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ABSTRACT

This survey presents recent progresses on using machine
learning techniques to improve query optimizers in database
systems. Centering around a generic paradigm of learned
query optimizers, this survey covers several lines of efforts
on rebuilding or aiding important components in query op-
timizers (i.e., cardinality estimators, cost models, and plan
enumerators) with machine learning. We introduce some
important machine learning tools developed recently, which
are useful for query optimization, and how they are adapted
for sub-tasks of query optimization. This survey is for read-
ers who are already familiar with query optimization and
are eager to understand what machine learning techniques
can be helpful and how to apply them with examples and
necessary details, or for machine learning researchers who
want to expand their research agendas to helping database
systems with machine learning techniques. Some open re-
search challenges are also discussed with the goal of making
learned query optimizers truly applicable in production.
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Introduction

1.1 Basics of Query Optimization

Query optimizer plays one of the most important roles in database
systems. It aims to select an efficient execution plan for a query written
in a declarative language, e.g., SQL. Traditional cost-based query opti-
mizers (Selinger et al., 1979; Graefe and McKenna, 1993; Graefe, 1995)
find the plan with the minimum estimated cost for the given query.
Let’s start with some notations that will be used throughout this
survey. A relational database D consists of a set of base relations
(tables), {R1, Ra, ..., Ryp}. A query ¢ accesses and manipulates data
in the database via relational operations, e.g., select, project, join, and
aggregate. There are usually a large number of ways to process a query
q, called physical query execution plans (denoted as P) or plans for
short in the rest of this survey, with different choices of join ordering
(which relations are joined first), join operators (e.g., hash join >y and
indexed nested loop join i), and access paths (different ways to
retrieve tuples from relations, e.g., index seek IdxSeek and sequential
scan SeqScan). For example, to process the query ¢ = R xS < T,

P = (IdxSeek(R) txipy SeqScan(S)) <y SeqScan(T) (1.1)

2
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is a plan which joins relations R and S first with an indexed nested
loop join and then joins the result of R <t S with T with a hash join.

For a query g, let P(q) be the set of all valid plans. The goal of query
optimization is to select the most “efficient” plan P* from P(q).

A cost model in a cost-based query optimizer (e.g., Selinger et al.,
1979) measures the “efficiency” of a plan in terms of the execution
latency or other user-specified metrics about resource consumption for
the plan to be executed. The cost estimates derived from cost models
are in forms of formulas with cardinalities of sub-queries as variables
as well as some magic constant numbers to approximate the actual
execution latency of the plan. These formulas and magic constant
numbers depend on the algorithmic complexities and implementations
of physical operators (e.g., various join algorithms). The cardinalities of
sub-queries are the sizes of inputs to these physical operators and are
unknown before a query is executed. Thus, their estimates are obtained
with cardinality estimators and fed into the cost model.

A plan enumerator is a cost-based search algorithm that explores
the plan space and aims to find the one with the minimal (estimated)
cost based on, e.g., transformation rules or dynamic programming,.

Figure 1.1 (excluding the blue parts ) gives an overview about how
the three components, cost model, cardinality estimator, and plan
enumerator, work together in a query optimizer.

While an obvious challenge in building a query optimizer is that
the size of P(q) is exponential in the number of relations involved in
q and the number of operator types, more uncertainty comes from
the traditional cost model which depends on cardinality estimates for
sub-queries, and quantitative models for costing query processing op-
erators. Various heuristics and assumptions are essential in deriving
these cardinality/cost estimates. For example, independence between
attributes across relations is assumed and utilized for estimating cardi-
nalities of joins of multiple relations (Tzoumas et al., 2011; Leis et al.,
2015); magic constant numbers are prevalent in cost models, and they
are often calibrated and tuned over years to ensure that the estimated
cost matches the plan’s performance well empirically, under certain
system and hardware configurations though. It has been realized that
such heuristics and assumptions are not always reliable for varying
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Figure 1.1: Overview of (learned ) query optimizers.

data distributions (especially on skewed and correlated data) or system
configurations. As a result, cost models may produce significant errors
and the plan generated by the traditional query optimizer may have
poor quality (Doraiswamy et al., 2008; Han et al., 2021).

1.2 Why a Learned Optimizer is Possible

There are a recent line of efforts to assist or rebuild these components
in query optimizers with machine learning models, which are trained on
a specific dataset and “previous experience” collected from executing
queries in the same or historical workloads. Such attempts date back to
2000s, e.g., DB2’s LEarning Optimizer Leo (Stillger et al., 2001).

From the perspective of machine learning and optimization, the
tasks tackled by cardinality estimator and cost model are regression
problems (predicting cardinalities and costs of sub-queries and plans,
respectively) and the one by plan enumerator is a decision-making
problem (finding the best execution plan). With the recent progresses
on deep models (e.g., Mou et al., 2016; Vaswani et al., 2017) and deep
reinforcement learning (e.g., Sutton and Barto, 2018), we have more
powerful tools for these two types of tasks.

For example, an execution plan for a SQL query is a tree structure
representing the join order with each node in the tree specifying a
physical operator and its two children specifying the two input relations.
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From the perspective of machine learning, it is non-trivial to map
the plans with varying sizes into a regularized feature space while
encoding both the plans’ structural and node-wise information. The tree
convolution network (Mou et al., 2016) and the attention mechanism
(Vaswani et al., 2017) are two tools (though invented for different
purposes) that are able to featurize such complex objects and judiciously
utilize their structural information for the prediction task.
Specifically, two types of distributions are important for selecting
efficient execution plans: i) data distributions over single and multiple
relations (e.g., deciding the join sizes), and ii) joint distribution over
relations and query workloads (e.g., deciding the selectivity of predi-
cates). Traditional query optimizers rely on histograms and samples
to approximate distributions in i) and ii) (refer to, e.g., the survey by
Cormode et al., 2012) for the purposes of cardinality and cost estima-
tion. Machine learning models trained on the targeting datasets and
workloads may serve as their replacements, and indeed, the models need
to be continuously updated when datasets and workloads are dynamic.

1.3 A Generic Paradigm of Learned Query Optimizers

Figure 1.1 illustrates how the three major components (i.e., cost model,
cardinality estimator, and plan enumerator) in a query optimizer can be
replaced or enhanced with machine learning models (the blue parts ).
Modeling more complex and high-dimensional data-query distributions
and utilizing feedback/statistics from query executions are where the
opportunities lie for these machine-learned counterparts to further im-
prove the performance of query optimizers. To this end, we need to
collect training data for these models, from both the databases and
the execution engine that processes the query workloads, and organize
the training data according to the goals of different models (in learned
cardinality estimator, learned cost model, and learning-based search al-
gorithm). Most previous works on learning to optimize queries do not
rebuild the whole optimizer. Instead, they focus on one or multiple
of these machine-learned counterparts, without a clear separation be-
tween different components (especially in reinforcement learning), and
integrate them into a traditional query optimizer in a holistic way.
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e Frrom sketches to learned cardinality estimator. For the task of cardinal-
ity estimation for (sub-)queries, there are two types of machine-learning
based approaches, data driven estimator and data-query jointly driven
estimator, both of which can be plugged into traditional cost models.

The former uses statistical and deep models (e.g., deep autoregres-
sive model) to approximate high-dimensional data distributions over
database attributes and relations. The training and usage of such mod-
els can be analogous to how the traditional sketches (e.g., histograms
and samples) are constructed and used. They are trained on samples
drawn from relations with the goal of minimizing the gap between the
predicted data distribution and the seen distribution. Query workloads
are assumed to be unknown when fitting these models. For a given
query, these models are “invoked” to estimate its cardinality.

The latter trains models for a specific query workload for better
accuracy. Queries are featurized as parts of the inputs to the model,
and the model is trained to minimize the gap between the estimated
cardinalities and the true cardinalities. Indeed, the model needs to be
updated when the distribution of query workload shifts.

e From traditional cost model to learned cost model. The cost of a
plan is the sum of costs of all operators in it. For each operator, a
traditional cost model typically takes cardinality estimates of immediate
sub-queries under the operator as the inputs in a formula to estimate
its cost, since they are the numbers of tuples to be processed by this
operator. The concrete form of this formula and the magic constants in it,
depend on the operator’s type and implementation, and are tuned with
years of engineering efforts to ensure that the estimated cost matches
the plan’s performance well empirically. In this sense, traditional cost
models are “human learning” models. It is thus a natural idea to
develop machine learning models with execution statistics (for specific
performance metrics) on different datasets and query workloads as the
training data, to enable finer-grained characterization of various data
distributions and system configurations, thus providing instance-level
optimization of each query. The learned cost model can be plugged into
the traditional cost-based search algorithm to cost (sub-)plans in the
search procedure, and updated when more queries are processed.
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o Learning-based search algorithm. Traditional query optimizers treat the
task of finding the best execution plan as a combinatorial optimization
problem. Thus, dynamic programming algorithms as well as heuristics
(e.g., based on transformation rules) are developed to find the best
plan under certain cost models. If we treat query optimization as a
machine learning task, we unlock other possibilities of designing the
search algorithm. For example, we can model it as a multi-armed bandit
problem, where each arm corresponds to a candidate plan and we want
to select the best arm (execution plan) with more and more observations
of their performance. We can also model it as a deep reinforcement
learning problem, with learned cost models as value networks to guide the
generative search for the best plan. Moreover, since what we essentially
need for query optimization is an oracle that compares two plans and
ranks a set of candidate query plans with respect to their execution
efficiency, we can model the task as a learning-to-rank problem. These
possibilities will be introduced and formalized later in this survey.

