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Abstract
Query optimization has long been a fundamental yet challenging topic in the database field. With the prosperity of machine
learning (ML), some recent works have shown the advantages of reinforcement learning (RL) based learned query optimizer.
However, they suffer from fundamental limitations due to the data-driven nature of ML. Motivated by the ML characteristics
and database maturity, we propose LEON–a framework for ML-aidEd query OptimizatioN. LEON improves the expert query
optimizer to self-adjust to the particular deployment by leveraging ML and the fundamental knowledge in the expert query
optimizer. Different from the previous regression objective, we propose a pair-wise ranking objective and train a ranking
model for plans. To help the optimizer escape the local minima and avoid failure, a ranking and uncertainty-based exploration
strategy is proposed, which discovers the valuable plans to aid the optimizer. To enhance the robustness and practicality of our
framework, we introduce an advanced version of the LEON framework, referred to as LEON+. By dynamically adjusting the
optimization space, we significantly enhance the framework’s robustness against unseen workloads and drastically reduce the
costs associated with exploration. We have seamlessly integrated the LEON+ framework into traditional optimizers, enabling
unobtrusive and automated tuning. Extensive experiments offer evidence that the proposed framework can outperform the
state-of-the-art methods in terms of end-to-end latency performance, training efficiency, and stability.
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1 Introduction

The query optimizer, a crucial part of database manage-
ment systems (DBMS), is the most significant aspect that
can affect a DBMS’s performance. It aims to find the opti-
mal query execution plans for a given SQL query before the
actual execution. With the increasing complexity of DBMS,
the query optimizer needs to be carefully tuned by database
experts. Despite decades of research [40], query optimizer
still struggles to deliver satisfactory performance and is time-
consuming to maintain [20].

Background: Recently, studies on machine learning for
databases (ML4DB) have attracted more and more attention
and shown the superiority of boosting traditional database
performance in a data-driven way [2, 21, 24, 41, 58]. In
particular, reinforcement learning (RL) is applied to build
a standalone query optimizer to generate query plans and
demonstrates its advantages in finding competitive query
plans without the help of a traditional query optimizer [18,
26, 27, 54]. However, none of the “replacement” methods
have been applied in practical usage.
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Based on the lessons learned from previous work, we
argue that machine learning (ML) can hardly replace the
traditional query optimizer. We make our argument based
on the fact that ML-based methods learn domain-specific
knowledge in a data-driven manner. Thus, it suffers from the
following two fundamental limitations:

(L1): ML is not an universal solution. It cannot replace the
basic knowledge and axioms embedded in database sys-
tems like relational algebra, query rewriting rules and logical
equivalent rules. Previous RL-basedmethods only solve sim-
plified select-project-join (SPJ) queries but are unable to
handle complicated situations such as subquery, where much
more rules and search space should be learned. In addition,
theMLmodel needs to learn fromscratch oncemore transfor-
mation rules are added to the optimizer. Otherwise, it could
fail due to the unknown search space. On the contrary, the tra-
ditional query optimizer is a full-fledged and general-purpose
system [40] that has been studied formore than three decades.
It is widely used to handle almost any situation and there are
various optimizations for it.

(L2): ML methods suffer from the infamous cold-start prob-
lem [5].Query optimizers are “safety-critical” systemswhere
significant query performance regression should be avoided
[8, 25]. However, the performance of MLmodels might fluc-
tuate significantly during the training phase when the data is
a bottleneck. Previous research on learning-based methods
assumes that there is enough training data available [26, 27],
which is not always the case in practice. In contrast, tradi-
tional query optimizers are known to be efficient and effective
in producing reasonable execution plans in most cases. Even
though some knowledge can be learned by ML, it is more
reasonable for awell-establishedDBMS to continue utilizing
existing knowledge (an expert optimizer) rather than replac-
ing it. For example, for a low selectivity scan operator, the
DBMS knows there is a high chance that the index scan will
be much more efficient than the sequential scan, while the
MLmethods have to collect execution feedback to recognize
that.

According to the aforementioned limitations, we summa-
rize the following key design principles:

(P1): ML should aid the traditional query optimizer instead
of replacing it. As mentioned in (L1), the traditional query
optimizer is general-purpose. As a result, it is only capable of
maintaining coarse-grained knowledge, such as histograms
and knobs, rather than fully utilizing domain-specific knowl-
edge, such as database instances, execution engines, and
underlying data distribution, at which ML is skilled. In fact,
themost imperfectness of traditional query optimizers results
from the inability to perceive such domain-specific factors,
leading to poor cardinality estimation, costmodeling, or knob
configuration [3, 15, 20, 25, 42, 43]. In other words, ML

should aid the traditional query optimizer to compensate for
the aforementioned flaws.

(P2):ML can utilize the prior knowledge from the traditional
query optimizer to accelerate training and avoid failure.
Most previousworks start trainingMLmodels froman empty
or randomly filled knowledge base, which is time-consuming
to surpass the traditional optimizer. As mentioned in (L2),
expert knowledge in databases can be helpful whenML faces
practical challenges. Thus, instead of learning from scratch,
theMLmodel can start from the knowledge of the traditional
query optimizer.

LEON: Based on the design principles, we propose LEON
for leveraging ML to aid the query optimizer in the previous
conference version [7]. Specifically, we leverage the power
of ML in a ranking model to make the traditional query opti-
mizer start from its current performance and self-adjust to a
certain dataset or workload, which is beyond what a database
architect or human expert can do manually. LEON combines
the advance of learning-based methods and expert knowl-
edge in the query optimizer. Even if the ranking model fails,
it can easily fall back to the traditional query optimizer.

Specifically, we leverage the basic knowledge including
rewriting rules, transformation rules, and standard search
strategy from the DBMS. We design a mixed cost estima-
tion combining both the expert cost model and the ranking
model to guide the plan search process. LEON takes the cost
model as the initial cost estimation and uses a ranking model
for cost calibration, to make the cost model more consis-
tent with the user-defined goal (e.g., latency). The ranking
model will only calibrate the erroneous cost estimation from
the cost model based on execution history or existing query
logs instead of learning from scratch. For example, when
LEON finds the cost model over-estimates a sub-plan during
plan search, it will automatically calibrate the cost to a lower
value compared to other plans. In this way, the cost model
will guide the query optimizer to find the best execution plan.
In Sec. 7.6, we find that leveraging expert knowledge has a
strong inductive bias and a restrictionwhen the learning com-
ponent is not effective, which gives the learned optimizer’s
performance a great lower bound guarantee.

While this might sound like a straightforward solution,
it is not. In fact, as we will show, learning the cost model
is a non-trivial task. There are two key concepts serving as
learning objectives:

(O1):Thequeryoptimizationproblem is essentially a ranking
problem insteadof a regressionproblem.Existingworks typi-
cally treat cost estimation as a supervised regression problem
[42, 43]. However, the widely used accuracy metric for cost
estimation cannot reflect a method’s end-to-end query per-
formance [33], which prevents them from deployment in
DBMSes. Intuitively, regardless of the absolute value, the
plan decision is only based on the ranking of the candi-
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date execution plans. No matter how terrible the tail plans
are, the best plans can be chosen from the top-k candi-
date plans. Actually, the Learning to Rank (LTR) problem
has been studied extensively in recommendation systems [9,
56]. It has been shown that pair-wise ranking approaches are
more widely used compared to point-wise approaches (i.e.,
learning absolute values). In this paper, we formalize cost
estimation as a contextual pair-wise ranking problem. We
train the ranking model to learn the relative order between
two plans regardless of the absolute value of cost estimation.

(O2): Based on (O1), we consider ranking and quantifying
the uncertainty of the ranking model to explore valuable plan
space to enhance model performance. Exploitation versus
exploration is a critical topic in the ML community, which
also applies to the learning-based optimizers [25, 26, 50].
We design a robust plan exploration strategy to strike a great
balance. There are two important factors: (1) To exploremore
efficiently, our first insight is that a planwith a higher ranking
position should be explored with a higher probability since
the optimizer inherently cares more about the higher-ranked
plan than the lower one. (2) To explore more effectively, our
second insight is that the learned optimizer should correct
its errors that lead to sub-optimal query plans. We extend the
rankingmodel to generate cost calibration and corresponding
uncertainty for that calibration simultaneously. We dig deep
into them and find that the erroneous execution plans have a
positive correlation to the uncertainty of the ranking model.
Thus, we define two exploration criteria— top-k ranking and
uncertainty to solicit the potential plans. Finally, selected
samples will be executed to collect execution feedback for
training.

Based on the design principles, the initial conference ver-
sion [7] of this study has demonstrated its effectiveness in
aiding the query optimizer. However, LEON still faces poten-
tial problems in the following two aspects. (1) Potential
performance regression: LEON aids the query optimizer by
learning from historical query execution feedback. Given the
extensive plan space for queries, there is a potential perfor-
mance regressionwhenLEONoperates on a large and unseen
plan space. For example, when handling a new query, LEON
may extend the plan space to unseen plans with different
predicates or join conditions, thus leading to incorrect pre-
dictions. (2) Exploration overhead: another limitation is that
LEON potentially incurs exploration overhead. Specifically,
to identify valuable plans for improving cost calibrations,
LEON executes additional superior plans. As a result, there
is a lack of a control mechanism to manage the overhead of
exploration.
LEON+: To address the issues mentioned above, we intro-
duce a robust version of LEON called LEON+. Unlike the
full-level optimization (refer to Sec. 2.4) in LEON with the
aim of maximizing performance gains, we design LEON+

to provide a safe (i.e., with minimal performance regression)
and efficient (i.e., with minimal training overhead)ML-aided
query optimization framework. Our core assumption is that
enhancing overall query optimization can be achieved by
focusing the scope of the ranking model on a key subset of
plan spaces. Building on this foundation, we propose four
key improvements that significantly enhance LEON’s per-
formance. (1) Tomitigate potential performance regressions,
we introduce the concept of an space in LEON+. Defined as
a specific subset of the entire plan space, the optimization
space selectively enhances the traditional query optimizer’s
performance. The optimization space is designed to maxi-
mize performance gains while minimizing regression risks,
as discussed in Section 2.4. (2) As the search space grows
exponentially with the complexity of queries [20], we pro-
pose an efficient top-down exploration strategy to manage
the optimization space dynamically using accumulated his-
torical knowledge in Section 5.1. Such a strategy can reduce
exploration overhead significantly while preserving perfor-
mance gains. (3) To enhance the robustness of the ranking
model, we improved the generalization of LEON+ by intro-
ducing a lightweight validation model in Section 4.3. This
validation model acts as a gatekeeper to prevent the selec-
tion of plans that would lead to performance deterioration.
(4) We further implement a seamless integration of LEON+

into PostgreSQL without disrupting standard database ser-
vices, demonstrating its practicality in Section 6. We have
open-sourced our code 1, which contributes to research on
the integration of AI with databases.

