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From Cost Models to Neural
Optimizers — A Practical Engineering
Guide
This book takes you from the fundamentals of traditional database query
optimization through the frontier of AI-driven techniques that are reshaping
how databases execute queries. You will learn how to understand PostgreSQL’s
optimizer internals, build machine learning models for cardinality estimation
and cost prediction, design learned index structures, implement reinforcement
learning-based query planners, and deploy these systems in production with
rigor, safety, and measurable performance gains. If you are a software en-
gineer, database engineer, ML engineer, or systems architect working with
relational databases at scale, this is the guide you need to build or evaluate
AI-assisted query optimization systems.



Introduction
A slow query can bring an entire system to its knees. You have probably seen
it firsthand: a dashboard freezes for thirty seconds while a poorly planned join
spins through billions of row combinations, the error budget evaporates, users
complain, and the on-call engineer races to kill the runaway process. Behind
every such incident lies a silent decision made milliseconds earlier by a tiny
piece of database software known as the query optimizer.

The query optimizer is the brain of any relational database. When you
submit a SQL statement, the optimizer translates your declarative intent into a
concrete execution plan. It decides which table to scan first, which indexes to
use, which join algorithm to apply at each step, how much memory to allocate,
and whether to parallelize. A good plan might execute in two milliseconds. A
bad plan for the samequerymight take twentyminutes. The optimizer does not
know the right answer. It guesses, using statistics, cost models, and heuristics,
and that guess determines everything.

For decades, query optimizers have relied on handcrafted techniques.
Histograms estimate the number of rows that satisfy a condition. Cost formulas
weigh CPU time against disk I/O. Dynamic programming algorithms search for
the best join ordering. Genetic algorithms help when the search space gets
too large. These methods are battle-tested, explainable, and generally reliable.
They are also fundamentally limited. They make simplifying assumptions that
real-world data violates. They treat each query in isolation. They cannot learn
from past mistakes or adapt to evolving workloads.

Ten years ago, the database research community began asking a provocative
question: what if we replace some of these handcrafted components with
machine learning models? What if we could train a model to estimate join
cardinalities more accurately than a histogram, or to predict query execution
times more faithfully than a cost formula, or even to explore the space of query
plans like a reinforcement learning agent learning to play a game?

The field has exploded. Since 2015, hundreds of papers have explored apply-
ing machine learning to every stage of query optimization. Some approaches
have shown remarkable promise: neural networks that capture complex data
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correlations, reinforcement learning optimizers that discover plans the tra-
ditional optimizer misses, large language models that reason about query
structure in entirely new ways. Others have stumbled on practical barriers:
training overhead, inference latency, brittleness under workload shifts, the risk
of a learned model choosing a catastrophically bad plan.

This book is not a survey of those papers. You can find surveys that list and
summarize them. This is an engineering guide. It starts from first principles:
how traditional optimizers actually work, why they work the way they do, and
where their limitations come from. It then walks you through building ML-
driven alternatives and augmentations, step by step, with code that you can
run, modify, and extend. It ends with the hard questions that only matter
when you are responsible for production systems: how do you deploy a learned
optimizer safely, how do you know it is actually helping, and what do you do
when it goes wrong.

By the time you finish this book, you will be able to read and critique
research papers in the field with a critical eye. You will understand the
mathematical foundations behind learned cardinality estimation, cost models,
and plan selection. You will have built end-to-end systems that integrate
machine learning into query optimization pipelines. You will knowwhich tech-
niques have proven practical value in production and which remain primarily
academic. And you will have a realistic understanding of both the power and
the limits of AI in database optimization.

What This Book Covers

We organize the material in three progressive parts.

The first part establishes the foundations. We explore how traditional
database query optimizers work, using PostgreSQL as our primary reference.
You will learn about SQL parsing, logical and physical query plans, relational
algebra, cardinality estimation using histograms, cost-based optimization, join
ordering algorithms, indexing strategies, and the execution engine that turns
plans into results. We compare PostgreSQL with MySQL, DuckDB, ClickHouse,
and other significant systems so you understand the broader landscape. This
background is essential: you cannot intelligently improve or replace an opti-
mizer component if you do not understand what it does, why it was designed
that way, and what constraints it operates under.
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The second part introduces machine learning into the optimization
pipeline. We start with learned cardinality estimation, the most mature and
widely studied application of ML to query optimization. You will learn how to
build random forest estimators, multi-set convolutional networks, and neural
density estimators like NeuroCard. We then move to learned cost models
that predict query execution time, learned index structures that replace or
augment traditional B-trees, and neural query optimizers that use graph neural
networks and reinforcement learning to select execution plans. Throughout,
we use PostgreSQL as the practical anchor but discuss implementations and
approaches across multiple database systems. We include complete, runnable
code examples: data generation scripts, model training pipelines, integration
with database planners, and benchmarking frameworks.

The third part deals with production deployment and advanced topics. We
cover workload-aware optimization that adapts to changing query patterns,
automatic index and materialized view selection, adaptive query optimization
that adjusts plans during execution, and the emerging role of large language
models in query reasoning and optimization. We build an end-to-end AI-
assisted optimizer system that integrates multiple learned components. We
establish rigorous evaluation methodology so you can measure whether your
AI-driven approaches actually improve performance. Finally, we tackle the
operational challenges of production deployment: model serving, latency,
retraining, drift detection, observability, safety mechanisms, and rollback
procedures.

