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ABSTRACT

A recent line of works apply machine learning techniques to assist
or rebuild cost-based query optimizers in DBMS. While exhibiting
superiority in some benchmarks, their deficiencies, e.g., unstable
performance, high training cost, and slow model updating, stem
from the inherent hardness of predicting the cost or latency of
execution plans using machine learning models. In this paper, we
introduce a learning-to-rank query optimizer, called Lero, which
builds on top of a native query optimizer and continuously learns
to improve the optimization performance. The key observation is
that the relative order or rank of plans, rather than the exact cost or
latency, is sufficient for query optimization. Lero employs a pairwise
approach to train a classifier to compare any two plans and tell
which one is better. Such a binary classification task is much easier
than the regression task to predict the cost or latency, in terms
of model efficiency and accuracy. Rather than building a learned
optimizer from scratch, Lero is designed to leverage decades of
wisdom of databases and improve the native query optimizer. With
its non-intrusive design, Lero can be implemented on top of any
existingDBMSwithminimal integration efforts.We implement Lero
and demonstrate its outstanding performance using PostgreSQL.
In our experiments, Lero achieves near optimal performance on
several benchmarks. It reduces the plan execution time of the native
optimizer in PostgreSQL by up to 70% and other learned query
optimizers by up to 37%. Meanwhile, Lero continuously learns and
automatically adapts to query workloads and changes in data.
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1 INTRODUCTION

Query optimizer plays one of the most significant roles in databases.
It aims to select an efficient execution plan for each query. Im-
proving its performance has been a longstanding problem. Tra-
ditional cost-based query optimizers [40] find the plan with the
minimum estimated cost, which is a proxy of execution latency
or other user-specified metrics about resource consumption. Such
cost models contain various formulas to approximate the actual
execution latency, whose magic constant numbers are exhaus-
tively and extensively tuned based on engineering practice. Recent
works [32, 33, 51] refine traditional cost models and plan enumera-
tion algorithms with machine learning techniques. Although some
progress has been made, they still suffer from deficiencies caused
by the intrinsically difficult latency prediction problem.

In this paper, we propose Lero, a learning-to-rank query opti-
mizer which features a new lightweight pairwise machine learning
model for query optimization. Lero adopts a non-intrusive design,
with minimal modification to the existing system components in
DBMS. Instead of building from scratch, Lero is designed to leverage
decades of wisdom of query optimizers without extra, potentially
significant, cold-start learning costs. Lero can quickly improve qual-
ity of query optimization by judiciously exploring different opti-
mization opportunities and learning to rank them more accurately.

1.1 From Heuristic-Based Costing Models to
Machine Learning Models

Traditional cost-based query optimizers [40] have three major com-
ponents: cardinality estimator, cost model, and plan enumerator. For
an input query 𝑄 , cardinality estimator can be invoked to estimate
the cardinality, i.e., the number of tuples in the output, for each
sub-query of 𝑄 . The cost of a plan 𝑃 (with physical operators, e.g.,
merge join and hash join) for the query 𝑄 is a proxy of latency or
other user-specified metrics regarding the efficiency of executing
𝑃 . The cost model PlanCost(𝑃) estimates 𝑃 ’s cost and is usually a
function of estimated cardinalities of𝑄 ’s sub-queries. The plan enu-
merator considers valid plans of 𝑄 in its search space and returns
the one with the minimum estimated cost for execution.
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Various heuristics were essential in developing these compo-
nents. For example, independence between attributes across tables
is assumed and utilized for estimating cardinalities of joins of mul-
tiple tables [24, 45]. Magic constant numbers are prevalent in cost
models. They are often calibrated and tuned over years to ensure
that the estimated cost matches the plan’s performance well empir-
ically, under certain system and hardware configurations though.
It is realized that such heuristics are not always reliable for varying
data distributions or system configurations. As a result, cost models
may produce significant errors and the plan generated from the
traditional query optimizer may have poor quality [11, 16, 24, 45].

It is a natural idea to develop machine learning models to replace
traditional cardinality estimators, heuristic-based cost models, and
plan enumerators. For example, there are works on learning cardi-
nality estimators (refer to [16, 59] for a survey). For learning cost
models, different model parameters, instead of fixedmagic constant
numbers in traditional cost models, can be learned from different
datasets and workloads to enable finer-grained characterization
of various data distributions and system configurations, thus pro-
viding instance-level optimization of each query. A recent line of
works on learned query optimizers are built upon the above idea
and demonstrate some promising results [32, 33, 51].

Neo [33] and Balsa [51] provide end-to-end learned solutions for
query optimization. A plan value function PlanVal(), inspired by
the value networks in deep reinforcement learning, is learned to
replace the traditional cost model PlanCost. For a partial plan 𝑃 ′ of
the query 𝑄 , the machine learning model PlanVal(𝑃 ′, 𝑄) predicts
the minimum latency of a complete plan 𝑃 that contains 𝑃 ′ as a
sub-plan, with statistics and patterns about the tables, predicates,
and joins involved in 𝑃 ′ and𝑄 as input features. With PlanVal, Neo
and Balsa use their best-first search strategies to find the best plan
with the minimum estimated latency.

Bao [32] learns to steer a native query optimizer. It tunes the
native query optimizer with different sets of hints to generate a
number of different candidate plans for the query 𝑄 . Each hint set
forces/disables some operations, e.g., index scan or hash join, so
the query optimizer may output a different, and possibly better,
execution plan. Bao uses a machine learning model PlanVal(𝑃,𝑄)
to estimate the quality (e.g., latency) of each candidate plan 𝑃 and
select the best candidate for execution. Meanwhile, Bao periodi-
cally updates its model parameters based on execution statistics
using Thompson sampling [43], as solving a contextual multi-armed
bandits problem [56] to minimize the overall performance regret.

Although learned query optimizers exhibit superiority than tra-
ditional ones in some applications [37], their performance is far
from satisfactory. They still suffer from three major deficiencies:

• Unstable performance. These learned models are easily to
produce inaccurate latency estimates, which leads to sub-optimal
plans. Sometimes, the performance regression is very significant.
As shown in Section 6.2, their performance could even be worse
than PostgreSQL’s native query optimizer on TPC-H benchmark.

• High learning cost. The cost of learning a query optimizer
includes both the cost of exploring and executing different query
plans and the cost of model training. Somemodels [33, 51] require
tens to hundreds of training iterations to coverage, and execute

all newly explored plans in each iteration. For complex datasets,
this would consume several days to even weeks.

• Slow model updating. Existing learned optimizers need to
update their latency prediction models to fit dynamic data, which
is very challenging especially considering that the latency of the
same plan may vary on dynamic data. Thus, model updating in
this case requires huge efforts (training data and cost), and easily
leads to performance regression, as shown in Section 6.4.

We recognize that, the deficiencies of both traditional and newly
proposed learned query optimizers stem from the notoriously diffi-
cult problem of predicting the execution latency or cost of a plan.
The exact execution latency depends on numerous factors [24, 25,
34, 39, 49], e.g., underlying data distribution, workload patterns, and
system environment. Training such a prediction model is a costly
operation, which requires collecting a large volume of training data,
by executing query plans and measuring latency statistics, and a
lengthy training process to explore the huge hypothesis space.

Moreover, cardinality and cost estimations are only partial fac-
tors for query optimization. No matter whether with the traditional
calibrated estimators/models or with the learned models trained on
previous statistics, improving the estimations’ accuracy does not
necessarily lead to improvement in query optimization.

Is it really necessary to predict the latency?Weask such a fun-

damental research question: for the purpose of query optimization, do

we really need to estimate/predict the execution latency (or any other

performance-related metric) of every possible query plan?With the
goal of finding the best execution plan, training a machine learning
model to predict the exact latency (cost) is an overkill.

1.2 A Learning-to-Rank Query Optimizer

In this paper, we introduce a learning-to-rank query optimizer,
called Lero. In essence, what we need for query optimization is
a learned oracle that is able to rank a set of candidate query plans
with respect to their execution efficiency.

Looking back, traditional cost models are essentially “human
learning” models, whose parameters, i.e., magic constant numbers,
have been tuned with decades of engineering efforts. Under the
learning-to-rank paradigm, traditional and learned cost models can
be regarded as pointwise approaches [28], which outputs an ordinal
score (i.e., estimated cost) for each plan to rank them. Lero adopts
an effective pairwise learning-to-rank approach without discarding
human wisdom in developing traditional cost models and query
optimizers. We summarize our contributions as follows.

• Lero applies learning-to-rank paradigm to query optimization.
Compared to previous proposals to learn cost models or cardi-
nalities which are partial factors for query optimization, Lero
directly ranks and learns to improve plans’ quality. Lero is more
effective in selecting plans with good quality.