Technical questions. There are some key technical questions to be
resolved in the above paradigm. First, the data-query-workload joint
distribution is complex. We need to carefully featurize data and queries
in such a way that we can effectively model their correlation and the
marginal distributions via, e.g., statistical or deep models. Second, we
need to collect “training data” for these models. Cold start is always a
challenge, especially when we train models to estimate and optimize
the execution latency. Third, learning-based search algorithms need to
be co-designed with the estimation models, so that they have consistent
learning goals; meanwhile, when a search algorithm invokes learned
estimation models with non-trivial inference costs (possibly many times),
it needs to be designed to avoid prohibitive optimization cost.

Other possibilities and tasks. The generic paradigm in Figure 1.1
rules out some other possible ways to find better plans by learning
from experience. For example, one can execute plans on samples of
relations and use such experience to refine cardinality estimates and
thus improve the final execution plans (Krauthgamer et al., 2008; Wu
et al., 2016). Even during the processing of a specific query, one can
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use early-stage experience (e.g., try different operator types and join
orders on samples from intermediate results) to revise the remaining
execution plan (Kabra and DeWitt, 1998; Markl et al., 2004; Kader
et al., 2009). Detailed discussion about these works is beyond the scope
of this survey, but one can refer to a recent benchmark paper by Zhang
et al., 2023 on such adaptive query processing algorithms.

Worst-case optimal join algorithms (refer to, e.g., Ngo et al., 2018)
are set apart from traditional query processing algorithms with theoret-
ical guarantees on their processing costs. Their practical performance
also depends heavily on the order in which join attributes are processed,
which is not reflected in the definition of worst-case optimality (w.r.t.
worst-case assumptions about the database content) and the formal
analysis by Ngo et al., 2018. Wang et al., 2023b introduces a query
engine which selects the attribute orders via reinforcement learning.

While the paradigm in Figure 1.1 matters primarily for join ordering,
access path, and operator selection in query optimization, there are other
tasks that can effectively improve the execution performance of a SQL
query. For example, query rewriting is to transform a poorly-written
SQL query into one that executes more efficiently while maintaining
the result set. Approaches for this task are based on, e.g., rules (Begoli
et al., 2018; Wang et al., 2022), program synthesis (Dong et al., 2023),
Monte Carlo tree search with deep estimation models (Zhou et al., 2021;
Zhou et al., 2023), or, more recently, large language models (Liu and
Mozafari, 2024). These query rewriting approaches are orthogonal to
the majority of techniques discussed in this survey.

There are some specific scenarios of query optimization that can
be aided by machine learning but are not covered by this survey. For
example, multi-query optimization aims to select plans for a group of
queries, considering opportunities to reduce the total execution cost by
sharing redundant work to be done by an identical sub-query across plans
of different queries. This problem can be tackled with, e.g., reinforcement
learning by Sioulas and Ailamaki, 2021. Parametric query optimization,
addressed by, e.g., Doshi et al., 2023, is to generate a set of candidate
plans for a single query template and decide which plan to use for each
query instance. Learned query optimization for specialized types of data
such as spatial data is also studied in Vu et al., 2021.
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1.4 Summary of the Survey

In a learned query optimizer, one or multiple core components are
aided or rebuilt with machine learning techniques. Most state-of-the-art
learned query optimizers can be regarded as concrete implementations
of the aforementioned paradigm (Figure 1.1) or its variants. Chapter 2
will focus on representative techniques for the costing components (car-
dinality estimator and cost model). These two components are closely
related, as in traditional query optimizers, cost models invoke cardi-
nality estimators to cost plans. We will first discuss their relationship
and how estimation error transfer from cardinality estimators to cost
models. We will then introduce, purely data-driven as well as data-query
jointly driven, machine learning techniques for cardinality estimation,
followed by how to train machine learning models to cost plans directly.
Chapter 3 will focus on plan enumerators. Several new types of search al-
gorithms, empowered by machine learning models, are proposed recently.
Chapter 3.1 introduces a multi-armed bandit modeling of the plan enu-
meration procedure. Chapter 3.2 introduces how to apply generative
search in reinforcement learning for (bottom-up) plan construction, with
the help of value networks which is adapted from learned cost models.
Chapter 3.3 introduces a learning-to-rank scheme for plan enumeration
and selection. We will also discuss interesting future research directions
inspired by some more recent efforts in Chapter 4.



2

Learned Cost Models

Cost-based query optimizers rely on accurate estimations of the costs
of plans to determine which one to execute. Each operator in a plan
takes one or more input or intermediate relations and generates another
intermediate relation or the final result. Thus, the estimated cost of
a plan indeed depends on the estimation of sizes, or cardinalities, for
intermediate relations of sub-plans. In particular, the cost of executing
an operator in the plan can be estimated as a function of estimated sizes
of inputs to this operator. While the functions for different operators,
e.g., I/O cost and index seek cost in different joins, can be accurately
characterized or calibrated (Haas et al., 1997) with magic constant
numbers, the accuracy of cardinally estimations, to a large extent,
decides the accuracy of cost estimations. We first present a formal
characterization of the relationship between cardinality and cost in
Chapter 2.1. We then introduce how machine learning models are
designed to replace traditional cardinality estimators and cost models, in
Chapter 2.2 and Chapter 2.3, respectively. These models, after properly
trained, can be integrated into a database without changing the plan
enumerator, and are expected to be helpful in selecting better plans.

10
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2.1 From Cardinality to Cost

In a typical cost model by Haas et al., 1997, the cost of a join J is a
polynomial function of s; and sy (the sizes of two input relations):

2 2
costy(s1,82) = ag0- ST+ apz2 - S5+ a1 - s1s2+

aio-s1+ a1 - S22+ aop, (2.1)

with non-negative coefficients whose values depend on the join algorithm
and the hardware. Intuitively, the degree-2 costing terms, e.g., asp - 52,
are from the loop structure in the join algorithm, whose coefficients
can be zero for some join types; and the degree-1 terms are from the
costs of reading data or generating the output. It has been shown that
coefficients in cost functions in the form of (2.1) can be estimated very
accurately, which are data-independent and can be tuned for certain
hardware and system configurations. It is the estimation for cardinalities
s1 and sy of intermediate results that tends to be more error prone and
jeopardizes the accuracy of the cost model.

While the potential of replacing traditional cardinality estimators
with learning-based models has been recognized (Lan et al., 2021; Wang
et al., 2021b), a fundamental question is how the cardinality estimation
error is translated into the deviation of the true execution costs. More
importantly, how sensitive is the quality of plans produced by the
optimizer with the accuracy of such estimates? The implication of
answers to these questions is two-fold. First, is it worth the effort to
train (possibly expensive) machine learning models to replace traditional
cardinality estimators? Second, what loss function and error metric
should be used when training and evaluating such models.

Moerkotte et al., 2009 provides an analytical framework to answer
the above questions. Assuming that the coefficients in (2.1) are accurate,
instead of true cardinalities s; and s9 of intermediate results, we can only
obtain their estimates 51 and 89. Define the Q-error of an estimation §
for s as (suppose both s,5 > 0)

Is/3]lq = max(s/3, 8/s). (2.2)

If ||s/$8||q < € (for some € > 1), we have (1/€)-s < §<e-s.
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Proposition 2.1 (Moerkotte et al., 2009). Suppose the Q-errors of §;
and §, for estimating s; and sy are bounded by €, we have the Q-error
of cost;(51,52) for estimating cost;(sy,s2) bounded by €2.

The proof is directly from that costj(si, s2) in (2.1) is a polynomial
in s1 and so with degree at most 2 and positive coefficients.

Suppose the cost of a plan P is calculated by the sum over the costs
for each join in the plan and the cost of a plan is in the form of (2.1).
Let cost(P;s) be the cost model calculated with true cardinalities, and
cost(P;38) be the one calculated with estimated cardinalities. For a
given query ¢, let P* be the optimal plan under cost(-;s) and P be
the optimal one under cost(+; §), i.e.,

P* = argmin cost(P;s) and P = argmincost(P;3).
PeP(q) PeP(q)
The following result establishes a relationship between the accuracy of
cardinality estimation and the optimality of the plan derived.

Theorem 2.1 (Moerkotte et al., 2009). For a given query ¢, suppose the
Q-error of cardinality estimation for intermediate result of any sub-query
is bounded by ¢, we have cost(P;s) < e*cost(P*;s).

If the Q-error of any cardinality estimation is bounded ¢, from Propo-
sition 2.1, we sum up costs of joins and have ||cost(P;s)/cost(P;38)[lq
< €2 for any plan P. Then from the optimality of P* and P (under
cost(+;s) and cost(-; 8), respectively), we can complete the proof.

The above theorem shows that the error of cardinality estimations
can be translated into the degree of sub-optimality of the plan selected.
P* can be interpreted as the truly optimal plan (assuming that the
coefficients in (2.1) are tuned to be precise) and P as the one selected
by the query optimizer with estimated cardinalities feed into the cost
model. It says that a Q-error € in cardinality estimation is amplified
up to a factor of €* in the plan cost, but is independent on the number
of relations in the query ¢, with two implications. First, the cardinal-
ity estimation does not have to be perfect. Second, improvement on
the estimation accuracy may lead to better plans (in the worst-case
scenario); for a particular instance, however, it is possible to improve
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the cardinality estimation of some sub-query while making the overall
query performance worse (Negi et al., 2021c presents such an example).

Next, in Chapter 2.2, we will present some efforts to improve the car-
dinality estimation for (sub-)queries using machine learning techniques;
in Chapter 2.3, we will introduce more holistic machine learning-based
approaches to cost plans, with proper learning objectives (e.g., flow-loss
as is suggested in Negi et al., 2021c), features, and models.