Who This Book Is For

This book assumes you are already comfortable with SQL and relational
databases. You should know how to write and read query plans, understand
basic indexing concepts, and have some experience with PostgreSQL
or another major database system. You should also have programming
proficiency, preferably in Python, and familiarity with basic machine learning
concepts: supervised learning, neural networks, loss functions, and evaluation
metrics.

If you are a database engineer or DBA, this book will give you a deep
understanding of optimizer internals and practical techniques for tuning and
improving query performance. If you are a software engineer working with
databases at scale, you will learn how to build ML-assisted tools that enhance
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your database performance. If you are a machine learning engineer interested
in systems applications, you will see how to apply ML techniques to a concrete,
high-stakes domain with rigorous evaluation criteria. If you are a systems
architect evaluating AI-driven database solutions, you will have the knowledge
to separate genuine advances from hype.

How to Use This Book

Read the book in order if you want a complete foundation. The early chapters
on traditional optimization provide context that makes the later ML chapters
much more meaningful. However, if you are already comfortable with query
optimizer internals, you can jump to the ML chapters that interest you most.
Each chapter is self-contained in its treatment of the topic, though some cross-
references to earlier material are inevitable.

Code examples are designed to be practical. They are complete enough to
run as-is (with documented prerequisites) and include annotations explaining
the key design decisions. You should experiment with the code, modify it, and
try applying similar approaches to your own schemas and workloads. The code
repositories referenced in the book will be kept available where open source
licenses permit.

Throughout the book, we distinguish clearly between what is established
practice, what is emerging but promising, and what is purely experimental.
We cite primary sources: peer-reviewed papers, database documentation,
official benchmarks, and source code repositories. Where there is genuine
disagreement in the research community, we present multiple perspectives
with supporting evidence. We do not shy away from limitations, failures, or
cases where traditional approaches remain superior.

Why PostgreSQL?

PostgreSQL serves as our primary practical database for three reasons. First, it
is the most widely used open-source relational database with a sophisticated
cost-based optimizer that rivals commercial systems. Second, it is extensively
documented, and its source code is freely available, making it an ideal learning
vehicle for understanding optimizer internals. Third, theML-for-databases re-
search community has frequently used PostgreSQL as the evaluation platform,
so a large body of published work and open-source code builds on it.
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That said, the techniques discussed in this book apply broadly. Many
concepts transfer directly to MySQL, MariaDB, SQLite, Oracle, SQL Server, and
cloud-native databases like Snowflake and BigQuery. Where the optimizer
design differs significantly between systems, we explain the differences and
their implications for ML-driven optimization.

Acknowledgments and Limitations

The field of AI-driven query optimization evolves rapidly. Papers published
today may be superseded within a year. Production systems adopt and adapt
research at different paces. Some approaches that look promising on paper fail
in production; some that seem limited on paper find niche applications where
they excel. This book captures the state of the field as of mid-2026, drawing on
research, documentation, and real-world experience accumulated up to that
point.

We make an effort to verify factual claims about software versions, APIs,
benchmarks, and project capabilities against primary sources. However, soft-
ware changes, projects may become abandoned or transformed, and bench-
marks may be re-evaluated. If you find information that is outdated or
incorrect, we encourage you to report it so future editions can be corrected.

We also cannot cover everything. The literature on ML for databases is vast
and growing. We focus on query optimization specifically; related topics like
automatic database tuning, workload classification, data layout optimization,
and approximate query processing receive attention where they intersect with
query optimization but are not treated as comprehensively. We hope this book
serves as both a definitive guide to the core topic and a gateway to the broader
field.

Let us begin.



Chapter 1: The Problem of Query
Optimization

The Cost of Bad Query Plans

A bad query plan is rarely the fault of the person who wrote the SQL. More
often, it is the result of a subtle interaction between data distribution, query
structure, and optimizer assumptions that produces a plan that is dramatically
slower than alternatives the optimizer considered but rejected.

Consider this real-world scenario from an e-commerce platform. A re-
porting query joins five tables: orders, order_items, products, categories, and
users. On a Monday morning, the query executes in 3.2 seconds. On Tuesday
morning, after a routine database maintenance window that included running
ANALYZE to update statistics, the same query takes 17 minutes. The data has
not changed significantly. The query has not changed. Only the statistics have
changed, and that change caused the optimizer to select a different plan.

Specifically, the updated statistics altered the estimated cardinality of one
intermediate join. Before the maintenance, the optimizer estimated that the
join between orders and order_items would produce about 500,000 rows,
leading it to choose a hash join that built a hash table in memory. After the
maintenance, a more accurate (but unlucky) estimate suggested 2million rows,
so the optimizer chose a nested loop join with an index scan on order_items.
The nested loop worked fine for the first few thousand rows but then degraded
catastrophically as the outer table grew, resulting in billions of index lookups.
The query did not fail. It just ran for seventeen minutes until someone noticed
and killed it.

This pattern is not rare. Viktor Leis and colleagues from the Technical
University of Munich documented a systematic version of this problem in their
2015 paper “How Good Are Query Optimizers, Really?” [1]. They created the
Join Order Benchmark, consisting of 113 complexmulti-join queries run against
the IMDB dataset. On average, PostgreSQL selected plans that were about 3
times slower than the optimal plans they found through exhaustive search. For
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some queries, the gap was 100x or more. These gaps did not arise from bugs
in PostgreSQL. They arose from the inherent difficulty of optimization under
uncertainty.

