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Workload-driven learned database components leverage historical query workloads to build predictive models.
These models typically take queries or query plans as input and generate predictions or decisions to optimize
query performance. However, the effectiveness of these models heavily depends on the quality and distribution
of the training query workload (training workload). While prior studies focus on scenarios where the test
query workload (test workload) distribution matches that of the training workload, real-world workloads
often change over time, leading to workload distribution drift. In this paper, we explore the impact of workload
drift on workload-driven models across different database components. We generate a variety of workload
drift scenarios based on IMDb and STATS datasets, and analyze how different levels and types of drift affect
estimation performance of each component and overall query execution performance.! Our findings highlight
the limitations of current workload-driven models under workload drift and provide insights into designing
more robust and adaptive solutions.
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1 Introduction

Workload-driven learned models in database systems replace traditional rule-based components
with data-driven models that learn directly from query workloads. Instead of relying on manually
designed cost formulas or independence assumptions, these models capture complex correlations
between tables and columns observed in historical query executions. For example, learned cardi-
nality estimation models [15, 22, 33] predict query result sizes from SQL query structures, while
cost estimation models [28, 42, 53] take query plans as input to predict execution latency or re-
source usage. These models are typically trained and evaluated under experimental settings with
comprehensive and balanced training workloads, where no workload drift occurs. As a result, they
generalize well to the prediction workloads within the same distribution. However, this assumption
rarely holds in real-world deployments, where the workload distribution often drifts due to changes
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SELECT * FROM title as t,cast_info as ci,movie_info as mi, movie_info_idx as mi_idx
WHERE t.id=mi.movie_id AND t.id=mi_idx.movie_id AND t.id=ci.movie_id AND
t.production_year>#1 AND t.production_year<#2 AND ci.role_id>#3 AND ci.role_id<#4
AND mi.info_type_id>#5 AND mi.info_type_id<#6;

uery L acenolider values arainalil xecution tume
y id Placeholder val Cardinality Execution ti
T {#i}S, = {1898,1902, 1,3, 12,38} 213 1s
7 {#i}S_, = {1969,1997, 8, 10, 92, 100} 224052 6s
9 {#i}S_, = {1960, 2005, 6, 10, 69, 77} 224713 16s

Fig. 1. Example query and corresponding placeholder assignments

in query structures. As a result, the performance of learned models can significantly degrade when
facing out-of-distribution (OOD) workloads.

Although prior studies [12, 13, 54] have evaluated learned database models under in-distribution
(ID) settings using benchmarks such as JOB [18], TPC-H, DSB [6], and STATS-CEB [12], these
benchmarks focus on static workloads where training and testing queries share the same distribution.
ShiftHandler [47] and Warper [20] reveal that workload drift can reduce model performance, but
they only simulate drift by changing query templates, without systematically varying key factors
such as join structures, filter predicates, or value distributions. Moreover, they do not quantify how
different drift types or magnitudes affect model robustness. Consequently, existing benchmarks
cannot comprehensively evaluate the resilience of learned DBMS components under realistic
workload changes, highlighting the need for a benchmark that explicitly models and measures
workload drift.

In this paper, we propose a new evaluation framework to systematically study the impact
of workload drift on the performance of workload-driven learned components. Our goal is to
build a comprehensive benchmark that facilitates the community to evaluate model performance
under controlled distributional drifts. Specifically, we aim to address the following three research
questions:

RQ1. How can we generate different types of workload drift for benchmarking? Existing
studies often rely on query template distributions to detect and simulate workload drift [20, 47].
A query template refers to a parameterized SQL query in which predicate values are masked.
For example, a query template for IMDb dataset might take the form in Figure 1, where the
placeholders #i can be replaced with concrete values to generate specific query instances. These
approaches typically assume that queries derived from the same template exhibit similar structural
features and produce similar database component outputs, where the outputs may correspond
to cardinalities, costs, or other task-specific metrics depending on the database task. However,
this assumption has several limitations. (1) The same template does not imply the same DBMS
component output. Queries generated from the same template can exhibit significant difference in
their outputs. For example, the cardinalities of g; and g, in Figure 1 are very different. Conversely,
queries generated from different templates can produce similar outputs. (2) DBMS component
outputs can be inconsistent across components because outputs are often component-specific. For
example, the execution times of g, and g3 in Figure 1 are very different, while their cardinalities
are nearly the same. This inconsistency challenges the use of templates as a universal proxy for
query behavior. (3) The template-level similarity is neglected. Existing methods typically ignore
the degree of similarity between different templates. Compared to queries derived from similar
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templates, those with structurally dissimilar templates are more likely to cause larger workload
drift.

Due to these limitations, using query template distributions as a proxy for workload drift is not
sufficient. In this paper, we design a workload drift generation technique that modifies training
and testing workloads along specific dimensions. We identify four types of workload drift:

e Output Drift. The DBMS component outputs (e.g., cardinality or cost) in two workloads
have different distributions, while the distribution of query structures (i.e., the composition
of joins and filter predicates that define query templates) remains the same.

e Join Drift. Join predicates of queries in the two workloads have different distributions, while
the filter predicates are uniformly sampled.

e Column Drift. Join predicates of queries in the two workloads are randomly sampled, while
filter columns are sampled from different distributions.

e Value Drift. Queries have the same joins and filter columns, while filter values are sampled
from different distributions.

For prior work on evaluating workload drift, Warper [20] considers only Value Drift, while
ShiftHandler [47] generates drift solely by altering query templates, without decomposing it into
Join Drift and Column Drift. In this work, we design two benchmark workloads, JOB-LIGHT-DRIFT
based on IMDDb [18] and STATS-DRIFT based on STATS [12], to simulate realistic workload drift sce-
narios. Each benchmark incorporates four drift types with varying degrees of complexity, enabling
systematic and comprehensive evaluation of learned DBMS components under distributional drifts.
RQ2. How does workload drift affect the estimation performance of workload-driven
models? Several proposals [20, 47] have evaluated the performance of learned database components
under workload drift and demonstrated that these components suffer from workload drift. However,
they do not discuss how different types and complexity of workload drifts affect the performance
of database components. To evaluate the impact of workload drift on learned database components,
we conduct systematic experiments on representative models using the two proposed benchmark
workloads. For each component, we vary both the type and degree of workload drift to identify
which types of drift have the most significant impact on component performance. This analysis
reveals which components are most sensitive to specific drift types and how drift intensity correlates
with estimation accuracy degradation.

RQ3. If workload drift degrades estimation performance, does this translate into worse
qTery execution performance? A decline in model estimation accuracy does not necessarily
lead to an increase in query execution time. In some cases, suboptimal estimates may still result
in near-optimal query plans. Therefore, to better understand the practical impact of workload
drift, we conduct an end-to-end evaluation across different database components and drift types.
Specifically, we evaluate how different types and degrees of workload drift affect query execution
time by undermining the estimation accuracy of learned models. This allows us to quantify which
model performance degradation actually impacts query execution time.

RQ4. Insights for future work: which workload drift to focus on? Building on our evaluation

results, we identify scenarios where addressing workload drift leads to significant performance
improvements. This analysis (1) informs practical strategies by highlighting which types of workload
drift future research should prioritize when designing robust learned database components, and
(2) indicates the workload drift scenarios under which learned database components should be
retrained.