In summary, our contributions are as follows.

1. We present LEON+, a safe and efficient ML-aided learn-
ing framework for the expert query optimizer. LEON+

integrates ML models deeply into traditional optimizers,
combining both ML and expert knowledge.

2. We propose a contextual pairwise ranking objective for
queryoptimization,which aims tohelp theML-aidedopti-
mizer make better decisions.

3. We introduce an optimization space to limit the model
calibration scope within the query optimizer and dynami-
cally manage the space, enhancing efficiency and efficacy
without compromising performance.

4. We enhance the generalization of LEON+ by blocking
deteriorated plans with a validation model significantly.

5. We further integrate LEON+ into PostgreSQL to leverage
substantial plan space without affecting normal database
services.

1 https://github.com/Thisislegit/LeonProject
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2 Background andmotivation

In this section, we first describe the traditional query opti-
mizer. Then we analyze how ML methods tackle query
optimization and compare them to traditional query opti-
mizers. We summarize the existing learning-based query
optimization methods and corresponding characteristics. In
general, we can categorize them into two classes: ML-
replaced and ML-aided. Finally, we discuss different types
of granularity for ML-aided components.

2.1 Standard query optimizer

The basic paradigm of a traditional query optimizer is to
enumerate candidate plans and then search for the optimal
one among them with a cost model. Dynamic programming
(DP) is utilized as the core search strategy [13, 14, 40]. The
DP enumeration module is based on the optimality principle
andmemorization. Optimality principle: DP decomposes the
global optimal solution into iterations for the local optimal
solution. To illustrate, given a complete logical expression
(query) Q, the equivalent set S is defined by a combination
of the logical expressionq (q can be a partial expression of Q)
and physical propertyω, which is denoted by S = (q, ω). DP
continuously enumerates larger S into physical plans p and
obtains the optimal solutionuntil S is as large asQ.Wedenote
by C(S) the set of rule–enumerated candidate physical plans
for the equivalent set S.Memorization:A look-up table keeps
track of the optimal plan for explored equivalent sets. The
suboptimization decisions (subplans) in the look-up table can
be used in the complete plan.

Here we describe an overview of the bottom-up search
engine. The search engine finds possible execution plans
for a query by successively iterating on the number of rela-
tions joined so far. The input to the search engine is a set
of base relations (denoted by R(q)). Then for each level i :
(1) Plan Enumeration: The plans containing i base rela-
tions for the same equivalent set S will be generated based
on the combination of former optimal plans saved in a look-
up table. (2) Cost Computation: The statistic for every plan
will be derived to compute the cost by a cost model. (3) Cost
Comparison and Memorization: The optimal plan and cor-
responding cost from the set of candidate plans C(S) are
chosen andmemorized in the look-up table. (4) If i = |R(q)|,
the search process finishes, and the optimal plan is returned.
Otherwise, go back to step (1).

To discover the optimal execution plan, two conditions
must hold: (i) complete and correct plan enumeration: the
enumeration module should generate the entire legal plan
space for each equivalent set S = (q, ω) (no admissible
implementation is omitted) and every generated plan must
be semantically equivalent to q while satisfying ω; and (ii)
effective costing: the optimizer must assign sufficiently accu-

rate costs to candidates in C(S) to rank them reliably. When
both aremet, theDP search returns the globally optimal plan.

2.2 Why learn what we already know?

Recent works leverage reinforcement learning (RL) tech-
niques to learn an end-to-end query optimizer to replace the
traditional query optimizer [18, 26, 27, 50, 54]. We call them
ML-replaced methods. In this subsection, we compare these
methods with the standard query optimizer in two crucial
components in detail. We find that the fundamental knowl-
edge and axioms in traditional query optimizers cannot be
and need not be learned by ML models.

Plan Enumeration. The transformation rules exhibit
the basic knowledge of query optimization, which should
be preserved. Transformation rules, specifying equivalence
transformations for logical expressions and physical imple-
mentations, represent the knowledge of algebraic law for plan
enumeration in an equivalent set. For example, the trans-
formation rules can unnest an IN/EXISTS subquery to a
semi-join, which expands search space. A subquery can also
be pushed up to be evaluated in advance, so that it can appear
in the earlier steps of the overall execution plan, thereby
obtaining a better execution plan. On the contrary, an ML
model, learned in a data-driven fashion, can hardly reason out
such complex rules and patterns. As a result, existing ML-
replaced methods enumerate plans based on fixed rules: 1)
basic associative and commutative laws for joins; 2) pushing
projection and predicates to leaf nodes for scan and filter-
ing. This can lead to an incomplete plan enumeration and
potentially suboptimal query plans.

In addition, modern query optimizers have great exten-
sibility. They can be extended with new operators, cost
models, properties, and rules. As DBMSes advance, more
rules and implementation algorithms can be added as the
basic knowledge of a DBMS since components are inde-
pendently modularized. For comparison, the learned query
optimizer has to learn from the exponential growth equivalent
sets in a trial-and-error manner.

Cost Model. After enumerating various candidate plans,
the optimizer selects an optimal plan and then prunes other
plans in an equivalent set. The traditional query optimizer
uses a heuristic-based cost model C(·) to estimate the exe-
cution cost of plan p denoted as C : p → cost. The
expert-implemented cost model also contains a large amount
of knowledge. The cost estimation is based on knowledge of
multiple factors, such as the cost of I/O count, CPU time,
and coarse-grained statistics for data distribution, etc. The
cost model, although not accurate, is an off-the-shelf score
function with decent performance. More importantly, it is
robust to the dynamic workload and data shifting, which is
what ML models suffer from. Recent RL-based methods all
try to learn from existing cost models. For example, Neo
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Table 1 A summary of learning-based query optimization methods, which can be categorized into four categories: (1) RL-based end-to-end query
optimizer, (2) learned knob/hint tuner (3) learned cardinality estimation (CardEst), (4) learned cost model (CostEst)

Characteristics Methods
ML-Replaced ML-Aided

RL-based KnobTuner CardEst CostEst LEON+

[18, 26, 27, 50, 54] [3, 22, 25, 55, 57] [15, 26, 29, 30, 34, 49, 51] [28, 42, 43] (Ours)

DB Knowledge – � � � �
Black/White-Box Black-Box Black-Box White-Box White-Box White-Box

Ranking/Regression Regression Regression Regression Regression Ranking

Exploration � � – – �
DB Integration – Deep Shallow Shallow Deep

[26] collects expertise experience from a traditional query
optimizer. RTOS [54] pre-trains the ML model by cost as
supervision. The cost model has been demonstrated to help
the ML model. However, learning from the existing knowl-
edge and replacing it can be a waste of time. As certain
database applications are critical to organizational mission
and operations, maintaining a worst-case optimal cost model
is necessary for DBMS vendors. Although it is desirable to
replace this model, it is currently impractical. Therefore, for
established database systems, it is unwise to abandon all
existing work. Instead, our approach is to supplement the
current model with a new technique.

Given the shortcomings of the ML-replaced methods, in
the next subsection, we analyze how different learning-based
approaches aid an expert query optimizer.

2.3 What should we learn to aid query optimizer?

The ML-aided approaches build ML models on top of
traditional query optimizers to enhance optimizer perfor-
mance. The ML-aided approaches can be categorized into
two classes: black-box and white-box. The white-box meth-
ods influence query optimizer behavior for sub-optimization
(e.g., changing a join algorithm to another for a specific join
operator), while black-box methods can only influence the
entire plan. In this subsection, we analyze those two types of
methods and give our opinions as shown in Table 1.

Black-box Methods. The black-box methods include
knob/hint Tuner. DBMSes provide some knobs for DBAs
to fine-tune their performance for specific applications.
Learning-based knob tuning [3, 22, 55] uses RL to fine-
tune the parameters (e.g., working memory). Specifically,
many DBMSes provide hint sets for DBAs to fine-tune
query optimizer behavior. Bao [25], different from the pre-
vious methods, steers an expert query optimizer by tuning
hint sets (e.g., disabling nested loop join) for each query.
The hint choices depend on the latency prediction from
Bao’s predictive model. However, black-box methods have a
fundamental limitation: they only have coarse-grained opti-

mization choices (enabling/disabling operators for the entire
plan). For example, a subplan is optimal with a nested a
nested-loop join may be suboptimal in another, unrelated
equivalent set. On the contrary, by manipulating the cost
model, the potential set of plans that can be generated extends
strictly beyond that of Bao’s.

White-box Methods. The white-box methods include
learned cardinality estimation (CardEst) [15, 26, 29, 30, 34,
49, 51] and learned cost estimation (CostEst) [28, 42, 43].
They aim to learn a parameterized model to steer the expert
cost model or the cardinality estimator. However, they have
some drawbacks that are deeply related to query optimiza-
tion.

(1) Query optimizer only cares about the ranking of plans.
Previous work normally leverages an ML model to predict
the latency of a plan. However, learning the absolute value is
hard for an ML model considering the latency can be vastly
different between two plans. Instead, the ML model only
needs to learn the relative relationship between two plans,
which relaxes the requirement for MLmodel training. More-
over, the MLmodel needs to learn more about higher-ranked
plans instead of less favorable plans. For a bad plan, the exact
performance prediction is uncritical.

(2) Plan ranking is only meaningful for the candidate
plans within the same equivalent set i.e., logically equiva-
lent plans with the same physical property. Previous methods
learn planswithout the equivalent set restriction. Instead, they
should focus on comparing plans within the same equivalent
set, which could reduce unnecessary plan comparisons.

(3) Finding better plans has to jump out of the existing
experience, which shows the necessity of plan exploration.
Only relying on the current optimal plans can make opti-
mization performance stuck at local minima. Instead, a query
optimizer can only progress if it explores extra potentially
good execution plans. However, previous white-box meth-
ods do not pay attention to exploration but only train the ML
models on a static workload. Once the data shifts, the ML
model can be fragile.