The optimizer makes decisions with incomplete information. It cannot
execute every possible plan and compare their actual execution times; that
would be prohibitively expensive, especially for queries that might take hours.
Instead, it estimates. It estimates howmany rows each operation will produce.
It estimates the cost of scanning each table with or without each index. It
estimateswhether a joinwill fit inmemory or spill to disk. All of these estimates
feed into a cost model, and the optimizer selects the plan with the lowest
estimated cost.

The problem is that all of these estimates can be wrong. Sometimes slightly
wrong, sometimes dramatically wrong. When estimates are off by a small
margin, the optimizer still picks a good plan. When they are off by orders of
magnitude, it can pick a disaster.

Why Query Optimization Is NP‐Hard

At the heart of query optimization lies the join ordering problem. Given a query
that joins multiple tables in which order should the joins be performed?

For a simple join of three tables A, B, andC, there are only six possible orders:
(A join B) join C, (A join C) join B, (B join A) join C, (B join C) join A, (C join A)
join B, and (C join B) join A. For each order, there are multiple join algorithms
(nested loop, hash join, merge join), multiple scan strategies for each table
(sequential scan, various index scans), and decisions about memory allocation
and parallelization. Even for three tables, the search space is substantial.

For n tables, the number of possible left-deep join trees alone is n factorial,
which grows as:

• n = 5: 120 possible orders
• n = 10: 3,628,800 possible orders
• n = 15: over 1.3 trillion possible orders

This combinatorial explosion makes exhaustive search impractical for
queries with more than about ten to twelve joins. The problem was proven
NP-hard by Ibaraki and Kameda in 1981 [2], meaning that there is no known
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algorithm that can always find the optimal join order in polynomial time
(unless P equals NP, which most researchers believe is false).

Modern optimizers use dynamic programming to solve the join ordering
problem for left-deep trees in time that grows exponentially but with a smaller
constant than brute force. For example, the classic approach used by System
R, the first commercial optimizer to use dynamic programming, has a time
complexity of O(n * 2^n) [3]. For a query with 12 joins, this is about 50 million
subproblems, which is manageable on modern hardware. But at some point,
the planner must stop searching.

PostgreSQL uses a configurable threshold called geqo_threshold, which
defaults to 12. For queries involving fewer than 12 FROM items, PostgreSQL
uses exhaustive dynamic programming to find the optimal left-deep join order.
For queries with 12 ormore, it switches to GEQO, the Genetic QueryOptimizer,
which uses evolutionary algorithms to search for a good join order without
guaranteeing optimality.

The NP-hardness of join ordering is not just a theoretical curiosity. It
directly shapes the optimizer architecture. Because the optimizer cannot
explore the entire space, it must rely on estimates to prune the search.
If cardinality estimates are inaccurate, the pruning can eliminate the truly
optimal plan early, leaving the optimizer with a good-enough plan that is still
significantly slower.

The Gap Between Theoretical Optimality and Practical
Constraints

Even if the optimizer could evaluate every possible plan, several practical
constraints prevent it from guaranteeing optimality.

First, the cost model is approximate. PostgreSQL’s cost model assigns
abstract cost values to operations. A sequential page read costs seq_page_-
cost, which defaults to 1.0. A CPU operation to process one tuple costs
cpu_tuple_cost, which defaults to 0.01. These values are dimensionless — they
are not measured in milliseconds. They represent relative costs calibrated
so the optimizer can compare plans. The problem is that these costs do
not capture real-world hardware behavior accurately. They do not account
for CPU cache effects, branch prediction, NUMA topology, or storage tier
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differences. A plan that looks cheaper in abstract cost units may actually be
slower when executed on specific hardware [4].

Second, cardinality estimates are based on limited statistics. PostgreSQL
collects statistics about each column: the number of distinct values, a his-
togram of value distribution, and a list of most common values. These statistics
are sampled randomly from the table, not computed over the entire data set.
They are updated lazily, typically by autovacuum when enough rows have
changed. When statistics are stale, estimates are inaccurate. Even when
statistics are fresh, they are inherently limited. Histograms with 100 buckets
cannot capture fine-grained distribution details. Most common value lists
with 100 entries cannot represent all skew. Column statistics do not capture
correlations between columns by default.

Third, the optimizer has a time limit. Planning a query must be fast. If a
query takes 10 milliseconds to execute, spending 5 seconds to plan it is absurd.
In practice, planning time is typically constrained to a small fraction of ex-
pected execution time. This means the optimizer must make trade-offs: it may
choose a simpler plan search strategy, reduce the depth of exploration, or use
coarser estimates to stay within the time budget. For ad-hoc analytics queries
that run for minutes, spending a second or two on planning is acceptable.
For OLTP queries that execute in microseconds, planning overhead must be
negligible.

Fourth, the optimizer cannot account for runtime dynamics. It does not
know that another query is currently scanning the same table and competing
for I/O bandwidth. It does not know that the hash table for a join will spill
to disk because the memory allocation turned out to be too small. It does
not know that an index will cause page splitting that slows down concurrent
updates. All of these factors affect actual performance but are invisible to the
planner.