• Lero adopts a pairwise approach which learns to compare two
plans and predict the better one. Compared to other pointwise
approaches, training such a binary classifier is often easier[19].
Lero has significantly lower training costs, requiring fewer train-
ing samples, and much less time to train. A pairwise comparison
model is also used for index tuning in [10]. Lero implements a
novel deep learning model which consists of a classifier over two
plan embeddings with shared parameters. The model is able to
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capture the detailed structural properties for given plans and is
proven more effective in the context of query optimization.

• Lero is able to explore and learn new plan space (and new opti-
mization opportunities) more effectively. Instead of using query-
level hints as previous proposals [32], Lero can be equipped with
various strategies to adjust cardinality estimates at expression
level to effectively consider diversified plans and prioritize ex-
ploring more promising ones.

• Lero leverages decades of wisdom of databases and query op-
timization, rather than building a brand new optimizer from
scratch. Lero starts with the default behavior of the native query
optimizer and gradually learns to improve. Therefore, Lero is
guaranteedwith a good initial quality and does not need a lengthy
cold-start training process.

• Lero employs a non-intrusive design. It can be implemented on
top of any existing DBMS and integrated seamlessly with the
native query optimizer. To be specific, Lero takes advantage of
public interfaces provided by most DBMSs and jointly works
with the native query optimizer to improve optimization quality.

We implement Lero on PostgreSQL [2] and conduct extensive ex-
periments to evaluate its efficiency and effectiveness. Lero reduces
the execution time of the native query optimizer in PostgreSQL
by up to 70% and other learned query optimizers by up to 37%.
Experiments show that Lero adapts faster with stable performance
to various query workloads and dynamically changing data.

Organization. Section 2 outlines Lero’s pairwise learning-to-rank

system architecture and key components. Section 3 presents the
design of Lero’s comparator model and describes how to train
and infer using the model. Section 4 describes how Lero explores
different plans and new optimization opportunities, for the purposes
of both plan selection and model training. Extensions are discussed
in Section 5. We report detailed evaluation results in Section 6. We
cover related work in Section 7 and conclude in Section 8.

2 SYSTEM OVERVIEW

Lero is a learning-to-rank query optimizer which continuously ex-
plores different query plans, observes their performance, and learns
to rank them more accurately. Lero adopts a pairwise approach
whose objective is to predict which of two plans is more efficient.
Compared with other learning-to-rank approaches, e.g., pointwise
and listwise [28], Lero’s pairwise approach makes the best trade-off
between model accuracy and learning efficiency for our task.

Figure 1 shows the overall architecture of Lero. For each input
query 𝑄 , the plan explorer works with the native query optimizer
to generate a number of potentially good and diversified candi-

date plans 𝑃1, 𝑃2, . . . , 𝑃𝑛 . The pairwise plan comparator model

CmpPlan is then invoked to select the best plan 𝑃∗ from the candi-
dates for answering 𝑄 . In system background, themodel trainer

executes other candidate plans using idle workers whenever system
resources become available, collects the latency information into
the runtime stats repository, and continuously trains the comparator
model CmpPlan and updates it periodically. Such design enables
the comparator model to be continuously trained and become better
over time without affecting normal database services. The three
components are briefly introduced as follows.

Figure 1: System architecture of Lero.

Plan Comparator Model. Formally, let CmpPlan(𝑃1, 𝑃2) be an

oracle comparing any two plans 𝑃1 and 𝑃2 of a query:

CmpPlan(𝑃1, 𝑃2) =

{
0 if Latency(𝑃1) < Latency(𝑃2)

1 if Latency(𝑃1) > Latency(𝑃2)
, (1)

with ties broken arbitrarily. We use execution latency Latency(𝑃)
as the performance metric, but it can be easily generalized.

Our comparator model is to learn the above oracle CmpPlan.
To be more specific, we organize the training datasets (e.g. from
runtime stats repository) in the form of (𝑃𝑖 , 𝑃 𝑗 , 𝑙𝑎𝑏𝑒𝑙 ) for all pairs of
executed plans of each query where 𝑙𝑎𝑏𝑒𝑙 indicates which plan in a
pair is better. The learning goal is to fit the output of the oracle in
Eq. (1). We also use CmpPlan to denote the learned plan comparator

model (or comparator for short). The design of CmpPlan, including
training and inference techniques, is described in Section 3.

Plan Explorer. For a query, the plan explorer generates a variety

of 𝑛 candidate plans 𝑃1, 𝑃2, . . . , 𝑃𝑛 . While the best one chosen by
the comparator is returned by the optimizer for query execution,
the rest candidate plans are used by the model trainer to refine the
model. Therefore, the candidate plans serve the purposes of both
plan selection and model training, and they should: i) contain some
truly good candidates (although we do not have to know who they

are) and ii) be sufficiently diversified so that the model could learn
to distinguish between good and bad plans.

To satisfy the two requirements, our plan explorer uses the car-
dinality estimator as the tuning knob to generate more plans for
each query: the cardinality estimates of sub-queries are purposely
scaled up/down before being fed into the cost model for the native
query optimizer to generate different candidate plans. In particular,
it is shown that diversity can be introduced in the generated plans
by tuning selectivities (cardinalities) of predicates in a query [9, 11].
Our plan explorer is built on the intuition that the plan from the
native query optimizer is usually not too bad; by tuning cardinality
estimates, it may either generate some better plans in the neigh-
boring plan space (if tuning towards the true cost of a sub-query
which was incorrectly estimated), or some worse plans (tuning in
the opposite direction). Plans with various quality also increase the
diversity among candidates to train the comparator, and it is the
comparator’s job to identify the best among them.

Details about our plan exploration strategy are described in
Section 4. One obvious advantage of our plan explorer is that the
cardinality estimator is an essential component in almost all query
optimizers, and thus the strategy and the implementation of our
plan explorer can be easily migrated to different databases.
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Model Trainer. For each query, the trainer executes other candi-
date plans generated by the plan explorer, whenever system re-
sources become available, and adds their plan information and
execution statistics into the runtime stats repository. Such infor-
mation is further used for training and updating the comparator
model CmpPlan. By doing so, Lero is able to explore new plan
space as much as possible and learn from its potential mistakes.
In real-world distributed systems, idle workers and computation
resources commonly exist due to scheduling [20] or synchroniza-
tion [6]. Some platforms [4, 37] provide an individual environment
for performance testing, which can be also used as a resource for
executing candidate plans and collecting runtime stats.

3 A LEARNED PLAN COMPARATOR

The comparatorCmpPlan is trained/updated to fit a training dataset
from the runtime stats repository which continuously monitors
query execution and collects execution information.

3.1 Model Design

The overall model architecture of our comparator CmpPlan(𝑃1, 𝑃2)
is shown in Figure 2. It consists of plan embedding layers followed by
a comparison layer. The plan embedding layer is carefully designed
to effectively capture all the crucial information about a query plan,
including tables, operators, and plan structural properties, etc., and
the comparison layer compares embeddings (1-𝑑𝑖𝑚 or 𝑑-𝑑𝑖𝑚 vectors
output by the embedding layers) from the two plans and calculates
their difference in terms of plan quality for the comparison purpose.

Plan Embedding Layers. The plan embedding layers of CmpPlan

map 𝑃1 and 𝑃2 from the original feature space to a one-dimensional

(1-𝑑𝑖𝑚) embedding space, in order to learn differences between plans.
A sub-model PlanEmb takes features from each plan and generate
its plan embedding, PlanEmb(𝑃𝑖 ) ∈ R for each plan 𝑃𝑖 (𝑖 = 1, 2). We
use the parameter sharing technique in machine learning: the two
plan embeddings, PlanEmb(𝑃1) and PlanEmb(𝑃2), are generated
by two copies of PlanEmb, which are two components in CmpPlan
sharing the same model structure and learnable parameters.

Judicious design of embedding model to capture critical infor-
mation in the tree-structured plan is crucial for the overall model’s
effectiveness and efficiency. Lero builds on top of the tree convolu-
tion model, similar to [32, 33, 36] but with significant improvements.
As in Figure 2, a plan 𝑃 is featurized as a tree structure of vectors.
The vector for each sub-plan 𝑃 𝑗 that answers sub-query 𝑄 𝑗 (cor-
responding to a tree node) concatenates: a one-hot encoding of
the last operation on 𝑃 𝑗 , the cardinality estimate, the row width
of 𝑄 𝑗 ’s output, and 0/1 encoding of tables touched by 𝑄 𝑗 . As the
cardinality C(𝑄 𝑗 ) spans in a wide range, we use a min-max nor-
malization over log(C(𝑄 𝑗 )) in the feature vector. Unlike previous
approaches [32, 33], the vector does not include the estimated cost,
as it is strongly correlated with the estimated cardinality and row
width and it may introduce additional inaccuracy of the cost model.