123



   21 Page 6 of 22 X. Chen et al.

Fig. 1 Different granularity for ML-aided optimizer

In summary, none of the existing approaches can integrate
deeply into the expert query optimizer and influence the opti-
mization decisions effectively. However, each method has
its advantages, which make us decide to go the way of a
white-box ML-aided query optimizer. To train ML models,
we should first make the expert optimizer an initialization.
Then we need to make the ranking an objective and explore
potentially better optimization decisions. In this way, we
can fully leverage the knowledge in the expert query opti-
mizer. TheML-aided optimizer starts from the current expert
performance and self-adjusts towards the deployed database
instance.

2.4 Granularity aided byML

ML-aided optimizers all follow the same high-level
paradigm: learn from historical workloads and inject that
knowledge back into a traditional cost-based optimizer to
bias plan search. What differs is the granularity at which
ML intervenes in the plan space. As summarized in Fig. 1,
prior systems fall into three categories.

(1) Plan level (coarse global control). Knob tuners gener-
ally operate at this level. ML biases search via coarse global
knobs (e.g., disabling nested-loop joins), uniformly trimming
the entire candidate space, as shown in the blue block of
Fig. 1. This delivers highly efficient learning but breaks plan-
space completeness: some admissible implementations are
never enumerated. Thus, this category offers limited effec-
tiveness on heterogeneous workloads.

(2) Common-pattern level (localized control). ML acts
only on subspaces associated with recurring patterns such as
query templates. Here, the decision is conditional on the local
structure (e.g., an equivalent set that matches a template),
enabling targeted guidancewhile leaving unrelated regions to
the expert optimizer. Many industrial deployments adopt this
middle ground for a better efficiency–effectiveness balance
[16, 42, 47].

(3) Full level (global fine-grained control). ML partic-
ipates throughout the optimizer, potentially re-scoring or

Table 2 Summary of Notation

Notation Definition

W A workload

Q A complete query

q A partial logical expression of Q

p A plan corresponding to q

ω Physical property

S = (q, ω) Equivalent set of q and ω

C(S) Set of candidate plans from S

R(q) A set of base relations

C(·) Heuristic-based cost model

Sk Key equivalent sets

T Template queries

A Optimization space

MR(·, ·) The ML plan ranking model

MV (·, ·) The validation model

ktime Exploratin time budget

L(·) Execution Latency

E Experience pool

re-ordering candidates across all equivalent sets. This max-
imizes potential effectiveness but raises engineering com-
plexity and latency/overhead risk.

Our previous work, LEON [7], chose full-level optimiza-
tion. By leveraging a comprehensive approach, LEON aimed
to maximize performance gains through nuanced adjust-
ments. In this work, we shift our focus to optimizing the
framework robustly and efficiently through common pattern
level optimization. The optimization based on the common
pattern level is motivated by reasons: (1) We find that opti-
mizing a key group of common patterns can significantly aid
the overall query optimization, which is also demonstrated in
some recent works [19, 47]. (2) Workloads are highly repeti-
tive in real-world situations [32, 38, 48], leading to significant
opportunities for common pattern optimization. Based on
these motivations, LEON+ carefully organizes the learned
knowledge into structured common pattern without sacrific-
ing the integrity of the plan space. The common patterns
are defined as template queries in Sec. 3.1, which can also
evolve dynamically to accommodate unseen workloads.

3 Framework overview

In this section, we briefly introduce a set of preliminary defi-
nitions in the ML-aided optimizer and then give an overview
of our framework. Table 2 lists the major notations used in
the paper.
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3.1 Preliminaries

An ML-aided query optimizer is a database query optimiza-
tion component that usesML to enhance query plan selection
and cost estimation.Herewe provide the objective of theML-
aided optimizer.

Definition 1 (Objective) Given historical workload traces
with execution feedback Whist = {(Qi , pi , Li (pi ))}ti=1,
where each Qi is a query, pi is the chosen plan, and
Li (·) is the latency, the optimizer continuously updates
its learned component to complement the traditional opti-
mizer. The objective is, conditioned on the available history
Whist, to select plans for forthcoming queries Wfut =
{Qt+1, . . . , Qt+T } so as to minimize end-to-end latency
L(p) on the future workload, while keeping the likelihood
and magnitude of regressions relative to the expert baseline
pO as small as possible. As feedback accumulates, the opti-
mizer should generalize to previously unseen queries and
adapt to workload evolution without degrading performance.

The standard plan search algorithm decomposes the plan
space into subset problems (i.e., equivalent sets). Here, we
identify the key equivalent set to achieve the aforementioned
objective of optimal performance with minimal overhead.

Definition 2 (Key Equivalent Set) We define a key set of
equivalent sets (Sk ∈ Q) as any subset of equivalent sets
(S) of a query Q that meets two criteria: (1) Only applying
theML-aided cost estimation of Sk while using the traditional
cost estimation to the remaining equivalent sets, should gen-
erate an identical optimal final plan as obtained by using the
precise costs for the entire equivalent sets S. (2) Sk is the
smallest subset that enables the optimal final plan, with any
reduction in Sk resulting in a suboptimal plan.

The above definition suggests a hypothesis following [19]:
by carefully identifying Sk and calibrating the plan selection
in Sk , it is possible to efficiently aid the cost-based optimizer
in generating anoptimal plan. Thus, thismotivates us to distill
the knowledge learned from Whist into a finite, well-scoped
region (optimization space) and to manage it in a structured,
template-based form (template queries). In Figs. 1 and 2, we
use the yellow diamond to denote the key equivalent set.

Definition 3 (optimization Space) The optimization space A
is defined as the influence scope of theML component within
a traditional query optimizer, where the ML component can
enhance the query optimization process.

Ideally, the optimization space should encompass all key
equivalent sets, ensuring that the ML component can opti-
mize the most impactful portions of the query plan space.
As discussed in Section 2.4, to ensure both effectiveness and
efficiency, we aim to identify common patterns within the

historical workload. We introduce template queries that cap-
ture the shared characteristics across various queries, which
we define as follows.

Definition 4 (Template Query) A template query, denoted as
T , is an abstract representation of a set of queries that share
an identical logical structure but differ in specific constant or
parameter values.

We consider an equivalent set S to belong to a template
query T when they have the same query structure and logi-
cal operations, differing only in the constant values denoted
as S ⊆ T . We regard template queries as the fundamental
units within the optimization space since they approximate
the key equivalent sets, denoted as A = {T1, T2, . . . , Tn}.
Consequently, if an equivalent set S is a subset of any tem-
plate query within the optimization space A, then S is also a
subset of the optimization space A, denoted as S ⊆ A. Addi-
tionally, we manage the optimization space dynamically to
explore the key equivalent sets and adapt to changes in the
workload, ensuring that theML component continues to pro-
vide effective optimizations in response to evolving query
patterns.

3.2 ML-aided query optimizer

The standard search process is described in Section 2.1. ML
component influences a standard query optimizer’s optimiza-
tion decision in the following aspects (green boxes in Fig. 2).
For the cost computation and cost comparison step in Sec-
tion 2.1, LEON+ introduces two extra steps, including plan
ranking and validation.

Plan Ranking. As shown in Fig. 2, LEON+ maintains an
optimization space consisting of the template queries (e.g.,
T1 and T2). Optimization space is presented with parallelo-
grams, while those equivalent sets not in optimization space
are depicted with ovals. For the cost computation and cost
comparison step, LEON+ first identifies whether the current
equivalent set S is a subset of any template query within the
optimization space A. If S � A, LEON+ utilizes expert cost
model tomake cost computation. If S ⊆ A, instead of relying
on the expert cost model, LEON+ learns a score function as
follows.

MR : (LF, PF) → (score, uncertainty) (1)

The ranking model MR maps a (logical feature (LF), phys-
ical feature (PF)) pair to a scalar value (score) to rank plans
from the same equivalent set S. LF = (Q, q) is defined
by complete query Q and current logical expression q and
PF = (ω, p) is defined by physical property ω and current
plan p. Thus, the ranking position of a plan in the equiv-
alent set S is reordered by the score. The optimal plan in
the equivalent set is chosen by selecting the plan with the
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lowest estimated score from MR . Note that MR also com-
putes the uncertainty of the score (details in Section 5.2).
The uncertainty indicates how confident is the model MR to
the predicted ranking position, which is aimed at plan explo-
ration. MR can easily disable the exploration mode during
the online inference.

Compared to the expert cost model, the absolute value
from the score function has no semantic meaning since it
only learns the relative ranking position for plans in intra-
equivalent sets (formally defined as context in Section 4.1).
In addition, the learned score function is non-trivially built.
It incorporates the expert cost model as an initialization
(MR(LF, PF) ≈ C(p) at the beginning). This approach
mitigates the cold start problem as it avoids the need to collect
a large amount of datawhen the rankingmodel is unstable and
reduces the risk of unexpectedperformance regressionduring
the learning process. We call MR

θ a mixed cost model. Fur-
thermore, it leverages collected execution feedback to make
the expert cost model tailored to the target database instance.
If the optimal ranking can be ordered by the score function,
the optimal plans can be searched by the query optimizer.

Validation. We further introduce a lightweight validation
model MV to enhance the generalization of LEON+ (details
in Section 4.3). Consisting with the usage of the ranking
model, the validation model MV is also used in the opti-
mization space. Specifically, MV is a binary classifier:

MV : (p, pO) → ŷ (2)

It compares an encoded plan pwith the encoded optimal plan
pO chosen by the traditional query optimizer. The validation
model predicts whether the p is inferior to pO . The output
ŷ = 0 means the latency of plan p is better than plan pO ,
while ŷ = 1 infers the opposite. Among an equivalent set,
the top re-ranked plan that passes the validation model is
selected (i.e., when MV (p, pO) = 0).

LEON+ trains a neural network with parameter θ to
approximate the optimal score function MR

θ and MV
θ . The

inputs to the neural networks of MR
θ are encoded as logi-

cal and physical feature vectors: The logical feature vector

encodes information in Q and q. The physical feature vector
encodes information in ω and p (details in Section 4.2).

3.3 ML-aided optimizer updating

For updating theML-aided optimizer, LEON+ collects expe-
rience and uses it to train ML models. Specifically, in every
iteration, LEON+ leverages the currentML-aided query opti-
mizer to search plans for the training workload. During the
plan search, LEON+ collects extra experience. After the plan
search, LEON+ trains MLmodels with collected experience.
The following three steps, (a) management of template query
(details in Section 5.1), (b) experience collection (details in
Section 5.2), and (c) model training (details in Section 5.3)
are alternate until the predefined stopping condition is met.
The workflow of model updating is illustrated on the right
side of Fig. 2.

