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Preamble

| Disk-oriented relational databases
| Research questioreduction of response time of my SQL query

@ PostgreSQL 12.4 DBMS Size of JOB tables (#rows)
cast_info(36244344)

Disk

I
=1 Query 17e from Join Order Benchmark (JOB) workload: I title (2528312)
« = SELECT M ASmember i ch e | movie_companie@609129)
a,_ FRONk:ast_mgfsmg member_in_charnamed_movie | movie_keyword4523930)
5 JOIN title AS t ONti.movie_id=t.id ' name (4167491)
c JOINmkovie_Iéeywolzd\S TIT(ON t.idd= rgzkl.(m;vie_id I company_namg34997)
— | JOIN keyword AS k ONik.keyword_id= k.i I
? " | AND k.keyword= 'charactenamein-title’ ) keyword (134170)
— JOINmovie_companie&S mc ONci.movie_id=mc.movie_id
% AND t.id = mc.movie_id [
JOINcompany_namaScn ONmc.company_id cn.id o ]
AND cn.country_cods '[us]' =¥r
JOIN name AS n ONlid =ci.person_id e

6 joins [EE]
2 selections e

Hardware configuration

-
11
: |z

oS Ubuntu 24.04.3 LTS =

CPU AMD Ryzen5 5600XN 6 core¢12 threads Kmm_,,

GPU NVIDIA RTX 3060 [ Query processor (Q %)

RAM 16 GB e e
surmame_peode imame_pode|




QP tasks
I Selectiorof the bestqueryplan

I Join order((ci™ (((mk! k)" mc)!™ cn)!" t))!" n)
I Join implementationdHash join algorithm
I Table scansequential scan

[ Aggr:gate ]
| Response time: 11,13 s L
I Thanks to analytical cost models s | T
! Example: ci.movie_id = t.i [name]
| Costtnk!" k;Hash join) =3 x (K +IK) | [~ s o |
I |mk|: number of pages of the tabi&
[ mecommmate ansa | L e
First Generation of QP: Cebased QP / S
| oo | e ] rosregare

Seq Scan



CostbasedP

Usage®f ananalyticalcostmodel m

1. Estimationof: Indexes

I Responséme of DB operationgeg., join, selection)
I Intermediataesults(selectivityfactors) = == dcccem———-

r X on | r©TITTEEETETs
| Maintenanceost :Constralntsi_. :;"e/e.cl:/t;/on <_: Cost ModelsI
' Storageost |_exsoage)l | AGOTTS ) ex response g
2. Controlof optimizationstructureselectionex indexes) Set of

A Software oriented solution to
reduce the response time of a query

! L.BellatrecheOptimizationand tuning in datavarehouse&ncyclopediaf Database&ystemsSpringen(2nded), 2018
I L.BellatrecheK. Karlapalem M. SchneiderOn efficientstoragespaceadistributionamongmaterialized/iewsand indices in dataarehousingenvironmentsACM CIKM, pp. 397404, 2000,
I L.BellatrecheK.KarlapalemA. SimonetA/gorithmsand support for horizontal clagartitioningin objectorienteddatabase®istributedParallelDatabases8(2): 155179 (2000)



Hardware accelerators

I Estimation of the size of intermediate results is quite important for query optimization:

Fo((mk!™ k)" mc) vs.ipk!" (k!" mc))
I Bad estimates often lead to the optimizer making wrong decisions.

I Usage of GPU to run more expensilaat more accurateestimation algorithm.

ystem
Catalog

(@

SELECT MIN{.namd AS
member_in_charnamed_mo|

vie
FROMcast_infaAS ci,
company_namaAScn,
keyword AS k

E,

@

SebastiaBre§ MaxHeimel NorbertSiegmungLadijelBellatrecheGunterSaake GPUAcceleratedatabas&ystemsSurvey and Open Challenges. Trans. L8ggdeDataKnowl. Centered

Syst 15: 135 (2014)
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Takeaways