2.2 Learning to Estimate Cardinality

Traditional cardinality estimators reply on different ways to condense
data into summaries, such as histograms (e.g., Poosala and Ioannidis,
1997; Liu et al., 2021b), samples (e.g., Lipton et al., 1990; Leis et al.,
2017; Li et al., 2016; Zhao et al., 2018), and sketches (e.g., Atserias et al.,
2013; Cai et al., 2019; Hertzschuch et al., 2021; Izenov et al., 2021). Let
‘Hp be the summary (e.g., histograms) built on the database D). The
cardinality of a give query ¢, s(q), can then be estimated as a function
5(q, Hp). With advances in deep learning models, a natural question
is whether it is possible to replace the traditional data summary Hp
with a trained model Mp(-), which is invoked one or multiple times in
an algorithm §(q, Mp(-)) to estimate s(q) (i.e., data driven estimators,
introduced in Chapter 2.2.1). Moreover, is it possible to train a model
Mp(-) on a database D and its query workload so that the cardinality
of a given query ¢ can be directly estimated as Mp(q) (i.e., data-query
jointly driven estimators, introduced in Chapters 2.2.2 and 2.2.3)?

2.2.1 Data Driven Estimators

We now focus on the first line of efforts, i.e., using a machine learning
model Mp(-) to summarize the data in D and approximate the high-
order joint distribution of tuples in .

Consider a relation R with attributes {A1, Ag, ..., A,}. A tuple
x = (21,...,2,) in R is from the domain A(R) = A; x ... X A,.
Suppose a query ¢ against R has a predicate 6 : A; x ... x A4, — {0,1}.
The cardinality of ¢ is s(¢q) = |[{x € R | 8(x) = 1}|. Define the joint
distribution Pr(x) as the probability of seeing x if a tuple is drawn from
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the multi-set R uniformly at random. s(q) can be also written as:

D=Rl- Y - ¥ 0x) Pr(x), (2.3)

T1€AL Tn€AnR

where |R| is the number of rows in the relation R.

There are three fundamental challenges in estimating s(q) in the
form of (2.3). First, Pr is on a huge domain A(R) with size [}~ |Ai]
which makes it difficult in practice, if not impossible, to estimate, store,
and use the joint distribution Pr. Second, even with exact access to PR,
directly summing up 6(x) - Pr(x) as in (2.3) is too expensive. Third,
R could be a join of multiple relations.

To tackle the first challenge, there are different ways of representing
the joint distribution PR (x) in a compact manner. For example, Heimel
et al., 2015 and Kiefer et al., 2017 use different kernel density functions
around sample points to approximate Pg(x). A systematical framework
is to factorize (Grimmett and Stirzaker, 2001) Pgr(x) into some low-
dimensional representation, which is introduced next.

Factorizing Joint Distribution

The simplest factorization approach assumes independence between
attributes and has been used by database systems since 1970s (Selinger
et al., 1979). In the language of probabilistic models, it is assumed that

n

Pr(x) ~ [[Pa, (i), (2.4)
i=1
where P 4,(z;) is the probability of seeing z; on attribute A; if a tuple x
is drawn from R uniformly at random and can be approximated with a
1D histogram on A;. For a query with predicate “A; = a1 and Ay = ay”
on R, its cardinality s(q) can be estimated as |R|- P4, (a1) P4, (a2).
Another natural way is to factorize the joint distribution Pg(x)
sequentially based on a specific order of attributes:

Pr(x)=Pr(z1) - Pr(z2 | z1) - Pr(23 | x1,22) - - - Pr(2p | X1,. .., Zpn-1)

= H PR(I‘l | X<i) y (25)

i=1
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where xo; = (21,...,x;—1) and x<1 = (). Note that this factorization is
exact, and Pr(x; | Xx<;) can be interpreted as the likelihood of observing
x; in the attribute A; of a tuple drawn from R under the condition
that the last ¢ — 1 attributes have values x.;. Again, it is impossible to
materialize the conditional distributions {Pr(z; | X<;)} as the number
of random variables involved is large (up to n). Yang et al., 2019 and
Yang et al., 2020 show how to train deep autoregressive models to
approximate {Pgr(x; | x<;)} and use them for cardinality estimation.
A general probabilistic graphical model can be used to factorize PR (x).
Define parent () to be the set of indices of A;’s parent attributes, whose
values determine A;’s value in a probabilistic way. (2.5) corresponds
to a graphical model where each attribute A; has all attributes with
indices < i as its parents. In general, Pr(x) can be approximated as

PR(X) = H Pr ('IZ | Xparent(i)) : (26)
i=1

Getoor et al., 2001 applies a specific probabilistic graphical model,
namely Bayesian network, for cardinality estimation for the first time.
There are a line of works (e.g., Tzoumas et al., 2011; Wu and Shaikhha,
2020; Hilprecht et al., 2020; Zhu et al., 2021; Wu et al., 2023) based
on different graphical models with improved training overhead and
performance of inference.

Estimating Cardinality with Deep Autoregressive Model

We demonstrate how to train neural networks to approximate the
factorized models in (2.5) and use them for cardinality estimation
(Yang et al., 2019; Yang et al., 2020).

Model structure. A deep autoregressive model Mg fits such factor-
ization well. It takes a tuple x as the input and outputs a sequence of
“predicted conditional probabilities” Pr(z; | x<;) = Pr(x; | x<i):

Mir(x) — [PR(xl | x<1),Pr(z2 | X<2) ..., PR(20 | x<n)} @)

Many network architectures can be used to instantiate Mg in the
above, such as DARN (Gregor et al., 2014), MADE (Germain et al.,
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2015), ResMADE (Durkan and Nash, 2019), and Transformer (Vaswani
et al., 2017). They commonly rely on a technique called informa-
tion masking to fit the observed sequence of conditional probabilities.
Namely, a neural net My, per attribute A; (i = 1,...,n) takes prop-
erly encoded and aggregated (e.g., vector concatenation) inputs from
x1,...,2; and is trained to fit Pr(z; | x<;). For example, for a table
with attributes city, year, stars, the model is given the input tuple
x = (Portland, 2017, 10) and outputs Mpp(x) =

M_ity(Portland) — Pr(city = Portland),
Myear(Portland, 2017) — ISR(year = 2017 | Portland),
Mstars(Portland, 2017, 10) — Pg(stars = 10 | Portland, 2017)

While an arbitrary ordering of attributes {4;} can be used in Mg,
Yang et al., 2019 proposes several mutual-information-based heuristic
orders that can empirical performance of the model.

Attributes of a relation may have different data types and thus need
to be encoded properly at the beginning of neural nets, with attribute-
specific encoders. For a categorical attribute in a small domain, one-hot
encoding can be used. For example, if there are 4 cities {A, Portland, C,
D}, the attribute-specific encoding Encc;¢y(Portland) = [0,1,0,0]. For a
categorical attribute in a large domain, a learnable embedding matrix of
type RI4ilxh
the attribute-specific encoder Enc 4, maps a value in A; to a h-dim row
vector of the matrix. For a numerical attribute, we can first partition

is initialized randomly and updated during model training;

the continuous domain into a number of small bins; values in the same
bin are rounded to the bin’s index, and then the encoding method for
a large-domain categorical attribute can be used. IAM (Meng et al.,
2022) integrates Gaussian mixture with an autoregressive model to fit
the distribution of numerical attributes and reduce their domain size.

Training the model. From the model’s output, we can calculate

n

Pr(x) = [[ Ma,(z1,....7:) = [[ Pr(zi | x<i), (2.8)

i=1 i=1
which predicts the likelihood of seeing x. Thus, the model can be trained
to maximize, [[, Pr(x), the likelihood estimation of seeing the training
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data x = Ryrain (Yang et al., 2019; Yang et al., 2020):

1 N
minimize L% = Z log Pr(x), (2.9)

|Rtrain| ®E€Rkrain

where Rirain is R or a sample drawn from R uniformly at random.

Estimating cardinality by querying the model. After Mg properly
trained, we can construct a cardinality estimator §(q, M,g) for a given
query q. We consider two types of predicates in ¢ here: i) point queries
with conjunctions of equality constraints, and ii) range queries.

For a point query with predicate Ay = a1 A Ay = as... A, =
an, recall the relationship between the cardinality s(¢) and the joint
distribution in Pg(x) in (2.3), we can estimate s(q) as

3(q, Myg) = |R| - Pr(a1,az,...,a,).

If not all the attributes are in the predicate, for example, A1 = a1 A A3 =
a3, we can train My to handle wildcards * by sampling tuples with a
special token * on one or more attributes, such as (a1, *,a3) (meaning
that it could any value on As), and inserting them into Riyain.

For a range query with predicate A; € R1 A As € Ry... A, € Ry,
from (2.3), we can calculate the following estimation:

RI- > -+ > Prx),

Tr1€ER Tn€Ry

but it could be too expensive if the ranges R;’s are wide. A naive
Monte Carlo method draws a set S of sample points uniformly and
independently at random from Ry X --- X R, and estimate

X |l > Pr(x).

xeSs

‘R1| X oo
S|

5(q, Mpr) = |R|-

The above estimator is unbiased but has a large variance since the values
in {Pr(x)} are skewed for x € S. An importance sampling algorithm
(called progressive sampling) is proposed by Yang et al., 2019 to draw x
with probability proportional to ISR(X) to reduce the variance.
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Handling joins. In general, R could be a join of N relations R =
Ty > ---xTp. Note that in the above discussion, we do not have to
access the whole relation R; instead, it suffices to have a random sample
Rirain drawn from R in order to train Mg. Zhao et al., 2018 provide
an efficient algorithmic framework for drawing random samples from
general multi-key joins, and Yang et al., 2020 implements the exact
weight algorithm from Zhao et al., 2018 and adapts it for full outer
joins. The estimator §(q, Mjr) also replies on the size of the full join,
|R|, which can be calculated during the sampling process as well.