Management of Template Query. To maximize the
performance with minimal overhead, LEON+ adaptively
manages the optimization space A.We limit theML usage by
constraining optimization space for both inference and train-
ing. We design a top-down exploration strategy to analyze
historical query plans and extract the most valuable com-
mon patterns (i.e., template queries) from plans. Even with
dynamic workloads and data, LEON+ is capable of making
timely adjustments. For example, on the right side of Fig. 2,
only the top two queries (i.e., queries that are shown in par-
allelograms) are among the T and will be further used in the
experience collection.

Experience Collection. LEON+ maintains an experience
pool E = {(q, Q, p, ω,C(p), L(p))} to collect execution
feedback including logical expression q, complete query Q,
plan p corresponding to q, physical property ω, cost C(p)
and latency L(p). What experience to collect is a non-trivial
problem. For each query in the training workload, LEON+

uses a standard plan enumerator in the query optimizer.
Specifically, LEON+ uses an ML-aided query optimizer to
search plans. For every equivalent set, LEON+ has a plan
exploration strategy to pick valuable (sub)plans. The plan
exploration is based on two criteria: ranking and uncertainty
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derived from current MR
θ to discover potentially better plans.

The selected planswill be used to collect their execution feed-
back saved in E .

Model Training. Model training aims to let the ranking
model learn from the collected experience E . In the begin-
ning, LEON+ initializes the mixed cost model MR

θ from the
expert cost model. LEON+ borrows ideas from the recom-
mendation system and formalizes query optimization as a
contextual pair-wise plan ranking problem to train the model
tailored to the goal (details in Section 4.1). For every iter-
ation, LEON+ picks several batches of plan pairs (p1, p2)
in experience pool E under certain contexts for the rank-
ing model. Then, LEON+ trains the ranking model MR

θ and
the validation model MV

θ with standard supervised learning
fashion by our proposed contextual ranking objective and
safety regularization serving as the loss function. The two
models are trained on the collected experience iteratively to
approximate the optimal score function.

4 ML-aided query optimizer

In this section,wefirst formalize the queryoptimizationprob-
lem as a pair-wise classification problem in Section 4.1. Then
we describe how to use the ranking model and the validation
model in LEON+.

4.1 Problem formulation

The goal of query optimization is to pick the best query exe-
cution plan regarding latency. The previous learning-based
method uses a rankingmodel to predict the plan performance
in a supervised regression manner, i.e., learning the exact
latency. However, in practice, such a learning objective has
significant prediction errors [1].

Instead, what we need is the correct order of candidate
plans. Thus, we formalize query optimization as a contextual
plan ranking problem.

Definition 5 (Contextual Plan Ranking) Given the context
defined by restrictions from three aspects: complete query
Q, the logical expression q, and physical property ω, give
order to enumerated physical plans from the same context.
The order complies with the relative position of the target
optimization goal (e.g., latency) without actually executing
the plans.

Intuitively, the plan ranking problem is relatively easier
than the supervised regression problem. Accurate latency
prediction of a plan implies the correct ranking, while cor-
rect ranking does not need accurate prediction for a fixed
value.Note that our search strategy is based onDP,wemainly
care about the plan ranking in the same context. For intra-
equivalent set optimization, context is defined as restrictions
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on the sameQ,q, andω. The context restrictionhelpsLEON+

reduce unnecessary plan comparison.
Plan ranking naturally has transitivity property, i.e., given

the score function MR ,∀p1, p2, p3 enumerated from the
same context:MR(p1) > MR(p2)∩MR(p2) > MR(p3) →
MR(p1) > MR(p3), where M(·)R denotes a score function
in general and we omit the same context input. Thus, we
can formalize a plan ranking problem to a pair-wise rank-
ing/classification problem.

Definition 6 (Contextual Pair-wise Classification) Given a
pair of physical plans ∀p1, p2 derived from the same con-
text, predict which plan has higher ordering according to the
contextual plan ranking without actually executing the plans.

Learning to Rank (LTR) has been studied in the recom-
mendation system. It has been shown that forecasting relative
order ismore closely related to the nature of ranking than pre-
dicting absolute value so pairwise techniques perform better
in practice than pointwise approaches [9, 56]. In addition, the
pairwise classification formulation is a more feasible way to
train the ranking model as we only need two labels to train
the model instead of the whole ranking list.

4.2 Rankingmodel

Network of Ranking Model.Herewe describe the details
of how to build appropriate MLmodels. The model architec-
ture is shown in Fig. 3. The input to the feature extractor
contains two aspects: logical features and physical features.
The logical features are encoded by a one-hot vector to repre-
sent logical properties including output cardinality and join
graph from (sub)query q and complete query Q. The physical
feature maintains a tree structure to represent the plan tree p
and physical propertyω, where every tree node is represented
by a one-hot vector indicating the physical operators and sort
order. The logical one-hot encoding then merges with every
tree node vector as the final encoding. Pattern matching for
plan trees is commonly used and empirically verified by pre-
vious works [25, 26, 50]. LEON+ builds a ranking model,
MR

θ , to learn such patterns. The choice of feature extractor
is not our contribution and is orthogonal to techniques of
LEON+. Users can use other network architectures. In our
implementation, we use tree convolution networks including
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convolution and pooling operations in Neo [26] (denoted as
filters in Fig. 3.). After the feature extractor, there are two
output heads. Each head is a multilayer perceptron (MLP),
which takes the feature vector as the input to predict the
desired outputs. We defer the details of pairwise training to
Section 5.3.

Usage of Ranking Model.LEON+ trains a rankingmodel
MR

θ to influence the optimization decisions within an equiva-
lent set. Based on Definition 6, the ranking model training is
supervised by the immediate latency performance of plan
pairs from the same equivalent set S. However, learning
the parameterized cost model MR

θ from scratch can be hard
considering MR

θ has to evaluate a large number of plans,
especially when training data is a bottleneck. To this end, we
propose to represent a mixed cost model MR

θ by applying a
parameterized calibration function gθ (·, ·) to the traditional
cost estimation C(·):

MR
θ (LF, PF) = gθ (LF, PF)C(p) (3)

where gθ maps logical and physical features to a calibration
ratio, and the gθ (LF, PF)C(p) is the score for plan ranking.
In the beginning, the classification ratio will be initialized
close to one (gθ ≈ 1) as a much simpler initialization for
practice. For the uncertainty measurement, we add dropout
layers into the MLP of MR

θ to introduce randomness (red
cross in Fig. 3). Thus, MR

θ can measure uncertainty based
on multiple predictions. The rationale will be illustrated in
Section 5.2.

4.3 Validationmodel

Motivation of Validation Model. Awell-known problem in
machine learning is the trade-off between bias and variance in
a model. For example, large and deep neural networks (e.g.,
tree CNNs) tend to overfit historical data and are less effec-
tive at handling unseen data, while smaller networks often
generalize better but may underfit. Therefore, especially in
the context of continuous learning and the integration of new
domain knowledge, the plans generated fromadistinct equiv-
alent set may lead to detrimental effects on the generalization
ability of the ranking model and lead to catastrophic forget-
ting [12]. To address this, we employ a lightweight validation
model to enhance generalization. This strategy aligns with
principles fromensemble learning andmodel stacking,where
combining models of different complexities leads to better
generalization [11]. With only 0.1% of the parameters of the
ranking model, the validation model is trained concurrently
but on a simpler task, serving as a gatekeeper to block dete-
riorated plans produced by the ranking model. In the task of
query optimization,we find thatwhile it is challenging for the
validation model to select optimal plans, it is quite effective

at identifying catastrophic ones, which is crucial for ensuring
robustness.

Usage of Validation Model. The validation model MV

predicts whether a candidate plan p will regress relative to
the expert baseline pO selected by the traditional optimizer
from the same context. We cast this as a margin-based binary

classification on plan pairs. LetΔrel(p, pO) � L(p)−L(pO )

L(pO )
,

be the normalized relative delta in latency.
Given a tolerance α > 0, we assign the supervision label

y(p, pO) =
{
1, if Δrel(p, pO) > α (regression)

0, if Δrel(p, pO) < −α (improvement).

We encode each plan with a 70-dimensional feature vector
φ(·) that summarizes operator-level statistics (as in [8]), dis-
carding tree structure. For each operator, we utilize several
key features: the estimated cost of executing the current oper-
ator; the estimated number of output rows produced by the
operator; the estimated byte size of the data it processes;
the estimated number of rows processed; the estimated byte
size handled by the operator’s child components; weighted
sums for the estimated rows and byte sizes at the leaf nodes
of the execution plan. Then we feed the difference vector
x(p, pO) = φ(p) − φ(pO) ∈ R70 to a lightweight MLP
classifier: s(p, pO) = MV

(
x(p, pO)

) ∈ [0, 1], interpreted
as the predicted probability of regression. Intuitively, s ≈ 1
indicates strong evidence that p isworse than pO (by at least
α), s ≈ 0 indicates that p improves over pO (by at least α),
and s≈0.5 denotes near-equivalence. Filtered survivors are
then forwarded to the ranking model on a reduced candi-
date set, which improves generalization while lowering both
inference and training cost.

We accept a candidate plan p only if the model predicts
non-regression, i.e.,

Accept(p, pO) ⇐⇒ MV (
x(p, pO)

)
(p, pO) ≤ τs .

The degree of the gate is controlled by two simple knobs: (i)
adjusting the decision cutoff τs on MV (using a value below
0.5 (τs < 0.5) makes the gate more conservative; using a
value above 0.5 (τs > 0.5) makes it more aggressive), and
(ii) tuning the label tolerance α in y(p, pO) (which widens
or narrows the near-tie band, consequently pushing s(p, pO)

toward 0.5 for borderline pairs and yielding a more conser-
vative or aggressive operating point, respectively).

