columns, or between ENUMcolumns.

EXCEPT, EXCEPT ALL, | NTERSECT, | NTERSECT ALL, UNI ONand UNI ON ALL subqueries with
or without an ORDER BY or LI M T clause, between dictionary-encoded columns, between ENUM
columns, or specified in an | Nor EXI STS clause.

» Comparison predicates, GROUP BY, JO N, and so on, if the key column is DOUBLE PRECI SI ON.
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Other Limitations

Queries with an impossible WHERE condition (queries known to have an empty result set).

For example, the following query is not offloaded:

nmysql > SELECT AVE cl) AS value FROMt1l WHERE c1l | S NULL;
Explicit partition selection. See Partition Selection.

Primary keys with column prefixes.

Virtual generated columns.

Queries that are executed as part of a trigger.

Queries that call a stored program.

Queries that are executed as part of a stored program.
Queries that are part of a multi-statement transaction.
Materialized views.

Only nonmaterialized views are supported. See Section 2.3.9, “Using Views”.
Partial query offload for regular SELECT queries.

If all elements of the query are supported, the entire query is offloaded; otherwise, the query is
executed on the MySQL DB System by default.

HeatWave supports CREATE TABLE ... SELECT and | NSERT ... SELECT statements where
only the SELECT portion of the operation is offloaded to HeatWave. See Section 2.3, “Running
Queries”.

Only UNI X_TI MESTAMP() and FROM UNI XTI ME() functions support ati nezone value specified
as an offset from UTC in the form of [ H H: MMiand prefixed with a + or -. For example:

nysqgl > SET tine_zone = tinezone;

For information about time zone offsets, see MySQL Server Time Zone Support.
Named time zones are not supported.

Row widths in intermediate and final query results that exceed 4MB in size.

A query that exceeds this row width limit is not offloaded to HeatWave for processing.
Consecutive filter operations on derived tables.

For example, the following query is not supported:
nysql > SELECT * FROM (SELECT * FROMt1 WHERE x < 7) tt1,

(SELECT * FROMt1l WHERE x < vy) tt2
WHERE ttl.x > 5 ANDttl.x = tt2.x;

The query uses a filter for table t t 1 in the table scan of tablet 1 (x < 7) followed by a consecutive
fiterontablett1 (tt 1. x > 5)inthe WHERE clause.

Recursive common table expressions.

Operations involving ALTER TABLE such as loading, unloading, or recovering data when MySQL
Server is running in SUPER_READ ONLY mode.

MySQL Server is placed in SUPER_READ ONLY mode when MySQL Server disk space drops below
a set amount for a specific duration. For information about thresholds that control this behavior and
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Other Limitations

how to disable SUPER_READ ONLY mode, refer to the Health Monitor documentation, in the MySQL
HeatWave on OCI Service Guide.
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3.1 HeatWave AutoML Features

HeatWave AutoML makes it easy to use machine learning, whether you are a novice user or an
experienced ML practitioner. You provide the data, and HeatWave AutoML analyzes the characteristics
of the data and creates an optimized machine learning model that you can use to generate predictions
and explanations. An ML model makes predictions by identifying patterns in your data and applying
those patterns to unseen data. HeatWave AutoML explanations help you understand how predictions
are made, such as which features of a dataset contribute most to a prediction.

3.1.1 HeatWave AutoML Supervised Learning

HeatWave AutoML supports supervised machine learning. That is, it creates a machine learning model
by analyzing a labeled dataset to learn patterns that enable it to predict labels based on the features of
the dataset. For example, this guide uses the Census Income Data Set in its examples, where features
such as age, education, occupation, country, and so on, are used to predict the income of an individual
(the label).

Once a model is created, it can be used on unseen data, where the label is unknown, to make
predictions. In a business setting, predictive models have a variety of possible applications such as
predicting customer churn, approving or rejecting credit applications, predicting customer wait times,
and so on.

HeatWave AutoML supports both classification and regression models. A classification model predicts
discrete values, such as whether an email is spam or not, whether a loan application should be
approved or rejected, or what product a customer might be interested in purchasing. A regression
model predicts continuous values, such as customer wait times, expected sales, or home prices, for
example. The model type is selected during training, with classification being the default type.

3.1.2 HeatWave AutoML Ease of Use

HeatWave AutoML is purpose-built for ease of use. It requires no machine learning expertise,
specialized tools, or algorithms. With HeatWave AutoML and a set of training data, you can train a
predictive machine learning model with a single call to the ML_TRAI N SQL routine; for example:

CALL sys. ML_TRAI N(' heat waver _bench. census_train', 'revenue', NULL, @ensus_nodel);

The ML_TRAI Nroutine leverages Oracle AutoML technology to automate training of machine learning
models. For information about Oracle AutoML, see Section 3.1.4, “Oracle AutoML".

You can use a model created by M__ TRAI N with other HeatWave AutoML routines to generate
predictions and explanations; for example, this call to the M._PREDI CT_TABLE routine generates
predictions for a table of input data:

CALL sys. M__PREDI CT_TABLE(' heat wavenl _bench. census_test', @ensus_nodel,
' heat wavem _bench. census_predi ctions');

All HeatWave AutoML operations are initiated by running CALL or SELECT statements, which can

be easily integrated into your applications. HeatWave AutoML routines reside in the MySQL sys
schema and can be run from any MySQL client or application that is connected to a DB System with a
HeatWave Cluster. HeatWave AutoML routines include:
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HeatWave AutoML Workflow

e ML_TRAI N: Trains a machine learning model for a given training dataset.

» M__PREDI CT_ROW Makes predictions for one or more rows of data.

M._PREDI CT_TABLE: Makes predictions for a table of data.

M._EXPLAI N_ROW Explains predictions for one or more rows of data.

M__EXPLAI N_TABLE: Explains predictions for a table of data.

» M._SCORE: Computes the quality of a model.

e M._MODEL_LQAD: Loads a machine learning model for predictions and explanations.
 M__MODEL UNLQAD: Unloads a machine learning model.

In addition, with HeatWave AutoML, there is no need to move or reformat your data. Data and machine
learning models never leave the MySQL HeatWave Service, which saves you time and effort while
keeping your data and models secure.

3.1.3 HeatWave AutoML Workflow

A typical HeatWave AutoML workflow is described below:

1. When the ML_TRAI Nroutine is called, HeatWave AutoML calls the MySQL DB System where the
training data resides. The training data is sent from the MySQL DB System and distributed across
the HeatWave Cluster, which performs machine learning computation in parallel. See Section 3.5,
“Training a Model”.

2. HeatWave AutoML analyzes the training data, trains an optimized machine learning model, and
stores the model in a model catalog on the MySQL DB System. See Section 3.13.1, “The Model
Catalog”.

3. HeatWave AutoML ML_PREDI CT_* and M_._EXPLAI N_* routines use the trained model to
generate predictions and explanations on test or unseen data. See Section 3.7, “Predictions”, and
Section 3.8, “Explanations”.

4. Predictions and explanations are returned to the DB System and to the user or application that
issued the query.

Optionally, the M__ SCORE routine can be used to compute the quality of a model to ensure that
predictions and explanations are reliable. See Section 3.13.6, “Scoring Models”.

Note

HeatWave AutoML shares resources with HeatWave. HeatWave analytics
gueries are given priority over HeatWave AutoML queries. Concurrent
HeatWave analytics and HeatWave AutoML queries are not supported. A
HeatWave AutoML query must wait for HeatWave analytics queries to finish,
and vice versa.

3.1.4 Oracle AutoML

The HeatWave AutoML M__TRAI Nroutine leverages Oracle AutoML technology to automate the
process of training a machine learning model. Oracle AutoML replaces the laborious and time
consuming tasks of the data analyst whose workflow is as follows:

1. Selecting a model from a large number of viable candidate models.
2. For each model, tuning hyperparameters.

3. Selecting only predictive features to speed up the pipeline and reduce over-fitting.
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Before You Begin

4. Ensuring the model performs well on unseen data (also called generalization).

Oracle AutoML automates this workflow, providing you with an optimal model given a time budget. The
Oracle AutoML pipeline used by the HeatWave AutoML M__ TRAI Nroutine has these stages:

« Data preprocessing

» Algorithm selection

Adaptive data reduction
» Hyperparameter optimization
* Model and prediction explanations

Figure 3.1 Oracle AutoML Pipeline

o
SIEIE Data [, Algorithm L Adaptive |, Hyperparameter | | Model/Prediction | o ooo%
=|=|= Preprocessor Section Data Reduction Optimization Explanations °
=== )
Dataset Cleansze ._.mpute. and . ,:’Enm.‘,' i-.ulrlzcl a S%Jltﬂb.‘_’ |d.EntI.\, C|:|.II'.I'Id| Train r!'n.:d.el Tuned
normalize features top k algorithms subsample for hyperparameters and prediction Model
the chosen model explainers ocel

Oracle AutoML also produces high quality models very efficiently, which is achieved through a scalable
design and intelligent choices that reduce trials at each stage in the pipeline.

» Scalable design: The Oracle AutoML pipeline is able to exploit both HeatWave internode and
intranode parallelism, which improves scalability and reduces runtime.

« Intelligent choices reduce trials in each stage: Algorithms and parameters are chosen based on
dataset characteristics, which ensures that the model is accurate and efficiently selected. This is
achieved using meta-learning throughout the pipeline.

For additional information about Oracle AutoML, refer to Yakovlev, Anatoly, et al. "Oracle Automl: A
Fast and Predictive AutoML Pipeline." Proceedings of the VLDB Endowment 13.12 (2020): 3166-3180.

3.2 Before You Begin

Before you begin using HeatWave AutoML, the following is assumed:

* You have an operational MySQL DB System and are able to connect to it using a MySQL client. If
not, complete the steps described in Getting Started with MySQL HeatWave Service.

* Your MySQL DB System has an operational HeatWave Cluster. If not, complete the steps described
in Adding a HeatWave Cluster.

e The MySQL account that you will use to train a model does not have a period character (".") in
its name; for example, a user named ' j oesnmi th' @ % is permitted to train a model, but a user
named' j oe.snith' @ % is not. For more information about this requirement, see Section 3.18,
“HeatWave AutoML Limitations”.

» The MySQL account that will use HeatWave AutoML has been granted the following privileges:

» SELECT and ALTER privileges on the schema that contains the machine learning datasets; for
example:

nysqgl > GRANT SELECT, ALTER ON schenma_nane.* TO 'user_nane' @ % ;

e SELECT and EXECUTE on the MySQL sys schema where HeatWave AutoML routines reside; for
example:

nysqgl > GRANT SELECT, EXECUTE ON sys.* TO 'user_nanme' @ % ;
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Getting Started

3.3 Getting Started

Once you have access to a DB System with a HeatWave Cluster, and you have obtained the MySQL
user privileges described in Section 3.2, “Before You Begin”, you can start using HeatWave AutoML.

Proceed through the following steps to prepare data, train a model, make predictions, and generate
explanations:

1. Prepare and load training and test data. See Section 3.4, “Preparing Data”.
2. Train a machine learning model. See Section 3.5, “Training a Model".
3. Make predictions with test data using a trained model. See Section 3.7, “Predictions”.

4. Run explanations on test data using a trained model to understand how predictions are made. See
Section 3.8, “Explanations”.

5. Score your machine learning model to assess its reliability. See Section 3.13.6, “Scoring Models”.

6. View a model explanation to understand how the model makes predictions. See Section 3.13.7,
“Model Explanations”.

Alternatively, you can jump ahead to the Iris Data Set Machine Learning Quickstart, which provides a

quick run-through of HeatWave AutoML capabilities using a simple, well-known machine learning data
set. See Section 7.3, “Iris Data Set Machine Learning Quickstart”.

3.4 Preparing Data

HeatWave AutoML works with labeled and unlabeled data. Labeled data is used to train and score
machine learning models. Unlabeled data is required when generating predictions and explanations.

3.4.1 Labeled Data

Labeled data has feature columns and a target column (the label), as illustrated in the following
diagram:

Figure 3.2 Labeled Data

Labeled Data
feature_column_1
feature_column_2
feature_column_3
feature_column_4

target_column

Feature columns contain the input variables used to train the machine learning model. The target
column contains ground truth values or, in other words, the correct answers. A labeled dataset with
ground truth values is required to train a machine learning model. In the context of this guide, the

labeled dataset used to train a machine learning model is referred as the training dataset.

A labeled dataset with ground truth values is also used to score a model (compute its accuracy and
reliability). This dataset should have the same columns as the training dataset but with a different set of
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Unlabeled Data

data. In the context of this guide, the labeled dataset used to score a model is referred as the validation
dataset.

3.4.2 Unlabeled Data

Unlabeled data has feature columns but no target column (no answers), as illustrated below:

Figure 3.3 Unlabeled Data

Unlabeled Data

feature_column_1

feature_column_2

feature_column_3

feature_column_4
Unlabeled data is required to generate predictions and explanations. It must have exactly the same
feature columns as the training dataset but no target column. In the context of this guide, the unlabeled

data used for predictions and explanations is referred to as the test dataset. Test data starts as labeled
data but the label is removed for the purpose of trialing the machine learning model.

The “unseen data” that you will eventually use with your model to make predictions is also unlabeled
data. Like the test dataset, unseen data must have exactly the same feature columns as the training
dataset but no target column.

For examples of training, validation, and test dataset tables and how they are structured, see
Section 3.4.4, “Example Data”, and Section 7.3, “Iris Data Set Machine Learning Quickstart”.

3.4.3 General Data Requirements

General requirements for HeatWave AutoML data include the following:

» Each dataset must reside in a single table on the MySQL DB System. HeatWave AutoML routines
such as M__TRAI N, M__PREDI CT_TABLE, and M._EXPLAI N_TABLE operate on a single table.

For information about loading data into a MySQL DB System, see Importing and Exporting
Databases.

» Tables used with HeatWave AutoML must not exceed 10 GB, 100 million rows, or 1017 columns.
Before MySQL 8.0.29, the column limit was 900.

» Table columns must use supported data types. For supported data types and recommendations for
how to handle unsupported types, see Section 3.16, “Supported Data Types”.

» NaN (Not a Number) values are not recognized by MySQL and should be replaced by NULL.

» The target column in a training dataset for a classification model must have at least two distinct
values, and each distinct value should appear in at least five rows. For a regression model, only a
numeric target column is permitted.

Note

The ML_TRAI Nroutine ignores columns missing more than 20% of its values
and columns with the same value in each row. Missing values in numerical
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columns are replaced with the average value of the column, standardized to

a mean of 0 and with a standard deviation of 1. Missing values in categorical
columns are replaced with the most frequent value, and either one-hot or ordinal
encoding is used to convert categorical values to numeric values. The input
data as it exists in the MySQL database is not modified by M._ TRAI N.

3.4.4 Example Data

Examples in this guide use the Census Income Data Set.

Dua, D. and Graff, C. (2019). UCI Machine Learning Repository [http://archive.ics.uci.edu/ml]. Irvine,
CA: University of California, School of Information.

Note

Census Income Data Set examples demonstrate cl assi fi cat i on training
and inference. HeatWave AutoML also supports r egr essi on training and
inference for datasets suited for that purpose. The M__TRAI Nt ask parameter
defines whether the machine learning model is trained for cl assi fi cati on or
regression.

To replicate the examples in this guide, perform the following steps to create the required schema and
tables. Python 3 and MySQL Shell are required.

1. Create the following schema and tables on the MySQL DB System by executing the following
statements:

nysql > CREATE SCHEMVA heat wavem _bench;
nysql > USE heat wavem _bench;

nysql > CREATE TABLE census_train (
age | NT, workclass VARCHAR(255),
fnlwgt | NT, education VARCHAR(255),
“educati on-num | NT,
‘marital -status® VARCHAR(255),
occupati on VARCHAR(255),
rel ati onshi p VARCHAR( 255),
race VARCHAR(255),
sex VARCHAR(255),
‘capital-gain |NT,
“capital -loss’ | NT,
“hour s- per-week™ | NT,
“native-country’ VARCHAR(255),
revenue VARCHAR(255));

nysql > CREATE TABLE "census_test  LIKE “census_train ;

2. Navigate to the HeatWave AutoML Code for Performance Benchmarks GitHub repository at https://
github.com/oracle-samples/heatwave-ml.

3. Follow the README. nd instructions to create census_trai n. csv and census_t est. csv data
files. In summary, the instructions are:

a. Install the required Python packages:

$> pip install pandas==1.2.3 nunpy==1.22.2 unlzw3==0.2.1 skl earn==1.0. 2

b. Download or clone the repository, which includes the census source data and preprpocessing
script.

c. Runthe preprocess. py script to create the census_trai n. csv and census_t est. csv
data files.

$> pyt hon3 heatwave-m / preprocess. py --benchmark census
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Note

Do not run the benchmark as instructed in the READVE. nd file. The
benchmark script removes the schema and data at the end of processing.

Start MySQL Shell with the - - mysqgl option to open a Cl assi cSessi on, which is required when
using the Parallel Table Import Utility.

$> nysql sh --nysqgl User nane@ PAddr essOf MySQLDBSyst enEndpoi nt

Load the data from the . csv files into the MySQL DB System using the following commands:

MySQL>JS> util.inmportTabl e("census_train.csv",{table: "census_train",
dialect: "csv-unix", skipRows:1})

MySQL>JS> util.inportTabl e("census_test.csv",{table: "census_test",
dialect: "csv-unix", skipRows:1})

Create a validation table:
nysql > CREATE TABLE "census_validate LIKE "census_test ;
nysql > | NSERT | NTO "census_val i date’ SELECT * FROM "census_test ;

Modify the census_t est table to remove the target " r evenue™ column:

nmysql > ALTER TABLE "census_test  DROP COLUW 'revenue ;

Other Example Data Sets

For other example data sets to use with HeatWave AutoML, refer to the HeatWave AutoML Code for
Performance Benchmarks GitHub repository.

3.4.5 Example Text Data

As of MySQL 8.1.0, HeatWave AutoML supports text data types. To create a sample text data set, use
the f et ch_20newsgr oups data set from scikit-learn. This also uses the pandas Python library.

$>
$>

$>

$>
$>
$>
$>
$>
$>
$>
$>

$>
$>
$>
$>
$>
$>
$>
$>

from skl earn. datasets i nport fetch_20newsgroups
i mport pandas as pd

categories = ['alt.atheism, "talk.religion.msc', 'conp.graphics', 'sci.space']

newsgroups_train = fetch_20newsgroups(subset="train', renove=('headers', 'footers', 'quotes'), categori

df = pd. Dat aFrane([ newsgroups_train.data, newsgroups_train.target.tolist()]).T

df .colums = ['text', 'target']

targets = pd. Dat aFrane( newsgroups_train.target_names)

targets. col ums=["' category']

out = pd.nerge(df, targets, left_on="target', right_index=True).drop('target', axis=1)

out = out[(out.text !'="")] #renove enpty strings

out.to_csv(' 20newsgroups_train.csv', index=Fal se)

newsgroups_test = fetch_20newsgroups(subset="test', renove=('headers', 'footers', 'quotes'),
df = pd. Dat aFrane([ newsgroups_t est.data, newsgroups_test.target.tolist()]).T

df .colums = ['text', 'target']

targets = pd. Dat aFrane( newsgroups_test.target _names)

targets. col ums=["' category']

out = pd.nerge(df, targets, left_on="target', right_index=True).drop('target', axis=1)
out = out[(out.text !'="")] #renove enpty strings

out.to_csv(' 20newsgroups_test.csv', index=Fal se)

Then load the csv files into MySQL:

nysqgl > DROP TABLE | F EXI STS " 20newsgroups_train’;
nysqgl > DROP TABLE | F EXI STS " 20newsgr oups_t est " ;

nysqgl > CREATE TABLE " 20newsgroups_train (" text  LONGTEXT DEFAULT NULL, “target’ VARCHAR(255) DEFAULT NULL)
nysqgl > CREATE TABLE " 20newsgroups_test  LIKE " 20newsgroups_train;
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mysql -j s> util.inportTabl e("20newsgroups_train.csv", {table: "20newsgroups_train", dialect: "csv-unix",
mysql -js> util.inportTabl e("20newsgroups_test.csv",{table: "20newsgroups_test", dialect: "csv-unix", sk

3.5 Training a Model

Run the ML_TRAI N routine on a training dataset to produce a trained machine learning model.

ML_TRAI N supports training of classification, regression, and forecasting models. Use a classification
model to predict discrete values. Use a regression model to predict continuous values. Use a
forecasting model to create timeseries forecasts for date and time data.

The time required to train a model can take a few minutes to a few hours depending on the number
of rows and columns in the dataset, specified M._ TRAI N parameters, and the size of the HeatWave
Cluster. HeatWave AutoML supports tables up to 10 GB in size with a maximum of 100 million rows
and or 1017 columns. Before MySQL 8.0.29, the column limit was 900.

ML_TRAI N stores machine learning models in the MODEL _CATALOGtable. See Section 3.13.1, “The
Model Catalog”.

For ML_TRAI N option descriptions, see Section 3.15.1, “ML_TRAIN".

The training dataset used with ML_TRAI N must reside in a table on the MySQL DB System. For an
example training dataset, see Section 3.4.4, “Example Data”.

The following example runs M__TRAI Non the heat wavem _bench. census_tr ai n training dataset:

nysqgl > CALL sys. M._TRAI N(' heat wavenl _bench. census_train', 'revenue',
JSON_OBJECT('task', 'classification'), @ensus_nodel);

Where:

» heatwaveni bench. census_trai n is the fully qualified name of the table that contains the
training dataset (scherma_nane. t abl e_nane).

* revenue is the name of the target column, which contains ground truth values.

« JSON OBJECT('task', 'classification') specifies the machine learning task type.
Specify NULL instead of JSON options to use the default cl assi fi cati on task type.
When using the r egr essi on task type, only a numeric target column is permitted.

For the f or ecast i ng task type, see Section 3.9, “Forecasting”.
For the anonal y_det ect i on task type, see Section 3.10, “Anomaly Detection”
For the r ecommendat i on task type, see Section 3.11, “Recommendations”

e« @ensus_nodel is the name of the user-defined session variable that stores the model handle for
the duration of the connection. User variables are written as @ar _nane. Some of the examples in
this guide use @ensus_nodel as the variable name. Any valid name for a user-defined variable is
permitted, for example @ry _nodel ).

After M__TRAI Ntrains a model, the model is stored in the model catalog. To retrieve the generated
model handle, query the specified session variable; for example:

nysql > SELECT @ensus_nodel ;

e +
| @ensus_nodel |
e +
| heat wavem _bench. census_train_user1l_ 1636729526 |
e +

97



Advanced ML_TRAIN Options

Tip

While using the same connection used to execute M__TRAI N, specify the
session variable, for example @ensus_nodel , in place of the model handle in
other HeatWave AutoML routines, but the session variable data is lost when the
current session is terminated. If you need to look up a model handle, you can do
so by querying the model catalog table. See Section 3.13.8, “Model Handles”.

The quality and reliability of a trained model can be assessed using the M__ SCORE routine. For more
information, see Section 3.13.6, “Scoring Models”. As of MySQL 8.0.30, M__ TRAI N displays the
following message if a trained model has a low score: Mbdel Has a [ ow training score,
expect low quality nodel explanations.

3.5.1 Advanced ML_TRAIN Options

The ML_TRAI Nroutine provides advanced options to influence model selection and training.

» The nodel _|i st option permits specifying the type of model to be trained. If more than one
type of model specified, the best model type is selected from the list. For a list of supported
model types, see Section 3.15.11, “Model Types”. This option cannot be used together with the
excl ude_nodel _|i st option.

The following example trains either an XGBCl assi fi er or LGBMC assi fi er model.

nmysql > CALL sys.m _train(' heatwavem _bench. census_train', 'revenue',
JSON _OBJECT('task','classification', 'nodel list',
JSON_ARRAY(' XGBCl assifier', 'LGBMI assifier')), @ensus_nodel);

» The excl ude_nodel _|i st option specifies types of models that should not be trained. Specified
model types are excluded from consideration. For a list of model types you can specify, see
Section 3.15.11, “Model Types”. This option cannot be used together with the nodel | i st option.

The following example excludes the Logi st i cRegr essi on and Gaussi anNB models.

nysqgl > CALL sys.nl _train(' heatwaven _bench. census_train', 'revenue',
JSON _OBJECT(' task','classification',
"excl ude_nodel list', JSON ARRAY(' Logi sticRegression', 'GaussianNB)),
@ensus_nodel ) ;

e Theoptim zati on_netri c option specifies a scoring metric to optimize for. See: Section 3.15.13,
“Optimization and Scoring Metrics”.

The following example optimizes for the neg | og_| oss metric.

nysqgl > CALL sys.nml _train('heatwaven _bench. census_train', 'revenue',
JSON _OBJECT('task','classification', 'optimzation_netric', 'neg_log_|loss'),
@ensus_nodel ) ;

» The excl ude_col unm_I i st option specifies feature columns to exclude from consideration when
training a model.

The following example excludes the ' age' column from consideration when training a model for the
census dataset.

mysql > CALL sys.m _train(' heatwaverm _bench. census_train', 'revenue',
JSON _OBJECT('task','classification', 'exclude_colum_list', JSON ARRAY('age')),
@ensus_nodel ) ;

3.6 Training Explainers

As of MySQL 8.0.31, after the ML_ TRAI Nroutine, use the M._EXPLAI N routine to train prediction
explainers and model explainers for HeatWave AutoML. In earlier releases, the M._ TRAI N routine
trains the default Permutation Importance model and prediction explainers.
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Explanations help you understand which features have the most influence on a prediction. Feature
importance is presented as a value ranging from -1 to 1. A positive value indicates that a feature
contributed toward the prediction. A negative value indicates that the feature contributed toward a
different prediction; for example, if a feature in a loan approval model with two possible predictions
(‘approve' and 'reject’) has a negative value for an 'approve' prediction, that feature would have a
positive value for a 'reject’ prediction. A value of 0 or near 0 indicates that the feature value has no
impact on the prediction to which it applies.

Prediction explainers are used when you run the M._ EXPLAI N_ROWand M._EXPLAI N_TABLE
routines to generate explanations for specific predictions. You must train a prediction explainer for
the model before you can use those routines. The M._EXPLAI N routine can train these prediction
explainers:

» The Permutation Importance prediction explainer, specified as per nut at i on_i nport ance, is the
default prediction explainer, which explains the prediction for a single row or table.

* The SHAP prediction explainer, specified as shap, uses feature importance values to explain the
prediction for a single row or table.

Model explainers are used when you run the M_._EXPLAI N routine to explain what the model learned
from the training dataset. The model explainer provides a list of feature importances to show what
features the model considered important based on the entire training dataset. The M._ EXPLAI N
routine can train these model explainers:

» The Partial Dependence model explainer, specified as parti al _dependence, shows how
changing the values of one or more columns will change the value that the model predicts. When you
train this model explainer, you need to specify some additional options.

» The SHAP model explainer, specified as shap, produces global feature importance values based on
Shapley values.

» The Fast SHAP model explainer, specified as f ast _shap, is a subsampling version of the SHAP
model explainer which usually has a faster runtime.

« The Permutation Importance model explainer, specified as per nut at i on_i nport ance, is the
default model explainer.

The model explanation is stored in the model catalog along with the machine learning model (see
Section 3.13.1, “The Model Catalog”). If you run M__EXPLAI N again for the same model handle and
model explainer, the field is overwritten with the new result.

Before you run ML_EXPLAI N, you must load the model, for example:

mysql > CALL sys. M._MODEL_LOAD(' ml _data.iris_train_userl_1636729526', NULL);

The following example runs M__ EXPLAI Nto train the SHAP model explainer and the Permutation
Importance prediction explainer for the model:

mysql > CALL sys. ML_EXPLAIN(' ml _data.iris_train', 'class', 'm _data.iris_train_userl 1636729526',
JSON_OBJECT(' nodel _expl ai ner', 'shap', 'prediction_explainer', 'pernutation_inportance'));

Where:

e m _data.iris_trainisthe fully qualified name of the table that contains the training dataset
(schema_nane. t abl e_nane).

» cl ass is the name of the target column, which contains ground truth values.

el data.iris train userl 1636729526 is the model handle for the model in the model
catalog. You can use a session variable to specify the model handle instead, written as @ar _nane.

« JSONis a list of key-value pairs naming the model explainer and prediction explainer that are
to be trained for the model. In this case, nodel _expl ai ner specifies shap for the SHAP
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model explainer, and pr edi cti on_expl ai ner specifies per nut ati on_i nport ance for the
Permutation Importance model explainer.

This example runs ML_EXPLAI Nto train the Partial Dependence model explainer (which requires extra
options) and the SHAP prediction explainer for the model:

nysqgl > CALL sys. M__EXPLAIN('ml _data.iris_train', 'class', @ris_nodel,
JSON_OBJECT(' col umms_t o_expl ain', JSON_ARRAY(' sepal width'),
"target_value', 'lIris-setosa', 'nodel _explainer',
"partial _dependence', 'prediction_explainer', 'shap'));

Where:

* col ums_t o_expl ai n identifies the sepal wi dt h column for the explainer to explain how
changing the value in this column affects the model. You can identify more than one column in the
JSON array.

» target _val ue is avalid value that the target column containing ground truth values (in this case,
cl ass) can take.

For the full M._EXPLAI N option descriptions, see Section 3.15.2, “ML_EXPLAIN".

3.7 Predictions

Predictions are generated by running M._PREDI CT_ROWor M._PREDI CT_TABLE on unlabeled
data; that is, it must have the same feature columns as the data used to train the model but no target
column.

M._PREDI CT_ROWgenerates predictions for one or more rows of data. M._PREDI CT_TABLE
generates predictions for an entire table of data and saves the results to an output table.

3.7.1 Row Predictions

ML_PREDI CT_ROWgenerates predictions for one or more rows of data specified in JSON format.
It is invoked using a SELECT statement. For M__PREDI CT_ROWparameter descriptions, see
Section 3.15.4, “ML_PREDICT_ROW".

Before running ML_PREDI CT_ROW ensure that the model you want to use is loaded; for example:

mysql > CALL sys. M._MODEL_LOAD( @ensus_nodel , NULL);
For more information about loading models, see Section 3.13.3, “Loading Models”.

The following example runs M._PREDI CT_ROWon a single row of unlabeled data, which is assigned to
a @ow i nput session variable:

nysqgl > SET @ ow_i nput = JSON_OBJECT(
"age", 25,
"wor kcl ass", "Private",
"fnlwgt", 226802,
"education", "11th",
"educati on- nuni', 7,

"marital -status", "Never-married",
"occupation", "Mchine-op-inspct",
"rel ati onshi p", "Om-child",
"race", "Black",

"sex", "Male",

"capital -gain", O,

"capital -1 oss", O,

"hour s- per - week", 40,
"native-country", "United-States");

nysql > SELECT sys. M._PREDI CT_RON @ ow_i nput, @ensus_nodel, NULL);

where:
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e @ow_i nput is a session variable containing a row of unlabeled data. The data is specified in JSON
key-value format. The column names must match the feature column names in the training dataset.

« @ensus_nodel is the session variable that contains the model handle.

M._PREDI CT_ROWreturns a JSON object containing a Pr edi ct i on key with the predicted value and
the features values used to make the prediction.

You can also run M__PREDI CT_ROWon multiple rows of data selected from a table. For an example,
refer to the syntax examples in Section 3.15.4, “ML_PREDICT_ROW".

3.7.2 Table Predictions

M._PREDI CT_TABLE generates predictions for an entire table of unlabeled data and saves the results
to an output table. Predictions are performed in parallel. For parameter and option descriptions, see
Section 3.15.5, “ML_PREDICT_TABLE".

ML_PREDI CT_TABLE is a compute intensive process. Limiting operations to batches of 10 to 100 rows
by splitting large tables into smaller tables is recommended. MySQL 8.2.0 adds batch processing with
the bat ch_si ze option. See: Section 3.14, “Progress tracking”.

Before running ML_ PREDI CT_TABLE, ensure that the model you want to use is loaded; for example:

nysqgl > CALL sys. M._MODEL_LOAD( @ensus_nodel , NULL);
For more information about loading models, see Section 3.13.3, “Loading Models”.

The following example creates a table with 10 rows of unlabeled test data and generates predictions for
that table:
nysqgl > CREATE TABLE heat wavenl _bench. census_t est _subset AS SELECT *

FROM heat wavenm _bench. census_t est

LIMT 10;

nmysqgl > CALL sys. M__PREDI CT_TABLE(' heat waven _bench. census_t est _subset "',
@ensus_nodel , ' heat wavem _bench. census_predictions');

where:

 heatwavenl bench. census_test subset is the fully qualified name of the test dataset table
(schenma_nane. t abl e_nane). The table must have the same feature column names as the training
dataset but no target column.

« @ensus_nodel is the session variable that contains the model handle.

» heatwavenl bench. census_predi cti ons is the output table where predictions are
stored. The table is created if it does not exist. A fully qualified table name must be specified
(schema_nane. t abl e_nane). If the table already exists, an error is returned.

To view M__PREDI CT_TABLE results, query the output table; for example:

mysql > SELECT * FROM heat waveni _bench. census_predi cti ons;

M._PREDI CT_TABLE populates the output table with predictions and the features used to make each
prediction.

3.8 Explanations

Explanations are generated by running M._ EXPLAI N_ROWor M._EXPLAI N_TABLE on unlabeled
data; that is, it must have the same feature columns as the data used to train the model but no target
column.

Explanations help you understand which features have the most influence on a prediction. Feature
importance is presented as a value ranging from -1 to 1. A positive value indicates that a feature
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contributed toward the prediction. A negative value indicates that the feature contributed toward a
different prediction; for example, if a feature in a loan approval model with two possible predictions
(‘approve' and 'reject’) has a negative value for an 'approve' prediction, that feature would have a
positive value for a 'reject’ prediction. A value of 0 or near 0 indicates that the feature value has no
impact on the prediction to which it applies.

ML__EXPLAI N_ROWgenerates explanations for one or more rows of data. M._ EXPLAI N_TABLE
generates explanations on an entire table of data and saves the results to an output table.
ML_EXPLAI N_* routines limit explanations to the 100 most relevant features.

As of MySQL 8.0.31, after the M__ TRAI Nroutine, use the M_._EXPLAI Nroutine to train prediction
explainers and model explainers for HeatWave AutoML. You must train prediction explainers in order
to use ML_EXPLAI N_ROWand M._EXPLAI N_TABLE. In earlier releases, the M__ TRAI N routine trains
the default Permutation Importance model and prediction explainers. See Section 3.6, “Training
Explainers”.

3.8.1 Row Explanations

ML_EXPLAI N_ROWexplains predictions for one or more rows of unlabeled data. It is invoked
using a SELECT statement. For ML_ EXPLAI N_ROWparameter descriptions, see Section 3.15.6,
“ML_EXPLAIN_ROW".

Before running ML_ EXPLAI N_ROW ensure that the model you want to use is loaded; for example:
nmysql > CALL sys. M._MODEL LOAD( @ensus_nodel , NULL);
For more information about loading models, see Section 3.13.3, “Loading Models”.

The following example generates explanations for a single row of unlabeled data, which is assigned to
a @ ow_i nput session variable:

nysqgl > SET @ow_i nput = JSON_OBJECT(

"age", 25,

"wor kcl ass", "Private",

"fnlwgt", 226802,

"education", "11th",

"educati on- nunt', 7,

"marital -status", "Never-narried",
"occupation", "Machine-op-inspct",
“rel ationshi p", "Om-child",
"race", "Black",

"sex", "Male",

“capital -gain", O,

"capital -1o0ss", O,
"hour s- per - week", 40,
"native-country", "United-States");

nmysqgl > SELECT sys. M._EXPLAI N_ RON @ ow_i nput, @ensus_nodel,
JSON_OBJECT(' predi ction_explainer', 'pernutation_inportance')));

where:

e @ow_i nput is a session variable containing a row of unlabeled data. The data is specified in JSON
key-value format. The column names must match the feature column names in the training dataset.

« @ensus_nodel is the session variable that contains the model handle.

e prediction_explai ner provides the name of the prediction explainer that you have trained for
this model, either the Permutation Importance prediction explainer or the SHAP prediction explainer.
You train this using the M__EXPLAI N routine (see Section 3.6, “Training Explainers”).

M._EXPLAI N_ROWoutput includes a prediction, the features used to make the prediction,
and a weighted numerical value that indicates feature importance, in the following format:
"feature_attribution": val ue. As of MySQL 8.0.30, output includes a Not es field that
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identifies features with the greatest impact on predictions and reports a warning if the model is low
quality.

You can also run M._EXPLAI N_ROWon multiple rows of data selected from a table. For an example,
refer to the syntax examples in Section 3.15.6, “ML_EXPLAIN_ROW".

3.8.2 Table Explanations

M._EXPLAI N_TABLE explains predictions for an entire table of unlabeled data and saves results to
an output table. Explanations are performed in parallel. For parameter and option descriptions, see
Section 3.15.7, “ML_EXPLAIN_TABLE".

M._EXPLAI N_TABLE is a compute intensive process. Limiting operations to batches of 10 to 100 rows
by splitting large tables into smaller tables is recommended. MySQL 8.2.0 adds batch processing with
the bat ch_si ze option. See: Section 3.14, “Progress tracking”.

The following example creates a table with 10 rows of data selected from the census_t est dataset
and generates explanations for that table.

Before running ML_EXPLAI N_TABLE, ensure that the model you want to use is loaded; for example:

nmysql > CALL sys. M._MODEL_LOAD( @ensus_nodel , NULL);
For more information about loading models, see Section 3.13.3, “Loading Models”.

The following example creates a table with 10 rows of unlabeled test data and generates explanations
for that table:

nmysqgl > CREATE TABLE heat wavenl _bench. census_t est _subset AS SELECT *
FROM heat wavem _bench. census_t est
LIMT 10;

nmysqgl > CALL sys. M._EXPLAI N_TABLE(' heat waven _bench. census_t est_subset ',
@ensus_nodel , ' heatwavenl _bench. census_expl anati ons',
JSON_OBJECT(' predi cti on_expl ainer', 'shap'));

where:

* heat wavenl _bench. census_t est _subset is the fully qualified name of the input table
(schema_nane. t abl e_nane). The table must have the same feature column names as the training
dataset but no target column.

e @ensus_nodel is the session variable that contains the model handle.

» heat wavenl _bench. census_expl anat i ons is the table where explanation data is
stored. The table is created if it does not exist. A fully qualified table name must be specified
(schema_nane. t abl e_nane). If the table already exists, an error is returned.

» prediction_expl ai ner provides the name of the prediction explainer that you have trained for
this model, either the Permutation Importance prediction explainer or the SHAP prediction explainer.
You train this using the M__EXPLAI N routine (see Section 3.6, “Training Explainers”).

To view M__EXPLAI N_TABLE results, query the output table; for example:

nysqgl > SELECT * FROM heat waven _bench. census_expl anat i ons;

The ML_EXPLAI N_TABLE output table includes the features used to make the explanations, the
explanations, and f eat ure_at t ri but i on columns that provide a weighted numerical value that
indicates feature importance.

As of MySQL 8.0.30, M._ EXPLAI N_TABLE output also includes a Not es field that identifies features
with the greatest impact on predictions. M._ EXPLAI N_TABLE reports a warning if the model is low
quality.
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3.9 Forecasting

To generate a forecast, run ML_ TRAI N and specify a forecasting task as a JSON object.
M._PREDI CT_TABLE can then predict the values for the selected column. Use M._ SCORE to score the
model quality.

Create a timeseries forecast for a single column with a numeric data type. In forecasting terms, this is a
univariate endogenous variable.

MySQL 8.0.32 adds support for multivariate endogenous forecasting models, and exogenous
forecasting models.

3.9.1 Training a Forecasting Model
Run the ML_TRAI N routine to create a forecasting model, and use the following JSON opt i ons:

As of MySQL 8.1.0 M__ TRAI N does not require t ar get _col unm_nane for forecasting, and it can be
set to NULL.

» task: forecasting: Specifies the machine learning task.

e datetinme_i ndex: 'col um' The column name for a datetime column that acts as an index for
the forecast variable. The column can be one of the supported datetime column types, DATETI VE,
TI MESTAMP, DATE, Tl ME, and YEAR, or an auto-incrementing index.

» endogenous_vari abl es: JSON_ARRAY('col umm'[,'col umm’] ...) The column or columns to be
forecast. One of these columns must also be specified as the t ar get _col urm_narne.

e exogenous_vari abl es: JSON_ARRAY(‘col umm'[,'col urm’] ...) The column or columns of
independent, non-forecast, predictive variables. For example, for sales forecasting these variables
might be advertising expenditure, occurrence of promotional events, weather, or holidays.

e include_colum_list:JSON ARRAY('col um’[,'col uim" ...) i ncl ude_col umm_Ii st can
include exogenous_vari abl es.

Before MySQL 8.0.32, use the following JSON opt i ons:
» task: forecasting: Specifies the machine learning task.

« datetinme_i ndex: 'col utm' The column name for a datetime column that acts as an index for
the forecast variable. The column can be one of the supported datetime column types, DATETI VE,
TI MESTAMP, DATE, Tl VE, and YEAR, or an auto-incrementing index.

» endogenous_vari abl es: JSON_ARRAY(‘col umrm') The column to be forecast. This column must
also be specified as the t ar get _col unm_nane.

See Section 3.5, “Training a Model”, and for full details of all the opt i ons, see M._TRAI N.
Syntax Examples

» An ML_TRAI N example that specifies the f or ecast i ng task type and the additional required
parameters dat et i me_i ndex and endogenous_vari abl es:

nysqgl > CALL sys. ML_TRAIN(' ml _dat a. opsd_germany_dai ly_train', 'consunption',
JSON _OBJECT('task', 'forecasting', 'datetinme_index', 'ddate',
' endogenous_vari abl es', JSON_ARRAY(' consunption')),
@ or ecast _nodel ) ;

3.9.2 Using a Forecasting Model

To produce a forecast, run the M__ PREDI CT_TABLE routine on data with the same columns as the
training model. dat et i me_i ndex must be included. exogenous_vari abl es must also be included,
if used. Any extra columns, for instance endogenous_var i abl es, are ignored for the prediction, but
included in the return table.
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For instructions to use the M._PREDI CT_TABLE and M._ SCORE routines, see Section 3.7,
“Predictions”, and Section 3.13.6, “Scoring Models”. For the complete list of option descriptions, see

M__PREDI CT_TABLE and M._SCORE.

As of MySQL 8.1.0 M__ SCORE does not require t ar get _col unm_nane for forecasting, and it can be

setto NULL.

M._PREDI CT_ROWcannot be used with forecasting models.

Syntax Examples

A forecasting example with univariate endogenous_vari abl es. Before MySQL 8.0.32,
the ML_PREDI CT_TABLE routine does not include options, and the results do not include the

m resul ts column:

nysqgl > CALL sys. ML_TRAI N(' ml cor pus. opsd_ger many_dai ly_train',
JSON_OBJECT('task', 'forecasting',
‘datetine_index', 'ddate',
' endogenous_vari abl es', JSON_ARRAY(' consunption')),
@ or ecast _nodel ) ;
Query OK, 0 rows affected (11.51 sec)

nysqgl > CALL sys. M._MODEL_LOAD( @ or ecast _nodel ,
Query OK, 0 rows affected (1.07 sec)

NULL) ;

' consunption',

nysqgl > CALL sys. M._PREDI CT_TABLE(' m cor pus. opsd_ger many_dai |l y_test',

@ or ecast _nodel ,
Query OK, 0 rows affected (1.50 sec)

''m cor pus. opsd_germany_daily _train_predictionsl');

nysqgl > SELECT * FROM opsd_gernmany_dai ly_train_predictionsl LIMT 5;

Homem e mmaa o [ - E - F F +
| ddate | wind | solar | wind_solar | Prediction |
Homem e mmaa o [ - E - F F +
| 2017-12-01 | 52.323 | 19.266 | 71.589 | 1528. 13 |
| 2017-12-02 | 126.274 | 16.459 | 142.733 | 1333. 16 |
| 2017-12-03 | 387.49 | 12.411 | 399. 901 | 1276.1 |
| 2017-12-04 | 479.798 | 10.747 | 490. 545 | 1602. 18 |
| 2017-12-05 | 611.488 | 10.953 | 622. 441 | 1615. 38 |
Homem e mmaa o [ - E - F F +

5 rows in set (0.01 sec)

nysqgl > CALL sys. M._SCORE(' ml cor pus. opsd_ger nany_dai |l y_test",
@ or ecast _nodel , 'neg_sym nean_abs_percent_error',

Query OK, 0 rows affected (1.40 sec)

nysqgl > SELECT @cor €;

Hem e e e e eeeeoooa +
| @core |
Hem e e e e eeeeoooa +
| -0.07764234393835068 |
Hem e e e e eeeeoooa +

1 rowin set (0.00 sec)

consunption',

@core);

» As of MySQL 8.0.32, a forecasting example with univariate endogenous_vari abl es and

exogenous_vari abl es:

nysqgl > CALL sys. ML_TRAI N(' ml cor pus. opsd_ger many_dai ly_train',
JSON _OBJECT('task', 'forecasting',
‘datetinme_index', 'ddate',
" endogenous_vari abl es', JSON ARRAY(' consunption'),

' exogenous_vari abl es', JSON ARRAY('wi nd', 'solar',
@ or ecast _nodel ) ;

Query OK, 0 rows affected (11.51 sec)

nmysql > CALL sys. M._MODEL_LOAD( @ or ecast _nodel , NULL);

Query OK, 0 rows affected (0.87 sec)

' consunption',

‘wind_solar')),

nysql > CALL sys. M._PREDI CT_TABLE(' m cor pus. opsd_ger many_dai |l y_test",

@ or ecast _nodel ,
Query OK, 0 rows affected (1.30 sec)

"'m cor pus. opsd_germany_daily_train_predictions2',

NULL) ;
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nmysql > SELECT * FROM opsd_germany_daily_train_predictions2 LIMT 5;

+ooo- - T e e e
| _id | ddate | consunption | wind | solar |
+ooo- - T e e e
| 1| 2015-12-30 | 1496.9310000000005 | 578.6919999999999 | 33.549 |
| 2 | 2015-12-31 | 1533.091 | 586. 7679999999999 | 33.653 |
| 3 | 2016-01-01 | 1521.9320000000002 | 385.009 | 44.772999999999996 |
| 4 | 2016-01-02 | 1518. 605 | 283.66299999999995 | 47.09 |
+ooo- - T e e e

4 rows in set (0.00 sec)

mysql > CALL sys. ML_SCORE(' ml cor pus. opsd_gernmany_daily_test', 'consunption',
@ or ecast _nodel , 'neg_sym nmean_abs_percent _error', @core);

Query OK, O rows affected (1.11 sec)

nmysql > SELECT @cor e€;

e e +
| @core |
e e +
| -0.06471854448318481 |
e e +

1 rowin set (0.00 sec)

612. 241

620. 421

429. 7819999999999
330. 75300000000004

As of MySQL 8.0.32, a forecasting example with multivariate endogenous_vari abl es and

exogenous_vari abl es:

mysql > CALL sys. ML_TRAI N(' ml cor pus. opsd_gernany_daily_train', 'consunption',

JSON _OBJECT('task', 'forecasting',
"datetine_index', 'ddate',
' endogenous_vari abl es', JSON_ARRAY(' consunption', ‘wnd'),
' exogenous_vari abl es', JSON ARRAY('solar')),
@ or ecast _nodel ) ;
Query OK, 0 rows affected (27.84 sec)

mysql > CALL sys. ML_MODEL_LOAD( @ or ecast _nodel , NULL);
Query OK, O rows affected (0.92 sec)

mysql > CALL sys. ML_PREDI CT_TABLE("' m cor pus. opsd_ger nany_dai |l y_test',

@ or ecast _nodel, 'nl corpus.opsd_germany_daily_train_predictions3', NULL);
Query OK, O rows affected (2.79 sec)
mysql > SELECT * FROM opsd_germany_daily_train_predictions3 LIMT 5;
+ooo- - T e e e
| _id | ddate | consunption | wind | solar |
+ooo- - T e e e
| 1| 2015-12-30 | 1496.9310000000005 | 578.6919999999999 | 33.549 |
| 2 | 2015-12-31 | 1533.091 | 586.7679999999999 | 33.653 |
| 3 | 2016-01-01 | 1521.9320000000002 | 385.009 | 44.772999999999996 |
| 4 | 2016-01-02 | 1518. 605 | 283.66299999999995 | 47.09 |
+ooo- - T e e e

4 rows in set (0.00 sec)

mysql > CALL sys. ML_SCORE(' ml cor pus. opsd_gernmany_daily_test', 'consunption',
@ or ecast _nodel , 'neg_sym nmean_abs_percent _error', @core);

Query OK, O rows affected (2.62 sec)

nmysql > SELECT @cor e;

e e +
| @core |
e e +
| -0.43969136476516724 |
e e +

1 rowin set (0.00 sec)

As of MySQL 8.0.32, a forecasting example with multivariate endogenous_vari abl es,

exogenous_vari abl es andi ncl ude_col umm_li st:

mysql > CALL sys. ML_TRAI N(' ml cor pus. opsd_gernany_daily_train', 'consunption',

JSON_OBJECT('task', 'forecasting',
"datetine_index', 'ddate',

612. 241

620. 421

429. 7819999999999
330. 75300000000004
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' endogenous_vari abl es', JSON_ARRAY(' consunption', ‘wnd'),
' exogenous_vari abl es', JSON _ARRAY('solar'),
"include_colum_list', JSON ARRAY('solar')),
@ or ecast _nodel ) ;

Query OK, 0 rows affected (24.42 sec)

mysql > CALL sys. ML_MODEL_LOAD( @ or ecast _nodel , NULL);
Query OK, O rows affected (0.85 sec)

mysql > CALL sys. ML_PREDI CT_TABLE("' m cor pus. opsd_ger nany_dai |l y_test',
@ or ecast _nodel , 'nl corpus. opsd_germany_daily_train_predictions4', NULL);
Query OK, O rows affected (3.12 sec)

mysql > SELECT * FROM opsd_germany_daily_train_predictions4 LIMT 5;

+ooo- - T e e e {he oo oo o o S
| _id | ddate | consunption | w nd | solar | wi nd_sol ar

+ooo- - T e e e {he oo oo o o S
| 1| 2015-12-30 | 1496.9310000000005 | 578.6919999999999 | 33.549 | 612. 24
| 2 | 2015-12-31 | 1533.091 | 586.7679999999999 | 33.653 | 620. 472
| 3 | 2016-01-01 | 1521.9320000000002 | 385.009 | 44.772999999999996 | 429.78199999999¢
| 4 | 2016-01-02 | 1518. 605 | 283.66299999999995 | 47.09 | 330.753000000000C
+ooo- - T e e e {he oo oo o o S

4 rows in set (0.00 sec)

mysql > CALL sys. ML_SCORE(' ml cor pus. opsd_gernmany_daily_test', 'consunption',
@ or ecast _nodel , 'neg_sym nmean_abs_percent _error', @core);

Query OK, O rows affected (2.73 sec)

nmysql > SELECT @cor e€;

e +
| @core |
e +
| -0.4276188611984253 |
e +

1 rowin set (0.00 sec)

3.10 Anomaly Detection

MySQL 8.0.32 introduces anomaly detection, which is also known as outlier detection. Anomaly
detection is the data mining task that finds unusual patterns in data. it is particularly useful for the
following applications:

» Financial fraud detection.
» Network intrusion detection for cyber security.
 Detecting life-threatening medical conditions.

For anomaly detection, HeatWave AutoML uses Generalised kth Nearest Neighbours, GKNN, which
is a model developed at Oracle. It is a single ensemble algorithm that outperforms state-of-the-art
models on public benchmarks. It can identify common anomaly types, such as local, global, and
clustered anomalies, and can achieve an AUC score that is similar to, or better than, when identifying
the following:

» Global anomalies compared to KNN, with an optimal k hyperparameter value.
» Local anomalies compared to LOF, with an optimal k hyperparameter value.
» Clustered anomalies.

Optimal k hyperparameter values would be extremely difficult to set without labels and knowledge of
the use-case.

Other algorithms would require training and comparing scores from at least three algorithms to address
global and local anomalies, ignoring clustered anomalies: LOF for local, KNN for global, and another
generic method to establish a 2/3 voting mechanism.
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3.10.1 Training an Anomaly Detection Model

The GkNN anomaly detection algorithm does not require labeled data to train a model. The
t ar get _col uimm_nane parameter must be set to NULL.

Anomaly detection introduces an optional contamination factor which represents an estimate of the
percentage of outliers in the training table.

Contamination factor := estimated number of rows with anomalies / total number of rows in the training
table

To add a contamination factor, use the cont am nat i on option.

Run the M__TRAI N routine to create an anomaly detection model, and use the following JSON
options:

e task:anomal y_det ecti on: Specifies the machine learning task.

e contam nation:0<contam nation <0.5. The default value is 0.01.

» nodel _|i st: not supported because GkNN is currently the only supported algorithm.

e excl ude _nodel _|i st: not supported because GKNN is currently the only supported algorithm.

e optim zation_netric:notsupported because the GKNN algorithm does not require labeled data.
The use of nodel |ist,exclude _nodel |ist oroptim zati on_netri c will produce an error.

See Section 3.5, “Training a Model”, and for full details of all the opt i ons, see M__TRAI N.
Syntax Examples

* An ML_TRAI N example that specifies the anonal y_det ect i on task type:

mysql > CALL sys. ML_TRAI N(' ml cor pus_anonal y_det ecti on. vol canoes- b3_anonal y_train',
NULL, JSON OBJECT('task', 'anonmly_detection',
"exclude_colum_list', JSON ARRAY('target')),
@nonal y) ;

Query OK, 0 rows affected (46.59 sec)

« An ML_TRAI N example that specifies the anonal y_det ect i on task with a cont ani nati on
option. Access the model catalog metadata to check the value of the cont ami nat i on option.

nysqgl > CALL sys. ML_TRAI N(' ml cor pus_anonal y_det ecti on. vol canoes-b3_anonal y_train',
NULL, JSON OBJECT('task', 'anonaly_detection', 'contamination', 0.013,
"exclude_colum_list', JSON ARRAY('target')),
@nonal y_w th_contani nation);

Query OK, 0 rows affected (50.22 sec)

nysql > SELECT JSON_EXTRACT( nodel _net adata, '$.contamnination')
FROM M._SCHEMA r oot . MODEL _CATALOG
WHERE nodel _handl e = @nomaly _w th_cont am nati on;

e m e e e e e e e e e eeeieeeee-meceme-aaaaa- +
| JSON_EXTRACT(nodel _netadata, '$.contam nation') |
e m e e e e e e e e e eeeieeeee-meceme-aaaaa- +
| 0.013000000268220901 |
e m e e e e e e e e e eeeieeeee-meceme-aaaaa- +

1 rowin set (0.00 sec)

3.10.2 Using an Anomaly Detection Model

Anomaly detection models produce anomaly scores, which indicate the probability that a row has an
anomaly. Anomaly detection uses a threshold to convert anomaly scores to: an anomaly, which is set
to 1, or normal, which is set to 0. There are two methods to set the threshold:
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» A threshold value derived from the M._ TRAI Ncont am nat i on option.
Threshold = (1 - cont ani nat i on)-th percentile of all the anomaly scores.