Other Data Modeling Approaches

When the joint distribution on the relational R is too complicated to
be factorized as a whole (e.g., in the ways of (2.4)-(2.6)) and learned
effectively, Sum-Product Networks (SPNs) (Poon and Domingos, 2011)
are extended for relational data by Hilprecht et al., 2020 and Zhu et al.,
2021. Relational Sum-Product Networks (RSPNs) in Hilprecht et al.,
2020 and Factorized Sum-Product Networks (FSPNs) in Zhu et al.,
2021 both use a data-splitting operation (i.e., a sum node) to partition
a relation R into two or more clusters of tuples. The distribution of
each cluster is simpler and easier to be factorized. Thus, in each cluster,
attributes are either partitioned into independent groups (product node)
or factorized (factorize node). These two types of operations (sum v.s.
product/ factorize) can be applied recursively on R and its attributes.
In practice, the sum node can be implemented by a standard clustering
algorithm (Hilprecht et al., 2020). If we treat the clustering result as a
hidden random variable, RSPNs and FSPNs can be also interpreted as
generalized probabilistic graphical models in (2.6).

To handle joins, we can either learn joint RSPNs/FSPNs over the
full outer join, or build a set of small models, where each captures
the joint distribution over several tables (Hilprecht et al., 2020; Zhu
et al., 2021). FactorJoin (Wu et al., 2023) builds single-table conditional
distributions during an offline preprocessing phase; and these conditional
distributions are then combined using a factor graph model (Loeliger,
2004). A query with joins can be translated into a factor graph over
single-table data distributions for cardinality estimation.
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The idea of using pre-trained models for relation data (analogous
to pre-trained models for images and text) is firstly used in Iris (Lu
et al., 2021). Common frequency and correlation patterns of structured
datasets are capture by pre-training on a large and diverse corpus of
datasets. For different attribute sets, it pre-trains different summariza-
tion models, which can be efficiently updated when datasets change.

There are works aiming at handling more complex data types and
schemes. FACE (Wang et al., 2021a) leverages the Normalizing Flow
based model to learn a continuous joint distribution for relational data.
It transforms a complex distribution over continuous random variables
into a simple distribution (e.g., multivariate normal distribution), and
use its probability density to estimate the cardinality of a given query.
Astrid (Shetiya et al., 2020) applies natural language processing tech-
niques with deep models to learn cardinality of queries with string
predicates; DREAM (Kwon et al., 2022) builds deep models to learn
cardinality of approximate substring queries; LMKG (Davitkova et al.,
2022) considers cardinality estimation on knowledge graphs.

2.2.2 Featurizing Queries as Vectors

The estimators developed by works introduced in Chapter 2.2.1 are all
in the form of (¢, Mp(-)), where the model Mp is trained purely on
relational data. It is natural to train a model Mp g on both datasets
D and workloads Q, where queries are represented as parts of features
into Mp g, with the goal of predicting the cardinality s(q).

There are several components in a SQL query to be featurized. We
take the following class of counting queries as an example

q: SELECT COUNT(x) FROM Ry, ..., R, (2.10)
WHERE join predicate J AND filter predicate F,
where J is a conjunction of join conditions “A; jR;. A% = Rj.Ag” and F

a conjunction of filter conditions, to illustrate a typical featurization
framework (Wang et al., 2021b; Zhao et al., 2022a; Li et al., 2023).

Joins as vectors vec;(q). For a database with N relations Ry, ...,
Ry, there are up to N2 possible join patterns. One way to featurize joins



20 Learned Cost Models

specified as J in (2.10) as a vector vec;(q) is to use one-hot encoding:
we can use an N2-dim 0-1 vector indexing all possible joins and an 1
bit on the ith position denoting that the ¢th join pattern appears in the
query. Another way is to use mj = [logy(INV 4 1)] bits to encode the id
of each relation and mo = [log,(M + 1)] bits (let M be the maximum
number of attributes in a relation) to encode each attribute, for a join
predicate in J. We can use up to (2(mj + ms) - N?) bits to encode the
join predicates J: if the ith join pattern (1 < i < N?) appears in the
query, we use 2(mj +mg) bits to encode the pair of joining relations and
attributes in the ith sub-vector; otherwise, we put 0’s in this sub-vector.

The above two ways to encode joins are equivalent if there is at most
one way to join every pair of relations. The second one contains some
redundant information which may be helpful for training certain types
of machine learning models. The set of relations in g are also encoded
in vecj(g). Or, we can use a separate vector vecr(q) to encode the set
of relations in ¢ (e.g., with one-hot encoding).

Filters as vectors vecr(g). For a numeric attribute, we can use at
most two real numbers to encode either point constraints or range
constraints. For example, a range constraint “Ib < Ay < ub” can be
encoded as (Ib,ub). For a categorical attribute A in a large domain,
we learn an embedding matrix of type RI4#1*" and use h real numbers
to represent a point constraint “Ay = a”. The filter predicate F can
be represented as vecg(q), the concatenation of (N - M) 2-dim or h-
dim vectors (depending on each attribute’s type), where the ith one
represents the filter condition on the 7th attribute; for an attribute
without a filter in F, we can leave a 0-vector correspondingly.

Putting them together. vecj(q) and vecg(q) can be concatenated as
the feature vector vec(q) for a query ¢. Figure 2.1 gives an example.
Note that this featurization needs to be extended if we want to handle
more complicated filter constraints such as A; + Ay < 10, or more
general join patterns such as multiple self joins on the same relation.
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SELECT * FROM R;,Rs, Rs,--- WHERE

anery g R;.Al = Ry.A? AND Ry.A3 = R3.A3 AND - -
AND 0.25 < Ry.A} < 0.5 AND - -
join featurization vec;(q) filter featurization vecr(q)
vec(q) : 0101 1001 1010 1111 --- 0.25 0.5
Ri.Al =Ry.A2 Ry A2=Ry.A} 0.25<A1<0.5 [y<Ap<ug

Figure 2.1: An example of query featurization.

2.2.3 More on Models and Data-Query Jointly Driven Estimators

To estimate the cardinality s(g), we can now train a model Mp g(vec(q))
whose parameters are optimized for datasets D and workloads Q.

Traditional models. It is natural to model the cardinality estimation
task as a regression problem, and use a low-overhead model as Mp g,
such as linear regression (Malik et al., 2007), tree-based ensembles,
simple neural networks (Dutt et al., 2019), and XGBoost (Dutt et al.,
2020), to fit the cardinalities of queries in the workload Q. The labels,
i.e., true cardinalities s, are typically log-transformed, and the model
is trained to minimize the mean-squared-error 3" |log s — log 5|2, which
is equivalent to minimizing the Q-error max(s/§, §/s) and shown to be
helpful for the task of query optimization as in Theorem 2.1.

In general, the model Mp g can be updated when more queries
come over time (7.e., Q becomes larger). For example, QuickSel (Park
et al., 2020) uses a mixture model with overlapping to approximate
the probability density function. The model could be refined efficiently
as more and more queries are observed, and yield increasingly more
accurate selectivity estimates over time.

Deep models. We can directly apply a fully connected network for
Mp,g by feeding the featurized query, vec(q), into a unified input layer
(Liu et al., 2015; Kim et al., 2022), and train the neural network to fit
the true cardinalities of queries in Q. A deep neural network is able to
capture inter-relation, intra-relation, and query-relation correlation.
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To reduce the number of parameters in Mp g, it can be noticed that
different sub-vectors in vec(q) encodes different types of information.
Thus, sub-modules of Mp g can be trained to only consume sub-vectors,
respectively, with their outputs pooled (i.e., averaged) to make the
prediction. In particular, Kipf et al., 2019 introduces a framework called
multi-set convolutional network (MSCN):

1 1
sub-modules: wy + — ZMJ(VGCJ(j)), WF — = ZMp(vecF(f));
191 % Fl 7=
merge-output: §(q) < Moyt (w3, wr). (2.11)

vec;(j) and vecg(f) encode each join j € J and each filter f € F,
respectively, e.g., in the way introduced in Chapter 2.2.2. |J| copies of the
shared-parameter neural network M take vec;(j)’s as the inputs and
the outputs are averaged as wj; similarly, Mg is trained for vecg(f)’s.
ws and wr are concatenated and fed into a final output network Mut.

Hayek and Shmueli, 2020 introduces a CRN network, using the
separation-pooling idea similar to MSCN, to learn the containment rate
between pairs of queries (q1,¢2), i.e., the percentage of tuples in the
output of ¢1 that are also in the output of go. The predicted containment
rate can be used to estimate the cardinality of g2 (if ¢1’s output is a
super-set of ¢1’s output and has a known size). Negi et al., 2023 proposes
Robust-MSCN using the query masking technique to adapt to workload
changes. Kim et al., 2022 conducts in-depth analysis and evaluation
on query-driven learned estimators. It also proposes a tradeoff solution
between the simple fully connected network, which could potentially
have too many parameters to be optimized, and MSCN, which may
loose some intra-table correlation. The idea is to use one copy of a
neural network to consume features from each relation; parameters of
these network copies are shared across relations and their outputs are
pooled (e.g., averaged) before the output module.

Fauce (Liu et al., 2021a) uses an ensemble of deep models to estimate
the cardinality as well as the underlying uncertainty of the prediction.
Zhao et al., 2022a employs Bayesian deep learning (BDL) to bridge be-
tween Bayesian inference and deep learning. The prediction distribution
by BDL makes it possible to calibrate uncertainty for the estimated
cardinality. This algorithm, known as Neural Network Gaussian Process
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(NNGP), inherits the advantages of Bayesian approach while keeping
the ability of universal approximation from neural networks.