In summary, our work makes the following contributions:

e We propose four workload drift types: Output Drift, Join Drift, Column Drift, and Value Drift.
Based on these drift types, we design two benchmark workloads: JOB-LIGHT-DRIFT and
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STATS-DRIFT, to systematically study workload drift in learned database systems. To the
best of our knowledge, this is the first work to introduce benchmark workloads specifically
targeting the workload drift problem.

e We conduct comprehensive experiments on a range of learned database components, in-
cluding cardinality estimation, cost estimation, and query optimization, to investigate how
different types of workload drift affect model performance. Furthermore, we evaluate whether
performance degradation caused by workload drift leads to increased query execution time,
providing an end-to-end assessment of drift impact.

e By quantifying the effects of workload drift on both estimation performance and query
execution efficiency, we provide insights and practical guidelines to design more robust
learned database components.

2 Workload Drift in Learned Database Systems

This section first introduces concepts of workload drift. We then discuss different types of workload
drift and how to quantify the degree of drift complexity. Furthermore, we present JOB-LIGHT-DRIFT
and STATS-prIFT benchmark workloads.

2.1 Problem Definition

Many workload-driven learned database components assume that prediction workload shares the
same query patterns with the training workload. However, the distribution of predication queries
usually changes over time in real scenarios, which might result in inaccurate estimation. This is
known as workload drift problem (Definition 1).

DEFINITION 1 (WORKLOAD DRIFT IN LEARNED DATABASE COMPONENTS). A workload-driven
model M is trained for the database component C. Workload drift in learned database systems refers
to the phenomenon where the statistical characteristics or distribution of the incoming workload W
changes over time from the training data distribution on which the workload-driven models were
originally trained.

2.2 Quantifying the Degree of Workload Drift

Some recent studies have tried to address the problem of workload drift in learned database
systems [20, 33, 47]. However, these works do not fully explore how different types of workload
drift affect the performance of specific workload-driven database components. They typically
assume that workload drift occurs when the distribution of query templates in the prediction
workload differs from that in the training workload [20, 47]. Under this view, drift is often detected
by comparing the frequency or presence of distinct query templates across workloads.

While this template-based approach can be reasonably applied in some cases, it has several
fundamental limitations:
Ignoring Predicate Value Drift. These methods overlook the predicate value distributions within
query templates. Two workloads generated from the same query template can still exhibit drastically
different behaviors if the predicate values vary significantly. As illustrated in Figure 1, although ¢,
and g, share the same query template, their cardinalities differ substantially since the predicate
values are drawn from distinct regions of the underlying data domains. This demonstrates that
predicate value drift is a critical dimension of workload drift that template-based methods ignore.
Output variation of queries from the same template. The similarity between query outputs
is often task-dependent, as two queries may yield comparable results for a particular database
component (e.g., execution cost) but significantly different outputs for another (e.g., cardinality). For
example, queries generated from the same template might yield similar costs, yet their cardinalities
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can differ widely depending on the data distribution. This indicates that evaluating drift solely
based on outputs from one component fails to capture its broader impact across the system.
Lack of modeling template similarity. Prior work generally treats query templates as discrete
and unrelated categories, without considering semantic similarity between them. However, the
structural differences between templates can greatly influence model behavior and output distri-
butions. For example, queries derived from templates with identical join structures but differing
projection or filter columns tend to share similar execution characteristics. In contrast, templates
with significantly different join structures tend to yield dissimilar costs and plans. Therefore, failing
to measure template-level similarity can lead to coarse and misleading notions of drift.

In this work, we consider four types of workload drift from both the query structure and output
perspectives. Table 1 illustrates the examples of different workload drift types.
Output Drift. In this setting, queries in both workloads are drawn from the same query distribution
(i.e., same templates and structures), but their outputs (e.g., cardinality or cost) follow different
distributions. To construct such drift, we first generate a large batch of queries using a fixed set of
join graphs, and then sample two subsets whose output distributions differ. The degree of output
drift is quantified using statistical distance metrics such as KL-divergence between the output
distributions of the two workloads. For cardinality estimation, the Output Drift between q; and g,
in Table 1 is greater than that between ¢, and g3 because the difference in output is larger.
Join Drift. Here, the queries in each workload differ in their join structures, while their filter
predicates are randomly generated. To control and measure the degree of drift, queries from one
workload are randomly generated from a predefined set of possible join graphs, where all join
graphs have same number join predicates. The degree of drift can be approximated by differences
over number of joins in the two workloads. The Join Drift between ¢; and g5 in Table 1 is larger
than that between g; and g, because their join counts differ more substantially.
Column Drift. In this type, the join structures are all randomized across workloads, but the
difference lies in the filter columns, i.e., the attributes used in selection predicates. Each workload
is generated with a different number of predicates. The degree of drift is estimated based on the
number of predicates. The Column Drift between g, and g4 in Table 1 exceeds that between ¢, and
g3 due to a larger difference in the number of predicate columns.
Value Drift. In this setting, both workloads share the same join graphs and predicate columns,
but differ in the value distributions used in the predicates. For example, one workload may sample
predicate values from the low end of a column’s domain, while the other samples from the high end.
This creates differences in query selectivity without altering the query structure. The drift degree
is quantified by statistical distance between predicate value distributions (e.g., KL-divergence).

Table 1. Examples of workload drift

Query SQL Cardinality
q1 SELECT = FROM A WHERE A.x>10; 50
q2 SELECT * FROM A,B WHERE A.id=B.id AND A.x>10; 500
q3 SELECT * FROM A,B WHERE A.id=B.id A.x>20 AND B.y>40; 400
n SELECT * FROM A,B WHERE A.id=B.id AND A.x>2@0 AND B.y>40 300
AND B.z>50;
gs SELECT * FROM A,B,C WHERE A.id=B.id AND B.id=C.id AND 5000

A.x>20 AND B.y>40;
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Table 2 summarizes the four types of workload drift, each of which is introduced at a different
level of query granularity. For each drift type, the degree of drift can be systematically controlled.

Table 2. Comparison of the four workload drift types

Drift Type Join Graph  Pred. Cols.  Pred. Vals. Outputs
Output Drift Random Random Random Diff. distribution
Join Drift Diff. #joins Random Random  Induced by queries
Column Drift Same Diff. #pred. cols  Random  Induced by queries
Value Drift Same Same Diff. dist.  Induced by queries

Comparison with existing workload drift simulation techniques. Prior techniques simulate
only a subset of the drift types considered in this work, and often treat structural drift as a single
coarse category. Robust-MSCN [33] covers (1) changing filter constants within the same templates
(our Value Drift) and (2) introducing predicates on unseen columns or unseen join graphs, but
it does not distinguish the latter into Column Drift and Join Drift. Similarly, ShiftHandler [47]
modifies query templates to induce drift (aligned with Column Drift and Join Drift), yet it also does
not distinguish these two structural changes. In contrast, Warper [20] focuses solely on Value Drift
by sampling filter constants from different distributions, without modeling structural changes in
join graphs or predicate sets. Overall, our framework subsumes the drift types in prior work and
provides a more comprehensive, fine-grained decomposition, enabling systematic analysis of how
different drift forms affect database components. Our results in Sections 4-6 further show that this
finer modeling exposes distinct behavioral changes of learned and traditional components that are
obscured by coarser drift simulations.