I 11PhDs https//thesedr/112281834
I 20masters

A robustandwell-establishedrameworkfor QP
Softwareandhardwaresolutions

Expertisein definingcostmodels

partitioning I A diverserangeof selectiomlgorithmsof optimisationstructures

Collaboratiorwith majorDBMScompaniegTeradata)*

\ N . % *L. BellatrecheS.Benkrid A. Ghazal, ACrolotte A. CuzzocreaVerificationof
s 6 & “ 2.0 partitioningand allocation techniques drradata DBMICAS3PP (1) 2011: 389
“% % % 4 & Y, a 2.2
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mathematical parameters

Question: How much energy does my query consume?


https://theses.fr/112281834

Agenda

1. Digital Sector Energy Footprint
2. Methodologyor studying energefficiency (DB)
3. Green query processors

4. Summary



2015: COP24Paris
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Energy efficiency (EE): achievement of the same level of services while consuming les

I How can | study EE of databases?
" Fundings (local, national, and EU)
~ A niche research topic




Digital sector energy footprint

‘ Applications, Services

!

l

l

contributing to 50% of growth

3,500

3,000

2,500

2,000

1,500

1,000

Internet users
Internet Traffic
Data center workloads

Data center energy use
(excluding crypto)

Crypto mining engerg use

Data transmission network
energy use

3 billon
0,6 ZB
180M

200 TWh

4 TWh

220

4.9 billon
3,47B
650M

220320TWh

106140TWh

TWh 260340TWh

+60%
+440% )
+260%

+10-60%

+230063333%

+20-60%

2015

2020

Evolution of IT energy demand (TWh)

2023

2030

I 2030:IT sector electricity power demand will grow by 50% by 2030
I 20401T carbon footprint could reach 14%, with data centers

- Device manufacturing

< TVs & peripherals use

- loT devices use

- Network equipment use
- IT devices use

- Mobile networks

® - Fixed networks

- DC infrastructures

W - Storage

- Compute

https:/Mvww.i-scoop.elsustainabilitysustainablelevelopment/isectorelectricitydemand/
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WorldOs most valuable resource

atais the newoil.O
Clive RoberHumby

mathematicianentrepreneur, and Chief

DataScientist Starcount

atais the newcurrency

Crusch time in France
Th(’ Ten years on: banking after the crisis
[ STS030T008 0BT South Korea's unfinished revolution
e Biology, but without the cells
The world’'s most
valuable resource

Antonio Neri, Presidentiewlett Packard %= :

Enterprise

Data and the new rules
of competition

ODatasnOthe newoil, itOshe new CO?2

Martin TisnZ Vice President, Luminate Strategic Initiatives

atais a commoditylike
gold.O

Matt Shepherd
Head of Datstrategy BBH London

OAt theneartof the digitaleconomyand
societyis the explosion of insight,
intelligence and informatioB data.

Datais thelifebloodof the
digital economy

World Economid=orum
A New Paradignfor Business of Data BRIEFING PARPERIL Y

2020

)

EE of QP
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Data Science (D®)a

M. T. ...zsuData ScienceA Systematidreatment Commur
ACM 66(7): 104.16 (2023)

!n#u$%&|(
2

Deployment and
Dissemination

Data
preparation

Data storage anﬁl

management

Data J
analysis

I Developing DS applications demands significant time and resblasescially energy.

I A systematic methodology for studying EE becomes necessary



Our methodology: STAMWV

1.
2.

[ Public Sentiment @]~

1
T 1
1 1
Decarbonization Impact - -! !
1 \
1

Public Perception -

-

[ Modeling and Measurements @}—”’

Energy Consumption Modeling --|

Measurement Techniques -~

N

Energy
Efficiency Study

J

®2 variabil
50 Variability

|

o

-- Functionality Analysis

~-  Operational Insights

--  Energy Reduction Solutions

~-  Efficiency Strategies

-- Component Variations

- Energy Savings

L. BellatrecheF.Djellali, W. Macyna C. OrdonezEnergyawarequeryprocessinga caseatudyon join reorderinglEEE Big Datapp, 37438752, 2023
S. PDembeleL. BellatrecheC. Ordonez7owardsgreenqueryprocessing auditingpowerbeforedeployinglEEE Big Datapp. 2492501, 2020
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PublicSentiment (1/2)

| Two controversial questions

1. How can digitalisation be utilized to mitigate the causes and imp@cf
2. Does the digitalisation sector has a negative impact on the environment and how can it be reduce