The tree convolution operation slides multiple triangle shaped
filters over each node and its two children to transform the plan
into another tree. Finally, vectors on the tree nodes are flattened to
be fed into a neural network to generate the plan embedding.

It is worth noting that previous works use machine learning
models to predict latency. Our embedding model PlanEmb and

comparator CmpPlan are trained and used differently. Instead of
predicting plan latency, PlanEmb tries to extract key information
from plans and enables the comparison layer ofCmpPlan to compare
two plans. The learned 1-𝑑𝑖𝑚 plan embedding can be interpreted as
a ranking criteria, and all pairs of plans for a query are comparable
based on PlanEmb(·). Thus, the scale of PlanEmb(𝑃) for a plan 𝑃 is
not restricted, and its value does not have to be proportional to (or
approximate) 𝑃 ’s performance metric, e.g., latency. Such flexibility
allows the overall model to be more effective and easier to train.

Comparison Layer. The plan embedding model PlanEmb(·) is

learned together with CmpPlan via pairwise comparisons of plans,
with binary labels indicating which one is better for each pair.
Thus, in the comparison layer of CmpPlan, we feed the difference
𝑥 = PlanEmb(𝑃1) − PlanEmb(𝑃2) of embeddings of two plans into
a logistic activation function 𝜙 (𝑥) = (1 + exp(−𝑥))−1 to generate
the model’s final output (indicating whether 𝑃1 or 𝑃2 is better):

CmpPlan(𝑃1, 𝑃2) = 𝜙 (PlanEmb(𝑃1) − PlanEmb(𝑃2)), (2)

which is within (0, 1) and can be interpreted as how likely 𝑃2 is
more preferable than 𝑃1. This is consistent with the learning goal
of our comparator model as in Eq. (1): 𝑃1 is more preferable if
CmpPlan(𝑃2, 𝑃1) < 0.5 or approaches to 0, and 𝑃2 is more prefer-
able if CmpPlan(𝑃2, 𝑃1) > 0.5 or approaches to 1. Equivalently, a
smaller 1-𝑑𝑖𝑚 plan embedding is more preferable. More formally,

CmpPlan(𝑃1, 𝑃2) →

{
0 if PlanEmb(𝑃1,𝑄) � PlanEmb(𝑃2,𝑄)

1 if PlanEmb(𝑃1,𝑄) � PlanEmb(𝑃2,𝑄)
.

From how the model’s output is derived in (2) and the fact
that 𝜙 (𝑎 − 𝑏) + 𝜙 (𝑏 − 𝑎) = 1, our comparator model preserves
two nice properties: i) (commutativity) CmpPlan(𝑃1, 𝑃2) = 1 −

CmpPlan(𝑃2, 𝑃1), that is, exchanging the order of input plans does
not affect the comparison result; ii) (transitivity):CmpPlan(𝑃1, 𝑃2) <
0.5 and CmpPlan(𝑃2, 𝑃3) < 0.5 ⇒ CmpPlan(𝑃1, 𝑃3) < 0.5, that is,
𝑃1 is better than 𝑃2 and 𝑃2 is better than 𝑃3 imply that 𝑃1 is better
than 𝑃3. Thus, the comparatorCmpPlan(·, ·) induces a total order of
all plans, and we could select 𝑃∗ = argmin𝑃1 ...𝑃𝑛 PlanEmb(𝑃𝑖 ) with
the minimum value of PlanEmb(·) as the best plan for execution.

Loss Function. The goal ofCmpPlan is tomaximize the likelihood
of outputting the right order between any two plans, so that the
best plan can be selected. Thus, the loss function of CmpPlan is
designed towards this goal. Conceptually, let A be a (randomized)
algorithm that decides which one of 𝑃1 and 𝑃2 is more preferable
based on the model’s output CmpPlan(𝑃1, 𝑃2) ∈ (0, 1):

A(𝑃1, 𝑃2) →

{
𝑃1 with probability 1 − CmpPlan(𝑃1, 𝑃2)

𝑃2 with probability CmpPlan(𝑃1, 𝑃2)
. (3)

We have CmpPlan(𝑃1, 𝑃2) + CmpPlan(𝑃2, 𝑃1) = 1 by the com-
mutativity. Thus, the algorithm A is well-defined: A(𝑃1, 𝑃2) and
A(𝑃2, 𝑃1) output 𝑃1 with the same probability. Let 𝑃1 ≺ 𝑃2 denote
the event that Latency(𝑃1) < Latency(𝑃2) and 𝑃1 
 𝑃2 vice versa.
The goal is to train CmpPlan such that A is as accurate as possible.
Suppose we have a workload of queries inW = {𝑄} and a set of
candidate plans 𝑃 (𝑄) = {𝑃1, . . . , 𝑃𝑛} for each query, as the training
data. We use A to compare all pairs of candidate plans for each
𝑄 ∈ W; the probability that A makes no mistake is:
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Figure 2: Plan encoding and the structure of our plan comparator model (𝑑 = 1).

ACC(A,W) =
∏

𝑄 ∈W

���
∏

𝑃𝑖 ≺𝑃 𝑗 ∈𝑃 (𝑄)

(1 − CmpPlan(𝑃𝑖 , 𝑃 𝑗 )) (4)

·
∏

𝑃𝑖 
𝑃 𝑗 ∈𝑃 (𝑄)

CmpPlan(𝑃𝑖 , 𝑃 𝑗 )
�	
 .

We train CmpPlan to fit the observed orders of plans for queries in
W, so the loss function is chosen to be 𝐿 = − logACC(A,W):

𝐿 = −
∑

𝑄 ∈W

∑
𝑃𝑖 ,𝑃 𝑗 ∈𝑃 (𝑄)

(
I𝑃𝑖 ≺𝑃 𝑗 · log(1 − CmpPlan(𝑃𝑖 , 𝑃 𝑗 )) (5)

+I𝑃𝑖 
𝑃 𝑗 · log(CmpPlan(𝑃𝑖 , 𝑃 𝑗 ))
)
,

where the indicator function Ix returns 1 if the condition x holds and
0 otherwise. 𝐿 coincides with the cross-entropy loss in classification.

3.2 Model Training

Instead of training from scratch, we pre-train our comparator model
CmpPlan offline first on synthetic workloads to inherit the wisdom
of the native query optimizer and its cost model. It is then continu-
ously trained and updated online on real workloads with training
data collected during actual executions of query plans.

Model Pre-training: Starting from Traditional Wisdom. To

leverage decades of wisdom of cost models developed in DBMSs,
we pre-train the comparator model using the estimated costs of
candidate plans (without executing them) generated from a sample
workload of queries in an offline training stage. After pre-training,
the 1-𝑑𝑖𝑚 embedding PlanEmb(𝑃) is expected to be an approxima-
tion to the native estimated cost PlanCost(𝑃). Thus, the model is
bootstrapped to perform similarly to the native query optimizer at
the beginning. As more and more queries are executed, CmpPlan
is continuously improved and tuned to adapt to possibly dynamic
data distribution and workloads that drift over time.

In the native cost model, the cost of a plan is usually a piecewise
linear or quadratic function of estimated cardinalities of sub-queries
with magic constants as co-coefficients for different operators. The
goal of pre-training PlanEmb(𝑃) is to learn such functions in a data-
agnostic way, so as to handle any unseen query. Thus, we could
pre-train PlanEmb(𝑃) purely using synthetic workloads. Namely,
we randomly generate a number of plans with different join orders
and predicates on different tables, and featurize them as the training
data; we also randomly set the cardinality for each sub-plan of each
plan and feed them into the native cost model (without executing
the plans) to derive the estimated plan costs as labels. As the cost
models are often in a class of functions with simple structures, the
model pre-training converges very fast.

Pairwise Training. In the online stage, we train and update the

comparator CmpPlan in the pairwise comparison framework. For
each query 𝑄 , its candidate plans {𝑃1, . . . , 𝑃𝑛} are generated by
the plan explorer to be introduced in Section 4; these plans are
executed by idle workers, whenever system resources become
available, with execution statistics collected in the runtime stats
repository. According to the loss function in Eq. (5), we construct
𝑛(𝑛−1) training data points for each query: for each pair (𝑖, 𝑗) with
1 ≤ 𝑖 ≠ 𝑗 ≤ 𝑛, we construct a data point with features (𝑃𝑖 , 𝑃 𝑗 ) and
label 1 if Latency(𝑃𝑖 ) > Latency(𝑃 𝑗 ), and 0 otherwise.