5 ML-aided optimizer updating

Model updating consists of three steps:management of affec-
tion space, experience collection, and model training. The
ranking model and the validation model are trained itera-
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Algorithm 1 Evolving Optimization Space with Budgeted
Exploration

1: Input: Whist = {(Qi , pi , Li (pi ))}ti=1; ranking model MR ; per-set
cap kplan; global time budget ktime

2: Output: T , E
3: Init T = ∅ for top-down exploration
4: for query Q in experience E do
5: Extract sub-queries q1, q2, . . . , qn and sub-plans

pq1 , pq2 , . . . , pqn
6: Include top-layer plan as template T ← T ∪ {p}
7: if |T | > maxT then
8: Replace the template in T with the lowest improvement runtime
9: end if
10: end for
11: B ← ktime
12: for equivalent set S in optimization space do
13: if IdleWindow() then
14: Let C(S) be candidates; compute uncertainty u(LF, PF) for p∈

C(S)

15: PS ← sort(C(S), key = u(LF, PF), descending = true)
16: for p ∈ PS do
17: if B ≤ 0 then break
18: Execute p (log T (Q, p) into E ; B ← B − T (Q, p)
19: end for
20: end if ; if B ≤ 0 then break
21: end for
22: return T , E

tively. For every iteration, the current ML-aided optimizer
collects execution feedback to experience pool E with a top-
down exploration strategy. The ranking model is trained by
learning from the pairwise samples in the experience pool
to improve current ML-aided optimizer performance. We
illustrate the process of optimization space management and
experience collection in Algo. 1.

5.1 Optimization spacemanagement

The objective of optimization space management is to limit
ML resource usage by constraining the optimization space
for both inference and training. To achieve this, we design a
top-down exploration strategy that analyzes historical work-
load Whist = {(Qi , pi , Li (pi ))}ti=1 and extracts the most
valuable common patterns (i.e., template queries) from them.
Our algorithm comprises two main components: a historical
workload analyzer and replacement rules.

Historical Workload Analysis. We recast Objective 1
as maximizing performance under a fixed overhead, with the
optimization space bounded by a template budget [minT ,

maxT ]. The goal is to pinpoint the traditional optimizer’s
most suboptimal decisions, i.e., regions with the highest
improvement potential, and prioritize them for learning.
Rather than exhaustively probing all decisions, we adopt a
top-down selection (lines 4–10) for two reasons: (i) improv-
ing ranking at the top layer most directly changes the final

plan choice, and (ii) top-layer templates cover larger sub-
spaces, yielding higher leverage per unit overhead.

Specifically, for an incoming set of historical workload
Whist = {(Qi , pi , Li (pi ))}ti=1, which consists of execution
plans p and their corresponding queries Q, we can extract a
series of sub-queries q1, q2, . . . , qn , each corresponding to
a sub-plan pq1, pq2 , . . . , pqn (line 5). These sub-plans are
then organized based on their search level in DP, specifically
sorted by the number of join relations they involve, from the
largest to the smallest. For example, in Fig. 1, the root sub-
plan joins {R1, R2, R3} at Level 3, whose children are level-2
sub-plans over {R1, R2} and {R2, R3}, and each of them is
composed from single-relation sub-plans at Level 1. Our top-
down exploration always starts from the highest level (e.g.,
the full join over {R1, R2, R3}) and then descends. In the fig-
ure, we highlight the Level 2 equivalent set {R1, R2} as an
example of a key equivalent set where ML intervention is
applied. This top-layer sub-plan is templated as T (line 6).
T and its associated sub-plan p are then added to a waiting
queue for further processing. If T ∈ A (the current optimiza-
tion space), we simply append the incoming plan p to T ’s
experience pool for updating the replacement criterion. Oth-
erwise, T is considered as a candidate template and may be
admitted or rejected according to the budgeted replacement
policy.

Replacement Rules. The optimization space is main-
tained via a dynamic replacement policy over template
queries derived from historical workloads. This policy aims
to maximize performance gains under a fixed template bud-
get. Initially, when the optimization space contains fewer
than minT template queries, we expand the space by adding
the top-layer template queries T from each query plan Q in
the historical workload, without removing any existing tem-
plate queries in the optimization space. This initial expansion
phase ensures the optimization space quickly accumulates a
foundational set of potentially valuable templates. Once the
optimization space exceeds minT , a replacement mechanism
is triggered to strictly maintain the size within the bounds of
[minT ,maxT ] (lines 7-9). Specifically, for each template T ,
we rank by its average latency so that higher-latency tem-
plates receive higher priority (more room for improvement).
Let I(T ) = {

Q ∈ Whist
∣∣ tpl(Q) = T

}
,

L(T ) = 1

|I(T )|
∑

Q∈I(T )

L
(
Q, pO(Q)

)
, (4)

where L(Q, p) denotes collected latency and pO(Q) is
the expert (baseline) plan (or the observed production plan
pobs(Q) when pO(Q) is unavailable). After LEON+ has run
for a while, we can switch to a benefit-driven policy that
ranks templates by their realized improvement over the base-
line. Let Ilive(T ) be the set of live queries matching template
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T observed during deployment, and let p̂(Q) be LEON+’s
chosen plan. We compute

L(T ) = 1

|Ilive(T )|∑
Q∈Ilive(T )

[
L
(
Q, pO(Q)

) − L
(
Q, p̂(Q)

)]
, (5)

During replacement, we admit templates with larger L(T )

and evict those with the smallest L(T ) to maintain the |A|
within [minT ,maxT ].

Discussion. The proposed replacement policy is history-
driven: as defined inObjective 1, itmaximizes overall latency
reduction under a fixed budget using evidence from past exe-
cutions. Our design and observed performance gains are not
explicitly attributed to any single scenario (e.g., cold start
on novel workloads or schema drift). The replacement rule
is scenario-agnostic by construction. When a deployment
emphasizes a particular setting, the rule can be specialized
accordingly, for example, using predictive (future–work-
load–aware) prioritization, adopting tail-sensitive objectives
(p95/p99 aware scoring), applying bandit-style selection
[25], or introducing time-decayed weights to capture season-
ality. These variants can plug into the same replacement rule
interface. Admittedly, as with most template-driven meth-
ods, we make no guarantees for ad-hoc queries that match
no template. In such cases, we simply fall back to the expert
optimizer until sufficient evidence accrues.

5.2 Experience collection

The plan exploration inherently connects closely to the plan
enumeration, since the mixed cost model MR

θ is tasked to
find the optimal plans among enumerated plans i.e., from
the equivalent set S. We sample plans from C(S) (the set of
rule–enumerated candidate physical plans) to collect addi-
tional training data, thereby mitigating selection bias from
observing only deployed plans. Later, the collected train-
ing data will be executed to collect corresponding execution
feedback denoted as E = {(q, Q, p,C(p), ω, L(p))}. The
plan exploration strategy specifies how to select the valuable
training data from S into experience E (lines 12-21).

A unique challenge in query optimization is that it is time-
consuming to get the execution feedback [25, 50]. LEON+

aims to collect a limited amount of additional execution feed-
back with our exploration techniques. Here we have two
important considerations as the exploration criteria: (1) Plans
in the optimization space matter more. This is intuitively
correct because the ML-aided optimizer only calibrates the
estimated cost of plans in the optimization space. Experience
excluded from the optimization space can hardly improve the
performance of the ML-aided optimizer. (2) In addition, the

Fig. 4 An empirical study on the relationship between uncertainty and
wrong samples. Wrong samples are defined by the contextual pair-wise
classification problem

ML-aided optimizer should correct its errors that lead to a
sub-optimal query plan. Ideally, if we know how confident
the MR

θ is to its estimation, the low-confidence predictions
are more likely to make mistakes.

Model Uncertainty. Bayesian Neural Network (BNN) pro-
vides a framework to measure the uncertainty of a predictive
model [17]. Different from the point estimation, given the
prior distribution of model parameters P(θ), BNN learns
the posterior distribution p(θ ′ | E) from experience E .
When using a BNN for prediction, the probability distri-
bution p(score | LF, PF, E) can be marginalized by the
posterior distribution p(θ ′ | E) for every θ :

p(score | LF, PF, E)

=
∫

θ

p(score | LF, PF, θ ′)p(θ ′ | E)dθ ′.
(6)

Based on Eq. (6), the model output can be approximated by
E(score | LF, PF), which is calculated as follows.

E(score | LF, PF) ≈ 1

N

N∑
i=1

MR
θ (LF, PF) (7)

The uncertainty u(LF, PF) for prediction (LF, PF) is
defined as follows.

u(LF, PF) = Var(score)

≈
N∑
i=1

MR
θ (LF, PF)2 − E(score | LF, PF)2

(8)

N is the times of sampling the parameters from its posterior
distribution. BNN is data-efficient as it can learn from limited
data without overfitting [31].

We dig deep into the plan pairs and measure the uncer-
tainty of the right and wrong classified plan pairs. We show
an empirical study on the relationship between uncertainty
and wrong samples. It can be shown from Fig. 4 that the
uncertainty is unstable at the beginning of the training phase.
With an increasing number of training epochs, the wrong
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sample’s uncertainty is obviously larger than the right sam-
ple, which indicates a positive relationship with estimation
error.

Recent research in recommendation systems [9, 56] pro-
vides theoretical proof and empirical evidence that a high-
ranked sample with larger uncertainty is helpful for model
training. To this end,we propose a two-stage plan exploration
strategy including top-down exploration and uncertainty-
based exploration.

(Stage 1): Top-k Exploration. At the first stage, we choose
the top �k%× |S|� number of potential plans from the same
equivalent set S, where k% is a tuneable parameter based on
the training time budget.

(Stage 2): Uncertainty-based Exploration. In the second
stage, for every plan we get from stage one, we select the
most or several uncertain plans. We measure the uncertainty
of themodel to a plan denoted as u(LF, PF) as a criterion to
collect plans (line 14). When the ranking model learns from
limited experience E , it will update the uncertainty to them
and solicit for the more uncertain data samples. To measure
u(LF, PF) in a deep neural network, we adopt Monte Carlo
dropout [17] by plugging dropout layers into MR

θ . Based
on Eq (6), we run MR

θ for N times. We calculate its vari-
ance as an approximation to the uncertainty and calculate its
mean as an approximation to its mixed cost estimation. The
actual exploration number depends on the training time bud-
get. Note that the exploration mode can be easily disabled by
disabling dropout layers.

Tunable Exploration Budget. We expose a tunable
exploration budget that operates at the equivalent-set gran-
ularity. During the resource idle windows, we evaluate up
to kplan high-uncertainty candidates per set under a global
time cost budget ktime (line 11). This yields informative com-
parisons while capping exploration overhead and keeping
service-level objectives intact.

5.3 Model training

In this section, we describe the training of the ranking model
and the validationmodel. Throughmodel training, the frame-
work can better adapt to unseen workloads and consistently
assist the query optimizer.