The default cont ami nat i on value is 0.01. The default t hr eshol d value based on the default
cont am nat i on value is the 0.99-th percentile of all the anomaly scores.

 Set the threshold to a specific value.

The ML_PREDI CT_TABLE, M._PREDI CT_ROW and M__ SCORE routines include a t hr eshol d
option: 0 <t hreshol d <1.

An alternative to t hr eshol d is t opk. The results include the top K rows with the highest anomaly
scores. The M__PREDI CT_TABLE and M._ SCORE routines include the t opk option, which is an integer
between 1 and the table length.

To detect anomalies, run the M._PREDI CT_ROWor M__PREDI CT_TABLE routines on data with the
same columns as the training model.

For ML_SCORE the t ar get _col urm_nane column must only contain the anomaly scores as an
integer: 1: an anomaly or O normal.

ML_ SCORE now includes an options parameter in JSON format. The options are t hr eshol d and t opk.

For instructions to use the M._PREDI CT_ROW M._PREDI CT_TABLE, and M__ SCORE routines, see
Section 3.7, “Predictions”, and Section 3.13.6, “Scoring Models”. For the complete list of option
descriptions, see M__PREDI CT_ROW M._PREDI CT_TABLE, and M__SCORE.

M__EXPLAI N, M._EXPLAI N_ROWand M._EXPLAI N_TABLE do not support anomaly detection. A call
to any of these routines with an anomaly detection model will produce an error.

Syntax Examples

« An anomaly detection example that uses the r oc_auc metric for M._ SCORE.

nysqgl > CALL sys. ML_TRAI N(' ml cor pus_anonal y_det ecti on. vol canoes-b3_anomal y_train',
NULL, JSON OBJECT('task', 'anonmly_detection',
‘exclude_colum_list', JSON ARRAY('target')),
@nonal y) ;

Query OK, 0 rows affected (46.59 sec)

nysqgl > CALL sys. M._MODEL_LOAD( @nonal y, NULL);
Query OK, 0 rows affected (3.23 sec)

nysqgl > CALL sys. M._PREDI CT_TABLE(' ml cor pus_anonal y_det ecti on. vol canoes-b3_anonal y_train',
@nonualy, 'nlcorpus_anonal y_detection.vol canoes-predictions', NULL);
Query OK, 0 rows affected (10.28 sec)

nysqgl > SELECT * FROM nl cor pus_anonal y_det ecti on. vol canoes- predi ctions LIMT 5;

dhe o dbemoe e dbemoe e e ccomoesos e ccomoes T L e e - - - - - - -
| _id | Vi | V2 | V3 | target | m _results

dhe o dbemoe e dbemoe e e ccomoesos e ccomoes T L e e - - - - - - -
| 1] 128 | 802 | 0.47255 | 0| {'predictions': {'is_anomaly': 0}, 'probabilities': {' norne
| 2| 631 | 642 | 0.387302 | 0| {'predictions': {'is_anomaly': 0}, 'probabilities': {' norne
| 3| 438 | 959 | 0.556034 | 0| {'predictions': {'is_anomaly': 0}, 'probabilities': {' norne
| 4 | 473 | 779 | 0.407626 | 0| {'predictions': {'is_anomaly': 0}, 'probabilities': {' norne
| 5 | 67 | 933 | 0.383843 | 0| {'predictions': {'is_anomaly': 0}, 'probabilities': {' norne
dhe o dbemoe e dbemoe e e ccomoesos e ccomoes T L e e - - - - - - -

5 rows in set (0.00 sec)

nysqgl > CALL sys. M._SCORE(' m cor pus_anonal y_det ecti on. vol canoes-b3_anomal y_train',

‘target', @nonaly,

'roc_auc',

Query OK, 0 rows affected (5.84 sec)

nysqgl > SELECT @cor €;

@core, NULL);
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1 rowin set (0.00 sec)

« AM._PREDI CT_ROWexample that uses default options.

mysql > CALL sys.M._PREDI CT_ROA(' {"V1": 438.0, "V2": 959.0, "V3": 0.556034}', @nomaly, NULL);

g g g g g g g S g g PSPPI _ o = = = = = = = = -
| sys.M__PREDICT_ROW'{"V1": 438.0, "V2": 959.0, "V3": 0.556034}', @nomaly, NULL)

g g g g g g g S g g PSPPI _ o = = = = = = = = -
| {"Vvi": 438.0, "V2": 959.0, "V3": 0.556034, "nl _results": "{'predictions': {'is_anonaly': 0}, 'probabili
g g g g g g g S g g PSPPI _ o = = = = = = = = -

1 rowin set (5.35 sec)

 AM__PREDI CT_TABLE example that uses the t hr eshol d option set to 1%. All rows shown have
probabilities of being an anomaly above 1%, and are predicted to be anomalies.

nysqgl > CALL sys. M._PREDI CT_TABLE(' ml cor pus_anonal y_det ecti on. vol canoes-b3_anomal y_train',
@nonal y, 'nlcorpus_anonal y_detection. vol canoes- predi ctions_t hreshol d',
JSON_OBJECT(' t hreshold', 0.01));

Query OK, 0 rows affected (12.77 sec)

nysqgl > SELECT * FROM nl cor pus_anonal y_det ecti on. vol canoes- predi cti ons_t hreshold LIMT 5;

802 | 0.47255
642 | 0.387302

| 1| | | "predictions': {'is_anomaly': 1}, 'probabilities':
| 2| | |
| 3| 438 | 959 | 0.556034 |
| 4| | |
| 5| | |

0| { { {
0| {'predictions': {'is_anomaly': 1}, 'probabilities': {
0| {'predictions': {'is_anomaly': 1}, 'probabilities': {'nornmal
779 | 0.407626 0| { { {
933 | 0.383843 0| { { {

"predictions': {'is_anomaly': 1}, 'probabilities':
"predictions': {'is_anomaly': 1}, 'probabilities':

5 rows in set (0.00 sec)
* An M__SCORE example that uses the accur acy metric with at hr eshol d set to 90%.
nmysql > CALL sys. ML_SCORE(' m cor pus_anonal y_det ecti on. vol canoes-b3_anonaly_train',
‘target', @nomaly, 'accuracy', @core, JSON OBJECT('threshold , 0.9));
Query OK, 0 rows affected (1.86 sec)

nysql > SELECT @cor e€;

e eeeeeeeeeaa +
| @core |
e eeeeeeeeeaa +
| 0.9791129231452942 |
e eeeeeeeeeaa +

1 rowin set (0.00 sec)

* An M__SCORE example that uses the pr eci si on_at _k metric with a t opk value of 10.
nysqgl > CALL sys. M._SCORE(' m cor pus_anonal y_det ecti on. vol canoes-b3_anonmal y_train',
‘target', @nomaly, 'precision_at_k', @core, JSON OBJECT('topk', 10));

Query OK, 0 rows affected (5.84 sec)

nysql > SELECT @cor €;

decccmccomomoooomomsoe +
| @core |
decccmccomomoooomomsoe +
| O |
decccmccomomoooomomsoe +

1 rowin set (0.00 sec)

3.11 Recommendations

MySQL 8.0.33 introduces recommendation models which can recommend the following:

* The rating that a user will give to an item.
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e The top K users that will like an item.

» The top K items that a user will like.

Recommendation models include matrix factorization models, and use Surprise algorithms, see:
Surprise.

MySQL 8.1.0 adds further options for recommendation models which can now also recommend the
following:

* The top K items similar to another item.
» The top K users similar to another user.

MySQL 8.2.0 introduces recommendation models for implicit feedback. When a user interacts with an
item, the implication is that they prefer it to an item that they do not interact with. Implicit feedback uses
BPR: Bayesian Personalized Ranking from Implicit Feedback which is a matrix factorization model that
ranks user-item pairs.

Recommendation models that use explicit feedback learn and recommend ratings for users and items.
Recommendation models that use implicit feedback learn and recommend rankings for users and
items.

Ratings from explicit feedback are specific values, and the higher the value, the better the rating.

Rankings are a comparative measure, and the lower the value, the better the ranking. Because A is
better than B, the ranking for A has a lower value than the ranking for B. HeatWave AutoML derives
rankings based on ratings from implicit feedback, for all ratings that are at or above the feedback
threshold.

Recommendation models can now repeat existing interactions from the training table.

3.11.1 Training a Recommendation Model

The recommendation model introduces two mandatory options: user s and i t ens.

Run the ML_TRAI N routine to create a recommendation model, and use the following JSON opt i ons:
e task:reconmendat i on: Specifies the machine learning task.

» user s: Specifies the column name corresponding to the user ids.

» it ens: Specifies the column name corresponding to the item ids.

» feedback: The type of feedback for a recommendation model, expl i ci t, the default, or
implicit.

» feedback_t hreshol d: The feedback threshold for a recommendation model that uses implicit
feedback.

If the user s ori t ens column contains NULL values, the corresponding rows will be dropped and will
not be considered during training.

HeatWave AutoML does not support recommendation tasks with a text column.
See Section 3.5, “Training a Model”, and for full details of all the opt i ons, see M._TRAI N.
Syntax Examples for Explicit Feedback

« An ML_TRAI N example that specifies the r ecormendat i on task type.
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nysql > CALL sys. M._TRAIN('table_train', 'target_columm_feature',
JSON_OBJECT('task', 'recommendation',

‘users', 'user_colum_feature',
"itenms', 'itemcolum_feature'),
@rodel ) ;

* An ML_TRAI N example that specifies the SVD model type.

nysqgl > CALL sys. ML_TRAI N(' m cor pus. foursquare_NYC train', 'rating',
JSON_OBJECT('task', 'recommendation',

‘users', 'user_id",

‘itens', 'itemid',

"nodel _list', JSON_ARRAY('SVD)),
@mdel ) ;

Query OK, 0 rows affected (11.31 sec)

nysql > SELECT nodel _type FROM M._SCHEMA r oot . MODEL_CATALOG
VWHERE nodel _handl e=@rodel ;

doocococoocoo +
| nodel _type |
doocococoocoo +
| SVD |
doocococoocoo +

1 rowin set (0.00 sec)

* An ML_TRAI N example that specifies the SVDpp model type.

nysqgl > CALL sys. ML_TRAI N(' ml cor pus. foursquare_NYC train', 'rating',
JSON_OBJECT(' task', 'recommendation',

‘users', 'user_id",

‘itens', 'itemid',

"nodel _list', JSON_ARRAY(' SVDpp')),
@mdel ) ;

Query OK, 0 rows affected (13.97 sec)

nysql > SELECT nodel _type FROM M._SCHEMA r oot . MODEL_CATALOG
VWHERE nodel _handl e=@rodel ;

doocococoocoo +
| nodel _type |
doocococoocoo +
| SVDpp |
doocococoocoo +

1 rowin set (0.00 sec)

* An M__TRAI N example that specifies the NMF model type.

nysqgl > CALL sys. ML_TRAI N(' ml cor pus. foursquare_NYC train', 'rating',
JSON_OBJECT('task', 'recommendation',

‘users', 'user_id",

‘itens', 'itemid',

"nodel _list', JSON_ARRAY(' NVF')),
@mdel ) ;

Query OK, 0 rows affected (12.28 sec)

nysql > SELECT nodel _type FROM M._SCHEMA r oot . MODEL_CATALOG
VWHERE nodel _handl e=@rodel ;

doocococoocoo +
| nodel _type |
doocococoocoo +
[ NVF |
doocococoocoo +

1 rowin set (0.00 sec)

» An ML_TRAI N example that specifies three models for the nodel _| i st option.
nysql > SET @l | owed_npdel s = JSON_ARRAY(' SVD' , 'SVDpp', 'NW');
nysqgl > CALL sys. ML_TRAI N(' ml cor pus. foursquare_NYC train', 'rating',

JSON_OBJECT('task', 'recommendation',
‘users', 'user_id",
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‘itens', 'itemid',
‘model _list', CAST(@l | owed_nodels AS JSON)),
@rodel ) ;

Query OK, 0 rows affected (14.88 sec)

nmysql > SELECT nodel _type FROM M._SCHEMA r oot . MODEL_CATALOG
WHERE nodel handl e=@rodel ;

T +
| nodel _type |
T +
| SvD |
T +

1 rowin set (0.00 sec)

« An ML_TRAI N example that specifies five models for the excl ude_nodel | i st option.
nysqgl > SET @xcl ude_npdel s= JSON_ARRAY(' Nor mal Predi ctor', 'Baseline', 'SlopeOne', 'CoClustering , 'S\

nysqgl > CALL sys. M._TRAI N(' ml cor pus. foursquare_NYC train', 'rating',
JSON_OBJECT('task', 'recommendation',

‘users', 'user_id',

‘itens', 'item.id',

" excl ude_nodel _|ist', CAST(@xclude_npdels AS JSON)),
@model ) ;

Query OK, 0 rows affected (14.71 sec)

nysql > SELECT nodel _type FROM M._SCHEMA r oot . MODEL_CATALOG
WHERE nodel handl e=@rdel ;

dhcccmoooooec +
| nodel _type |
dhcccmoooooec +
| SVDpp |
dhcccmoooooec +

1 rowin set (0.00 sec)

Syntax Examples for Implicit Feedback

* An M__TRAI N example that specifies the r ecormendat i on task with implicit feedback.

nysql > SELECT * FROM training_table LIMT 10;

[ - [ - E - +
| user_id | itemid | rating
[ - [ - E - +
| 836 | 226 | 1
| 3951 | 14918 | 1
| 1048 | 2498 | 1
| 4312 | 2559 | 1
| 4882 | 12930 | 1
| 3226 | 8400 | 1
| 3455 | 5120 | 1
| 830 | 12537 | 1
| 4525 | 791 | 1
| 2303 | 14243 | 1
[ - [ - E - +

nysqgl > CALL sys. ML_TRAIN(' ml corpus.training_table', 'rating',
JSON OBJECT(' task', 'recommendation',

‘users', 'user_id",
‘itens', 'item.id',
‘feedback', "inplicit'),
@model ) ;

Query OK, 0 rows affected (2 min 13.6415 sec)

3.11.2 Using a Recommendation Model
Recommendation models can recommend the following for explicit and implicit feedback:
» The rating or ranking that a user will give to an item.

« For known users and known items, the prediction is the model output.
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« For a known user with a new item, the prediction is the global average rating or ranking. The
routines can add a user bias if the model includes it.

» For a new user with a known item, the prediction is the global average rating or ranking. The
routines can add an item bias if the model includes it.

< For a new user with a new item, the prediction is the global average rating or ranking.
» The top K users that will like an item.
» For known users and known items, the prediction is the model output.

« For a new item, and an explicit feedback model, the prediction is the global top K users who have
provided the average highest ratings.

For a new item, and an implicit feedback model, the prediction is the global top K users with the
highest number of interactions.

¢ For an item that has been tried by all known users, the prediction is an empty list because it
is not possible to recommend any other users. Setr enove_seen to f al se to repeat existing
interactions from the training table.

* The top K items that a user will like.
« For known users and known items, the prediction is the model output.

» For a new user, and an explicit feedback model, the prediction is the global top K items that
received the average highest ratings.

For a new user, and an implicit feedback model, the prediction is the global top K items with the
highest number of interactions.

« For a user who has tried all known items, the prediction is an empty list because it is not possible
to recommend any other items. Setr enove_seen to f al se to repeat existing interactions from
the training table.

» The top K items similar to another item.
« For known items, the prediction is the model output.
* For a new item, there is no information to provide a prediction. This will produce an error.

« The predictions are expressed in cosine similarity, and range from 0, very dissimilar, to 1, very
similar.

» The top K users similar to another user.
« For known users, the prediction is the model output.
» For a new user, there is no information to provide a prediction. This will produce an error.

e The predictions are expressed in cosine similarity, and range from 0, very dissimilar, to 1, very
similar.

For recommendations, run the ML_PREDI CT_ROWor ML_PREDI CT_TABLE routines on data with the
same columns as the training model.

The opt i ons for M._PREDI CT_ROWand M._PREDI CT_TABLE include the following:
» t opk: The number of recommendations to provide. The default is 3.

» recomend: Specifies what to recommend. Permitted values are:
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e ratings: Use this option to predict ratings. This is the default value.

* it ems: Use this option to recommend items for users.

e user s: Use this option to recommend users for items.

e users_to_itens: Thisisthe sameasitens.

e itenms_t o_users: Thisis the same as users.

e itens_to_itens: Use this option to recommend similar items for items.

e users_to_users: Use this option to recommend similar users for users.
e renove_seen: If t r ue, the model will not repeat existing interactions from the training table.
A table with the same name as the output table for M._ PREDI CT_TABLE must not already exist.
NULL values for any row in the user s ori t ens columns will cause an error.
The opt i ons for ML_ SCORE include the following:

» t hreshol d: The optional threshold that defines positive feedback, and a relevant sample. Only use
with ranking metrics.

» t opk: The optional top K rows to recommend. Only use with ranking metrics.
e renove_seen: If t r ue, the model will not repeat existing interactions from the training table.

ML_ SCORE can use any of the recommendation metrics to score a recommendation model. Always
use the net ri ¢ parameter to specify a ratings metric to use with a recommendation model that uses
explicit feedback, or a ranking metric to use with a recommendation model that uses implicit feedback.
See: Section 3.15.13, “Optimization and Scoring Metrics”.

For instructions to use the M._PREDI CT_ROW M._ PREDI CT_TABLE, and M__ SCORE routines, see
Section 3.7, “Predictions”, and Section 3.13.6, “Scoring Models”. For the complete list of option
descriptions, see M__PREDI CT_ROW M__PREDI CT_TABLE, and M__ SCORE.

M._EXPLAI N, M._EXPLAI N_ROWand M._EXPLAI N_TABLE do not support recommendation models.
A call to any of these routines with a recommendation model will produce an error.

Syntax Examples for Explicit Feedback

A M__PREDI CT_ROWexample that predicts the rating for a particular user and item. This is the
default option for r econmend, with opt i ons set to NULL.

nysql > SELECT sys. M._PREDI CT_RON' {"user_id": "836347", "item.id": "64154"}', @mdel, NULL);
A,
| sys.M._PREDICT_ROW' {"user_id": "836347", "item.id": "64154"}', @mwdel, NULL)
A,
| {"item.id": "64154", "user_id": "836347", "m _results": "{"predictions": {"rating": 1.0}}"}
A,

1 rowin set (0.12 sec)

« AM._PREDI CT_TABLE example that predicts the ratings for particular users and items. This is the
default option for r econmend, with opt i ons set to NULL.

nysql > CALL sys. M._PREDI CT_TABLE(' ml corpus.retailrocket-transactionto_to_predict',
@model, 'mcorpus.table_predictions', NULL);
Query OK, 0 rows affected (0.7589 sec)

nysql > SELECT * FROM tabl e_predictions;

+emm - e [ [ f - e e e e e e eeeieeeeeeeeaaa +
| _id | tinmestanp | user_id | itemid | rating | m _results

+emm - e [ [ f - e e e e e e eeeieeeeeeeeaaa +
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| 1| 1436670000000 | 836347 | 64154 | 1| {"predictions": {"rating": 1.0}} |
| 2 | 1441250000000 | 435603 | 335366 | 1| {"predictions": {"rating": 1.04}} |
| 3 | 1439670000000 | 1150086 | 314062 | 1| {"predictions": {"rating": 1.03}} |
+ooo- - T oioiooo oo oioiooo oo tooiooo - P +
3 rows in set (0.00 sec)
This is the same as setting r ecormend to r at i ngs.
nysqgl > CALL sys. M._PREDI CT_TABLE(' m corpus.retailrocket-transactionto to_predict',

@odel , 'm corpus.tabl e_predictions',

JSON_OBJECT("recomrend”, "ratings"));
Query OK, 0 rows affected (1.29 sec)
nysqgl > SELECT * FROM tabl e_predictions;
+ee--- ocmemeieeaa E E ocmoeno- domm e +
| _id | tinestanp | user_id | itemid | rating | nml_results |
+ee--- ocmemeieeaa E E ocmoeno- domm e +
| 1 | 1436670000000 | 836347 | 64154 | 1| {"predictions": {"rating": 1.0}} |
| 2 | 1441250000000 | 435603 | 335366 | 1| {"predictions": {"rating": 1.04}} |
| 3 | 1439670000000 | 1150086 | 314062 | 1| {"predictions": {"rating": 1.03}} |
+ee--- ocmemeieeaa E E ocmoeno- domm e +

3 rows in set (0.00 sec)

A M__PREDI CT_ROWexample that recommends the top 3 users that will like a particular item.

nysql > SELECT sys. M._PREDI CT_RON' {"item.id": "64154"}', @mdel,
JSON_OBJECT("recomrend", "users", "topk", 3));

| sys.M__PREDICT_ROWN'{"item.id": "64154"}', @mwdel, JSON OBJECT("recommend", "users", "topk", 3))
| {"item.id": "64154", "nl _results": "{"predictions": {"user_id": ["171718", "1167457", "1352334"], "rati
1 rowin set (0.34 sec)

A M__PREDI CT_TABLE example that recommends the top 3 users that will like particular items.

nysqgl > CALL sys. M._PREDI CT_TABLE(' ml corpus.retailrocket-transactionto_to_predict',
@model, 'mcorpus.table predictions_itens',
JSON _OBJECT("reconmmend", "users", "topk", 3));

Query OK, 0 rows affected (1.85 sec)

nysqgl > SELECT * FROM t abl e_predictions_itens;

L S i [ T - [ T - E e m e e e e e e e e e e e emmeeeeemmemea-mameas-—aaa.
| _id | tinestanp | user_id | itemid | rating | nl_results

L S i [ T - [ T - E e m e e e e e e e e e e e emmeeeeemmemea-mameas-—aaa.
| 1 | 1436670000000 | 836347 | 64154 | 1| {"predictions": {"user_id": ["user_1", "user_2", "us
| 2 | 1441250000000 | 435603 | 335366 | 1| {"predictions": {"user_id": ["user_1", "user_2", "us
| 3 | 1439670000000 | 1150086 | 314062 | 1| {"predictions": {"user_id": ["user_1", "user_2", "us

3 rows in set (0.0003 sec)

A more complete example for the top 3 users that will like particular items.

nysql > SELECT * FROM train_tabl e;

[ - Fomemm e meeaa f - +
| user_id | itemid | rating |
[ - Fomemm e meeaa f - +
| user_1 | good_novie | 5 |
| user_1 | bad_novie | 1|
| user_2 | bad_novie | 1|
| user_3 | bad_novie | 0 |
| user_4 | bad_novie | 0 |
[ - Fomemm e meeaa f - +

5 rows in set (0.00 sec)

nmysql > CALL sys. ML_TRAIN(' ml corpus.train_table', 'rating',
JSON _OBJECT('task', 'recomendation', 'users', 'user_id, 'items', 'itemid'),
@model ) ;

Query OK, 0 rows affected (11.39 sec)

nmysql > CALL sys. M._MODEL LOAD( @mdel , NULL);
Query OK, 0 rows affected (0.98 sec)
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nmysql > SELECT * FROM itens_t abl e;

| good_novie |

| bad_novie |

| new novie |

3 rows in set (0.00 sec)

mysql > CALL sys. M_._PREDI CT_TABLE(' m corpus.itens_table',
@rodel , 'm corpus. user_reconmrendati on',
JSON_OBJECT("recomrend", "users", "topk", 3));

Query OK, O rows affected (1.21 sec)

nmysql > SELECT * FROM user _reconmendat i on;

1| good_novie | {"predictions": {"user_id": ["user_2", "user_3", "user_4"], "rating
| 2 | bad_nmovie | {"predictions": {"user_id": [], "rating": []}}
3 |

3 rows in set (0.0004 sec)

* A M__PREDI CT_ROWexample for the top 3 users that will like a particular item with the
itens_t o_users option.

mysql > SELECT sys. M._PREDI CT_RON' {"item.id": "524"}', @mwdel,
JSON_OBJECT("recomrend", "items_to_users", "topk", 3));

| sys.M__PREDICT_ROWN'{"item.id": "524"}', @mwdel, JSON _OBJECT("recommend", "itenms_to_u

new novie | {"predictions": {"user_id": ["user_1", "user_2", "user_3"], "rating":

": [1.84, 1.7

sers", "topk"

| {"item.id": "524", "nl _results": "{"predictions": {"user_id": ["7", "164", "894"], "rating": [4.05,

1 rowin set (0.2808 sec)

« AM__PREDI CT_TABLE example for the top 3 users that will like particular items with the
itens_t o_users option.

nysqgl > CALL sys. M._PREDI CT_TABLE(' m cor pus. m - 100k’ ,
@model , 'm corpus.itemto_users_recomendation',
JSON_OBJECT("recomrend", "itens_to_users", "topk", 3));
Query OK, 0 rows affected (21.2070 sec)

nysqgl > SELECT * FROM nl corpus.itemto_users_reconmendation LIMT 5;

dhe o= e ccemoe== e ccemoe== oo dhecccmmoooo- L L
| _id | user_id | itemid | rating | tinestanp | nl_results
dhe o= e ccemoe== e ccemoe== oo dhecccmmoooo- L L
| 1| 846 | 524 | 3 | 883948000 | {"predictions": {"user_id [*7*, "164"
| 2 | 138 | 474 | 5 | 879024000 | {"predictions": {"user_id": ["7", "164"
| 3 | 840 | 609 | 4 | 891205000 | {"predictions": {"user_id": ["7", "164"
| 4 | 660 | 402 | 3 | 891201000 | {"predictions": {"user_id": ["7", "164"
| 5| 154 | 89 | 5 | 879139000 | {"predictions": {"user_id [*7*, "164"
dhe o= e ccemoe== e ccemoe== oo dhecccmmoooo- L L
 AM__PREDI CT_ROWexample for the top 3 items that a particular user will like.
nysql > SELECT sys. M._PREDI CT_ROWN(' {"user _id": "836347"}', @mdel,

JSON OBJECT("reconmmend”, "itens", "topk", 3));
g g g S g S g g g g g g g g
| sys.M__PREDI CT_ROW ' {"user_id": "836347"}', @mwdel, JSON OBJECT("reconmend", "itens",
g g g S g S g g g g g g g g

| {"user_id": "836347", "m _results": "{"predictions": {"item.id": ["119736", "396042",
1 rowin set (0.31 sec)

« AM__PREDI CT_TABLE example for the top 3 items that particular users will like.

nmysql > CALL sys. M._PREDI CT_TABLE(' ml corpus.retailrocket-transactionto _to_predict',

, "894"], "re
, "894"], "re
, "894"], "re
, "894"], "re
, "151"], "re
"topk", 3))
"224549"1, "r
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@rodel , ' m corpus. user_reconmmendati ons',
JSON_OBJECT("recomrend", "items", "topk", 3));
Query OK, O rows affected (6.0322 sec)

nmysql > SELECT * FROM user _reconmendat i ons;

1| 1436670000000 | 836347 | 64154 |
| 2| 1441250000000 | 435603 | 335366 |
3 | 1439670000000 | 1150086 | 314062 |

1| {"predictions": {"item.id":

1| {"predictions": {"item.id":

1| {"predictions": {"item.id":
3 rows in set (0.0004 sec)

» A more complete example for the top 3 items that particular users will like.

nysqgl > SELECT * FROM trai n_t abl e;

[ T - Fomemmmmmaa E +
| user_id | itemid | rating |
[ T - Fomemmmmmaa E +
| user_1 | good_novie | 5 |
| user_1 | bad_novie | 1|
| user_2 | bad_novie | 1|
| user_3 | bad_novie | 0 |
| user_4 | bad_novie | 0 |
[ T - Fomemmmmmaa E +

5 rows in set (0.00 sec)

nysqgl > CALL sys. M._TRAIN(' ml corpus.train_table', 'rating',
JSON OBJECT(' task', 'recommendation', 'users', ‘user_id',
@model ) ;

Query OK, 0 rows affected (11.39 sec)

‘itens',

nysqgl > CALL sys. M._MODEL_LOAD( @model , NULL);
Query OK, 0 rows affected (0.98 sec)

nysqgl > SELECT * FROM users_t abl e;

3 rows in set (0.00 sec)

nysqgl > CALL sys. M._PREDI CT_TABLE(' m cor pus. users_tabl e',
@model , 'mcorpus.itemreconmendation',
JSON _OBJECT("reconmmend", "itens", "topk", 3));
Query OK, 0 rows affected (1.23 sec)

nysql > SELECT * FROM item reconmendati on;

L S E e m e e e e e e e e e e e e eeeemeeeememmemes-e--em---a--ese-a-aa--
| _id | user_id | nl_results

L S E e m e e e e e e e e e e e e eeeemeeeememmemes-e--em---a--ese-a-aa--
| 1| user_1 | {"predictions": {"itemid": [], "rating": []}}

| 2 | user_2 | {"predictions": {"item.id": ["good novie"], “"rating": [1.84]}}

| 3 | newuser | {"predictions": {"item.id": ["good_novie", "bad_novie"], "rating":

3 rows in set (0.0004 sec)

« AM._PREDI CT_ROWexample for the top 3 items that a particular user will like with the
users_to_itens option.

nmysql > SELECT sys. M._PREDI CT_RON(' {"user_id": "846"}', @mwdel,
JSON_OBJECT("recomrend", "users_to_itens", "topk", 3));

| sys.M._PREDICT_ROWN'{"user_id": "846"}', @mdel,
| {"user_id": "846", "m _results": "{"predictions": {"item.id": ["313", "483", "64"],

1 rowin set (0.2811 sec)

[*119736", "224549", "2:
[*119736", "224549", " 3¢
[*396042", "224549", "2

“itemid),

[5.0, 0.5]}} |

JSON_OBJECT("reconmrend", "users_to_items", "topk", 3)

"rating": [4.06, 4.
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« AM._PREDI CT_TABLE example for the top 3 items that particular users will like with the

users_to_itens option.

nysqgl > CALL sys. M._PREDI CT_TABLE(' m cor pus. m - 100k’ ,

@rodel , 'm corpus.user_to_itens_recommendation',

JSON_OBJECT("recomrend”, "users_to_itens", "topk", 3));
Query OK, 0 rows affected (22.8504 sec)
nysqgl > SELECT * FROM nl cor pus. user _to_itens_reconmendation LIMT 5;
+ee--- E E ocmoeno- S oo m e oo eeeeieoeeieoeooooo--
| _id | user_id | itemid | rating | tinmestanp | nl_results
+ee--- E E ocmoeno- S oo m e oo eeeeieoeeieoeooooo--
| 1| 846 | 524 | 3 | 883948000 | {"predictions": {"item.id": ["313" 483", "64"], "r
| 2 | 138 | 474 | 5 | 879024000 | {"predictions": {"item.id": ["313", "64", "483"], "r
| 3 | 840 | 609 | 4 | 891205000 | {"predictions": {"item.id": ["313", "64", "483"], "r
| 4 | 660 | 402 | 3 | 891201000 | {"predictions": {"item.id": ["313", "64", "483"], "r
| 5| 154 | 89 | 5 | 879139000 | {"predictions": {"item.id": ["313", "64", "483"], "r
+ee--- E E ocmoeno- S oo m e oo eeeeieoeeieoeooooo--
5 rows in set (0.0004 sec)

e« AM._PREDI CT_ROWexample for the top 3 items similar to another item.

nysqgl > SELECT sys. M._PREDI CT_RON' {"item.id": "524"}', @mdel,

JSON_OBJECT("recomrend”, "items_to_itens", "topk", 3));
T,
| sys.M._PREDICT_ROWN'{"item.id": "524"}', @mwdel, JSON OBJECT("recommend", "itens_to_itens", "topk"
T,
| {"item.id 524", "m _results": "{"predictions": {"item.id": ["665", "633", "378"], "simlarity'
T,

e AM._PREDI CT_TABLE example for the top 3 items similar to other items.
nysqgl > CALL sys. M._PREDI CT_TABLE(' m cor pus. m - 100k" ,
@model, 'mcorpus.itemto_itens_recomendation',
JSON_OBJECT("recomrend", "items_to_itens", "topk", 3));
Query OK, 0 rows affected (13.4530 sec)
nysqgl > SELECT * FROM ml corpus.itens_to_itens_reconmendation |inmt 5;
+ee--- E E ocmoeno- S oo m e oo eeeeieoeeieoeooooo--
| _id | user_id | itemid | rating | tinmestanp | nl _results
+ee--- E E ocmoeno- S oo m e oo eeeeieoeeieoeooooo--
| 1| 846 | 524 | 3 | 883948000 | {"predictions": {"itemid": ["665", "633", "378"],
| 2 | 138 | 474 | 5 | 879024000 | {"predictions": {"item.id": ["414", "522", "164"],
| 3 | 840 | 609 | 4 | 891205000 | {"predictions": {"item.id": ["208", "1071", "2"], "s
| 4 | 660 | 402 | 3 | 891201000 | {"predictions": {"itemid": ["1183", "1092", "589"],
| 5| 154 | 89 | 5 | 879139000 | {"predictions": {"item.id": ["480", "590", "1047"],
+ee--- E E ocmoeno- S oo m e oo eeeeieoeeieoeooooo--
5 rows in set (0.0003 sec)
« AM._PREDI CT_ROWexample for the top 3 users similar to another user.
nysql > SELECT sys. M._PREDI CT_ROWN(' {"user __id": "846"}', @mdel,

JSON_OBJECT("recomrend", "users_to_users", "topk", 3));
T,
| sys. M__PREDI CT_ROWN' {"user_id 846"}', @mdel, JSON OBJECT("recomend", "users_to_users", "topk"
T,
| {"user_id 846", "m _results": "{"predictions": {"user_id": ["62", "172"], "simlarity": [
T,

1 rowin set (0.2373 sec)

« AM__PREDI CT_TABLE example for the top 3 users similar to other users.

nysqgl > CALL sys. M._PREDI CT_TABLE' m cor pus. m - 100k" ,
@odel , 'm corpus. user_to_users_recommendation',
JSON_OBJECT("recomrend", "users_to_users", "topk",
Query OK, 0 rows affected (11.2847 sec)

3));

nysqgl > SELECT * FROM nl cor pus. user _to_users_reconmendation limt 5 ;

rating | tinestanp | m _results
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| 1] 846 | 524 | 3 | 883948000 | {"predictions": {"user id": ["62", "643", "172"], "sinil
| 2| 138 | 474 | 5 | 879024000 | {"predictions": {"user id": ["932", "151", "671"], "simi
| 3| 840 | 609 | 4 | 891205000 | {"predictions": {"user_id": ["49", "293", "887"], "sinil
| 4] 660 | 402 | 3 | 891201000 | {"predictions": {"user id": ["532", "160", "416"], "simi
| 5| 154 | 89 | 5 | 879139000 | {"predictions": {"user id": ["338", "562", "942"], "sinmi
freoccoc froccocococ froccocococ frecoocoooo froccocococos gy Sy . _ _ _ _ _ _ - _ - - -

5 rows in set (0.0004 sec)

A M._ SCORE example:
mysql > CALL sys. ML_SCORE(' m cor pus. i pi nyou-click_test'

‘rating', @mdel, 'neg_nean_squared_error', @core, NULL);
Query OK, O rows affected (1 min 18.29 sec)

nmysql > SELECT @core

doococococcooocoooooooo +
| @core [
doococococcooocoooooooo +
| -0.23571448028087616

doococococcooocoooooooo +

1 rowin set (0.00 sec)

Syntax Examples for Implicit Feedback

« AM._PREDI CT_ROWexample that predicts the ranking for a particular user and item.

nmysql > SELECT sys. M._PREDI CT_RON' {"user_id": "836", "item.id": "226"}', @mwdel, NULL);

- +
| sys.M__PREDI CT_ROW'{"user_id": "836", "itemid": "226"}', @mdel, NULL) |
- +
| {"item.id": "226", "user_id": "836", "m _results": {"predictions": {"rating": 2.46}}} |
- +

1 rowin set (0.1390 sec)

« AM._PREDI CT_TABLE example that predicts the rankings for particular users and items.

mysql > CALL sys. ML_PREDI CT_TABLE(' ml cor pus.test_table', @mdel, 'mlcorpus.table predictions', NULL);

mysql > SELECT * FROM ml cor pus. tabl e _predictions LIMT 10

doocoo doococcooo doococcooo doocooocoo oo oCoEoNCoo00OO0EONCO000OCC0O0C00 0 +
| _id | user_id | itemid | rating | m _results

doocoo doococcooo doococcooo doocooocoo oo oCoEoNCoo00OO0EONCO000OCC0O0C00 0 +
[ 1| 1026 | 13763 [ 1| {"predictions": {"rating 1. 25}}

[ 2 | 992 | 16114 [ 1| {"predictions": {"rating -0.15}}

[ 3 | 1863 | 4527 [ 1| {"predictions": {"rating 0.42}}

[ 4 | 3725 | 3981 [ 1| {"predictions": {"rating 3.11}}

[ 5 | 3436 | 5854 [ 1| {"predictions": {"rating 0.45}}

[ 6 | 2236 | 13608 [ 1| {"predictions": {"rating -0.35}}

[ 7 | 5230 | 1181 [ 1| {"predictions": {"rating 1.96}}

[ 8 | 1684 | 10140 [ 1| {"predictions": {"rating -0.42}}

[ 9 | 3438 | 8022 [ 1| {"predictions": {"rating -0.11}}

| 10 | 1536 | 7578 [ 1| {"predictions": {"rating 0.1}}
doocoo doococcooo doococcooo doocooocoo oo oCoEoNCoo00OO0EONCO000OCC0O0C00 0 +

10 rows in set (0.0004 sec)

« AM._PREDI CT_ROWexample that recommends the top 3 users that will like a particular item.

nysql > SELECT sys. M._PREDI CT_RON' {"item.id": "13763"}', @wodel, JSON OBJECT("recomend", "users", "topl
| sys.M._PREDICT_RON'{"item.id": "13763"}', @mdel, JSON OBJECT("recomend", "users", "topk", 3))
| {"item.id": "13763", "nl _results": {"predictions": {"rating": [1.26, 1.25, 1.25], "user_id": ["3929", '

1 rowin set (0.3098 sec)

* A M__PREDI CT_ROWexample that recommends the top 3 users that will like a particular item and

includes existing interactions from the training table.
nysql > SELECT sys. M._PREDICT_ROWN'{"item.id": "13763"}', @mwdel, JSON OBJECT("recommend", "users", "top}

| sys.M._PREDI CT_RON' {"itemid": "13763"}', @wodel, JSON OBJECT("recommend", “users", “topk", 3, "renp
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| {"item.id": "13763", "m _results": {"predictions": {"rating": [1.26, 1.26, 1.26], "user_id": ["459C
1 rowin set (0.3098 sec)

A M__PREDI CT_TABLE example that recommends the top 3 users that will like particular items.

nysqgl > CALL sys. M._PREDI CT_TABLE(' ml corpus.test_sanple', @mdel, 'nlcorpus.table_predictions_itens',
Query OK, 0 rows affected (4.1777 sec)

nysqgl > SELECT * FROM nl corpus.table_predictions_itens LIMT 3;

L [ - [ - E - e m e e e e e e e e e e emeeeeeemmemem-mmmemesemmemee-m-aean—a=a-
| _id | user_id | itemid | rating | nl_results

L [ - [ - E - e m e e e e e e e e e e emeeeeeemmemem-mmmemesemmemee-m-aean—a=a-
| 1| 1026 | 13763 | 1| {"predictions": {"user_id": ["3929", "5255", "4583"], "rating":
| 2 | 992 | 16114 | 1| {"predictions": {"user_id": ["2671", "69", "429"], "rating": [-C
| 3 | 1863 | 4527 | 1| {"predictions": {"user_id": ["4732", "4439", "3399"], "rating":
L [ - [ - E - e m e e e e e e e e e e emeeeeeemmemem-mmmemesemmemee-m-aean—a=a-

3 rows in set (0.0003 sec)

« AM._PREDI CT_ROWexample that recommends the top 3 items that a particular user will like.

nmysql > SELECT sys. M__PREDI CT_ROW' {"user _id": "1026"}', @mwdel, JSON OBJECT("recommend", "items", "t
g g g g g g g g . - = = = = =
| sys. M__PREDI CT_ROWN' {"user_id": "1026"}', @wdel, JSON OBJECT("recommend", "itens", "topk", 3))

g g g g g g g g . - = = = = =

| {"user_id": "1026", "nl _results": {"predictions": {"rating": [3.43, 3.37, 3.18], "item.id": ["10",
1 rowin set (0.6586 sec)

« AM__PREDI CT_ROWexample that recommends the top 3 items that a particular user will like and
includes existing interactions from the training table.

mysql > SELECT sys. M._PREDI CT_ROW ' {"user _id": "1026"}', @mwdel, JSON OBJECT("recommend", "items", "t
e S PEEa _ _ _ - - - -
| sys.M._PREDICT_ROWN ' {"user_id": "1026"}', @mwdel, JSON OBJECT("recomend", "itenms", "topk", 3, "re
e S PEEa _ _ _ - - - -
| {"user_id": "1026", "m _results": {"predictions": {"rating": [3.43, 3.37, 3.18], "itemid": ["10",

e S PEEa _ _ _ - - - -

A M__PREDI CT_TABLE example that recommends the top 3 items that particular users will like.

nysqgl > CALL sys. M._PREDI CT_TABLE(' m corpus.test_sanple', @mdel, 'nlcorpus.table_predictions_users',
Query OK, 0 rows affected (5.0672 sec)

nysqgl > SELECT * FROM nl cor pus. tabl e_predictions_users LIMT 3;

1| 1026 | 13763 | 1| {"predictions": {"itemid": ["10", "14", "11"], "rating": [3.43,
| 2| 992 | 16114 | 1| {"predictions": {"itemid": ["10", "14", "11"], "rating": [3.42,
3 | 1863 | 4527 | 1| {"predictions": {"itemid": ["10", "14", "11"], "rating": [3.42,

« AM._PREDI CT_ROWexample for the top 3 items similar to another item.

nmysql > SELECT sys. M._PREDICT_ROWN' {"item.id": "13763"}', @mdel, JSON OBJECT("recommend", "itens_to_
g g g g g g g S o P SN - = = = = =
| sys. M._PREDI CT_ROWN' {"item.id": "13763"}', @mwdel, JSON OBJECT("recommend", "itens_to_itens", "tor
g g g g g g g S o P SN - = = = = =

| {"itemid": "13763", "m _results": {"predictions": {"item.id": ["13751", "13711", "13668"], "simile
1 rowin set (0.4607 sec)

* AM__PREDI CT_TABLE example for the top 3 items similar to other items.
nysql > CALL sys. M._PREDI CT_TABLE(' ml corpus.test_sanple', @mdel, 'nmlcorpus.itemto_itens_recommendati
nysql > SELECT * FROM ml corpus.itemto_itens_reconmendation LIMT 3;

| _id | user_id | itemid | rating | nml_results
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1| 1026 | 13763 | 1| {"predictions": {"item.id":
| 2 | 992 | 16114 | 1| {"predictions": {"item.id":
3 | 1863 | 4527 | 1| {"predictions": {"item.id":
3 rows in set (0.0004 sec)
A M__PREDI CT_ROWexample for the top 3 users similar to another user.

nmysql > SELECT sys. M._PREDI CT_ROW ' {"user _i d":

| {"user_id": "1026", "m _results": {"predictions": {"user_id":

A M__PREDI CT_TABLE example for the top 3 users similar to other users.

["13751", "13711", "13668"], "similarit)
["14050", "16413", "16454"], "similarit)
["6008", "1873", "1650"], "simlarity":

"1026"}', @model, JSON OBJECT("reconmend", "users_to_user:

"1026"}', @mdel, JSON OBJECT("reconmmend", "users_to_users", "topk",

[*2215", "1992", "4590"], "simlarity": |

mysql > CALL sys. ML_PREDI CT_TABLE(' m cor pus. test_sanple', @mdel, 'mlcorpus.users_to_users_recomendation'

Query OK, O rows affected (3.4959 sec)

nmysql > SELECT * FROM ml cor pus. users_to_users_recomendation LIMT 3;

dooooo doocoocooo doocoocooo doocooocoo doocococoocoooooooOOOCoOOCo00000 00
| _id | user_id | itemid | rating | m _results

dooooo doocoocooo doocoocooo doocooocoo doocococoocoooooooOOOCoOOCo00000 00
[ 1| 1026 | 13763 [ 1| {"predictions": {"user_id":

[ 2| 992 | 16114 [ 1| {"predictions": {"user_id":

[ 3 | 1863 | 4527 [ 1| {"predictions": {"user_id":
dooooo doocoocooo doocoocooo doocooocoo doocococoocoooooooOOOCoOOCo00000 00

3 rows in set (0.0004 sec)

[*2215", "1992", "4590"], "simlarity":
[*2092", "1809", "5174"], "simlarity":
[*4895", "1405", "2972"], "simlarity":

M. SCORE examples for the four metrics suitable for a recommendation model with implicit feedback,

with t hreshol d setto 3 and t opk set to 50.
nysql > CALL sys. M__MODEL_LOAD( @wdel , NULL);

nysql > SET @ptions = JSON OBJECT('threshold', 3, 'topk', 50);
Query OK, 0 rows affected (0.00 sec)

nysqgl > CALL sys. M._SCORE(' m corpus.recsys_item1l', 'target', @mdel,
Query OK, 0 rows affected (21.22 sec)

nysql > SELECT @cor e;

doocococooccooocoooooooo +
| @core [
doocococooccooocoooooooo +
| 0.058855220675468445 |
doocococooccooocoooooooo +

1 rowin set (0.00 sec)

nysqgl > CALL sys. M._SCORE(' m corpus.recsys_item1l' , 'target', @mdel,
Query OK, 0 rows affected (20.93 sec)

nysql > SELECT @cor e;

doococccooocococoocoooo +
| @core [
doococccooocococoocoooo +
| 0.32194915413856506 |
doococccooocococoocoooo +

1 rowin set (0.00 sec)

nysqgl > CALL sys. M._SCORE(' m corpus.recsys_item1l', 'target', @mdel,
Query OK, 0 rows affected (21.02 sec)

nysql > SELECT @cor e;

doococccooocococoocoooo +
| @core [
doococccooocococoocoooo +
| 0.31720301508903503 |
doococccooocococoocoooo +

1 rowin set (0.00 sec)

‘precision_at_k', @core, @ptions);

‘recal | _at_k', @core, @ptions);

"hit_ratio_at_k', @core, @ptions);

122



HeatWave AutoML and Lakehouse

mysql > CALL sys. ML_SCORE(' ml corpus.recsys_item1', 'target', @mdel, 'ndcg_at_k', @core, @ptions);
Query OK, 0 rows affected (20.99 sec)

nmysql > SELECT @cor e€;

e +
| @core |
e +
| 0.1945730447769165 |
e +

1 rowin set (0.00 sec)

» M._SCORE examples for the four metrics suitable for a recommendation model with implicit feedback,
with t hr eshol d setto 3, t opk set to 50 and including existing interactions from the training table
withrenove _seen settof al se.

mysql > CALL sys. M._MODEL_LOAD( @model , NULL);

nmysql > SET @ptions = JSON OBJECT('threshold', 3, 'topk', 50, 'renpve_seen', false);
Query OK, O rows affected (0.00 sec)

mysql > CALL sys. ML_SCORE(' ml corpus.recsys_item1', 'target', @mdel, 'precision_at_k', @core, @ptic
Query OK, O rows affected (2.03 sec)

nmysql > SELECT @cor e€;

e +
| @corel |
e +
| 0.03488215431571007 |
e +

1 rowin set (0.00 sec)

mysql > CALL sys. ML_SCORE(' ml corpus.recsys_item1', 'target', @mdel, 'recall _at_k', @core, @ptions)
Query OK, O rows affected (2.35 sec)

nmysql > SELECT @cor e€;

e +
| @core |
e +
| 0.24304823577404022 |
e +

1 rowin set (0.00 sec)

mysql > CALL sys. ML_SCORE(' m corpus.recsys_item1', 'target', @mdel, 'hit_ratio_at_k', @core, @ptic
Query OK, O rows affected (2.30 sec)

nmysql > SELECT @cor e€;

e +
| @core |
e +
| 0.18799902498722076 |
e +

1 rowin set (0.00 sec)

mysql > CALL sys. ML_SCORE(' m corpus.recsys_item1', 'target', @mdel, 'ndcg_at_k', @core, @ptions);
Query OK, O rows affected (2.35 sec)

nmysql > SELECT @cor e€;

e +
| @core |
e +
| 0.12175655364990234 |
e +

1 rowin set (0.00 sec)

3.12 HeatWave AutoML and Lakehouse

MySQL 8.1.0 adds support for HeatWave AutoML routines loading data directly from Object Storage
with Lakehouse. Lakehouse must be enabled. See Chapter 4, HeatWave Lakehouse.
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M__TRAI N, M._MODEL_LQAD, M._EXPLAI NM._PREDI CT_TABLE, M_._EXPLAI N_TABLE, and
ML_ SCORE routines require no changes.

M._PREDI CT_ROWand M__EXPLAI N_ROWroutines cannot use a FROMclause.
Loading data from Lakehouse into HeatWave and unloading:

« |f the Lakehouse table had not been loaded into HeatWave before a HeatWave AutoML command,
then the data will be unloaded after the command.

 |f the Lakehouse table had been loaded into HeatWave before a HeatWave AutoML command, then
the data will remain in HeatWave after the command.

HeatWave AutoML commands operate on data loaded into HeatWave. If the original Lakehouse data in
Object Storage is deleted or modified this will not affect a HeatWave AutoML command, until the data
is unloaded from HeatWave.

Syntax Examples

The following examples use data from: Bank Marketing. The target columniisy.

» A CREATE TABLE example with Lakehouse details that loads the training dataset.

nysql > CREATE TABLE bank_nar ket i ng_| akehouse_t rai n(
age int,
j ob varchar (255),
marital varchar(255),
educati on varchar (255),
defaul t1 varchar (255),
bal ance fl oat,
housi ng var char (255),
| oan var char (255),
contact varchar (255),
day int,
nmont h var char (255),
duration float,
canpai gn int,
pdays fl oat,
previous float,
pout cone var char (255),
y var char (255)

)
ENG NE=LAKEHOUSE
SECONDARY_ENG NE=RAPI D
ENG NE_ATTRI BUTE=' {"di al ect": {"format": "csv",
"skip_rows": 1,
"field_delimter":",",
"record_delimter":"\\n"}}",

“file": [{ "region": "region",
"nanmespace": "nanmespace",
"bucket": "bucket",
"prefix": "m bench/ bank_marketing_train.csv"'}]’

* An ALTER TABLE example with Lakehouse details that loads the test dataset.

nysql > CREATE TABLE bank_nar ket i ng_| akehouse_t rai n(
age int,
j ob varchar (255),
marital varchar(255),
educati on varchar (255),
defaul t1 varchar (255),
bal ance fl oat,
housi ng var char (255),
| oan var char (255),
contact varchar(255),
day int,
nmont h var char (255),
duration float,
canpai gn int,
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pdays fl oat,

previous fl oat,

pout cone var char ( 255),
y var char (255)

DE

nmysql > ALTER TABLE bank_mar ket i ng_| akehouse_t est
ENG NE=LAKEHOUSE
SECONDARY_ENG NE=RAPI D
ENG NE_ATTRI BUTE=' {"di al ect": {"format": "csv",
"skip_rows": 1,
“field_delimter":",",
"record_delimter":"\\n"}}",

“file": [{ "region": "region",
"nanmespace": "nanmespace",
"bucket": "bucket",
"prefix": "m bench/bank_marketing_test.csv"}]";

e ML_TRAI N, M._MODEL LOAD, and M._ SCORE examples that use the Lakehouse data.

mysql > CALL sys. ML_TRAI N(' ml _dat a. bank_mar ket i ng_| akehouse_train', 'y', NULL, @ank_nodel);
mysql > CALL sys. ML_MODEL_LOAD( @ank_nodel , NULL) ;

mysql > CALL sys. ML_SCORE(' ml _dat a. bank_mar ket i ng_| akehouse_test', 'y', @ank_nodel,
' bal anced_accuracy', @core, NULL);

e ML_PREDI CT_TABLE, M__EXPLAI N, and M._EXPLAI N_TABLE examples that use the Lakehouse
data. M._ EXPLAI N_TABLE might take a long time for a large data set, but this is shape dependent.

mysql > CALL sys. ML_PREDI CT_TABLE(' ml _dat a. bank_mar ket i ng_I| akehouse_test', @ank_nodel
''m _dat a. bank_mar ket i ng_| akehouse_t est_predi cti ons', NULL);

mysql > CALL sys. M._EXPLAI N(' m _dat a. bank_mar keti ng_| akehouse_test', 'y', @ank_nodel,
JSON_OBJECT( ' predi ction_explainer', 'pernutation_inmportance'));

mysql > CALL sys. ML_EXPLAI N_TABLE(' ml _dat a. bank_mar ket i ng_| akehouse_test', @ank_nodel

''m _dat a. bank_mar ket i ng_| akehouse_t est _expl anati ons',
JSON_OBJECT( ' predi ction_explainer', 'pernutation_inmportance'));

» Examples for M._PREDI CT_ROWand M._EXPLAI N_ROWthat insert data directly, and avoid the FROM
clause.

nmysql > SELECT sys. M._PREDI CT_ROWN "' {

"age": 37,

"job": "admin.",
"marital": "married",
"education": "unknown",
"default1": "no",

"bal ance": 734,
"housi ng": "yes",

"l oan": "no",
"contact": "unknown",
"day": 21,

“mont h": "may",
"duration": 1106,
"canpai gn": 1,
"pdays": -1,
"previous": O,

" pout cone":
"unknown" ,

"y": "no"}',

@ank_nodel , NULL);

nmysql > SELECT sys. M._EXPLAI N_RON ' {
"age": 37,
"job": "admin.",
"marital": "married",
"education": "unknown",
"default1": "no",
"bal ance": 734,
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"housi ng": "yes",
"l oan": "no",
“contact": "unknown",
"day": 21,

“mont h": "may",
“duration": 1106,
"canpai gn": 1,
"pdays": -1,
"previous": O,

" pout cone":
"unknown",

"y": "no"}',
@ank_nodel ,

JSON_OBJECT( ' predi ction_explainer', 'pernutation_inmportance'));

» Examples for M._PREDI CT_ROWand M._EXPLAI N_ROWthat insert data directly with a JSON object,
and avoid the FROVIclause.

nmysql > SET @ow_i nput = JSON_OBJECT(

'age', 37,

‘job', 'admin.',
‘marital', 'married',
"education', 'unknown',
‘defaultl', 'no',

' bal ance', 734,

" housing', 'yes',
‘loan', 'no',
‘contact', 'unknown',
‘day', 21,

‘month', 'may',
"duration', 1106,

' canpaign', 1,

' pdays', -1,
‘previous', O,

' pout come', ' unknown',
'y', 'no');

nmysql > SELECT sys. M._PREDI CT_ROWN @ ow_i nput, @ank_nodel , NULL);

mysql > SELECT sys. M._EXPLAI N RON @ ow_i nput, @ank_nodel ,
JSON_OBJECT( ' predi ction_explainer', 'pernutation_inmportance'));

» Examples for M__ PREDI CT_ROWand M_._EXPLAI N_ROWthat copies four rows to an InnoDB table,
and then uses a FROMclause.

mysql > ALTER TABLE bank_nar keti ng_| akehouse_t est SECONDARY_LOAD;

nmysql > CREATE TABLE bank_mar ket i ng_l akehouse_t est _i nnoDB
AS SELECT * from bank_marketi ng_| akehouse_test LIMT 4;

nmysql > SET @ow_i nput = JSON_OBJECT(
‘age', bank_marketing_| akehouse_t est _i nnoDB. age,
'job', bank_marketing_| akehouse_t est _i nnoDB. j ob,
‘marital ', bank_marketing_| akehouse_test_i nnoDB. narital,
"education', bank_marketing_| akehouse_t est _i nnoDB. educati on,
"defaultl', bank_marketing_| akehouse_t est_i nnoDB. def aul t 1,
" bal ance', bank_marketing_| akehouse_t est_i nnoDB. bal ance,
"housi ng', bank_marketing_| akehouse_t est_i nnoDB. housi ng,
'l oan', bank_marketing_| akehouse_t est i nnoDB. | oan,
‘contact', bank_marketing_| akehouse_test_i nnoDB. cont act,
‘day', bank_marketing_| akehouse_t est _i nnoDB. day,
‘mont h', bank_mar keti ng_| akehouse_t est _i nnoDB. nont h,
"duration', bank_marketing_| akehouse_t est_i nnoDB. durati on,
' canpai gn', bank_marketing_| akehouse_t est _i nnoDB. canpai gn,
' pdays', bank_marketing_| akehouse_t est_i nnoDB. pdays,
‘previous', bank_marketing_| akehouse_t est _i nnoDB. previ ous,
' pout come' , bank_mar keti ng_| akehouse_t est _i nnoDB. pout con®) ;

nmysql > SELECT sys. M._PREDI CT_ROWN @ ow_i nput, @ank_nodel, NULL);
FROM bank_mar ket i ng_| akehouse_test_i nnoDB LIM T 4;
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mysql > SELECT sys. M._EXPLAI N RON @ ow_i nput, @ank_nodel ,
JSON _OBJECT( ' predi ction_explainer', 'pernutation_inportance'))
FROM bank_mar ket i ng_| akehouse_test_i nnoDB LIM T 4;

3.13 Managing Models
3.13.1 The Model Catalog

HeatWave AutoML stores machine learning models in a model catalog in MySQL. A model catalog is
a standard MySQL table named MODEL _CATALOG. HeatWave AutoML creates a model catalog for any
user that creates a machine learning model.