Periodically, we use an SGD optimizer to update CmpPlan to-
gether with PlanEmb by backward propagation with the train-
ing dataset constructed above. For parameters in the sub-model
PlanEmb, as they are shared in two copies of PlanEmb that output
PlanEmb(𝑃𝑖 ) and PlanEmb(𝑃 𝑗 ), respectively, we add up the gradi-
ents from the two copies for each shared parameter together to
update this parameter in the model PlanEmb.

Our comparator, by nature of its design, adapts fast to dynami-
cally changing data during the processing of model training and
updating. When tuples are inserted or deleted into the database, the
relative orders of two plans (i.e., labels ofCmpPlan) are more robust
than their execution latencies (i.e., labels of a latency prediction
model). The latter would vary for the same plan even when tuples
from the same distribution are inserted, which makes the training
of a latency prediction model costly especially on dynamic data.
Our experimental study in Section 6.4 verifies the above intuition.

4 PLAN EXPLORATION STRATEGY

The plan explorer of Lero generates a list of candidate plans 𝑃1, . . . ,
𝑃𝑛 for a query 𝑄 , for two purposes. First, for the purpose of query
optimization, Lero applies the comparator model to identify the best
plan among the candidates for execution. Thus the candidate list
must include some truly good plans for consideration.

Second, for the purpose of plan exploration, Lero prioritizes ex-
ploring other promising plans for the query. By executing them
and comparing their performance pairwise, Lero is able to catch
past optimization mistakes and adjust the model timely using the
newly observed runtime information. In addition, whenever system
resources are available, other candidate plans which are diversified
sufficiently (e.g., with different join orders or in different shapes
such as left-deep and bushy trees) are also considered so that Lero
learns new plan space and improves the model over time.

For the ease of deployment, Lero makes minimal changes to
the native query optimizer. Therefore, the plan explorer should
be able to be implemented in a lightweight way, e.g., through re-
implementing some system provided interfaces. Meanwhile, we
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hope that the framework of Lero could be generally used in any
DBMS; thus, the strategy should not be system-specific.

Existing Plan Exploration Methods.A straightforward strategy

is to explore a random sample of valid plans for each query, which is
used by reinforcement learning-based approaches such as Neo [33]
and Balsa [51]. The obvious drawback is that, with high likelihood,
high-quality plans could be missing in a random sample; otherwise,
the sample size has to be so large that executing these sample plans
would be too costly for model training.

Bao [32] explores plans by tuning a set of hints (boolean flags) to
disable/force certain types of optimization rules. For example, the
native query optimizer initially generates a plan with merge join
for a query; with a hint set that disables merge join and forces in-
dexed nested loop join, it would generate a different candidate plan.
However, this optimizer-level tuning strategy has two drawbacks.

First, a hint set is typically applied for the whole query during
the entire plan search procedure. If different parts of a query have
different optimal choices, tuning a flag at a query level may miss
opportunities for finding high-quality plans. For example, let 𝑄
be a query joining two sub-queries 𝑄1 and 𝑄2 where the best join
operations for 𝑄1 and 𝑄2 are indexed nested loop join and merge
join, respectively. The query optimizer may use merge join for both
𝑄1 and 𝑄2 due to cardinality estimation errors. With a hint set
disabling/forcing either merge join or indexed nested loop join, at
most one of 𝑄1 and 𝑄2 could select the right operation. In such
cases, the optimal plan can never be included in the candidate list.

Second, the set of available hints is system specific. An optimizer
usually contains hundreds of flags to enable/disable certain opti-
mization rules. Enumerating all kinds of combinations is infeasible
in practice. Selecting an effective subset of hint sets manually re-
quires a deep understanding on the system and comprehensive
analysis on the workload [37].

Thus, it motivates us to pursue other routes for designing a plan
exploration strategy. We introduce our tuning knob in Section 4.1,
followed with practical heuristic strategies in Section 4.2.

4.1 Cardinality as Knob for Plan Explorer

Lero uses the cardinality estimator as the tuning knob for our plan
explorer. In the native cost-based query optimizer, the estimated
cardinality for each sub-query of an input query 𝑄 is fed into the
cost model to guide plan enumeration and selection. Each time
with different cardinality estimates on one or more sub-queries, the
query optimizer would select a different plan for 𝑄 . In Lero’s plan
explorer, we tune (magnify or reduce) the estimated cardinalities
multiple times to generate a list of different candidate plans.

Formally, let C() be the native cardinality estimator in DBMS.
For each sub-query 𝑄 ′ of a query 𝑄 , C(𝑄 ′) gives a cardinality
estimate. Instead of invokingC() in the cost model, we ask the query
optimizer to invoke a tuned estimator C̃(), so it would generate a
different plan. Our plan explorer would tune C() in different ways;
with different tuned estimators fed into the cost model, the query
optimizer generates different plans as the candidates 𝑃1, . . . , 𝑃𝑛 .

Using the cardinality estimator as a tuning knob has following
advantages. First, in cost-based query optimizers, cardinality esti-
mates decide the estimated costs, and thus determine join orders
and physical operations on tables and sub-queries. Therefore, under

the same resource budget (e.g. work memory) for plan execution,
tuning cardinality estimates would be highly possible to introduce
diversity in candidate plans, possibly with different join orders or
different operators (e.g., sort-merge join v.s. nested loop join). Sec-
ond, cardinality tuning is platform-independent. For most DBMSs,
there exist system-provided interfaces to modify the estimated
cardinality, which is friendly for system deployment.

A Brute-Force Exploration Strategy. Let C∗() be the true car-

dinality. For any query 𝑄 , the difference between C∗(𝑄) and the
DBMS’s estimate C(𝑄) is unknown. However, with a reasonable
number of different ways to tune C(𝑄), we can ensure that at least
one tuned estimator C̃(𝑄) is close to C∗(𝑄), in terms of q-error,
which is defined as QE(estimate, true) = max{ estimate

true , true
estimate }.

We tune the cardinality estimatorC()with exponentially varying
step sizes. Suppose we know an upper bound of the q-error of C(),
namely, QE(C(𝑄 ′),C∗(𝑄 ′)) ≤ Δ for any sub-query 𝑄 ′ of 𝑄 . Let

𝐹Δ𝛼 = {𝛼𝑡 | �− log𝛼 Δ ≤ 𝑡 ≤ �log𝛼 Δ�, 𝑡 ∈ Z} (6)

be the set of guesses of scaling factors. For each 𝑓 = 𝛼𝑡 ∈ 𝐹Δ𝛼 , we

tune C(𝑄 ′) as C̃(𝑄 ′) = 𝑓 ·C(𝑄 ′). Then there is at least one 𝑓 ∈ 𝐹Δ𝛼
such that QE(𝑓 · C(𝑄 ′),C∗(𝑄 ′)) ≤ 𝛼 . The estimation of Δ does
not need to be tight, since the number of guesses |𝐹Δ𝛼 | = Θ(log𝛼 Δ)
depends logarithmically on Δ. In practice, it can be set based on
users’ experience or q-error distribution on historical queries.

In order to explore plans for the query 𝑄 , we repeat the above
tuning process recursively for all of its sub-queries: for each sub-
query 𝑄 ′ of 𝑄 , we pick a scaling factor 𝑓𝑄′ ∈ 𝐹Δ𝛼 and set C̃(𝑄 ′) =
𝑓𝑄′ · C(𝑄 ′). For each combination of scaling factors 〈𝑓𝑄′ 〉𝑄′ ⊆𝑄 , we

construct an estimator C̃() defined for all the sub-queries of𝑄 , and
we can feed it into the cost model to generate a candidate plan.

From the way how tuned estimators are constructed above, there
is at least one combination of scaling factors such that the result-
ing C̃() satisfies QE(C̃(𝑄 ′),C∗(𝑄 ′)) ≤ 𝛼 for all sub-queries of 𝑄 .
Theoretically, a near-optimal candidate plan under a specific cost
model can be generated by the optimizer using an estimator C̃()
with q-error bounded by 𝛼 ; more formally, from [35], with some
mild assumptions about the cost model, the optimal plan under C̃()
is no worse than the optimal plan under C∗() by a factor of 𝛼4.

Ensuring that at least one candidate plan is near-optimal suffices
for the purpose of optimization, as it is the comparator’s job to
identify it among all candidates. However, the overhead of the above
method is too high: the number of different sub-queries𝑄 ′ is at least
2𝑞 where 𝑞 is the number of tables in𝑄 , and |𝐹Δ𝛼 | = Θ(log𝛼 Δ); thus,

the total number of combinations of scaling factors is Θ(log2
𝑞

𝛼 Δ).
From the above discussion, we can prove the following results.

