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ABSTRACT
Data and workload drift are critical to evaluating core database

components such as caching, cardinality estimation, indexing, and

query optimization, especially as AI-driven techniques increasingly

permeate database systems. However, existing benchmarks remain

largely static, offering little support for modeling drifts. This limi-

tation arises from the absence of a shared vocabulary and practical

tools for specifying and generating drift in both data and workloads.

Guided by this vision of making drift a first-class concept, we

propose a taxonomy of data and workload drift and designDriftSpec,
a declarative specification that makes these drifts executable. Build-

ing on this, we present DriftBench, which instantiates DriftSpec to

generate controlled drifts and enable drift-aware benchmarking.

Together, the taxonomy, DriftSpec, and DriftBench form a first step

toward a standardized, executable language for studying how data

and workload evolution influence database behavior. They shift

benchmarking from static, one-off tests to controlled, continuous

evaluation under drift.

PVLDB Artifact Availability:
The source code, data, and/or other artifacts have been made available at

https://github.com/Liuguanli/DriftBench.

1 INTRODUCTION
Have you ever read or reviewed a database paper and wondered:

does this system adapt to data or workload1 drift2? Or perhaps you
have been on the receiving end of the same question, one that is

easy to ask but surprisingly difficult to answer rigorously.

We raise this question because both data and workload drift have

become increasingly prevalent in real-world systems [17, 57, 60, 61].

As a result, they have attracted growing attention in recent research

such as query optimization, cardinality estimation, and learned

indices [10, 14, 19, 20, 22, 27, 28, 33, 34, 38, 39, 43, 58], and have

been highlighted in community reports such as the Cambridge

Report on Database Research [1].

This interest is motivated by the practical impact of drift on

database component behavior. For example, both traditional com-

ponents such as PostgreSQL’s cardinality estimator and learned

estimators such as Naru [59] and MSCN [19] can become less reli-

able under data and workload drift. Such shifts can substantially

affect estimation accuracy and, in turn, influence downstream query

optimization and execution decisions (see Section 5.3).

However, existing research lacks a unified definition of data

and workload drift, as well as principled methods for generating

them. Instead, drift is often approximated by switching between

static datasets [22, 29, 32, 35, 37, 56], or by manually varying query

parameters (e.g., predicate ranges [27, 36]) and query types (e.g.,

1
For brevity, we use workload to refer to query workload throughout the paper.

2
“Drift” and “shift” are often used interchangeably in data and workload characteristics.

In this paper, we use drift, following the terminology in NeurDB [60].

𝑘NN and range queries in spatial workloads [15, 43]). While these

heuristics can simulate drift, they remain ad hoc and may fall short

in capturing the dynamic nature of real-world drift.

This limitation is also reflected in existing benchmarks. For exam-

ple, TPC-H [53] assumes static data and fixed workloads, while the

Join Order Benchmark (JOB) [24] focuses on join queries without

dynamic workloads. RedBench [21] improves real-world represen-

tativeness by deriving from Amazon Redshift [54], but it does not

support controlled drift injection over arbitrary data schemas. Thus,

drift evaluations remain ad hoc, with limited reproducibility and

comparability across systems.

In particular, for data drift, nowidely accepted definitions capture

common forms of change such as distributional drifts and cardinal-

ity variations, or even schema modifications [25, 60, 61]. The notion

of workload drift is even more ambiguous [17, 57]. Clarifying the

definition of drift is only part of the solution. The community also

needs practical tools for constructing drift scenarios.

To fill this gap, we advocate a unified foundation for drift-aware
benchmarking, enabling the community to evaluate database sys-

tems under evolving data and workloads. At the core of this vision
is a taxonomy of drift that captures recurring patterns of evolu-
tion observed across diverse database contexts. Building upon this

taxonomy, we design DriftSpec, a declarative YAML-based speci-
fication that translates drift types into uniform and interoperable

scenarios to bridge benchmark design and system evaluation.

On top of this specification, we envision DriftBench as a modu-

lar framework that connects declarative drift design with adaptive

benchmarking. DriftBench supports the synthesis of data drift
(e.g., cardinality variation, distribution shifts, outlier injection),

workload drift (e.g., changes in predicate distributions, joins, and

payloads), and temporal drift [18] (e.g., trends, cycles, and long-

tail evolution). Together, these components provide a foundation

for benchmarking that adapts to evolving data and workloads.