2.3 JOB-light-drift and STATS-drift

We generate two workload drift benchmarks based on JOB-light [15, 18] and STATS-CEB [12]
respectively for the following reasons.

To the best of our knowledge, no public dataset provides both real data and real query
logs. This fundamental limitation prevents a fully realistic yet reproducible study of real workload
drift. Our survey shows that industrial traces (e.g., Microsoft [7] and Google [40]) are not publicly
available; Snowset [44] releases query logs without the underlying data; and widely used public
datasets (e.g., US Census [43], Flight Delay [35], and NYC Taxi [34]) provide real data but lack real
query workloads. In contrast, TPC-style benchmarks (TPC-H/TPC-DS/DSB) [6] rely on synthetic
data and synthetic workloads, and thus cannot reflect real workload evolution.

Among publicly available benchmarks, JOB (including JOB-light) and STATS-CEB are
the closest approximations to real workloads. They pair real-world datasets with real-workload
query templates that capture the semantics of production analytics [12, 18]. Their queries are
instantiated from manually designed templates, rather than generated arbitrarily, thereby preserving
realistic join structures, predicate patterns, and analytical intents. This template-based paradigm is
widely regarded as the best available proxy in the absence of public production traces. Accordingly,
we build our workload-drift benchmarks on JOB-light and STATS-CEB to retain semantics while
ensuring reproducibility.

IMDb and STATS exhibit data characteristics representative of production systems and
are inherently sensitive to workload drift. Compared with common benchmarks such as TPC-H,
TPC-DS and DSB, IMDDb and STATS are more drift-sensitive due to pronounced skewness and strong
column correlations. Figure 2 illustrates cost estimation and query execution performance under
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Fig. 2. Performance of DBS and IMDb under join drift

Join Drift on DSB and IMDb: performance on DSB remains almost unchanged as drift increases,
whereas IMDb degrades substantially. This suggests that DSB lacks the skewness/correlation pat-
terns that typically make real-world workloads challenging and susceptible to drift. In contrast,
IMDDb exhibits moderate skewness with meaningful correlations, while STATS shows higher skew-
ness and stronger correlations. We quantify correlations using Nonlinear Correlation Information
Entropy (NCIE) [46] and distributional skewness using Mardia’s Multivariate Entropy (Mardia) [56]
(Table 3); NCIE ranges in [0, 1] (smaller implies weaker correlation), and Mardia values closer to 0
indicate distributions closer to multivariate Gaussian. Overall, STATS exhibits stronger correlations
and higher skewness than IMDb, reflecting properties widely observed in production databases
where workload drift most strongly affects learned components. Together, IMDb and STATS cover
a broad spectrum of realistic distributions and correlation structures, enabling systematic workload
drift evaluation.

Table 3. Correlation and skewness of IMDb and STATS

IMDb STATS
ci mc mi miidx mk t b c ph  pl p t u v
NCIE | 0.16 0.22 0.18 0.45 039 0.21 046 033 031 034 0.16 0.04 026 0.35
Mardia | 11.7 7.2 9.9 2.7 12 276 | 86 120 744 349 389 714 293 8434

Hence, we design two benchmarks: JOB-LIGHT-DRIFT derived from JOB-light workload and IMDb
dataset [15, 18], and STATS-DRIFT derived from STATS-CEB [12] workload and STATS dataset. We
do not design workload drift based on the JOB workload, which involves more tables than JOB-light,
because our objective is to vary the complexity of workload drift rather than the complexity of indi-
vidual queries. To control the degree of join drift, we gradually increase the number of joins in the
training workloads. Both benchmarks are generated using the same methodology, and each includes
four types of workload drift: Output Drift, Join Drift, Column Drift, and Value Drift. Table 4 sum-
marizes workload drift construction on JOB-LIGHT-DRIFT and STATS-DRIFT. We follow the same
query-generation procedure as JOB-light for JOB-L1GHT-DRIFT and STATS-CEB for STATS-DRIFT.
Specifically, JOB-LIGHT-DRIFT uses the same query templates as JOB-light, and STATS-DRIFT uses
the same templates as STATS-CEB. These templates are manually selected, semantically meaning-
ful, and designed to reflect realistic analytical workloads. Figure 3 demonstrates join graphs of
JOB-L1GHT-DRIFT and STATS-DRIFT. We follow the same instantiation procedure as JOB-light and
STATS-CEB so that all queries are generated from the same template candidate set with JOB-light
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cast_info movie_companies comments badges

tags
/N
>itle< >posts—>users

movie_keywords \ movie_info postlinks N t
votes

movie_info_idx postHistory
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Fig. 3. Join graphs of benchmark workloads

and STATS-CEB, and inherit the same semantics. The only modifications we introduce in generation
are controlled changes on top of the standard template-instantiation procedure:

For Output Drift, we generate 4,000 queries, where all queries are uniformly sampled from the
full candidate template set, and their predicate values are sampled uniformly from the valid value
domains. All queries are partitioned evenly into two workloads based on their output values under
a given task. For instance, in cardinality estimation, the output corresponds to query cardinalities,
while in query optimization, the output corresponds to execution time. Since output definitions
differ across tasks, the resulting partitions are task-specific. For evaluation, we adopt a bidirectional
setting: the workload with smaller outputs is treated as the training workload and the one with
larger outputs as the testing workload, and vice versa.

For Join Drift, we construct multiple workloads, each containing 2,000 queries with a fixed
number of joins. To generate a query with i joins, we uniformly sample from templates that contain
exactly i joins, then uniformly sample meaningful predicate values to instantiate the template.
In JOB-LIGHT-DRIFT, queries with 2 joins are the test workload and queries with 0-4 joins are
individually as training workloads . In STATS-DRIFT benchmark, queries with 3 joins are the test
workload, and queries with 1—5 joins are individually as training workloads.

For Column Drift, we similarly generate multiple workloads, each containing 2,000 queries with
a fixed number of filter columns. To generate a query with i predicate columns, we uniformly
sample from templates that include exactly i predicates and then uniformly sample meaningful
predicate values. In JOB-LIGHT-DRIFT, workloads with 1—7 columns are used individually as training
workloads, and the workload with 4 columns is the test workload. In STATS-DrIFT, workloads with
1—9 columns are used individually as training workloads, and the workload with 5 columns is fixed
as the test workload.

For Value Drift, we generate queries using fixed query templates to eliminate structural variation,
where join structures and filter columns are held constant across workloads, while predicate values
are sampled from different Beta distributions. This creates workloads that differ only in value
distributions and thus in selectivity. The query template for JOB-LIGHT-DRIFT is:

SELECT * FROM title as t, cast_info as ci, movie_info as mi, movie_info_idx as mi_idx
WHERE t.id=mi.movie_id AND t.id=mi_idx.movie_id AND t.id=ci.movie_id AND
t.production_year># AND t.production_year<# AND ci.role_id># AND ci.role_id<# AND
mi.info_type_id># AND mi.info_type_id<#;

The query template for STATS-DRIFT is:

SELECT * FROM votes as v, posts as p, badges as b, users as u WHERE p.Id = v.PostId
AND u.Id = p.OwnerUserId AND u.Id = b.UserId AND p.Score># AND p.Score<# AND
p.CommentCount># AND p.CommentCount<# AND u.DownVotes># AND u.DownVotes<# AND
v.CreationDate># AND v.CreationDate<# AND v.VoteTypeld># AND v.VoteTypeld<# AND
b.Date># AND b.Date<#
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We generate 8 workloads by sampling predicate values from Beta(7, 2), Beta(5, 2), Beta(3, 2),
Beta(2, 2), Beta(1, 1), Beta(2, 3), Beta(2, 5) and Beta(2, 7) for both benchmarks. The workload sam-
pled from Beta(7, 2) is designated as the test workload, while all 8 workloads are used as training
workloads in turn to evaluate different levels of drift.