Proposition 1. In the above brute-force exploration strategy, the

number of candidate plans generated is at most O(log2
𝑞

𝛼 Δ); with
some mild assumptions about the cost model as in [35], at least one of

them is no worse than the optimal plan by a factor of 𝛼4.

The list of candidate plans generated in the above way is too
long, which is unbearably costly for model training. We propose
more effective heuristic methods in the following subsection.
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Algorithm plan_explorer(𝑄,𝛼,Δ)
1: Priority queue candidate_plans ← ∅

2: for each 𝑓 ∈ 𝐹Δ
𝛼 in the increasing order of | log 𝑓 | do

3: for 𝑘 ← 1 to 𝑞 (the number of tables in𝑄) do
4: Inside query optimizer: let C() be the default cardinality esti-

mator in native query optimizer
5: C̃(𝑄′) ← 𝑓 · C(𝑄′) for size-𝑘 sub-queries𝑄′ ∈ sub𝑘 (𝑄)

6: C̃(𝑄′) ← C(𝑄′) for sub-queries𝑄′ ∈ sub(𝑄) − sub𝑘 (𝑄)

7: feed cardinality C̃() into the cost model to generate a plan 𝑃
8: candidate_plans ← candidate_plans ∪ {𝑃 }
9: return candidate_plans

Figure 3: Plan exploration strategy in Lero.

4.2 Priority-Based Heuristic Methods

Plan exploration is conducted in background whenever system
resources become available. The key idea of our heuristics is to
prioritize exploring where the native optimizer is likely to make
mistakes. In addition, instead of exploring all possibilities and tun-
ing cardinality estimates for all sub-queries simultaneously as in
the brute-force strategy, we introduce a heuristic which focuses
on mistakes in estimating cardinalities for size-𝑘 sub-queries on 𝑘
tables (for each different 𝑘 ≥ 1 at one time). 1

The necessity of considering 𝑘 > 1 is because the difficulty (as
well as the error) of estimating cardinality of size-𝑘 sub-queries
increases significantly as 𝑘 increases (due to cross-table correlation
among columns). Thus, the native optimizer tends to make mistakes
in generating partial plans for sub-queries on a larger number 𝑘 > 1
of tables. As a trade-off between efficiency and effectiveness, the
following strategy tries to guess where the biggest mistake is (by
enumerating all possible values of 𝑘), and tune cardinality estimates
for all size-𝑘 sub-queries together.

The plan explorer in Lero is illustrated in Figure 3. In the outer
loop (line 2), we enumerate a scaling factor 𝑓 ∈ 𝐹Δ𝛼 , in the increasing
order of | log 𝑓 | with ties broken arbitrarily. That is, we prioritize
exploring the neighboring plan space surrounding the native opti-
mizer’s choice (with 𝑓 closer to 1), where plan quality is not too bad
and the optimizer is likely to make mistakes, if any. Let sub𝑘 (𝑄) be
the set of size-𝑘 sub-queries of a query 𝑄 on 𝑞 tables. An extensive
experimental study in [24] shows that sub-queries with the same
size are often underestimated together with similar q-errors. Thus,
in the inner loop, we enumerate 𝑘 and tune the cardinality estimates
for all sub-queries 𝑄 ′ ∈ sub𝑘 (𝑄) together, resulting in a tuned es-
timator C̃ (lines 5-6) to be fed into the optimizer. The resulting
candidate plans are maintained in a priority queue for evaluation
and execution whenever system resources allow. Considering the
sizes of the two loops in lines 2-3, the following result is obvious.

Proposition 2. In the heuristic strategy in Figure 3, the number

of candidate plans generated is at most O(𝑞 · log𝛼 Δ).

Encouraging Diversity in Candidates.An important goal of our

plan explorer is to generate diversified candidates. In Figure 4, we
give conceptual examples of typical cases when our plan explorer
encourages diversity in the candidates (with different plan shapes
and join orders), for a query joining four tables, 𝐴 ⊲⊳ 𝐵 ⊲⊳ 𝐶 ⊲⊳ 𝐷 :

1We also consider heuristics based on plan diagram [9, 11], which can be found in the
extended technical report [58].

Figure 4: Intuitions on why our plan explorer based on sub-

query grouping encourages diversity.

(Diversity of plan shapes) Two valid plans 𝑃1 and 𝑃2 have different
shapes (left-deep tree and bushy tree, respectively). When we tune
cardinality estimates for size-2 sub-queries (𝑘 = 2 in line 2 of
Figure 3), different values of 𝑓 would encourage different plan
shapes. Namely, when 𝑓 � 1, two sub-queries 𝐴 ⊲⊳ 𝐵 and 𝐶 ⊲⊳ 𝐷
in 𝑃2 have reduced cardinality estimates in C̃(), while only one
sub-query 𝐴 ⊲⊳ 𝐶 in 𝑃1 has a reduced cardinality estimate. As a
result, the estimated cost of 𝑃2 is reduced more than that of 𝑃1, and
thus a bushy tree is more likely to be generated by our plan explorer
and included in the candidate list. When 𝑓 � 1, with a similar logic,
a left-deep tree is more likely to appear in the candidate list.

(Diversity of join orders) Plans 𝑃3 and 𝑃4 are both left-deep trees
but have different join orders. In Figure 4, the length of bar on each
single and joined table represents its size. 𝑃3 first executes 𝐴 ⊲⊳ 𝐵
which has a large estimated cardinality, while 𝑃4 first executes𝐶 ⊲⊳
𝐷 which is estimated to be much smaller. When we tune cardinality
estimates for size-2 sub-queries, we multiply both estimates with a
scaling factor 𝑓 . Suppose 𝑃3 and 𝑃4 have similar total estimated cost
before tuning. When 𝑓 � 1, the decrease of the tuned cardinality
estimate C̃(𝐴 ⊲⊳ 𝐵) − C(𝐴 ⊲⊳ 𝐵) for 𝐴 ⊲⊳ 𝐵 is more significant than
C̃(𝐶 ⊲⊳ 𝐷) − C(𝐶 ⊲⊳ 𝐷), and thus 𝑃3 is more likely to be in the
candidate list; when 𝑓 � 1, the increase C̃(𝐴 ⊲⊳ 𝐵) − C(𝐴 ⊲⊳ 𝐵) is
more significant, and thus 𝑃4 is more preferable.

Some Implementation Details. The tuned estimator C̃() in our

plan explorer (in Figure 3) is not constructed explicitly by setting
the cardinality estimate for every possible sub-query 𝑄 ′ of 𝑄 (as in
lines 5-6). Instead, we only need a “hook” to the native cardinality
estimator C(): if the size of a sub-query 𝑄 ′ is 𝑘 , we invoke C(𝑄 ′)

and return 𝑓 · C(𝑄 ′) as C̃(𝑄 ′); otherwise, we just return C(𝑄 ′).
We implement Lero on PostgreSQL. Thanks to Lero’s non-intrusive
design, the implementation is straightforward. The only major
modification to PostgreSQL is a hook function pg_hint_plan that
implements the tuned cardinality estimator C̃() in the above way.
Our implementation on PostgreSQL can be easily ported to other
databases that offer similar interfaces for cardinality estimators.

5 EXTENSIONS AND DISCUSSION

Comparator with 𝑑-𝑑𝑖𝑚 Embedding.Our comparatorCmpPlan

could be extended to a 𝑑-dimensional (𝑑-𝑑𝑖𝑚) embedding space. We
only need to leave the dimensionality of the last plan embedding
layer (in Figure 2) as𝑑 > 1, with the hope to summarizemore sophis-
ticated statistical and structural information about each plan in plan
embeddings. After that, the comparison layer is a learnable linear
layer that compares the two 𝑑-𝑑𝑖𝑚 embeddings PlanEmb(𝑃1) ∈ R

𝑑

and PlanEmb(𝑃2) ∈ R𝑑 , and outputs 0 (𝑃1 is better) or 1 (𝑃2 is
better). We defer detailed analysis to the technical report [58].
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How to Handle Varying Resource Budget. Traditionally, each

query is assigned a resource budget (e.g. work memory) under
which the query is optimized and later executed. It is the database
engine’s responsibility to guarantee each query receives its assigned
budget at runtime and ensure performance isolation among differ-
ent queries to avoid any resource contention. This is an orthogonal
task to query optimization. When resource condition in the data-
base engine changes dramatically and the assigned budget for a
query can no longer be guaranteed at runtime, re-optimization for
the query under a different budget might be triggered.