This paper makes the following contributions:

• Taxonomy of Drift.We conceptualize data, workload, and tem-

poral drift within a unified taxonomy that captures recurring

patterns of evolution in prior research on database systems, pro-

viding a foundation for systematic reasoning about drift.

• Drift Specification.We introduceDriftSpec, a declarative, YAML-

based specification that operationalizes the taxonomy by encod-

ing drift as explicit and reproducible scenarios. DriftSpec can be

instantiated from both benchmark inputs (e.g., TPC-H) and sum-

marized real traces (e.g., RedBench), enabling drift generation in

both benchmark-driven and trace-driven settings.

• Prototype Framework. We present DriftBench, a modular pro-

totype framework that implements DriftSpec for synthesis and

evaluation of drifted data and workloads. We demonstrate its use

through case studies, illustrating drift-aware benchmarking.

https://github.com/Liuguanli/DriftBench


2 A WORKING TAXONOMY OF DRIFT
We present a working taxonomy of data and workload drift that cap-

tures recurring patterns observed across prior systems and bench-

marks. Rather than exhaustive coverage, we aim to distill a concise

and actionable core for reproducible drift generation.

2.1 Data Drift
Data drift refers to changes in the cardinality or distribution of

records within a database. We categorize it into four representative

operations observed in prior benchmarks and research works:

(1) Scaling cardinality refers to changes in the overall number

of records in the dataset, e.g., 0.5×, 2×, 10×. It models net
size effects under a new snapshot without prescribing how

tuples arrived or departed. For example, population records

may gradually increase as coverage expands to new regions

or as higher birth rates. This is widely used to stress storage

footprint and plan costs under larger snapshots [32, 52, 53].

(2) Updating cardinality typically applies a time-ordered stream

of inserts and deletes, i.e., the dataset is mutated over time

rather than resized in one shot. For example, individuals are

continuously added and removed due to births, deaths, and

migration. This stresses index maintenance and statistics fresh-

ness, and is commonly used to evaluate continuous-update

behavior [4, 16, 22, 43].

(3) Shifting column distributions capture changes in column

value distributions, such as increased skewness [3, 49]. This

drift appears in spatial related workloads without altering

dataset cardinality [26, 27, 43], where sudden event surges

shift data concentration. For example, the concentration of

students during an enrollment period can abruptly shift the

distribution of education-related attributes.

(4) Injecting outliers uses rare or extreme values to test system

robustness under distributional anomalies [6]. Such outliers

can distort column statistics, leading the optimizer to misesti-

mate selectivity and choose suboptimal plans [42]. For exam-

ple, a small number of records with extremely large household

sizes or unusually high incomes can act as outliers and dis-

tort column statistics. While this issue has gained attention in

learned index research (e.g., data poisoning [20]), it remains

largely overlooked in other database components.

These operations form a practical foundation for modeling data

drift. While we focus on these representative types, our goal is not

to exhaustively enumerate all possible drift scenarios, but rather to

capture the most common patterns. These abstractions motivate

the need for a formal definition, which we provide below.

Definition 1 (Data Drift). Let D1 and D2 denote two versions
of a dataset over the same schema S. We define data drift as a signif-
icant change in the statistical properties or volume of data between
D1 and D2. It can be characterized along two primary subtypes:
• Cardinality Drift: A substantial change in the total number of

records, i.e., |D1 | and |D2 | differ by more than a defined threshold
𝛼 (e.g., | |D2 | − |D1 | | > 𝛼 × |D1 |).

• Distributional Drift: A change in the column value distribution.
Such changes can be categorized as (i) global, where a divergence
metric 𝛿 (D1,D2) exceeds a threshold 𝜖 (e.g., changes in skewness);
or (ii) local, where small-scale modifications (e.g., point injection)

affect specific regions of the distribution but can substantially in-
fluence system behavior.

The thresholds 𝛼 and 𝜖 in our definition are commonly defined

by database systems or practitioners based on operational policies.

For example, in Oracle, the deletion of 20% of a table’s rows is used

as a threshold to trigger index rebuilding [45].

Example. Figure 1 illustrates an example of progressive data drift.