(0! Success stories: DS to the rescue
1. BCOOLER of GoogleOs DeepMind team enhanced the efficiency of cooling systems in data centgsityy 12.7%

Reinforcement Learning)
2. Zero Energy Public Buildings: EU IMPROVEMENT ‘iies @
| Datadriven solutions (ML/DL techniques) NPROVEAENT

o Energy Consumption and Price Prediction

1. J TobajasF. GarciaTorres,P. RoncereStnchezl. VizquezL. BellatrecheE. Nieto, Resilienceorientedschedulef microgridswith hybrid energystoragesystemusingmode/
predictivecontrof AppliedEnergyJournal 118092306 PartB, 2022
2. F.ChauvetL. BellatrecheC. A. S. Silva A/ approachefor electricitypriceforecastingn stabletinstablenarkets EUimprovemenproject |EEEBIg Data, pp. 44734482, 2022

14



PublicSentiment (2/2)

(Datais the new oilD

Clive RoberHumby
mathematician, entrepreneur, and Chief Data
ScientistStarcount

memermes | | ODatasnOt the new oitQs the new CQ2

Martin TisnZ VicePresident, Luminate Strategic Initiatives
I Al harming the environmerit

I Clouddatacenters(datastorageand processinggonsumedpproximately205terawatthours(TWh) of electricityin 2020

(" 1%of the worldO#otal electricityconsumptioh

I Heating,ventilation andair conditioningareresponsibldor a significantpercentagef globalCO2 emissions

I Workflow applicationsareenergyintensive training, buildinganddeployingmodels

m Number of features | CO2 equivalent emission| SourceLluccioniet al., 2023

Gopher 280B
BLOOM 176B
GPT3 175B
GPT 175B

" What can we do in this critical situation?
| Each scientist has to be eneigware

322 tons
26 tons
502 tons
70 tons

A. S.Luccionj S. Viguier, A._LLigozat Estimatingthe carbonfootprintof BLOOM, a 176Barametefanguagemodel. J. Mach.earn Res 24: 253:253:15 (2023)

15



Audit

I Our methodology for studying EE of DB Our guidelines
1. OAudit first then deployO framewtoldesign green QP

2. Leveraging our initial competencies (QP from a respao
time Perspective)

Revisiting our initial
competencies from an
EE perspective

a) Quantification of energy consumption of a QP /

’ b) Deep understanding of DB ecosystem
Identification of the

Most EnergyCritical

c) ldentify energysensitive factors and tradxsfs
d) Proposal of green QP

DB Components
§ 7 )
A backbone for:
[# Query process I' I Data preparation (ML/DL)

' I Data Exploration

[Guidelines for communit}/

S. PDembeleL.BellatrecheC. Ordonez, ARRoukh Think big, startsmalt a good initiative to design gregoeryoptimizersClusterComputing Springer23(3): 2322345 (2020)
16



Audit QP

ANaiveO User

Expert User

Apps Developer DB-Admin

Applications Ad-hocQuer)F Compiler Management Tool
DML-Compiler DDL-Compiler
|
Query Optimizer DBMS
|
Runtime Schema
Transaction Management
= o0 )= o e
|
Storage Manager
Logs Indexes | Databases | Catalogue

External Storage (e.g., disks)

S



Complexity of query processing

I Findinganoptimalplanis ahardproblem
' Variety of querytrees(cascadingf selectionsjoin ordering E)

# c_nations_nationd _yeay sumfo_revenug

! s region='AMERI

! c_regior=!AMERICA!,

! c_region=!AMERICA/! /

CuU LO SuU DA

[ .
s region=!AMERICA! ! ¢ year 1992anad years 1998



# implementations & DB operation

A guery plan I.  Unary operations

I Selection

$ Query tree in which each node has is annotated by o Sequential scan
its implementation algorithm ||~ o Indec

$ Multiple algorithm per node Il Binary operations

! Join

Nestedlioop
Indexed nestetbop
SortMerge
Hash
o E
! Choice based on cost estimate

# c_nations_nationd year sumfo_revenug

O O O O

Sort Merge

[/

Hash Join

[/

I Problem of finding théest p/an
" NP-hard

Index

! s region='AMERICX\!