These constraints mean that the optimizer is always working with an in-
complete and imperfect view of the optimization landscape. Machine learning
can potentially help in several ways: by learning more accurate cardinality
estimates from actual execution data, by learning cost models that better
reflect real hardware behavior, by learning to prioritize exploration in themost
promising regions of the search space, and by learning to adapt to changing
workloads and data distributions. But none of these approaches can eliminate
the fundamental uncertainty that makes optimization hard. They can only
reduce it.
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AMotivating Example: Cardinality Estimation Failure in
Multi‐Join Queries

To understand how estimation errors propagate and cause real problems, let
us walk through a concrete example based on the Join Order Benchmark.
Consider a query that joins six tables from the IMDB database:

1 SELECT COUNT(*)
2 FROM title AS t
3 JOIN cast_info AS ci ON t.id = ci.movie_id
4 JOIN movie_info AS mi ON t.id = mi.movie_id
5 JOIN movie_keyword AS mk ON t.id = mk.movie_id
6 JOIN name AS n ON ci.person_id = n.id
7 JOIN title_type AS tt ON t.id = tt.id
8 WHERE mi.info LIKE '%Los Angeles%'
9 AND mk.keyword LIKE '%sequel%'
10 AND n.gender = 'm'

This query is designed to find male actors who appeared in sequels pro-
duced in Los Angeles. It is structurally simple: a set of joins with three filter
predicates. But the joins span tables of very different sizes and selectivities:

• title: approximately 6 million rows
• cast_info: approximately 100 million rows
• movie_info: approximately 50 million rows
• movie_keyword: approximately 40 million rows
• name: approximately 10 million rows
• title_type: approximately 20 rows

The optimal join order depends critically on the selectivity of each filter.
The filter on title_type is extremely selective and reduces the result to a tiny
subset of titles. If the optimizer joins title_type first, the intermediate result is
small, and subsequent joins are cheap. If it delays title_type, the intermediate
results grow large, and the final join becomes expensive.

Now imagine that the histogram for mi.info is coarse, with only 100 buckets,
and the pattern ‘%Los Angeles%’ falls in a bucketwhose boundaries do not align
well with the actual distribution of values. PostgreSQL might estimate that
5% of movie_info rows satisfy the filter, when the actual selectivity is 0.1%.
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This is an estimation error of 50x. When multiplied across joins, this error
compounds.

In the original Join Order Benchmark study, such queries frequently caused
the optimizer to choose plans that were dramatically suboptimal. Leis et al.
documented cases where cardinality estimation errors of 100x or 1000x led to
join order choices that increased execution time by factors of 10, 50, or even
1000. The optimizer was not broken. It was simply optimizing the wrong thing:
the estimated cost based on faulty cardinality estimates, rather than the actual
cost.

This is precisely the gap that machine learning approaches target. If we
could train a model to learn the actual distribution of values in mi.info, includ-
ing correlations betweenmi.info, mk.keyword, and n.gender, we could produce
more accurate estimates and guide the optimizer toward better plans. This is
the fundamental motivation behind learned cardinality estimation, which we
explore in depth in later chapters.

Overview of the Optimizer Pipeline and Where AI Can
Intervene

A modern query optimizer consists of several stages. Each stage is a candidate
for ML-driven enhancement or replacement:

1. SQL Parsing and Analysis: The optimizer takes raw SQL, parses it into a
parse tree, resolves table and column references, and produces a logical
query tree. This stage is largely rule-based and well-understood. Recent
work explores using large language models to assist with query rewriting,
hint generation, and natural language to SQL translation, but parsing itself
is not a major ML target.

2. Logical Optimization: The optimizer applies algebraic transformations to
the logical query tree: pushing selections and projections down toward
the leaves, eliminating redundant operations, flattening unnest opera-
tions, and applying other equivalence rules. Some of these transforma-
tions are deterministic; others involve choices. ML could potentially learn
which transformations aremost beneficial for specific query patterns and
workloads.
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3. Cardinality Estimation: For each subquery in the plan, the optimizer
estimates the number of rows it will produce. This is the most studied
ML application area. Learned cardinality estimators can dramatically
improve estimate accuracy, especially for correlated joins and skewed
data distributions. We cover this extensively in Chapters 4 and 11.

4. Plan Enumeration: The optimizer generates candidate execution plans
by exploring different join orders, join algorithms, and scan strategies.
This is where the NP-hard join ordering problem lives. ML can help by
learning to guide the search toward promising plans, by learning cost
functions that prune the search more effectively, or by learning to select
plans directly without explicit enumeration. We cover these approaches
in Chapters 10, 14, and 18.

5. Cost Modeling: For each candidate plan, the optimizer estimates its cost
using a costmodel that combines CPU time, I/O time, andmemory usage.
ML can learn more accurate cost models that capture hardware-specific
behavior, runtime dynamics, and workload interactions. We cover this in
Chapter 12.

6. Plan Selection: The optimizer selects the plan with the lowest estimated
cost. ML can augment this decision by learning to predict which plans will
perform well based on historical execution data, or by using reinforce-
ment learning to explore alternative plans and learn from their outcomes.

7. Index Selection and Physical Design: The optimizer uses existing indexes
but does not create new ones. ML can recommend indexes that would
improve the workload, either reactively by analyzing query patterns or
proactively by simulating the impact of candidate indexes. We cover this
in Chapter 16.

8. Execution and Adaptive Optimization: During execution, the optimizer
can receive feedback about actual performance. Adaptive query opti-
mization uses this feedback to adjust plans in-flight or to re-optimize
on subsequent executions. ML can enhance adaptivity by learning from
feedback to improve future plans. We cover this in Chapter 17.

The key insight is thatML is not amonolithic replacement for the optimizer.
It is a collection of techniques that can improve individual components within
the existing optimization pipeline. Some approaches augment traditional
techniques: a learned cardinality estimator feeds estimates into the existing
cost model. Others replace components entirely: a neural network predicts
plan execution time instead of using handcrafted cost formulas. The most



Chapter 1: The Problem of Query Optimization 14

practical approaches are usually hybrid: they use ML where it adds the most
value and fall back on traditional techniques elsewhere.