In 𝐷1, the data follows a stable normal distribution on two di-

mensions. In 𝐷2, a new mode emerges (orange), where the data

distribution partially overlaps with the original. In 𝐷3, a second

mode appears (green), shifted further in value space due to the

injection of outliers. This reflects how real-world data can evolve

through overlapping shifts.
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(c) Distributional drift 𝐷3

Figure 1: Illustration of data drift.
Discussion.While we define each drift type individually, in prac-

tice, multiple types may co-occur between two time points. Our

DriftBench supports such compound drift by allowing intermediate

drifted datasets to be reused as inputs, enabling the simulation of

multi-drift scenarios over time. In addition, our approach inherently

supports multi-table schemas, where drift propagates across tables

through foreign-key dependencies and inter-table correlations, and

is executed via constraint-aware operations to preserve integrity.

2.2 Workload Drift
Workload drift refers to changes in the structure or statistical proper-

ties of queries executed against a database over time. We categorize

workload drift into four common operations, each of which can

significantly impact query processing behavior:

(1) Changing predicate distributions reflects drifts in the statis-
tical distribution of predicates over time. This directly affects

query optimizers [33, 58] and learned indices [14, 26, 27] that

rely on historical access patterns. For example, in a census

workload, queries increasingly concentrate on a small number

of regions (e.g., major cities), rather than being evenly spread

across all areas.

(2) Varying selectivity arises when queries from the same logical

template exhibit varying predicate ranges [26, 38, 43]. Such

drift commonly occurs in response to changing analytical

demands (e.g., broader time ranges) and leads to different join

strategies or plan choices. For example, a census workload

repeatedly uses the same query template while expanding the

predicate (e.g., age) ranges over time.

(3) Modifying query structure changes in query templates, such

as modified predicates or join conditions [33, 34, 38, 56, 58].

These shifts can trigger re-optimization or impact index usage.

For example, as analysis requirements evolve, census queries

can be extended with additional joins or predicates (e.g., join-

ing household or employment tables).

2



(4) Changing payloads refers to changes in the set of projected

columns. While it modifies the query structure, we treat it

as a separate drift type due to its distinct impact on I/O cost

and column scan behavior [21, 36, 56]. For example, a report-

ing workload evolves from lightweight aggregate queries to

detailed record inspection, increasing the number of attributes.

While payload, predicate, and join are conceptually orthogonal,

we group predicate and join together because both directly affect

cardinality estimation and thus plan generation. In contrast, pay-

load primarily defines the output schema and has a relatively limited

impact on execution plans. We now present a formal definition of

workload drift based on these observations.

Definition 2 (Workload Drift). A workload𝑊 is defined as a
distribution 𝑃 (𝑊𝜏 (𝜃 )) over queries instantiated from a parameterized
template 𝜏 , where 𝜃 ∈ Θ denotes the parameter-generating operator.
Let Sel(𝑊𝜏 (𝜃 )) denote the total selectivity of𝑊 . Workload drift is
characterized by the following subtypes:
• Parametric Drift: Two workloads𝑊1,𝜏 and𝑊2,𝜏 are instantiated

from the same template 𝜏 , but differ in their parameter distribution.
That is, for some 𝜃1, 𝜃2 ∈ Θ, 𝛿 (𝑃 (𝑊1,𝜏 (𝜃1)), 𝑃 (𝑊2,𝜏 (𝜃2))) > 𝜖 or
|Sel(𝑊1,𝜏 (𝜃1)) − Sel(𝑊2,𝜏 (𝜃2)) | > 𝛼 × Sel(𝑊1,𝜏 (𝜃 )).

• Structural Drift: Two workloads𝑊𝜏1 and𝑊𝜏2 are instantiated
from templates 𝜏1 and 𝜏2, respectively, with structural differences
in predicates, joins, or payloads.

We omit the detailed explanation of 𝛿 , 𝛼 , and 𝜖 , as they have been
discussed in the context of data drift.
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(c) Structural drift𝑊3

Figure 2: Illustration of workload drift
.

Example. Figure 2 shows workload drift. Each green dashed box

represents a query’s predicate region over two dimensions. In𝑊1,

queries are uniformly distributed with identical predicate bounds,

modeling a stable workload. In𝑊2, the predicate ranges shift and

vary slightly (i.e., parametric drift). In𝑊3, queries (blue) remove

their predicate on dim_2, resulting in a broader scan (i.e., struc-
tural drift). Such evolution mirrors real-world analytics, where user

interests and data exploration patterns shift gradually.