As described in Definition 6, we train the score function
MR

θ in a supervised classification manner under different
contexts. To train model MR

θ , we first pick several batches
of plan pairs (p1, p2) satisfying Q1 = Q1 and S1 = S2,
then we assign correct training labels. We assign the pair
with a positive label if L(p1) < L(p2). Otherwise, it will
be assigned a negative label. The other model, the valida-
tion model, shares the same object but with different inputs
(p, pO) (i.e., the pair of a plan p and the optimal plan pO

chosen by the traditional query optimizer). Hence, the two

models use the same loss function (i.e., cross-entropy loss),
which we describe as follows.

Classification Loss. We adopt softmax binary cross entropy
loss [6] as follows:

L(p1, p2) = −(y log(ŷ) + (1 − y) log(1 − ŷ))

ŷ = σ(scorep1 − scorep2)
(9)

where σ(x) = 1
1+e−x is a sigmoid projection from the

score to a probability to choose plan pi , y is a true label
by classifying a better plan in plan pair (p1, p2) based on
the order of latency and ŷ is the predicted label of the ML
models. Then the cross entropy loss will penalize the wrong
classification. Therefore, learning the loss L will make the
calibrated cost model rank plan pair correctly.

Training the mixed cost model while maintaining its prior
knowledge is not an easy task. Learning aggressively can
result in unstable performance since the learned model tends
to overfit on the limited data [53]. In the jargon of ML,
researchers often include regularization to the objective func-
tion to avoid overfitting. In practice, we add KL divergence
by measuring the difference in intra-equivalent set ranking
before and after parameter updates as a soft constraint in our
objective function similar to TRPO [39].

6 Integration

We implement a fine-grained ML-aided prototype on Post-
greSQL and release it publicly. The design preserves plan-
space completeness. We design two features as the extension
of native PostgreSQL optimizer: per equivalent set activation
and asynchronous bidirectional communication.

Per Equivalent Set Activation. Weexpose an equivalent-
set level activation API inside the PostgreSQL optimizer
that lets the ML side decide, for each equivalent set S,
whether to engage ML filtering and ranking or fall back to
the expert-only flow. Concretely, when S is populated, the
optimizer emits a lightweight context record (template iden-
tifier, logical and physical properties) to the activation hook:
Activate(S, ctx) → {on,off}. If on is set, the pipeline
invokes MV and MR on S. Otherwise, the equivalent set
proceeds unchanged. This mechanism realizes our template-
query design at runtime: only S that match learned templates
(i.e., belong to the optimization space) are switched on,
enabling fine-grained control over overhead and risk (Sec-
tion 4.3 and 5.1) while preserving plan-space completeness
and the optimizer’s DP invariants.

Asynchronous Bidirectional Communication. To avoid
adding latency, LEON+ decouples the ML side from the
DBMS via an asynchronous bidirectional channel. LEON+

implements a bidirectional communication channel between
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Python and PostgreSQL, with a forward channel and a back-
ward channel, respectively. On the forward path, the opti-
mizer emits per–equivalent-set context and candidates plans
for real-time serialization and concurrent exploration. On the
backward path, the Python model returns filtered and ranked
survivors that the optimizer can use immediately. Requests
are issued as non-blocking calls and processed off the
critical path. Plan serialization and model inference are over-
lapped with ongoing rule enumeration and expert costing,
thereby largely hiding both costs from query-optimization
latency. The same equivalent-set–level interface supports
both in-process and out-of-process deployments: the for-
mer minimizes per-call latency; the latter provides isolation
and hot-reload with minimal changes. Per–equivalent-set
activation also applies in either mode. Our current imple-
mentation is based on inter-process communication (IPC).
In the future, embedding the ranker in-process would elim-
inate IPC entirely, further reducing end-to-end optimization
latency to be negligible relative to execution time.

LEON+ is optimizer-agnostic and can integrate with any
cost-based optimizer. Here we discuss how to integrate with
Cascades-style optimizer.

Integration with Cascades Optimizers We integrate at
the group (i.e., equivalence-setwith required physical/logical
property) level in a Cascades-style optimizer. After trans-
formation rules populate a group G with a candidate set
C(G), the optimizer first uses the conventional (expert) cost
model to select pO(G) = argmin p∈C(G)cexp(p) purely as
a reference baseline. Next, a lightweight validation model
MV (p, pO(G)) is applied to each candidate p ∈ C(G).
Candidates predicted to perform worse than pO(G) are
filtered out, yielding the survivor set Cvalid(G) ⊆ C(G).
Then, an ML-based ranking module MR(·) takes Cvalid(G)

and produces a total order π(G). The optimizer then picks
p̂(G) = top

(
π(G)

)
as the plan for group G, and records it in

the Memo structure. In this way the enumeration of logical
and physical alternatives, enforcement of required physi-
cal properties (e.g., ordering, distribution), and the Memo
architecture remain unchanged. LEON+ augmentation only
affects filtering of sub-optimal candidates and the selection
order, with pO(G) serving as a baseline anchor rather than
the final decision criterion.

7 Experiments

7.1 Experiment setup

Datasets. The four widely-used datasets listed below serve
as benchmarks for the evaluation of improved LEON, (i.e.,
LEON+):

– Join Order Benchmark (JOB): JOB is a real-world
dataset that provides realistic workloads based on IMDB.
There are 113 questions among 33 templates. It has
3.6GB of data (11GB when indexes are included) and 21
tables. The range of relations in each query is between 4
and 17.

– Extended JOB (JOB-EXT): Ext-JOB is a demanding
workload that presents a hard generalization challenge
[26, 50]. The dataset consists of 24 new queries based on
the IMDb dataset. Each query involves 2 to 10 joins, with
an average of 5 joins per query. These queries are partic-
ularly challenging because they are out of distribution,
meaning they utilize entirely different join templates and
predicates compared to the original JOB.

– STACK: The STACK dataset is an extensive collection
of over 18 million questions and answers sourced from
170 different StackExchangewebsites. The entire dataset
occupies 100GB of storage space. For our purposes, we
utilized the workload generated by [25], which includes
16query templates. Thenumber of relations in eachquery
varies between 4 and 12.

– TPC-H: TPC-H is a database benchmark for industrial
testing, including data obtained from decision support
applications. It consists of eight tables and 61 columns
and generates queries based on 22 templates. We pro-
duced 10GB of data.

We employed varying levels of difficulty in our train-
ing/test split to validate the effectiveness of LEON+. For JOB
and TPC-H benchmarks, we conducted evaluations under
average circumstances. We randomly selected a query from
each template as a test set, while the remaining queries
were utilized for the training set. Furthermore, for the JOB-
EXTbenchmark,we examined the generalization of different
methods to handle difficult, unseen queries. We used the
JOB dataset for training and JOB-EXT for testing. Finally,
we conducted tests on large-scale workloads for the STACK
benchmark. We randomly select 100 queries for training and
use 500 queries with distinct templates and predicates for
testing.

Implementation and Environment. We use Python to
implement ML models and algorithms. Our prototype keeps
theML side lightweight. The validationmodel MV is a small
MLP with 204K parameters (≈ 0.82 MB in FP32), and the
ranker MR has 2.2M parameters (≈ 8.95 MB in FP32). At
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inference, the only additional state is the feature batch and
two bounded async queues. By default, we use a 70-d per-
plan summary,whose buffer is O(B×70×w) bytes (batch size
B,w=4 for FP32); e.g.,with B=1000 andFP32 this is≈0.27
MB.Wehold a 666-d logical feature vector and50-dper-node
physical features; the peak buffer is O

(
B·(666+50 n̄)·w)

for
mean node count n̄. For example, B=1000, n̄=80, FP32 ⇒
≈ (666+50×80)×4×103 ≈ 17.8MB. Features are streamed
and discarded after scoring, so the memory footprint is dom-
inated by the ∼9 MB ranker loaded once per worker. All
experiments are conducted on an Ubuntu server equipped
with an Intel(R) Xeon(R) Silver 4214 2.20GHz CPUwith 48
cores, 256GB DDR4 main memory, and a 1TB HDD.

Baselines. The baselines are shown below:

– PostgreSQL. PostgreSQL is an open-source DBMS, and
we use it to represent the traditional method. PostgreSQL
uses the histogram method to estimate the cost and then
searches the execution plan by dynamic programming.

– Balsa [50]. Balsa is a query optimizer based on rein-
forcement learning and learned models, and we utilize
its source code [36] to reproduce the results. For a fair
comparison with LEON+, we use the expert cost model
in the simulation stage, thus improving its performance.
We configure Balsa in a non-parallel mode, with the same
resource usage as other methods.

– Bao [25]. Bao usesMLmodels to aid the query optimizer
of the DBMS in searching for an optimal execution plan.
Similar toBao’s design,weobtain thefinal executionplan
by letting Bao choose the hint set corresponding to the
query statement, and record the result. In the same man-
ner, as Balsa, we reproduce the results using the source
code [37] of Bao.

– LEON [7]. our previous ML-aided query optimization
framework with exploration based on ranking and uncer-
tainty and ranking model-guided pruning.

Expert Engines. For a fair comparison, all learning-
based query optimization methods are implemented based
on PostgreSQL. Similar to previous works [20, 50], we set
up PostgreSQL with 32GB shared buffers and cache size,
along with 4GB work RAM, with GEQO turned off.

Evaluation Metrics. Unless otherwise specified, we
report the workload runtime as an evaluation metric. The
workload runtime is defined as the sum of latencies for each
query. When presenting normalized runtimes, we calculate
them with respect to the expert’s runtimes. To demonstrate
overall performance,we also report theGeometricMeanRel-
evant Latency (GMRL) which is adopted from [54], which
is calculated as follows.

GMRL =
n∏

i=1

Latency(q)

Latencyexpert (q)
(10)

The GMRL reflects the geometric average ratio of query exe-
cution time consumption between the learning-based model
and the expert optimizer. A lower numerical value indicates
better latency performance compared to the expert optimizer.
Note that a GMRL value of 1 indicates expert optimizer
latency performance. We chose to use GMRL because it can
demonstrate the average performance without being affected
by the latency of individual queries.

7.2 LEON+ performance

To demonstrate the overall performance of LEON+, we con-
duct end-to-end training on four benchmarks with different
levels of difficulty in the training/test split. We ensure that
all learning-based algorithms are trained until convergence,
and we test them on the unseen test split. We repeat each
end-to-end training 5 times and report average results.