The MODEL_CATALOGtable is created in a schema named ML_ SCHEMA user _nane, where the
user _nane is the name of the owning user.

When a user creates a model, the ML_ TRAI N routine creates the model catalog schema and table if
they do not exist. M._ TRAI Ninserts the model as a row in the MODEL _CATALOGtable at the end of
training.

A model catalog is accessible only to the owning user unless the user grants privileges on the model
catalog to another user. This means that HeatWave AutoML routines can only use models that are
accessible to the user running the routines. For information about granting model catalog privileges,
see Section 3.13.10, “Sharing Models”.

A database administrator can manage a model catalog table as they would a regular MySQL table.

3.13.1.1 The Model Catalog Table

MySQL 8.1.0 deprecates several columns, and replaces them with additional nrodel _net adat a.
MySQL 8.1.0 completes the new nodel _net adat a for older model catalogs. As of MySQL 8.1.0,
nodel _net adat a supports HeatWave AutoML and ONNX models.

The MODEL _CATALOGtable has the following columns:
 nodel id

A unique auto-incrementing numeric identifier for the model.
* nodel _handl e

A name for the model. The model handle must be unique in the model catalog. The model handle

is generated or set by the user when the ML_ TRAI Nroutine is executed on a training dataset. The
generated nodel _handl e format is schemaNane_t abl eNane_user Nane_No, as in the following
example: heat wavenm _bench. census_train_userl 1636729526.

Note
I The format of the generated model handle is subject to change.
* nmodel _obj ect
A string in JSON format containing the serialized HeatWave AutoML model.
e nmodel _owner
The user who initiated the M__ TRAI N query to create the model.
e build_tinestanp

A timestamp indicating when the model was created (in UNIX epoch time). A model is created when
the ML_TRAI N routine finishes executing.
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MySQL 8.1.0 deprecates bui | d_t i mest anp, and replaces it with bui | d_ti mestanp in
nodel _net adat a. A future release will remove it.

e target col um_nane
The name of the column in the training table that was specified as the target column.

MySQL 8.1.0 deprecates t ar get _col unm_nane, and replaces it with t ar get _col urm_nane in
nodel et adat a. A future release will remove it.

e« train_tabl e nane
The name of the input table specified in the ML_TRAI N query.

MySQL 8.1.0 deprecates t r ai n_t abl e_nane, and replaces it witht rai n_t abl e_nane in
nodel et adat a. A future release will remove it.

* model _obj ect _si ze
The model object size, in bytes.
» nodel type
The type of model (algorithm) selected by M__ TRAI Nto build the model.

MySQL 8.1.0 deprecates nodel _t ype, because it is the same as al gori t hm nane in
nodel net adat a. A future release will remove it.

* task
The task type specified in the M__TRAI N query.

MySQL 8.1.0 deprecates t ask, and replaces it with t ask in nodel _net adat a. A future release will
remove it.

e col um_nanes
The feature columns used to train the model.

MySQL 8.1.0 deprecates col unm_nanes, and replaces it with col urm_nanes in
nodel _net adat a. A future release will remove it.

» nodel _expl anati on

The model explanation generated during training. See Section 3.13.7, “Model Explanations”. This
column was added in MySQL 8.0.29.

MySQL 8.1.0 deprecates nodel _expl anat i on, and replaces it with nodel _expl anati on in
nodel _mnet adat a. A future release will remove it.

* | ast _accessed

The last time the model was accessed. HeatWave AutoML routines update this value to the current
timestamp when accessing the model.

MySQL 8.1.0 deprecates | ast _accessed, because it is no longer used. A future release will
remove it.
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e nmodel _net adat a

Metadata for the model. If an error occurs during training or you cancel the training operation,
HeatWave AutoML records the error status in this column. This column was added in MySQL 8.0.31.
See Section 3.15.12, “Model Metadata”

* notes

Use this column to record notes about the trained model. It also records any error messages that
occur during model training.

MySQL 8.1.0 deprecates not es, and replaces it with not es in nodel _net adat a. A future release
will remove it.

3.13.2 ONNX Model Import

As of MySQL 8.0.31, HeatWave AutoML supports the upload of pre-trained models in ONNX, Open
Neural Network Exchange, format to the model catalog. Load them with the M._ MODEL | MPORT
routine. After import, all the HeatWave AutoML routines can be used with ONNX models.

Models in ONNX format, . onnx, cannot be loaded directly into a MySQL table. They require string
serialization and conversion to Base64 encoding before you use the M._ MODEL | MPORT routine.

HeatWave AutoML supports these types of ONNX model:
* An ONNX model that has only one input and it is the entire MySQL table.
* An ONNX model that has more than one input and each input is one column in the MySQL table.

For example, HeatWave AutoML does not support an ONNX model that takes more than one input and
each input is associated with more than one column in the MySQL table.

The first dimension of the input to the ONNX model provided by the ONNX model get _i nput s() API
should be the batch size. This should be None, a string, or an integer. None or string indicate a variable
batch size and an integer indicates a fixed batch size. Examples of input shapes:

[ None, 2]
['batch_size', 2, 3]

[1, 14]

All other dimensions should be integers. For example, HeatWave AutoML does not support an input
shape similar to the following:

i nput shape = ['batch_size', 'sequence_| ength']

The output of an ONNX model is a list of results. The ONNX API documentation defines the results as
a numpy array, a list, a dictionary or a sparse tensor. HeatWave AutoML only supports a numpy array,
a list, and a dictionary.

* Numpy array examples:
array(['Iris-virginica', 'lris-versicolor', "lris-versicolor', "lris-versicolor'], dtype=object)
array([0, 2, 0, 0], dtype=int64)

array([[0. 8896357 , 0.11036429],
[0.28360802, 0.716392 |,
[ 0. 9404001 , 0.05959991],
[0.5655978 , 0.43440223]], dtype=fl oat32)

array([[0.96875435],
[1.081366 ],
[0.5736201 ],
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[0.90711355]], dtype=fl oat32)

» Simple list examples:
["Iris-virginica', "lIris-versicolor', "lIris-versicolor', 'lris-versicolor']
[0, 2, 0, O]

« List of lists examples:

[[0.8896357 , 0.110364],
[ 0. 28360802, 0.716392],
[ 0. 9404001 , 0.059599],
[0.5655978 , 0.434402]]

[0.8896357] , [0.110364]],
0.28360802], [0.716392]],
0.9404001] , [0.059599]],

[
|
[[0.5655978] , [0.434402]]]

—_———

[[0.968754],
[1.081366],
[0.573620] ,
[0.907113] ]

[0.968754] ],
1.081366] ],
0.573620] ],
0.907113]]]

—_——r—
—_———

 Dictionary examples:
{'"Iris-setosa': 0.0, 'Iris-versicolor': 0.0, 'Iris-virginica : 0.999}
{0: 0.1, 1: 0.9}

« List of dictionaries examples:

[{'Iris-setosa': 0.0, 'Iris-versicolor': 0.0, "lris-virginica': 0.999}
{'"Iris-setosa': 0.0, 'lIris-versicolor': 0.999, 'Iris-virginica': 0.0},
{'"Iris-setosa': 0.0, 'Iris-versicolor': 0.589, 'Iris-virginica': 0.409},
{'Iris-setosa': 0.0, 'Iris-versicolor': 0.809, 'Iris-virginica' : 0.190}]

0: 1.0, 1: 0.0, 2: 0.0},

: 0.0, 2: 1.0},
0.0, 2: 0.0},

0.0, 2: 0.0}]

[{0: 0.176, 1: O0.823},

{0: 0.176, 1: O0.823},

{0: 0.264, 1: 0.735},

{0: 0.875, 1: 0.124}]

[{0: 0.176, 1: 0.823},
{0: 0.176, 1: 0.823},
{0: 0.264, 1: 0.735},
{0: 0.875, 1: 0.124}]

[{0: 0.176, 1: 0.823},
{0: 0.176, 1: 0.823},
{0: 0.264, 1: 0.735},
{0: 0.875, 1: 0.124}]

For classification and regression tasks, HeatWave AutoML only supports model explainers and scoring
for variable batch sizes.

For forecasting, anomaly detection and recommendation tasks, HeatWave AutoML does not support
model explainers and scoring. The prediction column must contain a JSON object of name value keys.
For example, for three outputs:

{out put1: val uel, output2: value2, output3: val ue3}
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3.13.2.1 ONNX Model Metadata

For nodel _net adat a, see: Section 3.15.12, “Model Metadata”. This includes onnx_i nput s_i nf o
and onnx_out put s_i nf o.

onnx_i nputs_infoincludes dat a_t ypes_map. See Section 3.15.12, “Model Metadata” for the
default value.

onnx_out put s_i nfoincludes pr edi cti ons_nane, predi cti on_probabilities_nane, and
| abel s_map.

Use the dat a_t ypes_rmap to map the data type of each column to an ONNX model data type. For
example, to convert inputs of the type t ensor (f | oat) to fl oat 64:

data_types_map = {"tensor(float)": "float64"}

HeatWave AutoML first checks the user dat a_t ypes_nap, and then the default dat a_t ypes_nap to
check if the data type exists. HeatWave AutoML supports the following numpy data types:

Table 3.1 Supported numpy data types

str_ uni code_ |int8 intl1l6 i nt 32 i nt 64 int_ uintl16

ui nt 32 ui nt 64 byt e ubyte short ushort intc uintc

ui nt I ongl ong |ul ongl ong|i ntp uintp float16 |float32 |float64
hal f singl e | ongf | oat |doubl e | ongdoubl gool _ dat eti me6&onpl ex__
conpl ex64|conpl ex12gonpl ex25&si ngl e |cdoubl e |cl ongdoub| e

The use of any other numpy data type will cause an error.

Use pr edi cti ons_nane to determine which of the ONNX model outputs is associated with
predictions. Use predi cti on_probabi |l ities_nane to determine which of the ONNX model
outputs is associated with prediction probabilities. Use use a | abel s_nmap to map prediction
probabilities to predictions, known as labels.

For regression tasks, if the ONNX model generates only one output, then pr edi cti ons_nane is
optional. If the ONNX model generates more than one output, then pr edi ct i ons_nane is required.
Do not provide pr edi cti on_probabi | iti es_nane as this will cause an error.

For classification tasks use pr edi cti ons_nane or predi cti on_probabi |l ities_nane or both.
Failure to provide at least one will cause an error. The model explainers SHAP, Fast SHAP and Partial
Dependence require predi cti on_probabilities_nane.

Only use a | abel s_nmap with classification tasks. A | abel s_map requires
predi ctions _probabilities _nane. The use of al abel s_nap with any other task, or with
predi cti ons_nane or without predi cti ons_probabilities_ nane will cause an error.

An example of a predi cti ons_probabilities nane withal abel s_map produces these labels:

predictions_probabilities_name = array([[0.35, 0.50, 0.15],
[0.10, 0.20, 0.70],
[0.90, 0.05, 0.05],
[0.55, 0.05, 0.40]], dtype=float32)

labels_map = {0:'Iris-virginica', 1:'Iris-versicolor', 2:'lris-setosa'}
| abel s=['Iris-versicolor', 'lris-setosa', 'Iris-virginica, 'lris-virginica']

Do not provide pr edi cti ons_nane or predi cti on_probabi |l ities_nane when the task is NULL
as this will cause an error.

HeatWave AutoML adds a note for ONNX models that have inputs with four dimensions about the
reshaping of data to a suitable shape for an ONNX model. This would typically be for ONNX models
that are trained on image data. An example of this note added to the ml _r esul t s column;
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nmysql > CALL sys. M._PREDI CT_TABLE(' m cor pus_v5. mi st _test_tenp', @mdel,

"m corpus_v5. mist_predictions ', NULL);

Query OK, O rows affected (20.6296 sec)

nmysql > SELECT ml _results FROM mmi st_predi ctions; ;

3.13.2.2 How to Import ONNX Models

Follow these steps to import a model in ONNX format to the model catalog:

1.

Convert the . onnx file containing the model to Base64 encoding and carry out string serialization.

Do this with the Python base64 module. The following example converts the file i ri s. onnx:

$> python -c "inport onnx; inport base64;
$> open('iris_base64.onnx', 'wb').wite(
$> base64. b64encode(onnx. |l oad('iris.onnx").SerializeToString()))"

Connect to the DB system for the HeatWave Cluster as a client, and create a temporary table to
upload the model. For example:

nysql > CREATE TEMPORARY TABLE onnx_tenp (onnx_string LONGTEXT);

Use a LOAD DATA | NFI LE statement to load the preprocessed . onnx file into the temporary
table. For example:
mysql > LOAD DATA I NFILE 'iris_base64. onnx'

I NTO TABLE onnx_t enp

CHARACTER SET bi nary

FI ELDS TERM NATED BY '\t
LI NES TERM NATED BY '\r' (onnx_string);

Select the uploaded model from the temporary table into a session variable. For example:

nysql > SELECT onnx_string FROM onnx_tenp | NTO @nnx_encode;

Call the M__MODEL | MPORT routine to import the ONNX model into the model catalog. For
example:

nysqgl > CALL sys. M._MODEL_| MPORT( @nnx_encode, NULL, "'iris_onnx');
In this example, the model handle isi ri s_onnx, and the optional model metadata is omitted

and set to NULL. For details of the supported metadata for imported ONNX models, see
M._MODEL | MPORT and Section 3.15.12, “Model Metadata”.

After import, all the HeatWave AutoML routines can be used with the ONNX model. It is added to the
model catalog and can be managed in the same ways as a model created by HeatWave AutoML.

ONNX Import Examples

A classification task example:

nysqgl > SET @mdel := 'sklearn_pipeline_classification_3_onnx';
Query OK, 0 rows affected (0.0003 sec)

nysqgl > SET @mdel netadata := JSON OBJECT('task','classification',

'onnx_out puts_info', JSON OBJECT(' predi ctions_nane','|abel', "' prediction_probabilities_nane',

Query OK, 0 rows affected (0.0003 sec)

nysqgl > CALL sys. M._MODEL_| MPORT( @nnx_encode_skl earn_pi pel i ne_cl assification_3, @
nodel _net adata, @mdel);
Query OK, 0 rows affected (1.2438 sec)

nysqgl > CALL sys. M._MODEL_LOAD( @model , NULL);
Query OK, 0 rows affected (0.5372 sec)
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mysql > CALL sys. ML_PREDI CT_TABLE("' m cor pus. cl assification_3_predict', @model
'm corpus. predi ctions', NULL);
Query OK, O rows affected (0.8743 sec)

mysql > SELECT * FROM ml cor pus. predi ctions

+ooo- - T R T T S P S
| _id| f1 | f2 | f3 | Prediction | m _results

+ooo- - T R T T S P S
| 1| a | 20| 1.2 | 0| {"predictions": {"prediction": 0}, "probabilities"
| 2| b | 21| 3.6 | 1| {"predictions": {"prediction": 1}, "“probabilities"
| 3| c | 19| 7.8 | 1| {"predictions": {"prediction": 1}, "“probabilities"
| 4| d | 18 | 9 | 0| {"predictions": {"prediction": 0}, "probabilities"
| 5| e | 17| 3.6 | 1| {"predictions": {"prediction": 1}, "“probabilities"
+ooo- - T R T T S P S

5 rows in set (0.0005 sec)

mysql > CALL sys. ML_SCORE(' ml corpus. cl assification_3 table','target', @mdel
‘accuracy', @core, NULL);

Query OK, O rows affected (0.9573 sec)

nmysql > SELECT @core

tooiooo - +
| @core

tooiooo - +
| 1]
tooiooo - +

1 rowin set (0.0003 sec)

mysql > CALL sys. ML_EXPLAI N(' m cor pus. cl assification_3 table', 'target', @rmodel
JSON_OBJECT( ' nodel _expl ai ner', 'shap', 'prediction_explainer', 'shap'))
Query OK, O rows affected (10.1771 sec)

nmysql > SELECT nodel _expl anati on FROM M._SCHENMA r oot . MODEL_CATALOG
WHERE nodel _handl e=@rodel

S S P +
| nodel _expl anati on
S S P +
| {"shap": {"f1": 0.0928, "f2": 0.0007, "f3": 0.0039}}
S S P +

1 rowin set (0.0005 sec)
mysql > CALL sys. ML_EXPLAI N_TABLE(' m cor pus. cl assification_3_predict', @model

''m cor pus. expl anat i ons_shap', JSON OBJECT(' prediction_explainer', 'shap'))
Query OK, O rows affected (7.6577 sec)

mysql > SELECT * FROM ml cor pus. expl anat i ons_shap

+ooo- - T R T T T oloioioo oo T
| _id| f1 | f2 | f3 | Prediction | fl attribution | f2_attribution | f3_attribution
+ooo- - T R T T T oloioioo oo T
| 1| a | 20| 1.2 | 0 | 0.116909 | 0. 000591494 | - 0. 00524929
| 2| b | 21| 3.6 | 1| 0.0772133 | -0.00110559 | 0. 00219658
| 3] c | 19| 7.8 | 1| 0.0781372 | 0.0000000913938 | -0.00324671
| 4| d | 18 | 9 | 0 | 0.115209 | -0. 000592354 | 0. 00639341
| 5| e | 17| 3.6 | 1| 0.0767679 | 0.00110463 | 0. 00219425
+ooo- - T R T T T oloioioo oo T

5 rows in set (0.0005 sec)

A regression task example:

nmysql > SET @mwdel := 'sklearn_pipeline_regression_2_onnx'
Query OK, O rows affected (0.0003 sec)

nmysql > set @mdel _netadata : = JSON_OBJECT('task','regression'
‘onnx_out put s_i nfo', JSON_OBJECT(' predi cti ons_nane', "' variable'))
Query OK, O rows affected (0.0003 sec)

mysql > CALL sys. ML_MODEL_| MPORT( @nnx_encode_skl ear n_pi pel i ne_r egressi on_2
@odel _met adat a, @mdel ) ;
Query OK, O rows affected (1.0652 sec)

mysql > CALL sys. M._MODEL_LOAD( @mdel , NULL)

| {"predictior
| {"predictior
| {"predictior
| {"predictior
| {"predictior
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Query OK, O rows affected (0.5141 sec)

nmysql > CALL sys. M._PREDI CT_TABLE(' m cor pus. regressi on_2_t abl e’
@rodel , 'm corpus. predictions', NULL);

Query OK, O rows affected (0.8902 sec)

mysql > SELECT * FROM ml cor pus. predi ctions

+ooo- - T R T tooiooo - T P P +
| _id| f1 | f2 | f3 | target | Prediction | m _results |
+ooo- - T R T tooiooo - T P P +
| 1| a | 20| 1.2 | 22.4 | 22.262 | {"predictions": {"prediction": 22.262039184570312}}
| 2| b | 21| 3.6 | 32.9 | 32.4861 | {"predictions": {"prediction": 32.486114501953125}}
| 3| c | 19| 7.8 | 56.8 | 56.2482 | {"predictions": {"prediction": 56.24815368652344}} |
| 4| d | 18 | 9 | 31.8 | 31.8 | {"predictions": {"prediction": 31.80000114440918}}
| 5| e | 17| 3.6 | 56.4 | 55.9861 | {"predictions": {"prediction": 55.986114501953125}}
+ooo- - T R T tooiooo - T P P +

5 rows in set (0.0005 sec)

mysql > CALL sys. ML_SCORE(' ml corpus.regression_2_table','target', @mdel
‘r2', @core, NULL);

Query OK, O rows affected (0.8688 sec)

nmysql > SELECT @core

e +
| @core |
e +
| 0.9993192553520203

e +

1 rowin set (0.0003 sec)

mysql > CALL sys. ML_EXPLAI N(' ml cor pus.regression_2_table', 'target', @mdel
JSON_OBJECT( ' nodel _expl ainer', 'partial _dependence’
‘colums_to_explain', JSON ARRAY('f1'), 'prediction_explainer', 'shap'));
Query OK, O rows affected (9.9860 sec)

nmysql > SELECT nodel _expl anati on FROM M._SCHENA r oot . MODEL_CATALOG
WHERE nodel _handl e=@rodel

1 rowin set (0.0005 sec)
mysql > CALL sys. ML_EXPLAI N_TABLE(' m cor pus.regression_2_predict', @rmodel

"'m cor pus. expl anati ons', JSON _OBJECT(' prediction_explainer', 'shap'))
Query OK, O rows affected (8.2625 sec)

nmysql > SELECT * FROM ml cor pus. expl anat i ons

+ooo- - T R T T T T T
| _id| f1 | f2 | f3 | Prediction | fl1_ attribution | f2_attribution | f3_attribution
+ooo- - T R T T T T T
| 1| a | 20| 1.2 | 22.262 | -10. 7595 | -4.25162 | -2.48331
| 2| b | 21| 3.6 | 32.4861 | 2. 33657 | -8.50325 | -1.1037
| 3] c | 19| 7.8 | 56. 2482 | 14.8361 | 0 | 1. 65554
| 4| d | 18 | 9 | 31.8 | -15. 2433 | 4.25162 | 3. 03516
| 5| e | 17| 3.6 | 55.9861 | 8. 83008 | 8. 50325 | -1.1037
+ooo- - T R T T T T T

5 rows in set (0.0006 sec)

» An example with task set to NULL.
nmysql > SET @mdel := 'tensorflow recsys_onnx'

mysql > CALL sys. ML_MODEL_| MPORT( @nnx_encode_t ensor fl ow_recsys, NULL, @mdel)
Query OK, O rows affected (1.0037 sec)

mysql > CALL sys. M._MODEL_LOAD( @mdel , NULL)
Query OK, O rows affected (0.5116 sec)

nmysql > CALL sys. ML_PREDI CT_TABLE(' m cor pus. recsys_predi ct', @rodel
‘'m corpus. predi ctions', NULL);

| {"predictions": {
| {"predictions": {
| {"predictions": {
| {"predictions": {
| {"predictions": {
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Query OK, O rows affected (0.8271 sec)

mysql > SELECT * FROM ml cor pus. predi ctions
+

+ooo- - oioiooo oo S S e e o
| _id | user_id | nmovie_title | Prediction | m_results

+ooo- - oioiooo oo (T P e e o
| 1| a | A | {"output_1 ["0.7558"]} | {"predictions": {"prediction": {"output_1
| 2| b | B | {"output_1 ["1.0443"]} | {"predictions": {"prediction": {"output_1
| 3| c | A | {"output_1 ["0.8483"]} | {"predictions": {"prediction": {"output_1"
| 4 | d | B | {"output_1 ["1.2986"]} | {"predictions": {"prediction": {"output_1
| 5| e | C | {"output_1 ["1.1568"]} | {"predictions": {"prediction": {"output_1
+ooo- - oioiooo oo (T P e e o

5 rows in set (0.0005 sec)

3.13.3 Loading Models

A model must be loaded from the model catalog into HeatWave before running HeatWave AutoML
routines other than ML_TRAI N. A model remains loaded and can be called repetitively by HeatWave
AutoML routines until it is unloaded using the M._ MODEL _UNLOAD routine or until the HeatWave
Cluster is restarted.

A model can only be loaded by the MySQL user that created the model. For more information, see
Section 3.13.10, “Sharing Models”.

HeatWave can load multiple models but to avoid taking up too much space in memory, limit the number
of loaded models to three.

For ML_MODEL L OAD parameter descriptions, see Section 3.15.9, “ML_MODEL_LOAD".

The following example loads a HeatWave AutoML model from the model catalog:

mysql > CALL sys. M._MODEL_LOAD( @ensus_nodel , NULL)

where:

e @ensus_nodel is the session variable that contains the model handle.
* NULL is specified in place of the user name of the model owner.

A fully qualified M._ MODEL _LOAD call that specifies the model handle and user name of the owner is as
follows:

nmysqgl > CALL sys. M._MODEL_LOAD(' heat wavenl _bench. census_trai n_user1_1636729526', userl)
To look up a model handle, see Section 3.13.8, “Model Handles”.

As of MySQL 8.1.0, the user parameter is ignored. It can be set to NULL.

3.13.4 Unloading Models

The ML_MODEL _UNLQAD routine unloads a model from HeatWave AutoML. For M._ MODEL UNLOAD
parameter descriptions, see Section 3.15.10, “ML_MODEL_UNLOAD”.

It is permitted to load multiple models but to avoid taking up too much space in memory, limit the
number of loaded models to three.

The following example unloads a model:

nmysqgl > CALL sys. M._MODEL_UNLOAD( ' heat waven _bench. census_trai n_user1_1636729526');
where:
* heatwavem bench. census_train_userl 1636729526 is the model handle.

To look up a model handle, see Section 3.13.8, “Model Handles”.
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3.13.5 Viewing Models

To view the models in your model catalog, query the MODEL _CATALOGtable; for example:

nysqgl > SELECT nodel _i d, nodel _handl e, nodel _owner FROM M._SCHEMA user 1. MODEL_CATALGCG,
where:

* nodel _i d is a unique numeric identifier for the model.

* nmodel _owner is the user that created the model.

« nodel _handl e is the handle by which the model is called.

* M._SCHENA user 1. MODEL_CATALCOGis the fully qualified name of the MODEL_CATALOGtable. The
schema is named for the owning user.

Note

The example above retrieves data from only a few MODEL _CATALOGtable
columns. For other columns you can query, see Section 3.13.1, “The Model
Catalog”.

3.13.6 Scoring Models

ML_ SCORE scores a model by generating predictions using the feature columns in a labeled dataset as
input and comparing the predictions to ground truth values in the target column of the labeled dataset.

The dataset used with M__ SCORE should have the same feature columns as the dataset used to train
the model but the data sample should be different from the data used to train the model; for example,
you might reserve 20 to 30 percent of a labeled dataset for scoring.

M_._ SCORE returns a computed metric indicating the quality of the model. A value of None is reported
if a score for the specified or default metric cannot be computed. If an invalid metric is specified, the
following error message is reported: | nval i d data for the netric. Score could not be
conput ed.

Models with a low score can be expected to perform poorly, producing predictions and explanations
that cannot be relied upon. A low score typically indicates that the provided feature columns are not
a good predictor of the target values. In this case, consider adding more rows or more informative
features to the training dataset.

You can also run M__ SCORE on the training dataset and a labeled test dataset and compare results to
ensure that the test dataset is representative of the training dataset. A high score on a training dataset
and low score on a test dataset indicates that the test data set is not representative of the training
dataset. In this case, consider adding rows to the training dataset that better represent the test dataset.

HeatWave AutoML supports a variety of scoring metrics to help you understand how your model
performs across a series of benchmarks. For M._ SCORE parameter descriptions and supported
metrics, see Section 3.15.8, “ML_SCORE".

Before running ML_ SCORE, ensure that the model you want to use is loaded; for example:
nmysql > CALL sys. M._MODEL_LOAD( @ensus_nodel , NULL);
For information about loading models, see Section 3.13.3, “Loading Models”.

The following example runs M._ SCORE to compute model quality using the bal anced_accur acy
metric:

nmysqgl > CALL sys. M._SCORE(' heat waven _bench. census_val i date', 'revenue',
@ensus_nodel , ' bal anced_accuracy', @core);
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where:

» heat waveni _bench. census_val i dat e is the fully qualified name of the validation dataset table
(schema_nane. t abl e_nane).

* revenue is the name of the target column containing ground truth values.
e @ensus_nodel is the session variable that contains the model handle.

» bal anced_accur acy is the scoring metric. For other supported scoring metrics, see
Section 3.15.8, “ML_SCORE".

* @cor e is the user-defined session variable that stores the computed score. The M._ SCORE routine
populates the variable. User variables are written as @ ar _nane. The examples in this guide use
@cor e as the variable name. Any valid name for a user-defined variable is permitted, for example

@ry_score.

To retrieve the computed score, query the @ cor e session variable.

nysqgl > SELECT @&cor e;

e e emeeeeeeaaao +
| @core |
e e emeeeeeeaaao +
| 0.8188666105270386 |
e e emeeeeeeaaao +

3.13.7 Model Explanations

In MySQL 8.0.30, a model explanation is generated when you train a machine learning model using the
ML_TRAI Nroutine. As of MySQL 8.0.31, use the M__ EXPLAI Nroutine to train a model explainer for the
model and produce a model explanation. The model explanation is stored in the nodel _expl anati on
column in the MODEL_CATALOGtable.

A model explanation helps you identify the features that are most important to the model overall.
Feature importance is presented as a numerical value ranging from 0 to 1. Higher values signify higher
feature importance, lower values signify lower feature importance, and a 0 value means that the feature
does not influence the model.

The following example retrieves the model explanation for the census model:

nysqgl > SELECT nodel _expl anati on FROM M._SCHEMA user 1. MODEL_CATALOG
VWHERE nodel _handl e=@ensus_nodel ;

where:

e M_L_SCHENA user 1. MODEL CATALOGIs the fully qualified name of the MODEL _CATALOGtable. The
schema is named for the user that created the model.

« @ensus_nodel is the session variable that contains the model handle.

3.13.8 Model Handles

When ML_TRAI Ntrains a model, it generates a model handle, which is required when running other
HeatWave AutoML routines. As of MySQL 8.0.31, you can replace the generated model handle with a
model handle of your choice, which must be unique in the model catalog.

The model handle is stored temporarily in a user-defined session variable specified in the M._ TRAI N
call. In the following example, @ensus_nodel is defined as the model handle session variable:

nmysqgl > CALL sys. M._TRAI N(' heat wavenl _bench. census_train', 'revenue', NULL, @ensus_nodel);

To use your own model handle instead of a generated one, set the value of the session variable before
calling the M__ TRAI Nroutine, like this:
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nmysql > SET @ensus_nodel = 'census_test';
nmysqgl > CALL sys. ML_TRAI N(' heat waven _bench. census_train', 'revenue', NULL, @ensus_nodel);

If you set a model handle that already appears in the model catalog, the M__ TRAI N routine returns an
error.

While the connection used to run M._ TRAI N remains active, that connection can retrieve the model
handle by querying the session variable; for example:

nmysql > SELECT @ensus_nodel ;

S S P S P +

| @ensus_nodel |

S S P S P +

| heat wavem _bench. census_trai n_user1_1636729526 |

S S P S P +
Note

The format of the generated model handle is subject to change.

While the session variable remains populated with the model handle, it can be specified in place of
the model handle when running other M__* routines. However, once the connection is terminated, the
session variable data is lost. In this case, you can look up the model handle by querying the model
catalog table; for example:

nysql > SELECT nodel _handl e, nodel _owner, train_table_nane
FROM M._SCHEMA user 1. MODEL_CATALOG;

You can specify the model handle in ML_ROUTI NE_* calls directly; for example:
nysqgl > SELECT sys. M._PREDI CT_RON @ ow_i nput, 'heatwaven _bench. census_train_user1l_1636729526');
Alternatively, you can reassign a model handle to a session variable; for example:
e To assign a model handle to a session variable named @ry_nodel :
nysql > SET @vy_nodel = 'heatwavenl bench. census_train_userl 1636729526 ;

» To assign a model handle to a session variable named @ry_nodel for the most recently trained
model:

nysql > SET @w_nodel = (SELECT nodel _handl e FROM M._SCHEMA user 1. MODEL_CATALOG
ORDER BY nodel id DESC LIMT 1);

The most recently trained model is the last model inserted into the MODEL _CATALOGtable. It has the
most recently assigned nodel _i d, which is a unique auto-incrementing numeric identifier.

3.13.9 Deleting Models

A model can be deleted by the owning user or users that have been granted the required privileges on
the MODEL CATALCOGtable.

To delete a model from the model catalog, issue a query similar to the following:

nysql > DELETE FROM M._SCHEMA user 1. MODEL_CATALOG WHERE nodel _id = 3;
where:

e ML_SCHENA user 1. MODEL_ CATALOGis the fully qualified name of the MODEL _CATALOGtable. The
schema is named for the user that created the model.

 nodel i d = 3isthe ID of the model you want to delete.
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3.13.10 Sharing Models

As of MySQL 8.1.0, a user can only load their own model, the M._MODEL_LOAD user parameter is
ignored, and it is not possible to share a model. See Section 2.3.7, “CREATE TABLE ... SELECT
Statements” for an alternative method.

Sharing a model requires granting model catalog privileges to another user. You can only share a
model with another MySQL user on the same MySQL DB System.

To grant model catalog privileges, issue a statement similar to the following:

nysqgl > GRANT SELECT, ALTER, | NSERT, CREATE, UPDATE, DROP, GRANT OPTI ON
ON M._SCHENA user 1. MODEL CATALOG
TO '"user2' @ % ;

where:

 M__SCHENA user 1. MODEL_CATALOGIs the fully qualified name of the MODEL_CATALOGtable. The
schema is named for the user that created the model.

e 'user2' @% is the user you want to grant access to.
Note

The user that is granted model catalog privileges must also have the privileges
required to use HeatWave AutoML and the CREATE privilege on the schema
where ML_PREDI CT_TABLE or M._EXPLAI N_TABLE results are written. See
Section 3.2, “Before You Begin”.

After a model catalog is shared with another user, that user can access models in the catalog when
running ML_* routines. For example, ' user 2' @ % in the example above might assign a model
handle from the user 1 model catalog to a session variable, and call that session variable from a
M._PREDI CT_TABLE routine. The model owner is responsible for loading a model shared with other
users.

nysql > SET @ry_nodel = (SELECT nodel _handl e
FROM M._SCHEMA user 1. MODEL_CATALOG
VWHERE train_tabl e_nane LIKE '%ensus_train%);

nysqgl > SELECT @ry_nodel ;

e +
| @y _nodel |
e +
| heat wavenml _bench. census_train_user1l_ 1648167434 |
e +

nysqgl > CALL sys. M._PREDI CT_TABLE(' heat wavenl _bench. census_t est _subset', @ry_nodel,
' heat waven _bench. census_predi ctions');

3.14 Progress tracking

MySQL 8.0.32 introduces progress tracking for ML_ TRAI N. Use a second MySQL Client window to
track progress with calls to the performance schema.

MySQL 8.2.0 adds progress tracking for all HeatWave AutoML routines:
 ML_TRAI N.
« ML_EXPLAI N.

 M._MODEL | MPORT for models in ONNX format. Progress tracking does not support
M. MODEL | MPORT for models in HeatWave AutoML format.

M__PREDI CT_ROW

M._PREDI CT_TABLE.
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« M._EXPLAI N_ROW

M._EXPLAI N_TABLE.

M__ SCORE.
e M._MODEL_LOAD.
e M._MODEL_UNLOAD.

For each of these routines, progress tracking tracks each individual operation, stages within routines,
and includes a completed percentage value.

MySQL 8.2.0 adds batch processing for M._ PREDI CT_TABLE and M._EXPLAI N_TABLE.

Syntax Examples

* As of MySQL 8.2.0, run M._TRAI N from the first MySQL Client window:

nysqgl > CALL sys. M._TRAIN(' ml corpus_v5. titanic_train ', 'survived , NULL, @mdel);
Query OK, O rows affected (1 min 28.7369 sec)

From the second MySQL Client window, run the following successive queries:

1. Atthe start of the ML_TRAI N operation.

nysqgl > SELECT * FROM perfornmance_schena. rpd_query_stats;

L L EEE R fmoommsomoaooos fmoomosomoaooes e e e e - - - - - - - — - -
| QUERY_ ID | STATEMENT ID | CONNECTION ID | QUERY TEXT | QEXEC TEXT

L L EEE R fmoommsomoaooos fmoomosomoaooes e e e e - - - - - - - — - -
| 1| 4294967295 | 4294967295 | M__LQOAD TABLE | {"status": "Conpleted", "conpletedSteps":
| 2 | 4294967295 | 4294967295 | M__TRAIN | {"options": null, "operation": "training"
L L EEE R fmoommsomoaooos fmoomosomoaooes e e e e - - - - - - - — - -

2 rows in set (0.0005 sec)

2. During the M__TRAI N operation.

nysqgl > SELECT * FROM performance_schena. rpd_query_stats;

doccossosas dmsscsscssossos [ [ o _ — — — — = — = - -
| QUERY_ID | STATEMENT ID | CONNECTION ID | QUERY_TEXT | QEXEC TEXT

doccossosas dmsscsscssossos [ [ o _ — — — — = — = - -
| 1] 4294967295 | 4294967295 | M._LOAD TABLE | {"status": "Conpleted", "conpl etedSteps":
| 2| 4294967295 | 4294967295 | M__TRAIN | {"status": "In Progress", "conpl etedSteps
doccossosas dmsscsscssossos [ [ o _ — — — — = — = - -

2 rows in set (0.0005 sec)

3. When the ML_TRAI N operation is complete.

nysqgl > SELECT * FROM performance_schenma. rpd_query_stats;

doscossosos dmsscsscsscssos dmsscsscssoosoos dmsccsscsscsscosooss dmsccscossoosoosoosoosoossos NI
| QUERY_ID | STATEMENT ID | CONNECTION ID | QUERY_TEXT | QEXEC TEXT

doscossosos dmsscsscsscssos dmsscsscssoosoos dmsccsscsscsscosooss dmsccscossoosoosoosoosoossos NI
| 1] 4294967295 | 4294967295 | M._LOAD TABLE | {"status": "Conpleted", "conpletedSte
| 2| 4294967295 | 4294967295 | M__TRAIN | {"status": "Conpleted", "conpletedSte
| 3| 4294967295 | 4294967295 | M._MODEL_OBJECT | {"status": "Conpleted", "conpletedSte
| 4| 4294967295 | 4294967295 | M._MODEL_NMETADATA | {"status": "Conpleted", "conpletedSte
| 5| 4294967295 | 4294967295 | M._UNLOAD MODEL | {"status": "Conpleted", "conpletedSte
doscossosos dmsscsscsscssos dmsscsscssoosoos dmsccsscsscsscosooss dmsccscossoosoosoosoosoossos NI

5 rows in set (0.0005 sec)

» As of MySQL 8.2.0, as an example for other operations, run M_._ EXPLAI N from the first MySQL

Client window:

nysqgl > CALL sys. M._MODEL_LOAD( @model , NULL);
Query OK, 0 rows affected (0.5951 sec)

nysqgl > CALL sys. M._EXPLAI N(' ml corpus_v5. ‘titanic_train ', 'survived 6 @mwdel,
JSON_OBJECT( ' nodel _expl ainer', 'fast_shap', 'prediction_explainer', 'shap'));
Query OK, O rows affected (8 mn 35.2447 sec)
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From the second MySQL Client window, run the following successive queries:

1. Atthe start of the M__EXPLAI N operation. The first five rows relate to the progress of M__ TRAI N.

nysqgl > SELECT * FROM perfornmance_schena. rpd_query_stats;

L L EEE R fmoammoomoaooss dmmcommooooomoaoooan L LR, - - - .
| QUERY_ID | STATEMENT ID | CONNECTION I D | QUERY_TEXT | QEXEC TEXT

L L EEE R fmoammoomoaooss dmmcommooooomoaoooan L LR, - - - .
| 6 | 4294967295 | 4294967295 | M__LOAD TABLE | {"status": "Conpleted", "conplete
| 7 | 4294967295 | 4294967295 | M__LQOAD TABLE | {"status": "Conpleted", "conplete
| 8 | 4294967295 | 4294967295 | M__EXPLAI N | {"options": {"nodel _explainer": "f
L L EEE R fmoammoomoaooss dmmcommooooomoaoooan L LR, - - - .

8 rows in set (0.0005 sec)

2. During the M__EXPLAI N operation.

nysqgl > SELECT * FROM performance_schena. rpd_query_stats;

L L EEE R fmoammoomoaooss dmmcommooooomoaoooan L LR, - - - .
| QUERY_ID | STATEMENT ID | CONNECTION I D | QUERY_TEXT | QEXEC TEXT

oo omo=ooe R L R dhmmcommooooomoaoooan L LR - _ .
| 6 | 4294967295 | 4294967295 | M__LOAD TABLE | {"status": "Conpleted", "conplete
| 7 | 4294967295 | 4294967295 | M__LOAD TABLE | {"status": "Conpleted", "conplete
| 8 | 4294967295 | 4294967295 | M__EXPLAIN | {"status": "In Progress", "conpl et
oo omo=ooe R L R dhmmcommooooomoaoooan L LR - _ .

8 rows in set (0.0005 sec)

3. When the M__EXPLAI N operation is complete.

nysqgl > SELECT * FROM performance_schena. rpd_query_stats;

R EEEE R R dmmcommooooonoaoooan R LR - - - -
| QUERY_ID | STATEMENT ID | CONNECTION I D | QUERY_TEXT | QEXEC TEXT

R EEEE R R dmmcommooooonoaoooan R LR - - - -
| 6 | 4294967295 | 4294967295 | M__LOAD TABLE | {"status": "Conpleted", "conplete
| 7 | 4294967295 | 4294967295 | M__LOAD TABLE | {"status": "Conpleted", "conplete
| 8 | 4294967295 | 4294967295 | M__EXPLAI N | {"status": "Conpleted", "conplete
| 9 | 4294967295 | 4294967295 | M__MODEL_OBJECT | {"status": "Conpleted", "conpl et et
| 10 | 4294967295 | 4294967295 | M__MODEL_METADATA | {"status": "Conpl eted", "conpl et et
R EEEE R R dmmcommooooonoaoooan R LR - - - -

10 rows in set (0.0005 sec)

» As of MySQL 8.2.0, run M__PREDI CT_ROWfrom the first MySQL Client window:

nysql > SELECT sys. M._PREDI CT_ROW

JSON_OBJECT( ' pcl ass', "titanic_test . pclass’,
‘nane', “titanic_test . nane’,
‘sex', ‘titanic_test . sex,
‘age', ‘titanic_test . age’,
"sibsp', titanic_test . sibsp’,
‘parch', ‘titanic_test . parch’,
"ticket', titanic_test . ticket ,
‘fare', titanic_test . fare’,
‘cabin', titanic_test . cabin,
‘enbarked', "titanic_test . enbarked,
"boat', "titanic_test . boat",
"body', "titanic_test . body",
"hone. dest', "titanic_test . hone.dest” ),

@mdel , NULL) FROM "titanic_test’ LIMT 4;

e e = = = = = =
| sys. M__PREDI CT_ROWN JSON OBJECT(' pclass', ‘titanic_test . pclass™, ' nane', titanic_test . nane’,'sex',
e e = = = = = =
| {"age": 20.0, "sex": “"nmmle", "boat": null, "body": 89.0, "fare": 9.2250003815, "nane": "d svigen, N\
| {"age": 4.0, "sex": “"fenmle", "boat": "2", "body": null, "fare": 22.0249996185, "nanme": "Kink-Heilr
| {"age": 42.0, "sex": "nmmle", "boat": null, "body": 120.0, “"fare": 7.6500000954, "nanme": "Hunblen, N
| {"age": 45.0, "sex": "nmle", "boat": "7", "body": null, "fare": 29.7000007629, "nane": "Chevre, M.
e e = = = = = =

4 rows in set (1.1977 sec)

From the second MySQL Client window, run the following query:

nysqgl > SELECT * FROM per f or mance_schena. r pd_query_st at s;
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FEET s R T F T ES = S S S SR ——— _ _ _ ____ ..
| QUERY_ID | STATEMENT_ID | CONNECTION_|ID | QUERY_TEXT | QEXEC_TEXT

oo T T e e . - ..
| 23 | 4294967295 | 4294967295 | M__PREDI CT_ROW | {"status": "Conpleted", "conpletedSteps":
| 24 | 4294967295 | 4294967295 | M__PREDI CT_ROW | {"status": "Conpleted", "conpletedSteps":
| 25 | 4294967295 | 4294967295 | M__PREDI CT_ROW | {"status": "Conpleted", "conpletedSteps":
| 26 | 4294967295 | 4294967295 | M__PREDI CT_ROW | {"status": "Conpleted", "conpletedSteps":
oo T T e e . - ..

26 rows in set (0.0005 sec)

As of MySQL 8.2.0, call M._PREDI CT_TABLE with a bat ch_si ze of 2 on a table with 4 rows:

mysql > CALL sys. M._MODEL_LOAD( @model , NULL);
Query OK, O rows affected (0.5957 sec)

nysqgl > CREATE TABLE ‘titanic_test_tenp AS SELECT * FROM "titanic_test’ LIMT 4;
Query OK, 4 rows affected (0.0200 sec)

nysqgl > CALL sys. M._PREDI CT_TABLE(' ml corpus_v5. 'titanic_test_tenp ', @mdel,
"m corpus_v5. ‘titanic_predictions ', JSON OBJECT('batch_size',2));
Query OK, O rows affected (3.6509 sec)

mysql > SELECT * FROM titani c_predictions;

+ooo- - tooiooo - e S S tooiooo - +ooo- - toioioo - toioioo - 15 - - S +- - -
| _id | pclass | nane | sex | age | sibsp | parch | ticket | far
+ooo- - tooiooo - e S S tooiooo - +ooo- - toioioo - toioioo - 15 - - S +- - -
| 1| 3 | dsvigen, M. Thor Anderson | male | 20 | 0 | 0 | 6563 | 9.
| 2 | 3 | Kink-Heilmann, Mss. Luise G etchen | female | 4 | 0 | 2 | 315153 | 22.
| 3 | 3 | Humblen, M. Adolf Mathias Nicolai Osen | male | 42 | 0 | 0 | 348121 | |
| 4 | 1| Chevre, M. Paul Ronmine | male | 45 | 0 | 0 | PC 17594 | :
+ooo- - tooiooo - e S S tooiooo - +ooo- - toioioo - toioioo - 15 - - S +----

4 rows in set (0.0006 sec)

From the second MySQL Client window, run the following query:

nmysql > SELECT * FROM perfor mance_schena. r pd_query_stats;

dmccccccoos dimccccccoccccoos dimccccccoccccooo dimcccccococccooccccoo dimccccoccocccooccococooooooe s oo o o
| QUERY_ID | STATEMENT ID | CONNECTION ID | QUERY_TEXT | QEXEC TEXT

dmccccccoos dimccccccoccccoos dimccccccoccccooo dimcccccococccooccccoo dimccccoccocccooccococooooooe s oo o o
[ 8 | 397099 | 10 | M__LQAD TABLE | {"status": "Conpleted", "conpletedSteps":
[ 9 | 397224 | 10 | M__LQAD TABLE | {"status": "Conpleted", "conpletedSteps":
[ 10 | 595247 | 10 | M__PREDI CT_TABLE | {"status": "Conpleted", "conpletedSteps":
[ 11 | 595318 | 10 | M__LQAD TABLE | {"status": "Conpleted", "conpletedSteps":
[ 12 | 793401 | 10 | M__PREDI CT_TABLE | {"status": "Conpleted", "conpletedSteps":
dmccccccoos dimccccccoccccoos dimccccccoccccooo dimcccccococccooccccoo dimccccoccocccooccococooooooe s oo o o

12 rows in set (0.0011 sec)

As of MySQL 8.2.0, to extract the completed percentage for the ML_ TRAI N operation:

nmysql > SELECT QEXEC TEXT | NTO @r ogress_j son
FROM per f or mance_schema. rpd_query_stats
WHERE QUERY_TEXT=' M__TRAI N
ORDER BY QUERY_I D
DESC limt 1;
Query OK, 1 row affected (0.0009 sec)

nmysql > SELECT JSON_EXTRACT( @r ogr ess_j son, '$.conpl eti onPercentage');
Query OK, 1 row affected (0.0009 sec)

dimccccoccocccoocccoSScccoocCcoSScccoScCcococcoocccoooDcoooo +
| JSON_EXTRACT( @r ogress_j son, '$.conpletionPercentage') |
dimccccoccocccoocccoSScccoocCcoSScccoScCcococcoocccoooDcoooo +
| 63 |
dimccccoccocccoocccoSScccoocCcoSScccoScCcococcoocccoooDcoooo +

1 rowin set (0.0005 sec)

As of MySQL 8.2.0, to extract the status for the ML_TRAI N operation:

nmysql > SELECT QEXEC TEXT | NTO @r ogress_j son
FROM per f or mance_schema. rpd_query_stats
WHERE QUERY_TEXT=' M__TRAI N
ORDER BY QUERY_I D
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DESC limt 1;
Query OK, 1 row affected (0.0009 sec)

nysql > SELECT JSON_EXTRACT( @r ogress_j son, '$.status');
Query OK, 1 row affected (0.0009 sec)

e S S +
| JSON_EXTRACT( @rogress_json, '$.status') |
e S S +
| "I'n Progress" |
e S S +

1 rowin set (0.0006 sec)

» As of MySQL 8.0.32, and before MySQL 8.2.0, run M__ TRAI N from the first MySQL Client window:

mysql > CALL sys. ML_TRAI N(' heat wavem _bench. census_train', 'revenue',
JSON_OBJECT('task', 'classification'), @ensus_nodel);

From the second MySQL Client window, run the following successive queries:

1. Before ML_TRAI N has started. It might take several seconds before ML_ TRAI N starts with a large
dataset.

nmysql > SELECT QEXEC TEXT FROM perfornmance_schema. rpd_query_stats
WHERE QUERY_TEXT=" M__TRAI N
ORDER BY QUERY_I D
DESC limt 1;

| {"options": null, "operation": "training", "user_nane": "userl", "table_nane": "'census_train ",

2. During the M__TRAI N operation.

nmysql > SELECT QEXEC TEXT FROM perfornmance_schema. rpd_query_stats
WHERE QUERY_TEXT=" M__TRAI N
ORDER BY QUERY_I D
DESC limt 1;

| {"status": "In Progress", "conpletedSteps": ["Initialization", "Preprocessing", "Al gorithm Sel e

3. When the ML_TRAI N operation is complete.

nmysql > SELECT QEXEC TEXT FROM perfornmance_schema. rpd_query_stats
WHERE QUERY_TEXT=" M__TRAI N
ORDER BY QUERY_I D
DESC limt 1;

| {"status": "Conpleted", "conpletedSteps": ["Initialization", "Preprocessing", "A gorithm Sel ecti

3.15 HeatWave AutoML Routines

HeatWave AutoML routines reside in the MySQL sys schema.

Examples in this section are based on the Iris Data Set. See Section 7.3, “Iris Data Set Machine
Learning Quickstart”.