Scope and Roadmap of This Book

This book is organized to take you from foundations to advanced practice.

Chapters 2 through 9 cover traditional query optimization. We use Post-
greSQL as our primary example because it is well-documented, widely used,
and representative of the cost-based optimization approach used by most
major databases. Youwill learn how to read and interpret EXPLAIN output, how
PostgreSQL estimates cardinalities, how it searches for optimal join orders,
how it evaluates different indexes and join algorithms, and how plans are
actually executed. This material is essential context for understanding what
ML techniques are improving and why.

Chapters 10 through 17 cover the core ML techniques for query opti-
mization. Chapter 10 establishes the ML foundations: supervised learning,
feature engineering, evaluation metrics. Chapter 11 covers learned cardinality
estimation in depth, including random forest approaches, multi-set convo-
lutional networks, neural density estimators, and loss functions designed for
optimization quality. Chapter 12 covers learned cost models. Chapter 13 covers
learned indexes. Chapter 14 covers neural query optimizers and plan selection,
including graph neural networks and reinforcement learning. Chapter 15
covers workload-aware optimization. Chapter 16 covers automatic index and
materialized view selection. Chapter 17 covers adaptive query optimization.

Chapter 18 provides a dedicated, critical treatment of large languagemodels
for query optimization. This is a rapidly evolving area with both genuine
potential and significant hype. We cover what LLMs can and cannot do,
how to represent queries and plans for LLMs, prompting and fine-tuning
strategies, retrieval-augmented approaches, agent architectures, and practical
limitations.

Chapters 19 through 22 cover production deployment and evaluation.
Chapter 19 walks through building a complete end-to-end AI-assisted
optimizer system. Chapter 20 establishes rigorous evaluation methodology,
including benchmarks, metrics, and testing for robustness. Chapter 21 covers
production deployment: model serving, latency management, retraining, drift
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detection, observability, and safety mechanisms. Chapter 22 looks forward to
open problems and future directions.

By the end, you will have a comprehensive understanding of both the
theoretical foundations and practical implementation of AI-driven query op-
timization. You will be equipped to evaluate new research, build ML-assisted
optimization tools for your own systems, and make informed decisions about
which techniques to adopt in production.

References

[1] Leis V, Gubichev A, Mirchev A, Boncz P, Kemper A, Neumann T. “How good
are query optimizers, really?” Proceedings of the VLDB Endowment, 9(3): 204–
215, 2015. URL: https://www.vldb.org/pvldb/vol9/p204-leis.pdf

[2] Ibaraki T, Kameda T. “On the complexity of finding an optimal join order.”
In: Proc. Intl. Conf. Very Large Data Bases, pages 158–166, 1981.

[3] Selinger PG, Astrahan MM, Chamberlin DD, Lorie RA, Price TT. “Access
path selection in a relational database management system.” In: Proceedings
of the ACM SIGMOD Conference, pages 23–34, 1979.

[4] Leis V, Radke B, Gubichev A, Kemper A, Neumann T. “Cardinality estima-
tion done right: index-based join sampling.” In: Proc. CIDR, 2017.



Chapter 2: Anatomy of a Traditional
Query Optimizer

SQL Parsing and the Parse Tree

Every query optimization journey begins with a SQL string. When you write
SELECT * FROMusersWHERE age > 25, you are expressing a declarative intent:
you want all columns from rows in the users table where the age column is
greater than 25. You are not specifying how to retrieve those rows, which index
to use, or in what order to scan the table. That is the optimizer’s job.

PostgreSQL’s query processing pipeline starts with parsing. The SQL string
is tokenized into lexical tokens: keywords, identifiers, literals, operators, and
punctuation. The parser then assembles these tokens into a parse tree that
represents the syntactic structure of the query. At this stage, no semantic
checking has occurred. The parser does not verify that the table users exists,
that age is a column in users, or that 25 is a valid comparison value for the age
column.

The parse tree is an internal representation used during parsing. It is quickly
transformed into a query tree, which is a more structured representation that
the rest of the pipeline uses. In PostgreSQL source code, this transformation
happens in the analyzer module, located in src/backend/parser/analyze.c.

Consider our example query. The parse tree captures:

• SELECT list: asterisk, meaning all columns
• FROM clause: single relation named users
• WHERE clause: binary comparison, greater than, between column age
and integer literal 25

The query tree representation is similar but more structured, with typed
fields for the select target list, range table entries, and qualification expres-
sions. This representation is what the optimizer starts from.
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From Parse Tree to Logical Query Representation

After parsing comes analysis. The analyzer resolves all names: table names are
matched against the database catalog, column names are matched against the
resolved tables, and type checking is performed. If the analyzer discovers an
error — such as a reference to a non-existent table — it reports it and the query
processing stops. No optimization occurs.

Once analysis is complete, the query tree is rewritten if necessary. Views
are expanded: the analyzer substitutes the view’s underlying query for the view
reference. Rules defined on tables are applied. For example, if you query a
view, PostgreSQL does not have a separate optimization phase for the view;
it expands the view definition inline and optimizes the combined query as
a whole. This is one of PostgreSQL’s strengths: views are not materialized
unless explicitly defined as materialized views, so the optimizer can push
predicates through view definitions, use indexes on underlying tables, and
produce efficient plans that treat the view as transparent.

After rewriting, the query tree is converted into a logical query representa-
tion that the optimizer uses as input. This representation is still relational-
algebra-like: it describes what operations must be performed (scan these
tables, join them on these conditions, filter on these predicates, project these
columns, aggregate by these groups) but not how they will be performed
physically. The distinction between logical and physical plans is crucial and
deserves careful attention.