Table 4. Summary of workload drift construction in JOB-LIGHT-DRIFT and STATS-DRIFT

Drift Type Benchmark Generation Rule Test Workload Training Workloads

Output Drift ~ Both 4k random generated queries Small/Large-output queries Large/Small-output queries

onpnn ST o Qe 2 Qv o

Column Drift JOB-LIGHT-DRIFT 2Kk queries per column count Pred%cates on 4 columns Pred%cates on 1—7 columns
STATS-DRIFT Predicates on 5 columns Predicates on 1—9 columns

Value Drift Both 2k queries per Beta(a, f) distribution ~ Queries from Beta(7, 2) Queries from all 8 Beta distributions

3 Evaluation Methodology

In this section, we first discuss the selection of database components for evaluation. Afterwards,
we explain the evaluation setup.

3.1 Selected Database Components

Many database components are influenced by workload drift. In this work, we focus on three repre-
sentative tasks: cardinality estimation (CE), cost estimation (CostE), and query optimization
(QO). These tasks cover both query-level representations (CE) and query plan representations
(CostE and QO), and they are commonly studied in prior research.

CE aims to predict the result size of a query. Workload-driven cardinality estimators typically
encode SQL queries as input features and predict cardinalities. Numerous other database tasks
also rely on query representations, including workload generation [48] and approximate query
processing [25]. We select three representative methods for evaluation: one early classic approach
MSCN [15], and two more recent models, RoBusT-MSCN [33] and ALECE [22].

MSCN [15] builds a multi-set convolutional network to encode tables, joins, and predicates.
The outputs of the networks are averaged, concatenated, and fed to a final neural network for
estimation.

RoBUST-MSCN [33] develops from MSCN by introducing query feature masks and join sample
bitmaps to make the model could handle dynamic workload and data robustness.

ALECE [22] is a state-of-the-art method, which proposes an attention based methods for queries
under dynamic workloads. It consists of a data-encoder to learn column correlations, and a query-
analyzer to capture correlation between the outputs of data-encoder and the query cardinalities.
CostE aims to predict the execution cost (execution time) of a query plan. Learned cost estimators
encode query plans as input features and predict execution costs. Several downstream tasks depend
on cost estimation, such as join order selection and index selection [13, 41, 54]. We evaluate three
representative cost estimation methods: two early methods QPP-NET [28] and END-TO-END [42],
and one recent method QUERYFORMER [53]. We do not include database-agnostic methods [14, 23]
since they learn from multiple datasets and workloads, which falls outside our experimental setting.

END-TO-END [42] employs a tree-structured neural network to encode features of query plans
and database statistics, and aggregate them over the query graph to predict query plan latency.

QPP-NET [28] also incorporates plan structure using MLPs trained per operator type (e.g., hash
join, nested loop join). Each unit processes operator-specific features to predict per-operator runtime
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and hidden states, which are propagated through the query graph, and additionally leverages
estimated cardinalities and operator costs.

QUERYFORMER [53] employs transformers to estimate query costs and introduces a tree-based

self-attention mechanism to learn from long query plans with many operators. It also incorporates
bitmap samples and histograms as input features.
QO aims to generate query plans and select the most efficient plan for a given query. While it
relies on cost estimation, recent methods often adopt end-to-end frameworks with online learning.
Therefore, we include query optimization in our evaluation. Learning-based query optimizers either
assist the expert optimizer by suggesting per-query hints based on execution feedback, or learn
to directly generate better query plans. We include both types of methods in our experiments to
evaluate how workload drift affects their performance. We select three representative learned query
optimizers: an earlier classic optimizer-augmented model Bao, a recent ranking based optimizer
LERO, and a recent reinforcement learning based optimizer BALsA.

Bao [26] is a learned query optimization system that enhances the traditional optimizer by
selecting per-query hints.

LERO [55] improves query optimization performance by learning ranking scores of query plans
rather than predicting latency.

BaLsA [49] is a deep reinforcement learning-based optimizer that learns to optimize queries with-
out relying on an expert optimizer. Balsa first acquires basic knowledge from a simple, environment-
agnostic simulator, followed by safe continuous learning in real executions.

Other database components, such as knob tuning, are largely dependent on physical system
configurations rather than solely on workload features, and are thus excluded from this study.

We take the performance of PostgreSQL 13.1 as baseline for all database components, since it is
open-source, widely-used in prior learned database component evaluations, and not affected by
workload drift.

3.2 Evaluation Setup

Workloads. We evaluate the four types of workload drift using the two proposed benchmark
workloads, JOB-LIGHT-DRIFT and STATS-DRIFT. The workload settings and generation procedures
follow the methodology described in Section 2.3 and Table 4, where each workload contains 2,000
queries. For cardinality estimation, the two workloads used to evaluate output drift are partitioned
based on the actual cardinalities of the generated queries. For cost estimation and query optimization,
the two workloads used to evaluate output drift are partitioned based on the execution time of the
generated queries.
Evaluation metrics. We focus on the evaluation metrics which are affected by workload drift.
Estimation accuracy (for CE and CostE). This metric evaluates whether the considered meth-

ods are robust to workload drift. We measure estimation accuracy using the g-error, defined as
%, where est and act denote the estimated and actual cardinalities for CE, and the estimated
and actual execution times for CostE, respectively.

End-to-end execution time (for CE, CostE and QO). This metric captures the impact of workload
drift on overall query execution performance, reflecting whether degradation in estimation accuracy
translates into slower query execution.

Training time (for QO). This metric measures the total training cost. Since LERo and Barsa follow
a learn-to-optimize paradigm that requires executing queries in each training epoch, their training
cost is highly sensitive to the training workload. In contrast, the training time for cardinality
estimation and cost estimation models is not affected by workload drift, so we do not include it in
the evaluation.
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We do not evaluate other common metrics, such as query inference time and space cost, since
these metrics are not affected by workload drift.

Model training and implementation. We follow the original papers and publicly released
source code of all baselines [1-3, 9, 19, 30, 37-39], as well as a unified cost estimation evaluation
platform [13, 17], to implement the models and tune hyper-parameters.

CE. For end-to-end query execution time evaluation, we extend PostgreSQL following prior
work [12] to incorporate learned cardinality estimators into query execution. We employ an early
stopping strategy: training terminates if the validation loss does not improve by at least 0.1% or
when a maximum of 100 epochs is reached, whichever occurs first.

CostE. To evaluate end-to-end query execution time, we follow prior work that integrates learned
cost estimators into Bao [26, 54], enabling PostgreSQL to utilize cost estimations produced by
external models. We apply the same early stopping strategy as in CE, terminating training when
the validation loss does not improve by at least 0.1% or after 100 epochs.

