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Query Optimizer: the brain that makes choices
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From rule-based to cost-based query optimizers

v

°
Rules

IF filter 1s on R,

Cost

= (Cost + N X Cost.

Cost,

push filter before joln M 2 outer inner
IF R 1s smaller than S, COSIOWQ,,= C0st]0+Costcpu
join R first —

Cost,, = #pages X Costpage_ fetch
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ML opportunity

v

Cost

= Cost + N X Cost:

VIL

Cost,

M 2%outer inner
COStauter — CgstIO 4 COSthu Predicted runtime (planl) = 3sec
_

Cost,, = #pages X Castpage_ fotch

IT UNIVERSITY OF COPENHAGEN

Zoi Kaoudi - Query Optimization in the Wild - ADBIS 2026 4



Latency regression:
hard to get
completely right




Effect of regression models errors
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What really
mattersin QO is
the relative order
of the plans




How can we
leverage
learning-to-rank

models in QO?




From traditional QO to learning-to-rank (LTR) QO
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From traditional QO to learning-to-rank (LTR) QO

Logical
plan
Query Optimizer
i
cost model
Plan I
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IT UNIVERSITY OF COPENHAGEN Zoi Kaoudi - Q imization in the Wild - ADBIS 2026 10




From traditional QO to learning-to-rank (LTR) QO

Logical
plan

Query Optimizer

Ranking-based

plan featuresvy label
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From traditional QO to learning-to-rank (LTR) QO

Query Optimizer
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LTR model
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4+ Questions

+Type of LTR

P

+Plan enumeration
+ Model architecture

+Training data



ML Algorithm

Document

Learning-to-rank approach

Ground
Truth

\%

() Pty Lo

Pointwise

Documents ML Algorithm

Pairwise

Ground
Truth

N2

Predicted
Relation 9 LOSS

Documents

Listwise

4 7 7 |74
7 7 7
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Ground
Truth
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Predicted
Order 9 Loss

x No comparison among items

Expensive training
Assumes pairs are i.i.d

Emphasises the ranking objective
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From traditional QO to learning-to-rank QO

Query Optimizer
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4+ Questions

+Type of LTR

4+ Plan enumeration
+ Model architecture

+Training data



Ranking-based plan enumerator
LTR-based Dynamic Programming

Candidate plans of

Query
graph

base relations

Access path methods
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Pairs (R1, R2)
where R1 g
joins with R2

Rank P1 plans

Rank P2 plans

l

Keep top-K of P1

Kelational

LTR model

Rank final plans

Add aggregations

|

Pairs (P1, P2) Best ranked
es

< K of P2 where P1
eep top-K o joins with P2 execution plan
Both join
directions and Combine plans
different join P
operators
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From traditional QO to learning-to-rank QO

Logical
| o
P 4+ Questions
uery Optimizer
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Ranking-based LTR model +Plan enumeration
/ plan ®/featureSv abel
enumeration MEEE +Model architecture
training data o
l +Training data
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LTR model architecture
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Featurization

Query encoding (logical)

Has Order By

Has Group By

Number of Joins

Estimated Number of Rows

Max. Relation

Min. Relation

Plan encoding (physical)

Sort Stream Hash Merge | Nested | Hash | Index | Table Null Estimated
Aggregate | Aggregate | Join | Loop Join| Join | Scan | Scan Rows
Hash Aggregate 0/0/1/0/0 {
Nested Loop Join
— — o|olofo]1]olo[o[o] [o[olojolofo
Merge Join Table Scan
—_— —— 0/0/1/0/0|0[0|0 0/0/0/0/0(0|1/0
Sort Index Scan
1/0/0lojo/0/0j0/0| |0/0|0/0|0[O0[O0[1|0
Index Scan
/
0/0/0/0/0/0/1/0/0| |0|0/0/0/0/0/0/0|1
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LTR model architecture
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From traditional QO to learning-to-rank QO

Logical
plan

4+ Questions

11122 |33 |44

Query Optimizer 4Ty e of TR
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Ranking-based LTR model +Plan enu meratiov

plan /featureSv abel
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Training data collection challenges

Pre-optimized plans lead to

——— biaged training samples

22 | 33 | 44 2

11 22 | 33 | 44 2

training data

Prohibitive labeling cost:
executing (bad) plans may take months
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Diverse subplan generation

features
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training data

SELECT FROM ..

SELECT FROM ..

SELECT FROM ..

SELECT FROM ..

SELECT FROM ..

SELECT FROM ..

SELECT FROM ..

SELECT FROM ..

Training queries

Random plans
_— >

using DP

Diverse execution (sub)plans

;
“hd

X

Broad coverage of subplan sizes, join orders, operator choices
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Rank-based labels based on cost estimation

Cost Label
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Query Optimization In The Wild

elakional




QO goes far beyond
relational model




Data analytics landscape
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How can we help developers?