A logical plan is an abstract sequence of operations. It might say “join users
with orders on users.id = orders.user_id.” It does not specify whether to use
a nested loop join, a hash join, or a merge join. It does not specify whether to
scan users sequentially or using an index. It might say “filter on age > 25” but
does not say whether the filter is applied before or after the join.

A physical plan is concrete. It specifies exactly which operator is used for
each operation, which index is scanned, inwhat order joins are performed, how
memory is allocated, and whether operations are parallelized. The optimizer’s
job is to choose among the many possible physical plans that correctly imple-
ment the logical plan, selecting the one that it estimates will execute fastest.
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The Query Optimization Pipeline in PostgreSQL

PostgreSQL’s optimizer is a classic cost-based optimizer. It generates multiple
candidate plans and selects the one with the lowest estimated cost. The
process follows a well-defined sequence:

First, the optimizer generates scan paths for each individual table in the
query. A scan path describes a way to read rows from a table. The most basic
scan path is a sequential scan, which reads every page of the table in order.
If indexes exist on the table, the optimizer also generates index scan paths.
For a B-tree index on age, for example, the optimizer generates an index scan
path that uses the index to find rows where age > 25. For each scan path, the
optimizer estimates the cost based on the statistics about the table and the
index.

Next, the optimizer combines these base scan paths into join paths for each
pair of tables that must be joined. For each pair, it considers different join
algorithms:

• Nested loop join: for each row from the outer input, scan the inner input
looking for matching rows

• Hash join: build a hash table from one input, then probe the hash table
with rows from the other input

• Merge join: sort both inputs on the join key and then merge-scan them
simultaneously

The choice of join algorithm depends on many factors: the estimated sizes
of the inputs, whether the inputs are already sorted on the join key, whether
there is sufficient memory to build a hash table, and the relative costs of
different operations.

For queries with more than two tables, the optimizer must also decide the
join order: which pair to join first, what to join next, and so on. As discussed in
Chapter 1, this is the NP-hard join ordering problem. PostgreSQL uses dynamic
programming to explore left-deep join trees exhaustively up to a threshold
(geqo_threshold, default 12 tables), then switches to a genetic algorithm for
larger joins.

Throughout this process, the optimizer applies algebraic transformations
to explore alternative plans. It might push a filter down to be applied before



Chapter 2: Anatomy of a Traditional Query Optimizer 19

a join (reducing the join input size), or it might pull a filter up to be applied
after a join (because the filter predicate references columns from both sides).
It might choose to sort data early so a merge join can be used later, or it might
avoid sorting and use a hash join instead. These transformations are governed
by algebraic equivalences: two plans that are algebraically equivalent always
produce the same result, but they may have very different costs.

The optimizer explores a huge space of possible plans. Each plan is
represented as a path structure in PostgreSQL’s internal representation. Each
path has an associated cost (startup cost plus total cost) and an estimated
number of output rows. The optimizer uses these estimates to prune paths:
if it has already found a path that produces all the rows needed at a lower cost
than a new path under consideration, it discards the new path. This pruning is
aggressive and essential for keeping the search tractable.

Finally, the optimizer selects the best path for the overall query — the one
with the lowest total cost — and converts it into a physical plan. The physical
plan is a tree of executor nodes, each of which corresponds to a specific
operator that the executor will run. The executor then walks this tree, fetching
rows from child nodes and applying operators to produce results for parent
nodes, until the root node produces the final result set.

This entire process happens in a fraction of a second for most queries. For
complex queries with many joins, it can take milliseconds or even seconds.
The optimizer is a sophisticated piece of software that embodies decades of
database research.

EXPLAIN and EXPLAIN ANALYZE — Reading Plan
Output

The primary tool for understanding how PostgreSQL optimizes queries is the
EXPLAIN command. When you run EXPLAIN SELECT …, PostgreSQL shows
the plan it chose without actually executing the query. When you run EXPLAIN
ANALYZE SELECT …, PostgreSQL executes the query and shows both the plan
and actual execution statistics.

Let us look at a concrete example. Suppose we have a PostgreSQL database
with a table orders:
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1 CREATE TABLE orders (
2 id SERIAL PRIMARY KEY,
3 customer_id INTEGER NOT NULL,
4 product_id INTEGER NOT NULL,
5 quantity INTEGER NOT NULL,
6 order_date DATE NOT NULL
7 );

After populating this table with data and running ANALYZE to collect
statistics, we can examine plans:

1 EXPLAIN SELECT * FROM orders WHERE customer_id = 42;

PostgreSQL might return:

1 Seq Scan on orders (cost=0.00..45800.00 rows=100 width=24)
2 Filter: (customer_id = 42)

This plan says: perform a sequential scan of the entire orders table, then
filter rows where customer_id equals 42. The cost is estimated at 45,800 units,
and the optimizer expects 100 output rows, each 24 bytes wide.

Now suppose we create an index:

1 CREATE INDEX idx_orders_customer_id ON orders (customer_id);

Running EXPLAIN again on the same query:

1 EXPLAIN SELECT * FROM orders WHERE customer_id = 42;

PostgreSQL now returns:

1 Index Scan using idx_orders_customer_id on orders (cost=0.43..13.88 rows=100
width=24)↪→

2 Index Cond: (customer_id = 42)

The optimizer has switched to an index scan. The estimated cost is now
about 14 units instead of 45,800. The index allows PostgreSQL to jump directly
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to rows where customer_id equals 42, avoiding the need to scan the entire
table.