V' ¢ region=1aMERICA! U 4 year 199zndd year 1998

Full Scan

Index

Cu LO suU DA



CostbasedQP

Query

v

Research space

A 4
Plan
Generator

Optimal Plan

Research
Strategy

(—— )

I Iterator(ex.tuple-at-a-time:PostgreSQL
I Materialisationex.operatofat-a-time: MonetDB

Execution model

Execution ModeSgquential and Paralje

Enumerativeexhaustiverstgresq), dynamic programming

Randomizedyeneric algorithmpgstgresq).

R Analytical cost model

(response tine

DBMS

20



Modeling& Measurements

i

Iy

Cer

e
~

Energy(E, joules, wattour): the ability to do work. @ € h

<)

Power(P, watts): the rate of energy (E) per a unit of time (T)

Baseline Powerpower consumption when the machine is idle

Active Power:power consumption due to the execution of the workload
Peak powemepresents the maximum power

Average poweraverage power consumed duraxggcution

21



Existing measurement techniques (1/3)

Energy_MeasuremdiliB,Workload $ EstimatedEnergyCost

1. Real measurements
" Use of monitor the power consumption of electrical devicgdetowatt)

2. Estimated Measurement@odeCarbon CAéa\'iﬁ
" An opensource tool to estimate carbon emissions from computing
" Developed by Mila, BCG GAMMA, and Haverford College
" Supports Python workflows
" Works with CPU, GPU, and cloud providers
" Monitors (CPU/GPU usage, execution time, locdissed carbon intensity)
" Calculates (power consumed, carbon dioxide equival€itepjemitted)
" Qutputs (emission logs (.csv), visualization dashboard)

Server

\g
=

Monitor

Power Supply

’
’
'
’
'
’
’
’
’
’
’
7’
’/
’

PowerMeter

v
[/

Power Supply

@.

PowerSource



Existing measurement techniques (2/3)

Q 3. Reusing expertise from response time cost models

Total power: 46 watts

I Additive energy measurement models 3 walts +
watts

I Energy consumption of an algorithm A (E(A)) . |
waltts +

' EA) = EcpdA) +EnemonfA) 28 Watts/ \ Energyof the current
10 watts + |

I Energy consumption of a server E(S) node+ inheritedone

13 watts
— 3
! E(S) - E:pt(s) + Ememor)(S) + I-:I-/O(S) 5 watts + "/ zﬁf?
3 watts
Sa/es Customer Product
watts watts watts

S. Roy, A. Rudra, and A. Verma, OAn energy complexity model for algorithms,O in Proc. 4th Conf. ITCS, #803, pp. 283
Xu, Z., Tu, Y.C., Wang, X.: Dynamic energy estimation of query plans in database systems. In: ICOER3.(B018B

23



EXxisting measurement techniguy&s3)

4. Al-Driven Approaches

OHHES/SIBH2(:; &t <(=ISTR@PI&2 +&

7+388&0

451'+-16),. )(#&16-. |

4,8'9:. #)2&36,9

l

451'+-16), )(.8,89:.
1)&((6-6.10.806,9.
#46,8.<8+6,9=188>.
<&+ 69

[rewagrer | [e0er | [ oruaweser | [ umerss |
B22/76+,7'8$ B A"63=0(2 82712 4+&;f/(§(&'
4l N8R | N'827I(2
TG0 &)L, |
#2830 | cepemee | || ms |
\
4,89:/)01.#)2830 208,75 156
5248846, 7"834H&HH(8(& |- o
9(6"(2;
|
‘ 1"2+(34+8:+(2 ‘
s %&10(S 4 49(8 O