Discussion. While data and workload drift may be related in prac-

tice, DriftBench handles such coupling through sequential con-

ditioning. Specifically, it first applies data drift to materialize a

drifted dataset and then generates workload drift conditioned on

this snapshot, enabling related multi-drift scenarios.

Scope and Terminology. Our taxonomy is grounded in recurring

patterns from prior research and benchmarking practice. While

system-level changes such as configuration updates and hardware

upgrades can affect performance, they are not the focus of this

work. Although the term drift is also used in the context of concept

drift [13], the two notions differ fundamentally. Concept drift con-

cerns changes data-label relationships in learning streams, whereas

our notion of drift targets data and workloads in database systems.

2.3 Temporal Drift Patterns
We model temporal drift as the evolution of data or workloads over

time, typically following non-stationary patterns such as bursts,

trends, or repeats. Rather than proposing a new taxonomy, we adopt

the classification in Sibyl [18], which defines four representative

temporal patterns: uniform, periodic, trend, and long-tail.
Discussion. These patterns can be applied independently or in com-

bination with data and workload drift, enabling more expressive

and customizable drift scenarios. For example, query timestamps

can be generated per instance to simulate realistic query streams

with temporal variation. Repetitive query instances are common

in real-world cases [21] and can be assigned with periodic times-

tamps. Similarly, data updates (e.g., insertions and deletions) can

follow scheduled intervals to reproduce read-heavy or write-heavy

workloads [22]. Moreover, combining temporal drift with data or

workload drift can reveal cross-effects such as performance degrada-

tion under bursty query arrivals or delayed adaptation to long-term

trends. These capabilities enable constructing temporally evolving

benchmark scenarios that better reflect real operational dynamics.

3 DRIFTSPEC: A DRIFT SPECIFICATION
To make drift comparable across studies, we argue for a shared,

executable, and verifiable specification beyond taxonomy alone.

DriftSpec provides this contract: a minimal language that lets re-

searchers state what changes, how much it changes, and when it

unfolds, such that independent teams can align on comparable sce-

narios. Concretely, DriftSpec encodes each drift instance with four

compact blocks, defined as follows:

(1) type declares the drift family, category, and subtype (e.g.,

data/distribution/column shift), such that the instance is clearly

placed in the taxonomy and downstream tools know which

operator to invoke.

(2) data_source specifies input/output endpoints via kind,
uri, optional table, and output_path, unifying csv files
and database sources.

(3) variables collects the control knobs for execution (e.g.,

workload size, target columns, drift parameters such as modes,

ranges, and seeds). The block is intentionally open ended: task-

specific options may be added, and implementations handle

parsing, validation, and sensible defaults.

(4) temporal (optional) defines the temporal pattern of drift

(e.g., uniform, periodic, trend, long_tail) that con-
trols how drift evolves or arrives over time.

In short, type says what, variables says how and how much,
temporal says when, and data_sourcemakes the description

executable and shareable. We illustrate DriftSpec with a minimal

example rather than exhaustively detailing every field, and refer

readers to the shared artifacts for more runnable YAMLs.

Example 3.1 (Data drift specification). In Listing 1, DriftSpec de-

clares a data-side distribution drift by right-skewing age while

preserving basic moments and bounds, with explicit input/output

paths for reproducibility. The type block anchors the instance
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pattern_id: dp-d-census-01
seed: 42 # optional
type: # (family/category/subtype)
family: data
category: distribution
subtype: column_shift

data_source:
kind: postgres
uri: 'postgresql://user:pass@host:5432/dbname'
table: public.census
output_path: outputs/dp-d-census-01.csv

variables: # vars from definitions
params:

numeric:
column: age
mode: skew_right
bounds: [18, 90]

temporal: # optional
pattern: uniform
rate_per_sec: 5
duration_sec: 600

Listing 1: DriftSpec for a data drift on age column.
(Data→Distribution→Column); variables supplies transforma-

tion parameters and an example magnitude threshold.

Takeaway. DriftSpec is a generic, executable description of drift

scenarios. It builds on our formal definitions to provide a concise

protocol file that different stakeholders (e.g., authors and reviewers)

can read, write, and share. This makes drift scenarios consistently

specified, comparable, and reusable. In addition, DriftSpec is exten-

sible to benchmarks such as TPC-H [53]. For data drift, we follow

the original schema to produce drift operations over the bench-

mark tables. On the workload side, we reuse the benchmark SQL

templates and specify the parameter distributions in DriftSpec to

generate workloads. For real traces [2], summarized traces pro-

duced by tools such as RedBench [21] are mapped to DriftSpec,

enabling trace-driven drift without replaying raw queries.