The key to reading EXPLAIN output is understanding the cost fields. Each
plan node shows cost=startup..total. The startup cost is the cost to produce
the first row. The total cost is the cost to produce all rows. For a sequential
scan, the startup cost is zero because you start reading immediately. For an
index scan, the startup cost is slightly higher because you must first navigate
the index tree. The total cost for an index scan can be much lower if the index
dramatically reduces the number of pages scanned.

EXPLAIN ANALYZE adds actual execution statistics:

1 EXPLAIN ANALYZE SELECT * FROM orders WHERE customer_id = 42;

The output now includes actual time, actual rows, and loops:

1 Index Scan using idx_orders_customer_id on orders (cost=0.43..13.88 rows=100
width=24)↪→

2 (actual time=0.023..0.156 rows=95 loops=1)
3 Index Cond: (customer_id = 42)
4 Planning Time: 0.245 ms
5 Execution Time: 0.198 ms

The actual time shows that the first rowwas produced in 0.023milliseconds
and all rows were produced by 0.156 milliseconds. The actual rows (95) is
close to the estimated rows (100), which indicates that the cardinality estimate
was reasonably accurate. Planning time was 0.245 milliseconds — negligible
compared to execution time.

EXPLAIN ANALYZE is the most valuable tool for diagnosing query perfor-
mance problems. By comparing estimated rows and costs to actual values, you
can identifywhere the optimizer’s assumptions arewrong. Large discrepancies
between estimated and actual rows suggest inaccurate statistics or problem-
atic data distributions — exactly the caseswhere learned estimatorsmight help.

Formachine learning-based optimizer research and development, EXPLAIN
FORMAT JSON is particularly useful. It provides a structured, parseable
representation of the plan:
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1 EXPLAIN (ANALYZE, BUFFERS, FORMAT JSON) SELECT * FROM orders WHERE customer_id
= 42;↪→

The JSON output contains all plan node details in a machine-readable for-
mat, including buffer usage statistics. This structured output is what training
data collection pipelines parse to extract features forMLmodels. Every learned
optimizer that integrates with PostgreSQL relies on this JSON output as its
ground truth source.

Cost Model Components: CPU, I/O, Memory

PostgreSQL’s cost model is the engine that drives all optimization decisions. It
assigns abstract cost values to different types of operations so the optimizer
can compare plans. Understanding this cost model is essential for understand-
ing what ML techniques might improve.

The cost model has several configurable parameters:

• seq_page_cost: Cost of reading a 8-kilobyte page sequentially. Default is
1.0. This is the reference cost against which all other costs are calibrated.

• random_page_cost: Cost of reading a page randomly. Default is 4.0.
This reflects the assumption that random I/O is four times slower than
sequential I/O, which was historically true for spinning hard drives. On
modern SSDs or when data is cached in memory, this assumption is often
wrong.

• cpu_tuple_cost: Cost of processing one tuple (row). Default is 0.01.
• cpu_index_tuple_cost: Cost of processing one index tuple. Default is
0.005, reflecting that index tuples are typically smaller and faster to
process than table tuples.

• cpu_operator_cost: Cost of evaluating one operator (such as a compari-
son or arithmetic operation). Default is 0.0025.

• effective_cache_size: An estimate of howmuchmemory PostgreSQL can
use for caching data pages. Default is 4 gigabytes. This parameter does
not control memory allocation; it influences cost estimation. A larger
effective_cache_size tells the optimizer that data is more likely to be in
cache, reducing the estimated cost of random I/O operations.

Let us work through a concrete cost calculation. Consider a sequential scan
of a table with 1 million rows and 5,406 pages (each 8 kilobytes):
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1 disk_cost = pages * seq_page_cost = 5,406 * 1.0 = 5,406
2 cpu_cost = rows * cpu_tuple_cost = 1,000,000 * 0.01 = 10,000
3 total_cost = disk_cost + cpu_cost = 15,406

Now consider an index scan that uses an index on the filter column.
Suppose the filter selects 100 rows, and the index has 500 pages:

1 index_disk_cost = index_pages * seq_page_cost = 500 * 1.0 = 500
2 heap_random_cost = rows_selected * random_page_cost = 100 * 4.0 = 400
3 cpu_index_cost = rows_selected * cpu_index_tuple_cost = 100 * 0.005 = 0.5
4 cpu_heap_cost = rows_selected * cpu_tuple_cost = 100 * 0.01 = 1.0
5 total_cost = 500 + 400 + 0.5 + 1.0 = 901.5

The index scan is much cheaper: 901 versus 15,406. That is why the
optimizer chooses the index.

But notice the assumptions embedded in this calculation. The cost model
assumes that each of the 100 heap pages accessed by the index scan is a random
read at cost 4.0. In reality, if those pages are already in the buffer cache, the
cost is essentially zero. If the index entries are clustered such that the heap
pages are accessed in order, the cost is closer to sequential read cost. The cost
model does not know any of this. It uses fixed parameters and crude estimates.

This is a fundamental limitation. Cost models must be simple and fast to
compute during optimization. They cannot run detailed simulations of cache
behavior, CPU branch prediction, or storage controller behavior. They use
heuristics and approximations that work well on average but fail in specific
situations.

Machine learning can help by learning cost models from actual execution
data. Instead of using fixed formulas, a learned cost model can predict exe-
cution time based on features of the plan and the query, potentially capturing
hardware-specific behaviors and runtime dynamics that handcrafted formulas
miss. We explore this in Chapter 12.