|

|

24




Al-driventechniques

I Inputs I Used DBMSs
I DB schema | PostgreSQL : Explain, discard all, E
I Training queries I Watt Meter
I DBMS
I Platform
Offline
Watt Meter
Measured power
Training queries
x _____________ _ Identificaton & _ Machine Model | Final Cost
l of parameters l Learning l Construction l Model
o Execution plan - 10 cost - Linear regression Validati
Valldatlpn of —_—> \1, P - CPU cost - Neural network alidation
queries - Memory cost - Random Forest
Execution

Online

25



Case of PostgreSQUBMS

@ Widely used in Research and Teachingp applications)

Kernel

SQL quer

~

s

Parser Grammatical
rules

@ Expression Tree

Transformation :
Algebraic rules

v Algebraic

plan

Planner Optimization

- Cost Models = }
- criteria v Execution

plan

ExecutorRun strategy

Query result

I Major auditinformation
1. Roworientedstoragdayout

1 M 36

2
3
4.
5. Other parameter@ndexes, selectivity of

Simon

. Only SQL queries

Parallel query processing (multicore)
Modelling level: pipeline

predicates, buffer politics, size of tables, pages of
table, join implementationk,)

I Energy Cost=CPU + 10




ML Model

(5ol "#9% (*+4), - 10 1%+,)

% (&) -345 182
) ) )
"H#$% (*+4)' 6 , 7 8g(, 96w , 7 Buxr 96 ,7 8.
($% ($% ($%
Parameters Meanings
2y Number of instructions executed by CPU
25%s | Number of read/write operations accessing memory all provided by POStgreSQL
2¢g¢(, Number of read/write operations accessing disk
n Number of operators in the pipeline

ML Technique to calculk: multiple polynomial regression (degree=2)
* (*+;)' ' %o 8'&( 9 v 8ex 9 v/ 8,"- 9 K 8'&( , 8 9 v 1 By 8,"-
L) # g #S0n ! T HSuwg) ! e #S L ) #Se) 1T %

" ; »» Regressionoefficients
" <. Measuremergrror



EnerQueryrool

https:/foutu.bécWK5rf4AMBNQ
Available athttps:/github.conias-laboratoryénerquery

K EcoProD

ORORES XK W EnerQuery N
SQL Query Execution Plan Power Timeline Settings SQL Query Execution Plan Power Timeline Settings
v Workload Queries
Workload Path: t/Info/PhD/build-postgres-demoj/tpch
GroupAggregate
Concurrency Level (MPL): | 2 =
o Q Query Status Rows =
Aggregate Sort ql.sql Finished 0
q2.sql Finished 460
q3.sql Running
4 Q q4.sql Running
SeqScan  Hash/Anh Join a5.sa Pending =
O O Single SQL Query
Seq Scan Hash s
O sum as
Sea Scan
2 Execution Output
Estimated cost: 84829
Estimated power: 18.5032 1 2 <) 4 =
Estimated 10: 50584 9938.5300... Supplier#000... UNITED KING... 185358
2 9937.8400... Supplier#000... ROMANIA ... 108438
Estimated CPU: 30479 L S ~an 5 b
¥| Show plan by pipelines segmentation
Execute Explain Exit
Execute Explain Exit

A. Roukh L.BellatrecheC. OrdonezZEnerQuery EnergyawarequeryprocessingA\CM CIKM2016: 2462468

O
(x

28



Tactics

—i Systems Level ’-

Energy-E! ciency Techniques’-<

Power Management (PDM)

—i Hardware and Firmware

Data Storage Solutions

Dynamic Voltages and
Frequency Scaling

Software Techniques

Energy-E! ciency Data
Models

Networking Techniques

Energy-E! ciency
Algorithms

Cloud and Virtualization
Techniques

Energy-E! ciency Sources

—{ Environment Level

Cooling Systems

A.Roukh L. BellatrecheS Bouarar A. Boukorca EcePhysic Ecophysicalkdesigninitiative for very largedatabasesnformationSystemslournal Elsevier 68 44-63 2017