We assume constant resource budget per plan execution in this
paper. In principle, Lero can include resource budget information
into the feature set of our comparator model, namely, as inputs to
the plan embedding layers. In this way, the resulting plan embed-
dings encode such information about available resource, and plans
can be compared in the comparison layer under different resource
budgets at runtime. This augmented design will bring more chal-
lenges in model training, as the comparator now needs to observe
runtime stats under various resource budgets to be fully trained,
which we leave for future work.

6 EXPERIMENTAL EVALUATION

We make our implementation of Lero open-source [2]. We also im-
plement recently proposed learned query optimizers, Neo [33] and
Bao [32], and use Balsa’s open-source implementation in [1, 51] on
PostgreSQL. We describe our experimental setup in Section 6.1. We
first answer the most crucial questions about Lero’s performance:

• How much improvement on query execution performance could
Lero achieve in comparison with PostgreSQL’s native and other
learned query optimizers? (Sections 6.2 and 6.8)

• How much is Lero’s query optimization cost? (Section 6.3)

• Could Lero adapt to workloads on dynamic data? (Section 6.4)

We then examine the design choices and settings in Lero and
understand how they affect the performance of Lero:

• What are the benefits of using pre-training in Lero? (Section 6.5)

• Is the proposed plan exploration strategy efficient and effective?
How is it compared with alternative strategies? (Section 6.6)

• With less or limited idle resource, could Lero still achieve similar
performance gains? (Section 6.7)

6.1 Experimental Setup

Benchmarks.We evaluate all the query optimizers on three widely
used benchmarks.

• The IMDB dataset has 21 tables on movies and actors, and its
JOB workload [24] has 113 realistic queries. For large-scale eval-
uation in most of our experiments, we generate a workload of
1,000 queries from JOB (similar to the one in [32]): each time
we randomly sample a query template from JOB, fetch its join
template and attach some randomly generated predicates to it.

• The STATS dataset and STATS-CEB workload [15, 16] are re-
cently proposed to evaluate the end-to-end performance of query
optimizer. STATS contains 8 tables of user-contributed content
on the Stats Stack Exchange network. Its data distribution is more
complex than IMDB. STATS-CEB contains 146 query templates

varying in join sizes and types. We generate a query workload
using the same approach as described above.

• The TPC-H [8] has its data synthetically generated under a uni-
form distribution. We set the scale factor to 10, and use its query
templates #3, 5, 7, 8, 9, 10 for workload generation. Under each
template, we generate a number of queries with varying predi-
cates. We exclude other templates which are either too simple
(on only one or two tables), or with views or nested SQL queries.
Queries with views or nested SQL queries cannot be fully opti-
mized by Lero due to a limitation of our implementation: to tune
cardinality estimations for operators in the plans, we modify the
hook function pg_hint_plan, which does not support to impose
any hints on views and nested SQL queries. We would try to fix
this limitation in the future implementation.

• The TPC-DS [7] is another benchmark for evaluating database
performance. Similar to TPC-H, we also set its scale factor to 10
and exclude all templates that are either too simple or can not be
supported by the pg_hint_plan hook function. The remaining 23
templates are used to generate a query workload with various
predicates in a similar way to TPC-H.

Learned Optimizers in Comparison.Neo and Balsa need to find

a plan to execute using their latest model in each training epoch,
and use the execution statistics to update the model. The generated
plans are unknown before each epoch, so the training can only be
done sequentially, which leads to a very long training time even
with unlimited resource. By their evaluation [33, 51], the models
converge after tens of epochs. On the contrary, both Bao and Lero
can simultaneously run the selected plans and collect the training
data in background, which greatly expedite the training process.

In our experiments, neither Neo nor Balsa could match the per-
formance of PostgreSQL’s native query optimizer after training for
72 hours on all of our datasets, except the original JOB workload
(with 113 queries) on the IMDB dataset. On the contrary, Bao often
outperforms PostgreSQL after training for several hours. Thus, we
only report performance of Bao and Lero in most of our experi-
ments in Sections 6.2-6.7. We compare Lero with Balsa on IMDB
with the original JOB workload in Section 6.8. Bao and Balsa have
demonstrated their superiority over Neo in [32, 51], so we do not
further compare with it in the rest experiments.

As described in [32], Bao selects one candidate plan by Thomp-

son sampling to execute and collects its execution time to update
its model periodically. To have a fair comparison with Lero, we
also implement an extended version of Bao, called Bao+, which
witnesses more plans for model training. For each training query,
it runs all candidate plans generated by its hint set tuning strategy
using idle computation resource and collects their execution time
to update the model periodically, in a similar way to Lero.

Evaluation ScenariosWe compare Lerowith PostgreSQL’s native
query optimizer and other learned optimizers in different settings.
PostgreSQL’s native query optimizer does not need a separate train-
ing phase. For fair comparisons with the native and learned opti-
mizers, we use the “time series split” strategy [32] for training and
evaluating Bao, Bao+, and Lero. Namely, unique queries in a work-
load are randomly shuffled as 𝑄1, 𝑄2, . . .. The learned optimizers
are always evaluated on queries that have never seen during the
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Table 1: Overall performance of different query optimizers.

Execution Time (in hour)
Query Optimizer

STATS IMDB TPC-H TPC-DS

PostgreSQL 20.19 1.15 0.94 1.68
Bao 15.32 0.47 1.17 1.55
Bao+ 13.85 0.41 0.89 1.57
Lero 11.32 0.35 0.74 1.47

Fastest Found Plan 10.73 0.19 0.72 1.39

procedure of model training and updating. In the experiments, we
evaluate their performance under two realistic scenarios:

• Performance curve since deployment. The learned optimizers are
continuously updated since deployed for each workload. Bao+
and Lero may execute multiple candidate plans for a query on
idle workers. When 𝑄𝑡+1 is evaluated, all learned optimizers are
only trained with information from earlier queries 𝑄1, . . . , 𝑄𝑡 .
Their models are updated in the background every 100 queries
on IMDB and STATS, every 30 queries on TPC-H and every 50
queries on TPC-DS. By reporting the (accumulated) latency on
each𝑄𝑡+1, wemeter the performance of different optimizers since
the deployment and how quickly they adapt to a new workload.

• Performance with stable models. The learned optimizers tend to be
stable (that is, the model training process converges) after seeing
a sufficient number of queries in the workload, i.e., 𝑄1, . . . , 𝑄𝑇

(training queries), then we would use the optimizers to evaluate
queries 𝑄𝑇+1, 𝑄𝑇+2, . . . (test queries) without further updating
the models. The numbers of test queries on IMDB, STATS, TPC-H
and TPC-DS are 113, 146, 30 and 115, respectively. By reporting
their (average) performance on 𝑄𝑇+1, 𝑄𝑇+2, . . ., we compare the
performance of learned optimizers after they are deployed on a
workload and stabilized for a while.

Setup. We deploy learned optimizers on a Linux machine with

an Intel(R) Xeon(R) Platinum 8163 CPU running at 2.5 GHz, 96
cores, 512GB DDR4 RAM and 1TB SSD. It is also equipped with
one NVIDIA RTX-2080TI GPU for model training and inference.
PostgreSQL 13.1 is installed and configured with 4GB shared buffers.

6.2 Query Performance

We compare Lero with other optimizers for the two scenarios in
Section 6.1. For the hyper-parameters of Lero, we set the cardinality
tuning factor 𝛼 = 10 and q-error upper bound Δ = 102, so the set
of scaling factors is 𝐹Δ𝛼 = {10−2, 10−1, 1, 10, 102}. For Bao and Bao+,
we use the same family of 48 hint sets [30] for plan generation.
As in Bao’s original implementation [31], Bao and Bao+ select the
same plan as PostgreSQL’s optimizer for the first 100 queries while
their machine learning models are trained and warmed up.

6.2.1 Performance with Stable Models. We first compare the perfor-
mance of different optimizers, after Bao, Bao+, and Lero have been
deployed for a while and the model training converges after seeing
all training queries. We will then use the learned optimizers to
process the unseen test queries. Table 1 reports their performance
on finishing all test queries on all benchmarks. “Fastest Found Plan”
refers to the fastest plan generated by exhaustively search for each
query. Overall, Lero achieves the best performance, compared with
Bao, Bao+, and PostgreSQL’s optimizer. Its performance is close to
the fastest found plans on STATS, TPC-H and TPC-DS.

• Lero’s execution time is 70%, 44%, 21% and 13% less than Post-
greSQL’s native query optimizer on IMDB, STATS, TPC-H, and
TPC-DS, respectively. This demonstrates Lero’s practical value
and advantages over the traditional optimizer in this scenario.