N
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l. Decouple applications from underlying platforms

BB E E
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ll. Allow for complex execution plans

BB E E

’ Spark
‘ Java locally

v

‘ Tensorflow

Execution plan
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lll. Provide a query optimizer

BB E E

‘ Java locally

v

‘ Tensorflow

Execution plan
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An open-source cross-platform system

BB E E

g ’5). A
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Run anywhere execution platform selection
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Apache Wayang: From research prototype to Apache TLP
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Goal of QO in cross-platform settings

Q

Abstract pl :
TR Pl Q Platform-agnostic

Cross-platform
Query Optimizer

Execution plan ‘ Platform-specific
) 4
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Cost-based QO in Apache Wayang

Wayang plan
(platform-agnostic)

O
@ Query Optimizer

Plan
Inflation
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Cost-based QO in Apache Wayang

Plan
Inflation

Wayang plan Mappings Inflated plan

§
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Cost-based QO in Apache Wayang

Wayang plan
(platform-agnostic)

@ Query Optimizer
Inflated plan
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‘ + operator costs + data movement costs
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Cost-based QO in Apache Wayang

Wayang plan
(platform-agnostic)

@ Query Optimizer

Inflated plan ‘ + operator costs + data movement costs

Movement Plan
Costs Enumeration

O
O

cheapest
execution plan
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Problems with cost-based optimizer

Low control

et

Linear function agsumption

pammee
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Cost model tuning is important ...

00 Well-tuned cost model B Simply-tuned cost model

... but tedious and time-consuming!

O
| % It took us 1 month tuning for only 4 tasks!
Using real © e
cardinalities | 5
:Cs 400
o
200
0
SGD Word2NVec Aggregate CrocoPR
(7.4GB input) (B0MB input) (200GB input) (2GB input)
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ML opportunity again!

v
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ML-based cross-platform QO

Wayang plan
(platform-agnostic)

@ Query Optimizer
Inflated plan
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‘ + operator costs

+ data movement costs

Plan

Inflation
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O
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execution plan
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ML-based cross-platform QO

Wayang plan
(platform-agnostic)

é Query Optimizer
Inflated plan

llllllllllllll

‘ + operator costs

+ data movement costs

Plan

Inflation
—

5

cheapest
execution plan
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ML-based cross-platform QO

Wayang plan
(platform-agnostic)
O
C) Query Optimizer
: + data m_évgm:g costs ’ a o
g S s l" Lots of training data
| Operator ) . ( Movement‘ ........... R [ Plan ]
Costs Costs Enumeration .
e E xponential search space
5 e | . (
R naccurate regression models
ML model exeC::;g: S;)tlan
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An alternative approach for cross-platform QO

From enumerate &
prune to generate &
explore

Online / offline
architecture

Platform selection as a
classification problem
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Alternative cross-platform QO architecture

/ \
> /' \

Online Prediction

Abstract plan

Execution plan

Retraining.

" Pool of plans with
v : lowest latency

( )

Offline Generation & Exploration

. ,
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Alternative cross-platform QO architecture

4 \-zé- 4 )
R .. Structured -"é Plan /\
Featurization e : N\
Classifier i validator )

. ,

Abstract plan

N Execution plan

Retraining.

" Pool of plans with
' lowest latency

Offline Generation & Exploration
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Structured classifier

online
0.2, 0.5, 0.7]
\ : )
/ \ — — — S
/ \ 0.2, 0.5, 1.0]
- )
[1.0,0.5,03] [1.0,0.3, 0.1]
Platform-agnostic vector plan Tree Convolutional Network Platform-specific vector plan

Training data
No runtime labels
Only (Abstract, Execution) plan pairs
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Alternative cross-platform QO architecture

online
|
e ) "~ ™ -255- 4 )
R L -"é Structured Plan /\
Featurization — . — _ -\
. ] | Classifier _validator

Wayang plan

Execution plan

Retraining.

: Pool of plans with

Offline Generation & Exploration
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Generate & explore
offline

Conditional attribute-regularized B-variational autoencoder

- ) _ 1
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Plans /] / \
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What's next?
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Multi-agent pipelines
D — &
O O

Models, tools, and data sources into one worktlow

@ Mulki-Agent
O

Fixed structure

Models out of habit

Hardcoded engine
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Query optimization for multi-agent pipelines

Which structure? \

Which model?

Which engine? /

B e

Query Optimizer
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Query optimization for multi-agent pipelines
Mulk

*

Abstract multi-agent pipeline
AN

= Criteri
V—
. riteria

3 coupled dimensions

Continuous
Stochastic operators Multi-objective

Query Optimizer

© J ? Accura c:y .}{
— @ Pareto-optimal executable %‘

multi-agent pipelines \A:
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Query Optimization In The Wild
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Query Optimization In The Wlld

Relational Cross- F'Laﬁfm" "
| -
. Continuous
Learnmg-to-ra.nk Classify-generate-explore multi-objective
plan enumeration optimization
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Query Optimizer %%
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