3.15.1 ML_TRAIN

Run the ML_TRAI Nroutine on a labeled training dataset to produce a trained machine learning model.
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ML_TRAIN Syntax

MySQL 8.2.0 adds recommendation models that use implicit feedback to learn and recommend
rankings for users and items.

nysqgl > CALL sys. M__TRAIN ('table_nane', 'target_columm_nane', [options], nodel _handle);

options: {
JSON _OBJECT(' key','value'[,"'key','value'] ...)
"key','val ue':
"task', {'classification'|'regression'|'forecasting'|'anomaly_detection'|'recomendation'}|NULL

'feedback', {'explicit'|"inplicit'}
' f eedback_t hreshol d', 'threshold

I

| * dat eti ne_i ndex', 'colum’

| * endogenous_vari abl es', JSON_ARRAY(' colum'[,"'colum'] ...)
| * exogenous_vari abl es', JSON_ARRAY('colum'[,"'colum'] ...)
| *nodel _list', JSON_ARRAY('nodel'[,'nodel'] ...)

| * excl ude_nodel _list', JSON_ARRAY('nodel'[,'nodel'] ...)

| *optimzation_netric', 'netric’

| “include_colum_list', JSON_ARRAY('colum'[,"'colum'] ...)
| * excl ude_col umm_list', JSON_ARRAY('colum'[,"'colum'] ...)
| * contami nation', 'contam nation factor'

| *users', 'users_colum'

|"itens', 'itens_colum'

| *notes', 'notes_text'

I

I

}

MySQL 8.1.0 adds not es to the JSON options, the Ext r aTr eesCl assi fi er classification
model, and the Ext r aTr eesRegr essor regression model. Forecasting does not require
target col umm_nane, and it can be set to NULL.

nysqgl > CALL sys. M__TRAIN ('table_nane', 'target_columm_nane', [options], nodel _handle);

options: {
JSON_OBJECT(' key', 'value'[,"'key','value'] ...)
"key','val ue':
"task', {'classification'|'regression'|'forecasting'|'anomaly_detection'|'recomendation'}|NULL

I

| * dat eti ne_i ndex', 'columm’

| * endogenous_vari abl es', JSON_ARRAY(' colum'[,"'colum'] ...)
| * exogenous_vari abl es', JSON_ARRAY('colum'[,"'colum'] ...)
| *nodel _list', JSON_ARRAY('nodel'[,'nodel'] ...)

| “ excl ude_nodel _list', JSON_ARRAY('nodel'[,'nodel'] ...)

| "optimzation_netric', 'netric’

| “include_colum_list', JSON_ARRAY('colum'[,"'colum'] ...)
| “ excl ude_col umm_list', JSON_ARRAY('colum'[,"'colum'] ...)
| * contami nation', 'contam nation factor'

| "users', 'users_colum'

|"itenms', 'itens_colum'

| " notes', 'notes_text'

}

MySQL 8.0.33 adds support for recommendation models.
nysqgl > CALL sys. M._TRAIN ('table_nane', 'target_columm_nane', [options], nodel _handle);

options: {
JSON _OBJECT(' key','value'[,"'key','value'] ...)
"key','val ue':
"task', {'classification'|'regression'|'forecasting'|'anomaly_detection'|'recomendation'}|NULL

‘datetine_index', 'colum'
' endogenous_vari abl es', JSON_ARRAY('columm'[,"'colum'] ...)
' exogenous_vari abl es', JSON _ARRAY('columm'[,'colum'] ...)

nodel _|ist', JSON _ARRAY(' nodel'[, ' nodel'] ...)

excl ude_nodel _list', JSON ARRAY(' nodel'[,'nodel'] ...)
optim zation_netric', 'netric'

i ncl ude_colum_list', JSON ARRAY('colum'[,'colum'] ...)
excl ude_colum_list', JSON ARRAY('colum'[,'colum'] ...)
contam nation', 'contam nation factor'

users', 'users_colum’

"itens', 'itens_colum’
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MySQL 8.0.32 adds support for multivariate endogenous forecasting models, and exogenous
forecasting models. MySQL 8.0.32 also adds support for anomaly detection models.

nmysql > CALL sys. M._TRAIN ('table_nanme', 'target_columm_nane', [options], nodel _handle);

options: {
JSON_OBJECT(' key','value'[,"'key','value'] ...)
"key','val ue':
"task', {'classification'|'regression'|'forecasting' |'anomaly_detection'}|NULL

I

| " datetime_i ndex', 'colum'

| * endogenous_vari abl es’, JSON_ARRAY(' colum'[,"'colum'] ...)
| * exogenous_vari abl es', JSON_ARRAY('colum'[,"'colum'] ...)
| model _list', JSON_ARRAY(' nodel'[,'nodel'] ...)

| “ excl ude_nodel _l'ist', JSON_ARRAY('nodel'[,'nodel"'] ...)

| "optimzation_netric', 'netric’

| “include_colum_list', JSON_ARRAY('colum'[,"'colum'] ...)
| “ excl ude_colum_list', JSON_ARRAY('colum'[,"'colum'] ...)
| * contamination', 'contamination factor'

}

Before MySQL 8.0.32:

nmysql > CALL sys. M._TRAIN ('table_nane', 'target_columm_nane', [options], nodel handl e);

options: {
JSON_OBJECT(' key','value'[," ' key','value'] ...)
"key','val ue':
|"task', {'classification'|'regression'|'forecasting'}|NULL
| " datetine_i ndex', 'colum'
| * endogenous_vari abl es', JSON_ARRAY(' col um')
| model _list', JSON_ARRAY(' nodel'[,'nodel'] ...)
| “ excl ude_nodel _Iist', JSON_ARRAY('nodel'[,'nodel'] ...)
|
|

'optim zation_netric', 'netric’
"exclude_columm_list', JSON ARRAY('colum'[,"'colum'] ...)
}
Note

The MySQL account that runs ML_TRAI N cannot have a period character (".")
in its name; for example, a user named ' j oesm t h' @ % is permitted to train
a model, but a user named ' j oe. sni th' @ % is not. For more information
about this limitation, see Section 3.18, “HeatWave AutoML Limitations”.

The ML_TRAI Nroutine also runs the M__EXPLAI N routine with the default Permutation Importance
model for prediction explainers and model explainers. See Section 3.6, “Training Explainers”. To train
other prediction explainers and model explainers use the ML_ EXPLAI N routine with the preferred
explainer after M._ TRAI N. MySQL 8.0.31 does not run the M._ EXPLAI N routine after M__ TRAI N.

M__EXPLAI N does not support the anonal y_det ecti on and r econmendat i on tasks, and
M._TRAI Ndoes not run M_ EXPLAI N.

M__TRAI N parameters:

» tabl e_nane: The name of the table that contains the labeled training dataset. The table name must
be valid and fully qualified; that is, it must include the schema name, schenma_nane. t abl e_nane.
The table cannot exceed 10 GB, 100 million rows, or 1017 columns. Before MySQL 8.0.29, the
column limit was 900.

e target col umm_nane: The name of the target column containing ground truth values.

HeatWave AutoML does not support a text target column.

Anomaly detection does not require labelled data, and t ar get _col unm_nane must be set to NULL.

As of MySQL 8.1.0 forecasting does not require t ar get _col unm_nan®e, and it can be set to NULL.
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e nodel handl e: The name of a user-defined session variable that stores the machine learning

model handle for the duration of the connection. User variables are written as @ar _nane. Some of
the examples in this guide use @ensus_nodel as the variable name. Any valid name for a user-
defined variable is permitted, for example @ry _nodel .

As of MySQL 8.0.31, if the nodel _handl e variable was set to a value before calling M__ TRAI N,
that model handle is used for the model. A model handle must be unique in the model catalog.

Otherwise, HeatWave AutoML generates a model handle. When ML_ TRAI N finishes executing,
retrieve the generated model handle by querying the session variable. See Section 3.13.8, “Model
Handles".

opt i ons: Optional parameters specified as key-value pairs in JSON format. If an option is not
specified, the default setting is used. If no options are specified, you can specify NULL in place of the
JSON argument.

« t ask: Specifies the machine learning task. Permitted values are:
e cl assification: The default. Use this task type if the target is a discrete value.
e regression: Use this task type if the target column is a continuous numerical value.

« forecasti ng: Use this task type if the target column is a date-time column that requires a
timeseries forecast. The dat et i me_i ndex and endogenous_var i abl es parameters are
required with the f or ecast i ng task.

e anomal y_det ect i on: Use this task type to detect anomalies.
e recomendat i on: Use this task type for recommendation models.

« dat eti me_i ndex: For forecasting tasks, the column name for a datetime column that acts as an
index for the forecast variable. The column can be one of the supported datetime column types,
DATETI ME, TI MESTANMP, DATE, Tl ME, and YEAR, or an auto-incrementing index.

The forecast models SARI MAXFor ecast er , VARVAXFor ecast er, and DynFact or For ecast er
cannot back test, that is forecast into training data, when using exogenous_var i abl es.
Therefore, the predict table must not overlap the dat et i ne_i ndex with the training table. The
start date in the predict table must be a date immediately following the last date in the training
table when exogenous_var i abl es are used. For example, the predict table has to start with
year 2024 if the training table with YEAR data type dat et i me_i ndex ends with year 2023.

The dat et i me_i ndex for the predict table must not have missing dates after the last date in the
training table. For example, the predict table has to start with year 2024 if the training table with
YEAR data type dat et i ne_i ndex ends with year 2023. The predict table cannot start with year,
for example, 2025 or 2030, because that would miss out 1 and 6 years, respectively.

When opt i ons do not include exogenous_var i abl es , the predict table can overlap the
dat et i ne_i ndex with the training table. This supports back testing.

The valid range of years for dat et i me_i ndex dates must be between 1678 and 2261. It will
cause an error if any part of the training table or predict table has dates outside this range. The
last date in the training table plus the predict table length must still be inside the valid year range.
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For example, if the dat et i ne_i ndex in the training table has YEAR data type, and the last date is
year 2023, the predict table length must be less than 238 rows: 2261 minus 2023 equals 238 rows.

endogenous_vari abl es: For forecasting tasks, the column or columns to be forecast.

Univariate forecasting models support a single numeric column, specified as a JSON_ARRAY. This
column must also be specified as the t ar get _col unm_nane, because that field is required, but it
is not used in that location.

Multivariate forecasting models support multiple numeric columns, specified as a JSON_ARRAY.
One of these columns must also be specified as the t ar get _col urm_nane.

endogenous_vari abl es cannot be text.

exogenous_vari abl es: For forecasting tasks, the column or columns of independent, non-
forecast, predictive variables, specified as a JSON_ARRAY. These optional variables are not
forecast, but help to predict the future values of the forecast variables. These variables affect a
model without being affected by it. For example, for sales forecasting these variables might be
advertising expenditure, occurrence of promotional events, weather, or holidays.

M__TRAI N will consider all supported models during the algorithm selection stage if
opt i ons includes exogenous_var i abl es, including models that do not support
exogenous_vari abl es.

For example, if opt i ons includes univariate endogenous_var i abl es with
exogenous_vari abl es, then M__TRAI Nwill consider Nai veFor ecast er,
Thet aFor ecast er , ExpSnoot hFor ecast er, ETSFor ecast er, STLWESFor ecast er,
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STLWARI MAFor ecast er, and SARI MAXFor ecast er. M._TRAI Nwill ignore
exogenous_vari abl es if the model does not support them.

Similarly, if opt i ons includes multivariate endogenous_var i abl es with
exogenous_vari abl es, then M__TRAI Nwill consider VARMAXFor ecast er and
DynFact or For ecast er.

If opti ons also includes i ncl ude_col unm_1 i st , this will force M._ TRAI Nto only consider
those models that support exogenous_vari abl es.

nodel _|i st: The type of model to be trained. If more than one model is specified, the best model
type is selected from the list. See Section 3.15.11, “Model Types”.

This option cannot be used together with the excl ude_nodel | i st option, and it is not
supported for anomal y_det ect i on tasks.

excl ude_nodel _|i st: Model types that should not be trained. Specified model types are
excluded from consideration during model selection. See Section 3.15.11, “Model Types”.

This option cannot be specified together with the nodel _| i st option, and it is not supported for
anonal y_det ecti on tasks.

optim zation_netric: The scoring metric to optimize for when training a machine
learning model. The metric must be compatible with the t ask type and the target data. See
Section 3.15.13, “Optimization and Scoring Metrics”.

This is not supported for anonal y_det ect i on tasks.

i ncl ude_col umm_lIi st : M_._TRAI N must include this list of columns.

Forcl assi fication,regression,anonal y _detecti on andrecomendati on tasks,
i ncl ude_col umm_l i st ensures that ML_TRAI N will not drop these columns.

For f orecasti ng tasks, i ncl ude_col unm_1i st can only include exogenous_vari abl es.
Ifi ncl ude_col unm_I i st contains at least one exogenous_var i abl es, this will force
M._TRAI Nto only consider those models that support exogenous_vari abl es.

All columns ini ncl ude_col umm_Il i st must be included in the training table.

excl ude_col unm_I i st : Feature columns of the training dataset to exclude from consideration
when training a model. Columns that are excluded using excl ude_col unm_1 i st do not need to
be excluded from the dataset used for predictions.

The excl ude_col utm_1 i st cannot contain any columns provided in
endogenous_vari abl es, exogenous_vari abl es,and i ncl ude_col um_1li st .

cont am nat i on: The optional contamination factor for use with the anonal y_det ect i on task.
0 <contam nati on < 0.5. The default value is 0.1.

user s: Specifies the column name corresponding to the user ids.

This must be a valid column name, and it must be different from the i t ens column name.

i t ens: Specifies the column name corresponding to the item ids.

This must be a valid column name, and it must be different from the user s column name.
not es: Add notes to the nodel _net adat a.

f eedback: The type of feedback for a recommendation model, expl i ci t, the default, or
inmplicit.
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« feedback_t hreshol d: The feedback threshold for a recommendation model with implicit
feedback. All ratings at or above the f eedback_t hr eshol d are implied to provide positive
feedback. All ratings below the f eedback _t hr eshol d are implied to provide negative feedback.
The default value is 1.

Syntax Examples

* An M__TRAI N example that uses the cl assi fi cat i on task option implicitly (cl assi fi cati onis
the default if not specified explicitly):

nysqgl > CALL sys. M._TRAIN('ml _data.iris_train', 'class',
NULL, @ris_nodel);

* An ML_TRAI N example that specifies the cl assi fi cat i on task type explicitly, and sets a model
handle instead of letting HeatWave AutoML generate one:

nysql > SET @ris_nodel = "iris_manual';

nysqgl > CALL sys. M._TRAIN(' ml _data.iris_train', 'class',
JSON _OBJECT('task', 'classification'),
@ris_nodel);

« An ML_TRAI N example that specifies the r egr essi on task type:

mysql > CALL sys. ML_TRAI N(' enpl oyee. salary_train', 'salary',
JSON _OBJECT('task', 'regression'), @alary_nodel);

* An M__TRAI N example that specifies the nodel _| i st option. This example trains either an
XCGBC assifier or LGBMC assi fi er model.

nmysql > CALL sys.m _train('m _data.iris_train', 'class',
JSON_OBJECT('task','classification',
"model _list', JSON_ARRAY(' XGBCl assifier', 'LGMI assifier')),
@ris_nodel);

» An ML_TRAI N example that specifies the excl ude_nodel _|i st option. In this example,
Logi sti cRegressi on and Gaussi anNB models are excluded from model selection.

nysqgl > CALL sys.ml _train('m _data.iris_train', 'class',
JSON_OBJECT(' task','classification',
"exclude_nodel _list', JSON ARRAY(' Logi sticRegression', 'GaussianNB)),
@ris_nodel);

* An ML_TRAI N example that specifies the opt i m zat i on_netri c option.

nysqgl > CALL sys.ml _train('m _data.iris_train', 'class',
JSON _OBJECT('task','classification', 'optimzation_netric', 'neg_log |loss') ,
@ris_nodel);

« An ML_TRAI N example that specifies the excl ude_col urm_| i st option.

nysqgl > CALL sys.ml _train('m _data.iris_train', 'class',
JSON_OBJECT(' task','classification',
"exclude_colum_list', JSON ARRAY('sepal length', 'petal length')),
@ris_nodel);

* An ML_TRAI N example that adds not es to the nodel _net adat a.

nmysql > CALL sys.m _train('m _data.iris_train', 'class',
JSON_OBJECT('task','classification', 'notes', 'testing2'),
@ris_nodel);

Query OK, O rows affected (1 min 42.53 sec)

nmysql > SELECT nodel _net adata FROM M__SCHENA r oot . MODEL_ CATALOG
VWHERE nodel _handl e=@ri s_nodel ;

| {"task": "classification", "notes": "testing2", "format": "HWWLv1.0", "n_rows": 105, "status": "Ree
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1 rowin set (0.00 sec)

See also:

» Section 3.9.1, “Training a Forecasting Model”

e Section 3.10.1, “Training an Anomaly Detection Model”
e Section 3.11.1, “Training a Recommendation Model”

» Section 3.14, “Progress tracking”.

3.15.2 ML_EXPLAIN

Running the M__ EXPLAI Nroutine on a model and dataset trains a prediction explainer and model
explainer, and adds a model explanation to the model catalog.

MySQL 8.0.33 introduces recommendation models. M._ EXPLAI N does not support recommendation
models, and a call with a recommendation model will produce an error.

MySQL 8.0.32 introduces anomaly detection. M._ EXPLAI N does not support anomaly detection, and a
call with an anomaly detection model will produce an error.

ML_EXPLAIN Syntax

nmysql > CALL sys. M._EXPLAIN ('table_nane', 'target_col um_nane',
nodel _handl e_vari abl e, [options]);

options: {
JSON_OBJECT(' key','value'[," ' key', 'value'] ...)
'key','val ue':
| * nodel _expl ainer', {'pernutation_inportance'|'partial_dependence'|'shap'|'fast_shap'}| NULL
| prediction_explainer', {'pernutation_inportance']|"'shap'}
| " col ums_t o_explain', JSON_ARRAY('colum'[,"'colum'] ...)
|*target _value', 'target_class'

}

Run the M__EXPLAI N routine before M__EXPLAI N_ROWand M._EXPLAI N_TABLE routines. The
ML_TRAI Nroutine also runs the M__ EXPLAI N routine with the default Permutation Importance
model. MySQL 8.0.31 does not run the M__ EXPLAI Nroutine after the M__TRAI Nroutine. It is only
necessary to use the M__ EXPLAI N routine with MySQL 8.0.31 or to train prediction explainers and
model explainers with a different model. See Section 3.6, “Training Explainers”.

M_._EXPLAI N parameters:

» tabl e_nane: The name of the table that contains the labeled training dataset. The table name must
be valid and fully qualified; that is, it must include the schema name (schena_nane.t abl e_nane).
Use NULL for help. Use the dataset that the model is trained on - running M__EXPLAI N on a dataset
that the model has not been trained on produces errors or unreliable explanations.

e target_col um_nane: The name of the target column in the training dataset containing ground
truth values.

e nodel _handl e: A string containing the model handle for the model in the model catalog. Use NULL
for help. The model explanation is stored in this model metadata. The model must be loaded first, for
example:

nysqgl > CALL sys. M._MODEL_LOAD(' ml _data.iris_train_userl 1636729526', NULL);

If you run M__EXPLAI N again with the same model handle and model explainer, the model
explanation field is overwritten with the new result.

» opti ons: Optional parameters specified as key-value pairs in JSON format. If an option is not
specified, the default setting is used. If you specify NULL in place of the JSON argument, the default
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Permutation Importance model explainer is trained, and no prediction explainer is trained. The
available options are:

e nodel _expl ai ner: Specifies the model explainer. Valid values are:
e permnutation_inportance: The default model explainer.

» shap: The SHAP model explainer, which produces global feature importance values based on
Shapley values.

« fast_shap: The Fast SHAP model explainer, which is a subsampling version of the SHAP
model explainer that usually has a faster runtime.

e partial _dependence: Explains how changing the values in one or more columns will change
the value predicted by the model. The following additional arguments are required for the
partial _dependence model explainer:

e colums_t o_expl ai n: a JSON array of one or more column names in the table specified
by t abl e_nane. The model explainer explains how changing the value in this column or
columns affects the model.

e target val ue: avalid value that the target column containing ground truth values, as
specified by t ar get _col unm_nane, can take.

* prediction_expl ai ner: Specifies the prediction explainer. Valid values are:
e pernutation_i nportance: The default prediction explainer.

» shap: The SHAP prediction explainer, which produces global feature importance values based
on Shapley values.

Syntax Examples

Load the model first:

nysqgl > CALL sys. M._MODEL_LOAD(' ml _data.iris_train_userl 1636729526', NULL);

Running ML_EXPLAI Nto train the SHAP prediction explainer and the Fast SHAP model explainer:

mysql > CALL sys. ML_EXPLAIN(' ml _data.iris_train', 'class',
'm _data.iris_train_userl 1636729526',
JSON_OBJECT( ' nodel _expl ainer', 'fast_shap', 'prediction_explainer', 'shap'));

Run ML_EXPLAI N and use NULL for the options trains the default Permutation Importance model
explainer and no prediction explainer:

mysql > CALL sys. ML_EXPLAIN('ml _data.iris_train', 'class',
'm _data.iris_train_userl 1636729526', NULL);

Running ML_EXPLAI Nto train the Partial Dependence model explainer (which requires extra
options) and the SHAP prediction explainer:

nysgl > CALL sys. M._EXPLAIN('ml _data.iris_train', 'class', @ris_nodel,
JSON_OBJECT( ' col uims_t o_expl ain', JSON_ARRAY(' sepal width'),
‘target_value', 'Iris-setosa', 'nodel _explainer', 'partial_dependence',
‘prediction_explainer', 'shap'));

Viewing the model explanation, in this case produced by the Permutation Importance model
explainer:

nmysql > SELECT nodel _expl anati on FROM MODEL_CATALOG WHERE nodel _handl e = @ri s_nodel ;

| {"permutation_inportance": {"petal width": 0.5926, "sepal width": 0.0, "petal |length": 0.0423,
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3.15.3 ML_MODEL_IMPORT

Run the M__MODEL_| MPORT routine to import a pre-trained model into the model catalog. MySQL 8.1.0
supports the import of HeatWave AutoML format models. MySQL 8.0.31 supports the import of ONNX,
Open Neural Network Exchange, format models. After import, all the HeatwWave AutoML routines can
be used with the ONNX model.

Models in ONNX format, . onnx. cannot be loaded directly into a MySQL table. They require string
serialization and conversion to Base64 binary encoding. Before running M__ MODEL | MPORT, follow the
instructions in Section 3.13.2, “ONNX Model Import” to carry out the required pre-processing and then
load the model into a temporary table for import to MySQL HeatWave.

ML_MODEL_IMPORT Syntax

nmysqgl > CALL sys. M._MODEL_| MPORT (nodel _obj ect, nodel _netadata, nodel _handle);
M__MODEL | MPORT parameters:

» nodel _obj ect : The preprocessed ONNX model object, which must be string serialized and
BASEG64 encoded. See Section 3.13.2, “ONNX Model Import”.

» nodel _mnet adat a: An optional JISON object that contains key-value pairs with model metadata. See
Section 3.15.12, “Model Metadata”.

* nodel _handl e: The model handle for the model. The model is stored in the model catalog under
this name and accessed using it. Specify a model handle that does not already exist in the model
catalog.

Syntax Examples

* An example that imports a HeatWave AutoML model with metadata:

nysqgl > SET @w _nodel = "hwr _nodel *;
Query OK, 0 rows affected (0.00 sec)

nysqgl > CALL sys. ML_TRAIN(' ml corpus.input_train', '"target', NULL, @wr _nodel);
Query OK, 0 rows affected (23.36 sec)

nysqgl > SET @wnl _object = (SELECT nodel _object FROM M._SCHEMA root . MODEL_CATALOG
VWHERE nodel _handl e=@wnl _nodel ) ;
Query OK, 0 rows affected (0.00 sec)

nysqgl > SET @wnl _netadata = (SELECT nodel netadata FROM M._SCHEMA r oot . MODEL_CATALOG
VWHERE nodel _handl e=@wnl _nodel ) ;
Query OK, 0 rows affected (0.00 sec)

nysqgl > CALL sys. M._MODEL_| MPORT( @wnl _obj ect, @wnl _netadata, @ nported_nodel);
Query OK, 0 rows affected (0.01 sec)

nysql > nodel _net adat a- >>' $. task' AS task, nodel _owner,
nmodel _netadata->>'$. build tinmestanp’ AS build_tinestanp,
nodel _net adat a- >>' $. target _col umm_nane' AS target_col unm_nane,
nodel _net adata->>'$.trai n_table_nane' AS train_table_nane, nodel _object_si ze,
nodel _net adat a- >>' $. nodel _expl anati on' AS nodel expl anati on
FROM M._SCHEMA r oot . MODEL_CATALCG,

T i Hemm e memeeeaaaaa Femme e emeeeeeeaaaa Heme e emeee e eeeeaaaa [
| task | nodel _owner | build_tinestanp | target_columm_nane | train_table_name | nodel _c
T i Hemm e memeeeaaaaa Femme e emeeeeeeaaaa Heme e emeee e eeeeaaaa [
| classification | root | 1679202888 | target | mcorpus.input_train |
| classification | root | 1679202888 | target | mcorpus.input_train |
T i Hemm e memeeeaaaaa Femme e emeeeeeeaaaa Heme e emeee e eeeeaaaa [

2 rows in set (0.00 sec)

nysql > SELECT nodel _net adat a- >>' $. col unm_nanes' AS col unm_nanes
FROM M._SCHEMA r oot . MODEL_CATALOG
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WHERE nodel handl e LI KE ' hwr % ;

“c9*, "cio*, "C11*, "cCi12", "C13"] |
“c9*, "cio*, "cC11*, "cCi2", "C13"] |

2 rows in set (0.00 sec)

» An example that imports an ONNX model without specifying metadata:

nysqgl > CALL sys. M._MODEL_| MPORT( @nnx_encode, NULL, 'onnx_test');

3.15.4 ML_PREDICT_ROW

ML_PREDI CT_ROWgenerates predictions for one or more rows of unlabeled data specified in JSON
format. Invoke M__ PREDI CT_ROWwith a SELECT statement.

ML_PREDI CT_ROWrequires a loaded model to run. See Section 3.13.3, “Loading Models”.
ML_PREDICT_ROW Syntax

MySQL 8.2.0 adds recommendation models that use implicit feedback to learn and recommend
rankings for users and items.

nysqgl > CALL sys. M._PREDI CT_ROW(t abl e_nane, nodel _handl e, output_tabl e_nane), [options]);

options: {
JSON _OBJECT(' key', 'value'[,"'key','value'] ...)

"key','val ue':
|"threshold , 'N
|"topk', 'N
|*recommend', {'ratings'|'itens'|'users'|'users_to_itens'|'itens_to_users'|'itens_to_itens'|" us
| ' renove_seen', {'true'|'false'}

}

MySQL 8.1.0 added more options to support the r econmendat i on task.
nmysqgl > CALL sys. M._PREDI CT_RO\t abl e_nane, nodel _handl e, output_tabl e _nane), [options]);

options: {
JSON_OBJECT(' key','value'[," ' key', 'value'] ...)
"key','val ue':
|"threshold , 'N
|"topk', 'N
|*recommend', {'ratings'|'itens'|'users'|'users_to_itens'|'itens_to_users'|'itens_to_itens'|" us

}
MySQL 8.0.33 added options that support the r econmrendat i on task.

mysql > CALL sys. M._PREDI CT_ROWt abl e_nane, nodel _handl e, output_tabl e_nane), [options]);

options: {
JSON_OBJECT(' key','value'[,"'key','value'] ...)
"key','val ue':
|"threshold , 'N
|"topk', "N
| recommend', {'ratings'|'itens'|'users'}|NULL

}

MySQL 8.0.32 added an options parameter in JSON format that supports the anonal y_det ecti on
task. For all other tasks, set this parameter to NULL.

MySQL 8.0.32 allows a call to M._PREDI CT_ROWto include columns that were not present during
ML_TRAI N. A table can include extra columns, and still use the HeatWave AutoML model. This allows
side by side comparisons of target column labels, ground truth, and predictions in the same table.
M._PREDI CT_ROWignores any extra columns, and appends them to the results.

nysqgl > CALL sys. M._PREDI CT_RO\(t abl e_nane, nodel _handl e, output_tabl e _nane), [options]);
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options: {

}

JSON_OBJECT(' key','value'[," ' key','value'] ...)
"key','val ue':
|*threshold , 'N

Before MySQL 8.0.32:

nysql > SELECT M__PREDI CT_ROWi nput _dat a, nodel _handl e);

M__PREDI CT_ROWparameters:

» i nput _dat a: Specifies the data to generate predictions for.

Specify a single row of data in JSON format:
nysql > SELECT sys. M._PREDI CT_RON JSON_OBJECT( " col unm_nane", val ue,

“col um_nane", value, ...),
nodel _handl e, options);

To run M__PREDI CT_ROWon multiple rows of data, specify the columns as key-value pairs in JSON
format and select from a table:

nmysql > SELECT sys. M._PREDI CT_ROW JSON_OBJECT( " out put _col _name", schema. i nput_col _nane’,
"out put _col _nanme", schema. input_col_name’, ...),
nmodel _handl e, options)
FROM i nput _table nane LIMT N;
nodel _handl e: Specifies the model handle or a session variable that contains the model handle.
opt i ons: A set of options in JSON format.

As of MySQL 8.0.33, this parameter supports the r ecomrendat i on and anonal y_det ecti on
tasks.

As of MySQL 8.0.32, this parameter only supports the anonal y_det ect i on task.
For all other tasks, set this parameter to NULL. Before MySQL 8.0.32, ignore this parameter.

e threshol d: The optional threshold for use with the anomal y_det ect i on task to convert
anomaly scores to 1: an anomaly or O: normal. 0 <t hr eshol d < 1. The default value is (1 -
cont ami nat i on)-th percentile of all the anomaly scores.

* topk: Use with the r econmendat i on task to specify the number of recommendations to provide.
A positive integer. The default is 3.

« recomend: Use with the r ecormendat i on task to specify what to recommend. Permitted
values are:

e ratings: Use this option to predict ratings. This is the default value.
The target column is pr edi ct i on, and the values are f | oat .

The input table must contain at least two columns with the same names as the user column and
item column from the training model.

e it ens: Use this option to recommend items for users.

The target columnis it em r ecommendat i on, and the values are:

JSON_OBJECT("col um_i tem.id_nanme", JSON ARRAY("item1", ... , "itemk"),
"colum_rating_nanme" , JSON ARRAY(rating_1, ..., rating_k))

The input table must at least contain a column with the same name as the user column from the
training model.
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e user s: Use this option to recommend users for items.

The target column is user _r econmendat i on, and the values are:

JSON_OBJECT("col umm_user _i d_nanme", JSON_ARRAY("user_1", ... , "user_k"),
"colum_rating_nanme" , JSON ARRAY(rating_1, ..., rating_k))

The input table must at least contain a column with the same name as the item column from the
training model.

e users_to_ itens: Thisisthe sameasitens.

e itens_to_users: Thisisthe same as users.

e itens_to_itens: Use this option to recommend similar items for items.
The target columnis it em r ecommendat i on, and the values are:
JSON_OBJECT("columm_item.id_name", JSON ARRAY("item 1", ... , "itemk"))

The input table must at least contain a column with the same name as the item column from the
training model.

e users_to_users: Use this option to recommend similar users for users.
The target column is user _recommendat i on, and the values are:
JSON_OBJECT("col umm_user _i d_nanme", JSON_ARRAY("user_1", ... , "user_k"))

The input table must at least contain a column with the same name as the user column from the
training model.

e renove_seen: If the input table overlaps with the training table, and r enove _seenist r ue, then
the model will not repeat existing interactions. The defaultist r ue. Setr enove_seentofal se to
repeat existing interactions from the training table.

Syntax Examples

e Torun M._PREDI CT_ROWon a single row of data use a select statement. The results include the
m _resul t s field, which uses JSON format:

mysql > SELECT sys. M._PREDI CT_ROW JSON_OBJECT("sepal length", 7.3, "sepal w dth", 2.9,
"petal length", 6.3, "petal width", 1.8), @ris_nodel, NULL);

s & = = = = = =
| sys. M._PREDI CT_RON ' {"sepal length": 7.3, "sepal width": 2.9, "petal length": 6.3, "petal width": 1
s & = = = = = =
| {"Prediction": "lIris-virginica", "m results": "{'predictions': {'class': "Iris-virginica'}, 'probe
s & = = = = = =

1 rowin set (1.12 sec)

Before MySQL 8.0.32, the ML_PREDI CT_ROWroutine does not include options, and the results do
not include the ml _resul t s field:

nysql > SELECT sys. M._PREDI CT_ROAN JSON_OBJECT("sepal |ength", 7.3, "sepal wdth", 2.9,
"petal length", 6.3, "petal width", 1.8), @ris_nodel);

T L - LT T +
| sys. M._PREDI CT_RON @ow_i nput, @ris_nodel) |
T L - LT T +
| {"Prediction": "lris-virginica", "petal width": 1.8, "sepal width": 2.9, |
| "petal length": 6.3, "sepal length": 7.3} |
T L - LT T +

e Torun ML_PREDI CT_ROWon five rows of data selected from an input table:

nmysql > SELECT sys. M._PREDI CT_ROW JSON_OBJECT("sepal length", iris_test. sepal length,
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"sepal width", iris_test. sepal width, "petal length", iris_test. petal |ength’
"petal width", iris_test. petal width ), @ris_npdel, NULL)
FROM ml _data.iris_test LIMT 5;

See also:

» Section 3.9.2, “Using a Forecasting Model”

» Section 3.10.2, “Using an Anomaly Detection Model”

» Section 3.11.2, “Using a Recommendation Model”

3.15.5 ML_PREDICT_TABLE

M._PREDI CT_TABLE generates predictions for an entire table of unlabeled data and saves the results
to an output table. HeatWave AutoML performs the predictions in parallel.

M._PREDI CT_TABLE is a compute intensive process. Limiting operations to batches of 10 to 100 rows
by splitting large tables into smaller tables is recommended. MySQL 8.2.0 adds batch processing with
the bat ch_si ze option.

A loaded model is required to run ML_PREDI CT_TABLE. See Section 3.13.3, “Loading Models”.
As of MySQL 8.0.32, the returned table includes a primary key:
« If the input table has a primary key, the output table will have the same primary key.

« If the input table does not have a primary key, the output table will have a new primary key named
_i d that auto increments.

The input table must not have a column with the name _i d that is not a primary key.

As of MySQL 8.0.32, the returned table also includes the ml _r esul t s column which contains the
prediction results and the data. MySQL 8.1.0 includes support for text data types. The combination of
results and data must be less than 65,532 characters.

MySQL 8.2.0 adds recommendation models that use implicit feedback to learn and recommend
rankings for users and items. MySQL 8.2.0 also adds batch processing with the bat ch_si ze option.

ML_PREDICT_TABLE Syntax

MySQL 8.2.0 adds more options to support the r econmendat i on task and batch processing.

nmysqgl > CALL sys. M._PREDI CT_TABLE(t abl e_nane, nodel _handl e, output_table_nane), [options]);

options: {
JSON_OBJECT(' key', 'value'[,"'key', 'value'] ...)
"key','val ue':
|"threshold, 'N

|"topk', "N

|"recommend', {'ratings'|'itens'|'users'|'users_ to_ itens'|'itens_to_users'|'itens_to_itens'|'users_
| remove_seen', {'true'|'false'}

| " batch_size', 'N

}

MySQL 8.1.0 adds more options to support the r econmrendat i on task.
nysqgl > CALL sys. M._PREDI CT_TABLE(t abl e_nane, nodel _handl e, output_table_nane), [options]);

options: {
JSON _OBJECT(' key', 'value'[,"'key','value'] ...)
'key','val ue':
|"threshold , 'N
|"topk', 'N
|*recommend', {'ratings'|'itens'|'users'|'users_to_itens'|'itens_to_users'|'itens_to_itens'|'users_

}
MySQL 8.0.33 added options that support the r econmendat i on task.
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nmysql > CALL sys. M._PREDI CT_TABLE(t abl e_nane, nodel _handl e, output_table_nane), [options]);

options: {
JSON_OBJECT(' key','value'[,"'key','value'] ...)
"key','val ue':
|*"threshold , 'N
|"topk', 'N
|*recommend', {'ratings'|'itens'|"'users'}|NULL

}

MySQL 8.0.32 added an options parameter in JSON format that supports the anonmal y_det ecti on
task. For all other tasks, set this parameter to NULL.

MySQL 8.0.32 allows a call to M._ PREDI CT_TABLE to include columns that were not present during
ML_TRAI N. A table can include extra columns, and still use the HeatWave AutoML model. This allows
side by side comparisons of target column labels, ground truth, and predictions in the same table.
ML_PREDI CT_TABLE ignores any extra columns, and appends them to the results.

nysqgl > CALL sys. M._PREDI CT_TABLE(t abl e_nane, nodel _handl e, output_table_nane), [options]);
options: {
JSON _OBJECT(' key','value'[,"'key','value'] ...)
"key','val ue':
|"threshold , 'N
|"topk', 'N
}
Before MySQL 8.0.32:
nysqgl > CALL sys. M._PREDI CT_TABLE(t abl e_nane, nodel _handl e, output_tabl e_nane);
M__PREDI CT_TABLE parameters:

» tabl e_nane: Specifies the fully qualified name of the input table (schenma_nane. t abl e_nane).
The input table should contain the same feature columns as the training dataset but no target
column.

« nodel handl e: Specifies the model handle or a session variable containing the model handle

» out put _t abl e_nane: Specifies the table where predictions are stored. The table is created if it
does not exist. A fully qualified table name must be specified (schena_nane. t abl e_nane). If the
table already exists, an error is returned.

» opti ons: A set of options in JSON format.

As of MySQL 8.0.33, this parameter supports the r ecomendat i on and anonal y_det ecti on
tasks.

As of MySQL 8.0.32, this parameter only supports the anonal y_det ect i on task.
For all other tasks, set this parameter to NULL. Before MySQL 8.0.32, ignore this parameter.

e t hreshol d: The optional threshold for use with the anonal y_det ect i on task to convert
anomaly scores to 1: an anomaly or 0: normal. 0 <t hr eshol d < 1. The default value is (1 -
cont am nat i on)-th percentile of all the anomaly scores.

« t opk: The optional top K rows for use with the anonmal y_det ecti on and r econmendat i on
tasks. A positive integer between 1 and the table length.

For the anomal y_det ect i on task, the results include the top K rows with the highest anomaly
scores. If t opk is not set, M._PREDI CT_TABLE uses t hr eshol d.

Foran anonal y_det ect i on task, do not set both t hr eshol d and t opk. Use t hr eshol d or
t opk, or set opt i ons to NULL.

For the r econmendat i on task, the number of recommendations to provide. The default is 3.
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Arecommendat i on task with implicit feedback can use both t hr eshol d and t opk.

e recomend: Use with the r ecormendat i on task to specify what to recommend. Permitted
values are:

e ratings: Use this option to predict ratings. This is the default value.

The target column is pr edi ct i on, and the values are f | oat .

The input table must contain at least two columns with the same names as the user column and

item column from the training model.
e it ens: Use this option to recommend items for users.

The target columnis it em r ecommendat i on, and the values are:

JSON_OBJECT("col um_i tem.id_name", JSON ARRAY("item1", ... , "itemk"),
"colum_rating_name" , JSON ARRAY(rating_1, ..., rating_k))

The input table must at least contain a column with the same name as the user column from the

training model.
e user s: Use this option to recommend users for items.

The target column is user _recommendat i on, and the values are:

JSON_OBJECT( " col umm_user _i d_nanme", JSON_ARRAY("user_1", ... , "user_k"),
"colum_rating_name" , JSON ARRAY(rating_1, ..., rating_k))

The input table must at least contain a column with the same name as the item column from the

training model.
e users_to_itens: Thisisthe sameasitens.
e itens_to_users: Thisis the same as users.
e itens_to_itemns: Use this option to recommend similar items for items.

The target columnis it em r ecommendat i on, and the values are:

JSON_OBJECT("columm_item.id_name", JSON ARRAY("item 1", ... , "itemk"))

The input table must at least contain a column with the same name as the item column from the

training model.
e users_to_users: Use this option to recommend similar users for users.

The target column is user _r ecommendat i on, and the values are:

JSON_OBJECT("col umm_user _i d_nanme", JSON_ARRAY("user_1", ... , "user_k"))

The input table must at least contain a column with the same name as the user column from the

training model.

* renove_seen: If the input table overlaps with the training table, and r enove_seenist r ue, then
the model will not repeat existing interactions. The defaultist r ue. Setrenove_seentof al se to

repeat existing interactions from the training table.

e bat ch_si ze: The size of each batch. 1 < bat ch_si ze <1,000. The default is 1,000, and this
provides the best results.
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Syntax Examples

» A typical usage example that specifies the fully qualified name of the table to generate predictions
for, the session variable containing the model handle, and the fully qualified output table name:

nysqgl > CALL sys. M._PREDI CT_TABLE(' ml _data.iris_test', @ris_nodel
‘m _data.iris_predictions', NULL)

To view ML_PREDI CT_TABLE results, query the output table. The table shows the predictions and
the feature column values used to make each prediction. The table includes the primary key, i d,

and the nl _resul t s column, which uses JSON format:

nysql > SELECT * fromm _data.iris_predictions LIMT 5

dFoccoo dfsccccooooooooo dfscccocoooooooo dfsccccooooooooo dfscccocoooooooo dfocccoooococoooooooo
| _id | sepal length | sepal width | petal length | petal width
dFoccoo dfsccccooooooooo dfscccocoooooooo dfsccccooooooooo dfscccocoooooooo dfocccoooococoooooooo
| 1 7.3 | 2.9 | 6.3 | 1.8 |
| 2 6.1 | 2.9 | 4.7 | 1.4 |
| 3| 6.3 | 2.8 | 5.1 | 1.5 |
| 4| 6.3 | 3.3 | 4.7 | 1.6 |
| 5 | 6.1 | 3 | 4.9 | 1.8
dFoccoo dfsccccooooooooo dfscccocoooooooo dfsccccooooooooo dfscccocoooooooo dfocccoooococoooooooo

5 rows in set (0.00 sec)

cl ass

Iris-virginica
Iris-versicol or
Iris-virginica
Iris-versicol or
Iris-virginica

Iris-virginica
I ris-versicol or
I ris-versicol or
I ris-versicol or
Iris-virginica

Before MySQL 8.0.32, the M__PREDI CT_TABLE routine does not include options, and the results do

not include the m _resul t s column:

nmysql > CALL sys. M._PREDI CT_TABLE('ml _data.iris_test', @ris_nodel
'm _data.iris_predictions');

nysql > SELECT * FROM ml _data.iris_predictions LIMT 3
PR EEEE SRR EREEEEEEEREEEEESEEREES] 1 rOW PR EEEE SRR EREEEEEEEEEEEESEERES]
sepal length: 7.3
sepal width: 2.9
petal length: 6.3
petal width: 1.8
Prediction: Iris-virginica
PR EEEE SRR EREEEEEEEREEEEESEEREES] 2 rOW EEEEEE SRR EREEEEEEEEEEEESEERESES]
sepal length: 6.1
sepal width: 2.9
petal length: 4.7
petal width: 1.4
Prediction: Iris-versicolor
PR EEEE SRR EREEEEEEEREEEEESEEREES] 3 rOW PR EEEE SRR EREEEEEEEEEEEESEEREES]
sepal length: 6.3
sepal width: 2.8
petal length: 5.1
petal width: 1.5
Prediction: Iris-virginica

See also:

Section 3.9.2, “Using a Forecasting Model”

Section 3.10.2, “Using an Anomaly Detection Model”

Section 3.11.2, “Using a Recommendation Model”

Section 3.14, “Progress tracking”.

3.15.6 ML_EXPLAIN_ROW

The ML_EXPLAI N_ROWroutine generates explanations for one or more rows of unlabeled data.

ML__EXPLAI N_ROWis invoked using a SELECT statement.

M__EXPLAI N_ROWIimits explanations to the 100 most relevant features.
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A loaded model, trained with a prediction explainer, is required to run M._EXPLAI N_ROW See
Section 3.13.3, “Loading Models” and Section 3.15.2, “ML_EXPLAIN".

MySQL 8.0.32 introduces anomaly detection. M__ EXPLAI N_ROWdoes not support anomaly detection,
and a call with an anomaly detection model will produce an error.

MySQL 8.0.32 allows a call to M._ EXPLAI N_ROWto include columns that were not present during
ML_TRAI N. A table can include extra columns, and still use the HeatWave AutoML model. This allows
side by side comparisons of target column labels, ground truth, and explanations in the same table.
ML_EXPLAI N_ROWignores any extra columns, and appends them to the results.

MySQL 8.0.33 introduces recommendation models. M._ EXPLAI N_ROWdoes not support
recommendation models, and a call with a recommendation model will produce an error.

ML_EXPLAIN_ROW Syntax
mysql > SELECT sys. M._EXPLAI N_RONi nput _data, nodel _handl e, [options]);

options: {
JSON_OBJECT(' key','value'[,"'key','value'] ...)
"key','val ue':
| " prediction_explainer', {'pernmutation_inportance'|'shap'}|NULL

}
M._EXPLAI N_ROwWparameters:

* i nput _dat a: Specifies the data to generate explanations for. Data must be specified in JSON key-
value format, where the key is a column name. The column names must match the feature column
names in the table used to train the model. A single row of data can be specified as follows:

nysql > SELECT sys. M._EXPLAI N_ROAJSON_OBJECT( " col unm_nane", val ue, "columm_nane", value, ...)',
nmodel _handl e, options);

You can run M__EXPLAI N_ROWon multiple rows of data by specifying the columns in JSON key-
value format and selecting from an input table:
nysql > SELECT sys. M._EXPLAI N_ ROA JSON_OBJECT( " out put _col _nane", schema. i nput_col nane’,
out put _col _nane", schema. input_col_name’, ...),
nodel _handl e, options)

FROM i nput _t abl e_nane
LIMT N,

» nodel _handl e: Specifies the model handle or a session variable containing the model handle.
» options: A set of options in JSON format. The available options are:

e prediction_explai ner: The name of the prediction explainer that you have trained for this
model using M._EXPLAI N. Valid values are:

e permnutation_i nportance: The default prediction explainer.

» shap: The SHAP prediction explainer, which produces global feature importance values based
on Shapley values.

Syntax Examples

 Run ML_EXPLAI N_ROWon a single row of data with the default Permutation Importance prediction
explainer. The results include the ml _r esul t s field, which uses JSON format:

nysql > SELECT sys. M._EXPLAI N_ RON(JSON_OBJECT("sepal |ength", 7.3, "sepal wdth", 2.9,
"petal length", 6.3, "petal width", 1.8), @ris_nodel,
JSON_OBJECT( ' predi ction_explainer', 'pernutation_inmportance'));

| sys. M._EXPLAI N RONJSON_OBJECT("sepal length", 7.3, "sepal width", 2.9, "petal length", 6.3, "petal wic
| @ris_nodel, JSON OBJECT(' prediction_explainer', 'permutation_inportance'))
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"Prediction": "lris-virginica", "m _results": "{'attributions': {'petal length' : 0.57, 'petal width
‘predictions': {'class': 'lris-virginica'}, 'notes': 'petal width (1.8) had the |argest inpact towe
predicting Iris-virginica}", "petal width": 1.8, "sepal width": 2.9, "petal length": 6.3, "sepal |

|
|
|
| "petal width_attribution": 0.73, "petal length_attribution": 0.57}

1 rowin set (5.92 sec)

Before MySQL 8.0.32, the results do not include the M _r esul t s field:

| sys. M._EXPLAI N_ RON JSON _OBJECT("sepal length", 7.3, "sepal width", 2.9, |
[ "petal length", 6.3, "petal width", 1.8), @ris_nodel, [
[ JSON _OBJECT( ' predi ction_explainer', 'pernutation_inmportance')) [

| {"Prediction": "lris-virginica", "petal width": 1.8, "sepal width": 2.9, |

| "petal length": 6.3, "sepal length": 7.3, "petal width_attribution": 0.73, |
| "petal length_attribution": 0.57} [

* Run ML_EXPLAI N_ROWwith the SHAP prediction explainer:

nysql > SELECT sys. M._EXPLAI N_RONJSON_OBJECT(' sepal length', iris_test . sepal length,
‘sepal width', iris_test . sepal width','petal length', iris_test . petal length",
"petal width', iris_test . petal width® ), @ris_nodel,
JSON_OBJECT( ' prediction_expl ainer', 'shap'))
FROM “iris_test®
LIMT 4;

3.15.7 ML_EXPLAIN_TABLE

ML_EXPLAI N_TABLE explains predictions for an entire table of unlabeled data and saves results to an
output table.

ML_EXPLAI N_TABLE is a compute intensive process. Limiting operations to batches of 10 to 100 rows
by splitting large tables into smaller tables is recommended. MySQL 8.2.0 adds batch processing with
the bat ch_si ze option.

ML_EXPLAI N_TABLE limits explanations to the 100 most relevant features.

A loaded model, trained with a prediction explainer, is required to run M._EXPLAI N_TABLE. See
Section 3.13.3, “Loading Models” and Section 3.15.2, “ML_EXPLAIN".

As of MySQL 8.0.32, the returned table includes a primary key:
« If the input table has a primary key, the output table will have the same primary key.

« If the input table does not have a primary key, the output table will have a new primary key named
_i d that auto increments.

The input table must not have a column with the name _i d that is not a primary key.

MySQL 8.0.32 introduces anomaly detection. M._ EXPLAI N_TABLE does not support anomaly
detection, and a call with an anomaly detection model will produce an error.

MySQL 8.0.32 allows a call to M._ EXPLAI N_TABLE to include columns that were not present during
M._TRAI N. A table can include extra columns, and still use the HeatWave AutoML model. This allows
side by side comparisons of target column labels, ground truth, and explanations in the same table.
M._EXPLAI N _TABLE ignores any extra columns, and appends them to the results.

MySQL 8.0.33 introduces recommendation models. M._ EXPLAI N_TABLE does not support
recommendation models, and a call with a recommendation model will produce an error.

MySQL 8.2.0 adds batch processing with the bat ch_si ze option.
ML_EXPLAIN_TABLE Syntax

MySQL 8.2.0 adds an option to support batch processing.
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nmysqgl > CALL sys. M._EXPLAI N _TABLE(t abl e_nane, nodel _handl e, output_table_nanme, [options]);

options: {
JSON_OBJECT(' key','value'[,"'key','value'] ...)
"key','val ue':
| prediction_explainer', {'pernutation_inportance'|"'shap'}|NULL
| *batch_size', 'N
}
Before MySQL 8.2.0:
nmysqgl > CALL sys. M._EXPLAI N _TABLE(t abl e_nane, nodel _handl e, output_table_nanme, [options]);
options: {
JSON_OBJECT(' key','value'[,"'key','value'] ...)
"key','val ue':
| " prediction_explainer', {'pernutation_inportance'|"'shap'}|NULL

}

M__EXPLAI N_TABLE parameters:

» tabl e_nane: Specifies the fully qualified name of the input table (schenma_nane. t abl e_nane).
The input table should contain the same feature columns as the table used to train the model but no
target column.

» nodel _handl| e: Specifies the model handle or a session variable containing the model handle.

» out put _t abl e_nane: Specifies the table where explanation data is stored. The table is created if

it does not exist. A fully qualified table name must be specified (schenma_nane. t abl e_nane). If the

table already exists, an error is returned.
» options: A set of options in JSON format. The available options are:

e prediction_expl ai ner: The name of the prediction explainer that you have trained for this
model using M._EXPLAI N. Valid values are:

e permutation_i nportance: The default prediction explainer.

» shap: The SHAP prediction explainer, which produces global feature importance values based
on Shapley values.

* bat ch_si ze: The size of each batch. 1 < bat ch_si ze <100. The default is 100, and this provides

the best results.

Syntax Examples

» The following example generates explanations for a table of data with the default Permutation
Importance prediction explainer. The ML._EXPLAI N_TABLE call specifies the fully qualified name of

the table to generate explanations for, the session variable containing the model handle, and the fully

qualified output table name.

nmysql > CALL sys. ML_EXPLAIN TABLE('ml _data.iris_test', @ris_nodel,
'm _data.iris_explanations',
JSON _OBJECT( ' predi ction_explainer', 'pernutation_inmportance'));

To view M._EXPLAI N_TABLE results, query the output table. The SELECT statement retrieves
explanation data from the output table. The table includes the primary key, i d, and the
m _resul t s column, which uses JSON format:

nysql > SELECT * FROM ml _data.iris_explanations LIMT 5;

+emm - Femem e emee oo Fommmm e meeaaa Femem e emee oo Fommmm e meaaaa Hemm e memeeeaaaaa Fommmm e meeaaa

| _id | sepal length | sepal width | petal length | petal width | class | Prediction
+emm - Femem e emee oo Fommmm e meeaaa Femem e emee oo Fommmm e meaaaa Hemm e memeeeaaaaa Fommmm e meeaaa

| 1| 7.3 | 2.9 | 6.3 | 1.8 | Iris-virginica | Iris-virginica
| 2 | 6.1 | 2.9 | 4.7 | 1.4 | Iris-versicolor |

| 3| 6.3 | 2.8 | 5.1 | 1.5 | Iris-virginica |
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Iris-versicolor | Iris-versicolor |
Iris-virginica | lris-virginica |

5 rows in set (0.00 sec)

Before MySQL 8.0.32, the output table does not include the M _r esul t s column:

nmysql > SELECT * FROM ml _data.iris_explanations LIMT 3;
R R R R R R R R R R R R 1 r ow R R R R R R R R
sepal length: 7.3
sepal w dt h:
petal |ength:
petal wi dth:
Predi ction:
petal |ength_attribution:
petal width_attribution:
R R R R R R R R R
sepal |ength:
sepal w dt h:
petal |ength:
petal wi dth:
Predi ction:
petal |ength_attribution:
petal width_attribution:
R R R R R R R
sepal |ength: 6.
sepal w dth: 2.
petal |ength: 5.
petal width: 1.
Prediction: Iris-virginica
petal length_attribution: -0.25
petal width_attribution: 0.31
3 rows in set (0.0006 sec)

ris-virginica

w N »n

r ow R R R R R R R R R R R

i s-versi col or
4

r
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* Run ML_EXPLAI N_TABLE with the SHAP prediction explainer:

nysqgl > CALL sys. M._EXPLAI N TABLE('ml _data. iris_test_tenp ', @mdel,
'm _data. iris_explanations ',
JSON_OBJECT(' predi ction_explainer', '"shap'));

See also: Section 3.14, “Progress tracking”.

3.15.8 ML_SCORE

M__ SCORE scores a model by generating predictions using the feature columns in a labeled dataset as
input and comparing the predictions to ground truth values in the target column of the labeled dataset.
The dataset used with M._ SCORE should have the same feature columns as the dataset used to train
the model but the data should be different; for example, you might reserve 20 to 30 percent of the
labeled training data for scoring.