Deep models are also developed for progressive cardinality esti-
mation in query re-optimization. Specifically, during query execution,
re-optimization is triggered if the cardinality estimations are found to
have large errors. To this end, LPCE (Wang et al., 2023a) is introduced
with an initial model (LPCE-I) and a refinement model (LPCE-R).
LPCE-I is trained to estimate cardinalities before query execution,
and LPCE-R progressively refines the cardinality estimations using the
actual cardinalities of sub-queries observed during query execution.

Estimation Models Jointly Driven by Data and Query

A learned cardinality estimator Mp g(vec(q)) that is purely driven by
featurized queries can be accurately tuned for a specific database D
and a workload Q. We hope that it can generalize for unseen queries
as long as they are properly featurized; however, when the database
D is updated (e.g., more rows are inserted into some relations), the
estimation accuracy can easily deteriorate.

Several ways to model data and queries jointly have been proposed
to handle dynamic data. For example, UAE introduced by (Wu and
Cong, 2021) extends the deep autoregressive model in Chapter 2.2.1
with a loss function to measure how well the model performs on a query
workload Q. Specifically, the loss function £P in (2.9) about how data
fits the model is augmented with the query loss function

L% = Z max(s(q)/3(q, Mar), 5(q, Mur)/5(q)), (2.12)
q€Q

where §(q, Myg) is the estimated cardinality produced by invoking
the autoregressive model M,y using, e.g., progressive sampling, as
introduced in Chapter 2.2.1. £ takes queries as supervised information,
and the model can then be trained under a hybrid loss £ = £P + A£Q
with hyper-parameter A, to capture both the data and query workload
information simultaneously to learn the joint data distribution.

A different approach is to encode statistical information of the rela-
tions in D into the input feature vec(D). A model Mp g(vec(q), vec(D))
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is trained with both query featurization and data featurization to es-
timate the cardinality s(¢). One obvious advantage of training Mp g
with vec(D) as part of the features is that its model parameters are
not fully determined by a specific instance of database DD, and thus
it allows mild drifts of data distribution or incremental updates in ID
(reflected in the values of vec(D)) while maintaining the accuracy of
estimating s(q). Li et al., 2023 proposes to use a d-bin histogram (i.e.,
merging values from the domain of a relation into d bins) to summarize
value frequencies for each attribute of each relation in ID, and encode
the histogram as a d-dim vector. These vectors for all the attributes
are stacked together to form a T x d matrix vec(D) € RT*4 where T
is the total number of attributes of all relations in D.

The model Mp g designed by Li et al., 2023 applies the attention
mechanism (Vaswani et al., 2017) and learns two attention functions:

data encoder: Z < Menc(vec(D)), Z ¢ RT>da, (2.13)
query analyzer: Y < Mana(Z,vec(q)), vec(q) € R%; (2.14)
ALECE estimator: 5(q) <= Mregression(y)- (2.15)

The data encoder Mgy learns the inter-attribute correlation and repre-
sents the data compactly in Z; the query analyzer can be interpreted as
a soft-lookup in Z with vec(q) as the lookup key; and a regression model
can be learned on the output y to estimate the cardinality. The loss
function to train ALECE can be either (weighted) mean-squared-error or
Q-error of §(q) on Q. The queries and underlying data are de-coupled in
ALECE’s feature space, and thus, ALECE can be continuously trained
and updated when one or both of D and Q change.

2.3 Learning to Cost a Plan

Recall that the traditional cost model cost(P;s) relies on the cardinal-
ities of sub-queries s(-)’s in the plan P. We can plug in the cardinality
estimates §(-)’s derived from the machine models introduced in Chap-
ter 2.2 and estimate the cost as cost(P; §). Alternatively, we can develop
machine learning models (similar to those query-driven models intro-
duced in Chapter 2.2.3) to directly predict the cost of a plan P, as long
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as 1) we can obtain true labels/costs (feedback obtained from query exe-
cution, e.g., execution latency or resource consumption) for the models
to fit, and ii) we can encode the plan’s structure (e.g., join orders and
physical operators) in the input features and/or models.

In the following, we use cost(P) to denote the true cost (some
measurable metric such as execution latency or resource consumption)
of executing the plan P. A model Mp p(P) is trained after observing a
set of plans, P, in a database D to predict cost(P).

It is not difficult to encode the types of physical operators used in a
plan, as they can be considered enumerable attributes associated with
nodes in the plan. Meanwhile, there different ways to encode join tree
or join order so that the model can utilize it to cost the plan.

2.3.1 Plan as a Sequence and Vectors

We can establish a one-to-one mapping between binary trees (e.g., join
trees in our context) and sequences. For example, one can reconstruct a
binary tree from its pre-order and post-order traversals together, or from
a parenthetic string representation of the tree (Goodrich et al., 2013).
Thus, for the purpose of query optimization, there different lossless
ways to vectorize the tree structure of a plan.

Marcus and Papaemmanouil, 2018 encodes a plan as a sequence
of matrices, where each matrix represents an “intermediate state” of
the plan with each row vector specifying the heights of relations in a
partial join result. For example, following are the two steps to process
¢g=R>xS>T in a plan (R xS first and then join T):

RNST%%%O R<S) =T — [+ 1 1},
R8T = |2 2 | [(ReaS)=TI =[5 § 4

Each column corresponds to a relation in all the matrices, and the value
is 1/(height of the relation in the partial join tree), or 0 if the relation
is not in the partial join tree corresponding to that row. For example, in
the first matrix, the first row represents the partial join tree R > S. The
sequence of matrices and values in the row vectors uniquely decides the
join order, and matrices can be used as “states” to train a reinforcement
learning model (Marcus and Papaemmanouil, 2018).
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Yuan et al., 2020 represents a plan explicitly as a sequence of
operators to be executed in the specified order, and each operator is
represented a vector specifying its type, related relations and attributes,
and parameters. The whole sequences and associated vectors can be fed
into a wide-deep model to predict the cost.

Regarding each operator, there statistical information which can be
obtained from the native query optimizer and used to predict the cost.
For example, the estimated number of I1/0s, the estimated input/output
size, and the average width of input/output tuples from the native cost
model and the optimizer can be used as features, and we can train a
model for each operator to predict its cost (Akdere et al., 2012).

For the purpose of estimation, we do not have to represent a plan in a
lossless way. There are also “lossy” ways to featurize query plans. Akdere
et al., 2012 proposes a plan-level modeling approach which aggregates
the above-mentioned statistical information for the whole plan as the
input feature to a model. Ding et al., 2019 aggregates such information
(called feature channels) over different combinations of physical operator,
execution mode, and parallelism (7.e., operator__mode_ parallelism as
the group-by key) as features. While structural information such as join
order is lost in such representations, the feature domain has a fixed
width and could be sufficient for certain database tuning tasks.

2.3.2 Modeling Structures of Plans

We now present several ways to take the plan’s structural information
into consideration when designing machine learning models. For ex-
amples, Tree LSTM (Tai et al., 2015) and Tree Convolution Networks
(Mou et al., 2016) are inspired by LSTM and CNN, respectively. Both
can be applied to represent the tree structures of query plans in lossless
ways, with different ways to encode other information, e.g., operator
types, relations involved, and data distributions.

Tree LSTM

The LSTM (Long Short Term Memory) networks have been shown
to be effective in making prediction after observing a sequence, even
with noisy inputs (e.g., Yan et al., 2021). Meanwhile, a plan can be
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naturally represented as a sequence as discussed in Chapter 2.3.1; thus,
it is possible to adopt LSTM to estimate the cost of this sequence.
The native LSTM cannot be directly adopted because the sequence
representing a plan has complex structure in each node, e.g., specifying
child-parent relationship. Sun and Li, 2019 and Yu et al., 2020 propose
to use Tree-LSTM model (Tai et al., 2015) to run a tree structured
input (a plan). Recall that an LSTM network has a functional form:

(h, my) < Mysmu(xe, hy—1, ms 1),

where {x;} is the input sequence, h; is the output, and m; is the memory
at time stamp t. Parameters in Mgy are learned as more sequences
are observed. Conceptually, a 2-ary Tree-LSTM can be adopted to run
and represent a plan recursively in the following way:

(hP7 mP) — MLSTM(XP7 hPL7 mPL7 hPRa mPR)a

where P = Pp, <1 Pg is a plan joining two sub-plans P, and Pgr, xp is
the input vector that featurizes the root operator (e.g., encoding its
physical type, parameters, and statistics) in P, and (hp,mp) is the
representation of P (output and memory). (hp, ,mp, ) and (hp,, mp,)
for sub-plans are derived recursively till the leaf nodes (single rela-
tions/attributes). hp is fed into the output layers to predict cost(P).

Tree Convolution Networks

CNN (Convolutional Neural Networks) is another way to model tree
structures in plans, considering that plans usually have bounded sizes.
An early attempt to explicitly represent the structure of a query or
plan as a tree is Ortiz et al., 2018. It represents each sub-query as a
learnable latent vector, starting from the whole query with an initial
vector that captures the properties of the database. These vectors are
learned in a recursive model layer by layer in the tree to predict observed
metrics for (sub-)queries or plans, such as cardinalities or latencies.