• Lero’s execution time is 26%, 25%, 37% and 5% less than Bao on
IMDB, STATS, TPC-H and TPC-DS, respectively. This verifies the
effectiveness of our learning-to-rank paradigm and the pairwise
trained comparator model (rather than a model predicting the
exact latency). Moreover, compared with the hint set tuning
approach in Bao, the plan explorer in Lero is able to generate
better and more diversified plans, as described in Section 4.2,
for the comparator model to learn and achieve superior query
performance. Detailed comparison and experimental analysis of
different plan exploration strategies will be given in Section 6.6.

• Bao+ learns from all the candidate plans generated by hint set
tuning and achieves a decent performance improvement over
Bao. Nevertheless, Lero’s execution time is still around 20% less
than Bao+ on the three benchmarks, due to Lero’s more effective
pairwise learning-to-rank model and plan exploration strategy.

6.2.2 Analysis of Performance Improvement/Regression. Figure 5
compares the per-query execution time of each learned optimizer
(Bao, Bao+ and Lero) with PostgreSQL on the 146 test queries of
STATS. We do not plot the 47 queries, for each of which PostgreSQL
and all the three learned optimizers choose the same plan for execu-
tion. We sort all remaining queries by latency differences between
each optimizer and PostgreSQL from slowdown to speedup to visu-
alize performance regression/improvement of Lero and others.

In comparison to Bao and Bao+, Lero significantly reduces per-
formance regressions and brings much more performance gains.
Only 9 queries (6.2%) are slowed down in Lero (for more than one
second) among 146 queries, while 33 queries are accelerated signif-
icantly. Bao and Bao+ cause regressions for 29 queries each, which
are even more than the number of queries they are able to improve
(26 in Bao and 24 in Bao+). When performance regression does
happen in Lero, the relative slowdown of execution time, how-
ever, is much smaller. For instance, for the STATS workload, the
maximum slowdown in Lero is 246𝑠 , which translates to a relative
performance regression of 5.2%, while the maximum slowdown in
Bao is 1, 276𝑠 with a relative performance regression of 46.5%. Our
technical report [58] provides more detailed analysis on how the
plans selected by different optimizers rank among the truly best
plans, which explains the performance improvement in Lero.

6.2.3 Performance Curves since Deployment. In Figure 6, we meter
the performance curves of learned optimizers since their deploy-
ment for each workload, i.e., accumulated execution time of the
best plans chosen by different optimizers in each workload (see Sec-
tion 6.1 for the definition). The “Fastest Found Plan” curve refers to
the conceptual latency lower bound as is defined in Section 6.2.1.

• The training of Lero converges faster. After seeing 200 queries
in IMDB, 100 queries in STATS, TPC-H and TPC-DS respectively,
Lero’s performance is consistently better than PostgreSQL and
other learned optimizers. While Bao and Bao+ eventually out-
perform PostgreSQL, they do so after seeing much more queries.
This confirms that training Lero’s learning-to-rank model for
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Figure 5: Per-query execution time of different query optimizers in comparison with PostgreSQL on the STATS benchmark.

Figure 6: Performance curve of different query optimizers since deployment on benchmarks.

query optimization is much more effective than training the
latency prediction models in Bao and Bao+.

• The performance gaps between Lero and Bao/Bao+ gradually
enlarge as more and more queries are executed. Eventually, Lero
brings much more significant performance gain over PostgreSQL
than Bao and Bao+ do. Its total execution time (right-end of each
in Figure 6) is, e.g., 47%, 38% and 23% less than PostgreSQL, Bao
and Bao+, respectively, on STATS.

• Lero’s performance is more robust. It consistently outperforms
PostgreSQL on all the benchmarks while the performance of Bao
and Bao+ is sometimes worse than PostgreSQL (e.g. on TPC-H
and TPC-DS). This is due to the intrinsic hardness of latency
prediction which could require more training data and more
time to converge in order to demonstrate any performance gain.

6.3 Query Optimization Cost

While achieving significant improvement in query execution per-
formance, Lero spends extra query optimization time in generat-
ing a list of candidate plans for an input query and applying the
comparator model to pick the best candidate. The average query
optimization time per-query of different optimizers is reported in
Table 2. We observe that this extra cost in query optimization is
very low. In particular, the total extra cost is only at most 2.4% of the
total query execution time on IMDB and less than 0.1% on STATS,
TPC-H and TPC-DS. Whereas, Lero saves 13% to 70% execution
time in comparison with PostgreSQL on these benchmarks.

6.4 Adapting to Dynamic Data

We now examine the performance of learned query optimizers on
dynamic data. We use the STATS dataset for the experiment as each
tuple is associated with a time stamp. We split the data by time.
Initially, the earliest 50% of the data is stored in the database. After
the first 200 queries are executed on this database, we add 12.5%
of the data into the database in the order of time stamps every 200
following queries. The goal is to evaluate how well different learned
optimizers adapt to dynamic data by updating their models.

We report the performance curve since deployment for each opti-
mizer on dynamic data in Figure 7(a), as well as their performance

with stable models in Figure 7(b).
Lero outperforms PostgreSQL, Bao, and Bao+ in both settings.

After 1,000 queries, Lero’s accumulated query execution time is 50%

(a) Performance since deployment (b) Performance with stable models
Figure 7: Performance of optimizers on dynamic data.

Table 2: Overall performance of different query optimizers.

Time (in millisecond) PostgreSQL Bao/Bao+ Lero

IMDB 842 856 1, 736
STATS 7 8.1 16
TPC-H 5.3 6.2 12.6
TPC-DS 6.7 8.5 15.8

less than PostgreSQL and 38% less than Bao/Bao+ (right-end of Fig-
ure 7(a)). In parallel to query processing, all the learned optimizers
continuously refine their models to adapt to the dynamic changes
of data. It turns out that Lero adapts to such data changes better
than the other two learned optimizers. Eventually, after all the data
changes are done, Lero’s query performance (Figure 7(b)) is 33%,
29% and 10% better than PostgreSQL, Bao and Bao+, respectively.

In Figure 7(a), we observe Lero’s robust performance, for the
reason analyzed at the end of Section 3.2. Only Lero consistently
performs better than PostgreSQL, while Bao is worse than Post-
greSQL at the beginning and Bao+ performs worse in the middle.

6.5 Importance of Pre-Training

Lero relies on the pre-training procedure to learn from the na-
tive query optimizer and better bootstrap its own model. The pre-
training time is only around 5 minutes on each of these benchmarks.
It converges fast as the native cost model often consists of functions
with simple structures, i.e., piecewise linear or quadratic function
of estimated cardinalities of sub-queries with magic constants as
coefficients for different operators.

In this experiment, we evaluate the impact of the pre-training
procedure on Lero’s performance. We start with either a pre-trained
comparator model, or a cold-start model with random parameters;
both are continuously trained/updated as more and more queries
are executed. Figure 8 illustrates their performance curves on IMDB
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Figure 8: Effects of pre-training on Lero’s performance curve.

Table 3: Number and quality of unique candidate plans gen-

erated by different plan exploration strategies.

Average Plans Faster Plans Slower
Dataset Strategy

# of Plans than PostgreSQL than PostgreSQL

IMDB
Lero’s plan explorer 9 47% 42%
Hint set tuning 16 36% 57%

STATS
Lero’s plan explorer 5 31% 49%
Hint set tuning 19 25% 69%

TPC-H
Lero’s plan explorer 7 24% 64%
Hint set tuning 15 6% 88%

Figure 9: Performance curves of Lero since deployment with

different plan exploration strategies.

and STATS for the first 500 queries (the results on TPC-H are similar,
so the figure is omitted due to the space constraint).

With pre-training, for the initial 100 queries, Lero could gener-
ate almost the same plans as PostgreSQL since its comparator is
pre-trained to fit PostgreSQL’s native cost model; thus, their per-
formances are very close (this can be also observed in our former
experiments where Lero is pre-trained). Note that Lero does not
need to execute any query during the pre-training procedure, as
introduced in Section 3.2. Without pre-training, Lero’s performance
can be worse than PostgreSQL for the first 200 queries before it
eventually catches up. After executing nearly 300 queries, the slope
of the two methods are almost the same. This indicates that Lero
with a cold-start could catch up but with more training time.

Proper pre-training from the knowledge of the native query
optimizer gives Lero a good starting point and also accelerates its
model’s convergence. With pre-training, Lero could consistently
outperform PostgreSQL after the initial 100 queries, while with a
cold-start comparator, Lero consistently outperforms PostgreSQL
only after seeing nearly 200 queries.