User Awareness

29



Hardware Tactics

| Dynamic Power Management

| Dynamic component deactivation
| Dynamic performance scaling

| Hardware accelerators

| Graphical Processing Unit (GPU)
| FieldProgrammable Gate Array (FPGA)
| Tensor Processing Units (TPU)

=

L. BellatrecheW. Macyna and C. OrdoneZzreen AnalyticsTutorial IEEE Big Dat&onferenc023

3088



Hardware Tactics

| Dynamic Voltage and Frequency Scaling (D\B-&)e of the most popular
techniques iDynPS

I GOAL: It allows a system to adjust the frequency and supply voltage to
particular components within the infrastructure computation

| DVFS on a mukcore CPU

. System with only one global voltage for all cores (global DVFS) is -emeffgyient.

. Global DVFS and peore DVFS architectures with multiple Voltage Frequency Islands (VFIs) have |
proposed.

. The cores in an island share the same voltage and frequency, but different islands can be execute
various voltages and frequencies

31



Software Tactics

| Efficient algorithms and data structures
I Workload categorization and prediction
I Query scheduling

| Buffer management

l Virtualisation and containers



Variability

DBMS:
Stockage layout (row \

column stores)

Platform:
Hardware CPU/GPU,
RAM, SSD, E

Variability

QP types:
costbasedlearneebased,

hybrid

Algorithms:
Operationmplementations,

buffer management, join orde

33



Variation ofDBMS

I\ , , I Major auditinformation
moneta'b, Analytical Queries 1. Columnorientedstorage layout

Kernel
1 M 36

Ahmed
SQL query /l\
(sou | xQuery | 7, 77 2. Compression

3. Multi query languages

4. Parallel query processingglticore
5. Modelling level: operation

9 6. E
=
I Energy Cost = CPU + 10

Query result



ML Model

(lgod "#$%(=*4), - .10 1=*,)
-345 1&.2

I "#$% (&)

I"#$% (:*?;)' 6-&( ) 8'&( .9 6*_,_* , 8*+* .96 LI 8,.._ i

Parameters Meanings

" Provided by Processor Counter Monitor

24 Number of instructions executed by CPU
2503 Number of read/write operations accessing memory .

el | provided byMonetDB
28, Number of read/write operations accessing disk

I Machine Learning Technique to calcleMultiple Polynomial Regression (degree =3)

“(=*4)" 7o 8a( 9., 84 95,8 9;0,8g , 84 951,84 , 8
973,88 ,8n 94,8 ,8ux , 8. 95,8 96, Bux
9;%7, 8,"_ ' 9;%% 8-&(',8*+* 9;%_,8*_,_* ',8-&( 9>
904, 8a( ' 9065 8 | 9 ye 8 9:579<

! "1 . Regressionoefficients
! #  Measuremergrror

S. P.Dembele Auditing energy- beforedeployingmodels towardsgreenoptimizersof analyticalgueriesPh.DThesis ISAEENSMA 2021



PostgreSQL v&donetDB

Runtime(Seconds)
T 2 X & =

"
)
(
v
()
= & _——
S % m—
(o}
$
I
I-IIII'IIII |
" # S % & « ) oo ! " #l #' S $'m
Queries Energy(Joules)
m+,-./01 m2,3/45.678 m2,3/45.678 m+-./01
Execution time of queries Energy consumed of queries queries
[30 GB data set of TPE benchmark] [30 GB data set of TPE& benchmark]

MonetDBconsumes less energy thaastgresQL

S P. DembeleL. BellatrecheC. Ordonez Towardsgreenqueryprocessingauditingpowerb beforedeploying JEEEBigData Decembe2020



Variability of join ordering

Thenumberof possiblgoin treesgrowsrapidly asthe numberof join relationsincreases
If aqueryinvolves21tablesthenemployingleft deeptree,the numberof potentialjoin ordersis 21!
NP-hardproblem