ML_ SCORE returns a computed metric indicating the quality of the model.

ML_SCORE Syntax

MySQL 8.2.0 adds recommendation models that use implicit feedback to learn and recommend
rankings for users and items.

nmysql > CALL sys. M._SCORE(t abl e_nane, target_colum_nanme, nodel _handl e, netric, score, [options]);

options: {
JSON_OBJECT(' key','value'[,"'key','value'] ...)
" key','val ue':
|*threshold , 'N
|"topk', "N
| remove_seen', {'true'|'false'}

}

As of MySQL 8.1.0, forecasting does not require t ar get _col unm_nan®e, and it can be set to NULL.
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MySQL 8.0.32 added an options parameter in JSON format that supports the anonal y_det ecti on
task. For all other tasks, set this parameter to NULL.

nmysql > CALL sys. ML_SCORE(t abl e_nane, target_col um_nanme, nodel _handle, netric, score, [options]);

options: {
JSON_OBJECT(' key','value'[,"'key','value'] ...)
"key','val ue':
|"threshold , 'N
|"topk', "N
}

M._ SCORE parameters:

» tabl e_nane: Specifies the fully qualified name of the table used to compute model quality
(schema_nane. t abl e_nane). The table must contain the same columns as the training dataset.

e target col um_nane: Specifies the name of the target column containing ground truth values.
As of MySQL 8.1.0 forecasting does not require t ar get _col urm_nanme, and it can be set to NULL.

» nodel _handl e: Specifies the model handle or a session variable containing the model handle.

» netri c: Specifies the name of the metric. See Section 3.15.13, “Optimization and Scoring Metrics”.

» scor e: Specifies the user-defined variable name for the computed score. The M._ SCORE routine
populates the variable. User variables are written as @ ar _nane. The examples in this guide use
@cor e as the variable name. Any valid name for a user-defined variable is permitted, for example

@ry_score.

e options: A set of options in JSON format. As of MySQL 8.0.32, this parameter only supports the
anomaly detection task. For all other tasks, set this parameter to NULL. Before MySQL 8.0.32, ignore
this parameter.

e threshol d: The optional threshold for use with the anomal y_det ecti on and
reconmendat i on tasks.

Use with the anonal y_det ect i on task to convert anomaly scores to 1: an anomaly or 0: normal.
0 <t hreshol d < 1. The default value is (1 - cont am nat i on)-th percentile of all the anomaly
scores.

Use with the r econmrendat i on task and ranking metrics to define positive feedback, and a
relevant sample. All rankings at or above the t hr eshol d are implied to provide positive feedback.
All rankings below the t hr eshol d are implied to provide negative feedback. The default value is
1.

< t opk: The optional top K rows for use with the anormal y_det ecti on and r econmendat i on
tasks. A positive integer between 1 and the table length.

For the anomal y_det ect i on task the results include the top K rows with the highest anomaly
scores. It is an integer between 1 and the table length. If t opk is not set, M._ SCORE uses
t hreshol d.

For an anonal y_det ect i on task, do not set both t hr eshol d and t opk. Use t hr eshol d or
t opk, or set opt i ons to NULL.

For the r econmendat i on task and ranking metrics, the number of recommendations to provide.
The default is 3.

A reconmendat i on task and ranking metrics can use both t hr eshol d and t opk.

« renove_seen: If the input table overlaps with the training table, and r enove_seen ist r ue, then
the model will not repeat existing interactions. The defaultist r ue. Setr enove_seentof al se to
repeat existing interactions from the training table.
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Syntax Example

e The following example runs M._ SCORE onthe ml _data.iris_train table to determine model
quality:

mysql > CALL sys. ML_SCORE('m _data.iris_validate', 'class', @ris_nodel,
' bal anced_accuracy', @core, NULL);

nmysql > SELECT @cor e€;

dfocccoooocooooooooooo +
| @core |
dfocccoooocooooooooooo +
| 0.9583333134651184 |
dfocccoooocooooooooooo +

See also:

» Section 3.9.2, “Using a Forecasting Model”
» Section 3.10.2, “Using an Anomaly Detection Model”

» Section 3.11.2, “Using a Recommendation Model”
3.15.9 ML_MODEL_LOAD

The M__MODEL L QOAD routine loads a model from the model catalog. A model remains loaded until the
model is unloaded using the ML_MODEL_UNLOAD routine or until HeatWave AutoML is restarted by a
HeatWave Cluster restart.

As of MySQL 8.1.0, a user can only load their own model, and the user parameter is ignored.
To share models with other users, see: Section 3.13.10, “Sharing Models”.

You can load multiple models but to avoid taking up too much space in memory, the number of loaded
models should be limited to three.

ML_MODEL_LOAD Syntax
nmysql > CALL sys. M._MODEL_LOAD( nodel _handl e, user);
M_._MODEL L OAD parameters:

» nodel _handl e: Specifies the model handle or a session variable containing the model handle. For
how to look up a model handle, see Section 3.13.8, “Model Handles”.

» user: The MySQL user name of the model owner. Specify NULL if the model owner is the current
user.

As of MySQL 8.1.0, this parameter is ignored. It can be set to NULL.
Syntax Examples

* An M__MODEL_LQOAD call with NULL specified, indicating that the model belongs to the user
executing the ML_ MODEL_ L QAD call:

nysqgl > CALL sys. M._MODEL_LOAD(' ml _data.iris_train_userl 1636729526', NULL);
« An ML_MODEL_LQOAD call that specifies a session variable containing the model handle:

nysqgl > CALL sys. M._MODEL_LOAD( @ri s_nodel, NULL);

e Before MySQL 8.1.0, an M__ MODEL L OAD call that specifies the model owner:

mysql > CALL sys. ML_MODEL _LOAD(' ml _data.iris_train_userl_1636729526', userl);
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3.15.10 ML_MODEL_UNLOAD
M__MODEL _UNLOAD unloads a model from HeatWave AutoML.

ML_MODEL_UNLOAD Syntax
nysql > CALL sys. M._MODEL_UNLOAD( nodel _handl e) ;
ML_MODEL _UNLOAD parameters:
e nodel _handl e: Specifies the model handle.
Syntax Examples

e An ML_MODEL_UNLQAD call that specifies the model handle:

nysqgl > CALL sys. M._MODEL_UNLOAD(' ml _data.iris_train_userl 1636729526");

 An ML_MODEL _UNLCQAD call that specifies a session variable containing the model handle:

mysql > CALL sys. ML_MODEL_UNLOAD( @ ri s_nodel ) ;

3.15.11 Model Types

HeatWave AutoML supports the following training models. When training a model, use the M__TRAI N

nodel _|ist and excl ude_nodel _|i st options to specify the training models to consider or
exclude. Section 3.15.12, “Model Metadata” includes the al gor i t hm nane field which defines the
model type.

+ Classification models:
 LogisticRegression.
» GaussianNB.
» DecisionTreeClassifier.
* RandomForestClassifier.
* XGBClassifier.
* LGBMClassifier.
« SVC.
 LinearSVC.
e ExtraTreesClassifier. Supported as of MySQL 8.1.0.
» Regression models:
« DecisionTreeRegressor.
* RandomForestRegressor.
« LinearRegression.
* LGBMRegressor.
* XGBRegressor.
¢ SVR.
¢ LinearSVR.
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https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.LogisticRegression.html
https://scikit-learn.org/stable/modules/generated/sklearn.naive_bayes.GaussianNB.html
https://scikit-learn.org/stable/modules/generated/sklearn.tree.DecisionTreeClassifier.html
https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.RandomForestClassifier.html
https://xgboost.readthedocs.io/en/stable/
https://lightgbm.readthedocs.io/en/latest/
https://scikit-learn.org/stable/modules/generated/sklearn.svm.SVC.html
https://scikit-learn.org/stable/modules/generated/sklearn.svm.LinearSVC.html
https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.ExtraTreesClassifier.html
http://scikit-learn.org/stable/modules/generated/sklearn.tree.DecisionTreeRegressor.html
http://scikit-learn.org/stable/modules/generated/sklearn.ensemble.RandomForestRegressor.html
http://scikit-learn.org/stable/modules/generated/sklearn.linear_model.LinearRegression.html
https://lightgbm.readthedocs.io/en/latest/
https://xgboost.readthedocs.io/en/stable/
https://scikit-learn.org/stable/modules/generated/sklearn.svm.SVR.html
https://scikit-learn.org/stable/modules/generated/sklearn.svm.LinearSVR.html

Model Types

« ExtraTreesRegressor. Supported as of MySQL 8.1.0.
» Forecasting models:
¢ Univariate endogenous models:
» NaiveForecaster.
» ThetaForecaster. Supported as of MySQL 8.0.32.
* ExpSmoothForecaster.
« ETSForecaster. Supported as of MySQL 8.0.32.

» STLWESFor ecast er : STLForecast with ExponentialSmoothing substructure. Supported as of
MySQL 8.0.32.

e STLWARI MAFor ecast er : STLForecast with ARIMA substructure. Supported as of MySQL
8.0.32.

¢ Univariate endogenous with exogenous models:
» SARIMAXForecaster. Supported as of MySQL 8.0.32.
« Multivariate endogenous with exogenous models:
« VARMAXForecaster. Supported as of MySQL 8.0.32.
¢ Univariate or multivariate endogenous with exogenous models:
» DynFactorForecaster. Supported as of MySQL 8.0.32.
« Anomaly detection models:
e The only model is GKNN. See: Section 3.10, “Anomaly Detection”.
» Recommendation models:
+ Recommendation models that rate users or items to use with explicit feedback.
* Baseline.
» CoClustering.
* NormalPredictor.
« SlopeOne.
» Matrix factorization models:
* SVD.
» SVDpp.
* NMF.
« Recommendation models that rank users or items to use with implicit feedback.

« BPR: Bayesian Personalized Ranking from Implicit Feedback.
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https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.ExtraTreesRegressor.html
https://www.sktime.org/en/stable/api_reference/auto_generated/sktime.forecasting.naive.NaiveForecaster.html
https://www.sktime.org/en/stable/api_reference/auto_generated/sktime.forecasting.theta.ThetaForecaster.html
https://www.sktime.org/en/stable/api_reference/auto_generated/sktime.forecasting.exp_smoothing.ExponentialSmoothing.html
https://www.statsmodels.org/dev/generated/statsmodels.tsa.exponential_smoothing.ets.ETSModel.html
https://www.statsmodels.org/dev/generated/statsmodels.tsa.forecasting.stl.STLForecast.html
https://www.statsmodels.org/dev/generated/statsmodels.tsa.statespace.exponential_smoothing.ExponentialSmoothing.html
https://www.statsmodels.org/dev/generated/statsmodels.tsa.forecasting.stl.STLForecast.html
https://www.statsmodels.org/dev/generated/statsmodels.tsa.arima.model.ARIMA.html
https://www.statsmodels.org/stable/generated/statsmodels.tsa.statespace.sarimax.SARIMAX.html
https://www.statsmodels.org/dev/generated/statsmodels.tsa.statespace.varmax.VARMAX.html
https://www.statsmodels.org/dev/generated/statsmodels.tsa.statespace.dynamic_factor.DynamicFactor.html
https://surprise.readthedocs.io/en/stable/basic_algorithms.html#surprise.prediction_algorithms.baseline_only.BaselineOnly
https://surprise.readthedocs.io/en/stable/co_clustering.html#surprise.prediction_algorithms.co_clustering.CoClustering
https://surprise.readthedocs.io/en/stable/basic_algorithms.html#surprise.prediction_algorithms.random_pred.NormalPredictor
https://surprise.readthedocs.io/en/stable/slope_one.html#surprise.prediction_algorithms.slope_one.SlopeOne
https://surprise.readthedocs.io/en/stable/matrix_factorization.html#surprise.prediction_algorithms.matrix_factorization.SVD
https://surprise.readthedocs.io/en/stable/matrix_factorization.html#surprise.prediction_algorithms.matrix_factorization.SVDpp
https://surprise.readthedocs.io/en/stable/matrix_factorization.html#surprise.prediction_algorithms.matrix_factorization.NMF
https://arxiv.org/ftp/arxiv/papers/1205/1205.2618.pdf

Model Metadata

3.15.12 Model Metadata

Metadata for the model. It is a column in the Section 3.13.1.1, “The Model Catalog Table” and a
parameter in M._ MODEL | MPORT. The default value for a nodel _net adat a field is NULL.

MySQL 8.1.0 adds several fields that replace deprecated columns in the Section 3.13.1.1, “The Model
Catalog Table”. It also adds fields that support ONNX model import. See: Section 3.13.2, “ONNX Model
Import”.

nodel _net adat a contains the following metadata as key-value pairs in JSON format:
e« task: string

The task type specified in the M__TRAI N query. The default is cl assi fi cat i on when used with
M__MODEL | MPORT. This was added in MySQL 8.1.0.

e build_tinmestanp: nunber

A timestamp indicating when the model was created, in UNIX epoch time. A model is created when
the ML_TRAI N routine finishes executing. This was added in MySQL 8.1.0.

e target _columm_name: string

The name of the column in the training table that was specified as the target column. This was added
in MySQL 8.1.0.

e train_table nane: string

The name of the input table specified in the ML_TRAI N query. This was added in MySQL 8.1.0.
e colum_nanes: JSON array

The feature columns used to train the model. This was added in MySQL 8.1.0.
» nodel _expl anation: JSON object

The model explanation generated during training. See Section 3.13.7, “Model Explanations”. This
was added in MySQL 8.1.0.

e notes: string

The not es specified in the M._TRAI N query. It also records any error messages that occur during
model training. This was added in MySQL 8.1.0.

« format: string

The model serialization format. HAWLv 1. O for a HeatWave AutoML model or ONNX for a ONNX
model. The default is ONNX when used with M._ MODEL | MPORT.

e status: Creating | Ready | Error
The status of the model. The default is Ready when used with M__ MODEL | MPORT.
e Creating
The model is still being created.
¢ Ready
The model is trained and active.

e Error
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Either training was canceled or an error occurred during training. Any error message appears in
the not es column. As of MySQL 8.1.0, the error message also appears in nodel _net adat a
not es.

nodel quality: string

The quality of the model object. Either | owor hi gh. This was added in MySQL 8.1.0.
training_tinme: nunber

The time in seconds taken to train the model.

al gorithm nane: string

The name of the chosen algorithm.

traini ng_score: numnber

The cross-validation score achieved for the model by training.

n_rows: nunber

The number of rows in the training table.

n_col ums: nunber

The number of columns in the training table.

n_sel ect ed_col ums: nunber

The number of rows selected by feature selection.

n_sel ected _rows: nunber

The number of rows selected by adaptive sampling.

optim zation_metric: string

The optimization metric used for training.

sel ected_col utm_nanes: JSON array

The names of the columns selected by feature selection.

cont am nati on: nunber

The contamination factor for a model. This was added in MySQL 8.1.0.

options: JSON obj ect

The opt i ons specified in the M__TRAI N query. This was added in MySQL 8.1.0.
training_parans: JSON obj ect

Internal task dependent parameters used during M._ TRAI N. This was added in MySQL 8.1.0.
onnx_i nputs_info: JSON object

Information about the format of the ONNX model inputs. This was added in MySQL 8.1.0, and only
applies to ONNX models. See Section 3.13.2, “ONNX Model Import”.

Do not provide onnx_i nput s_i nf o if the model is not ONNX format. This will cause an error.

e data_types_map: JSON object
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This maps the data type of each column to an ONNX model data type. The default value is:

JSON _OBJECT("tensor(int64)": "int64", "tensor(float)": "float32", "tensor(string)": "str_")
e onnx_out puts_info: JSON object

Information about the format of the ONNX model outputs. This was added in MySQL 8.1.0, and only
applies to ONNX models. See Section 3.13.2, “ONNX Model Import”.

Do not provide onnx_out put s_i nf o if the model is not ONNX format, or if t ask is NULL. This will
cause an error.

e predictions_nane: string
This name determines which of the ONNX model outputs is associated with predictions.
e prediction_probabilities_nanme: string

This name determines which of the ONNX model outputs is associated with prediction
probabilities.

e | abel s_map: JSON obj ect

This maps prediction probabilities to predictions, known as labels.

3.15.13 Optimization and Scoring Metrics

The ML_TRAI Nroutine includes the opti m zati on_netri c option, and the M__ SCORE routine
includes the net r i ¢ option. Both of these options define a metric that must be compatible

with the t ask type and the target data. Section 3.15.12, “Model Metadata” includes the

optim zation_netri c field.

For more information about scoring metrics, see: scikit-learn.org. For more information about
forecasting metrics, see: sktime.org and statsmodels.org.

+ Classification metrics

¢ Binary-only metrics
o f1
* precision
* recall
e roc_auc

¢ Binary and multi-class metrics
e accuracy
» balanced_accuracy, M._ SCORE only.
« f1_macro
e f1_micro
» f1_samples, M._SCORE only.
« f1_weighted

* neg_log_loss
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https://scikit-learn.org/stable/modules/model_evaluation.html
https://www.sktime.org/en/stable/api_reference/performance_metrics.html
https://www.statsmodels.org/dev/_modules/statsmodels/tools/eval_measures.html
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.f1_score.html#sklearn.metrics.f1_score
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.precision_score.html#sklearn.metrics.precision_score
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.recall_score.html#sklearn.metrics.recall_score
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.roc_auc_score.html#sklearn.metrics.roc_auc_score
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.accuracy_score.html#sklearn.metrics.accuracy_score
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.balanced_accuracy_score.html
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.f1_score.html#sklearn.metrics.f1_score
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.f1_score.html#sklearn.metrics.f1_score
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.f1_score.html#sklearn.metrics.f1_score
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.f1_score.html#sklearn.metrics.f1_score
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.log_loss.html#sklearn.metrics.log_loss
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e precision_macro
* precision_micro
 precision_samples, M__ SCORE only.
 precision_weighted
« recall_macro
 recall_micro
« recall_samples, ML_ SCORE only.
* recall_weighted

Regression metrics

* neg_mean_absolute_error

* neg_mean_squared_error

* neg_mean_squared_log_error

e neg_median_absolute_error

12

Forecasting metrics

* neg_max_absolute_error

e neg_mean_absolute_error

* neg_mean_abs_scaled_error

* neg_mean_squared_error

* neg_root_mean_squared_error

e neg_root_mean_squared_percent_error

* neg_sym_mean_abs_percent_error
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https://scikit-learn.org/stable/modules/generated/sklearn.metrics.precision_score.html#sklearn.metrics.precision_score
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.precision_score.html#sklearn.metrics.precision_score
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.precision_score.html#sklearn.metrics.precision_score
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.precision_score.html#sklearn.metrics.precision_score
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.recall_score.html#sklearn.metrics.recall_score
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.recall_score.html#sklearn.metrics.recall_score
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.recall_score.html#sklearn.metrics.recall_score
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.recall_score.html#sklearn.metrics.recall_score
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.mean_absolute_error.html#sklearn.metrics.mean_absolute_error
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.mean_squared_error.html#sklearn.metrics.mean_squared_error
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.mean_squared_log_error.html#sklearn.metrics.mean_squared_log_error
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.median_absolute_error.html#sklearn.metrics.median_absolute_error
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.r2_score.html#sklearn.metrics.r2_score
https://www.statsmodels.org/dev/generated/statsmodels.tools.eval_measures.maxabs.html
https://www.statsmodels.org/dev/generated/statsmodels.tools.eval_measures.meanabs.html
https://www.sktime.org/en/stable/api_reference/auto_generated/sktime.performance_metrics.forecasting.mean_absolute_scaled_error.html
https://www.statsmodels.org/dev/generated/statsmodels.tools.eval_measures.mse.html
https://www.statsmodels.org/dev/generated/statsmodels.tools.eval_measures.rmse.html
https://www.statsmodels.org/dev/generated/statsmodels.tools.eval_measures.rmspe.html
https://www.sktime.org/en/stable/api_reference/auto_generated/sktime.performance_metrics.forecasting.mean_absolute_percentage_error.html

Optimization and Scoring Metrics

e Anomaly detection metrics

M._ SCORE only. Not supported for M._ TRAI N.
 Nothreshol d ort opk options.
Do not specify t hr eshol d and t opk options.
 roc_auc

e threshol d option.

Uses the t hr eshol d option. Do not specify the t opk option.
 accuracy
» balanced_accuracy
o f1
* neg_log loss
* precision
* recall
< t opk option.
Requires the t opk option. Do not specify the t hr eshol d option.

e precision_k is an Oracle implementation of a common metric for fraud detection and lead
scoring.
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https://scikit-learn.org/stable/modules/generated/sklearn.metrics.roc_auc_score.html#sklearn.metrics.roc_auc_score
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.accuracy_score.html#sklearn.metrics.accuracy_score
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.balanced_accuracy_score.html
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.f1_score.html#sklearn.metrics.f1_score
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.log_loss.html#sklearn.metrics.log_loss
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.precision_score.html#sklearn.metrics.precision_score
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.recall_score.html#sklearn.metrics.recall_score

Optimization and Scoring Metrics

 Recommendation model metrics

» Rating metrics to use with recommendation models that use explicit feedback.

Use with ML_ SCORE and M__TRAI N.

neg_mean_absolute_error
neg_mean_squared_error
neg_root_mean_squared_error

r2

« Ranking metrics to use with recommendation models that use implicit feedback.

ML_ SCORE only. Not supported for M._ TRAI N.

If a user and item combination in the input table is not unique the input table is grouped by user
and item columns, and the result is the average of the rankings.

If the input table overlaps with the training table, and r enove_seen ist r ue, which is the default
setting, then the model will not repeat a recommendation and it ignores the overlap items.

preci sion_at k isthe number of relevant t opk recommended items divided by the total
t opk recommended items for a particular user:

preci sion_at_ k =(relevant t opk recommended items) / (total t opk recommended items)

For example, if 7 out of 10 items are relevant for a user, and t opk is 10, then
precision_at kis 70%.

The preci si on_at _k value for the input table is the average for all users. If r enove_seen is
t r ue, the default setting, then the average only includes users for whom the model can make a
recommendation. If a user has implicitly ranked every item in the training table the model cannot
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https://scikit-learn.org/stable/modules/generated/sklearn.metrics.mean_absolute_error.html#sklearn.metrics.mean_absolute_error
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.mean_squared_error.html#sklearn.metrics.mean_squared_error
https://www.statsmodels.org/dev/generated/statsmodels.tools.eval_measures.rmse.html
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.r2_score.html#sklearn.metrics.r2_score

Supported Data Types

recommend any more items for that user, and they are ignored from the average calculation if
renove_seenistrue.

e recal | _at _k is the number of relevant t opk recommended items divided by the total relevant

items for a particular user:
recal | _at k = (relevantt opk recommended items) / (total relevant items)

For example, there is a total of 20 relevant items for a user. If t opk is 10, and 7 of those items
are relevant, thenrecal | _at kis7/20 = 35%.

Therecal | _at k value for the input table is the average for all users.

« hit_ratio_at_ kisthe number of relevant t opk recommended items divided by the total
relevant items for all users:

hit _ratio_at_k =(relevant t opk recommended items, all users) / (total relevant items, all
users)

The average of hit _rati o _at _k forthe inputtableisrecal | _at k. If there is only one user,

hit ratio_at kisthesameasrecal |l at k.

e ndcg_at _k is normalized discounted cumulative gain, which is the discounted cumulative gain
of the relevant t opk recommended items divided by the discounted cumulative gain of the
relevant t opk items for a particular user.

The discounted gain of an item is the true rating divided by log,(r+1) where r is the ranking of
this item in the relevant t opk items. If a user prefers a particular item, the rating is higher, and
the ranking is lower.

The ndcg_at _k value for the input table is the average for all users.

3.16 Supported Data Types

HeatWave AutoML supports the following data types:

FLOAT

DOUBLE

I NT

TI NYI NT

SVALLI NT

MVEDI UM NT

Bl G NT

I NT UNSI GNED

TI NYI NT UNSI GNED
SVALLI NT UNSI GNED
MEDI UM NT UNSI GNED
Bl G NT UNSI GNED
VARCHAR

CHAR
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DATE, supported as of MySQL 8.0.30.

TI VE, supported as of MySQL 8.0.30.
DATETI ME, supported as of MySQL 8.0.30.
TI MESTAMP, supported as of MySQL 8.0.30.
YEAR, supported as of MySQL 8.0.30.

TI NYTEXT, supported as of MySQL 8.1.0.
TEXT, supported as of MySQL 8.1.0.

VEDI UMTEXT, supported as of MySQL 8.1.0.
LONGTEXT, supported as of MySQL 8.1.0.

HeatWave AutoML uses TfidfVectorizer to pre-process Tl NYTEXT, TEXT, MEDI UMTEXT, and
LONGTEXT and appends the results to the data set. HeatWave AutoML has the following limitations for
text usage:

The M__PREDI CT_TABLE nmi _r esul t s column contains the prediction results and the data. This
combination must be less than 65,532 characters.

HeatWave AutoML only supports datasets in the English language.

HeatWave AutoML does not support text columns with NULL values.
HeatWave AutoML does not support a text target column.

HeatWave AutoML does not support recommendation tasks with a text column.

For the forecasting task, endogenous_vari abl es cannot be text.

Before MySQL 8.0.30, remove date and time types or convert them to CHAR or VARCHAR columns, or
split them into separate day, month, and year columns and define them as numeric or string types.

DECI VAL data type columns are not supported. Remove them or convert them to FLOAT.

3.17 HeatWave AutoML Error Messages

Each error message includes an error number, SQLSTATE value, and message string, as described in
Error Message Sources and Elements.

Error number: ML0O01016; SQLSTATE: HY000
Message: Only classification, regression, and forecasting tasks are supported.

Example: ERROR HYO000: M.001016: Only classification, regression, and
forecasting tasks are support ed.

Check the t ask option in the ML_TRAI N call to ensure that it is specified correctly.
Error number: ML001031; SQLSTATE: HY000

Message: Running as a classification task. % classes have less than % samples per class, and
cannot be trained on. Maybe it should be trained as a regression task instead of a classification task.
Or the task ran on the default setting - classification, due to an incorrect JSON task argument.

Example: ERROR HYO000: M.001031: Running as a classification task. 189
cl asses have | ess than 5 sanpl es per class, and cannot be trained
on. Maybe it should be trained as a regression task instead of

a classification task. O the task ran on the default setting -
classification, due to an incorrect JSON task argunent.
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If a classification model is intended, add more samples to the data to increase the minority class
count; that is, add more rows with the under-represented target column value. If a classification
model was not intended, run ML_ TRAI N with the regression task option.

Error number: ML0O01051; SQLSTATE: HY000
Message: One or more rows contain all NaN values. Imputation is not possible on such rows.

Example: ERROR HY000: M.001051: One or nore rows contain all NaN val ues.
| mputation is not possible on such rows.

MySQL does not support NaN values. Replace with NULL.
Error number: ML001052; SQLSTATE: HY000

Message: All columns are dropped. They are constant, mostly unique, or have a lot of missing
values!

Example: ERROR HY000: M.001052: All columms are dropped. They are constant,
nostly unique, or have a | ot of mssing val ues!

M__TRAI Nignores columns with certain characteristics such as columns missing more than 20% of
values and columns containing the same single value. See Section 3.4, “Preparing Data”.

Error number: ML0O01053; SQLSTATE: HY000

Message: Unlabeled samples detected in the training data. (Values in target column can not be
NULL).

Example: ERROR HY000: M.001053: Unl abel ed sanpl es detected in the training
data. (Values in target columm can not be NULL).

Training data must be labeled. See Section 3.4, “Preparing Data”.
Error number: MLO03000; SQLSTATE: HY000
Message: Number of offloaded datasets has reached the limit!

Example: ERROR HYO000: M.003000: Nunber of of fl oaded datasets has reached the
[imt!
Error number: ML0O03011; SQLSTATE: HY000

Message: Columns of provided data need to match those used for training. Provided - ['%', '%', '%']
vs Trained - ['%', '%'].

Example: ERROR HY000: M.003011: Col umms of provided data need to match
those used for training. Provided - ['petal length', '"petal width', 'sepal
length', 'sepal width'] vs Trained - ['petal length', 'sepal |ength',
"sepal width'].

The input data columns do not match the columns of training dataset used to train the model.
Compare the input data to the training data to identify the discrepancy.

Error number: ML003012; SQLSTATE: HY000
Message: The table (%) is NULL or has not been loaded.

Example: ERROR HYO00: M.003012: The table (mcorpus.iris_train) is NULL or
has not been | oaded.

There is no data in the specified table.
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e Error number: ML003014; SQLSTATE: HY000
Message: The size of model generated is larger than the maximum allowed.

Example: ERROR HYO000: M.003014: The size of nodel generated is |arger than
the maxi num al | owed.

Models greater than 900 MB in size are not supported.

e Error number: ML003015; SQLSTATE: HY000

Message: The input column types do not match the column types of dataset which the model was
trained on. ['%', '%'] vs ['%', '%.

Example: ERROR HYO000: M.003015: The input colum types do not match the
col um types of dataset which the nodel was trained on. ['numerical',
nunerical', 'categorical', 'nunerical'] vs ['nunerical', 'nunerical',
nunerical', 'nunerical'].

e Error number: ML003016; SQLSTATE: HY000
Message: Missing argument \"row_json\" in input JSON -> dict_keys(['%', '%"]).
Example: ERROR HY000: M.003016: M ssing argunent \"row json\" in input
JSON -> dict_keys(['operation', 'user_nane', 'table_nane', 'schena_nane',
"nmodel _handle']).

e Error number: MLO03017; SQLSTATE: HY000

Message: The corresponding value of row_json should be a string!

Example: ERROR HYO000: M.003017: The correspondi ng val ue of row json shoul d
be a string!

e Error number: ML003018; SQLSTATE: HY000
Message: The corresponding value of row_json is NOT a valid JSON!

Example: ERROR HY000: M.003018: The correspondi ng value of row json is NOT a
valid JSON!

e Error number: ML003019; SQLSTATE: HY000
Message: Invalid data for the metric (%). Score could not be computed.

Example: ERROR HYO00: M_003019: Invalid data for the netric (roc_auc). Score
coul d not be conput ed.

The scoring metric is legal and supported, but the data provided is not suitable to calculate such a
score. For example: ROC_AUC for multi-class classification. Try a different scoring metric.

e Error number: ML003020; SQLSTATE: HY000
Message: Unsupported scoring function (%) for current task (%).

Example: ERROR HYO000: M.003020: Unsupported scoring function (accuracy) for
current task (regression).

The scoring metric is legal and supported, but the task provided is not suitable to calculate such a
score; for example: Using the accur acy metric for ar egr essi on model.
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e Error number: ML003021; SQLSTATE: HY000

Message: Cannot train a regression task with a non-numeric target column.

Example: ERROR HYO000: M.003021: Cannot train a regression task with a non-
nuneric target colum.

M._TRAI N was run with the regression task type on a training dataset with a non-numeric target
column. Regression models require a numeric target column.

Error number: ML003022; SQLSTATE: HY000
Message: At least 2 target classes are needed for classification task

Example: ERROR HYO000: M.003022: At |east 2 target classes are needed for
classification task.

M__TRAI N was run with the classification task type on a training dataset where the target column did
not have at least two possible values.

Error number: ML.003023; SQLSTATE: 3877 ( HY000)

Message: Unknown option given. Allowed options for training are: ['task’, ‘'model_list',
‘exclude_model_list', ‘optimization_metric’, ‘exclude_column_list', 'datetime_index’,
‘endogenous_variables', ‘exogenous_variables', ‘positive_class’, ‘users’, ‘items’, 'user_columns’,
‘item_columns'].

Example: ERROR 3877 (HY000): M.003023: Unknown option given. Allowed

options for training are: ['task', 'nodel list', 'exclude_nodel list',
‘optimzation_netric', 'exclude_colum_list', 'datetine_index",

" endogenous_vari abl es', 'exogenous_vari ables', 'positive_class', 'users',
"itenms', 'user_colums', 'itemcolums'].

The ML_TRAI N call specified an unknown option.
Error number: ML003024; SQLSTATE: HY000
Message: Not enough available memory, unloading any RAPID tables will help to free up memory.

Example: ERROR HYO000: M.003024: Not enough avail abl e nenory, unl oadi ng any
RAPID tables will help to free up nmenory.

There is not enough memory on the HeatWave Cluster to perform the operation. Try unloading data
that was loaded for analytics to free up space.

The recommended node shape for HeatWave AutoML functionality is HeatWave.256GB. The
HeatWave.16GB node shape might not have enough memory to train the model with large data sets.
If this error message appears with the smaller node shape and HeatWave AutoML, use the larger
shape instead.

Error number: ML003027; SQLSTATE: 3877 ( HY000)
Message: JSON attribute (item_columns) must be in JSON_ARRAY type.

Example: ERROR 3877 (HYO00): M.003027: JSON attribute (itemcolums) nust be
in JSON_ARRAY type.

Specify the i t em_col utms JSON attribute as a JSON array.
Error number: ML0O03027; SQLSTATE: 3877 ( HY000)

Message: JSON attribute (user_columns) must be in JISON_ARRAY type.
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Example: ERROR 3877 (HY000): M.003027: JSON attribute (user_columms) nust be
i n JSON_ARRAY type.

Specify the user _col utms JSON attribute as a JSON array.
Error number: ML003039; SQLSTATE: HY000
Message: Not all user specified columns are present in the input table - missing columns are {%]}.

Example: ERROR HYO000: M.003039: Not all user specified colums are present
in the input table - nmissing colums are {C4}.

The syntax includes a column that is not available.
Error number: ML003047; SQLSTATE: HY000
Message: All columns cannot be excluded. User provided exclude_column_list is ['%', '%'.

Example: ERROR HYO000: M.003047: All columms cannot be excluded. User
provi ded exclude _colum_list is ["CO", "Cl', '"C2', '"C3'].

The syntax includes an excl ude_col unm_|I i st that attempts to exclude too many columns.
Error number: ML003048; SQLSTATE: HY000
Message: exclude_column_list JSON attribute must be of JISON_ARRAY type.

Example: ERROR HYO000: M_003048: exclude _colum_list JSON attribute nmust be
of JSON_ARRAY type.

The syntax includes a malformed JSON_ARRAY for the excl ude_col unmm_Ii st.
Error number: ML003048; SQLSTATE: HY000
Message: include_column_list JSON attribute must be of JISON_ARRAY type.

Example: ERROR HYO000: M_003048: include colum_list JSON attribute rmust be
of JSON_ARRAY type.

The syntax includes a malformed JSON_ARRAY for the i ncl ude_col unm_|i st.
Error number: ML003049; SQLSTATE: HY000

Message: One or more columns in include_column_list ([%]) does not exist. Existing columns are
([l%l' |%|]).

Example: ERROR HYO00: M_003049: One or nore colums in include_colum_li st
([ C15]) does not exist. Existing colums are (['CO', 'C1', 'C2', "C3']).

The syntax includes an i ncl ude_col unm_1I i st that expects a column that does not exist.
Error number: ML0O03050; SQLSTATE: HY000
Message: include_column_list must be a subset of exogenous_variables for forecasting task.

Example: ERROR HYO000: M_003050: include_colum_list nust be a subset of
exogenous_vari abl es for forecasting task.

The syntax for a forecasting task includes an i ncl ude_col unm_I i st that expects one or more
columns that are not defined by exogenous_vari abl es.

Error number: ML003052; SQLSTATE: HY000
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Message: Target column provided % is one of the independent variables used to train the model [%,
%, %).

Example: ERROR HY000: M.003052: Target columm provided LSTAT is one of the
i ndependent variables used to train the nodel [RM RAD, LSTAT].

The syntax defines at ar get _col urm_nane that is one of the independent variables used to train
the model.

Error number: ML003053; SQLSTATE: HY000

Message: datetime_index must be specified by the user for forecasting task and must be a column in
the training table.

Example: ERROR HYO000: M_003053: datetinme_index nust be specified by the user
for forecasting task and nust be a colum in the training table.

The syntax for a forecasting task must include dat et i ne_i ndex, and this must be a column in the
training table.

Error number: ML003054; SQLSTATE: HY000

Message: endogenous_variables must be specified by the user for forecasting task and must be
column(s) in the training table.

Example: ERROR HYO000: M_003054: endogenous_vari abl es nust be specified by
the user for forecasting task and nust be colum(s) in the training table.

The syntax for a forecasting task must include the endogenous_var i abl es option, and these must
be a column or columns in the training table.

Error number: MLO03055; SQLSTATE: HY000
Message: endogenous_variables / exogenous_variables option must be of JSON_ARRAY type.

Example: ERROR HY000: M.003055: endogenous_vari abl es / exogenous_vari abl es
option must be of JSON _ARRAY type.

The syntax for a forecasting task includes endogenous_vari abl es or exogenous_vari abl es
that do not have valid JSON format.

Error number: ML003056; SQLSTATE: HY000

Message: exclude_column_list cannot contain any of endogenous or exogenous variables for
forecasting task.

Example: ERROR HYO000: M_003056: exclude colum_list cannot contain any of
endogenous or exogenous variables for forecasting task.

The syntax for a forecasting task includes excl ude_col unm_| i st that contains columns that are
also in endogenous_vari abl es or exogenous_vari abl es.
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e Error number: MLO03057; SQLSTATE: HY000

Message: endogenous and exogenous variables may not have any common columns for forecasting
task.

Example: ERROR HY000: M.003057: endogenous and exogenous vari abl es nmay not
have any common columms for forecasting task.

The syntax for a forecasting task includes endogenous_vari abl es and exogenous_vari abl es,
and they have one or more columns in common.

e Error number: ML003058; SQLSTATE: HY000
Message: Can not train a forecasting task with non-numeric endogenous_variables column(s).

Example: ERROR HY000: M.003058: Can not train a forecasting task with non-
numeri ¢ endogenous_vari abl es col um(s).

The syntax for a forecasting task includes endogenous_var i abl es and some of the columns are
not defined as numeric.

e Error number: ML003059; SQLSTATE: HY000

Message: User provided list of models [ThetaForecaster', 'ETSForecaster', 'SARIMAXForecaster’,
'ExpSmoothForecaster] does not include any supported models for the task. Supported models for
the given task and table are ['DynFactorForecaster’, 'VARMAXForecaster'].

Example: ERROR HY000: M_003059: User provided list of nodels

[' Thet aForecaster', 'ETSForecaster', 'SARI MAXForecaster',

' ExpSnoot hFor ecaster'] does not include any supported nodels for the task.
Supported nodels for the given task and table are [' DynFactor Forecaster',
" VARMAXFor ecaster'].

The syntax for a forecasting task includes multivariate endogenous_var i abl es, but the provided
models only support univariate endogenous_vari abl es.

e Error number: MLO03060; SQLSTATE: HY000
Message:: endogenous_variables may not contain repeated column names ['%1', '%2', '%11.

Example: ERROR HY000: M.003060: endogenous_vari abl es nay not contain
repeated columm nanes ["wind , "solar', "wind].

The syntax for a forecasting task includes endogenous_var i abl es with a repeated column.

e Error number: ML003061; SQLSTATE: HY000

Message: exogenous_variables may not contain repeated column names [‘consumption’,
'wind_solar', ‘consumption’].

Example: ERROR HYO000: M_003061: exogenous_vari abl es nay not contain repeated
col um nanes ['consunption', '"wind solar', 'consunption'].

The syntax for a forecasting task includes exogenous_var i abl es with a repeated column.
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e Error number: ML003062; SQLSTATE: HY000

Message: endogenous_variables argument must not be NULL.

Example: ERROR HY000: M.003062: endogenous_vari abl es argunent nust not be
NULL.

The syntax for a forecasting task includes endogenous_vari abl es with a NULL argument.

Error number: ML003063; SQLSTATE: HY000
Message: exogenous_variables argument must not be NULL when provided by user.

Example: ERROR HYO000: M.003063: exogenous_vari abl es argunment mnust not be
NULL when provi ded by user.

The syntax for a forecasting task includes user provided exogenous_vari abl es with a NULL
argument.

Error number: ML003064; SQLSTATE: HY000
Message: Cannot exclude all models.
Example: ERROR HY000: M_003064: Cannot exclude all nodels.

The syntax for a forecasting task must include at least one model.

Error number: MLO03065; SQLSTATE: HY000

Message: Prediction table cannot have overlapping datetime_index with train table when
exogenous_variables are used. It can only forecast into future.

Example: ERROR HYO000: M.003065: Prediction table cannot have overl appi ng
datetinme_index with train table when exogenous_variables are used. It can
only forecast into future.

The syntax for a forecasting task includes exogenous_var i abl es and the prediction table
contains values in the dat et i ne_i ndex column that overlap with values in the dat et i ne_i ndex
column in the training table.

Error number: ML003066; SQLSTATE: HY000

Message: datetime_index for test table must not have missing dates after the last date in training
table. Please ensure test table starts on or before 2034-01-01 00:00:00. Currently, start date in the
test table is 2036-01-01 00:00:00.

Example: ERROR HYO000: M.003066: datetinme_index for test table nust not have
m ssing dates after the last date in training table. Please ensure test
table starts on or before 2034-01-01 00: 00: 00. Currently, start date in
the test table is 2036-01-01 00: 00: 00.

The syntax for a forecasting task includes a prediction table that contains values in the
dat eti me_i ndex column that leave a gap to the values in the dat et i ne_i ndex column in the
training table.
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Error number: MLO03067; SQLSTATE: HY000
Message: datetime_index for forecasting task must be between year 1678 and 2261.

Example: ERROR HY000: M.003067: datetine_index for forecasting task nust be
bet ween year 1678 and 2261.

The syntax for a forecasting task includes values in a dat et i me_i ndex column that are outside the
date range from 1678 to 2261.

Error number: ML003068; SQLSTATE: HY000

Message: Last date of datetime_index in the training table 2151-01-01 00:00:00 plus the length of
the table 135 must be between year 1678 and 2261.

Example: ERROR HY000: M.003068: Last date of datetine_index in the training
table 2151-01-01 00: 00: 00 plus the Iength of the table 135 nust be between
year 1678 and 2261.

The syntax for a forecasting task includes a prediction table that has too many rows, and the values
in the dat et i me_i ndex column would be outside the date range from 1678 to 2261.

Error number: MLO03070; SQLSTATE: 3877 ( HY000)
Message: For recommendation tasks both user and item column names should be provided.

Example: ERROR 3877 (HYO00): M.003070: For reconmendation tasks both user
and item col um names shoul d be provi ded.

Error number: MLO03071; SQLSTATE: HY000
Message: contamination must be numeric value greater than 0 and less than 0.5.

Example: ERROR HYO000: M.003071: contani nation nust be nuneric val ue greater
than 0 and | ess than 0.5.

Error number: MLO03071; SQLSTATE: 3877 ( HY000)
Message: item_columns can not contain repeated column names ['C4', 'C41].

Example: ERROR 3877 (HY000): M.003071: itemcolumms can not contain repeated
colum nanes ['C4', "CA'].

Error number: MLO03071; SQLSTATE: 3877 ( HY000)
Message: user_columns can not contain repeated column names ['C4', 'C41.

Example: ERROR 3877 (HYO00): M.003071: user_columms can not contain repeated
colum nanes ['C4', "CA'].

Error number: MLO03072; SQLSTATE: HY000
Message: Can not use more than one threshold method.

Example: ERROR HY000: M.003072: Can not use nore than one threshold nethod.

Error number: MLO03072; SQLSTATE: 3877 ( HY000)
Message: Target column C3 can not be specified as a user or item column.

Example: ERROR 3877 (HYO000): M.003072: Target columm C3 can not be specified
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e Error number: MLO03073; SQLSTATE: HY000

Message: topk must be an integer value between 1 and length of the table, inclusively (1 <= topk <=
20).

Example: ERROR HY000: M.003073: topk nust be an integer val ue between 1 and
length of the table, inclusively (1 <= topk <= 20).

e Error number: MLO03073; SQLSTATE: 3877 ( HY000)
Message: The users and items columns should be different.

Example: ERROR 3877 (HYO000): M.003073: The users and itens colums shoul d be
different.

e Error number: ML003074; SQLSTATE: HY000
Message: threshold must be a numeric value between 0 and 1, inclusively (0 <= threshold <= 1).

Example: ERROR HYO000: M_003074: threshold nust be a nuneric val ue between 0
and 1, inclusively (0 <= threshold <= 1).

¢ Error number: ML003074; SQLSTATE: 3877 ( HY000)
Message: Unsupported ML Operation for recommendation task.

Example: ERROR 3877 (HYO000): M.003074: Unsupported M. Operation for
recommendati on task.

e Error number: ML003075; SQLSTATE: HY000
Message: Unknown option given. This scoring metric only allows for these options: ['topk’].

Example: ERROR HY000: M_.003075: Unknown option given. This scoring netric
only allows for these options: ['topk'].

e Error number: MLO03075; SQLSTATE: 3877 ( HY000)
Message: Unknown option given. Allowed options for recommendations are ['recommend', 'top'].

Example: ERROR 3877 (HYO00): M.003075: Unknown option given. Allowed options
for recomendations are ['recomrend', 'top'].

e Error number: MLO03076; SQLSTATE: HY000

Message: ML_EXPLAIN, ML_EXPLAIN_ROW and ML_EXPLAIN_TABLE are not supported for
anomaly_detection task.

Example: ERROR HYO000: M.003076: M._EXPLAI N, M._EXPLAI N_ROW and
M._EXPLAI N_TABLE are not supported for anonaly_detection task.

» Error number: MLO03076; SQLSTATE: 3877 ( HY000)
Message: The recommend option should be provided when a value for topk is assigned.

Example: ERROR 3877 (HY000): M.003076: The reconmend option shoul d be
provi ded when a value for topk is assigned.
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Error number: MLO03077; SQLSTATE: HY000
Message: topk must be provided as an option when metric is set as precision_at k.

Example: ERROR HY000: M.003077: topk nust be provided as an option when
nmetric is set as precision_at_Kk.

Error number: MLO03077; SQLSTATE: 3877 ( HY000)

Message: Unknown recommend value given. Allowed values for recommend are ['ratings', 'items',
‘users'].

Example: ERROR 3877 (HY000): M.003077: Unknown reconmend val ue given.
Al'l oned val ues for recommend are ['ratings', 'items', 'users'].

Error number: ML0O03078; SQLSTATE: HY000

Message: anomaly_detection only allows 0 (normal) and 1 (anomaly) for labels in target column with
any metric used, and they have to be integer values.

Example: ERROR HYO000: M_003078: anomaly_detection only allows 0 (nornal)
and 1 (anomaly) for labels in target columm with any nmetric used, and they
have to be integer val ues.

Error number: ML003078; SQLSTATE: 3877 ( HY000)
Message: Should not provide a value for topk when the recommend option is set to ratings.

Example: ERROR 3877 (HY000): M.003078: Shoul d not provide a value for topk
when the recomrend option is set to ratings.

Error number: MLO03079; SQLSTATE: 3877 ( HY000)
Message: Provided value for option topk is not a strictly positive integer.

Example: ERROR 3877 (HY000): M.003079: Provided value for option topk is not
a strictly positive integer.

Error number: MLO03080; SQLSTATE: 3877 ( HY000)

Message: One or more rows contains NULL or empty values. Please provide inputs without NULL or
empty values for recommendation.

Example: ERROR 3877 (HYO00): M.003080: One or nore rows contains NULL or
enpty val ues. Please provide inputs w thout NULL or enpty val ues for
reconmendat i on.

Error number: ML003081; SQLSTATE: 3877 ( HY000)
Message: Options should be NULL. Options are currently not supported for this task classification.

Example: ERROR 3877 (HYO000): M.003081: options should be NULL. Options are
currently not supported for this task classification.

Error number: ML003082; SQLSTATE: 3877 ( HY000)
Message: All supported models are excluded, but at least one model should be included.

Example: ERROR 3877 (HYO000): M.003082: All supported nodel s are excl uded,
but at |east one nodel should be included.
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Error number: ML003083; SQLSTATE: HY000
Message: Both user column name ['C3'] and item column name CO must be provided as string.

Example: ERROR HYO000: M_003083: Both user columm nane ['C3'] and item col um
nane CO nust be provided as string.

Error number: ML003105; SQLSTATE: 3877 ( HY000)
Message: Cannot recommend users to a user not present in the training table.

Example: ERROR. 3877 (HY000): M.003105: Cannot recomend users to a user not
present in the training table.

Error number: ML003106; SQLSTATE: 3877 ( HY000)
Message: Cannot recommend items to an item not present in the training table.

Example: ERROR 3877 (HY000): M.003106: Cannot reconmend itens to an item not
present in the training table.

Error number: ML003107; SQLSTATE: 3877 ( HY000)
Message: Users to users recommendation is not supported, please retrain your model.

Example: ERROR 3877 (HYO000): M.003107: Users to users recomendation i s not
supported, please retrain your nodel.

Error number: ML003108; SQLSTATE: 3877 ( HY000)
Message: Items to items recommendation is not supported, please retrain your model.

Example: ERROR 3877 (HYO00): M.003108: Itens to itens reconmmendation i s not
supported, please retrain your nodel.

Error number: ML003109; SQLSTATE: HY000

Message: Invalid Model format.

Example: HY0O00: M_003109: Invalid Mdel format.

Error number: ML003111; SQLSTATE: HY000

Message: Unknown option given. Allowed options are ['batch_size'].

Example: ERROR HYO000: M.003111: Unknown option given. Allowed options are
['batch_size'].

Error number: ML003112; SQLSTATE: HY000
Message: Unknown option given. Allowed options for anomaly detection are [X, Y, ...].

Example: ERROR HY000: M.003112: Unknown option given. Allowed options for
anonaly detection are [X, VY, ...].

Error number: ML003114; SQLSTATE: HY000
Message: Threshold must be a numeric value.
Example: ERROR HY000: M.003114: Threshold nmust be a nuneric val ue.
Error number: ML003115; SQLSTATE: HY000

Message: Empty input table after applying threshold.
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Example: ERROR HYO000: M.003115: Enpty input table after applying threshold.

Error number: ML003116; SQLSTATE: HY000
Message: The feedback_threshold option can only be set for implicit feedback.

Example: ERROR HY000: M.003116: The feedback threshold option can only be
set for inplicit feedback.

Error number: ML003117; SQLSTATE: HY000

Message: The remove_seen option can only be used with the following recommendation [items’,
‘users', 'users_to_items', 'items_to_users'].

Example: ERROR HYO00: M.003117: The renove_seen option can only be used
with the followi ng recormendation ["itens', 'users', 'users_to_ itens',
"itens_to_users'].

Error number: ML003118; SQLSTATE: HY000
Message: The remove_seen option must be set to either True or False. Provided i nput .

Example: ERROR HYO00: M.003118: The renpbve_seen option nust be set to either
True or Fal se. Provided input.

Error number: ML003119; SQLSTATE: HY000
Message: The feedback option must either be set to explicit or implicit. Provided i nput .

Example: ERROR HYO000: M.003119: The feedback option nust either be set to
explicit or inplicit. Provided input.

Error number: ML003120; SQLSTATE: HY000
Message: The input table needs to contain strictly more than one unique item.

Example: ERROR HYO000: M_003120: The input table needs to contain strictly
nore than one unique item

Error number: ML003121; SQLSTATE: HY000
Message: The input table needs to contain at least one unknown or negative rating.

Example: ERROR HYO000: M.003121: The input table needs to contain at |east
one unknown or negative rating.

Error number: ML003122; SQLSTATE: HY000
Message: The feedback_threshold option must be numeric.

Example: ERROR HY000: M.003122: The feedback threshold option nust be
nuneri c.

Error number: ML003123; SQLSTATE: HY000
Message: User and item columns should contain strings.

Example: ERROR HYO00: M_003123: User and item colums shoul d contain
strings.
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Error number: ML003124; SQLSTATE: HY000

Message: Calculation for precision_at_k metric could not complete because there are no
recommended items.

Example: ERROR HY000: M.003124: Calcul ation for precision_at_k netric could
not conpl ete because there are no recomended itens.

Error number: ML004002; SQLSTATE: HY000

Message: Output format of onnx model is not supported
(output_name={%},output_shape={%},output_type={%}).

Example: HY0O00: M_004002: CQutput format of onnx nodel is not supported
(out put _name={%, out put _shape={%, out put _type={%).

Error number: ML004003; SQLSTATE: HY000

Message: This ONNX model only supports fixed batch size=%.

Example: HY0O00: M_004003: This ONNX nodel only supports fixed batch size=%
Error number: ML004005; SQLSTATE: HY000

Message: The type % in data_types_map is not supported.

Example: HY0O00: M.004005: The type % in data types nmap i s not supported.
Error number: ML004006; SQLSTATE: HY000

Message: ML_SCORE is not supported for an onnx model that does not support batch inference.

Example: HY0O00: M_004006: M._SCORE is not supported for an onnx nodel that
does not support batch inference.

Error number: ML004007; SQLSTATE: HY000
Message: ML_EXPLAIN is not supported for an onnx model that does not support batch inference.

Example: HY0O00: M_004007: M._EXPLAIN is not supported for an onnx nodel that
does not support batch inference.

Error number: ML004008; SQLSTATE: HY000

Message: onnx model input type=% is not supported! Providing the appropriate types map using
'data_types_map' in model_metadata may resolve the issue.

Example: HY000: M_004008: onnx nodel input type=%is not supported!
Provi ding the appropriate types map using 'data_types map' in
nodel netadata nay resol ve the issue.

Error number: ML004009; SQLSTATE: HY000

Message: Input format of onnx model is not supported (onnx_input_name={%},
expected_input_shape={%}, expected_input_type={%}, data_shape={%}).

Example: HY0O00: M_004009: Input format of onnx nodel is not supported
(onnx_i nput _nanme={ %, expected_input_shape={%, expected input_ type={%,
dat a_shape={%) .

Error number: ML004010; SQLSTATE: HY000

Message: Output being sparse tensor with batch size > 1 is not supported.
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Example: HY0O00: M.004010: CQutput being sparse tensor with batch size > 1 is
not supported.

Error number: ML004010; SQLSTATE: 3877 ( HY000)
Message: Received data exceeds maximum allowed length 943718400.

Example: ERROR 3877 (HYO00): M.004010: Received data exceeds maxi num al | owed
| engt h 943718400.

Error number: ML004011; SQLSTATE: HY000

Message: predictions_name=% is not valid.

Example: HY0O00: M_004011: predictions_nanme=%is not valid.

Error number: ML004012; SQLSTATE: HY000

Message: prediction_probabilities_name=% is not valid.