QO. Bao adopts an offline training strategy: query execution latencies are first collected by
executing all queries in PostgreSQL, and the prediction model is then trained on these measurements.
In contrast, LERO and BaLsa follow a learn-to-optimize paradigm, generating and executing query
plans at each training epoch. To ensure reasonable training time, each training workload contains
200 queries, and all models are trained for 10 epochs.

Unless otherwise stated, all experiments are repeated five times, and the reported results corre-
spond to the mean values of the evaluation metrics.

All methods of selected database components and PostgreSQL are evaluated on a same machine
with a Intel(R) Xeon(R) CPU E5-2698 v4 and 512 GB memory. All learned models strictly follow the
setup described in the original papers, including the model training pipeline and evaluation protocol.
For the learned query optimization methods and query execution evaluations using PostgreSQL,
we adopt the same PostgreSQL configuration parameters as Balsa to ensure consistency with prior
work, specifically setting shared_buffers to 8GB and max_worker_processes to 16.

4 Cardinality Estimation

In this section, we evaluate the impact of workload drift on cardinality estimation. We begin with
performance analysis. Then we present the key findings and insights derived from the evaluation.

4.1 Analysis of Performance

Figure 4 and Figure 5 illustrate the estimation performance and end-to-end query execution time
under different workload drifts to answer RQ2 and RQ3 in Section 1. We have the following
observations. o o

O1. Join Drift substantially reduces estimation accuracy, but its impact on query execution
performance is asymmetric. As shown in Figure 4a, when training and testing workloads share
the same number of joins (2 joins for JOB-LIGHT-DRIFT and 3 joins for STATS-DRIFT), the median
error of all estimators remains relatively low at 1.7—2.8. In contrast, under Join Drift, the median
error rises to 4.0-30, representing up to a 10x increase compared to the no-drift setting. Moreover,
the estimation error grows as the difference in join counts between training and testing workloads
increases. When the degree of drift is sufficiently large, the learned estimators perform worse than
PostgreSQL. We further observe differences among models in their robustness to Join Drift: ALECE
is most sensitive, followed by MSCN, while RoBusT-MSCN demonstrates the highest resilience.
This robustness of MSCN and RoBUsT-MSCN can be attributed to their use of sample bitmap
dataset statistics, and in particular, RoBUST-MSCN leverages feature masks to mitigate the impact
of workload drift.
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Interestingly, the decline in estimation accuracy does not always translate into worse query
execution performance as demonstrated in Figure 5aWhen the training workload contains queries
with fewer joined tables, execution performance is often better than when the training workload
contains queries with the same or a larger number of joins. This phenomenon arises because the
traditional query optimizers in DBMS relies on accurate cardinality estimations for sub-queries to
determine the overall query plan cost. Estimators trained on smaller-join queries can often provide
more accurate sub-query cardinalities, thereby enabling the optimizer to select better query plans,
even if their overall estimation accuracy appears degraded under Join Drift.

When errors become too large (e.g., 4 joins on JOB-LIGHT-DRIFT), the estimation no longer
meaningfully guides join-order selection or operator choice. The optimizer effectively behaves
as if it were receiving non-informative estimations. As a result, execution-time differences are
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dominated by physical operator behavior rather than by the relative accuracy of different CE
models, and thus the trends in g-error do not correspond to the trends in execution time.

02. Column Drift moderately reduces estimation accuracy and slightly affects query
execution performance. Figure 4b shows that when training and testing workloads have the
same number of filter columns (4 columns for JOB-LIGHT-DRIFT and 5 columns for STATS-DRIFT),
the median error of all estimators is relatively low, ranging from 2.24—5.56 on JOB-LIGHT-DRIFT
and 1.91—2.09 on STATS-DRIFT. As the drift enlarges, the error increases notably, reaching 11.2—
57.5 on JOB-LIGHT-DRIFT and 4.83—5.41 on STATS-DRIFT, which exceed the error observed for
PostgreSQL under large workload drift. Similar to Join Drift, ALECE suffers the most, while MSCN
and RoBUsT-MSCN achieve better robustness due to their incorporation of dataset statistics during
training.

The impact on query execution time is much smaller than the impact on estimation accuracy as

demonstrated in Figure 5b. Under Column Drift, the end-to-end query execution time increases
only slightly about 1.08—1.16X compared to the no-drift case. This moderate effect arises because
(1) the optimizer may still choose the same query plan even when cardinality estimations are
inaccurate, and (2) even when different plans are selected, their execution times can be similar. As
a result, the degradation in estimation accuracy does not necessarily lead to significant slowdowns
in query execution under Column Drift.
03. Value Drift impacts estimation accuracy and end-to-end execution performance con-
sistently, with dataset-specific differences. Figure 4c shows that the effect of Value Drift on
estimation accuracy varies depending on the dataset and the underlying column distributions. On
JOB-LIGHT-DRIFT, estimation accuracy remains relatively stable under small drifts (from (7, 2) to
(2,3)), but degrades significantly under larger drifts (e.g., (2,5) and (2, 7)), eventually becoming
worse than PostgreSQL under large drift. In contrast, on STATS-DRIFT, estimation accuracy remains
unchanged across different value distributions in the training workloads. This discrepancy arises
because the effect of Value Drift depends on the distribution of the filtered columns. Table 5 reports
the Kolmogorov-Smirnov distance (KS) for the filtered columns, where a lower value indicates
a distribution closer to uniform. Although STATS exhibits high skewness overall, the columns
involved in Value Drift do not necessarily follow the same pattern. For instance, two STATS tables
(p and u) contain predicate columns dominated by a single frequent value, resulting in a large
KS distance but minimal impact on cardinality estimation. Therefore, the skewness relevant to
Value Drift is not higher for STATS than for IMDb. This emphasizes that for Value Drift, it is not
the overall dataset skewness, but the skewness of the specific predicate columns that matters.

Table 5. Skewness of columns used in Value Drift

Dataset IMDb STATS
Table ci mi t b pH u v
KS 046 0.76 049 | 0.21 0.83 0.99 0.28

when the underlying column distribution is nearly uniform, Value Drift has little to no impact,
whereas when the distribution is skewed, Value Drift leads to degradation of estimation accuracy.
The trend in query execution time mirrors that of estimation accuracy as illustrated in Figure 5c.
These findings demonstrate that the impact of value drift on query execution is consistent with its
impact on estimation accuracy.
0O4. Output Drift reduces estimation accuracy significantly, but training on workloads
with large cardinalities always have better end-to-end query execution performance.

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 137. Publication date: June 2026.



137:14 Zizhong Meng, Gao Cong, and Sigiang Luo

Figure 4d demonstrates that the median error on the case with Output Drift could be 5-37x
to the case without Output Drift. The estimation error on STATS-DRIFT is significantly higher
than that on JOB-LIGHT-DRIFT, as STATS-DRIFT exhibits stronger column correlations and higher
skewness, as demonstrated in Table 3. However, Figure 5d shows that training on workloads with
large cardinalities always has much better query execution performance than training on workloads
with small cardinalities.