A neural network architecture, QPPNet, introduced by Marcus
and Papaemmanouil, 2019 for query performance prediction learns a
neural unit for each type of operators (instead of one recursive model).
For example, a join unit NNu(X1, Xop, X2) takes representations x; and
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xy of two partial results and features xop, about this operator (e.g.,
its join type) as the inputs; a scan unit NNscan(Xdata, Xop) takes the
representation Xgata of data to be scanned and features x., about the
scan as the inputs. To make prediction for a plan P = (R S) < T,
two join units are used: y <= NNp(NNoo (XR ; Xjoint; XS ); Xjoin2, XT); the
output y is fed into additional layers to predict the performance. Note
that a neural unit is not bound to a specific operator; instead, its
parameters are shared across all operators in the same type. In the
above example, the two join units (one for R <1 S and one for < T)
share the same learnable parameters. Thus, during the processes of
training and inference, for a plan in any shape, proper neural units can
be assembled on-the-fly to fit the true cost or to make prediction.

The learned cost models in more recent works (e.g., Marcus et al.,
2019; Marcus et al., 2021; Kang et al., 2021; Yang et al., 2022; Zhu
et al., 2023) follow a scheme called tree convolution networks (Mou et al.,
2016) to make the model understand tree structures. Since a query plan
could be in any shape (in the class of binary trees), we rely on an
operation called tree-based convolution to aggregate (3-way pooling)
information from an operator in the plan tree and its two children (for
an operator with only one child, we can always add a dummy child
under it). A tree-based convolution operation with learnable weights
is always applied on the whole plan to propagate information from all
children to their parents; and multiple tree-based convolution operators
with different dimensionality and weights can be applied to propagate
information from leaves to the root. At a very high level, a neural unit
in QPPNet can be analogous to a tree-based convolution matrix in a
tree convolution network, for each type of operators.

More concretely, each node v in the plan tree P could be either a
relation in the database D if it is a leaf, or an operator (e.g., join or
scan). Initially, we encode the following information in the represen-
tation (embedding vector) x, of each node v: i) the operator’s type;
ii) parameters of the operator; iii) relations involved in the operator;
iv) data distribution of relations. One-hot encoding can be used for
i)-iii), and iv) can be encoded as histograms directly or with learnable
embeddings. x, has the same size for all nodes; for leaf node, i) and ii)
empty and we can pad 0’s on the corresponding positions. A tree-based
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convolution operation is applied on all nodes at one time:
ng =0 (Wop Xy + Wiest Xieft(v) + Wright * Xright(v) + b) .

For every node v, x, € R%, and left(v) and right(v) are the two
children of v. Weop, Wiest, Wrignt € € R?*d are learnable convolution
matrices and b € R? is a learnable bias. ¢(-) is a non-linear transforma-
tion (e.g., ReLU) which outputs x|, € R?. This convolution operation is
parameterized by (Wop, Wiett, Wrignt, b). Multiple tree-based convolu-
tion operations can be applied one by one on the initial representation
X,’s (the output of one operation is the input to the next one). The
final output is sent to additional layers to make the prediction.

Other Approaches

Zhao et al., 2022b extends the Transformer architecture (Vaswani et al.,
2017) with height encoding (inspired by the Positional Encoding method)
and tree-bias attention to model tree structures in query plans. The
extended model, called QueryFormer, can be used for cost estimation
as well as other estimation tasks. Hilprecht and Binnig, 2022 introduces
zero-shot cost models, which enable learned cost estimation that gener-
alizes to unseen databases. Saturn (Liu et al., 2022) encodes each query
plan tree into a compressed vector by using a traversal-based query
plan auto-encoder to cope with diverse plan structures. The compressed
vectors can be leveraged to distinguish different query types, which is
highly useful for downstream tasks.

2.3.3 Modeling Concurrent Queries and Cloud Workloads

The task of cost estimation in a cloud environment with complex
workload of concurrent and correlated queries could be more complicated.
Duggan et al., 2011 started this line of research by proposing a modeling
approach to estimate the impact of concurrency on query performance,
with query latency indicators identified. These indicators are metrics
that capture the resource contention in the underlying hardware and
can be used to predict the latency of concurrent queries.

The implications of such complexity in the cloud environment are
two-fold. On one hand, the performance of query execution depends on
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the amount of allocated resource. For example, Li et al., 2022 proposes
a resource-aware deep learning model that can predict the execution
time of query plans based on historical execution statistics and features
related the allocated resource. To train their model, it featurizes the
query execution plans as well as the allocated resources. A deep learning
model with adaptive attention mechanisms is then trained to predict
the execution time of query plans. Most learned cost models introduced
in Chapter 2.3 for single queries can be also extended for handling
concurrent queries by incorporating resource-based features into the
original models (e.g., as in Marcus and Papaemmanouil, 2019).

On the other hand, more information can be retrieved from such
an environment to train machine learning models. For example, Wu
et al., 2018 extracts overlapping sub-query templates that appear across
multiple queries in the workload, and trains a cardinality estimation
model with data collected from these templates with varying parameters
and inputs. GPredictor (Zhou et al., 2020) utilizes the graph neural
network to capture the correlation between plans of different queries, and
the calibrates the prediction across different plans; thus, the performance
of a specific plan can be estimated more accurately.

Siddiqui et al., 2020 investigates two key questions about cost models
for big-data query optimization and processing: i) whether we can learn
accurate cost models for big data systems; ii) whether we can integrate
the learned models within the query optimizer.
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Exploring Plan Space

A native query optimizer, without additional changes, can use a learned
cost model cost(P), which is derived by either plugging a learned car-
dinality estimator (introduced in Chapter 2.2) in the traditional cost
model or directly invoking a machine learning model for predicting plan
cost (introduced in Chapter 2.3), to improve its performance. This is
also one way how previous works on learning-based cardinality /cost esti-
mation evaluate the accuracy of their approaches. This straightforward
integration of learned models into plan enumerators, however, may not
be an effective way to explore the plan space for two reasons.

First, learned cardinality or cost estimation models usually have
non-trivial inference costs. If a plan enumerator invoke such modes too
many times, its optimization cost can be prohibitive.

Second, recall that a model for predicting plan cost, cost(P) <«
Mp p(P), is trained and updated after observing a historical collection
P of plans. P can be considered as the plan space explored by the plan
enumerator in the query optimizer on a workload of queries so far. There
are opportunities to co-design the plan enumerator for selecting P and
exploring the plan space more actively, so that Mp p can be continuously
tuned as more queries and plans are observed, and high-quality plans
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are not missed during the search procedure.

We will introduce three types of approaches to explore the plan
space. The first one directly utilizes the model Mp p for cost prediction,
and actively generates multiple candidate plans for a given query to
balance exploration and exploit (Chapter 3.1). The second one twists
Mpp to be a value network (by twisting the loss function a bit) and
conducts generative search to build up plans (Chapter 3.2). The third
one is based on the idea of learning to rank (Chapter 3.3).

3.1 Generating Candidate Plans: Exploration and Exploit

The purpose of generating more than one candidate plans for a given
query q is two-fold. First (exploit), we want to select the best candidate
plan for execution using the trained model Mp p. Second (ezploration),
since it is expensive to obtain true labels for Mpp by executing plans,
we want to select a candidate plan that helps build up more experience
after being added to [P and improve the accuracy of Mp p.

A formulation based on multi-armed bandits. Marcus et al., 2021
provides a formulation based on contextual multi-armed bandits.

Consider a workload QQ of queries. For each query ¢q € QQ, suppose
we can ask an oracle C(q), i.e., candidate generator, to generate a set
of candidate query plans for ¢. The number of candidate plans |C(q)] is
typically much smaller than the total number of valid plans [P(q)|. We
will introduce several ways to implement the candidate generator later.

An algorithm Ac(q) selects from C(q) a plan P to be executed. After
its execution, P is added to P and Mp p is updated. The regret for a
query q is the difference between the performance of Ac(q)’s selection
and the best of candidates in C(g). Formally, the regret is

R, = cost(Ac(q)) — Plél(él(lq) cost(P).

Each “arm” here is a choice from C(g). By utilizing and updating Mp p
over time, the algorithm A¢ aims to improve its selection and get closer
to choosing optimally from C(q) (i.e., minimizing regret). Note that the
goal is not too aggressive, as we are not aiming at choosing the best
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possible plan among all valid plans P(g). In the long run, we may want
to minimize the regret for the workload Q, R(Q) = E[}, R,], and thus
balance the trade-off between exploration and exploitation.

Utilizing and Updating Model

Assuming that the model Mpp does not have significant bias, it is
always a wise choice for A¢ to select the plan with the minimum es-
timated cost for execution, i.e., P < arg minpec(q) Mpp(P). After
being executed, P is added into P with the performance statistics (i.e.,
true cost) collected. Marcus et al., 2021 adapts the Thompson sam-
pling algorithm (Thompson, 1933) to update Mp p. Suppose Mp p has
model parameters (weights) @ r¢. According to the scheme of Thompson
sampling, theoretically, whenever a new plan is executed and added
to P, the model Mp p should be re-trained with 6, sampled from the
distribution P(@x¢ | D, P). Two questions remain: i) how to ensure the
sampling properties about @4; ii) in the context of query optimization,
it is not practical to re-train the model whenever P is updated.

Mpp is usually a neural network (e.g., tree LSTM network or
tree convolution network introduced in Chapter 2.3.2) and normally
a training algorithm finds the most likely model weights, instead of
sampling its weights from P(0, | D, P). Marcus et al., 2021 proposes to
adopt an alternative implementation of Thompson sampling (Osband
and Roy, 2015): the model is trained as usual, but on a “bootstrap” of
the training data: when the network needs to be trained, we draw |P)|
random samples with replacement from P as the training data, inducing
the desired properties about the weights 0 4.

In practice, Marcus et al., 2021 re-train Mpp when every £ new
plans are added to the observation P (instead of every plan). When P
becomes too large, we can focus on the most recent m plans observed.