Example: HY0O00: M.004012: prediction_probabilities name=%is not valid.
Error number: ML004013; SQLSTATE: HY000

Message: predictions_name should be provided when task=regression and onnx model generates
more than one output.

Example: HY0O00: M_004013: predictions_nane shoul d be provi ded when
task=regressi on and onnx nodel generates nore than one output.

Error number: ML004014; SQLSTATE: HY000

Message: Missing expected JSON key (%)

Example: ERROR HYO00: M.004014: M ssing expected JSON key (schema_nane).
Error number: ML004014; SQLSTATE: HY000

Message: Incorrect labels_map. labels_map should include the key %

Example: HY0O00: M.004014: Incorrect |abels _map. |abels nap shoul d include
the key %

Error number: ML004015; SQLSTATE: HY000
Message: Expected JSON string type value for key (%)

Example: ERROR HYO000: M.004015: Expected JSON string type value for key
(schena_nane) .

Error number: ML004015; SQLSTATE: HY000

Message: When task=classification, if the user does not provide prediction_probabilities_name for
the onnx model, ML_EXPLAIN method=% will not be supported.

Example: HYO00: M.004015: Wen task=cl assification, if the user does not
provi de prediction_probabilities_name for the onnx nodel, M._EXPLAI N

met hod=% wi I | not be supported. % can be "shap", "fast_shap" or "partial_dependence"
Error number: ML004016; SQLSTATE: HY000

Message: Given JSON (%, %, %, %, %) is larger than maximum permitted size.
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Example: ERROR HYO000: M.004016: G ven JSON (prediction_row prediction_row
predi ction_row prediction_row prediction_row prediction_row prediction_row
prediction_row) is larger than maxi mum permtted size.

e Error number: ML004016; SQLSTATE: HY000

Message: Invalid base64-encoded ONNX string.

Example: HYO00: M.004016: |nvalid base64-encoded ONNX string.
e Error number: ML004017; SQLSTATE: HY000

Message: Invalid ONNX model.

Example: HY0O00: M.004017: Invalid ONNX nodel .
* Error number: M.004017; SQLSTATE: 3877 ( HY000)

Message: Input value to plugin variable is too long.

Example: ERROR 3877 (HYO00): M.004017: Input value to plugin variable is too
| ong.

e Error number: ML004018; SQLSTATE: HY000

Message: Parsing JSON arg: Invalid value. failed!

Example: ERROR HY000: M.004018: Parsing JSON arg: Invalid value. failed!
e Error number: ML004018; SQLSTATE: HY000

Message: There are issues in running inference session for the onnx model. This might have
happened due to inference on inputs with incorrect names, shapes or types.

Example: HY0O00: M_004018: There are issues in running inference session for
the onnx nodel. This m ght have happened due to inference on inputs with
i ncorrect names, shapes or types.

e Error number: ML004019; SQLSTATE: HY000
Message: Expected JSON object type value for key (%)

Example: ERROR HYO000: M.004019: Expected JSON object type value for key
(JSON root).

e Error number: ML004019; SQLSTATE: HY000

Message: The computed predictions do not have the right format. This might have happened
because the provided predictions_name is not correct.

Example: HY0O00: M_004019: The conputed predictions do not have the right
format. This m ght have happened because the provided predictions _name is
not correct.

e Error number: ML004020; SQLSTATE: HY000
Message: Operation was interrupted by the user.
Example: ERROR HY000: M.004020: Operation was interrupted by the user.

If a user-initiated interruption, Ct r | - C, is detected during the first phase of HeatWave AutoML
model and table load where a MySQL parallel scan is used in the HeatWave plugin to read data
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as of MySQL database and send it to the HeatWave Cluster, error messaging is handled by the
MySQL parallel scan function and directed to ERROR 1317 (70100): Query execution was
i nterrupted..The ERROR 1317 (70100) message is reported to the client instead of the
M_004020 error message.

Error number: ML004020; SQLSTATE: HY000

Message: The computed prediction probabilities do not have the right format. This might have
happened because the provided prediction_probabilities_name is not correct.

Example: HY0O00: M_.004020: The conputed prediction probabilities do not
have the right format. This m ght have happened because the provided
predi ction_probabilities name is not correct.

Error number: ML004021; SQLSTATE: HY000

Message: The onnx model and dataset do not match. The onnx model's input=% is not a column in
the dataset.

Example: HY0O00: M_004021: The onnx nodel and dataset do not nmatch. The onnx
nodel 's input=%is not a columm in the dataset.

Error number: ML004022; SQLSTATE: HY000
Message: The user does not have access privileges to %.

Example: ERROR HYO00: M.004022: The user does not have access privileges to
m . f oo.

Error number: ML004022; SQLSTATE: HY000

Message: Labels iny_true and y_pred should be of the same type. Goty true=% and y_pred=YYY.
Make sure that the predictions provided by the classifier coincides with the true labels.

Example: HY0O00: M.004022: Labels in y true and y _pred should be of the sane
type. Got y true=% and y_pred=YYY. Make sure that the predictions provided
by the classifier coincides with the true | abels.

Error number: ML004026; SQLSTATE: HY000

Message: A column (%) with an unsupported column type (%) detected!

Example: ERROR HYO00: M_004026: A columm (Dl) with an unsupported col um
type (DATETI ME) detected!

Error number: ML004051; SQLSTATE: HY000

Message: Invalid operation.

Example: ERROR HY000: M.004051: Invalid operation.

Error number: ML004999; SQLSTATE: HY000

Message: Error during Machine Learning.

Example: ERROR HYO000: M.004999: Error during Machi ne Learni ng.

Error number: MLO06006; SQLSTATE: 45000

Message: target_column_name should be NULL or empty.
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e Error number: MLO06017; SQLSTATE: 45000

Message: model_handle already exists in the Model Catalog.

Example: 45000: M_006017: nodel _handl e already exists in the Mdel Catal og.
e Error number: ML006020; SQLSTATE: 45000

Message: model_metadata should be a JSON object.

Example: 45000: M.006020: nodel netadata shoul d be a JSON obj ect.
e Error number: ML006021; SQLSTATE: 45000

Message: contamination has to be passed with anomaly_detection task.

Example: ERROR 45000: M.006021: contanination has to be passed with
anonmal y_detection task.

e Error number: ML006022; SQLSTATE: 45000

Message: Unsupported task.

Example: ERROR 45000: M.006022: Unsupported task.
» Error number: ML006023; SQLSTATE: 45000

Message: "No model object found" will be raised.

Example: 45000: M.006023: "No nodel object found" will be raised.
* Error number: ML006027; SQLSTATE: 1644 (45000)

Message: Received results exceed "max_allowed_packet'. Please increase it or lower input options
value to reduce result size.

Example: ERROR 1644 (45000): M.006027: Received results exceed
“max_al | owed_packet ". Please increase it or lower input options value to
reduce result size.

» Error number: ML006029; SQLSTATE: 45000

Message: model_handle is not Ready.

Example: 45000: M_006029: nodel _handl e i s not Ready.
e Error number: MLO06030; SQLSTATE: 45000

Message: onnx_inputs_info must be a json object.

Example: ERROR 45000: M_006030: onnx_inputs_info nmust be a json object.
e Error number: ML006031; SQLSTATE: 45000

Message: Unsupported format.

Example: 45000: M.006031: Unsupported format.
e Error number: ML006031; SQLSTATE: 45000

Message: onnx_outputs_info must be a json object.

Example: ERROR 45000: M.006031: onnx_outputs_info nust be a json object.
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Error number: MLO06032; SQLSTATE: 45000

Message: data_types_map must be a json object.

Example: ERROR 45000: M_006032: data_types_map nust be a json object.
Error number: ML006033; SQLSTATE: 45000

Message: labels_map must be a json object.

Example: ERROR 45000: M.006033: [ abel s_nmap nust be a json object.
Error number: MLO06034; SQLSTATE: 45000

Message: onnx_outputs_info must be provided for task=classification.

Example: ERROR 45000: M_006034: onnx_outputs_info nust be provided for
task=cl assifi cation.

Error number: ML006035; SQLSTATE: 45000
Message: onnx_outputs_info must only be provided for classification and regression tasks.

Example: ERROR 45000: M.006035: onnx_outputs_info nust only be provided for
classification and regression tasks.

Error number: MLO06036; SQLSTATE: 45000

Message: % is not a valid key in onnx_inputs_info.

Example: ERROR 45000: M.006036: % is not a valid key in onnx_inputs_info.
Error number: ML0O06037; SQLSTATE: 45000

Message: % is not a valid key in onnx_outputs_info.

Example: ERROR 45000: M.006037: % is not a valid key in onnx_outputs_info.
Error number: MLO06038; SQLSTATE: 45000

Message: For task=classification, at least one of predictions_name and
prediction_probabilities_name must be provided.

Example: ERROR 45000: M.006038: For task=classification, at |east one of
predi ctions_nanme and prediction_probabilities name nust be provided.

Error number: ML0O06039; SQLSTATE: 45000
Message: prediction_probabilities_name must only be provided for task=classification.

Example: ERROR 45000: M.006039: prediction_probabilities_name nust only be
provi ded for task=classification.

Error number: ML006040; SQLSTATE: 45000
Message: predictions_name must not be an empty string.

Example: ERROR 45000: M.006040: predictions_name nust not be an enpty
string.

Error number: ML006041; SQLSTATE: 45000

Message: prediction_probabilities_name must not be an empty string.
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Example: ERROR 45000: M.006041: prediction_probabilities name nust not be an
enpty string.

e Error number: ML006042; SQLSTATE: 45000

Message: labels_map must only be provided for task=classification.

Example: ERROR 45000: M_006042: | abels map nmust only be provided for
task=cl assi fi cation.

» Error number: ML006043; SQLSTATE: 45000
Message: When labels_map is provided, prediction_probabilities_name must also be provided.

Example: ERROR 45000: M_006043: Wen | abels_map is provided,
predi ction_probabilities_nanme nust al so be provided.

e Error number: ML006044; SQLSTATE: 45000
Message: When labels_map is provided, predictions_name must not be provided.

Example: ERROR 45000: M.006044: \Wen | abels map is provided,
predi cti ons_nane nmust not be provided.

e Error number: ML006045; SQLSTATE: 45000

Message: ML_SCORE is not supported for a % task.

Example: ERROR 45000: M_006045: M. _SCORE is not supported for a %task.
» Error number: ML006046; SQLSTATE: 45000

Message: ML_EXPLAIN is not supported for a % task.

Example: ERROR 45000: M_006046: M__EXPLAIN i s not supported for a %task.
e Error number: MLO06047; SQLSTATE: 45000

Message: onnx_inputs_info must only be provided when format="ONNX".

Example: ERROR 45000: M.006047: onnx_inputs_info nust only be provi ded when
format="ONNX .

e Error number: ML006048; SQLSTATE: 45000
Message: onnx_outputs_info must only be provided when format="ONNX'.

Example: ERROR 45000: M_006048: onnx_outputs_info nust only be provided when
format =" ONNX' .

» Error number: ML006049; SQLSTATE: 45000
Message: The length of a key provided in onnx_inputs_info should not be greater than 32 characters.

Example: ERROR 45000: M_006049: The length of a key provided in
onnx_inputs_info should not be greater than 32 characters.
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Error number: MLO06050; SQLSTATE: 45000

Message: The length of a key provided in onnx_outputs_info should not be greater than 32
characters.

Example: ERROR 45000: M.006050: The length of a key provided in
onnx_out puts_info should not be greater than 32 characters.

Error number: ML0O06051; SQLSTATE: 45000

Message: Invalid ONNX model.

Example: ERROR 45000: M.006051: Invalid ONNX nodel .

Error number: MLO06052; SQLSTATE: 45000

Message: Input table is empty. Please provide a table with at least one row.

Example: ERROR 45000: M.006052: Input table is enpty. Please provide a table
with at | east one row.

Error number: MLO06053; SQLSTATE: 45000

Message: Insufficient access rights. Grant user with correct privileges (SELECT, DROP, CREATE,
INSERT, ALTER) on input schema.

Example: ERROR 45000: M_006053: Insufficient access rights. Grant user wth
correct privileges (SELECT, DROP, CREATE, |NSERT, ALTER) on input schema.

Error number: ML006054; SQLSTATE: 45000

Message: Input table already contains a column named '_id'. Please provide an input table without
such column.

Example: ERROR 45000: M.006054: |nput table already contains a colum naned
'_id. Please provide an input table w thout such col um.

Error number: MLO0O6055; SQLSTATE: 45000

Message: Options must be a JSON_OBJECT.

Example: ERROR 45000: M_006055: Options nust be a JSON _OBJECT.
Error number: ML0O06056; SQLSTATE: 45000

Message: batch_size must be an integer between 1 and %.

Example: ERROR 45000: M_006056: batch_size nust be an integer between 1 and
%

Error number: ML0O06070; SQLSTATE: 45000
Message: model_list is currently not supported for anomaly_detection.

Example: ERROR 45000: M_006070: nodel _list is currently not supported for
anonal y_det ecti on.

Error number: MLO06071; SQLSTATE: 45000
Message: exclude_model_list is currently not supported for anomaly_detection.

Example: ERROR 45000: M.006071: exclude nodel list is currently not
supported for anonaly detection.
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Error number: MLO06072; SQLSTATE: 45000
Message: optimization_metric is currently not supported for anomaly_detection.

Example: ERROR 45000: M.006072: optim zation_metric is currently not
supported for anonaly_detection.

3.18 HeatWave AutoML Limitations

The following limitations apply to HeatWave AutoML. For HeatWave limitations, see: Section 2.17,
“HeatWave Limitations”.

The ML_TRAI Nroutine does not support MySQL user names that contain a period; for example,
ausernamed' joe.smth'" @% cannot run the M__TRAI Nroutine. The model catalog schema
created by the M__ TRAI N procedure incorporates the user name in the schema name (e.g.,
M__SCHENA | oesmi t h), and a period is not a permitted schema name character.

The table used to train a model (the training dataset) cannot exceed 10 GB, 100 million rows, or
1017 columns. Before MySQL 8.0.29, the column limit was 900.

To avoid taking up too much space in memory, the number of loaded models should be limited to
three.

“Bring your own model” is not supported. Use of nhon-HeatWave AutoML models or manually
modified HeatWave AutoML models can cause undefined behavior.

Models greater than 900 MB in size are not supported. If a model being trained by the M._TRAI N
routine exceeds 900 MB, the ML_TRAI N query fails with an error.

There is currently no way to monitor HeatWave AutoML query progress. M._ TRAI Nis typically the
most time consuming routine. The time required to train a model depends on the number of rows and
columns in the dataset and the specified M__ TRAI N parameters and options.

M._EXPLAI N _TABLE and M._PREDI CT_TABLE are compute intensive processes, with
M._EXPLAI N_TABLE being the most compute intensive. Limiting operations to batches of 10 to
100 rows by splitting large tables into smaller tables is recommended. MySQL 8.2.0 adds batch
processing with the bat ch_si ze option. See: Section 3.14, “Progress tracking”.

Ct r | +Cinterruption is supported only for M._TRAI N, M._ EXPLAI N_ROW and M__EXPLAI N_TABLE.

M._EXPLAI N, M__EXPLAI N_RON and M__EXPLAI N_TABLE routines limit explanations to the 100
most relevant features.

The M__PREDI CT_TABLE nm _resul t s column contains the prediction results and the data. This
combination must be less than 65,532 characters.

HeatWave AutoML only supports datasets in the English language.

HeatWave AutoML does not support text columns with NULL values.
HeatWave AutoML does not support a text target column.

HeatWave AutoML does not support recommendation tasks with a text column.
For the forecasting task, endogenous_var i abl es cannot be text.

Concurrent HeatWave analytics and HeatWave AutoML queries are not supported. A HeatWave
AutoML query must wait for HeatWave analytics queries to finish, and vice versa. HeatWave
analytics queries are given priority over HeatWave AutoML queries.

MySQL HeatWave on AWS only supports HeatWave AutoML with the HeatWave.256GB node
shape. To use HeatWave machine learning functionality, select that shape when creating a
HeatWave Cluster.
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This chapter describes HeatWave Lakehouse.

4.1 Overview

The Lakehouse feature of MySQL HeatWave enables query processing on data resident in Object
Storage. The source data is read from Object Storage, transformed to the memory optimized
HeatWave format, stored in the HeatWave persistence storage layer in OCI Object Storage, and then
loaded to HeatWave cluster memory.

* Provides in-memory query processing on data resident in Object Storage.
» Data is not loaded into the MySQL InnoDB storage layer.
e Supports structured and relational data in Avro, CSV, and Parquet format files.

» With this feature, users can now analyse data in both InnoDB and an object store using familiar SQL
syntax in the same query.

To use Lakehouse with HeatWave AutoML, see: Section 3.12, “HeatWave AutoML and Lakehouse”.

External Tables

External tables are non-InnoDB tables which do not store any data, but refer to data stored externally,
such as in Oracle Cloud Infrastructure Object Storage, in file formats such as Avro, CSV or Parquet.

The external table stores the location of the data, and uses a pre-authenticated request, PAR, or
a resource principal. See Section 4.3, “Pre-Authenticated Requests”, and Section 4.4, “Resource
Principals”.

Lakehouse Engine
HeatWave Lakehouse introduces the | akehouse storage engine.

The Lakehouse Engine enables you to create tables which point to external data sources.
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For HeatWave Lakehouse, | akehouse is the primary engine, and r api d is the secondary engine.

Data Storage

The source data is read from Object Storage, transformed to the memory optimized HeatWave

format, stored in the HeatWave persistence storage layer in OCI Object Storage, and then loaded

to HeatWave cluster memory. This data is not directly accessed by end-users of the service. This
memory optimized internal version of the data is retained only as long as the HeatWave Cluster has the
Lakehouse option enabled.

The data is deleted if the external table is dropped or unloaded, or if the HeatWave Cluster is deleted.

4.2 Prerequisites

Lakehouse requires the following:

* A HeatWave enabled DB System with Lakehouse support enabled. See: Adding a HeatWave
Cluster.

» Access to Object Storage with one of the following:
« A Pre-Authenticated Request. See: Section 4.3, “Pre-Authenticated Requests”

« Aresource principal. See: Section 4.4, “Resource Principals”

4.3 Pre-Authenticated Requests

Pre-authenticated requests provide a way to let users access a bucket or an object without having their
own credentials. When you create a pre-authenticated request, a unique URL is generated. Anyone
you provide this URL to can access the Object Storage resources identified in the pre-authenticated
request, using standard HTTP tools like curl and wget. It is recommended that you do not make these
PARs publicly accessible, and that you set a short expiration date which matches your data loading
plan.

It is recommended to use a resource principal for access to more sensitive data in Object Storage as a
resource principal is more secure.

For more information about pre-authenticated requests, see the Oracle Cloud Infrastructure
documentation at Using Pre-Authenticated Requests. Also see Securing Object Storage in the Oracle
Cloud Infrastructure documentation.

4.3.1 Pre-Authenticated Request Examples

This section provides best practice on creating PARs for use with Lakehouse and examples of PAR
creation.

Recommendations

The following recommendations apply to PARs created for HeatWave Lakehouse:
» Only use read-only PARs with Lakehouse.

» Specify short expiration dates on your PARs. The expiration dates should align with your loading
schedule.

» Do not share the PAR publicly.

« If the target is a bucket, use Enable Object Listing when creating the PAR in the console.
When creating the PAR from the command line, include the - - access-type AnyObj ect Read
parameter.
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Note

It is recommended to use a resource principal for access to more sensitive data
in Object Storage as a resource principal is more secure.

For more information on creating PARS, see the following:
e Creating PARs Using the OCI Console
» Creating PARs Using the OCI CLI
» Creating PARs Using the OCI REST API
PAR examples

The following example creates a PAR named MyOneObjectReadPAR for a bucket named
MyParBucket, granting read-only access to a single object in that bucket:

$>oci os preaut h-request create --nanespace MyNanespace --bucket-name MyParBucket \

--nane MyOneObj ect ReadPAR - - access-type AnyObj ect Read \
--tinme-expires="2022-11-21T23: 00: 00+00: 00" --obj ect-nane data-file-01.csv

This command returns a result similar to the following:

"data": {
"access-type": "Anybj ect Read",
"access-uri": "/p/al phanunericString/ n/ nanespace/ b/ bucket Nane/ o/ ",
"bucket-1isting-action": "Deny",
"id": "al phanunericString",
"nane": "M/Onelbj ect ReadPAR",
"obj ect-nane": "data-file-01.csv",

"tinme-created": "2022-12-08T18:51: 34. 491000+00: 00",
"time-expires": "2022-12-09T23: 07: 04+00: 00"
}
}

The default value of bucket -1 i sti ng-acti on is Deny. This allows access to the defined object,
data-file-01.csv, only.

The following example creates a PAR named MyAllObjectsReadPAR,for a file named dat a-
file-01. csv,inabucket named MyParBucket, granting read-only access to all objects in the bucket:

$>oci os preaut h-request create --nanespace MyNanespace --bucket-name MyParBucket \

--nane MyAl | Obj ect sReadPAR - - access-type AnyObj ect Read \
--tinme-expires="2022-11-21T23: 00: 00+00: 00" --bucket-1isting-action ListObjects

This command returns a result similar to the following:

{
"data": {
"access-type": "Anybj ect Read",
"access-uri": "/p/al phanunericString/ n/ nanespace/ b/ bucket Nane/ o/ ",
"bucket -listing-action": "ListObjects",
"id": "al phanunericString",
"nane": "MAII| bj ect sReadPAR",
"obj ect-name": null,
"time-created": "2022-12-08T18:51: 34.491000+00: 00",
"time-expires": "2022-12-09T23: 07: 04+00: 00"
}
}

The defined value of bucket - | i sti ng-acti on is ListObjects. This allows the listing of all objects in
the named bucket.

All PARs created with the command line are available to view in the OCI console. To view your
PARs, navigate to the console page for your bucket and select Pre-Authenticated Requests on the
Resources section. You can also list the PARs from the command line, using the following command:
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$>oci os preaut h-request |ist --bucket-nane=nane

4.4 Resource Principals

Use a resource principal to authenticate and access Oracle Cloud Infrastructure resources. The
resource principal consists of a temporary session token and secure credentials that enables the DB
System to authenticate itself to other Oracle Cloud Infrastructure services. Using a resource principal
to access services, the token stored with the credentials on MySQL HeatWave is only valid for the
resources to which the dynamic group has been granted access. To use a resource principal, you or
your tenancy administrator define the Oracle Cloud Infrastructure policies and a dynamic group that
allows you to access Oracle Cloud Infrastructure resources with a resource principal. You do not need
to create a credential object and MySQL HeatWave Service creates and secures the resource principal
credentials you use to access the specified Oracle Cloud Infrastructure resources.

4.4.1 Configuring a Tenancy for Resource Principal Data Loading

This section describes how to define the dynamic group and policy required to enable your HeatWave
DB System to access an OCI Object Storage bucket.

Note
It is assumed you have read the prerequisites and instructions documented

here: Managing Dynamic Groups and are familiar with Oracle Cloud
Infrastructure Identity and Access Management (IAM) groups and policies.

Dynamic Group

Policy

Dynamic groups allow you to group MySQL HeatWave Service DB Systems as principal actors, similar
to user groups. You can then create policies to permit DB Systems in these groups to make API calls
against Oracle Cloud Infrastructure services, such as Object Storage. Membership in the group is
determined by a set of criteria you define, called matching rules.

The following example shows a matching rule including all DB Systems in the defined compartment:

"ALL{resource. type="nysqgl dbsystem , resource.conpartrment.id = 'ocidl.conpartnent.ocl..al phanunericString'

Dynamic groups require a name, description, and matching rule.

For more information, see Writing Matching Rules to Define Dynamic Groups.

Policies define what your groups can and cannot do. For HeatWave Lakehouse to access Object
Storage, you must define a policy which grants the dynamic group's resources access to buckets and
their contents in a specific compartment.

For example, the following policy grants the dynamic group Lakehouse- dynani ¢G oup read-only
access to the buckets and objects contained in those buckets in the compartment Lakehouse- Dat a:

al | ow dynam c- group Lakehouse-dynam cG oup to read buckets in conpartnment Lakehouse-Data
al | ow dynam c- group Lakehouse-dynam cG oup to read objects in conpartnment Lakehouse-Data

For more information, see Writing Policies for Dynamic Groups.

4.5 Data Types

For information on supported data types, see Section 2.10, “Supported Data Types”. For limitations,
see Section 2.17.2, “Data Type Limitations”.
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4.6 HeatWave Lakehouse Limitations

The following limitations apply to Lakehouse. For HeatWave limitations, see: Section 2.17, “HeatWave
Limitations”.

Lakehouse Limitations for all File Formats

» See Section 2.17.8, “Other Limitations” for all HeatWave query related limitations. Before MySQL
8.3.0, not all queries could be accelerated by HeatWave Lakehouse, and a warning or error message
was displayed.

« Itis not possible to dump external tables using the MySQL Shell export utilities, such as
dunpl nst ance() . External tables are not replicated to InnoDB storage and cannot be exported. To
export InnoDB data from a Lakehouse enabled database, you must exclude the external tables using
your utility's excl udeTabl es option.

« Itis not possible to restore a backup from a Lakehouse enabled DB System to a standalone DB
System.

» Lakehouse enabled DB Systems can support a maximum of 512 nodes.

» HeatWave Lakehouse does not support the following:

DML statements. That is | NSERT, UPDATE, DELETE, or REPLACE.
Creating temporary tables.

Creating AUTO_| NCREMENT columns.

Creating triggers.

Running ANALYZE TABLE.

Running ALTER statements which construct indexes, ADD or DROP columns, or add enforced check
constraints.

Lakehouse does not enforce any specified constraints. For example, PRI MARY KEY uniqueness
constraints are not enforced. As a result, GROUP BY queries can have duplicate rows in their
results.

Running any statement containing a STORAGE clause.
Lakehouse only supports the MySQL.HeatWave.VM.Standard and HeatWave.512GB shapes.

Point-in-time-recovery. All DB Systems are created with point-in-time-recovery enabled by default.
To enable Lakehouse, you must disable point-in-time-recovery.

High Availability. To enable Lakehouse, you must disable High Availability or create a standalone
DB System for use with Lakehouse.

Read Replicas.

Outbound Replication.
Note

If you disabled Read Replicas, High Availability, or Outbound Replication
on your DB System in order to enable Lakehouse, it is recommended to
wait several minutes before enabling Lakehouse. This allows replication
processes to complete their tasks and for the binlog dump threads to stop.
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Lakehouse Limitations for Avro Format Files
 Auvro file headers must be less than 1MB.
» The data in an Avro block must be no larger than 64MiB before applying any compression.

» Lakehouse only supports uncompressed Avro blocks, or Avro blocks compressed with Snappy or
Deflate algorithms. Lakehouse does not support other compression algorithms.

» Lakehouse does not support these data types in Avro files: Arr ay, Map, and nested records.
Lakehouse marks columns with these data types as NOT SECONDARY, and does not load them.

» Lakehouse only supports an Avro union between one supported data type and NULL.
» The Avro DECI VAL data type is limited to the scale and precision supported by MySQL.

» Avro data with FI XED values or values in BYTES are only supported with the Avro DECI MAL data
type.

Lakehouse Limitations for CSV Format Files

» MySQL does not recognise NaN values in CSV files. Replace all NaN values with NULL.

» Lakehouse does not support CSV files with more than 4MB per line.

Lakehouse Limitations for Parquet Format Files

* NaN values in Parquet files are loaded as NULL.
» Lakehouse does not support Parquet files with a row group size of more than 500MB.

» Lakehouse does not support these data types in Parquet files: ENUM UUI D, | nt er val , JSON, BSON,
Li st, Map. Lakehouse marks columns with these data types as NOT SECONDARY, and does not
load them.

4.7 Lakehouse External Table Syntax

External tables are used by the load procedure to load the data from Object Storage. This section
describes the external table syntax.

Note

While it is possible to create an external table manually, it is recommended to
use the HeatWave Lakehouse Auto Parallel Load procedure for its analysis and
generated report and load script.

See Section 4.8, “Lakehouse Auto Parallel Load”.

nmysqgl > CREATE TABLE tabl e_nane create_definition ENG NE=I akehouse SECONDARY_ENG NE=r api d
ENG NE_ATTRI BUTE=" {

"dial ect":

{
"format": "avro" | "csv" | "parquet",
"field delimter": "|",
"record_delimter": "|[\n",
"escape_character": "\\",

"quot ation_marks":"\""
"skip_rows": O,

"encodi ng": "utf8nb4",
"date_format": "auto",
"time_format": "auto",
"trimspaces": fal se,
"is_strict_node": true | false,
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"has_header": fal se
e
"file":
[
file_section [, file_section, file_section, ...]
]
B
file_section: {
"bucket": "bucket nane",
"nanmespace": "nanespace",
"region": "region",
("prefix": "prefix") | ("name": "filenanme")| ("pattern”
"is_strict_node": true | false
}
or
file_section: {
"par": "PAR URL",
("prefix": "prefix") | ("name": "filenanme")| ("pattern”

"is_strict_node": true | false

« ENG NE: Setto | akehouse.
» SECONDARY_ENG NE: Setto r api d.

"pattern"),

"pattern"),

» ENG NE_ATTRI BUTE: JSON object. Defines the location of files, the file format, and how the file

format is handled.
e di al ect : Defines the data configuration. Optional.
e di al ect common parameters:
» format:avro, csv orparquet. The defaultis csv.

It is not possible to define multiple formats per table.

For Avro and Parquet file formats, use the f i | e common parameteri s_strict _node to

define strict mode.

e di al ect parameters that apply to csv only.

The use of any of these parameters with avr o or par quet will produce an error.

o field_delimter:Default"|". Defines one or more characters used to enclose fields.

Maximum field delimiter length is 64 characters.

e record_delimter:Default"|\n". Defines one or more characters used to delimit
records. Maximum field delimiter length is 64 characters.

» escape_char act er: Default "\ \ " . Defines one or more characters used to escape special

characters.

» quot ati on_mar ks: Default "\ " " . Defines one or more characters used to enclose fields.

» ski p_rows: Default 0. Defines the number of rows to skip at the start of the file. The

maximum value is 20.

See comments for has_header .

» encodi ng: Default " ut f 8nmb4" . Defines the character encoding.

» date_fornmat: Default"aut 0". See dat e_f or nat for information on the supported

formats.
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e tine_fornmat: Default"aut 0" . For more information, see String and Numeric Literals in
Date and Time Context.

e trimspaces:true|fal se,default. If t r ue, leading and trailing spaces are removed.

* is_strict_node: whether the loading will take place in strict mode, t r ue, or non-strict
mode, f al se. See the fi | e common parameteri s_strict_node.

e has_header : Default f al se. Defines whether the CSV file has a header row.

If has_header and ski p_r ows are both defined, HeatWave first skips the number of rows,
and then uses the next row as the header row.

« fil e: Defines the Object Storage files. Required.

HeatWave supports a maximum of 256 file locations. To define more than 256, store the files
under the same bucket or use prefi x or pattern.

« fil e parameters for resource principals, see: Section 4.4, “Resource Principals”.
* bucket : The bucket name.
* namespace: The tenancy namespace
* regi on: The region that the tenancy is in.

« fil e parameters for pre-authenticated requests, see: Section 4.3, “Pre-Authenticated
Requests”.

» par: The PAR URL.

If the PAR is defined on a bucket, use Enable Object Listing when creating the PAR in the
console.

Do not specify ar egi on, nanespace or bucket with par . That information is contained in
the PAR URL and will generate an error if defined in separate parameters.

e fil e common parameters.
» Use one or more of the following parameters, required.
» prefix: The prefix for a set of Object Storage files.
« nane: A specific list of Object Storage file names.

e pattern: Aregular expression that defines a set of Object Storage files. The pattern
follows the modified ECMAScript regular expression grammar, see: Modified ECMAScript
regular expression grammar

e i s_strict_node: Whether the loading will take place in strict mode, t r ue, or non-strict
mode, f al se, by overriding global sql _node. This parameter overridesi s_stri ct_node
defined in the di al ect array for CSV files. The default is the value of sql _node. See Strict
SQL Mode.

If setto t r ue, an error is thrown, and loading stops, if parsing or formatting errors are found in
the file, and for empty columns.

If setto f al se, a warning is displayed, but loading does not stop.
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4.8 Lakehouse Auto Parallel Load

HeatWave Lakehouse extends the Section 2.2.3, “Loading Data Using Auto Parallel Load” functionality
to enable loading from external sources, such as Oracle Cloud Infrastructure Object Storage.

Auto Parallel Load analyzes the data to infer the table structure if not provided.
Note

By default, the load operation analyzes and executes the generated SQL script.
To review the report and generated loading script before implementing it, run
the load with the dr yr un option.

The @ oad_par ans option of Auto Parallel Load is extended with the ext er nal _t abl es parameter.
This parameter contains the following:

» db_obj ect : the details of one or more tables. Each db_obj ect contains the following:

« "db_nane": name of the database. If the database does not exist, it is created by the load
command.

* "tabl es": details of the tables to load.

The db_obj ect takes the following syntax:

db_obj ect: {
"db_nanme": "nane",
"tables": [table, table, ...]

}

» db_nane: the schema name as specified in the external table definition.
» tabl es: array of one or more tables.

Each t abl e is defined in a JSON object named t abl e:

table: {
"tabl e_nane": "nane",
"sanpling": true|false,
"dialect": {dialect_options},
"file": [filel, file2, ...],
}

» tabl e_nane: the name of the table to load.

» sanpling:ifsettotrue (default), the schema is inferred by sampling the data and a variety of
statistics are collected. The inferred schema is used to generate a CREATE TABLE statement. The
statistics are used to estimate storage requirements and load times.

Note

If setto f al se, a full scan is performed to infer the schema and collect the
relevant statistics. Depending on the size of the data, this can take a long
time.

 di al ect : formatting options for the input format. See the di al ect parameter in Section 4.7,
“Lakehouse External Table Syntax”.

« fil e:the location of the data in Object Storage. This can use a pre-authenticated request or a
resource principal, and can be a path to a file, a file prefix, or a file pattern.

See the f i | e parameter in Section 4.7, “Lakehouse External Table Syntax”, and see Section 4.3,
“Pre-Authenticated Requests”, and Section 4.4, “Resource Principals”.
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4.9 Loading Data from External Storage Using Auto Parallel Load

This section describes loading data with the Auto Parallel Load procedure and the Auto Schema
Advisor which is called as part of the procedure.

This process does not require an existing external table definition and creates the external table based
on the Auto Schema Advisor analysis.

The TPCH data set is used in this example, which loads data from external Avro, CSV and Parquet
format files.

4.9.1 Load Configuration

While it is possible to define the entire load command on a single line, for readability the configuration
is divided into option definitions using SET.

Define the following option sets:
» Define the name of the database which will store the data.
nysql > SET @b_list = "'["tpch"]";

» Define the db_obj ect parameters that will load data from three external sources with Avro, CSV
and Parquet format files:

nysqgl > SET @xt_tables = "'][
{
"db_nanme": "tpch",
"tables": [{
"tabl e_nane": "supplier_pq",
"dialect": {
"format": "parquet"

b
"file": [{
"prefix": "src_datal parquet/tpch/supplier/",
"bucket": "myBucket",
"nanmespace": "nyNanmespace",
"region": "nyRegion"
3
b
{

"tabl e_nane": "nation_csv",
"dialect": {
"format": "csv",
"field delimter": "|",
"record_delimter": "[\\n",
"has_header": true
B
"file": [{
"par": "https://objectstorage.../nation.csv"
3
IE
{
"tabl e_nane": "region_avro",
"dialect": {
"format": "avro"
B
"file": [{
"par": "https://objectstorage.../region.avro"
3
3
}
]' .

» Define the @pt i ons variable with SET:
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nysql > SET @ptions = JSON OBJECT(' external _tables', CAST(@xt_tables AS JSON));

Setting node to dr yr un generates the load script but does not create or load the external tables. For
example:

nysqgl > SET @ptions = JSON OBJECT(' node', 'dryrun', 'external _tables', CAST(@xt_tables AS JSON));

To implement the changes as part of the load command, set node to nor nal . This is the default,
and it is not necessary to add it to the command.

You can also exclude columns from the loading process with the excl ude_|i st option. See
Section 2.2.3.2, “Auto Parallel Load Syntax”.

Auto Schema Advisor infers the column names for Avro and Parquet files, and also for CSV files if
has_header istrue. For these situations, use the column names with the excl ude_I i st option.

If the table already exists, but no data has been loaded, use the existing column names with the
excl ude_li st option.

For CSV files if has_header is f al se, use the generated schema names with the excl ude_| i st
option. These are: col _1,col _2,col _3 ..

4.9.2 Loading Lakehouse Data
Using the defined options, run the load procedure in the following way:
nysqgl > CALL sys. heatwave_ | oad( @b_|ist, @ptions)

This example is run without a defined mode, and defaults to normal mode, generating the script and
running it. If the mode is set to dryrun, the script is generated and made available to examine in the
LOAD SCRI PT GENERATI ON section of the Auto Parallel Load process.

The procedure initializes, runs, and displays a report. The report is divided into the following sections:

e I NI TI ALI ZI NG HEATWAVE AUTO PARALLEL LOAD: Lists the load mode, policy, and output mode.

For example:

e +
| INITIALI ZI NG HEATWAVE AUTO PARALLEL LQAD |
e +

Version: 2.38
Load Mbde: nor nal

| |
| |
| |
| Load Policy: disable_unsupported_col ums
| Cutput Mdde: nornal |
| |

6 rows in set (0.01 sec)

* LAKEHOUSE AUTO SCHEMA | NFERENCE: Displays the details of the table, how many rows and
columns it contains, its file size, and the name of the schema.

For example:

Verifying external |akehouse tables: 3

|
|
| SCHEMA TABLE TABLE IS RAW NUM OF ESTI MATEL
|

NAVE NAVE CREATED FI LE SI ZE COLUMNS ROW COUNT
| ____________________________________________
“tpch’ “nation_csv’ NO 2.21 KiB 4 2t

p
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“tpch’ ‘region_avro’
“tpch’ “supplier_pqg

| NO 476 bytes 3 9
| NO 74.59 G B 7 999.99 M
|

| New schemas to be created: 1

| External |akehouse tables to be created: 3

|

+

12 rows in set (14.65 sec)

OFFLOAD ANALYSI S: Displays an analysis of the number and name of the tables and columns
which can be offloaded to HeatWave.

For example:

dhmccccocococccoocCcocSoccCoocCocoCSoCcCCoSCCocoCSoccoSScCCoocSoccooSoScCoococooooocooo +
| OFFLOAD ANALYSI S |
dhmccccocococccoocCcocSoccCoocCocoCSoCcCCoSCCocoCSoccoSScCCoocSoccooSoScCoococooooocooo +

Verifying input schemas: 1
User excluded itens: 0

SCHEVA OFFLOADABLE OFFLOADABLE SUMVARY OF
NAVE TABLES COLUMNS | SSUES
] e=====  esessmmemeo soocoooooo cococooooo |
t pch’ 3 14

|
|
| Total offloadable schemas: 1
|

10 rows in set (14.68 sec)

CAPACI TY ESTI MATI ON: Displays the HeatWave cluster and MySQL node memory requirement to
process the data and an estimation of the load time.

For example:

Def aul t encodi ng for string columms: VARLEN (unless specified in the schem)
Estimating nenory footprint for 1 schenma(s)

TOTAL ESTI MATED ESTI MATED TOTAL DI CTI ONARY \Y

SCHEMA OFFLOADABLE  HEATWAVE NODE MYSQL NODE STRI NG ENCODED EN

NAME TABLES FOOTPRI NT FOOTPRI NT COLUWNS COLUWNS ca

| e=====  cesccscec==  cesccsee= sccsceccce cccescce ccco-- A .-
“tpch 8 104.73 G B 1.06 MB 8 0

Suf ficient MySQL host nenory available to |oad all tables.
Suf fici ent Heat Wave cl uster nenory available to |oad all tables.

12 rows in set (14.69 sec)
Note

If there is insufficient memory, update the nodes before proceeding with the
load.

EXECUTI NG LOAD: Displays information about the generated script and approximate loading time.
For example:

Heat Wave Load script generated
Retrieve |oad script containing 7 generated DDL conmand(s) using the query bel ow

Deprecation Notice: "heatwave_|load_report” will be deprecated, please switch to "heatwave_autopil ot_r ey
SELECT | 0g->>"$.sql" AS "Load Script" FROM sys. heatwave_autopi |l ot _report WHERE type = "sgl" ORDER BY

Adj usting | oad parallelismdynamically per internal/external table.
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| Using current parallelismof 4 thread(s) as maxi mum for internal tables

I Usi ng SQL_MODE: ONLY_FULL_GROUP_BY, STRI CT_TRANS TABLES, NO ZERO | N_DATE, NO_ZERO DATE, ERROR_FOR DI VI ¢
I Proceeding to |l oad 3 table(s) into Heat\Wave

I Appl yi ng changes wi || take approximately 12.73 nin

L

14 rows in set (14.70 sec)

SCHEMA CREATI ON: Displays information about the schema creation process and duration.

For example:

Fm e mmmee e e e mmmeeaa +
| SCHEMA CREATI ON |
Fm e mmmee e e e mmmeeaa +

Schema “tpch® creation succeeded
War ni ngs/errors encountered: O

|
|
| Elapsed tine: 2.62 s
|

4 rows in set (14.70 sec)

LOADI NG TABLE: Displays information on the table load process.

For example:

e e m e e me e e e cemmmmeeeeeeaa +
| LOADI NG TABLE |
e e m e e me e e e cemmmmeeeeeeaa +

| TABLE (1 of 3): “tpch' . nation_csv’

| Commands executed successfully: 2 of 2

| Warnings encountered: 0 [
| Tabl e | oaded successful | y!

[ Total columms | oaded: 4

[ El apsed time: 3.31 s [
| |

| TABLE (2 of 3): “tpch' . region_avro

| Commands executed successfully: 2 of 2

| Warnings encountered: 0 [
| Tabl e | oaded successful | y!

[ Total columms | oaded: 3

[ El apsed tinme: 3.63 s [
| |

| TABLE (3 of 3): “tpch . supplier_pq

| Commands executed successfully: 2 of 2

| Warnings encountered: 0 [
| Tabl e | oaded successful | y!

[ Total columms | oaded: 7

[ El apsed tinme: 14.57 nmin [
| |

7 rows in set (14 mn 55.98 sec)
LOAD SUMVARY: Displays a summary of the load process.

For example:
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g S g
| LOAD SUMVARY
g S g
|

| SCHEVA TABLES

| NAME LOADED

| ez coosec

| “tpch’ 3

|
g S g

6 rows in set (14 mn 55.98 sec)

4.9.3 Generated Load Script

The following is a typical load script generated by the Auto Parallel Load process. It creates a schema,

_____________________________________ +
|
_____________________________________ +
|

TABLES COLUWNS LOAD |

FAI LED LOADED DURATI ON |
_____________________ |

0 14 14.69 mn |

|
_____________________________________ +

then creates a table with columns matching those found in the source bucket.

nysql > SELECT | og->>"$.sql" AS "Load Scri pt"

CREATE DATABASE "t pch’;
CREATE TABLE “tpch'. nation_csv (
“N_NATI ONKEY" tinyint unsigned NOT NULL,

FROM sys. heat wave_aut opi | ot _report WHERE type = "sql "

"N_NAMVE" varchar (14) NOT NULL COMVENT ' RAPI D_COLUMN=ENCODI NG=VARLEN ,

"N_REG ONKEY" tinyint unsigned NOT NULL,

"N_COWENT" varchar (114) NOT NULL COMMENT ' RAPI D_COLUMN=ENCODI NG=VARLEN

) ENG NE=l akehouse
SECONDARY_ENG NE=RAPI D

ENG NE_ATTRI BUTE=' {"file": [{"par": "https://objectstorage.../nation.csv"}],

"dialect": {"format":

"csv",

"has_header": true,
"field delimter": "|",
"record _delimter": "[\\n"}}';

ALTER TABLE /*+ AUTOPI LOT_DI SABLE_CHECK */
CREATE TABLE "tpch'. region_avro (
"R _REG ONKEY" tinyint unsigned NOT NULL,

“tpch’. "nation_csv' SECONDARY_LOAD,

"R_NAME" varchar(11) NOT NULL COMVENT ' RAPI D_COLUMN=ENCODI NG=VARLEN ,
"R _COWENT" varchar (115) NOT NULL COMVENT ' RAPI D_COLUMN=ENCODI NG=VARLEN

) ENG NE=I| akehouse
SECONDARY_ENG NE=RAPI D

ENG NE_ATTRI BUTE=' {"file": [{"par": "https://objectstorage.../region.avro"}],

"dialect": {"format":
ALTER TABLE /*+ AUTCOPI LOT_DI SABLE_CHECK */
CREATE TABLE “tpch'. supplier_pqg (
*S SUPPKEY int,

"avro"}}
“tpch’. “region_avro SECONDARY_LOAD;

"S_NAME varchar (19) COMVENT ' RAPI D_COLUMN=ENCODI NG=VARLEN ,
" S_ADDRESS' var char (40) COMVENT ' RAPI D_COLUMN=ENCODI NG=VARLEN ,

> S_NATI ONKEY® i nt,

"S_PHONE' varchar (15) COMVENT ' RAPI D_COLUMN=ENCODI NG=VARLEN ,

S ACCTBAL' deci mal (15, 2),

°S_COWENT" var char (100) COMMENT ' RAPI D_COLUMN=ENCCDI NG=VARLEN

) ENG NE=I| akehouse
SECONDARY_ENG NE=RAPI D

ENG NE_ATTRI BUTE=' {"file": [{"prefix": "src_datal/ parquet/tpch/supplier/",
"bucket": "myBucket",

"nanmespace":

"nyNanmespace",

"region": "nyRegion"}],

"dialect": {"format":
ALTER TABLE /*+ AUTOPI LOT_DI SABLE_CHECK */

Note

The output above is displayed in a readable format. The actual CREATE TABLE

"parquet”}}’;
“tpch’. “supplier_pg SECONDARY_LOAD,

output is generated on a single line.
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4.10 Manually Loading Data from External Storage

Manually Loading Data with Pre-Authenticated Requests
Note
PARs can be used for any Object Storage data stored in any tenancy in the

same region.

nysql > CREATE TABLE *CUSTOVER (" C_CUSTKEY' int NOT NULL PRI MARY KEY, " C_NATIONKEY" int NOT NULL)
ENG NE=I akehouse
SECONDARY_ENG NE = RAPI D
ENG NE_ATTRI BUTE=' {"di al ect": {"format": "csv”},

"file": [{"par": "https://objectstorage.../n/sone_bucket/custoner.tbl"}]}";
ALTER TABLE " CUSTOVER SECONDARY_LOAD;

Manually Loading Data with Resource Principals

nysql > CREATE TABLE ' CUSTOVER (° C CUSTKEY' int NOT NULL PRI MARY KEY, ' C_NATI ONKEY' int NOT NULL)
ENG NE=I akehouse
SECONDARY_ENG NE = RAPI D
ENG NE_ATTRI BUTE=' {"di al ect": {"format": "csv"},
“file": [{"region": "regi onNane", "nanmespace": tenancyNanmespace",
"bucket": "bucket Name", "nanme": "customer.tbl"}]}";
ALTER TABLE " CUSTOMER SECONDARY_LOAD;

4.11 External Table Recovery

In the event of a problem where query processing stops or the HeatWave cluster stops, the external
tables are recovered when the Cluster resumes and begins processing queries again using the
HeatWave recovery process. See HeatWave Cluster Failure and Recovery Overview.

4.12 HeatWave Lakehouse Error Messages

» Error number: 6041; Symbol: ER_LH COL_NOT_NULLABLE; SQLSTATE: HY000

Message: Unable to load table from external source: Column %d of %s : Column contains null but it
is not nullable.

e Error number: 6042; Symbol: ER LH WARN COL_M SSI NG NOT_NULLABLE; SQLSTATE: HY000

Message: Column %d of %s : Column is missing, but it is not nullable and no explicit default value is
provided.

» Error number: 6043; Symbol: ER LH COL_| S EMPTY; SQLSTATE: HY0O00
Message: Unable to load table from external source: Column %d of %s : Column is empty.
« Error number: 6044; Symbol: ER LH COL_|'S_EMPTY_WARN; SQLSTATE: HY000
Message: Column %d of %s : Column is empty, setting default value.
* Error number: 6045; Symbol: ER_LH BAD_ VALUE; SQLSTATE: HY000
Message: Unable to load table from external source: Column %d of %s : Invalid %s value.
* Error number: 6046; Symbol: ER_ LH DECI MAL_UNKNOMN_ERR; SQLSTATE: HY0O00

Message: Unable to load table from external source: Column %d of %s : Unknown error while
parsing decimal.

e Error number: 6047; Symbol: ER LH DECI MAL_OOM ERR; SQLSTATE: HY000
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Message: Unable to load table from external source: Column %d of %s : Out of memory loading
decimal.

Error number: 6048; Symbol: ER LH WARN DECI MAL _ROUNDI NG, SQLSTATE: HY000
Message: Column %d of %s : Fraction exceeds schema, rounding value.

Error number: 6049; Symbol: ER LH DECI MAL_PRECI SI ON_EXCEEDS SCHEMA; SQLSTATE:
HY000

Message: Unable to load table from external source: Column %d of %s : decimal precision exceeds
schema.

Error number: 6050; Symbol: ER LH EXCEEDS M N; SQLSTATE: HY000

Message: Unable to load table from external source: Column %d of %s : %s exceeds min.

Error number: 6051; Symbol: ER_LH EXCEEDS MAX; SQLSTATE: HY000

Message: Unable to load table from external source: Column %d of %s : %s exceeds max.
Error number: 6052; Symbol: ER_LH WARN_EXCEEDS_M N_TRUNCATI NG, SQLSTATE: HY000
Message: Column %d of %s : %s exceeds min, setting to min value possible.

Error number: 6053; Symbol: ER LH WARN EXCEEDS MAX_ TRUNCATI NG SQLSTATE: HY0O00
Message: Column %d of %s : %s exceeds max, setting to max value possible.

Error number: 6054; Symbol: ER LH REAL | S NAN; SQLSTATE: HY000

Message: Unable to load table from external source: Column %d of %s : Real value is NaN.
Error number: 6055; Symbol: ER LH OUT_OF RANGE; SQLSTATE: HY000

Message: Unable to load table from external source: Column %d of %s : %s value is out of range.
Error number: 6056; Symbol: ER LH DATETI ME_FORNMAT; SQLSTATE: HY000

Message: Unable to load table from external source: Column %d of %s : Error while applying %s
format.

Error number: 6057; Symbol: ER LH WARN_ TRUNCATED; SQLSTATE: HY000

Message: Column %d of %s : %s value was truncated.

Error number: 6058; Symbol: ER_LH _CANNOT CONVERT _STRI NG, SQLSTATE: HY000

Message: Unable to load table from external source: Column %d of %s : Cannot convert string %s.
Error number: 6059; Symbol: ER_LH RESOURCE_PRI NC| PAL_ERR; SQLSTATE: HY0O00
Message: Unable to load table from external source: Resource principal error.

Error number: 6060; Symbol: ER LH AWS_AUTH_ERR; SQLSTATE: HY0O00

Message: Unable to load table from external source: AWS authentication error.

Error number: 6061; Symbol: ER LH CSV_PARSI NG_ERR; SQLSTATE: HY0O00

Message: Unable to load table from external source: %s:%Iu: Parsing error found. %s.

Error number: 6062; Symbol: ER LH COLUMN_M SVATCH ERR; SQLSTATE: HY000
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Message: Unable to load table from external source: %s: Mismatch in the number of columns.
Expected %u, found %u.

Error number: 6063; Symbol: ER LH COLUMN_MAX ERR; SQLSTATE: HY0O00

Message: Unable to load table from external source: %s: More than %u column(s) found.

Error number: 6064; Symbol: ER LH CHARSET UNSUPPORTED; SQLSTATE: HY000

Message: Unable to load table from external source: Column %d in %s: Charset is not supported.
Error number: 6065; Symbol: ER LH PARQUET DECI MAL_CONVERSI ON_ERR; SQLSTATE: HY000
Message: Unable to load table from external source: Column %d in %s: Decimal conversion error.
Error number: 6066; Symbol: ER LH STRI NG TOO LONG, SQLSTATE: HY000

Message: Unable to load table from external source: Column %d in %s: String is too long.

Error number: 6067; Symbol: ER LH RESOURCE PRI NCI PAL_BUCKET ERR; SQLSTATE: HY000

Message: Unable to load table from external source: Resource Principal endpoint is not configured.
Cannot access following buckets: %s.

Error number: 6068; Symbol: ER_LH NO_FI LES_FOUND; SQLSTATE: HY000

Message: Unable to load table from external source: No files found corresponding to the following
data locations: %s.

Error number: 6069; Symbol: ER_ LH EMPTY_FI LE; SQLSTATE: HY000

Message: Unable to load table from external source: File %s is empty.

Error number: 6070; Symbol: ER_LH DUPLI CATE_FI LE; SQLSTATE: HYO00

Message: Unable to load table from external source: File %s was not processed (duplicate).

Error number: 6071; Symbol: ER LH AVRO SCHEMA DEPTH_EXCEEDS MAX; SQLSTATE: HY000

Message: Unable to load table from external source: File %.*s: Avro schema depth exceeds max
allowed depth.

Error number: 6072; Symbol: ER_LH AVRO HEADER M SMVATCH; SQLSTATE: HY000
Message: Unable to load table from external source: File %s: Header does not match other files.

Error number: 6073; Symbol: ER LH AVRO ENUM CANNOT CONVERT CHARSET; SQLSTATE:
HY000

Message: Unable to load table from external source: File %s: Enum symbol can't convert to column
charset.

Error number: 6074; Symbol: ER LH AVRO ENUM M SNVATCH; SQLSTATE: HYO00

Message: Unable to load table from external source: File %s: Enum symbols are not the same, or
are not in the same order.

Error number: 6075; Symbol: ER LH AVRO TYPE_CANNOT _CONVERT; SQLSTATE: HY000

Message: Unable to load table from external source: Column %d in %s: Avro value of physical type
%.*s logical type %.*s cannot be converted to mysql type %s.