4.2 Key Findings and Insights.

We summarize the key findings for cardinality estimation as follows:

e Impact of workload drift on estimation accuracy: The impact of different types o f workload
drift on estimation accuracy follows the ranking: Output Drift > Join Drift > Column Drift >
Value Drift. For Output Drift and Join Drift, even small amounts of drift can significantly degrade
estimation accuracy. In contrast, for Column Drift and Value Drift, only large drift levels result
in noticeable accuracy degradation.

e Impact of workload drift on end-to-end query execution time: The impact on query
execution time follows a similar ranking: Output Drift > Join Drift > Column Drift > Value Drift.
Output Drift leads to a significant increase in query execution time. For Join Drift, Column Drift,
and Value Drift, small levels of drift have a minor effect on execution time, but large levels of
drift cause a significant increase in query execution time.

e Discrepancy between estimation accuracy and query execution time: The relationship
between workload drift and end-to-end query execution time does not fully align with its
impact on estimation accuracy. For both Value Drift and Output Drift, the decrease in estimation
accuracy directly correlates with an increase in end-to-end query execution time as the degree of
drift increases. However, for Column Drift, although both estimation accuracy and execution
time increase with drift, the impact on estimation accuracy is more pronounced. For Join Drift,
the effects on estimation accuracy and query execution time differ with the drift level: training
on workloads with fewer joins reduces estimation accuracy but improves query execution
performance.

e Workload drift types to prioritize in future work: Future research should focus primarily on
Output Drift, as it has the largest impact on both estimation and query optimization performance.
For Column Drift and Value Drift, investigations should emphasize large-drift scenarios, since
small drift generally has minor effects on the performance. Regarding Join Drift, estimators
should be trained on queries with a small number of joins. Although Join Drift can significantly
reduce estimation accuracy, query optimization relies on cardinality estimations for sub-queries,
which typically involve fewer joins.

5 Cost Estimation

In this section, we assess how workload drift affects cost estimation. We begin with a detailed
performance analysis. Then we highlight the key findings and insights derived from the evaluation.

5.1 Performance Analysis

Figure 6 and Figures 7 demonstrate the cost estimation accuracy and end-to-end query execution
time under different types and levels of workload drift to answer RQ2 and RQ3 in Section 1. We
have the following observations. - -

1. Increasing Join Drift significantly reduces estimation accuracy, but only moderately
affects end-to-end query execution time. Figure 6a shows that higher levels of Join Drift
substantially degrade estimation accuracy, with the median error increasing by up to 4.5X on
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STATS-DRIFT and 1.5X on JOB-LIGHT-DRIFT. As the drift increases, the performance of the learned
models gradually deteriorates and eventually becomes worse than that of PostgreSQL. The effect
is more pronounced on STATS-DRIFT due to its higher data skewness and stronger inter-column
correlations.

However, the impact of Join Drift on end-to-end query execution time is moderate. The execution
time under Join Drift increases by at most 1.44X compared to the no-drift case. This observation
can be attributed to the non-monotonic relationship between cost estimation accuracy and query
optimization performance: inaccurate cost estimates may still lead the optimizer to select near-
optimal plans, whereas accurate estimates do not necessarily guarantee the optimal plan selection.
02. Increasing Column Drift moderately reduces estimation accuracy and end-to-end
query execution performance. Figure 6b illustrates cost estimation accuracy under varying
levels of Column Drift. The median error remains largely unchanged as the Column Drift increases,
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indicating that the number of predicate columns has a minor effect on query execution cost.
However, the error distribution exhibits a pronounced long tail with occasional extreme outliers. In
particular, under large Column Drift, the maximum error reaches up to 400X on JOB-LIGHT-DRIFT
and 100X on STATS-DRIFT, substantially exceeding the errors observed for PostgreSQL. This occurs
because queries with more predicate columns often have smaller actual costs, as the additional
predicates reduce the number of tuples satisfying the query.

Column Drift also increases end-to-end query execution time. The query execution time un-
der Column Drift is at most 1.20X that of the no-drift case on JOB-LIGHT-DRIFT and 1.53X on
STATS-pRIFT. These results indicate that Column Drift has non-negligible impact on query opti-
mization performance.

03. Large Value Drift slightly reduces cost estimation accuracy and end-to-end query
execution performance. Figure 6c shows that when Value Drift is small (from Beta(7, 2) to
Beta(3, 2)), both cost estimation accuracy and end-to-end query execution time remain largely
unchanged. As the drift level increases further (from Beta(2, 2) to Beta(2, 7)), the median estimation
error rises up to 1.42x compared to the no-drift case, and the end-to-end execution time increases
up to 1.27x. These results indicate that only large Value Drift has a noticeable impact on cost
estimation performance.

0O4. Output Drift significantly reduces cost estimation accuracy but has minimal effect
on end-to-end query execution time. Figure 6d illustrates cost estimation accuracy under
Output Drift. On JOB-LIGHT-DRIFT, the median error increases up to 1.35X compared to the no-drift
case, while on STATS-DRIFT, it rises up to 3.13X. Output Drift has a stronger impact on STATS-DRIFT
due to its more complex query plan structures and higher query costs. In contrast, end-to-end query
execution time is only slightly affected. As shown in Figure 7d, execution time under Output Drift
increases by at most 1.19X compared to the no-drift case. This indicates that reductions in estimation
accuracy caused by Output Drift do not necessarily translate into substantial degradation in query
optimization performance.

5.2 Key Findings and Insights

We summarize the key findings for cost estimation as follows:

e Impact of workload drift on estimation accuracy: The impact of different types of workload
drift on cost estimation accuracy follows the ranking: Join Drift ~ Qutput Drift > Column Drift
> Value Drift. For Join Drift, even small amounts of drift can substantially degrade estimation
accuracy. Output Drift also introduce significant estimation accuracy degradation, especially on
workloads with high column correlations (e.g., STATS-DRIFT). Column Drift only generate large
error on extreme cases, and Value Drift has almost no effect on estimation accuracy.

¢ Impact of workload drift on end-to-end query execution time: The impact on end-to-end
query execution time follows a slightly different ranking: Join Drift > Column Drift > Value Drift
> Output Drift. Join Drift causes the most pronounced increase in execution time. Column Drift
and Value Drift slightly increase execution time under small drift, whereas moderately increase
query execution time under large drift. Output Drift can only slightly increase query execution
time.

e Discrepancy between estimation accuracy and end-to-end execution: The relationship
between cost estimation accuracy and query execution time does not fully align for all drift types.
Output Drift has large impact on estimation accuracy but minimal impact on query execution
time. For Join Drift, Column Drift and Value Drift, even if increasing the level of drift could
reduce estimation accuracy and increase query execution time, the level of increasing query
execution time is smaller than the level of decreasing estimation accuracy.
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o Workload drift types to prioritize in future work: Future research should focus primarily on
Join Drift, as it has the strongest impact on both cost estimation accuracy and query optimization
performance. For Column Drift and Value Drift, investigations should emphasize large-drift sce-
narios, since small levels of drift generally have negligible effects on estimation and optimization.
With respect to Output Drift, attention should be given to queries with large execution costs, as
estimation and optimization for small-cost queries typically remain robust.

6 Query Optimization

This section explores the impact of workload drift on query optimization. We begin with a com-

prehensive performance evaluation. Then we provide the key insights and findings based on the
results.

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 137. Publication date: June 2026.