Overall Latency Performance. Table 3 summarizes the
overall latency performance of all baselines after training.
In general, LEON+ achieves the best performance com-
pared with PostgreSQL, Balsa, and Bao on JOB, JOB-EXT,
STACK, and TPC-H. Note that LEON may have better per-
formance than LEON+. This is because LEON+ focuses on
the robustness and efficiency during optimization, instead of
maximizing performance gains like LEON.

LEON+ outperforms PostgreSQL, with speedups of 1.63
×, 1.23×, 1.88×, 1.55× in workload runtime for JOB, JOB-
EXT, STACK, and TPC-H, respectively. TPC-H has the least
improvement due to the evenly distributed data. These find-
ings showcase the benefits of utilizing an ML-aided query
optimizer, which improves the adaptability of expert opti-
mizers to deployed datasets and workloads.

Compared with SOTA learning-based query optimizer,
LEON+ also achieves the best query latency performance.
Compared with Balsa, LEON+ achieves 1.19×, 1.18×,
1.30×, 1.30× speedup in terms of workload runtime on
JOB, JOB-EXT, STACK, and TPC-H respectively. Com-
pared with Bao, LEON+ achieves 1.26×, 1.03×, 1.32×,
1.48× speedup in terms of workload runtime on JOB, JOB-
EXT, STACK, and TPC-H respectively. On JOB-EXT, Balsa
shows the least improvement compared to ML-aided meth-
ods. That is because the ML-replaced methods lack essential
knowledge in the expert query optimizer, which makes them
less adaptable to changes in workload distribution. LEON+

achieves competitive performance compared toLEON.How-
ever, its runtime performance is slightly worse than LEON’s
on JOB-EXT and STACK. This is because LEON+ has a
much more limited optimization space, which may sacrifice
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Table 3 Overall performance of LEON+ and baselines

Methods Datasets

Workload Runtime (Seconds/Normalized) GMRL

JOB JOB-EXT STACK TPC-H JOB JOB-EXT STACK TPC-H

PostgreSQL 45.06/1.0 290.1/1.0 916.4/1.0 93.8/1.0 1.0 1.0 1.0 1.0

Balsa 32.81/0.72 279.1/0.96 637.2/0.69 78.7/0.76 0.62 1.01 0.67 0.74

Bao 34.68/0.77 243.5/0.83 646.5/0.70 89.2/0.95 0.95 1.08 1.13 0.94

LEON 28.54/0.63 197.4/0.68 476.7/0.52 66.3/0.70 0.54 0.77 0.49 0.72

LEON+ 27.48/0.61 234.9/0.81 486.7/0.53 60.2/0.64 0.56 0.85 0.73 0.67

performance in static scenarios but provides greater robust-
ness.

The GMRL metric evaluates the overall relative latency
performance of the queries regardless of their individual
latencies. The results show that LEON+ outperforms Balsa
andBao on twodifficult benchmarks, JOB-EXTandSTACK.
Interestingly, Balsa and Bao show similar results to Post-
greSQL in terms of GMRL, despite having lower workload
runtimes.Weobserved that both of them tend to focus only on
improving the slowest queries and neglecting other queries.
In contrast, LEON+ can improve the performanceof the slow-
est queries while maintaining latency performance for other
queries that have less optimization potential. This finding is
also supported by the results presented in Section 7.2.

Query Regression Analysis. Figure. 5 presents the nor-
malized runtime of each learning-based query optimizer
(Balsa, Bao, LEON, and LEON+) over PostgreSQL plans
on a per-query basis. The x-axis denotes PostgreSQL expert
runtime for every query. This figure provides an overview
of the performance of each optimizer on individual queries.
Additionally, for the STACK benchmark, we plot 100 test
queries’ performance from the test set to improve the visu-
alization, while the overall trend remains the same.

Overall, Balsa, Bao, LEON, and LEON+ reduce the
latency of slow queries from PostgreSQL, which explains
why they can outperform the expert query optimizer. It
is worth mentioning that LEON and LEON+ exhibit a
significant reduction in query performance regression indi-
vidually while maintaining similar performance on queries
that are inherently fast to execute. Specifically, for the four
benchmarks, Balsa causes 40% queries with performance
regression.Bao causes 38%querieswith performance regres-
sion. By contrast, LEON and LEON+ only cause 19% and
17% queries with performance regression, respectively. In
terms of the extent of the performance regression, Balsa and
Bao have 7.4× and 9.6× slowdown in query performance on
JOB and STACK respectively, while LEON+ only causes up
to 1.6× slowdown among four benchmarks.

LEON reduces such performance regression for two
reasons: 1)Compared toML-replacedmethods,LEONmain-

tains the expert query optimizer knowledge as much as
possible. 2) Compared to ML-aided methods, LEON learns
to rank effectively instead of predicting the absolute latency,
which introduces less error to the prediction. In addition,
LEON, as a white-boxmethod, deconstructs the search space
and concentrates on the crucial aspect of query optimization
(such as higher-ranked plans), which also makes the ranking
model learn faster and generate effective predictions.

LEON+ further reduces performance regression from two
aspects. 1) Even thoughMLmethods often lack interpretabil-
ity, LEON+ can still effectively manage the optimization
space of ML components within a traditional optimizer.
Such approach brings enhanced robustness. 2) LEON+’s
lightweight validation model reduces performance regres-
sion by filtering out suboptimal execution plans.

Training Efficiency. In this section, we analyze the train-
ing efficiency of LEON+, i.e., the change of the test query
performance with the training time. Fig. 6 shows the training
curve with the variance of learning-based query optimizers
on JOB, JOB-EXT, STACK, and TPC-H. The shaded area
represents the range between the minimum and maximum
values obtained from five different runs using different ran-
dom seeds.

LEON+ achieves efficient training on four benchmarks.
LEON+ outperforms PostgreSQL consistently by about 2.5
hours, 3 hours, 3 hours, and 1 hour on JOB, JOB-EXT,
STACK, and TPC-H, respectively. Compared to Balsa,
LEON+ demonstrates superior initial performance, lower
variance, and faster convergence during training. This high-
lights the inherent superiority of ML-aided methods over
ML-replacedmethods, as the former can leveragemore basic
knowledge from the expert optimizer.

As training time increases, the performance gap between
LEON+ and Bao widens, particularly on two challenging
workloads: JOB-EXT and STACK.On JOB and TPC-H, Bao
outperforms LEON+ at the beginning. However, after several
hours, LEON+ outperforms Bao consistently. This demon-
strates that the upper limit of white-box methods is higher
and LEON+ effectively explores potential better query plans.
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Fig. 5 Breakdown of LEON+’s per-query performance compared to the PostgreSQL runtime on different datasets

Fig. 6 Training curves with variance on different datasets. The shaded area represents the range between the minimum and maximum values
obtained from five different runs using different random seeds

Fig. 7 Breakdown of optimization and execution time on a different
number of join tables

The performance of LEON+ remains robust compared to
other learning-based methods during the training process. In
comparison to Bao and Balsa, LEON+ exhibits more con-
sistent performance and lower variability. This is due to
our contextual learning-to-rank objective, which is inher-
ently suited to the query optimization problem. Additionally,
this objective assists in the validation and debugging of our
ML models. Compared to LEON, LEON+ effectively elim-
inates cold start issues even further. From the early stages of
training, LEON+ consistently outperforms LEON, due to its
robust control over ML modules.

7.3 Optimization time

We evaluate optimizer (opt) time and execution time on JOB
benchmark, stratified by join count, and report the results in
Fig. 7 (log scale; blue: execution time, yellow: LEON opt
time, green: LEON+ opt time). For small–medium queries
(5–11 joins), LEON+ adds only tens of milliseconds of plan-
ning overhead (10.2, 27.3, 45.1, 54.1ms, respectively),which
is two orders of magnitude below execution time. For large
joins, where planning becomes non-negligible, LEON+ sub-
stantially reduces optimizer time relative to LEON, e.g.,
310 ms vs. 378 ms at 14 joins (−18%) and 3194 ms vs.
4285 ms at 17 joins (−25%). Overall, LEON+ preserves the
execution-time benefits of ML-guided planning while cut-
ting optimization overhead compared to LEON, especially
in the high-join regime.

7.4 Adapting to dynamic workload

In this section, we demonstrate how LEON+ adapts to a
dynamic workload. To illustrate changes in the workload, we
use a “time series split” strategy [25]. Specifically, we intro-
ducequeries to the optimizer incrementally, one at a time.The
learned optimizers are consistently evaluated on queries that
they have not encountered during model updating. Unlike
previous work, we have limited queries and begin measuring
performance from scratch.We conduct dynamicworkload on
four datasets: JOB, JOB_TRAINING, TPC-H, and STACK.
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Fig. 8 Runtime with dynamic unseen workload on different datasets

Fig. 9 Absolute differences in a subset of dynamic unseen query runtimes across various learning-based methods. The x-axis is sorted based on
the default PostgreSQL runtime for each query point. The dashed line represents the trend in execution time variation for each method

Since the JOB dataset only contains 113 queries, we traverse
these queries a few times to provide a workload with more
training queries. JOB_TRAINING consists of 1000 queries
derived from the original JOBworkload.We only report Bao,
LEON, and PostgreSQL as baselines because Balsa does not
achieve competitive performance.

Overall, LEON+ consistently outperforms PostgreSQL
and Bao during training, with substantially less initial per-
formance regression. The runtime gap between LEON+ and
the baselines keeps growing for two reasons. First, utilizing
the shared knowledge of queries, the robust generalization
in LEON+ contributes to being effective to new queries.
Second, since the template queries are adaptively managed
during the dynamic workload, LEON+ can potentially focus
on the important optimization space for the recent queries.
Another phenomenon shown in Fig. 8 is that, althoughLEON
has better performance in runtime at the beginning, LEON+

can surpass LEON with more queries. This is because the
top-down exploration strategy in LEON+ retains the optimal
plans, while the exploration strategy in LEON may generate
unstable query plans during a dynamic workload.

Robustness Analysis. Fig. 9 shows the absolute dif-
ferences in query runtimes across various learning-based
methods during dynamic scenarios. Points further to the right
represent tail latency, which is a concern to users. From
both the trend line and point observations, it is evident that
LEON+ not only consistently outperforms baseline methods
but also significantly reduces tail latency in dynamic sce-
narios. On JOB, which has relatively short queries, LEON+

Fig. 10 Uncertainty measurement for dynamic workload

achieves stable performance to improve tail-latency queries.
On STACK, LEON+ achieves up to 2.24× tail latency reduc-
tion compared to LEON. This is because LEON+ has a better
MLcomponentmanagement and aims to reduce performance
regression. This improvement underscores LEON+’s effec-
tiveness in managing high-latency queries, providing a more
responsive and reliable performance under changing work-
loads.