4 DRIFTBENCH: A PROTOTYPE FRAMEWORK
DriftBench turns the taxonomy and DriftSpec into runnable exper-

iments: it ingests real data sources, extracts schema information,

and materializes drifted datasets and workloads from the specifica-

tions. As shown in Figure 3, intermediate results such as schema,

distributions, and templates are reused to generate drift scenarios.

DriftBench has seven key components:

(1) DriftSpec parser serves as the entry point of DriftBench, re-

sponsible for translating declarative YAML specifications into

executable drift scenarios. It validates the structure and semantics

of a given specification, expands parameter ranges, and resolves

references between data, workload, and temporal components.

(2) Schema extractor parses the input data source and extracts

a schema containing column-level metadata, such as logical

types (e.g., numeric and categorical), value ranges, and histogram

bounds. It supports both file-based and relational sources, with

current implementations for CSV and PostgreSQL, two of the

most commonly used formats in benchmarking and prototyping.

(3) Distribution simulator applies controlled transformations to

simulate data drift, including value skew, outlier injection, car-

dinality variation, and selective deletion. Drift can be column-

specific and parameterized by intensity.

DriftBench

Schema Extractor

Distribution
Simulator

Data 
Generator

Template
Generator

Workload
Generator

Timestamp
Generator

Data Sources

...

Template

Schema

Distribution

Intermediate output

Final
output

Final
output

Integrate

DriftSpec
DriftSpec Parser

Figure 3: Architecture of DriftBench.
(4) Data generator synthesizes new rows based on column-level

statistics inferred from the schema, using type-aware methods

such as KDE [48] for numerics and frequency-based sampling for

categoricals. The module supports cardinality scaling, row dele-

tions, and insertions. For multi-table cases, we generate relation-

consistent data by jointly sampling join keys and ensuring that

referencing tables include values compatible with the base tables.

(5) Template generator generates parameterized query templates

over the extracted schema. The generator supports both single-

table and multi-table workloads by leveraging column-level sta-

tistics and join candidates. The key difference is that multi-table

templates include join clauses. We assume that join relationships

are either defined in the schema or provided by the user.

(6) Workload generator instantiates query templates by sampling

concrete predicate values from specified distributions (e.g., uni-

form, normal, Zipfian). This module transforms abstract logical

templates to executable queries.

(7) Timestamp generator can generate timestamps following de-

fined patterns. It simulates non-stationary query arrival pro-

cesses by controlling inter-arrival intervals, enabling realistic

modeling of time-evolving workloads.

The current DriftBench prototype is implemented in Pythonwith

adapters for data sources. It fully implements DriftSpec, executing

deterministic runs to ensure reproducibility. This prototype serves

as a proof of concept for the broader vision of establishing DriftSpec

as a shared protocol and DriftBench as a modular framework.

5 CASE STUDIES
To demonstrate the practical use of DriftBench for drift-aware

benchmarking, we present case studies that systematically generate,

visualize, and analyze data, workload, and temporal drifts using the

real-world census dataset [46, 56].

5.1 Data Drift
We select two representative attributes from the census dataset:

one numeric (age) and one categorical (workclass). For cate-
gorical features, we show only the top 5 most frequent categories.
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5.1.1 Updating Cardinality. Cardinality updates capture row-level

changes caused by data insertions and deletions. While insertions

can reuse the scaling functionality, deletions must operate on ex-

isting data. To simulate realistic deletions, we randomly select 10%

of records from the census dataset. As shown in Figure 4, the

deleted subset is sampled proportionally to the original distribution,

ensuring the operation reflects natural workload patterns without

introducing artificial bias.
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Figure 4: Data distributions under cardinality updates.

5.1.2 Shifting Column Distributions. We simulate drift by replac-

ing original columns with more skewed distributions. For numeric

attributes, we generate values that preserve the mean and standard

deviation but increase skewness toward one side. For categorical at-

tributes, we upweight the most frequent categories to increase skew,

amplifying the dominance of popular values. Figure 5 illustrates

these changes for representative columns.
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Figure 5: Data distributions under column skew.

5.2 Workload Drift
We use the age column from the census dataset to illustrate

different forms of workload drift in conjunction with timestamps.
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Figure 7: t-SNE for struc-
tural drift.