A QPisresponsibldor identifyingthe optimaljoin strategyandjoin implementation

/1. Exact solutions A
2. Randomized Solution&g., genetic algorithm, simulated annealing)
3. Mixed integer linear programming

\ 4. Heuristics(e.g., minimum selectivity, Monte Carlos Tree Search)

Our experimental scenario: the DBMS remains fixed while the join ordering algorithm is v

3787



Resultof the variation

Runtime (Seconds)

w
by

w
w
o

14b

23c

Queries
N 5 >
Q (2} o

N
5
@

w
o
19

=
©
o

100 150 200 250

o q
[
o

' * a ¥ i < 4 d 7 ” Energy (Joules)
Queries ay
I Dynamic Programming (Deterministic)
N GEQO (Randomized)
Il Simulated Annealing (Metaheuristic)
Execution time of queries Energy consumed of queries
[JOB benchmark — IMDB dataset] [JOB benchmark — IMDB dataset]

With the sameoptimizer join orderingalgorithmcandrasticallychangesnergyuse and performance.
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Variability of types of QP

Learnedbased QP

Workload
Queries

TRAINING PHASE

Plan

Enumeration

Cost / Runtime
Collection

y

Training Dataset

(query, join order, cost)

Feature
Extraction

INFERENCE PHASE

1010.20.8 s

Query & Plan &
Encoding

Trained
ML Model

Predicted Cost

Scores

ci1<cz2<---

’ Best Join Order

SQL

FEEDBACK / CONTINUAL LEARNING

v

~
Runtime Feedback

actual latency — new labels

ci

Result

Re-train / Fine-tune (continual learning)

39



HybridQO

CLASSICAL OPTIMIZER

Classical Join Order

~
DP / Genetic
Search

~ .
Formula-based Cardinality W (i)
Cost Model Estimation

1010.20.8
m Query & Join Order
Encoding

SQL

LEARNED OPTIMIZER

Learned Join Order

Trained (on)

ML Model

Predicted
Join Order

c1 <ca<---

HYBRID ARBITER

Final Plan

(cn)

Yes (use learned) Confidence

Result

¥y > 77
No (use classical) TET

FEEDBACK / CONTINUAL LEARNING

l actual latency — new labels

| Runtime Feedback J

Re-train / Fine-tune (online or periodic)

40



PostgreSQlAJphaJoin| HybridQO

Runtime (Seconds)

< 1. With enough training, AlphaJoin can
- significantlysurpas$?ostgreSQL

2. HybridQOis inconsistent

3. The bottleneck in HybridQO is not
| learning but trust calibration knowing
whento usethelearnedplan

14b 40
| ]

w
1

N
L

18—

‘\3;3 ,bo'o ,»b-"’ 'ﬂf’b 'Loo ‘\bb ’1:,)9 ‘\/69 ,b,go af 0 50 100E Cer UOUIeS)ISO 200
Queries 9y
B PostgreSQL W HybridQO Alphajoin
Execution time of queries Energy consumed of queries
[JOB benchmark — IMDB dataset] [JOB benchmark — IMDB dataset]

K. BennamangS. Cheikh, IBellatrecheHow Good ard_earnedandHybrid JoinOrderStrategiesrom Energy Perspecti?etoappeain DaWak02026
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Summary

| Energy awareness is thesponsibilityof every scientist

I EE In digitalization and Al isr@che area

| DSOsositiveandnegativdmpacts on energy consumption
I STAMRV: A comprehensiveEEameworkfor studying EE

1. Sentimentnalysis
2. Audit
3. Tactics

4. Modeling& Measurements
5. Variability

I Application of STAMP/ to QP
I Studying EE requires a deep understanding of hardware and software
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Open issues

Hardware Solutions for DB and Al

Software Solutions for DB and Al

EEQuery
Plans

SPARQL Query
Reproduction

Transition Energétique
Sur la Nouvelle Aquitaine

Réseau Energétiq

Régional
Recharche

Buffer Management/ Data Partitioning
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Questions? Suggestions? Criticisms?

bellatreche@ensma.fr

www.liaslab.ffmemberddellatreche
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