137:18 Zizhong Meng, Gao Cong, and Sigiang Luo

6.1 Analysis of Performance

Figure 8 and Figure 9 illustrate the end-to-end query execution time and training cost under
different types and levels of workload drift, aiming to answer RQ3 in Section 1. Here, we focus
on how each optimizer behaves under varying workload drift rather than comparing the overall
performance across optimizers. Since Bao employs offline learning while LEro and Barsa adopt
"learn-to-optimize" strategy, the training times of LERo and BALsa are significantly higher than
that of Bao. Consequently, our analysis focuses primarily on the training times of LERO and BALsA.
From these experiments, we make the following observation:

O1. Training queries with fewer joins than the testing workload can reduce performance,
while training on queries with more joins substantially increases training cost. As shown in
Figure 8a, the end-to-end query execution time remains largely unchanged in most cases. However,
when the number of joins in the training workload is smaller than that in the testing workload,
query optimization performance degrades. This is because queries with fewer joins do not provide
sufficient training examples to cover the space of possible query plans for the target queries. Bao is
robust to Join Drift and keeps good performance under large Join Drift, since it utilize the query
plans generated by Postgres and only provide hints to the query optimizers in Postgres.

Conversely, Figure 9a demonstrates that training on workloads with a larger number of joins
dramatically increases the training cost. Specifically, training on queries with more than 3 joins
requires over 10X the time compared to workloads with 1—2 joins. The increase arises from the
higher complexity of multi-join queries, which take longer to execute and to process during model
training.

These results suggest a practical trade-off: training on queries with the same or slightly fewer
joins than the target workload can reduce training cost while maintaining good performance.
02. End-to-end performance is slightly affected by column drift, while training time
varies across workloads with different numbers of filter columns. Figure 8b illustrates
the end-to-end query execution time under varying levels of Column Drift. As the Column Drift
increases, execution time rises moderately, reaching up to 1.06X on Bao, 1.12Xx on LERO, and 1.48%
on Barsa. BAo maintains stable performance under Column Drift because it only provides hints to
PostgreSQL rather than generating its own query plans. LERO predicts ranking scores rather than
absolute query latency, which makes it more robust than Barsa. We also observe that Column Drift
has a greater impact on STATS-DRIFT than on JOB-LIGHT-DRIFT, due to higher column skewness
and stronger correlations in the STATS dataset compared to IMDb.

Figure 9b shows that training time does not exhibit a clear pattern with respect to Column Drift.
This is because training time is primarily determined by the join graph of each query, which is
randomly selected in the training workloads, and thus independent of the number of filter columns.
03. Only large value drift slightly affects end-to-end query execution time, while training
time remains unaffected. Figure 8c illustrates that when the Value Drift is small (from (7, 2) to
(2,2)), the end-to-end query execution time remains largely unchanged. As the level of Value Drift
increases further, execution time increases modestly, reaching up to 1.32x compared to the no-drift
case. We also observe that large Value Drift has a greater impact on JOB-LIGHT-DRIFT than on
STATS-DRIFT, despite the STATS dataset exhibiting higher column skewness and stronger column
correlations. This is because end-to-end query execution time is primarily determined by the
query templates rather than the sampled predicate values. In STATS-DRIFT, the query template
used for Value Drift consistently generates similar join orders, indicating that the predicate value
distribution has little impact on join order selection. Hence, Value Drift has a minimal effect on
STATS-DRIFT.
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Training time remains almost identical across different levels of Value Drift, since queries with
the same template typically exhibit similar execution latency.
04. Output drift has larger impact on STATS-pRIFT than on JOB-LIGHT-DRIFT. Figure 9d
shows that large Output Drift can significantly degrade query optimization performance. On
STATS-DRIFT, the end-to-end execution time increases up to 1.47Xx compared to the no-drift
case, whereas on JOB-LIGHT-DRIFT, the increase is only about 1.10X. The greater sensitivity of
STATS-DRIFT to Value Drift arises from higher column skewness and stronger inter-column correla-
tions, which result in larger variations in query execution characteristics, making query optimization
more challenging.

Moreover, training cost is highly dependent on query execution latency (i.e., the output). Training
on workloads with large outputs can require more than 100x the time compared to workloads with
small outputs, reflecting the additional computational burden imposed by high-latency queries.

6.2 Key Findings and Insights

We summarize the key findings for query optimization as follows:

e Impact of workload drift on end-to-end query execution time: The impact ranking of
workload drift types on execution time is: Qutput Drift > Join Drift > Column Drift > Value Drift.
Specifically, large Output Drift can significantly increase query execution time, particularly on
STATS-DRIFT, where end-to-end time increases up to 1.47x under large Output Drift, while the
increase is only about 1.10X on JOB-LIGHT-DRIFT. For Join Drift, Column Drift, and Value Drift,
small drift has minor effects, but large drift can still noticeably increase execution time. This
demonstrates that the dataset characteristics, such as column skewness and correlations, influence
how workload drift translates into query execution performance degradation.

e Impact of workload drift on training time: Training cost is highly sensitive to the char-
acteristics of the workload. For Join Drift, training on queries with more joins dramatically
increases training time (over 10X for queries with more than 3 joins compared to 1—2 joins).
For Output Drift, training on workloads with large label values can require more than 100x the
time compared to workloads with small labels, reflecting the additional computational burden
imposed by high-latency queries. Column Drift and Value Drift have comparatively moderate
effects on training time.

e Dataset-dependent effects: The impact of workload drift on end-to-end execution time is
dataset-specific. STATS-DRIFT is more sensitive to label and Value Drift due to higher column
skewness and stronger correlations, leading to larger deviations in query execution plans and
runtime. In contrast, JOB-LIGHT-DRIFT shows smaller increases in execution time under the same
drift levels, reflecting more uniform data distributions and less complex correlations.

o Workload drift types to prioritize in future work: For online learned query optimization,
future work should prioritize training on queries with a small number of joins while testing on
queries with larger numbers of joins, as training time grows significantly with the number of joins.
Research should also focus on robustness or consider retraining under large Column Drift and
Value Drift, since small levels of these drifts have minimal impact on performance. Additionally,
training on queries with smaller execution latencies can substantially reduce training time
without compromising query optimization performance.

7 Related Work

Workload-driven learned database components. Recent approaches leveraging learning-based
techniques for various database components have demonstrated substantial performance improve-
ments over traditional methods. Many of these methods utilize query workloads to train models,
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including workload-driven cardinality estimation [15, 32, 36, 52], cost estimation [24, 29, 42, 53],
query optimization [26, 27, 49, 55], index selection [7, 31, 41], and knob tuning [21, 51]. In this
work, we focus specifically on cardinality estimation, cost estimation, and query optimization.
Cardinality estimation. Cardinality estimation predicts the result size of a query or subquery.
Learned estimators are often divided into data-driven and workload-driven approaches. Since
data-driven methods mainly learn the data distribution and are typically less sensitive to work-
load variation, we focus on workload-driven estimators that encode query structures and predi-
cates [15, 22, 24, 33, 36, 45, 52]. NN [8] maps predicate features to cardinalities with multi-layer
networks. MSCN [15] aggregates set-encoded tables, joins and predicates for cardinality prediction,
while Robust-MSCN [33] improves robustness via dropout and feature masking. QuickSel [36]
adopts workload-driven Gaussian mixture models, and ALECE [22] leverages attention-based query
encoding with correlation modeling to improve estimation quality.

