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IQuery Optimization in a nutshell

Determines join-orders, physical operator selections...
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Decision between
plans decided by
cardinality estimates

Cardinality Estimation sits at the core

of Query-Optimization




| Accurate Cardinalities Are Important

g 700

i= 600

S 500

538 400 Huge speedups with
O . .y

D O better cardinalities!
X O 300

L % _—

g ~— 200

2 100

o

o 0

JOB JOB-Complex
B Postgres Card. Ests. B Actual Cardinalities

What is the problem with existing cardinality estimators?




| Pitfalls of existing approaches

Independence Pre-sized statistics:
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Columns are correlated!
Traditional 1-D Hists / ...
assume independence

Classical approaches are inaccurate




| Existing Estimation Methods

Classical Approaches (synopses and sampling)

. Fast
[J Limited accuracy (simplifying assumptions)
General purpose Can’t adapt to the
workload!

Learned Approaches (data-driven, wl-driven, foundational)

. Higher Accuracy (tuned to wl)
Expensive & slow

Very limited (e.g. mostly cannot handle strings) ﬁ In practice hard to use ]

(limited SQL, too costly)

Classical approaches still dominating production :




| Bespoke-Card: The best of two worlds

Low-overhead Accuracy
of classical estimators of wl-tuned learned
estimators

¥

Workload-specific (“Bespoke”)
Classical Estimators

Histograms with
optimized bin

Workload-aware
substring / filter

boundaries Cross-Column | stats
statistics for cols Column/Predicate
queried together specific sampling

methods



Synthesizing Bespoke-Cardinality Estimators

Workload

Information = Bespoke
. il Cardinality
Bespoke-Card Estimator
Database Agent |
Statistics " e s

def estimate(self, tables: list,
filters: list, joins: list) -> int:
# query hist / sampling / ... logic
est_rows =...

return est_rows
s

\

'Statistics, hists, ...
designed for the workload!




| Bespoke-Card: Approach

Can be plugged into

your DBMS
Inputs
Full cardinality estimator:
N Agents \ » Bespoke statistics (e.g.
sQL
— | SQL Workload . -
Planning and implementing - custom hists, ...)
— the cardinality estimation logic  Bespoke estimation
Schema card_est.py logic (e.g. takes

correlation into account)
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Strategy #1: Agents analyze table-data to
make informed implementation decisions

Agents implement estimator with distributions in mind




| Strategy #2: Targeted Feedback (optional)

Inputs

B\
SQL Workload

Schema

it Simple
1™ Table Stats
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[Steer Focus to
important query parts:

#1 Joins, #2 Filters, #3
\Full Query )

Targeted feedback ensures forward progress

Agents

N\
Planning and implementing - .

the cardinality estimation logic card_est.py

Feedback:

- Evaluator
g-error percentiles _
g-error by num-tables/filters Run estimator +
Outliers: worst 10 estimates compare estimates Postgres Card-Ests
Memory Footprint + Ground Truth

Steer focus to fixable queries by
showing queries worse than
postgres (instead of overall worst)




| Bespoke-Card
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Bespoke-Card: LLM
synthesized cardinality
estimator

Bespoke-Card reduces runtime by 33% (JOB), 68% (JOB-Complex)



| Estimation Accuracy: Q-Error

JOB Synthesis Cost & Time
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PostgreSQL (16) | 150 190.5 132k
JOB
Bespoke-Card 124 115 1k| Improvements increase
in tail distribution

Q-Errors orders of magnitude lower

for less than $10
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I Bespoke-Ca rd Synthesize full DB

Engines?
JOB JOB-Complex
E o0 - 5001 Tuesday Research 2 (Cloud-
5150 \ ’ e Native Data Systems)
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< SynnoDB
 Workload-aware classical cardinality estimators are Your workload deserves
orders of magnitude more accurate than PG its own engine.
« LLM Agents can effectively design and implement e oo e s - e
b@SpOke'Card|nal|ty estlmators (<$10) systems, automnatically and with no DBA in the loop.

« End-to-end runtimes reduce drastically (-33% on JOB,
-68% on JOB-Complex)
SynnoDB synthesizes workload-
. specific database systems that
> b1} earn more: : _Af 5

E'EI github.com/DataManagementlLab/BespokeCard deliver orderg of magthde
- Paper () performance improvements.
»  Source code ()
* Synthesized Engines synnodb_com



https://github.com/DataManagementLab/BespokeCard
https://github.com/DataManagementLab/BespokeCard
https://github.com/DataManagementLab/BespokeCard
https://github.com/DataManagementLab/BespokeCard
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