Implementing Candidate Generator

A straightforward implementation of the candidate generator is to draw
random samples from all valid plans P(g) for a query g. The obvious
drawback is that, with high likelihood, high-quality plans could be
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missing in a random sample; otherwise, the sample size has to be too
large for the algorithm Ac to pick a good plan with reasonable cost.
There are two requirements for the candidates in C(q). i) For the
purpose of query optimization, the candidate list must include some truly
good plans for consideration. ii) For the purpose of plan exploration,
we want to catch past optimization mistakes and adjust the model
Mp p timely using the newly observed runtime information, and thus
candidate plans in C(q) needs to be diversified sufficiently. To this end,
there are two ways to design and implement the candidate generator
without intrusively modify the plan enumerator in query optimizers.

Tuning hint-set for candidate generation. Bao (Marcus et al., 2021)
proposes to correct the native query optimizer and enforce it to ex-
plore different possibilities via hint-set tuning. There are binary hints
(boolean flags) available in RDBMS for the DBA to disable/force certain
types of optimization rules. For example, disable/force index usage and
disable/force merge join. Let H be the set of all such hints. Any subset
of H can be used to enforce the native query optimizer to generate a
potentially different plan with higher quality. For a query ¢, we can
enumerate all hint sets H € 27, invoke the native optimizer for each
hint set, and keep the unique resulting plans as C(q)

The worst-case choice by the search algorithm Ac is bounded by the
worst plan in C(q), while some truly good plans could be generated by
C(q) under certain hint sets. For example, for a highly selective query, a
left-deep loop join plan could be a good candidate in C(q) by disabling
hash and merge joins even if the cardinality estimation is erroneous.

There are also drawbacks of this approach. First, modern databases
may expose up to hundreds of hints. That is, H could be too large for us
to try all hint sets H € 2%, especially in industrial deployments (Negi et
al., 2021b; Zhang et al., 2022), even though there are a lot of duplicates
among the resulting plans. Second, when H is large, the selection of
hint sets for C(q) to generate candidates requires good knowledge about
the query optimizer and the workload. Anneser et al., 2023 proposes a
greedy hint-set search algorithm to generate promising candidates with
reasonable overhead, and a generic hint-set steering framework that can
be connected to various databases. Another alternative proposed by
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Woltmann et al., 2023 is to model the hint-set selection problem as a
classification task and train a query-context-aware classification model
to help pick the best hint set.

Tuning cardinality estimator for candidate generation. Lero (Zhu
et al., 2023) uses the cardinality estimator as a tuning knob to generate
candidate plans C(q) for each query ¢. Recall the relationship between
cardinality and cost (in Chapter 2.1). The cost model used in the native
query optimizer, cost(P;§), invokes the cardinality estimator §(-) for
sub-queries in P to calculate the cost estimate. Theorem 2.1 says that,
in order to find high-quality plans, the cardinality estimates for sub-
queries just needs to be close enough to their true cardinalities. Thus, we
can purposely scaled up/down the cardinality estimates for sub-queries
before feeding them into the cost model in the native query optimizer.
The optimizer may either generate a better plan for a query ¢ (if tuning
towards the true cost of a sub-query which was incorrectly estimated),
or a worse plan (tuning in the opposite direction).

Plans with various quality also increase the diversity among candi-
dates. In particular, it is shown that diversity can be introduced in the
generated plans by tuning selectivities (cardinalities) of predicates in a
query Dey et al., 2008 and Doraiswamy et al., 2008.

There are still too many ways to tune the cardinality estimates for
sub-queries. Thus, for a query ¢, at one time, we can focus on its size-k
sub-queries and scale their cardinality estimates all by a factor of «
(when the native optimizer asks for them), while keeping the estimates
for other sub-queries unchanged). For each choice of (k,«), the native
optimizer can be invoked and generate a candidate plan to be added
into C(g) (note that we do not execute it at this point). One advantage
of this candidate generator is that it replies only on a fundamental
component, the cardinality estimator, of cost-based query optimizers,
but is not bound to any specific version or brand of RDBMS.

3.2 Generative Search with Value Network

In generative search, we build up a plan from scratch (bottom-up). For a
given query, initially no operator is executed. We call it the initial state
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or the empty subplan. A subplan can transit to another subplan if one
more operator is specified: i) specifying a scan to be a table scan or an
index scan on a relation; or ii) specifying two relations or intermediate
results to be joined and the join type. Consider a simplified example
with a query joining four relations ¢ = A <t B <1 C <1 D:

Py P P P3
[A,B,C,D] = [A~B,C,D] = [AxB,Cx D] = [(AxB)x(Cx D).

P, is the empty subplan; in subplan P;, A and B are joined; then C
and D are joined in P5; and eventually Ps is the complete plan.
Starting from the empty subplan Py, there are a lot of ways to reach
a complete plan after multiple transition steps. The goal of generative
search is to find a transition path to reach the best complete plan.
Different from dynamic programming algorithms in traditional query
optimizers (e.g., Moerkotte and Neumann, 2008) and approaches based
on candidate generation (introduced in Chapter 3.1), instead of costing
a plan or a subplan, a generative search algorithm (Marcus et al.,
2019; Yang et al., 2022) relies on a value network V(P,q) to predict the
performance of the best-possible complete plan that a subplan P could
reach for a query q. We denote P < P’ iff a subplan P can reach P’ after
one or more transition steps. Formally, the value network estimates

V(P,q) ~ min{cost(P") | P X P" AP € P(¢)}.1 (3.1)

Recall that P(q) is the set of valid plans (complete plan) for q.
Assuming the value network V(P,q) has been trained, there are
many generative search algorithms with different complexity-optimality
tradeoffs, ranging from greedy search, to best-first heap or beam search
(Marcus et al., 2019; Yang et al., 2022) and Monte Carlo tree search.
For a given query ¢, the best-first heap search works as follows. A
min heap is initialized with only one element, the empty subplan F.
The heap is ordered by the value network’s output for each subplan (i.e.,
the estimated cost of the best complete plan that a subplan could reach).
In each iteration, the top of the min heap, denoted by Pqp, is removed.
Every subplan P’ that Py.p can transit to (with one more operator

'Note that it is different from the convention of value networks in reinforcement
learning here: the smaller V(P, q), is the better.
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specified) is inserted into the heap. As more and more operators are
specified, complete plans for the query ¢ will be added to the heap. The
first complete plan that is removed from the heap is expected to be the
best plan, if the value network’s estimation is accurate.

There are a lot of variants of the above algorithm. If the value
network’s estimation is accurate, the greedy search suffices (Krishnan
et al., 2018), i.e., for each subplan removed from the heap, we only
add the best subplan it can transit to back. Since the value network’s
estimate is usually inaccurate, we normally add the best k subplans
back to the heap, which is called k-beam search; meanwhile, we may
continue the search procedure till ¢ complete plans are removed from
the top, and the best among them is used. We can also restrict the heap
to keep only the best b subplans to speed up the search procedure (Yang
et al., 2022). Chen et al., 2023a proposes a fusion of e-greedy algorithm
(Watkins, 1989) and beam search, called e-beam search: among the &
subplans in beam search to be inserted into the heap, a random number
(whose distribution depends on €) of subplans are generated randomly,
for the purpose of exploring more diversified plan space.

The class of heap search algorithms have the benefit of being “any-
time algorithms”—they can be run for as long as needed (under a budget
of optimization cost), getting better results (in expectation) the longer
they search. The greedy search has lower complexity than the traditional
dynamic programming search, assuming an accurate value network.

We can also learn a policy function 7 : subplan — operator to
guide the search, i.e., for a subplan (state) which operator to be added
(action), as in RTOS (Yu et al., 2020) and BASE (Chen et al., 2023b).

Training the value network. A machine learning model Mp p(P)
introduced in Chapter 2.3 can be trained as the value network V(P, q).
For most model architectures introduced in Chapter 2.3, features about
the query g can be easily encoded; however, it is not straightforward to
obtain the true label, i.e., the R.H.S. of (3.1), the performance of the
best-possible complete plan that the subplan P can read for answering
q. Thus, Marcus et al., 2019 and Yang et al., 2022 approximate the
true label of V(P,q) with the best performance of ¢’s complete plans
that the subplan P can reach and have been seen so far by the system.
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The model is trained to minimize the L2 loss between predicted and
such approximate true label. With different goals of selecting execution
plans, other labels (e.g., relative execution latency) and loss functions
are also introduced by Marcus et al., 2019 and Chen et al., 2023a,
Note that the label for a data point (P,q) obtained in the above
way can be updated, if a better complete plan for the query ¢ is found
after the system is running for a while. Thus, when a data point is used
again later for updating the model, we rely on its most recent label to
alleviate the impact of inaccurate labels in previous training iterations.

Cold-start and model updating. There is a lack of training data
to train the value network V before sufficient plans are observed and
executed for the query workload. Yang et al., 2022 proposes to use
the native cost model in the query optimizer for cold-start. That is,
a simulated value network Vgip is firstly trained on a synthetic query
workload without executing any plan; the label of a data point (P, q),
i.e., R.H.S. of (3.2), is generated from the native cost model cost:

Vsin(P, ¢) ~ min{cost(P') | P < P' A P' € P(q)}. (3.2)

The labels for training Vgi, can be calculated using dynamic program-
ming (similar to how the native query optimizer search for the best plan
using cost). After fully trained, model parameters of Vgi, are copied to
the real value network V (with the same network architecture), and V is
used in generative search and fine-tuned using real execution feedback.

At the beginning, the value network V can be fine-tuned with a
sample workload. As more and more execution statistics are collected,
V is updated periodically: we can either sample a batch of training data
points from the whole historical observation (Marcus et al., 2019) or
sample training data points from iterations since V’s last update, i.e.,
so-called on-policy learning (Yang et al., 2022).