Error number: 6076; Symbol: ER_LH _AVRO _FI LE_ENDS_ UNEXPECTEDLY; SQLSTATE: HY000
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Message: Unable to load table from external source: File %.*s: Ends unexpectedly.
Error number: 6077; Symbol: ER LH AVRO FI LE DATA CORRUPT; SQLSTATE: HY000
Message: Unable to load table from external source: File %.*s: File data might be corrupt.
Error number: 6078; Symbol: ER LH AVRO | NVALI D_UNI ON; SQLSTATE: HY000

Message: Unable to load table from external source: Column %d in %s: Invalid union encountered.
Unions are only supported to represent nullable columns. One of the two types of the union must be
null.

Error number: 6079; Symbol: ER LH AVRO | NVALI D BLOCK_SI ZE; SQLSTATE: HY000
Message: Unable to load table from external source: File %.*s: Invalid avro block size.

Error number: 6080; Symbol: ER_LH AVRO | NVALI D_BLOCK_RECORD COUNT; SQLSTATE:
HY000

Message: Unable to load table from external source: File %.*s: Invalid Avro block record count.
Error number: 6081; Symbol: ER_LH FORVAT HEADER NO MAG C BYTES; SQLSTATE: HY000

Message: Unable to load table from external source: File %.*s: Cannot locate %s specific metadata.
Either the file is corrupted or this is not an %s file.

Error number: 6082; Symbol: ER_LH_AVRO_HEADER_METADATA_ERR; SQLSTATE: HY000

Message: Unable to load table from external source: File %.*s: Could not process Avro header
metadata. The metadata is corrupted or invalid.

Error number: 6083; Symbol: ER_ LH AVRO HEADER NO SCHEMA; SQLSTATE: HY000

Message: Unable to load table from external source: File %.*s: No schema in Avro header metadata.
Error number: 6084; Symbol: ER LH AVRO NO CODEC | N HEADER; SQLSTATE: HY000
Message: Unable to load table from external source: File %.*s: No codec in Avro header metadata.
Error number: 6085; Symbol: ER_ LH AVRO | NVALI D_NAVE_| N_SCHEMA; SQLSTATE: HY000
Message: Unable to load table from external source: File %.*s: Invalid name in Avro schema.

Error number: 6086; Symbol: ER_ LH AVRO DECODI NG_ERR; SQLSTATE: HY000

Message: Unable to load table from external source: File %.*s: Error decoding Avro %.*s. %s

Error number: 6087; Symbol: ER LH PARQUET NON UTF8 FI LE ENC; SQLSTATE: HY000

Message: Unable to load table from external source: Column %d in %s: String with non-utf8 file
encoding.

Error number: 6088; Symbol: ER LH PARQUET SCHEMA M SMATCH; SQLSTATE: HY000
Message: Unable to load table from external source: Difference in schema among Parquet files.

Error number: 6089; Symbol: ER_LH PARQUET_ROW GROUP_SI ZE_EXCEEDS_NAX; SQLSTATE:
HY000

Message: Unable to load table from external source: File %s: Size of row group %ld is larger than
maximum allowed size (%d).

Error number: 6090; Symbol: ER LH PARQUET CANNOT LOCATE OFFSET; SQLSTATE: HY000
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Message: Unable to load table from external source: File %s: Cannot locate offset of row group %ld
in metadata.

Error number: 6091; Symbol: ER LH PARQUET _TYPE_CANNOT _CONVERT; SQLSTATE: HY0O00

Message: Unable to load table from external source: Column %d in parquet table cannot be
converted to mysql format.

Error number: 6092; Symbol: ER_ LH PARQUET CANNOT LOCATE SCHEMA; SQLSTATE: HY000
Message: Unable to load table from external source: Cannot locate schema in %s.

Error number: 6093; Symbol: ER_LH | NFER_SCHEMA_M SNMATCH; SQLSTATE: HY000
Message: Error during Lakehouse Schema Inference: Found files with mismatched schemas.
Error number: 6094; Symbol: ER LH OOM SQLSTATE: HY0O00

Message: Unable to load table from external source: Insufficient memory.

Error number: 6095; Symbol: ER_ LH WARN | NFER SKI PPED LI NES; SQLSTATE: HY000

Message: Warning during Lakehouse Schema Inference: Skipped %lu line(s) due to mismatched
num of cols.

Error number: 6096; Symbol: ER LH WARN | NFER _SKI PPED FI LES; SQLSTATE: HY000

Message: Warning during Lakehouse Schema Inference: Skipped %lu file(s) due to mismatched
num of cols.

Error number: 6097; Symbol: ER LH | NFER _FI LE HAS NO DATA; SQLSTATE: HY000

Message: Warning during Lakehouse Schema Inference: File %s is skipped because it has no valid
data. File is either empty or all rows are skipped.

Error number: 6098; Symbol: ER LH | NFER_NO_DATA; SQLSTATE: HY000

Message: Error during Lakehouse Schema Inference: No valid data found for processing.
Error number: 6099; Symbol: ER_LH | NFER_NO FI LES; SQLSTATE: HY000

Message: Error during Lakehouse Schema Inference: No valid files found for processing.

Error number: 6100; Symbol: ER_LH WARN_| NFER_USE_DEFAULT_COL_NAMES; SQLSTATE:
HY000

Message: Warning during Lakehouse Schema Inference: Used default column names for column
index(s) %s as they are %s.

Error number: 6101; Symbol: ER LH PARQUET CANNOT READ HEADER; SQLSTATE: HYO00
Message: Unable to load table from external source: File %s: Unable to read Parquet header.
Error number: 6102; Symbol: ER_LH | NFER_WARN_GOT_EXCEPTI ON; SQLSTATE: HY000

Message: Error during Lakehouse Schema Inference: Got an exception while trying to process file
task.

Error number: 6103; Symbol: ER_LH_AVRO_CANNOT_PARSE_HEADER; SQLSTATE: HY000

Message: Unable to load table from external source: File %.*s: Could not parse avro header.
Probably corrupted avro file.
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» Error number: 6104; Symbol: ER_LH PARQUET _CANT_OPEN_FI LE; SQLSTATE: HY000
Message: Unable to load table from external source: Parquet reader cannot open %s. %s
» Error number: 6128; Symbol: ER LH USER DATA ACCESS FAI LED; SQLSTATE: HYO00

Message: Unable to load table from external source: Unable to access the following data locations:
%s
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Chapter 5 System and Status Variables

Table of Contents

5.1 SYSIEM VAIADIES ..ot et
5.2 StatUS VariabIES ... e

5.1 System Variables

HeatWave maintains several variables that configure its operation. Variables are set when the
HeatWave Cluster is enabled. Most HeatWave variable settings are managed by OCI and cannot be

modified directly.

e bul k_| oader.data_nenory_si ze

Command-Line Format

--bul k_I oader. data_nenory_si ze=#

System Variable

bul k_| oader. data_nenory_si ze

Scope Global

Dynamic Yes

SET VAR Hint Applies No

Type Integer

Default Value 1073741824
Minimum Value 67108864
Maximum Value 1099511627776

Specifies the amount of memory to use for LOAD DATA with ALGORI THM=BULK, in bytes. See:

Section 2.16, “Bulk Ingest Data to MySQL Server”.

e rapi d_conpression

System Variable

rapi d_conpressi on

Scope Session
Dynamic Yes
SET_VAR Hint Applies No
Type Enumeration
Default Value AUTO
Valid Values ON

OFF

Whether to enable or disable data compression before loading data into HeatWave. Data
compression is enabled by default. The setting does not affect data that is already loaded. See

Section 2.2.6, “Data Compression”.

As of MySQL 8.3.0, the default option is AUTOwhich automatically chooses the best compression

algorithm for each column.

e rapi d_bootstrap

Command-Line Format

--rapi d-boot strap[ ={ OFF| ON| | DLE} ]

System Variable

rapi d_boot strap
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Scope Global

Dynamic Yes

SET VAR Hint Applies No

Type Enumeration

Default Value OFF

Valid Values | DLE
SUSPEND
ON

The setting for this variable is managed by OCI and cannot be modified directly. Defines the

HeatWave Cluster bootstrap state. States include:

.« OFF

The HeatWave Cluster is not bootstrapped (not initialized).

 |DLE

The HeatWave Cluster is idle (stopped).

» SUSPENDED

The HeatWave Cluster is suspended. The SUSPENDED state is a transition state between | DLE
and ON that facilitates planned restarts of the HeatWave Cluster.

. ON

The HeatWave Cluster is bootstrapped (started).

e rapi d_dnem size

Command-Line Format

--rapi d-dnem si ze=#

System Variable

rapi d_dnem si ze

Scope Global
Dynamic Yes

SET VAR Hint Applies No

Type Integer
Default Value 2048
Minimum Value 512
Maximum Value 2097152

The setting for this variable is managed by OCI and cannot be modified directly. Specifies the
amount of DMEM available on each core of each node, in bytes.

e rapi d_nmenory_heap_si ze

Command-Line Format

--rapi d- menory- heap- si ze=#

System Variable

rapi d_menory_heap_si ze

Scope Global
Dynamic Yes
SET VAR Hint Applies No
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Type Integer
Default Value unlimted
Minimum Value 67108864
Maximum Value unlimted

The setting for this variable is managed by OCI and cannot be modified directly. Defines the amount
of memory available for the HeatWave plugin, in bytes. Ensures that HeatWave does not use more
memory than is allocated to it.

» rapi d_execution_strategy

Command-Line Format --
rapi d_execution_strategy[ ={M N_RUNTI NE|
M N_MEM CONSUMPTI ON} ]

System Variable rapi d_execution_strategy
Scope Session

Dynamic No

SET_VAR Hint Applies No

Type Enumeration

Default Value M N_RUNTI ME

Valid Values M N_RUNTI ME

M N_MEM_CONSUMPTI ON

Specifies the query execution strategy to use. Minimum runtime (M N_RUNTI ME) or minimum
memory consumption (M N_VEM_CONSUMPTI ON).

HeatWave optimizes for network usage rather than memory. If you encounter out of memory errors
when running a query, try running the query with the M N_MEM_CONSUVMPTI ON strategy by setting by
setting r api d_execut i on_strat egy prior to executing the query:

SET SESSI ON rapi d_execution_strategy = M N_MEM CONSUMPTI ON;
See Section 2.14, “Troubleshooting”.

e rapi d_stats_cache_nax_entries

Command-Line Format --rapi d-stats-cache-nmax-entri es=#
System Variable rapi d_stats _cache nax_entries
Scope Global

Dynamic Yes

SET_VAR Hint Applies No

Type Integer

Default Value 65536

Minimum Value 0
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Maximum Value

1048576

The setting for this variable is managed by OCI and cannot be modified directly. Specifies the

maximum number of entries in the statistics cache.

The number of entries permitted in the statistics cache by default is 65536, which is enough to store
statistics for 4000 to 5000 unique queries of medium complexity.

For more information, see Section 2.3.4, “Auto Query Plan Improvement”.

show create_tabl e_skip_secondary_engi ne

Command-Line Format

--show- creat e-t abl e- ski p- secondary-
engi ne[ ={ OFF| ON} ]

System Variable show create_tabl e skip_secondary_engi
Scope Session

Dynamic Yes

SET_VAR Hint Applies Yes

Type Boolean

Default Value OFF

Whether to exclude the SECONDARY ENG NE clause from SHOW CREATE TABLE output, and from

CREATE TABLE statements dumped by the nysql

nysql dunp provides the - - show cr eat e- ski p-

dunp utility.

secondar y- engi ne option. When specified, it

enables the show creat e tabl e skip_secondary_engi ne system variable for the duration of

the dump operation.

Attempting a mysql dunp operation with the - - show- cr eat e- ski p- secondar y-
engi ne option on a MySQL Server release prior to MySQL 8.0.18 that does not support the
show create tabl e skip_secondary_engi ne variable causes an error.

use_secondary_engi ne

System Variable

use_secondary_engi ne

Scope Session
Dynamic Yes
SET_VARHint Applies Yes
Type Enumeration
Default Value ON
Valid Values OFF

ON

FORCED

Whether to execute queries using the secondary engine. These values are permitted:

* OFF: Queries execute using the primary storage (InnoDB) on the MySQL DB System. Execution

using the secondary engine (RAPID) is disabled.

« ON: Queries execute using the secondary engine (RAPID) when conditions warrant, falling back
to the primary storage engine (InnoDB) otherwise. In the case of fallback to the primary engine,
whenever that occurs during statement processing, the attempt to use the secondary engine is
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« FORCED: Queries always execute using the secondary engine (RAPID) or fail if that is not possible.
Under this mode, a query returns an error if it cannot be executed using the secondary engine,
regardless of whether the tables that are accessed have a secondary engine defined.

5.2 Status Variables

Several status variables provide operational information about HeatWave. You can retrieve status data
using SHOW STATUS syntax. For example:

nmysql > SHOW STATUS LI KE ' rapi d% ;

S S S s T S +
| Vari abl e_nane | Val ue |
S S S s T S +

hw_dat a_scanned 0

rapi d_change_pr opagati on_st at us ON

rapi d_cl uster_status ON

rapi d_cor e_count 64

rapi d_heap_usage 58720397

rapi d_| oad_progress 100. 000000

| |
| |
| |
| |
| |
| |
rapi d_m _operati on_count | 2 |
| |
| |
| |
| |
[ [

rapi d_m _status ON

rapi d_pl ugi n_boot st rapped YES

rapi d_prel oad_st at s_st at us Avai | abl e

rapi d_query_of f| oad_count 46

rapi d_servi ce_stat us ONLI NE
S S S s T S +

* hw_dat a_scanned

Tracks the amount of data scanned by successfully executed HeatWave queries. Data is tracked in
megabytes and is a cumulative total of data scanned since the HeatWave Cluster was last started.
The counter is reset to 0 when the HeatWave Cluster is restarted (when the r api d_boot st rap
state changes from OFF or | DLE to ON.)

* rapi d_change_propagati on_st at us
The change propagation status.

A status of ON indicates that change propagation is enabled globally, permitting changes to | nnoDB
tables on the MySQL DB System to be propagated to their counterpart tables in the HeatWave
Cluster.

e rapid_cluster_status
The HeatWave Cluster status.
e rapi d_core_count
The HeatWave node core count. The value remains at O until all HeatWave nodes are started.
e rapi d_heap_usage
MySQL DB System node heap usage.
* rapi d_| oad_progress
A percentage value indicating the status of a table load operation.
e rapid_m _operation_count

A count of the number of HeatWave AutoML operations that a dbsystem executes. An operation
typically includes multiple queries, and it increases for both successful and failed queries. It resets
when a HeatWave node restarts.
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e rapid_m _status

The status of HeatWave AutoML. Possible values are ON and OFF.
e rapi d_pl ugi n_boot st rapped

The bootstrap mode.
 rapi d_prel oad_stats_status

Reports the state of preload statistics collection. Column-level statistics are collected for tables
on the MySQL DB System during a cluster size estimate. You can perform a cluster estimate
when adding or editing a HeatWave Cluster. States include Not started, | n progress, and
Statistics collected.

Preload statistics are cached in the r pd_pr el oad_st at s Performance Schema table. See
Section 6.4.5, “The rpd_preload_stats Table”.

e rapi d_query_ of fl oad count

The number of queries offloaded to HeatWave for processing.
e rapi d_service_status

Reports the status of the cluster as it is brought back online after a node failure.
» Secondary_engi ne_executi on_count

The number of queries executed by HeatWave. Execution occurs if query processing using
the secondary engine advances past the preparation and optimization stages. The variable is
incremented regardless of whether query execution is successful.

e rapid_n_external tables

returns the following for two external tables loaded:

e cccmocccccmmocccomooooo- b= mmo oo +
| Variabl e_nanme | Val ue |
e cccmocccccmmocccomooooo- b= mmo oo +
| rapid_n_external tables | 2 |
e cccmocccccmmocccomooooo- b= mmo oo +

» rapi d_| akehouse _total | oaded bytes
Total bytes of all external tables loaded in Heatwave.
e rapi d_| akehouse_heal th
e OFFLI NE: Indicates an issue with the RAPID storage engine.

* RESOURCEPRI NCI PALDOWN: The resource principal token could not be retrieved.

RESOURCEPRI NCI PALNOTSET: The resource principal endpoint was not set.

LAKEHOUSEDI SABLED: Lakehouse is not currently enabled.

ONLI NE: Lakehouse is enabled and running.
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The MySQL Performance Schema collects statistics on the usage of HeatWave. Use SQL queries to
access this data and check the system status and performance.

As of MySQL 8.0.31, the Auto Shape Prediction feature in MySQL Autopilot uses MySQL statistics for
the workload to assess the suitability of the current shape. Auto Shape Prediction provides prompts to
upsize the shape and improve system performance, or to downsize the shape if the system is under-
utilized. This feature is available for MySQL HeatWave on AWS only.

MySQL 8.0.32 deprecates the heat wave_advi sor _report and heat wave | oad_report tables,
and replaces them with the heat wave_aut opi | ot _report table in the sys schema. A future
release will remove them.

You can also monitor HeatWave from the console for your platform:

» For MySQL HeatWave on OCI, the OCI Console uses MySQL HeatWave Service Metrics. For more
information, see MySQL HeatWave Service Metrics.

« If you are a MySQL HeatWave on AWS user, you can monitor HeatWave on the Performance page
in the MySQL HeatWave Console.

» For HeatWave in Oracle Database Service for Azure (ODSA), select Metrics on the details page for
the HeatWave Cluster to access Microsoft Azure Application Insights.

6.1 HeatWave Autopilot Report Table

MySQL 8.0.32 deprecates the heat wave_advi sor _report and heat wave_| oad_r eport tables,
and replaces them with the heat wave_aut opi | ot _report table in the sys schema. A future
release will remove them.

Before MySQL 8.0.32, use the heat wave_advi sor _report or heatwave | oad report table.
See Section 2.8.7, “Advisor Report Table” or Section 2.2.3.7, “The Auto Parallel Load Report Table”.
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Autopilot Report Table Query Examples

When MySQL runs Advisor or Auto Parallel Load run, it sends detailed output to the
heat wave aut opi | ot _report table inthe sys schema. This includes execution logs and
generated load scripts.

The heat wave_aut opi | ot _report table is a temporary table. It contains data from the last
execution of Advisor or Auto Parallel Load. Data is only available for the current session and is lost
when the session terminates or when the server shuts down.

Autopilot Report Table Query Examples

Query the heat wave_aut opi | ot _report table after MySQL runs Advisor or Auto Parallel Load, as
in the following examples:

* View warning information:

nysqgl > SELECT | og FROM sys. heat wave_aut opi | ot _report WHERE type="warn";

* View error information if Advisor or Auto Parallel Load stop unexpectedly:

nysqgl > SELECT | og FROM sys. heat wave_aut opi | ot _report WHERE type="error";

» View the generated DDL statements for Advisor recommendations, or to see the commands that
would be executed by Auto Parallel Load in nor mal mode:

nysql > SELECT | og->>"$.sql" AS "SQ. Scri pt"
FROM sys. heat wave_aut opi | ot _report
WHERE type = "sql "
ORDER BY i d;

» Concatenate Advisor or Auto Parallel Load generated DDL statements into a single string to
copy and paste for execution. The gr oup_concat _nmax_| en variable sets the result length in
bytes for the GROUP_CONCAT( ) function to accommodate a potentially long string. The default
group_concat _max_| en setting is 1024 bytes.

nysql > SET SESSI ON group_concat _nax_| en = 1000000;
nmysql > SELECT GROUP_CONCAT(| og->>"$. sgl " SEPARATOR ' ')
FROM sys. heat wave_aut opi | ot _report
WHERE type = "sql"

ORDER BY i d;

» For Advisor, retrieve Query Insights data in JSON format:

nysql > SELECT | og
FROM sys. heat wave_aut opi | ot _report
WHERE stage = "QUERY_I NSI GHTS" AND type = "info";

» For Advisor, retrieve Query Insights data in SQL table format:

nysql > SELECT | og->>"$. query_i d" AS query_id,
| 0og->>"$. session_id" AS session_id,
| og->>"$. query_text" AS query_text,
| 0og->>"$. runti ne_esti mated_ns" AS runti ne_esti mat ed_ns,
| og->>"$. runti ne_execut ed_ns" AS runti ne_execut ed_ns,
| 0og->>"$. comment" AS conment
FROM sys. heat wave_aut opi | ot _report
VWHERE stage = "QUERY_I NSI GHTS" AND type = "info"
ORDER BY i d;

» For Auto Parallel Load, view the number of load commands generated:
nmysql > SELECT Count (*) AS "Total Load Commrands Cener at ed"

FROM sys. heat wave_aut opi | ot _report
WHERE type = "sqgl" ORDER BY id;

» For Auto Parallel Load, view load script data for a particular table:

nysql > SELECT | og->>"$. sql "
FROM sys. heat wave_aut opi | ot _report
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WHERE type="sqgl " AND | og->>"$. schema_nane" = "db0" AND | og->>"$.tabl e_nane" = "tbhl"
ORDER BY i d;

6.2 HeatWave Monitoring
This section provides queries that you can use to monitor HeatWave.
6.2.1 HeatWave Node Status Monitoring

To view the status of each HeatWave node:

nysqgl > SELECT | D, STATUS
FROM per f or mance_schena. r pd_nodes;

frmcccdmoscoscosoosoos +
| ID| STATUS |
frmcccdmoscoscosoosoos +
| 0| AVAIL_RNSTATE |
| 1| AVAIL_RNSTATE |
frmcccdmoscoscosoosoos +

For column descriptions, see Section 6.4.4, “The rpd_nodes Table”.

6.2.2 HeatWave Memory Usage Monitoring

To view the memory usage for each HeatWave node:

nysql > SELECT | D, MEMORY USAGE, MEMORY TOTAL, BASEREL MEMORY USAGE
FROM per f or mance_schena. r pd_nodes;

frmcccdmoscoscosossos fr=ccoscosoosoos fr=cccccoscoscoscosoosss +
| ID| MEMORY_USAGE | MEMORY_TOTAL | BASEREL_MEMORY USAGE |
frmcccdmoscoscosossos fr=ccoscosoosoos fr=cccccoscoscoscosoosss +
| 0| 115760258 | 515396075520 | 115760152 |
| 1 115845086 | 515396075520 | 115844980 |
frmcccdmoscoscosossos fr=ccoscosoosoos fr=cccccoscoscoscosoosss +

For column descriptions, see Section 6.4.4, “The rpd_nodes Table”.

6.2.3 Data Load Progress and Status Monitoring

» The time required to load a table into HeatWave depends on data size. You can monitor load
progress by issuing the following query, which returns a percentage value indicating load progress.

nmysql > SELECT VARI ABLE_VALUE
FROM per f or nance_schemna. gl obal _st at us
WHERE VARI ABLE_NAME = 'rapi d_| oad_progress';

foococoooooooooooos +
| VARI ABLE_VALUE |
foococoooooooooooos +
| 100. 000000 |
foococoooooooooooos +

* To check the load status of tables in a particular schema:

nmysql > USE performance_schema;
nysql > SELECT NAME, LOAD_STATUS
FROM rpd_t abl es, rpd_table_i d
VWHERE rpd_tables.ID = rpd_table_id.| D AND SCHEMA NAME LI KE 't pch';

tpch. suppl i er
t pch. part supp

| | AVAI L_RPDGSTABSTATE |
| | AVAI L_RPDGSTABSTATE |
| tpch.orders | AVAI L_RPDGSTABSTATE |
| tpch.lineitem | AVAI L_RPDGSTABSTATE |
| tpch. custoner | AVAI L_RPDGSTABSTATE |
| tpch.nation | AVAI L_RPDGSTABSTATE |
| tpch.region | AVAI L_RPDGSTABSTATE |
| tpch. part | AVAI L_RPDGSTABSTATE |
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For information about load statuses, see Section 6.4.8, “The rpd_tables Table”.

» To view the amount of data loaded in HeatWave for a table, in bytes:

nysql > USE per f or mance_schens;

nysql > SELECT rpd_t abl e_i d. TABLE_NAME, rpd_t abl es. NROAS,
rpd_t abl es. LOAD_STATUS, rpd_tabl es. SI ZE_BYTES

FROM rpd_table_id, rpd_tables

WHERE rpd_table_id.ID = rpd_tables.|I

ORDER BY S| ZE BYTES;
------------ fmcccccccodmccccccccccoooooooe e o die
| TABLE_NAME | NROAS | LOAD_STATUS |
fmccccccccoec fmcccccccc fmccccccccccccccccooee +
| region | 5 | AVAI L_RPDGSTABSTATE |
| nation | 25 | AVAI L_RPDGSTABSTATE |
| part | 200000 | AVAI L_RPDGSTABSTATE |
| custoner | 150000 | AVAI L_RPDGSTABSTATE |
| orders | 1500000 | AVAI L_RPDGSTABSTATE |
fmccccccccoec fmcccccccc fmccccccccccccccccooee +

D

4194304 |

8388608 |
33554432 |
41943040 |
226492416 |

» To view the time that a table load operation completed:

nysql > USE perfor mance_schens;

nysql > SELECT rpd_tabl e_i d. TABLE_NAME, rpd_t abl es. NROAS,
rpd_t abl es. LOAD_STATUS, rpd_tables. LOAD END Tl MESTAMP

FROM rpd_table_id, rpd_tables

WHERE rpd_table id.ID = rpd_tables.|I
fmcccccccccc~ fmcccccccc fmcccccccccccccccccco~ +
| TABLE_NAME | NROAS | LOAD _STATUS |
fmcccccccccc~ fmcccccccc fmcccccccccccccccccco~ +
| region | 5 | AVAI L_RPDGSTABSTATE |
| part | 200000 | AVAI L_RPDGSTABSTATE |
| custoner | 150000 | AVAI L_RPDGSTABSTATE |
| nation | 25 | AVAI L_RPDGSTABSTATE |
| orders | 1500000 | AVAI L_RPDGSTABSTATE |
fmcccccccccc~ fmcccccccc fmcccccccccccccccccco~ +

D;

2021-12-06 14:32:15.209825 |
2021-12-06 14:32: 07.594575 |
2021-12-06 14:31:57.210649 |
2021-12-06 14:17:53. 472208 |
2021-12-06 14:24:45.809931 |

» To view the time that the last successful recovery took across all tables.

nysql > SELECT vari abl e_val ue
FROM per f or mance_schena. gl obal _st at us
WHERE vari abl e_nanme="rapi d_recovery_tinme";

Femmm e emeeaaas +
| vari abl e_val ue |
Femmm e emeeaaas +
[ NVA |
Femmm e emeeaaas +

6.2.4 Change Propagation Monitoring

» To determine if change propagation is enabled globally, query the
rapi d_change_pr opagat i on_st at us variable:

nmysql > SELECT VARI ABLE VALUE FROM per f or mance_schena. gl obal _st at us
VWHERE VARI ABLE_NAME = 'rapi d_change_propagati on_status';

focococooooooooooc +
| VARI ABLE_VALUE |
focococooooooooooc +
| ON |
focococooooooooooc +

» To determine if change propagation is enabled for a particular table, query the POOL_ TYPE data from
the HeatWave Performance Schema tables. RAPI D_LOAD POOL_TRANSACTI ONAL indicates that
change propagation is enabled for the table. RAPI D_LOAD_POOL_SNAPSHOT indicates that change
propagation is disabled.

nysql > USE per f or mance_schens;
nysqgl > SELECT NAVE, POOL_TYPE FROM rpd_t abl es,rpd_table_id
VWHERE rpd_tables.|D = rpd_table_id.| D AND SCHEMA NAME LI KE 't pch';
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T P +
| NAME | POOL_TYPE |
T P +
t pch. orders | RAPI D_LOAD POOL_TRANSACTI ONAL |
t pch. regi on | RAPI D_LOAD _POOL_TRANSACTI ONAL |

tpch.lineitem | RAPID _LOAD POOL_TRANSACTI ONAL |

—
©

(2]

>

.supplier | RAPI D LOAD POOL_TRANSACTI ONAL |

tpch. partsupp | RAPI D_LOAD POOL_TRANSACTI ONAL |

t pch. part | RAPI D_LOAD _POOL_TRANSACTI ONAL |
tpch. custonmer | RAPI D_LOAD POOL_TRANSACTI ONAL |
T P +

6.2.5 Query Execution Monitoring

» To view the number of queries offloaded to the HeatWave Cluster for execution since the last time
HeatWave Cluster was started:

nysql > SELECT VARI ABLE_VALUE
FROM per f or mance_schena. gl obal _st at us
WHERE VARI ABLE_NAME = 'rapid _query_offload _count';

fr=cccscoscosossoe +
| VAR ABLE_VALUE |
fr=cccscoscosossoe +
| 62 |
fr=cccscoscosossoe +

» As of MySQL 8.0.29, the Performance Schema statement event tables (see Performance
Schema Statement Event Tables), and the per f or mance_schena. t hr eads and
per formance_schenma. processli st tables include an EXECUTI ON_ENG NE column that
indicates whether a query was processed on the PRI MARY or SECONDARY engine, where the primary
engine is INnoDB and the secondary engine is HeatWave. The sys. processl i st and sys. x
$processl i st views in the MySQL sys Schema also include an execut i on_engi ne column.

This query shows the schema, the first 50 characters of the query, and the execution engine that
processed the query:

nmysql > SELECT CURRENT_SCHEMA, LEFT(DI GEST_TEXT, 50), EXECUTI ON_ENG NE
FROM per f or nance_schena. event s_st at ement s_hi story
WHERE CURRENT_SCHEMA='t pch' ;

o e m e e e e e e e e e e e e e e e e e e e e e e e e +
| CURRENT SCHEMA | LEFT(DI GEST_TEXT, 50) | EXECUTI ON_ENG NE |
o e m e e e e e e e e e e e e e e e e e e e e e e e e +
| tpch | SELECT COUNT(*) FROM tpch. LI NEI TEM | SECONDARY [
o e m e e e e e e e e e e e e e e e e e e e e e e e e +

« As of MySQL 8.0.29, the Performance Schema statement summary tables (see Statement Summary
Tables) include a COUNT _SECONDARY column that indicates the number of times a query was
processed on the SECONDARY engine (HeatWave).

This query retrieves the total number of secondary engine execution events from the
events_statenents_summary_ by di gest table:

nysql > SELECT SUM COUNT_SECONDARY)
FROM per f or mance_schema. event s_st at ement s_sunmary_by_di gest ;

i ononono00000000000000 +
| SUM COUNT_SECONDARY) |
i ononono00000000000000 +
| 25 |
i ononono00000000000000 +

This query counts all engine execution events for a particular schema and shows how many
occurred on the primary engine (InnoDB) and how many occurred on the secondary engine
(HeatWave):

nmysql > SELECT SUM COUNT_STAR) AS TOTAL_EXECUTI ONS, SUM COUNT_STAR) - SUM COUNT_SECONDARY)
AS PRI MARY_ENG NE, SUM COUNT_SECONDARY) AS SECONDARY_ENG NE
FROM per f or mance_schenm. event s_st at enent s_sunmary_by_di gest
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VWHERE SCHEMA NAME LI KE ' tpch';
Kkkkkkkkkkkkkkkhhkhhkhhkhhkhkkk ] Oy Krrkkkkkkkkkkhkkhkhkkhkkkkkkkkk
TOTAL_EXECUTI ONS: 25

PRI MARY_ENG NE: 5
SECONDARY_ENG NE: 20

6.2.6 Query History and Statistics Monitoring

» To view the HeatWave query history including query start time, end time, and wait time in the
scheduling queue, as discussed in Section 2.3.3, “Auto Scheduling”.

nysql > SELECT QUERY_I D,
CONNECTI ON_I D,
QUERY_START,
QUERY_END,
QUEUE_WAI T,
SUBTI ME(
SUBTI ME( QUERY_END, SEC TO Tl ME(RPD_EXEC / 1000)),
SEC TO Tl ME( GET_RESULT / 1000)
) AS EXEC_START
FROM (
SELECT QUERY_I D,
STR_TO_DATE(
JSON_UNQUOTE(
JSON_EXTRACT( QEXEC_TEXT->>"$**. queryStartTi ne", '$[0]")
)
"o % Yal %t % %, %6
) AS QUERY_START,
JSON_EXTRACT( QEXEC_TEXT- >>"$** . t i mneBet weenMakePushedJoi nAndRpdExec", ' $[0]')
AS QUEUE_WAIT,
STR_TO_DATE(
JSON_UNQUOTE(
JSON_EXTRACT( QEXEC_TEXT- >>"$**. quer yEndTi me", '$[0]")
"o % Yal %t % Y. %6
) AS QUERY_END,
JSON_EXTRACT( QEXEC _TEXT- >>"$**. r pdExec. nsec", '$[0]') AS RPD_EXEC,
JSON_EXTRACT( QEXEC _TEXT- >>"$** . get Resul ts. msec", '$[0]') AS GET_RESULT,
JSON_EXTRACT( QEXEC _TEXT->>"$**. thread", '$[0]') AS CONNECTION_ID
FROM per f or mance_schema. rpd_query_stats
) tnp;

The query returns the following data:
e« QUERY_ID
The ID assigned to the query by HeatWave. IDs are assigned in first in first out (FIFO) order.
« CONNECTI ON_| D
The connection ID of the client that issued the query.
« QUERY_START
The time the query was issued.
« QUERY_END
The time the query finished executing.
e QUEUE WAI T
The amount of time the query waited in the scheduling queue.

* EXEC_START

The time that HeatWave started executing the query.
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e To view the number of records inthe r pd_query_st at s table. The r pd_query_st at s table
stores query compilation and execution statistics (the query history) for the last 1000 successfully
executed queries.

nysql > SELECT COUNT(*) FROM performance_schema. r pd_query_stats;

dimccccccoos +
| count (*) |
dimccccccoos +
| 1000 |
dimccccccoos +

e To view query IDs for the first and last successfully executed queries:

mysql > SELECT M N(QUERY_I D), MAX(QUERY_I D) FROM performance_schena. rpd_query_stats;
dimccccccoocccooo dimccccccoocccooo +

| MN(QUERY_ID) | MAX(QUERY_ID) |

» To view the query count for a table and the last time the table was queried:

nysql > USE per f or mance_schens;

nysql > SELECT rpd_tabl e_i d. TABLE_NAME, rpd_tabl es. NROAS, rpd_t abl es. QUERY_COUNT,
rpd_t abl es. LAST_QUERI ED FROM rpd_t abl e_i d, rpd_tables
VWHERE rpd_table_id. I D = rpd_tables.|D

fr=cc=cc==cc=== f=ccz=cc=== S A Py Jr=ccccccscoscoscoscoscssss=se +
| TABLE NAME | NROAS | QUERY_COUNT | LAST QUERI ED [
fr=cc=cc==cc=== f=ccz=cc=== S A Py Jr=ccccccscoscoscoscoscssss=se +
| orders | 1500000 | 1| 2021-12-06 14:32:59. 868141 |
fr=cc=cc==cc=== f=ccz=cc=== S A Py Jr=ccccccscoscoscoscoscssss=se +

6.2.7 Scanned Data Monitoring

HeatWave tracks the amount of data scanned by all queries and by individual queries.

To view a cumulative total of data scanned (in MBs) by all successfully executed HeatWave queries
from the time the HeatWave Cluster was last started, query the hw_dat a_scanned global status
variable. For example:

nmysqgl > SHOW GLOBAL STATUS LI KE ' hw_dat a_scanned' ;

dimocccosoccoooc=oo dmocooos +
| Vari abl e_nane | Val ue |
dimocccosoccoooc=oo dmocooos +
| hw_data_scanned | 66 |
dimocccosoccoooc=oo dmocooos +

The cumulative total does not include data scanned by failed queries, queries that were not offloaded
to HeatWave, or EXPLAI N queries.

The hw_dat a_scanned value is reset to 0 only when the HeatWave Cluster is restarted.

If a subset of HeatWave nodes go offline, HeatWave retains the cumulative total of scanned data

as long as the HeatWave Cluster remains in an active state. When the HeatWave Cluster becomes
fully operational and starts processing queries again, HeatWave resumes tracking the amount of data
scanned, adding to the cumulative total.

To view the amount of data scanned by an individual HeatWave query or to view an
estimate for the amount of data that would be scanned by a query run with EXPLAI N, run
the query and query the t ot al BaseDat aScanned field in the QKRN_TEXT column of the
performance_schema. rpd_query_st at s table:

nmysql > SELECT query_id,
JSON_EXTRACT( JSON_UNQUOTE( gkr n_t ext->' $** . sessionld'),"' $[0]') AS session_id,
JSON_EXTRACT( JSON_UNQUOTE( gkr n_t ext - >' $**. t ot al BaseDat aScanned' ), '$[0]') AS data_scanned,
JSON_EXTRACT( JSON_UNQUOTE( gexec_text->"$**. error'),"'$[0]') AS error_nessage
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FROM per f or mance_schema. rpd_query_stats;

holoioioim oo holoioioio oo S S S S +
| query_id | session_id | data_scanned | error_nessage |
holoioioim oo holoioioio oo S S S S +
I 1] 8 | 66 | I
holoioioim oo holoioioio oo S S S S +

The example above retrieves any error message associated with the query ID. If a query fails or was
interrupted, the number of bytes scanned by the failed or interrupted query and the associated error
message are returned, as shown in the following examples:

nmysql > SELECT query_id,
JSON_EXTRACT( JSON_UNQUOTE( gkr n_t ext->' $**. sessionld'),"' $[0]') AS session_id,
JSON_EXTRACT( JSON_UNQUOTE( gkr n_t ext - >' $**. t ot al BaseDat aScanned' ), '$[0]') AS data_scanned,
JSON_EXTRACT( JSON_UNQUOTE( gexec_t ext->"$**. error'),"' $[0]') AS error_nessage
FROM per f or mance_schema. rpd_query_stats;

doocococoooa dooccoooccoooao dooccocccococooan g R g Sy +
| query_id | session_id | data_scanned | error_nessage |
doocococoooa dooccoooccoooao dooccocccococooan g R g Sy +
| 1| 8 | 461 | "Operation was interrupted by the user." |
doocococoooa dooccoooccoooao dooccocccococooan g R g Sy +

nmysql > SELECT query_id,
JSON_EXTRACT( JSON_UNQUOTE( gkr n_t ext ->' $**. sessionld'), "' $[0]') AS session_id,
JSON_EXTRACT( JSON_UNQUOTE( gkr n_t ext - >' $**. t ot al BaseDat aScanned' ), '$[0]') AS data_scanned,
JSON_EXTRACT( JSON_UNQUOTE( gexec_text->"$** error'),"'$[0]') AS error_nessage
FROM per f or mance_schema. rpd_query_stats;

LT fecccomoooooo e cmccoccomsooo e sccomc-occomccoccomccoscomo-occomooooooooooooo +
| query_id | session_id | data_scanned | error_nessage |
LT fecccomoooooo e cmccoccomsooo e sccomc-occomccoccomccoscomo-occomooooooooooooo +
| 1] 8 | 987 | "Qut of nenory error during query execution in|
I I I | RAPID." I
LT fecccomoooooo e cmccoccomsooo e sccomc-occomccoccomccoscomo-occomooooooooooooo +

6.3 HeatWave AutoML Monitoring

You can monitor HeatWave AutoML status by querying the r api d_nl _st at us variable or by querying
the ML_STATUS column of the per f or mance_schena. r pd_nodes table.

* Querying the r api d_ni _st at us variable:

The rapi d_nl _st at us variable provides the status of HeatWave AutoML. Possible values are ON
and OFF.

¢ ON: HeatWave AutoML is up and running.
* OFF: HeatWave AutoML is down.

You can query the r api d_ni _st at us status variable directly or through the
per f or mance_schema. gl obal _st at us table; for example:

nysgl > SHOW GLOBAL STATUS LIKE 'rapid_m _status';

decccmmccccomooooo b= mmo oo +
| Variabl e_nanme | Val ue |
decccmmccccomooooo b= mmo oo +
| rapid_m _status | ON |
decccmmccccomooooo b= mmo oo +

nmysql > SELECT VARI ABLE NAME, VARI ABLE VALUE
FROM per f or mance_schena. gl obal _st at us
WHERE VARI ABLE_NAME LIKE 'rapid_m _status';

Femm e memeeeaaaaa T +
| VARI ABLE_NAME | VARI ABLE_VALUE |
Femm e memeeeaaaaa T +
| rapid_m _status | ON |
Femm e memeeeaaaaa T +

* Querying the ML_STATUS column of the per f or mance_schena. r pd_nodes table.
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The HeatWave plugin writes HeatWave AutoML status information to the M__ STATUS column of
per formance_schema. r pd_nodes table after each ML query. Possible values include:

¢ UNAVAI L_M_STATE: HeatWave AutoML is not available.
¢ AVAI L_M_STATE: HeatWave AutoML is available.

« DOAMN_M_STATE: HeatWave AutoML is down.
M._STATUS is reported for each HeatWave node.

To following query retrieves | D, STATUS, and M__ STATUS for each HeatWave node from the
per f or mance_schenma. r pd_nodes table:

nmysql > SELECT | D, STATUS, M._STATUS FROM per f or mance_schena. r pd_nodes;
Femm e e e e e e eeaa o e +
| ID| STATUS | M__STATUS |
Femm e e e e e e eeaa o e +
| 1| AVAIL_RNSTATE | AVAI L_M.STATE |
| 0| AVAIL_RNSTATE | AVAI L_M.STATE |
Femm e e e e e e eeaa o e +

If rapi d_m _stat us is OFF or ML_STATUS reports DOAN_M_STATE for any HeatWave node, you
can restart the HeatWave Cluster in the Console but be aware that restarting interrupts any analytics
gueries that are running. See Starting, Stopping, or Restarting a HeatWave Cluster, in the MySQL
HeatWave on OCI Service Guide.

6.4 HeatWave Performance Schema Tables

HeatWave Performance Schema tables provide information about HeatWave nodes, and about tables
and columns that are currently loaded in HeatWave.

Information about HeatWave nodes is available only when r api d_boot st r ap mode is O\.
Information about tables and columns is available only after tables are loaded in the HeatWave Cluster.
See Section 2.2, “Loading Data to HeatWave”.

6.4.1 The rpd_column_id Table

The r pd_col unm_i d table provides information about columns of tables that are loaded in HeatWave.
The r pd_col umm_i d table has these columns:
* ID
A unique identifier for the column.
« TABLE I D
The ID of the table to which the column belongs.
« COLUWMN_NAMVE
The column name.

The r pd_col unm_.i d table is read-only.

6.4.2 The rpd_columns Table

The r pd_col unns table provides column encoding information for columns of tables loaded in
HeatWave.

The r pd_col unns table has these columns:
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e TABLE I D
A unique identifier for the table.
« COLUWN I D
A unique identifier for the table column.
* NDV
The number of distinct values in the column.
» ENCODI NG
The type of encoding used.
« DATA PLACEMENT | NDEX

The data placement key index ID associated with the column. Index value ranges from 1 to
16. For information about data placement key index values, see Section 2.7.2, “Defining Data
Placement Keys”. NULL indicates that the column is not defined as a data placement key.
For a DATA PLACENMENT _| NDEX query that identifies columns with data placement keys, see
Section 2.15, “Metadata Queries”.

» DI CT_SI ZE_BTYES
The dictionary size per column, in bytes.

The r pd_col unns table is read-only.

6.4.3 The rpd_exec_stats Table
Note

The Performance Schema table described here is available as of MySQL
8.0.24. HeatWave AutoML queries are shown as of MySQL 8.0.31.

The r pd_exec_st at s table stores query execution statistics produced by HeatWave nodes in JSON
format. One row of execution statistics is stored for each node that participates in the query. The table
stores a maximum of 1000 queries.

For HeatWave AutoML routines that include multiple sub-queries, such as M__TRAI N, a new record is
used for each query.

The r pd_exec_st at s table has these columns:
* QUERY_ID

The query ID. The counter auto-increments for each RAPI D or, as of MySQL 8.0.31, HeatWave
AutoML query.

« NODE I D
The HeatWave node ID.
e« EXEC TEXT

Query execution statistics. For HeatWave AutoML, this contains the HeatWave AutoML routine that
the user runs.

6.4.4 The rpd_nodes Table

The r pd_nodes table provides information about HeatWave nodes.
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The r pd_nodes table has these columns:
* ID
A unique identifier for the HeatWave node.
* CORES
The number of cores used by the HeatWave node.
* MEMORY_USACE

Node memory usage in bytes. The value is refreshed every four seconds. If a query starts and

finishes in the four seconds between refreshes, the memory used by the query is not accounted for

in the reported value.
* IVEMORY_TOTAL (renamed from DRAMin MySQL 8.0.24)
The total memory in bytes allocated to the HeatWave node.
* BASEREL MEMORY_USAGE
The base relation memory footprint per node.
o STATUS
The status of the HeatWave node. Possible statuses include:
¢ NOTAVAI L_RNSTATE
Not available.
¢ AVAI L_RNSTATE
Available.
« DOWN_RNSTATE
Down.
* SPARE_RNSTATE
Spare.
 DEAD RNSTATE
The node is not operational.
e |IP
IP address of the HeatWave node.
* PORT
The port on which the HeatWave node was started.
« CLUSTER_EVENT_NUM
The number of cluster events such as node down, node up, and so on.
« NUM OBJSTORE GETS
Number of GET requests from the node to the object store.

* NUM OBJSTORE_PUTS
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The number of PUT requests from the node to the object store.
* NUM OBJSTORE_DELETES

The number of DELETE requests from the node to the object store.
« ML_STATUS

HeatWave AutoML status. Possible status values include:

¢ UNAVAI L_M_STATE: HeatWave AutoML is not available.

e AVAI L_M_STATE: HeatWave AutoML is available.

« DOAN_M_STATE: HeatWave AutoML declares the node is down.
The r pd_nodes table is read-only.

The r pd_nodes table may not show the current status for a new node or newly configured node
immediately. The r pd_nodes table is updated after the node has successfully joined the cluster.

If additional nodes fail while node recovery is in progress, the newly failed nodes are not detected and
their status is not updated in the per f or mance_schena. r pd_nodes table until after the current
recovery operation finishes and the nodes that failed previously have rejoined the cluster.

6.4.5 The rpd_preload_stats Table

The rpd_prel oad_st at s table stores column level statistics collected from | nnoDB tables. The
statistics are used to estimate the number of HeatWave nodes required for a given dataset before
loading the tables into the HeatWave Cluster.

Therpd_prel oad_st at s table has these columns:
« TABLE_SCHEMA
The schema name.
* TABLE_NAME
The table name.
« COLUMN_NAME
The column name.
« AVG BYTE_W DTH_ | NC_NULL
The average byte width of the column. The average value includes NULL values.
The r pd_prel oad_st at s table has the following characteristics:
* Itis read-only. DDL, including TRUNCATE TABLE, is not permitted.
* Itis truncated before new statistics are added.
* It cannot be dropped, truncated, or modified by DML statements directly.
 Statistics are not persisted when the server is shut down.
* It has a limit of 65536 rows.
* Statistics are approximate, based on an adaptive sample scan.

 Statistics are deterministic, provided that the data does not change.
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6.4.6 The rpd_query_stats Table
Note

The Performance Schema table described here is available as of MySQL
8.0.24. HeatWave AutoML queries are shown as of MySQL 8.0.31.

The rpd_query_st at s table stores query compilation and execution statistics produced by the
HeatWave plugin in JSON format. One row of data is stored for each query. The table stores data for
the last 1000 executed queries. Data is stored for successfully processed queries and failed queries.

For HeatWave AutoML routines that include multiple sub-queries, such as M__TRAI N, a new record is
used for each query.

The r pd_query_st at s table has these columns:
* CONNECTI ONLI D

The ID of the connection.
« QUERY_ID

The query ID. The counter auto-increments for each RAPI D or, as of MySQL 8.0.31, HeatWave
AutoML query.

« QUERY_TEXT
The RAPI D engine query or HeatWave AutoML query run by the user.
* QEXEC TEXT

Query execution log. For HeatWave AutoML, this contains the arguments the user passed to the
HeatWave AutoML routine call.

o QKRN _TEXT
Logical query execution plan. This field is not used for HeatWave AutoML queries.
o QEP_TEXT
Physical query execution plan. This field is not used for HeatWave AutoML queries.

Includes pr epart data, which can be queried to determine if a JO N or GROUP BY query used data
placement partitions. See Section 2.15, “Metadata Queries”.

» STATEMENT_I D

The global query ID.
6.4.7 The rpd_table id Table

The rpd_t abl e_i d table provides the ID, name, and schema of the tables loaded in HeatWave.
The rpd_t abl e i d table has these columns:
* |ID
A unique identifier for the table.
 NAME
The full table name including the schema.

o SCHEMA_NAVE
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The schema name.

* TABLE_NAME

The table name.

The rpd_t abl e_i d table is read-only.

6.4.8 The rpd_tables Table

The r pd_t abl es table provides the system change number (SCN) and load pool type for tables
loaded in HeatWave.

The r pd_t abl es table has these columns:

* ID

A unigue identifier for the table.
SNAPSHOT_SCN

The system change number (SCN) of the table snapshot. The SCN is an internal number that
represents a point in time according to the system logical clock that the table snapshot was
transactionally consistent with the source table.

PERSI STED SCN
The SCN up to which changes are persisted.
POOL_TYPE

The load pool type of the table. Possible values are RAPI D_LOAD POOL_SNAPSHOT and
RAPI D_LOAD POOL_TRANSACTI ONAL.

DATA PLACEMENT TYPE
The data placement type.
NROWS

The number of rows that are loaded for the table. The value is set initially when the table is loaded,
and updated as changes are propagated.

LOAD _STATUS
The load status of the table. Statuses include:
* NOLOAD_ RPDGSTABSTATE

The table is not yet loaded.
* LOADI NG_RPDGSTABSTATE

The table is being loaded.
* AVAI L_RPDGSTABSTATE

The table is loaded and available for queries.
* UNLOADI NG_RPDGSTABSTATE

The table is being unloaded.
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* | NRECOVERY_RPDGSTABSTATE

The table is being recovered. After completion of the recovery operation, the table is placed back
in the UNAVAI L RPDGSTABSTATE state if there are pending recoveries.

* STALE_RPDGSTABSTATE

A failure during change propagation, and the table has become stale. See Section 2.2.7, “Change
Propagation”

* UNAVAI L_RPDGSTABSTATE
The table is unavailable.
LOAD_PROGRESS
The load progress of the table expressed as a percentage value.
For Lakehouse, the following values are returned:
« 10%: the initialization phase is complete.
¢ 10-70%: the transformation to native HeatWave format is in progress.

« 70% - 80%: the transformation to native HeatWave format is complete and the aggregation phase
is in progress.

« 80-99%: the recovery phase is in progress.

« 100%: data load is complete.

S| ZE_BYTES

The amount of data loaded for the table, in bytes.
TRANSFORVATI ON_BYTES:

The total size of raw Lakehouse data transformed, in bytes.
NROVE:

The number of rows loaded to the external table.
QUERY_COUNT

The number of queries that referenced the table.
LAST_QUERI ED

The timestamp of the last query that referenced the table.
LOAD START Tl MESTAMP

The load start timestamp for the table.

LOAD_END_TI MESTAMP

The load completion timestamp for the table.
RECOVERY_SOURCE

Indicates the source of the last successful recovery for a table. The values are MySQ_, that is
InnoDB, or bj ect St or age.
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* RECOVERY_START_TI MESTAMP

The timestamp when the latest successful recovery started.
« RECOVERY_END TI MESTAMP

The timestamp when the latest successful recovery ended.

The r pd_t abl es table is read-only.
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7.1 tpch Analytics Quickstart

The tpch Analytics Quickstart walks you through importing data into the into the DB System using the
MySQL Shell Parallel Table Import Utility, manually loading data into HeatWave, and running queries.

7.1.1 tpch Prerequisites
» An operational MySQL DB System.

« For MySQL HeatWave on OCI, see Creating a DB System, in the MySQL HeatWave on OCI
Service Guide.

« For MySQL HeatWave on AWS, see Creating a DB System, in the MySQL HeatWave on AWS
Service Guide.

* For HeatWave in Oracle Database Service for Azure (ODSA), see Provisioning MySQL
HeatWave.

» An operational HeatWave Cluster.

¢ For MySQL HeatWave on OCI, see Adding a HeatWave Cluster, in the MySQL HeatWave on OCI
Service Guide.

* For MySQL HeatWave on AWS, see Creating a HeatWave Cluster, in the MySQL HeatWave on
AWS Service Guide .

« For HeatWave in Oracle Database Service for Azure (ODSA), see Provisioning HeatWave Nodes.
* MySQL Shell 8.0.22 or higher.

e For MySQL HeatWave on OCI, see Connecting to the MySQL DB System with SSH and MySQL
Shell.

« For MySQL HeatWave on AWS, see Connecting with MySQL Shell, in the MySQL HeatWave on
AWS Service Guide.
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Generating tpch Sample Data

7.1.2 Generating tpch Sample Data

Examples in this Quickstart use the t pch sample database, which is an ad-hoc decision support
database derived from the TPC Benchmark™ H (TPC-H) specification. For an overview of the t pch
schema, refer to the Logical Database Design section of the specification document.

The following instructions describe how to generate t pch sample data using the dbgen utility. The
instructions assume you are on a Linux system that has gcc and nake libraries installed.

To generate t pch sample data:

1.
2.
3.

Download the TPC-H tools zip file from TPC Download Current.
Extract the zip file to a location on your system.

Change to the dbgen directory and make a copy of the makefile template.

$> cd 2.18. 0/ dbgen
$> cp makefile.suite makefile

Configure the following settings in the makefile:

$> CC = gcc

$> DATABASE= ORACLE
$> MACHI NE = LI NUX
$> WORKLOAD = TPCH

Run nmeke to build the dbgen utility:

$> nmake

Issue the following dbgen command to generate a 1GB set of data files for the t pch database:

$> ./dbgen -s 1

The operation may take a few minutes. When finished, the following data files appear in the working
directory, one for each table in the t pch database:

$>1s -1 *.thl
cust oner . t bl
l'ineitemtbl
nation. tbl
orders. thl
part supp. t bl
part.tbl

regi on. tbl
supplier.thl

7.1.3 Creating the tpch Sample Database and Importing Data

This topic describes how to create the tpch sample database on the MySQL DB System and import the
sample data. The sample data must be available on the MySQL DB System before it can be loaded
into the HeatWave Cluster.

Sample database creation and import operations are performed using MySQL Shell. The MySQL Shell
Parallel Table Import Utility provides fast data import for large data files. The utility analyzes an input
data file, divides it into chunks, and uploads the chunks to the target MySQL DB System using parallel
connections. The utility is capable of completing a large data import many times faster than a standard
single-threaded upload using a LOAD DATA statement. For additional information, see Parallel Table
Import Utility.