Planner Configuration Parameters and Their Effects

PostgreSQL exposes numerous configuration parameters that influence opti-
mizer behavior. Some are boolean flags that enable or disable specific plan
types; others are numeric parameters that tune cost estimation; still others
control how aggressively the optimizer searches for plans.
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The enable_* parameters are particularly important for understanding
optimizer decisions:

• enable_seqscan: Controls whether sequential scans are considered. De-
fault is on.

• enable_indexscan: Controls whether index scans are considered. Default
is on.

• enable_bitmapscan: Controls whether bitmap heap scans are considered.
Default is on.

• enable_nestloop: Controls whether nested loop joins are considered.
Default is on.

• enable_hashjoin: Controls whether hash joins are considered. Default is
on.

• enable_mergejoin: Controls whethermerge joins are considered. Default
is on.

Setting any of these to off does not completely eliminate that plan type.
It increases the cost of plans using that type by a factor of 10,000, making
them unlikely to be chosen unless they are the only option. These parameters
are primarily useful for experimentation and debugging: you can force the
optimizer to consider or avoid specific strategies to understand their impact.

The geqo_* parameters control the Genetic Query Optimizer:

• geqo: Enables GEQO entirely. Default is on.
• geqo_threshold: Number of FROM items at which GEQO is used instead
of dynamic programming. Default is 12.

• geqo_effort: Controls how hard GEQO tries to find a good plan, on a scale
of 1 to 10. Default is 5. Higher values increase planning time but may find
better plans.

• geqo_pool_size, geqo_generations, geqo_selection_bias: Lower-level
genetic algorithm parameters that control population size, number of
generations, and selection pressure.

The statistics parameters affect cardinality estimation:

• default_statistics_target: Number of histogram buckets collected per
column by ANALYZE. Default is 100. Increasing this improves estimation
accuracy for skewed distributions but increases ANALYZE time and statis-
tics storage.
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• plan_cache_mode: Controls how prepared statements are planned. De-
fault is auto, where PostgreSQL decides whether to use a generic plan
(independent of parameter values) or custom plans (optimized for specific
parameter values). Setting it to force_custom_plan can help with queries
whose optimal plan is highly parameter-sensitive.

Understanding these parameters is important for two reasons. First, they
provide knobs that you can tune when you encounter optimizer problems.
Second, they reveal the optimizer’s assumptions and decision points — exactly
the places where learned components might improve behavior.

For example, a learned optimizer might dynamically adjust the effective
value of random_page_cost based on observed cache hit rates for specific
tables. Or it might learn when a generic plan is actually suboptimal for a
parameterized query and trigger re-planning. Or it might learn to guide
GEQO’s search more intelligently than a generic genetic algorithm. These
are all research directions that build on understanding how the traditional
optimizer uses these parameters.

Comparing PostgreSQL with Other Systems

While PostgreSQL is our primary reference, understanding how other ma-
jor databases approach optimization provides useful perspective on design
choices and alternatives.

MySQL’s optimizer uses a similar cost-based approach but with different
implementation details. MySQL historically had weaker cardinality estimation,
especially for joins, though recent versions have improved significantly. MySQL
uses index condition pushdown (ICP) to push filter predicates into the index
scan, reducing the number of heap lookups. MySQL 8.0 introduced subquery
materialization and lateral derived tables, expanding the optimization oppor-
tunities.

SQLite uses a highly simplified optimizer. It primarily uses rule-based
optimization with limited cost estimation. SQLite’s optimizer is designed for
simplicity and correctness rather than performance on complex queries, which
is appropriate for its embedded use cases. The lack of sophisticated optimiza-
tion in SQLite makes it less relevant as a target for ML-driven optimization,
though learning-based enhancements for simple optimizers are an interesting
research direction.
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DuckDB takes a very different approach. It is an in-process analytical
database designed forOLAPworkloads. Its optimizer uses theDPhyp algorithm
(dynamic programming with hypergraphs) for join ordering, based on the
paper “Dynamic Programming Strikes Back” by Moerkotte and Neumann [5].
DuckDB’s execution engine is vectorized: it processes data in batches (vectors)
of 1024 or 2048 rows, rather than one row at a time. This design choice
fundamentally changes the cost model: vectorized execution is much more
efficient for analytical queries that scan large amounts of data, but less efficient
for point queries. DuckDB also uses columnar storage, which further biases the
cost model toward full scans and vectorized operations.

ClickHouse is another analytical databasewith a strong emphasis on colum-
nar storage and vectorized execution. Its optimizer is less cost-based and
more rule-based, relying heavily on data layout optimizations (primary key in-
dexes, data skipping indexes, materialized views) rather than sophisticated plan
search. ClickHouse’s optimization philosophy is that the right storage layout
makes most queries fast enough that complex optimization is unnecessary.
This is a different design paradigm than the traditional cost-based optimizer,
and it has implications for how ML techniques might be applied.

Oracle, SQL Server, and commercial databases have optimizers that are
broadly similar in approach to PostgreSQL: cost-based optimization with dy-
namic programming join ordering, cardinality estimation using statistics, and
cost models parameterized by hardware characteristics. They also have more
sophisticated features: Oracle has histogram types for various data distribu-
tions, SQL Server has adaptive query processing features that adjust plans
during execution, and both have extensive online tuning capabilities. The core
principles are the same across all cost-based optimizers, which means that ML
techniques thatwork for PostgreSQLoften transfer to other systemswith some
adaptation.

References
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