Cost estimation. Cost estimation predicts the execution cost or latency of a query plan. Learned
cost models typically take physical plans and database statistics as input and output runtime esti-
mates. Flat-Vector [10] uses fixed-dimensional operator features with regression, End-to-End [42]
encodes queries and physical operators as features and embeds them into a tree-structured model
to predict query latency. QPP-Net [28] introduces neural units that produce latency estimates and
performance-related properties, dynamically assembling operator-level neural units into a neural
network to predict query plan latency. QueryFormer [53] further employs transformer-style self-
attention to better handle long plans. Database-agnostic models (e.g., Zero-shot [14] and DACE [23])
require training across multiple datasets and workloads, and are thus outside our experimental
scope.

Query optimization. Query optimization explores the plan space and selects the lowest-cost
plan [4, 5, 26, 27, 49, 55]. Learning-based optimizers broadly fall into two categories. The first class
generates query plans using model-based approaches with cost estimation. DQ [16] and Neo [27]
learn from cost models from expert optimizers. Balsa [49] starts from a optimizer generated cost
model and improves through iterative execution feedback. The second class leverages traditional
query optimizers to generate candidate plans and uses learning-based models to select the optimal
plan. Bao [26] learns plan representations for selection, HybridQO [50] combines cost-based and
learning-based signals, and Lero [55] uses learning-to-rank plans instead of directly regressing
latency.

Workload drift problem. A key assumption for learned workload-driven database components to
maintain high performance is that the training queries follow the same distribution as the testing
queries. When the distributions differ, the performance of these models can degrade significantly [20,
47]. Retraining the model to accommodate the new workload is often costly, as it requires query
execution in the DBMS, which is time-consuming.

Existing solutions to workload drift. Warper [20] and ShiftHandler [47] are not learned models.
Their goal is to reduce retraining cost by selecting representative queries once workload drift is
detected. Both methods assume that the learned model must be retrained and focus on identifying
a small but informative subset of the target workload for retraining. Specifically, Warper maintains
a representative query pool and uses a GAN [11] to generate representative queries when a new
workload arrives. ShiftHandler adopts the k-medoids method to select representative queries from
the new workload for retraining. In this sense, they are add-on procedures that can be combined with
any learned models. In contrast, our work studies how learned models behave under workload drift
without retraining. Therefore, the problems addressed by Warper and ShiftHandler are orthogonal
to the problem studied in this paper. Robust-MSCN [33] addresses drift by introducing feature
masking and dropout into MSCN, and we include this method in our evaluation. Zero-shot [14]
and DACE [23] aim to build database-agnostic cost estimation models and require training across
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Table 6. Key cross-component findings under workload drift

Finding CE CostE QO
Dominant drift type Join Drift / Output Drift
Fewer joins on estimation accuracy l l N.A.
Fewer joins on execution performance ) ! !
Output drift on estimation accuracy l ! N.A.
Output drift on execution performance | ~ !

multiple datasets and workloads. This setting requires substantially larger training workloads and
training time [13], which is fundamentally different from our experimental setting. Therefore, we
do not include them in our experiments.

Adaptive query processing techniques in RDBMS. Some widely-used RDBMS provide adaptive
query-processing techniques. SQL Server implements batch-mode adaptive joins, which dynamically
switch between hash and nested-loops joins at runtime, and adjusts cardinality estimation based
on past executions. Oracle supports dynamic plan re-optimization, allowing the engine to revise
execution plans when runtime statistics deviate significantly from expectations. These mechanisms
can improve performance for structurally similar queries, but they do not address systematic
workload drift involving new join structures and shifted predicate distributions. Hence, these
engines remain vulnerable to workload drift.

8 Conclusions and Future Directions
8.1 Conclusions and Key Takeaways

We summarize four key findings to answer RQ1 to RQ4 in Section 1.

Robust workload-driven database component design should prioritize addressing Join
Drift, Output Drift, and large Column Drift or Value Drift. Our evaluations across all three
database tasks demonstrate that Join Drift has the most substantial impact on performance: even
small join drift can significantly reduce model accuracy and moderately increase end-to-end query
execution time. Output Drift similarly degrades model accuracy and increases query execution time.
In contrast, Column Drift and Value Drift have only moderate effects, and their impact becomes
noticeable only under large drift levels.

Workload-driven component design should prioritize end-to-end query execution perfor-
mance rather than model-level accuracy. The impact of workload drift on model estimation
accuracy does not always align with its effect on actual query execution performance. A degradation
in estimation accuracy under workload drift does not necessarily translate into a deterioration in
query execution performance as summarized in Table 6. For instance, in cardinality estimation,
training on queries with fewer joins reduces accuracy, yet improve query optimization performance.
Similarly, in cost estimation, Output Drift can lead to substantial deterioration in estimation ac-
curacy while having only a marginal impact on query optimization. These observations indicate
that estimation accuracy and execution performance are not always tightly coupled, and their
sensitivity to workload drift can differ across tasks. Therefore, the design of workload-driven
database components should prioritize optimizing end-to-end query performance rather than solely
minimizing estimation error.

Learn-to-optimize database components should focus on improving generalization from
limited or biased training workloads for evolving workloads. Unlike one-shot learned models
that are trained once on large, static workloads, learn-to-optimize components execute queries
during each training iteration to collect feedback for model updates. To reduce training overhead,

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 137. Publication date: June 2026.



137:22 Zizhong Meng, Gao Cong, and Sigiang Luo

they are typically trained with a small number of queries, which leads to limited or biased training
samples. Hence, their robustness under workload drift depends on the ability to generalize from
sparse or skewed training data. Therefore, the design of learn-to-optimize database components
should emphasize developing mechanisms that improve generalization and stability across evolving
workloads.

Workload-driven components should more focus on datasets with strong correlations and
high skewness. Our experiments demonstrate that datasets exhibiting strong correlations and
high skewness are more sensitive to workload drift, especially on Join Drift and Column Drift, as
changes in the structural relationships disturb the underlying patterns upon which workload-driven
components depend, which results in greater model performance degradation. Therefore, when
designing and evaluating workload-driven components, it is crucial to account for these data
characteristics, as they directly influence the robustness of models under varying drift conditions.
The trend of query execution time does not always match the estimation accuracy because execution
performance is influenced by additional factors such as the dominant join operators. For example,
execution time is dominated by heavy physical operators in STATS, which reduces the relative
impact of drift-induced estimation errors, leading to smaller changes in runtime.

8.2 Future Directions

Can we design training workload with minimal number of queries while keeping good
performance of database components? Most workload-driven database components assume
there are enough query workloads for training models. However, training data with ground-truth
can only be obtained through actual query execution in the DBMS, which is a costly process. There-
fore, designing sufficient yet minimal training workloads while keeping good model performance
that reduce the query execution cost required to obtain ground-truth outputs is an interesting
direction.

Can we design robust database components with small training data? In real-world scenarios,
it is often difficult to obtain sufficient or comprehensive query workloads for training. Models
trained on such limited data are more likely to suffer from workload drift. Designing robust
models that can generalize well under insufficient training workloads remains an open and largely
unexplored problem.

How to perform fast cold-start for online learning-based database components? Online
learning-based database components, such as learned query optimizers, require training during
query execution rather than relying on historical workloads. This process is time-consuming and
delays model readiness. Therefore, accelerating the cold-start phase for online learning models is a
promising research direction.
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