To create the tpch sample database on the MySQL DB System and import data:

1.

Start MySQL Shell and connect to the MySQL DB System endpoint:

$> nysql sh --nysql User nane@BSyst em | P_Address_or _Host _Nane
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The - - nysql option opens a Cl assi cSessi on, which is required when using the MySQL Shell
Parallel Table Import Utility.

MySQL Shell opens in JavaScript execution mode by default.
M/SQL>JS>

Change the MySQL Shell execution mode from JavaScript to SQL:
M/SQL>JS> \ sq

Create the t pch sample database and tables:

nysql > CREATE DATABASE t pch character set utf8nb4;
nmysql > USE t pch;

nmysql > CREATE TABLE nation ( N_NATI ONKEY | NTEGER pri mary key,
N_NAVE CHAR(25) NOT NULL,
N_REG ONKEY | NTEGER NOT NULL,
N_COMVENT VARCHAR( 152) ) ;

nysql > CREATE TABLE region ( R _REG ONKEY | NTEGER pri mary key,
R_NAMVE CHAR(25) NOT NULL,
R_COMVENT VARCHAR( 152) ) ;

nmysql > CREATE TABLE part ( P_PARTKEY | NTEGER primary key,

P_NANE VARCHAR(55) NOT NULL,
P_MFGR CHAR(25) NOT NULL,
P_BRAND CHAR(10) NOT NULL,
P_TYPE VARCHAR(25) NOT NULL,
P_SI ZE | NTEGER NOT NULL,

P_CONTAI NER  CHAR(10) NOT NULL,
P_RETAI LPRI CE DECI MAL( 15, 2) NOT NULL,

P_COMVENT VARCHAR(23) NOT NULL );
nmysql > CREATE TABLE supplier ( S_SUPPKEY | NTEGER pri mary key,
S _NAMVE CHAR(25) NOT NULL,
S _ADDRESS VARCHAR(40) NOT NULL,
S _NATI ONKEY | NTEGER NOT NULL,
S _PHONE CHAR(15) NOT NULL,
S _ACCTBAL DECI MAL( 15, 2) NOT NULL,
S _COMVENT VARCHAR(101) NOT NULL);
nysql > CREATE TABLE partsupp ( PS_PARTKEY | NTEGER NOT NULL,
PS_SUPPKEY | NTEGER NOT NULL,
PS_AVAI LQTY | NTEGER NOT NULL,
PS_SUPPLYCOST DECI MAL(15,2) NOT NULL,
PS_COMVENT VARCHAR(199) NOT NULL, prinary key (ps_partkey, ps_suppkey) );
nysql > CREATE TABLE custoner ( C _CUSTKEY | NTEGER pri mary key,
C_NAMVE VARCHAR(25) NOT NULL,
C_ADDRESS VARCHAR(40) NOT NULL,
C_NATI ONKEY | NTEGER NOT NULL,
C_PHONE CHAR(15) NOT NULL,
C_ACCTBAL DECI MAL( 15, 2) NOT NULL,
C_MKTSEGVENT CHAR(10) NOT NULL,
C_COMVENT VARCHAR(117) NOT NULL);
nysql > CREATE TABLE orders ( O ORDERKEY | NTEGER pri mary key,
O_CUSTKEY | NTEGER NOT NULL,
O_ORDERSTATUS CHAR(1) NOT NULL,
O TOTALPRI CE DECI MAL( 15, 2) NOT NULL,
O_ORDERDATE DATE NOT NULL,
O ORDERPRI ORI TY CHAR(15) NOT NULL,
O CLERK CHAR(15) NOT NULL,
O SHI PPRIORITY | NTEGER NOT NULL,
O_COMVENT VARCHAR( 79) NOT NULL);

nysql > CREATE TABLE |ineitem ( L_ORDERKEY | NTEGER NOT NULL,
L_PARTKEY I NTEGER NOT NULL,
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L_SUPPKEY

I NTEGER NOT NULL,

L_LI NENUMBER | NTEGER NOT NULL,

L_QUANTI TY

DECI MAL( 15, 2) NOT NULL,

L_EXTENDEDPRI CE DECI MAL(15,2) NOT NULL,
L_DI SCOUNT DECI MAL( 15, 2) NOT NULL,
L_TAX DECI MAL( 15, 2) NOT NULL,
L_RETURNFLAG CHAR(1) NOT NULL,

L_LI NESTATUS CHAR(1) NOT NULL,

L_SHI PDATE DATE NOT NULL,

L_COW TDATE DATE NOT NULL,

L_RECEI PTDATE DATE NOT NULL,

L_SHI PI NSTRUCT CHAR(25) NOT NULL,
L_SH PMODE CHAR(10) NOT NULL,
L_COMVENT VARCHAR( 44) NOT NULL,
primary key(L_ORDERKEY, L_LI NENUVBER) ) ;

4. Verify that the t pch schema and tables were created:

M/SQL>SQL> SHOW TABLES;

cust oner
lineitem
nati on
orders
part

part supp
region
suppl i er

5. Change back to
MySQL>SQ> \ | s

JavaScript execution mode to use the Parallel Table Import Utility:

6. Execute the following operations to import the data into the t pch database on the MySQL DB

System.

M/SQL>JS> util.
byt esPer Chunk: "

M/SQL>JS> util.
byt esPer Chunk: "

M/SQL>JS> util.
byt esPer Chunk: "

M/SQL>JS> util.
byt esPer Chunk: "

M/SQL>JS> util.
byt esPer Chunk: "

M/SQL>JS> util.
byt esPer Chunk: "

M/SQL>JS> util.
byt esPer Chunk: "

M/SQL>JS> util.
byt esPer Chunk: "

Note

For information about the ut i | . i nport Tabl e() options used in the
following commands, see Parallel Table Import Utility. The number of
parallel threads specified using the t hr eads option depends on the number
of CPU cores of the shape. It is assumed that sample data fields are
terminated by the pipe "| " character.

i mport Tabl e("nation.tbl",{table: "nation", fieldsTerm natedBy:"|",
100M', threads: 16})

i mport Tabl e("region.tbl", {table: "region", fieldsTerm natedBy:"|",
100M', threads: 16})

i mport Tabl e("part.tbl",{table: "part", fieldsTerm natedBy:"|",
100M', threads: 16})

i mport Tabl e("supplier.tbl",{table: "supplier", fieldsTerm natedBy:"|" ,
100M', threads: 16})

i mport Tabl e("partsupp.tbl",{table: "partsupp", fieldsTerm natedBy:"|",
100M', threads: 16})

i mport Tabl e("custoner.tbl", {table: "customer", fieldsTerm natedBy:"|",
100M', threads: 16})

i mport Tabl e("orders.tbl",{table: "orders", fieldsTerm natedBy:"|",
100M', threads: 16})

import Tabl e("lineitemthbl",{table: "lineiten, fieldsTerm natedBy:"|",
100M', threads: 16})

242


https://dev.mysql.com/doc/mysql-shell/8.0/en/mysql-shell-utilities-parallel-table.html

Loading tpch Data Into HeatWave

7.1.4 Loading tpch Data Into HeatWave

To load the t pch sample data into the HeatWave Cluster:

Note

If you are using MySQL HeatWave on AWS, you can also load data from the
MySQL HeatWave Console. See Manage HeatWave Data with Workspaces, in
the MySQL HeatWave on AWS Service Guide.

1. Start MySQL Shell and connect to the MySQL DB System endpoint:

$> nysqgl sh User nane@BSyst em | P_Addr ess_or _Host _Nane

MySQL Shell opens in JavaScript execution mode by default.

W SQ>JS>

2. Change the MySQL Shell execution mode to SQL:

MySQL>JS> \ sql

3. Execute the following operations to prepare the t pch sample database tables and load them
into the HeatWave Cluster. The operations performed include defining string column encodings,
defining the secondary engine, and executing SECONDARY _ L OAD operations.

nmysql > USE t pch;

nysql > ALTER
nysql > ALTER
nysql > ALTER
nysql > ALTER

nysql > ALTER
nysql > ALTER
nysql > ALTER
nysql > ALTER

nysql > ALTER
nysql > ALTER
nysql > ALTER
nysql > ALTER
nysql > ALTER
nysql > ALTER

nysql > ALTER
nysql > ALTER
nysql > ALTER

nysql > ALTER
nysql > ALTER
nysql > ALTER
nysql > ALTER
nysql > ALTER

nysql > ALTER
nysql > ALTER
nysql > ALTER
nysql > ALTER

nysql > ALTER
nysql > ALTER

nysql > ALTER
nysql > ALTER
nysql > ALTER
nysql > ALTER
nysql > ALTER

TABLE
TABLE
TABLE
TABLE

TABLE
TABLE
TABLE
TABLE

TABLE
TABLE
TABLE
TABLE
TABLE
TABLE

TABLE
TABLE
TABLE

TABLE
TABLE
TABLE
TABLE
TABLE

TABLE
TABLE
TABLE
TABLE

TABLE
TABLE

TABLE
TABLE
TABLE
TABLE
TABLE

nation nmodi fy "N _NAVE CHAR(25) NOT NULL COMVENT ' RAPI D_COLUMN=ENCODI NG=SORTED ;
nation nmodi fy ~N_COMMENT VARCHAR(152) COWENT ' RAPI D_COLUMN=ENCODI NG=SORTED ;
nati on SECONDARY_ENG NE=RAPI D;

nati on SECONDARY_LOAD;

region modify "R NAVE CHAR(25) NOT NULL COMMVENT ' RAPI D COLUMN=ENCODI NG=SORTED ;
region modify R COMVENT VARCHAR(152) COWVENT ' RAPI D_COLUVN=ENCODI NG=SORTED ;
regi on SECONDARY_ENGI NE=RAPI D;

regi on SECONDARY_LOAD;

part nodify "P_MFGR CHAR(25) NOT NULL COMVENT ' RAPI D_COLUWN=ENCODI NG=SORTED ;
part nodify "P_BRAND CHAR(10) NOT NULL COMVENT ' RAPI D_COLUWMN=ENCODI NG=SORTED ;
part nodi fy ~P_CONTAI NER CHAR(10) NOT NULL COMVENT ' RAPI D_COLUMN=ENCODI NG=SORTEI
part nodify "P_COMMENT VARCHAR(23) NOT NULL COMVENT ' RAPI D_COLUMN=ENCODI NG=SORTE
part SECONDARY_ENG NE=RAPI D,

part SECONDARY_LOAD,

supplier nodify “S_NAVE CHAR(25) NOT NULL COMMENT ' RAPI D_COLUMN=ENCODI NG=SORTED
supplier nodify *S_ADDRESS' VARCHAR(40) NOT NULL COMMENT ' RAPI D_COLUMN=ENCODI NG=
supplier nodify *S_PHONE® CHAR(15) NOT NULL COMVENT ' RAPI D_COLUVN=ENCODI NG=SORTEI

suppl i er SECONDARY_ENG NE=RAPI D;

suppl i er SECONDARY_LOAD;

partsupp nodify ~PS_COMMENT VARCHAR(199) NOT NULL COMVENT ' RAPI D_COLUMN=ENCODI N
part supp SECONDARY_ENG NE=RAPI D;

part supp SECONDARY_LCQAD;

customer nodi fy “C NAVE VARCHAR(25) NOT NULL COMVENT ' RAPI D_COLUWN=ENCODI NG=SOR
customer nodi fy " C _ADDRESS' VARCHAR(40) NOT NULL COMMENT ' RAPI D_COLUMN=ENCODI NG=
customer nodi fy *C MKTSEGVENT  CHAR(10) NOT NULL COMMENT ' RAPI D_COLUMN=ENCODI NG=
customer nodi fy *C COMWENT VARCHAR(117) NOT NULL COMMENT ' RAPI D_COLUMN=ENCODI NG

cust omer SECONDARY_ENG NE=RAPI D;
cust omer SECONDARY_LQOAD,

orders nodi fy O ORDERSTATUS' CHAR(1) NOT NULL COMVENT ' RAPI D_COLUMN=ENCODI NG=SO
orders nodi fy ~O ORDERPRI ORI TY' CHAR(15) NOT NULL COMMENT ' RAPI D_COLUWMN=ENCODI NG
orders nmodify O CLERK CHAR(15) NOT NULL COMVENT ' RAPI D_COLUMN=ENCODI NG=SORTED ;
orders SECONDARY_ENG NE=RAPI D;

orders SECONDARY_LOAD;
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nysql > ALTER TABLE
nysql > ALTER TABLE
nysql > ALTER TABLE
nysql > ALTER TABLE
nysql > ALTER TABLE
nysql > ALTER TABLE
nysql > ALTER TABLE

ineitem nodi fy 'L_RETURNFLAG CHAR(1) NOT NULL COMVENT ' RAPI D_COLUMN=ENCODI NG=SORTE
ineitemnodi fy "L_LINESTATUS CHAR(1) NOT NULL COMVENT ' RAPI D_COLUMN=ENCODI NG=SORTE
ineitem nodi fy "L_SHI PI NSTRUCT® CHAR(25) NOT NULL COMVENT ' RAPI D_COLUMN=ENCODI NG=SO
ineitemnodi fy "L_SH PMODE CHAR(10) NOT NULL COMVENT ' RAPI D_COLUMN=ENCODI NG=SORTED
ineitem nodi fy 'L_COMVENT VARCHAR(44) NOT NULL COMVENT ' RAPI D_COLUMN=ENCODI NG=SORT
i nei t em SECONDARY_ENG NE=RAPI D

i nei t em SECONDARY_LOAD;

4. Verify that the t pch sample database tables are loaded in the HeatWave Cluster by querying
LOAD _STATUS data from the HeatWave Performance Schema tables. Loaded tables have an
AVAI L_RPDGSTABSTATE load status.

MySQL>SQ.> USE per f or mance_schens;
MySQL>SQL> SELECT NAME, LOAD_STATUS
FROM rpd_t abl es, rpd_tabl e_i d
VWHERE rpd_tables.|D = rpd_table_id.|D;

t pch. suppl i er
t pch. part supp

| AVAI L_RPDGSTABSTATE |

| AVAI L_RPDGSTABSTATE |
tpch. orders | AVAI L_RPDGSTABSTATE |
tpch. lineitem | AVAI L_RPDGSTABSTATE |
t pch. cust omer | AVAI L_RPDGSTABSTATE |
tpch. nation | AVAI L_RPDGSTABSTATE |
t pch. regi on | AVAI L_RPDGSTABSTATE |
t pch. part | AVAI L_RPDGSTABSTATE |

7.1.5 Running tpch Queries

This topic describes how to query t pch data in the HeatWave Cluster. After tables are loaded into
the HeatWave Cluster, queries that qualify are automatically offloaded to the HeatWave Cluster for
accelerated processing. To run queries:

Note

If you are using MySQL HeatWave on AWS, you can also run queries from the
Query Editor in the MySQL HeatWave Console. See Running Queries, in the
MySQL HeatWave on AWS Service Guide.

1. Start MySQL Shell and connect to the MySQL DB System endpoint:

$> nysqgl sh User nane@BSyst em | P_Addr ess_or _Host _Nane
MySQL Shell opens in JavaScript execution mode by default.
MW SQL>IS>

2. Change the MySQL Shell execution mode to SQL:
M/SQL>JS> \ sq

3. Change to the t pch database:

MySQL>SQL> USE t pch;
Default schena set to "tpch .Fetching table and col um nanes from tpch” for
auto-conpletion... Press "C to stop.

4. Before running a query, use EXPLAI N to verify that the query can be offloaded to the HeatWave
Cluster. For example:

MySQ>SQ@.> EXPLAI N SELECT SUM | _ext endedprice * | _discount) AS revenue
FROM | i nei tem
WHERE | _shi pdate >= date ' 1994-01-01';
EEEEEEEEEEEEEEEEEEEEEEEESESESE] 1 r ow EEE R R EEEEEEEEEEEEEEEEEESESESESE]
id: 1
sel ect _type: SIMLE
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table: |ineitem
partitions: NULL
type: ALL
possi bl e_keys: NULL
key: NULL
key_ | en: NULL
ref: NULL
rows: 56834662
filtered: 33.33
Extra: Using where; Using secondary engi ne RAPI D

If the query can be offloaded, the Ext r a column in the EXPLAI N output reports Usi ng
secondary engi ne RAPID.

5. After verifying that the query can be offloaded, run the query and note the execution time.

MySQ>SQ.> SELECT SUM | _ext endedprice * | _discount) AS revenue
FROM | i nei tem
WHERE | _shi pdate >= date ' 1994-01-01'

o +
| revenue |
o +
| 82752894454. 9036

o +

1 rowin set (0.04 sec)

6. To compare the HeatWave execution time with MySQL DB System execution time, disable the
use_secondary_engi ne variable to see how long it takes to run the same query on the MySQL
DB System. For example:

MySQL>SQ.> SET SESSI ON use_secondary_engi ne=CFF;

MySQL>SQ.> SELECT SUM | _ext endedprice * | _discount) AS revenue
FROM [ i nei tem
WHERE | _shi pdate >= date ' 1994-01-01'

fe—cccccc-cccoco-c- +
| revenue |
fe—cccccc-cccoco-c- +
| 82752894454. 9036

fe—cccccc-cccoco-c- +

1 rowin set (24.20 sec)

For other t pch sample database queries that you can run, see Section 7.1.6, “Additional tpch

Queries”. For more information about running queries, refer to Section 2.3, “Running Queries”.

7.1.6 Additional tpch Queries

This topic provides additional tpch queries that you can run to test the HeatWave Cluster.
» TPCH-Q1: Pricing Summary Report Query

As described in the TPC Benchmark™ H (TPC-H) specification: "The Pricing Summary Report
Query provides a summary pricing report for all lineitems shipped as of a given date. The date is
within 60 - 120 days of the greatest ship date contained in the database. The query lists totals for
extended price, discounted extended price, discounted extended price plus tax, average quantity,
average extended price, and average discount. These aggregates are grouped by RETURNFLAG
and LI NESTATUS, and listed in ascending order of RETURNFLAGand LI NESTATUS. A count of the
number of lineitems in each group is included.”

nysql > SELECT
| _returnfl ag,
| _I'i nest at us,
SUM | _quantity) AS sumqty,
SUM | _ext endedprice) AS sum base price
SUM | _extendedprice * (1 - | _discount)) AS sumdisc_price
SUM | _extendedprice * (1 - | _discount) * (1 + | _tax)) AS sumcharge
AVE | _quantity) AS avg_qty,
AVGE( | _ext endedprice) AS avg price
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AVGE( | _di scount) AS avg_di sc,
COUNT(*) AS count _order

FROM
lineitem
\HERE
| _shipdate <= DATE ' 1998-12-01' - |NTERVAL '90' DAY
GROUP BY | _returnflag , |_linestatus
ORDER BY | _returnflag , |_linestatus;

» TPCH-Q3: Shipping Priority Query

As described in the TPC Benchmark™ H (TPC-H) specification: "The Shipping Priority Query
retrieves the shipping priority and potential revenue, defined as the sum of | _ext endedprice *
(1-1_di scount), of the orders having the largest revenue among those that had not been shipped
as of a given date. Orders are listed in decreasing order of revenue. If more than 10 unshipped
orders exist, only the 10 orders with the largest revenue are listed."

nmysql > SELECT
| _orderkey,
SUM | _extendedprice * (1 - | _discount)) AS revenue,
o_orderdat e,
o_shippriority
FROM
cust omer,
orders,
l'ineitem
VWHERE
c_nkt segment = ' BU LDI NG
AND c_cust key = o_cust key
AND | _orderkey = o_orderkey
AND o_orderdate < DATE ' 1995-03- 15
AND | _shi pdate > DATE ' 1995- 03- 15
GROUP BY | _orderkey , o_orderdate , o_shippriority
ORDER BY revenue DESC , o_orderdate
LIMT 10;

» TPCH-Q9: Product Type Profit Measure Query

As described in the TPC Benchmark™ H (TPC-H) specification: "The Product Type Profit Measure
Query finds, for each nation and each year, the profit for all parts ordered in that year that contain

a specified substring in their names and that were filled by a supplier in that nation. The profit

is defined as the sum of [ (| _ext endedpri ce*(1-1_discount)) - (ps_supplycost *

| _quantity)] forall lineitems describing parts in the specified line. The query lists the nations in
ascending alphabetical order and, for each nation, the year and profit in descending order by year

(most recent first). "

mysql > SELECT
nation, o_year, SUManount) AS sum profit

FROM
( SELECT
n_nanme AS nation,
YEAR( o_ORDERdat e) AS o_year,
| _extendedprice * (1 - |_discount) - ps_supplycost * |_quantity AS anmount
FROM

part
STRAI GHT_JO N part supp
STRAI GHT_JO N | i neitem
STRAI GHT_JO N suppl i er
STRAI GHT_JO N or ders
STRAI GHT_JO N nati on

VWHERE
s_suppkey = | _suppkey
AND ps_suppkey = | _suppkey
AND ps_partkey = | _partkey
AND p_partkey = | _partkey
AND o_ORDERkey = | _ORDERKkey

AND s_nati onkey = n_nati onkey
AND p_nane LIKE ' %green% ) AS profit
GROUP BY nation , o_year
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ORDER BY nation , o_year DESC,

7.1.7 Unloading tpch Tables

t pch tables can be unloaded from HeatWave using the following statements:

Note

If you are using MySQL HeatWave on AWS, you can also unload data from the
MySQL HeatWave Console. See Manage HeatWave Data with Workspaces, in
the MySQL HeatWave on AWS Service Guide.

nysql > USE t pch;

nysql > ALTER TABLE
nysql > ALTER TABLE
nysql > ALTER TABLE
nysql > ALTER TABLE
nysql > ALTER TABLE
nysql > ALTER TABLE
nysql > ALTER TABLE
nysql > ALTER TABLE

cust omer SECONDARY_UNLCQAD;
I'i nei t em SECONDARY _UNLQOAD;
nat i on SECONDARY_UNLQAD;
orders SECONDARY_UNLOAD;
part SECONDARY_UNLOAD;
part supp SECONDARY_UNLQAD;
regi on SECONDARY_UNLQAD;
suppl i er SECONDARY_UNLOAD;

7.2 AirportDB Analytics Quickstart

The HeatWave airportdb Quickstart walks you through importing data into the DB System using the
MySQL Shell Dump Load utility, loading data into HeatWave using Auto Parallel Load, and running

queries.

For an online workshop that demonstrates HeatWave using the ai r por t db sample database, see
Turbocharge Business Insights with MySQL HeatWave Service and HeatWave.

7.2.1 AirportDB Prerequisites

* An operational MySQL DB System.

¢ For MySQL HeatWave on OCI, see Creating a DB System, in the MySQL HeatWave on OCI

Service Guide.

e For MySQL HeatWave on AWS, see Creating a DB System, in the MySQL HeatWave on AWS

Service Guide.

* For HeatWave in Oracle Database Service for Azure (ODSA), see Provisioning MySQL

HeatWave.

» An operational HeatWave Cluster.

« For MySQL HeatWave on OCI, see Adding a HeatWave Cluster, in the MySQL HeatWave on OCI

Service Guide.

* For MySQL HeatWave on AWS, see Creating a HeatWave Cluster, in the MySQL HeatWave on
AWS Service Guide .

« For HeatWave in Oracle Database Service for Azure (ODSA), see Provisioning HeatWave Nodes.

* MySQL Shell 8.0.22 or higher.

¢ For MySQL HeatWave on OCI, see Connecting to the MySQL DB System with SSH and MySQL

Shell.

* For MySQL HeatWave on AWS, see Connecting with MySQL Shell, in the MySQL HeatWave on
AWS Service Guide.
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7.2.2 Installing AirportDB

The installation procedure involves downloading the ai r por t db database to a Compute instance
and importing the data from the Compute instance into the MySQL DB System using the MySQL Shell
Dump Loading utility. For information about this utility, see Dump Loading Utility.

To install the ai r por t db database:

1. Download the ai r por t db sample database and unpack it. The ai r por t db sample database is
provided for download as a compressed t ar or Zip archive. The download is approximately 640
MBs in size.

$> wget https://downl oads. nysql . conf docs/ ai rport-db.tar. gz
$> tar xvzf airport-db.tar.gz

or

$> wget https://downl oads. nysql . conl docs/ ai rport-db. zi p
$> unzip airport-db.zip

Unpacking the compressed t ar or Zip archive results in a single directory named ai r port - db,
which contains the data files.

2. Start MySQL Shell and connect to the MySQL DB System Endpoint. For additional information

about connecting to a DB System, see Connecting to the MySQL DB System with SSH and MySQL

Shell.

$> nysql sh User nane@BSyst em | P_Addr ess_or _Host _Nane

3. Load the ai r por t db database into the MySQL DB System using the MySQL Shell Dump Loading

Utility.

MySQ>JS> util .| oadDunp("airport-db", {threads: 16, deferTabl el ndexes: "all"
i gnor eVer si on: TRUE})

Note

The def er Tabl el ndexes: ™"al | " option defers creating secondary
indexes until after the table data is loaded, which significantly reduces load
times. If you intend to use ai r por t db with HeatWave, which does not use
secondary indexes, you can avoid creating secondary indexes by specifying
the | oadl ndexes: "FALSE" option instead of def er Tabl el ndexes:
"al | ". For more information about MySQL Dump Load options, see Dump
Loading Utility.

After the data is imported into the MySQL DB System, you can load the tables into HeatWave. For
instructions, see Section 7.2.3, “Loading AirportDB into HeatWave”.

7.2.3 Loading AirportDB into HeatWave

To load the ai r port db from the MySQL DB System into HeatWave:
Note

If you are using MySQL HeatWave on AWS, you can also load data from the
MySQL HeatWave Console. See Manage HeatWave Data with Workspaces, in
the MySQL HeatWave on AWS Service Guide.

1. Start MySQL Shell and connect to the MySQL DB System Endpoint.

$> nysql sh User nane@BSyst em | P_Addr ess_or _Host _Nane

2. Change the MySQL Shell execution mode to SQL and run the following Auto Parallel Load
command to load the ai r por t db tables into HeatWave.
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M/SQL>JS> \ sql
MySQ>SQ.> CALL sys. heat wave_| oad(JSON_ARRAY("' ai rportdb'), NULL);

For information about the Auto Parallel Load utility, see Section 2.2.3, “Loading Data Using Auto
Parallel Load".

7.2.4 Running AirportDB Queries

After airportdb sample database tables are loaded into the HeatWave Cluster, queries that qualify are
automatically offloaded to the HeatWave Cluster for accelerated processing. To run queries:

Note

If you are using MySQL HeatWave on AWS, you can also run queries from the
Query Editor in the MySQL HeatWave Console. See Running Queries, in the
MySQL HeatWave on AWS Service Guide.

1. Start MySQL Shell and connect to the MySQL DB System endpoint:

$> nysql sh User namne@BSyst em | P_Addr ess_or _Host _Nane

MySQL Shell opens in JavaScript execution mode by default.
MW SQL>IS>

2. Change the MySQL Shell execution mode to SQL:
M/SQL>JS> \ sq

3. Change to the ai r por t db database.

MySQL>SQ.> USE ai r port db;
Default schema set to "airportdb . Fetching table and col umm nanes from "airportdb™ for
aut o-conpletion... Press "C to stop.

4. Before running a query, use EXPLAI Nto verify that the query can be offloaded to the HeatWave
Cluster. For example:

MySQL>SQ.> EXPLAI N SELECT booki ng. price, count(*)
FROM booki ng
WHERE booki ng. pri ce > 500
GROUP BY booki ng. price
ORDER BY booking. price LIMT
*****************39;******* 1 r ow R R R R R EEEEEEEEEEEEEEESESESE]
id: 1
sel ect _type: SIMLE
tabl e: booki ng
partitions: NULL
type: ALL
possi bl e_keys: NULL
key: NULL
key_ |l en: NULL
ref: NULL
rows: 54081693
filtered: 33.32999801635742
Extra: Using where; Using tenporary; Using filesort; Using secondary engi ne RAPI D

If the query can be offloaded, the Ext r a column in the EXPLAI N output reports Usi ng
secondary engi ne RAPI D.

5. After verifying that the query can be offloaded, run the query and note the execution time.

MySQ>SQ@.> SELECT booki ng. price, count(*)
FROM booki ng
WHERE booki ng. price > 500
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GROUP BY booki ng. price
ORDER BY booki ng. pri ce

LIMT 10
+---ee- oo [ +
| price | count(*) |
+---ee- oo [ +
| 500.01 | 860
| 500.02 | 1207
| 500.03 | 1135
| 500.04 | 1010
| 500.05 | 1016
| 500.06 | 1039
| 500.07 | 1002
| 500.08 | 1095
| 500.009 | 1117
| 500. 10 | 1106
+---ee- oo [ +

10 rows in set (0.0537 sec)

6. To compare the HeatWave execution time with MySQL DB System execution time, disable the
use_secondary_engi ne variable to see how long it takes to run the same query on the MySQL
DB System; for example:

MySQL>SQ.> SET SESSI ON use_secondary_engi ne=0OFF;
MySQL>SQ.> SELECT booki ng. price, count(*)
FROM booki ng
WHERE booki ng. price > 500
GROUP BY booki ng. price
ORDER BY booki ng. price

LIMT 10
dmccccco= drmccocccooo +
| price | count(*) |
dmccccco= drmccocccooo +
| 500.01 | 860
| 500.02 | 1207
| 500.03 | 1135
| 500.04 | 1010
| 500.05 | 1016
| 500.06 | 1039
| 500.07 | 1002
| 500.08 | 1095
| 500.09 | 1117
| 500.10 | 1106
dmccccco= drmccocccooo +

10 rows in set (9.3859 sec)

For other ai r por t db sample database queries that you can run, see Section 7.2.5, “Additional
AirportDB Queries”. For more information about running queries, see Section 2.3, “Running Queries”.

7.2.5 Additional AirportDB Queries
This topic provides additional airportdb queries that you can run to test the HeatWave Cluster.

* Query 1: Number of Tickets > $500.00, Grouped By Price

mysql > SELECT

booki ng. pri ce
count (*)

FROM
booki ng

V\HERE
booki ng. price > 500

GROUP BY
booki ng. pri ce

ORDER BY
booki ng. pri ce

LIMT
10

* Query 2: Average Age of Passengers By Country, Per Airline
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nmysql > SELECT

airline.airlinenane,
AVG( dat edi ff (departure, bi rt hdat e)/365.25) as avg_age
count (*) as nb_peopl e

FROM
booki ng, flight, airline, passengerdetails

VWHERE
booki ng. flight _id=flight.flight_id AND
airline.airline_id=flight.airline_id AND
booki ng. passenger _i d=passengerdet ai | s. passenger _i d AND

country IN ("SWTZERLAND', "FRANCE', "I TALY")
GROUP BY

airline.airlinenane
ORDER BY

airline.airlinename, avg_age
LIMT 10

* Query 3: Most Tickets Sales by Airline for Departures from US Airports

nysql > SELECT

airline.airlinenanme
SUM booki ng. price) as price_tickets
count (*) as nb_tickets

FROM
booki ng, flight, airline, airport_geo

VWHERE
booking. flight_id=flight.flight_id AND
airline.airline_id=flight.airline_id AND
flight.fromrairport_geo. airport_id AND
ai rport_geo.country = "UN TED STATES"

GROUP BY

airline.airlinenane
ORDER BY

nb_tickets desc, airline.airlinenanme
LIMT 10

7.2.6 Unloading AirportDB Tables

ai r por t db tables can be unloaded from HeatWave using the following statements:
Note

If you are using MySQL HeatWave on AWS, you can also unload data from the
MySQL HeatWave Console. See Manage HeatWave Data with Workspaces, in
the MySQL HeatWave on AWS Service Guide.

nmysql > USE ai r portdb

nmysql > ALTER TABLE booki ng SECONDARY_UNLOAD,

nmysqgl > ALTER TABLE fl i ght SECONDARY_UNLOAD

nmysqgl > ALTER TABLE flight_| og SECONDARY_UNLOAD,
mysql > ALTER TABLE ai rport SECONDARY_UNLQAD;

mysql > ALTER TABLE ai rport_reachabl e SECONDARY_UNLOAD
nmysql > ALTER TABLE ai rport_geo SECONDARY_UNLOAD
nmysqgl > ALTER TABLE airl i ne SECONDARY_UNLOAD,

nmysql > ALTER TABLE fli ght schedul e SECONDARY_UNLQAD;
mysql > ALTER TABLE ai r pl ane SECONDARY_UNLQAD;

nmysql > ALTER TABLE ai rpl ane_t ype SECONDARY_UNLQAD;
mysql > ALTER TABLE enpl oyee SECONDARY_UNLQAD;

nmysql > ALTER TABLE passenger SECONDARY_UNLQAD

mysql > ALTER TABLE passengerdetai | s SECONDARY_UNLQAD;
nmysql > ALTER TABLE weat her dat a SECONDARY_UNLOAD

7.3 Iris Data Set Machine Learning Quickstart

This tutorial illustrates an end-to-end example of creating and using a predictive machine learning
model using HeatWave AutoML. It steps through preparing data, using the ML_ TRAI N routine to
train a model, and using M__PREDI CT_* and ML_EXPLAI N_* routines to generate predictions and
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explanations. The tutorial also demonstrates how to assess the quality of a model using the ML._ SCORE
routine, and how to view a model explanation to understand how the model works.

For an online workshop based on this tutorial, see Get started with MySQL HeatWave AutoML.
The tutorial uses the publicly available Iris Data Set from the UCI Machine Learning Repository.

Dua, D. and Graff, C. (2019). UCI Machine Learning Repository [http://archive.ics.uci.edu/ml]. Irvine,
CA: University of California, School of Information.

The Iris Data Set has the following data, where the sepal and petal features are used to predict the
cl ass label, which is the type of Iris plant:

» sepal length (cm)
 sepal width (cm)
 petal length (cm)
 petal width (cm)
+ class. Possible values include:
* Iris Setosa
* Iris Versicolour
« lIris Virginica
Data is stored in the MySQL database in the following schema and tables:
 m _dat a schema: The schema containing training and test dataset tables.

e iris_traintable: The training dataset (labeled). Includes feature columns (sepal length, sepal
width, petal length, petal width) and a populated cl ass target column with ground truth values.

* iris_test table: The test dataset (unlabeled). Includes feature columns (sepal length, sepal width,
petal length, petal width) but no target column.

e iris_validat e table: The validation dataset (labeled). Includes feature columns (sepal length,
sepal width, petal length, petal width) and a populated cl ass target column with ground truth values.

This tutorial assumes that you have met the prerequisites outlined in Section 3.2, “Before You Begin”.

1. Create the example schema and tables on the MySQL DB System with the following statements:
nysqgl > CREATE SCHEMA nl _dat a;
nysqgl > USE nl _dat a;

nysqgl > CREATE TABLE “iris_train (
“sepal length  float DEFAULT NULL,
“sepal width® float DEFAULT NULL,
“petal length float DEFAULT NULL,
“petal width' float DEFAULT NULL,
‘class’ varchar (16) DEFAULT NULL);

nysqgl > INSERT INTO iris_train VALUES(6.4,2.8,5.6,2.2,"Iris-virginica');
nysqgl > INSERT INTO iris_train VALUES(5.0,2.3,3.3,1.0,"'Iris-setosa');

nysqgl > INSERT INTO iris_train VALUES(4.9,2.5,4.5,1.7,"Iris-virginica');
nysgl > INSERT INTO iris_train VALUES(4.9,3.1,1.5,0.1,"Iris-versicolor");
nysgl > INSERT INTO iris_train VALUES(5.7,3.8,1.7,0.3,"Iris-versicolor');
nysgl > INSERT INTO iris_train VALUES(4.4,3.2,1.3,0.2,"Iris-versicolor");
nysgl > INSERT INTO iris_train VALUES(5.4,3.4,1.5,0.4,"Iris-versicolor');
nysqgl > INSERT INTO iris_train VALUES(6.9,3.1,5.1,2.3,"Iris-virginica');
nysqgl > INSERT INTO iris_train VALUES(6.7,3.1,4.4,1.4,"Iris-setosa');

nysgl > INSERT INTO iris_train VALUES(5.1,3.7,1.5,0.4,"Iris-versicolor');
nysqgl > INSERT INTO iris_train VALUES(5.2,2.7,3.9,1.4,"Iris-setosa');
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mysql > I NSERT INTO iris_train VALUES(6.9,3.1,4.9,1.5,"'Iris-setosa');

mysql > INSERT INTO iris_train VALUES(5.8,4.0,1.2,0.2,"'Iris-versicolor');
mysql > I NSERT INTO iris_train VALUES(5.4,3.9,1.7,0.4,"Iris-versicolor');
mysql > INSERT INTO iris_train VALUES(7.7,3.8,6.7,2.2,"lris-virginica');
mysql > I NSERT INTO iris_train VALUES(6.3,3.3,4.7,1.6,"'lris-setosa');

mysql > INSERT INTO iris_train VALUES(6.8,3.2,5.9,2.3,"lris-virginica');
mysql > INSERT INTO iris_train VALUES(7.6,3.0,6.6,2.1,"lris-virginica');
mysql > INSERT INTO iris_train VALUES(6.4,3.2,5.3,2.3,"lris-virginica');
mysql > INSERT INTO iris_train VALUES(5.7,4.4,1.5,0.4,"Iris-versicolor');
mysql > INSERT INTO iris_train VALUES(6.7,3.3,5.7,2.1,"Iris-virginica');
mysql > INSERT INTO iris_train VALUES(6.4,2.8,5.6,2.1,"lris-virginica');
mysql > INSERT INTO iris_train VALUES(5.4,3.9,1.3,0.4,"Iris-versicolor');
mysql > INSERT INTO iris_train VALUES(6.1,2.6,5.6,1.4,"lris-virginica');
mysql > INSERT INTO iris_train VALUES(7.2,3.0,5.8,1.6,"lris-virginica');
mysql > INSERT INTO iris_train VALUES(5.2,3.5,1.5,0.2,"Iris-versicolor');
mysql > I NSERT INTO iris_train VALUES(5.8,2.6,4.0,1.2,"'Iris-setosa');

mysql > INSERT INTO iris_train VALUES(5.9,3.0,5.1,1.8,"Iris-virginica');
mysql > INSERT INTO iris_train VALUES(5.4,3.0,4.5,1.5,"Iris-setosa');

mysql > I NSERT INTO iris_train VALUES(6.7,3.0,5.0,1.7,"Iris-setosa');

mysql > I NSERT INTO iris_train VALUES(6.3,2.3,4.4,1.3,"'lris-setosa');

mysql > I NSERT INTO iris_train VALUES(5.1,2.5,3.0,1.1,"Iris-setosa');

mysql > I NSERT INTO iris_train VALUES(6.4,3.2,4.5,1.5,"Iris-setosa');

mysql > INSERT INTO iris_train VALUES(6.8,3.0,5.5,2.1,"Iris-virginica');
mysql > INSERT INTO iris_train VALUES(6.2,2.8,4.8,1.8,"lris-virginica');
mysql > INSERT INTO iris_train VALUES(6.9,3.2,5.7,2.3,"lris-virginica');
mysql > INSERT INTO iris_train VALUES(6.5,3.2,5.1,2.0,"lris-virginica');
mysql > INSERT INTO iris_train VALUES(5.8,2.8,5.1,2.4,"Iris-virginica');
mysql > INSERT INTO iris_train VALUES(5.1,3.8,1.5,0.3,"'Iris-versicolor');
mysql > I NSERT INTO iris_train VALUES(4.8,3.0,1.4,0.3,"'Iris-versicolor');
mysql > INSERT INTO iris_train VALUES(7.9,3.8,6.4,2.0,'lris-virginica');
mysql > INSERT INTO iris_train VALUES(5.8,2.7,5.1,1.9,"lris-virginica');
mysql > INSERT INTO iris_train VALUES(6.7,3.0,5.2,2.3,"lris-virginica');
mysql > INSERT INTO iris_train VALUES(5.1,3.8,1.9,0.4,"Iris-versicolor');
mysql > I NSERT INTO iris_train VALUES(4.7,3.2,1.6,0.2,"'Iris-versicolor');
mysql > INSERT INTO iris_train VALUES(6.0,2.2,5.0,1.5,"lris-virginica');
mysql > INSERT INTO iris_train VALUES(4.8,3.4,1.6,0.2,"'Iris-versicolor');
mysql > INSERT INTO iris_train VALUES(7.7,2.6,6.9,2.3,"lris-virginica');
mysql > I NSERT INTO iris_train VALUES(4.6,3.6,1.0,0.2,"'Iris-versicolor');
mysql > INSERT INTO iris_train VALUES(7.2,3.2,6.0,1.8,"lris-virginica');
mysql > INSERT INTO iris_train VALUES(5.0,3.3,1.4,0.2,"'Iris-versicolor');
mysql > I NSERT INTO iris_train VALUES(6.6,3.0,4.4,1.4,"Iris-setosa');

mysql > INSERT INTO iris_train VALUES(6.1,2.8,4.0,1.3,"'lris-setosa');

mysql > I NSERT INTO iris_train VALUES(5.0,3.2,1.2,0.2,"'Iris-versicolor');
mysql > I NSERT INTO iris_train VALUES(7.0,3.2,4.7,1.4,"Iris-setosa');

mysql > INSERT INTO iris_train VALUES(6.0,3.0,4.8,1.8,"lris-virginica');
mysql > INSERT INTO iris_train VALUES(7.4,2.8,6.1,1.9,"lris-virginica');
mysql > INSERT INTO iris_train VALUES(5.8,2.7,5.1,1.9,"lris-virginica');
mysql > INSERT INTO iris_train VALUES(6.2,3.4,5.4,2.3,"lris-virginica');
mysql > I NSERT INTO iris_train VALUES(5.0,2.0,3.5,1.0,"'Iris-setosa');

mysql > I NSERT INTO iris_train VALUES(5.6,2.5,3.9,1.1,"'Iris-setosa');

mysql > INSERT INTO iris_train VALUES(6.7,3.1,5.6,2.4,"lris-virginica');
mysql > INSERT INTO iris_train VALUES(6.3,2.5,5.0,1.9,"lris-virginica');
mysql > INSERT INTO iris_train VALUES(6.4,3.1,5.5,1.8,"lris-virginica');
mysql > I NSERT INTO iris_train VALUES(6.2,2.2,4.5,1.5,"Iris-setosa');

mysql > INSERT INTO iris_train VALUES(7.3,2.9,6.3,1.8,"lris-virginica');
mysql > INSERT INTO iris_train VALUES(4.4,3.0,1.3,0.2,"'Iris-versicolor');
mysql > INSERT INTO iris_train VALUES(7.2,3.6,6.1,2.5,"Iris-virginica');
mysql > INSERT INTO iris_train VALUES(6.5,3.0,5.5,1.8,"lris-virginica');
mysql > I NSERT INTO iris_train VALUES(5.0,3.4,1.5,0.2,"Iris-versicolor');
mysql > INSERT INTO iris_train VALUES(4.7,3.2,1.3,0.2,"Iris-versicolor');
mysql > I NSERT INTO iris_train VALUES(6.6,2.9,4.6,1.3,"'lris-setosa');

mysql > I NSERT INTO iris_train VALUES(5.5,3.5,1.3,0.2,"Iris-versicolor');
mysql > INSERT INTO iris_train VALUES(7.7,3.0,6.1,2.3,"lris-virginica');
mysql > INSERT INTO iris_train VALUES(6.1,3.0,4.9,1.8,"lris-virginica');
mysql > INSERT INTO iris_train VALUES(4.9,3.1,1.5,0.1,"Iris-versicolor');
mysql > I NSERT INTO iris_train VALUES(5.5,2.4,3.8,1.1,"Iris-setosa');

mysql > I NSERT INTO iris_train VALUES(5.7,2.9,4.2,1.3,"'lris-setosa');

mysql > I NSERT INTO iris_train VALUES(6.0,2.9,4.5,1.5,"Iris-setosa');

mysql > INSERT INTO iris_train VALUES(6.4,2.7,5.3,1.9,"lris-virginica');
mysql > INSERT INTO iris_train VALUES(5.4,3.7,1.5,0.2,"Iris-versicolor');
mysql > INSERT INTO iris_train VALUES(6.1,2.9,4.7,1.4,"Iris-setosa');

mysql > I NSERT INTO iris_train VALUES(6.5,2.8,4.6,1.5,"'Iris-setosa');
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nysqgl > I NSERT INTO “iris_validate SELECT * FROM "iris_test ;

Before MySQL 8.0.32, drop the cl ass column fromiris_test.
nmysql > ALTER TABLE “iris_test®™ DROP COLUW " cl ass”;

Train the model with ML_TRAI N. Since this is a classification dataset, use the cl assi fi cati on
task to create a classification model:

mysql > CALL sys. ML_TRAIN('ml _data.iris _train', 'class',
JSON _OBJECT('task', 'classification'), @ris_nodel);

When the training operation finishes, the model handle is assigned to the @ ri s_nodel session
variable, and the model is stored in the model catalog. View the entry in the model catalog with the
following query. Replace user 1 with the MySQL account name:

nysql > SELECT nodel _i d, nodel _handl e, train_table_nane FROM M._SCHEMA user 1. MODEL_CATALCG,
A= mcccoc=o== = —cceoocc-cccccc-cccccc-cccocc-cococo-c= df==cccocc-cocc-—ccooc=-= +
| nodel _id nodel _handl e

MySQL 8.0.31 does not run the M_ EXPLAI N routine with the default Permutation Importance
model after M._ TRAI N. For MySQL 8.0.31, run ML_EXPLAI Nand use NULL for the options:

mysql > CALL sys. ML_EXPLAIN(' ml _data.iris_train', 'class',
‘m _data.iris_train_userl 1648140791', NULL);

Load the model into HeatWave AutoML using M._ MODEL L OAD routine:

mysql > CALL sys. ML_MODEL_LOAD( @ri s_nodel , NULL);

A model must be loaded before you can use it. The model remains loaded until you unload it or the
HeatWave Cluster is restarted.

Make a prediction for a single row of data using the ML._PREDI CT_ROWroutine. In this example,
data is assigned to a @ ow _i nput session variable, and the variable is called by the routine. The
model handle is called usingthe @ ri s_nodel session variable:

mysql > SET @ow_i nput = JSON_OBJECT(
"sepal length", 7.3,
"sepal wdth", 2.9,
"petal length", 6.3,
"petal width", 1.8);
nmysql > SELECT sys. M._PREDI CT_RON @ ow_i nput, @ris_nodel, NULL);
| sys. M._PREDI CT_RON ' {"sepal length": 7.3, "sepal width": 2.9, "petal length": 6.3, "petal

| {"Prediction": "lIris-virginica*, "m _results": "{'predictions': {'class': 'lIris-virginica'

1 rowin set (1.12 sec)

Before MySQL 8.0.32, the ML_PREDI CT_ROWroutine does not include options, and the results do
not include the M _resul t s field:

nmysql > SELECT sys. M._PREDI CT_RON @ ow_i nput, @ris_nodel);
| sys.M._PREDI CT_RON @ow_i nput, @ris_nodel) |

| {"Prediction": "lris-virginica", "petal width": 1.8, "sepal width": 2.9, |
| "petal length": 6.3, "sepal length": 7.3} |
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Based on the feature inputs that were provided, the model predicts that the Iris plant is of the class
I ris-virginica. The feature values used to make the prediction are also shown.

Now, generate an explanation for the same row of data using the M__ EXPLAI N_ROWroutine with
the default Permutation Importance prediction explainer to understand how the prediction was
made:

mysql > SELECT sys. M._EXPLAI N_ RON JSON_OBJECT("sepal Ilength", 7.3, "sepal w dth", 2.9,
"petal length", 6.3, "petal width", 1.8), @ris_nodel, NULL);

| sys. M._EXPLAI N RON JSON OBJECT("sepal length", 7.3, "sepal width", 2.9, "petal length", 6.3, "petal w
| {"Notes": "petal width (1.8) had the |argest inmpact towards predicting Iris-virginica", "Prediction":

1 rowin set (5.92 sec)

Before MySQL 8.0.32, the results do not include the m _r esul t s field:

| sys. M._EXPLAI N RON JSON OBJECT("sepal length", 7.3, "sepal width", 2.9, [
"petal length", 6.3, "petal width", 1.8), @ris_nvodel) [

| {"Prediction": "lris-virginica", "petal width": 1.8, "sepal width": 2.9, |
| "petal length": 6.3, "sepal length": 7.3, "petal width_attribution": 0.73, [
| "petal length_attribution": 0.57} [

The attribution values show which features contributed most to the prediction, with petal length and
petal width being the most important features. The other features have a 0 value indicating that they
did not contribute to the prediction.

Make predictions for a table of data using the M__PREDI CT_TABLE routine. The routine takes data
fromtheiris_test table as input and writes the predictionstoaniri s_predi cti ons output
table.

nmysql > CALL sys. M._PREDI CT_TABLE('ml _data.iris_test', @ris_nodel,
'm _data.iris_predictions', NULL);

To view M__PREDI CT_TABLE results, query the output table; for example:

nysqgl > SELECT * fromnm _data.iris_predictions LIMT 5;

dh==== b= mcceocc-coc=o== dfmmccocccooc== b= mcceocc-coc=o== T dm—cccocc—ccooc=o== e +- -
| _id | sepal length | sepal width | petal length | petal width | class | Prediction |
dh==== b= mcceocc-coc=o== dfmmccocccooc== b= mcceocc-coc=o== T dm—cccocc—ccooc=o== e +- -
| 1| 7.3 | 2.9 | 6.3 | 1.8 | Iris-virginica | Iris-virginica | {
| 2 | 6.1 | 2.9 | 4.7 | 1.4 | Iris-versicolor | Iris-versicolor | {
| 3| 6.3 | 2.8 | 5.1 | 1.5 | Iris-virginica | Iris-versicolor | {
| 4 | 6.3 | 3.3 | 4.7 | 1.6 | Iris-versicolor | Iris-versicolor | {
| 5 | 6.1 | 3| 4.9 | 1.8 | Iris-virginica | Iris-virginica | {

5 rows in set (0.00 sec)

Before MySQL 8.0.32, the M._PREDI CT_TABLE routine does not include options, and the results
do not include the ml _resul t s column:

mysql > CALL sys. ML_PREDI CT_TABLE(' ml _data.iris_test', @ris_nodel,
‘m _data.iris_predictions');

mysql > SELECT * FROM ml _data.iris_predictions LIMT 3;
kkhkkkhkkhkhkhkkhkhkdhkhkhkhkhhkdhkhhhkhhkhxk 1 I’OW kkhkkkhkkhkkhkhkhkhkhhkhkhkhkhhkhhkhhkhkhhhxk
sepal length: 7.3

sepal width: 2.9
petal length: 6.3

petal width: 1.8

Prediction: Iris-virginica

KEKKK KKK KKK KKK KR KKKk hkkkkk* D [ QWY % % % % ok ok ok ok ok ok ok ok kK ok ok ok ok ok ko Kk ok kK
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sepal |length
sepal w dt h:
petal |ength
petal wi dth:

6.1
2.9
4.7
1.4
Prediction: Iris-versicolor
PR R R EEEEEEEEEEEEEEEEEEEESEEE] 3 I’OW PR R R EEEEEEEEEEEEEEEEEEEESE RS

6.3

2.8

5.1

1.5

Iri

sepal |ength:
sepal w dt h:
petal |ength:
petal wi dth:

Prediction: S-virginica

The table shows the predictions and the feature column values used to make each prediction.

Generate explanations for the same table of data using the M._ EXPLAI N_TABLE routine with the
default Permutation Importance prediction explainer.

Explanations help you understand which features have the most influence on a prediction. Feature
importance is presented as an attribution value ranging from -1 to 1. A positive value indicates that
a feature contributed toward the prediction. A negative value indicates that the feature contributes

positively towards one of the other possible predictions.

mysql > CALL sys. ML_EXPLAI N TABLE(' m _data.iris_test', @ris_nodel,
‘m _data.iris_explanations', NULL);

To view M__EXPLAI N_TABLE results, query the output table; for example:

nysql > SELECT * FROM ml _data.iris_explanations LIMT 5

| _id | sepal length | sepal width | petal length | petal width | class | Prediction

[ 1| 7.3 | 2.9 | 6.3 | 1.8 | Iris-virginica | Iris-virginica
| 2 | 6.1 | 2.9 | 4.7 | 1.4 | Iris-versicolor | Iris-versicolor
| 3| 6.3 | 2.8 | 5.1 | 1.5 | Iris-virginica | Iris-versicolor
| 4 | 6.3 | 3.3 | 4.7 | 1.6 | Iris-versicolor | Iris-versicolor
| 5 | 6.1 | 3 | 4.9 | 1.8 | |

Iris-virginica Iris-virginica
5 rows in set (0.00 sec)
Before MySQL 8.0.32, the output table does not include the ml _resul t s column:
nysqgl > SELECT * FROM ml _data.iris_explanations LIMT 3;

KRKK KKk k kR hkhkkkkhhhkkkxhx 9 [ QWY % % % % o ook ok ok ok ok ok ok ok ok ok ok ok ok ok kK ok ok ok

sepal length: 7.3

sepal width: 2.9
petal length: 6.3
petal width: 1.8
Prediction: Iris-virginica
petal length_attribution: 0.57
petal width_attribution: 0.73
R R 2. I'OW R
sepal length: 6.1
sepal width: 2.9
petal length: 4.7
petal width: 1.4
Prediction: Iris-versicol or
petal length_attribution: 0.14
petal width_attribution: 0.6
khkkkhkhkhkhkhkhhkdhhkhkhkdhkdhhkhhhhdx*k 3. I'OW R
sepal length: 6.3
sepal width: 2.8
petal length: 5.1
petal width: 1.5

Prediction: Iris-virginica
petal length_attribution: -0.25
petal width_attribution: 0.31
3 rows in set (0.0006 sec)
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8. Score the model with ML_ SCORE to assess the reliability of the model. This example uses the
bal anced_accur acy metric, which is one of the many scoring metrics that HeatWave AutoML
supports.

nmysql > CALL sys. ML_SCORE('nm _data.iris_validate', 'class', @ris_nodel,
' bal anced_accuracy', @core);

To retrieve the computed score, query the @cor e session variable.

nysqgl > SELECT @cor €;

e L +
| @core |
e L +
| 0.9583333134651184 |
e L +

9. Unload the model using M__ MODEL_ UNL OAD:

nysql > CALL sys. M._MODEL_UNLOAD( @r i s_nodel ) ;

To avoid consuming too much space, it is good practice to unload a model when you are finished
using it.
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