3.3 Learning to Rank Plans

Approaches introduced in Chapter 3.1 and Chapter 3.2 reply on cost
prediction models and value networks (potential prediction models) to
explore the plan space. While it is natural to develop regression models



3.3. Learning to Rank Plans 39

for such prediction tasks, Zhu et al., 2023 asks: for the purpose of
query optimization, do we really need to estimate/predict the execution
latency or any other performance metric in the form of cost model?

In essence, what we need for query optimization is a learned oracle
that is able to rank a set of valid query plans with respect to their
execution efficiency. Looking back, traditional cost models are essen-
tially “human learning” models, whose parameters, i.e., magic constant
numbers, have been tuned with decades of engineering efforts. Under
the learning-to-rank paradigm, traditional and learned cost models can
be regarded as pointwise approaches (Liu, 2009), which outputs an
ordinal score (i.e., estimated cost) for each plan to rank them. Lero
(Zhu et al., 2023) adopts an pairwise learning-to-rank approach.

Zhu et al., 2023 explores the plan space via candidate generation
(as introduced in Chapter 3.1) and pairwise plan comparison.

A comparator model is trained to compare two plans and predict the
better one (binary answer). Compared to other pointwise approaches,
training such a binary classifier is often easier (Johannes and Eyke,
2011). Note that a pairwise comparison model is also used for index
tuning by Ding et al., 2019. More formally, a comparator generates a
binary answer for any two plans P, and P»

0 if latency(P;) < latency(Ps)

cmp( Py, Py) = _
1 if latency(P;) > latency(F»)

. (33)

based on specified performance metric, such as latency. A comparator
model M]]C)I?]g(-, ) = (0,1) can be trained to approximate the above
oracle cmp, such that if MBS%(PM Py) < 0.5, we predict cmp(Py, P2) =0,
and if otherwise, cmp(P;, P>) =1 (as in a classification task).

For a given query ¢, a set of candidate plans C(gq) are generated
with the approach introduced in Chapter 3.1. The plan comparator is
invoked |C(g)| — 1 times to select the best execution plan.

In the above selection process, the comparator model needs to
preserve two properties (otherwise, different orders of plans in C(q)
would lead to different selection results). The first one is commutativity:

MGE(P1, Po) = 1 — My%(P2, P),
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Plan P, Latency(P,) > Latency(P;)

Latency(P;) < Latency(P, )
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Figure 3.1: A plan comparator model with d = 1 (Zhu et al., 2023).

that is, exchanging the order of input plans does not affect the compar-
ison result. The second is transitivity:

Mp(Pr, P2) < 0.5 AN MpE(P2, P3) < 0.5 = Myp(Pr, P3) < 0.5,

that is, P, is better than P> and P; is better than P3 imply that P is
better than P3. We will introduce how to train such a comparator next.

A comparator model. Zhu et al., 2023 introduce a simple but effective
way to extend single-plan costing models (e.g., those introduced in
Chapter 2.3) for comparing pairs of plans. The comparator model
Mf;lﬂg(Pl, Py) (outlined in Figure 3.1) has two copies of a plan embedding
sub-model PlanEmb(-), which share the same model architecture and
values of learnable parameters. PlanEmb(P;) and PlanEmb(F2) map
plans P; and P, from the original feature space to a d-dim embedding
space, in order to learn differences between plans. Either tree LSTM
or tree convolution networks introduced in Chapter 2.3.2 can be used
as the sub-model PlanEmb, and its two copies in the comparator are
trained and updated together. The plan embeddings of P; and P are
compared with the following comparison layers to generate an output in
(0,1), indicating which one is better. For d = 1, we can simply feed their
difference x = PlanEmb(P;) — PlanEmb(P) into an activation function
¢(z) = (1 + exp(—x))~! to generate the final output.

It can be shown that no matter whatever values of parameters are
learned, the above comparator model satisfies both commutativity and
transitivity for d = 1 (Zhu et al., 2023).
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Training and updating the comparator. The comparator is trained to
maximize the likelihood of outputting the right order of any two plans.
Lero (Zhu et al., 2023) introduces a loss function to this end.

Instead of training from scratch, Lero pre-trains the comparator
model offline first on synthetic workloads to inherit the wisdom of the
native query optimizer (similar to how to cold start the training of
value network in Yang et al., 2022). For each query in the workload,
its candidate plans are compared under the native cost model (without
being executed). The comparison results of pairs of plans are used as
labels to pre-train the comparator model. As the native cost models
are often in a class of functions with simple structures, the model
pre-training converges very fast, and after that, the comparator model
performs at least as good as the native cost model.

The comparator model is then continuously trained and updated
online on real workloads with training data collected during actual
executions of plans. Suppose the system has executed h plans (of
possibly different queries) and a new plan is selected and executed, we
can compare the latency of the new plan with that of the previously
executed plans and form h plan pairs for training. Meanwhile, since
idle workers commonly exists in big data platforms (Zhou et al., 2012;
Negi et al., 2021a) for, e.g., performance testing, we can use them to
execute k > 1 candidate plans for each query (when idle workers are
available), and form k(k—1)/2 pairs for training. The comparator model
is updated periodically with batches of such training data points.
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Open Research Challenges

There are still open challenges for both researchers and engineers to
tackle in order to deploy the algorithmic and system innovations for
learned query optimizers in production. We conclude this survey with
the discussion of some open research challenges.

Pre-training models. The very first few questions a database engineer
would raise when being asked to integrate a learned query optimizer
into a commercial database are how expensive it is to train the machine
learning models and how much training data we need to collect. While it
is important to ensure that the models used in learned query optimizers
are not too large, and can be cold-started with little or no execution
statistics as in, e.g., Balsa (Yang et al., 2022) and Lero (Zhu et al.,
2023), pre-training models is one way to alleviate such concerns. We
can pre-train the models in a learned query optimizer with a large and
diverse corpus of datasets, and fine-tune them (if necessary) with only
a little resource when the optimizer is used on a specific workload. We
want the pre-trained models to capture two types of information.

The first type of information is some common frequency and corre-
lation patterns in structured datasets, especially for those generated in
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the same vertical domain (e.g., finance or sports). This is analogous to
pre-trained models that are vastly used for images and text. For the task
of cardinality estimation, Iris (Lu et al., 2021) is the first attempt to
pre-train encoders for data summarization and pre-train decoders to gen-
erate cardinality estimates with these summaries. The summarization
model can be incrementally updated for a specific workload.

The second type of information is the universal and workload-
invariant logic behind a task. For example, some traditional cardinality
estimators are closed-form formulas on data sketches such as histograms;
these formulas or estimation algorithms are derived under certain as-
sumptions about the contents of databases (e.g., the independence
assumption) and can be vulnerable when the assumptions are violated.
Meanwhile, for some statistics such as number of distinct values (NDV),
it is inherently difficult to derive accurate estimations from data sketches
(Charikar et al., 2000) with worst-case guarantees. Via pre-training on
a diverse corpus, the ability of universal approximation from neural
networks (Sonoda and Murata, 2017) may help explore the function
space for more robust or instance-optimal estimations (especially those
that cannot be represented as statistical estimators). Wu et al., 2021 is
such an attempt for estimating NDV with sample sketches.

System infrastructure. The deployment of learned query optimizers
in databases requires close cooperation between machine learning and
database developers and heavy engineering cost. These two communities
have very different programming paradigms (e.g., PyTorch v.s. C).
Although we expect that the gap is closing, it is rare that one developer
masters both. Thus, it is important to have an abstraction of the learned
query optimizer to be deployed so that machine learning and database
developers can focus their own components, and facilitate the resource
management and isolation for model training and inference.

Ideally, we want to build learned query optimizers as middlewares
that can be plugged into different database systems (e.g., from Post-
greSQL to Spark) with minimal efforts of modifying the implementations
of certain interfaces, while machine learning developers can focus on
iterating the algorithms and models. Moreover, for a fair benchmark
of different solutions, it is better for them to share as many atomic
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operators as possible in such a middleware (e.g., how plans are fetched
from and pushed into the database for execution). AutoSteer (Anneser
et al., 2023) and PilotScope (Zhu et al., 2024) are two early attempts
on designing and implementing such a system infrastructure.

Quality control. Quality control of plans generated by a learned query
optimizer, or a new version of an optimizer, is not a new challenge. For
example, Apollo (Jung et al., 2019) can take in two versions of a query
optimizer, automatically detect performance regressions, locate the root
cause of regressions, and produce performance regression reports.

According to the experimental studies in, e.g., Marcus et al., 2021,
Yang et al., 2022, and Zhu et al., 2023, after properly trained, learned
query optimizers are able to generate better plans than the native query
optimizers in database systems do for a majority of queries in standard
benchmarks such as TPC-H and TPC-DS, and thus provide non-trivial
performance improvement on average. However, performance regression
seems inevitable for some queries due to the inherent difficulty in model
generalization in these learned query optimizers.

Negi et al., 2021b devises an offline pipeline which utilizes SCOPE’s
compiler, flags, and A/B testing infrastructure to analyze historical
jobs, and extracts effective configurations to learn models for future
recurring jobs. It can be also interpreted as a framework which uses idle
resources to run A/B testings for quality control in recurring workloads.

Quality control can be formulated as a classification task, which
determines whether the plan generated by the learned query optimizer
is better than the plan generated by the native optimizer. If not, we can
always execute the latter instead. Ideally, if we can train a classification
model that is sufficiently accurate, the deployment of a learned query
optimizer can bring us robust online performance gains. Eraser (Weng
et al., 2024) is an early attempt in this direction, but we expect more
efforts to make learned query optimizers truly applicable.
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