Effectiveness of Uncertainty. Fig. 10 shows the fluctua-
tions in uncertainty estimated byMLmodels during training.
The red line demarcates different stages. In each stage, the
uncertainty initially increases due to unseen data and then
decreases as more training iterations are performed. This
finding highlights the adaptability of LEON+ in scenarios
where system dynamics are changing over time. In such
cases, LEON+’s uncertainty estimates can enable the expert
optimizer to identify systemchanges andmodify its decisions
about updating ML models accordingly.
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Fig. 11 Workload Runtime of different templates on Slow-split JOB

Fig. 12 Impact of different ranking models

7.5 Comparison with white-boxmethods

Here, LEON+ compares its performance with white-box
methods, including CardEst and CostEst. We have imple-
mented open-source SOTA learning-based methods, such as
NeuroCard [52] as the CardEst work, and Tpool [43] as
the CostEst. NeuroCard uses the IMDB dataset as train-
ing data, while we have used training queries provided by
[43] for Tpool. We have injected their predicted cardinality
and cost into PostgreSQL (PG) DP search to measure end-
to-end latency performance. Similar to [50], we have split
the slowest queries from JOB as the test workload. Fig. 11
shows the detailed workload runtime of different methods
on every query template, and the last bar shows the average
result. On average, LEON+ outperforms PG, CostEst, and
CardEst by about 33%, 34%, and 81%, respectively. LEON+

outperforms the baselines due to its accurate ranking-based
model and exploration strategy. CardEst does not outperform
CostEst for two reasons. 1) The training dataset for Tpool is
large enough to boost the performance of ML models. 2)
CardEst methods can be influenced by PG’s inaccurate cost
model, which has been studied in [20].

7.6 Ablation study

Different Ranking Models. In this section, we will ana-
lyze the ranking objective of LEON+, which includes three
types: pointwise, pairwise, and listwise. We have imple-
mented Regression as a pointwise method, MarginLoss [23]
and Cross Entropy as two pairwise methods, and List Loss
[46] as a listwise method. Fig. 12 (left) displays the train-
ing curve of different ranking models. We can observe that
the Regression method has inferior performance and more
fluctuation, which is expected as proven by other works in

Fig. 13 Effect of query templates exploration and exploration rate

recommendation systems. List Loss outperformsRegression,
and the pairwise methods have the best performance. This is
because it is unrealistic to collect all plans’ execution feed-
back in an equivalent set, while pairwise learning avoids such
shortcomings. This result shows pairwise ranking is more
suitable for query optimization. Fig. 12 (right) shows the
accuracy of contextual pairwise ranking ML models trained
by different rankingmodels. The accuracy results of different
methods also demonstrate our conclusion.

Effect of Exploration Strategy. We further evaluate the
effectiveness of the adaptive query templates, the generaliza-
tion with shared knowledge, and the top-down exploration
strategy. The ablation study is conducted by comparing
LEON+ model against three alternative models: 1) LEON+

Static, which utilizes fixed query templates to control a fixed
optimization space. 2) LEON+ w/oGen,which directly keeps
extensive initially generated plans without filtering for pair-
wise training. 3) LEON+ BottomUp,which uses a bottom-up
exploration strategy in the plan space. We record their per-
formance in runtime in Fig. 13 (left).We can see that LEON+

model outperforms the LEON+ Static, LEON+ w/o Gen, and
LEON+ Bottom-up. This provides strong evidence that the
adaptive query templates, the generalization training design,
and the top-down exploration strategy enhance the perfor-
mance of the ML-aided optimizer.

Effect of Query Templates and Exploration Rate. As
for the choice of parameters, we analyze the setting of the
number of query templates and exploration rate. As shown
in Fig. 13(right), we compare the performance of query tem-
plates maintained statically (Sta) and dynamically (Dyn)
respectively, and the performance with exploration in the
bottom-up (BU) and top-down (TD) way individually. Query
templates maintained in Dyn outperform those in Sta contin-
uously, because the dynamic query templates are more likely
to shift along with the change of queries. Exploration in TD
also achieves less runtime than in BU among all exploration
rates, since it ensures the generation of optimal plans. Due
to the law of diminishing marginal, the additional generated
plans tend to be timeoutwith higher parameters than 60 query
templates and 10% exploration rate. Hence, the number of
query templates is maintained within (55, 65), and the explo-
ration rate is set as 10% in this work.
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Fig. 14 Impact of prior knowledge and impact of exploration strategies

Different Prior Knowledge. In this context, “prior
knowledge” refers to using information that is available
before the model is trained, such as empty knowledge basis
(Rand), the estimated cardinality (Card), and the expert
cost model (Cost). In LEON+, we use these three initial-
izations for ML models. In the case of Fig. 14 (left), the
effect of choosing different priors is analyzed by comparing
the convergence speed and latency of the ML-aided opti-
mizer on the JOB benchmark when using different types of
prior knowledge. The results show that using prior knowl-
edge can improve the convergence speed of the model, and
using cost-based correction can prevent the generation of
badplans (performance regression). Therefore, incorporating
prior knowledge into themodel can improve its performance.
This helps to greatly alleviate the cold-start problem, which
can be a significant challenge for ML models deployed in
real-world systems.

Different Sampling Strategies. In Fig. 14 (right), three
different sampling strategies are compared based on the train-
ing process on JOB: “RandExp”, which randomly samples
plans for training, "TopkExp", which selects the top k% of
plans based on LEON+’s score, and "TopkExp+U", which
selects plans with larger variance in addition to the top k%of
plans based on LEON+’s score. The results show that "Top-
kExp+U" has the fastest convergence speed and the lowest
latency.This is because the uncertaintymeasure is used to fur-
ther screen out data samples with little training value, which
helps to avoid wasting training time on worthless samples. In
this way, themodel can focus on learning the core knowledge
of the data, which improves its generalization ability.

Effect of Validation Model. We ablate the validation
gate by sweeping the decision cutoff τs ∈ {0.30, 0.40, 0.50,
0.60, 0.70} and the label tolerance α ∈ {0.10, 0.05, 0.02},
reporting two heatmaps in Fig. 15: Regression Ratio (left;
lower is safer) and Normalized Runtime (middle; lower is
faster, measured relative to our default setting). As expected,
for a fixed α, increasing τs admits more candidates, which
raises regressions but reduces runtime; for a fixed τs , using
a larger tolerance (softer labeling) lowers regressions and
modestly improves runtime. We highlight three operating
points: conservative (τs = 0.40, α = 0.10) with 9%
regressions, balanced (0.50, 0.05) with 15%, and aggres-

Fig. 15 The effectiveness of the validation model

sive (0.60, 0.02) with 24%. This plot makes the trade-off
explicit and motivates using the balanced point by default
unless a deployment prefers stronger safety (conservative)
or higher potential gains (aggressive).

To study the effect of the validation model further, we
conduct adversarial reordering of candidate plans shown in
Fig. 15 (right).We stress-test the validationmodel gate by tar-
geting ranker-induced misorderings. For each equivalent set
S, we identify candidates that the ranking model erroneously
promotes (i.e., labeled as deteriorating with Δrel > α but
placed ahead by the ranker), and inject a ρ% subset of these
candidates at the headofC(S) to forman adversarial front.All
results are reported at the balanced operating point (decision
cutoff τs=0.50, label tolerance α=0.05). The figure plots
two metrics against ρ ∈ {0, 10, 20, 40, 80}: (i) the Inter-
cept Rate–the fraction of promoted bad candidates filtered
by MV –and (ii) the Regression Ratio–the fraction of final
plans with Δrel(p, pO) > α. As attack intensity increases,
MV blocks an ever larger portion of harmful reorderings
(intercept 25% → 48% → 63% → 78% → 88%), while
the overall regression rises only mildly (15.0%→15.6%→
16.3%→17.2%→18.0%). This indicates that the validation
gate effectively safeguards against adversarial reorderings:
most promoted deteriorating candidates are intercepted, and
the residual risk grows slowly with ρ.

8 Related work

ML-aided Query Optimizer. Leo [29] is the pioneer work
that makes use of learning-based concepts to assist the query
optimizer and advance it. Leo proposes to collect more
statistics for the optimizer histogram during the query exe-
cution. Encouraged by the recent popularity of ML, many
researchers apply ML techniques to help resolve subprob-
lems in the query optimizer. Data-driven methods like [45,
49, 51, 59] and query-driven methods like [10, 33] are
proposed to solve the cardinality estimation.Deep neural net-
works [42, 43] are trained in a supervised learning fashion to
resolve cost estimation. Reinforcement learning (RL) helps
solve decision-making problems such as database tuning
problems [22, 44, 55]. Bao and its variants [25, 32, 57] pro-
pose to tune hint sets for each query, which is promising for
practical usage. Recent ML-based optimizers, such as Behr
et al. [4], reformulate cost estimation as a learning-to-rank
task to replace the cost model, whereas LEON+ focuses on
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maximizing the retention of expert knowledge while actively
exploring unseen experiences.

Learned Query Optimizer. Recently, RL has been applied
to learn an optimizer to generate query execution plans. Neo
[26] builds an end-to-end query optimizer that produces com-
plete execution plans. However, Neo is trained completely
based on latency signals, which requires DBMS to execute
numerous plans including potentially bad ones. Some other
similarworks includingRejoin [27],DQ [18], andRTOS [54]
leverage cost as a trade-off to increase training efficiency
and then transfer the pre-trained model based on the cost
to a new model that can adapt to latency signals. DQ and
RTOS leverage inductive transfer learning methods [35] that
change representations in the output layer. Balsa [50] shows
the insight of learning an optimizer without the expert and
achieves SOTA performance.

9 Conclusion

In this paper, we propose LEON+, a framework forML-aided
expert optimization. Different from the existing learning-
based methods, LEON+ trains a ranking model based on
the fundamental knowledge of the expert query optimizer
and aims to help the expert query optimizer self-adjust to
the deployment environment. By adapting the optimization
space, we significantly enhance LEON+’s robustness against
unseen workloads and reduce exploration costs. We con-
ducted extensive experiments on four public benchmarks,
providing evidence that LEON+ exhibits superior perfor-
mance in terms of execution latency, training efficiency,
and stability. We also integrate the LEON+ framework into
traditional optimizers with an unobtrusive and automated
integration.
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