5.2.1 Changing Predicate Distributions. We demonstrate predicate

shift with three workloads by varying the value distribution of

the age column across three timestamp groups, each uniformly

distributed within five minutes. As shown in Figure 6, the query

predicates follow uniform, normal, and skewed distributions, re-

spectively, reflecting increasing levels of locality and skew.

5.2.2 Structural Drift. We group these two operations (modifying
query structure and changing payloads) together, as logical muta-

tions often co-occur with changes in the number of predicates, joins,

and other clauses. These changes are structural and difficult to visu-

alize directly. To capture their overall effect, we extract high-level

features from each query template and project them using t-SNE

(t-distributed stochastic neighbor embedding). Figure 7 visualizes

the difference between two sets of query templates: one generated

with at most 5 predicates and 6 projected columns, and another

with larger limits of 7 and 8, respectively. The resulting clusters

reflect how query structures evolve under logical and payload drift.

5.3 Evaluating Estimator Behavior under Drift
We evaluate how cardinality estimators respond to different types

of drift by analyzing their behavior under systematic data and

workload changes. We use three representative estimators: Post-

greSQL (rule-based), Naru [59] (data-driven), and MSCN [19] (data-

and query-driven). Using the census dataset, we model data drift

through cardinality updates, generating ten successive snapshots

(D1–D10) that uniformly scale the dataset from 1.0X to 3.0X over

time. To model workload drift, we use six-phase temporal work-

loads that vary predicates and selectivity over time (W1: age
andworkclass; W2:education andmarital_status; W3:

capital_gain andoccupation;W4:hours_per_week and

workclass;W5:capital_loss andmarital_status;W6:

age and native_country).

01-10 00:0000:10 00:20 00:30 00:40 00:50 01:00 01:10 01:20 01:300

20

Q-
er

ro
r

Q-error Distribution Across mscn
D1 D2 D3 D4 D5 D6 D7 D8 D9 D10

01-10 00:0000:10 00:20 00:30 00:40 00:50 01:00 01:10 01:20 01:30

5

10

Q-
er

ro
r

Q-error Distribution Across naru
D1 D2 D3 D4 D5 D6 D7 D8 D9 D10

01-10 00:00 00:10 00:20 00:30 00:40 00:50 01:00 01:10 01:20 01:30
time (10 min steps)

2.5

5.0

Q-
er

ro
r

Q-error Distribution Across postgres
D1 D2 D3 D4 D5 D6 D7 D8 D9 D10

Figure 8: Q-error under data drift with a fixed workload.
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Figure 9: Q-error under workload drift with a fixed dataset.
As shown in Figure 8, as dataset cardinality increases across

successive snapshots, the same query workload leads to larger true

result sizes, while both PostgreSQL and learned models rely on

stale statistics or models that are not updated in time. As a result,

Q-error increases and outlier behavior becomes more pronounced,

indicating growing estimation mismatch as data evolves.

In contrast, Figure 9 highlights estimator behavior under work-

load drift. Here, MSCN shows particularly strong sensitivity to

query changes, as its predictions vary substantially across work-

load phases. This behavior is expected, since MSCN is trained on
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query features and thus directly depends on workload distribu-

tions. By comparison, PostgreSQL and Naru, which are primarily

data-driven, exhibit more stable behavior across workload phases.

In addition, we evaluate learned indices via a benchmark [22] un-

der data drift (cardinality scaling, distribution skew) and workload

drift (range growth), revealing that PGM [11] generally outperforms

FITing Tree [12] and B
+
-tree [50], while exhibiting occasional sensi-

tivity to drift. Due to space limitations, these results are provided in

the artifacts under the indexing task. These findings underscore the

importance of evaluating database components under controlled

data and workload drift. DriftBench enables such analysis by sys-

tematically generating drift scenarios.

6 OPEN CHALLENGES AND ROADMAP
Our case studies demonstrate that controlled drift provides a struc-

tured way to observe estimator behavior under evolving data and

workload conditions. However, these results also highlight how

early we are in this journey, as current drift generation still relies on

manual design and has limited integration with mature benchmarks.

We therefore outline open challenges and present a roadmap
toward an automated foundation for drift-aware benchmarking.

We identify four open challenges for drift-aware benchmarking:

(1) From ad hoc to auto.Many parameters in drift generation

still rely on expert intuition. Achieving automation demands

monitoring- and history-driven models that infer drift types

and trigger conditions from system logs or workload traces.