6.6 Plan Exploration Strategies

Recall that, for each query, the plan explorer in Lero generates
a list of candidate plans, which need to include some truly good
plans (for query optimization) and be diversified (for model to learn
new knowledge). Besides the plan exploration strategy described
in Figure 3, we also implement two other alternative approaches
in Lero to compare their performance: 1) the hint set-based strat-
egy introduced in Bao and 2) a random strategy which randomly
generates a number of plans.

Figure 10: Performance curves of Lero since deploymentwith

different amounts of idle resource.

Table 3 compares the quality and diversity of candidate plans
generated by our plan explorer with those generated by the hint
set-based strategy. On the third column, we report the number of
unique plans without duplication. On one hand, even with better
performance, Lero’s plan explorer actually generates fewer candi-
date plans per query on average than the hint set-based strategy
(duplicate plans may be output in different iterations of lines 4-8 in
Figure 3), which helps bring down the exploration cost. On the other
hand, a higher percentage of candidate plans generated by Lero’s
plan explorer run faster than the plan generated by PostgreSQL’s
native optimizer, which proves such candidate plans worthy to
explore and learn further. With cardinality tuning, Lero’s plan ex-
plorer is able to generate more diversified plans while the hint
set-based strategy typically generates plans with minor difference.

Figure 9 reports performance curves of Lero using different plan
exploration strategies on IMDB and TPC-H (performance on STATS
is similar to the one on IMDB, and thus is omitted due to the space
limits). Both Lero’s plan explorer and the hint set-based tuning
strategy perform much better than the random strategy. We also
observe that replacing Lero’s plan explorer with the hint set-based
tuning strategy performs worse. The hint set-based strategy has
some intrinsic limitations, as analyzed at the beginning of Section 4.
Lero’s plan explorer generates good and diversified plans for the
pairwise comparator model to explore and learn more effectively.

6.7 Effects of Idle Resource

We examine the performance curve of Lero since deployment with
different amounts of idle computation resource. By default, when
an incoming query 𝑄𝑡+1 is to be processed, the comparator model
in Lero is trained and updated using execution statistics of different
candidate plans for earlier queries 𝑄1, 𝑄2, . . . , 𝑄𝑡 . Such statistics
are collected by running candidate plans in idle resource. When
the idle resource is limited, we may only be able to finish executing
candidate plans for a fraction of earlier queries𝑄1, 𝑄2, . . . , 𝑄𝑡 . With
only the first 50%, 25%, and 12.5% earlier queries having all of their
candidates executed on idle resource, we re-run the experiments in
Section 6.2.3. We demonstrate in Figure 10 that the performance of
Lero can still be improved over time and converge eventually.

Even with limited idle resource, the initial performance of Lero
is no worse than PostgreSQL, thanks to the pre-training procedure.
However, at the beginning, the quality of the selected plans is
indeed worse than the default setting (when 100% of earlier queries
have their candidate plans executed on idle resource), because the
comparator model is not fully trained. We observe that the model
still converges fast evenwith very limited idle resource. For instance,
when only 12.5% queries have their candidate plans executed and
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Table 4: Learned optimizers on IMDB with original JOB.

Random Split Slow Split
Speedup Ratio

Train Test Train Test

Bao 1.62 1.49 1.17 1.05
Bao+ 2.93 1.58 4.01 1.74
Balsa 2.46 1.55 1.23 2.31

Lero 3.54 1.59 4.38 1.34

explored, the model converges after the first 500 and 200 queries
on IMDB and STATS, respectively.

Regardless of under which configuration, Lero becomes stable
eventually and performs almost the same (curves become parallel
towards the right end). This implies that limited idle resource would
definitely slow down the model’s learning and convergence, but
has little impact on the ultimate performance of Lero.

6.8 Comparison with Balsa

We compare Lero with Balsa on IMDB with the original JOB work-
load. We use its open-source implementation in [1, 51] and prepare
the dataset in the same way as [51]. Specifically, the 113 queries in
JOB are split into a training set (with 94 queries) and a testing set
(with 19 queries) in two ways: 1) random split and 2) the test set
consists of the 19 slowest-running queries. We run Balsa using its
default settings and compare it with Lero, Bao, and Bao+.

Table 4 exhibits the speedup ratio of each learned query optimizer
in comparison to PostgreSQL’s native optimizer. The performance
of Balsa matches or outperforms Bao, which is consistent with the
results in [51]. Both Bao and Balsa try to predict plan latency to
guide plan search, while Balsa has higher freedom of exploration
(Bao’s search space is limited by hint set tuning) [51]. Thus, it
performs better than Bao on small and stable workload. However,
even after Balsa’s model is comprehensively trained on this small
JOB workload, it still performs worse than Bao+ and Lero.

7 RELATEDWORK

Learning to Optimize Queries. Recently, there is a flurry of re-

search to apply machine learning in query optimization [59]. The
majority of them focus on learned cardinality estimation, using
either query-driven or data-driven approaches. Query-driven meth-
ods [12, 22, 27] apply learned models to map featurized query to its
cardinality. Data-driven methods [18, 45, 50, 52, 53, 60] use different
generative models to directly learn the underlying data distribution.
Their superiority and limitations have been evaluated [16, 48]. Oth-
ers focus on refining traditional cost models and plan enumeration
algorithms. For learned cost models, [41] and [55, 57] utilize TreeL-
STM and convolution models to learn cost of single and concurrent
queries, respectively. Plan enumeration is often modelled as a re-
inforcement learning problem on deciding the best join order of
tables. [17, 23] and [54] use simple neural networks and TreeLSTM
model as value networks for join order selection, respectively. [44]
considers how to adjust the join order on the fly. These works only
optimize an individual component in query optimizer, which does
not necessarily improve the overall performance.

Besides them, recent works [33, 51] provide end-to-end learned
solutions for query optimization, and [32] learns to steer a native
query optimizer using hint set tuning. However, as analyzed in

Section 1.1, they suffer from lots of deficiencies arising from pre-
dicting the cost or latency. Based on plan exploration and pairwise
plan comparison, Lero learns the difference between plan pairs and
learns to improve the end-to-end quality of query optimization.

Learning-to-Rank Paradigm. Lero follows a learning-to-rank

paradigm, which is a class of learning techniques to train models for
ranking tasks [21, 28, 47]. It has been widely applied for, e.g., docu-
ment retrieval, collaborative filtering, and recommendation systems.
Based on how ranking is generated, the learning-to-rank techniques
could be classified into pointwise [14, 26], pairwise [13, 29] and list-
wise [38, 42] approaches. Among them, pairwise approach learns a
classifier on a pair of items to identify which one is better. To our
best knowledge, we are the first to apply a pairwise learning-to-rank
paradigm to develop a learned query optimizer.

Learning to Tune Indexes. The task of indexing tuning is to find

the set of indexes that fits in a given storage budget and results
in the lowest execution cost for a given workload of queries. A
traditional index tuner [3, 5, 46] first searches for the optimal index
configuration for each query (query-level search), and then enumer-
ates different sets of those index configurations to find the optimal
index set for the workload under the budget (workload-level search).
Both phases need to compare the execution costs of two plans of
the same query given different index configurations. Traditional
index tuners rely on optimizer’s estimates for such comparisons,
while [10] trains a classifier to this end with higher accuracy.

While the query-level search in [10] can be regarded as an appli-
cation of learning-to-rank in index tuning, it has two fundamental
differences in comparison to Lero. First, the index tuner in [10] is
similar to traditional tuners [3, 5, 46], except that the classifier, as a
pairwise comparator model, is invoked during search procedures
to determine whether the plan of a query under a new index con-
figuration is improved in comparison to the one under the initial
one; for a completely different task, query optimization, Lero is
equipped with two carefully designed components, plan explorer
and plan comparator model, which work together to explore the
plan space. Second, the comparator models in [10] and Lero both
compare the performance of two plans; however, with different
goals in the two tasks, the ways how features are encoded and
the model architectures in the two comparators are different. Our
technical report [58] compares the two models experimentally.

8 CONCLUSIONS

We propose Lero, a learning-to-rank query optimizer. First, Lero
applies learning-to-rank machine learning techniques to query opti-
mization. We argue that it is an overkill to develop machine models
to predict the exact execution latency or cardinalities in terms of
query optimization. Instead, Lero adopts a pairwise approach to
train a binary classifier to compare any two plans, which is proven
to be more efficient and effective. Second, Lero takes advantage of
decades of wisdom of database research and jointly works with
the native query optimizer to improve optimization quality. Third,
Lero is equipped with a plan exploration strategy, which enables
Lero to explore new optimization opportunities more effectively.
Finally, an extensive evaluation on our implementation on top of
PostgreSQL demonstrates Lero’s superiority in query performance
and its ability to adapt to changing data and workload.
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