(2) Mining drift from real-world traces.Wehave demonstrated

that DriftSpec can extend benchmark suites such as TPC-

H [53] and RedBench [21]. However, mining drift from real-

world traces remains challenging. Existing approaches are

often coarse-grained, leaving opportunities to identify richer

drift types and patterns that can be translated into DriftSpec.

(3) From drift to robust systems. Drift generation itself is not

the goal. The real opportunity lies in using observed perfor-

mance regressions, such as estimator mispredictions or plan

volatility, to guide system repair and continuous improvement.

(4) Cross-domain drift generalization. Beyond tabular data,

new abstractions are needed to express and quantify drift

across heterogeneous data modalities, such as vector [40] and

spatial data [41] stored in relational systems (e.g., PostgreSQL)

and accessed via specialized operators.

Building upon these challenges, our roadmap focuses on practical

paths toward standardization and community adoption:

(1) From ad hoc to guided automation. We envision a gradual

path toward automation that begins with mining query tem-

plates and workload statistics from real-world traces [21] to de-

fine domain-specific drift types and parameter ranges. Within

this structured drift space, DriftBench supports sensitivity-

guided exploration to identify hot spots where drift has the

strongest system impact. In practice, evaluation can start from

a broad set of lightweight drift scenarios and progressively

focus on hot spots that exhibit degrading behavior.

(2) Closing the loop. Beyond generating drifted datasets, our

long-term goal is to use drift feedback to strengthen systems.

Controlled drift experiments can serve as regression guards,

guiding optimizer, estimator, and index adaptation in continu-

ous integration pipelines.

(3) Beyond tabular domains. Extending DriftSpec and Drift-

Bench to columnar, vector, graph, and document stores re-

mains an engineering frontier. Once the methodology stabi-

lizes, this cross-domain generalization will foster a shared,
evolvable drift ecosystem spanning diverse data models.

7 RELATEDWORK
Classic benchmarks such as TPC-H [53] and TPC-DS [52] evalu-

ate analytical workloads over static schemas and datasets, while

TPC-C [51] and OLTPBench [8] focus on transactional through-

put. DSB [9] introduces dynamic workloads on top of TPC-DS but

does not explicitly control data or workload drift. LST-Bench [7]

further explores benchmarking for log-structured tables through

package-based workloads that capture distinct access patterns.

Workload-aware approaches have been explored from both gen-

eration and evaluation perspectives. QAGen [30] and its exten-

sions [31] generate databases that satisfy query-level constraints,

while application-oriented workload generators [44] assume fixed

data characteristics. Surprise benchmarking [5] evaluates systems

under unexpected workloads, but these approaches do not model

temporal evolution or support systematic data or workload drift.

RedBench [21, 55] takes a step toward realism by incorporating

real-world query patterns sampled from Amazon Redshift [2], cap-

turing query and distribution drift. However, it remains limited to

replaying existing queries and does not support controlled drift

generation or workload synthesis across schemas.

Recent systems such as SQLStorm [47] and SQLBarber [23] lever-

age LLMs to generate executable SQL workloads, emphasizing

query diversity and cost-awareness through generation and filter-

ing pipelines. Nevertheless, they treat workloads as static artifacts

and do not provide explicit control over data evolution.

8 CONCLUSIONS
We envision transforming drift from an abstract notion into a con-

crete, executable, and reproducible dimension of data management.

This vision is articulated through three complementary elements: a

compact taxonomy that formalizes drift, a declarative specification

to describe drift, and a framework that brings these descriptions

to life across data, workload, and temporal dimensions. Together,

these elements make drift a tangible concept, enabling researchers

to specify what changes, how much, and when.
Looking ahead, automating drift detection and generation can

shift database evaluation from passive observation to active valida-

tion, while drift-aware evaluation can inform the design of adaptive

optimizers, estimators, and indexes by exposing system behavior

under evolving data and workloads. Building on this perspective,

such drift-aware investigations are currently underway and rep-

resent a natural next step beyond the scope of the present paper.

In addition, extending drift beyond tabular data to spatial, vector,

and graph models further opens the door to a cross-domain evalu-

ation ecosystem. This perspective invites the community to view

database evaluation as a continuous process that measures not only

performance, but also a system’s capacity to adapt and evolve.
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