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Abstract—In recent years, the growing complexity of database
management systems (DBMSs) and the proliferation of SQL
dialects have created significant challenges for database migra-
tion, federation, and integration. These challenges arise from
the disparities between SQL dialects across different DBMSs,
hindering seamless communication and system interoperability.
SQL translation, the process of converting SQL queries from a
source dialect DBMS to a target dialect DBMS, plays a crucial
role in addressing these challenges. To facilitate this process,
we introduce DLBENCH, the first comprehensive benchmark
designed to evaluate the SQL translation capabilities of Large
Language Models (LLMs). The benchmark includes two datasets:
BIRDTRANS, which covers real-world database query scenarios
across seven DBMSs, and BUTTERTRANS, which spans a broader
spectrum of SQL types and encompasses extensive DBMS dialect
features. We collect high-quality databases and SQL statements,
applying a rigorous multi-step cleaning process that ensures
data quality through SQL92-based checks and dialect-specific
parser validation. Additionally, both LLM-based and human
annotations are used to guarantee the correctness and complete-
ness of the dataset. We demonstrate the utility of DLBENCH
through extensive experiments, which show that the benchmark
effectively evaluates the SQL translation ability of LLMs. The
results highlight the potential of LLMs for SQL translation tasks
and provide insights into areas for further improvement.

Index Terms—SQL translation, SQL dialect, Benchmark

I. INTRODUCTION

Over the past several decades, the realm of database man-
agement has grown markedly more intricate. This increased
complexity stems not only from the expanding array of spe-
cialized Database Management Systems (DBMSs) designed
for diverse workloads but also from the proliferation of
mutually incompatible SQL dialects. Such disparities hinder
migration and federation efforts, effectively binding users to
their initial DBMS regardless of potential shortcomings in
cost, performance, or specific functionalities. Facilitating SQL
translation between these diverse dialects would not only
simplify migrations but also enable the development of so-
phisticated federated systems that intelligently route workload
segments to the most efficient or cost-effective DBMS [1]-[5].
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SQL translation is a difficult task due to the inherent
complexity and subtle differences in syntax and semantics
among various SQL dialects. For example, as shown in Fig-
ure 1, translating a CREATE TRIGGER statement between
different DBMSs requires considering the distinct implemen-
tations across systems: MariaDB uses if-else statements
for conditionals, SQLite employs the WHEN clause together
with the UPDATE statement to achieve similar functionality,
and PostgreSQL necessitates the declaration of an additional
function to create a trigger. Although CREATE TRIGGERisa
common feature in most relational DBMSs, there remain sub-
stantial differences in the grammar across different systems.
A conventional solution involves translating queries across
DBMSs using rule-based tools such as the SQLGLOT parser.
These rule-based tools [3], [6] largely automate the translation
process; however, they do not always perform well, leaving
developers to manually convert segments of code that the tools
fail to handle. For instance, during the translation of the BIRD
benchmark [7] from SQLite to BigQuery, approximately 80%
of the queries encountered errors using the SQLGLOT parser.

In recent years, Large Language Models (LLMs) have
demonstrated potential in code generation and code translation.
Existing studies [1], [2], [8] show that models such as GPT-
4 [9] and Bard [10] possess impressive code-writing capabil-
ities, positioning them as promising candidates for tackling
SQL translation challenges. However, current evaluation prac-
tices for LLM-based SQL translation remain overly simplistic.
For example, MALLET [2] and SEDAR [8] assess success
based merely on whether the translated SQL statement from
a known benchmark (e.g., TPC-DS [11]—a decision-support
performance benchmark) executes without error in the target
DBMS. More recently, CRACKSQL [12] takes a step forward
by explicitly considering the consistency of query results
before and after translation. Nonetheless, execution-driven
evaluation still has two key limitations. First, it overlooks
both semantic equivalence and dependency integrity. Two
queries may produce slightly different outputs across DBMSs
(e.g., differences in date—time formatting between MySQL and
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Fig. 1: Translate the CREATE TRIGGER statement in different DBMSs.

-- PostgreSQL Schema and instances

-- MySQL Schema and instances
CREATE TABLE users (
id INT PRIMARY KEY,
username VARCHAR(50),
email VARCHAR(100),
created_at TIMESTAMP
):
INSERT INTO users (id, username, email, created_at) VALUES
(1, 'Alice, "alice@example.com', '2023-01-01 10:00:00),
(2, 'Bob', 'bob@example.com', '2023-01-02 11:00:00°),

{ Dialect Annotate
ce dbms": "MySQL",
Ibms": "PostgreSQL",
¢ query": "SELECT * FROM users LIMIT 103",
“target_query": "SELECT * FROM users FETCH FIRST 10 ROWS ONLY:",
s_equivalent": True,
}

Fig. 2: The annotations for SQL translation task.

PostgreSQL) yet convey the same intent, or a translated query
may yield the right answer on a test dataset while silently
breaking schema constraints, such as incorrectly translating
MySQL’s “AUTO_INCREMENT” into a plain integer with-
out PostgreSQL’s “SERIAL”, or omitting integrity rules like
“FOREIGN KEY” references and “UNIQUE” checks. In both
cases, execution-based evaluation such as CRACKSQL [12]
would fail to capture these semantic issues. Second, it over-
looks the breadth and variability of dialect-specific constructs
encountered in real-world SQL, leading to an incomplete
assessment of model capability.

To better reflect realistic SQL translation scenarios en-
countered in practical development, we propose a new task
formulation for the SQL translation problem in Section II.
Specifically, to overcome the first limitation, our formulation
introduces two additional constraints: semantic equivalence
and dependency integrity. These constraints ensure that the
translated query not only produces semantically equivalent
results as the source query but also preserves the logical
relationships among database objects, such as foreign key
dependencies.

To support this task and measure the SQL translation
capabilities of LLMs, we present DLBENCH, a comprehensive
SQL translation benchmark comprising 6,402 translation tasks,
supporting seven different DBMSs, and covering 9,320 SQL
dialects, as summarized in Table II. By spanning a broad range
of DBMSs and dialect-specific features, DLBENCH directly
addresses the second limitation, ensuring that evaluations
reflect not only execution feasibility but also the diversity and
variability of real-world SQL constructs. DLBENCH is the first
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innovative benchmark for SQL translation that reflects real-
world scenarios by translating statements from one dialect
DBMS to another. To make DLBENCH more suitable for
evaluation and training, we have meticulously annotated each
SQL translation task. As shown in Figure 2, given a database,
our corpus creates and annotates complex SQL translation
tasks, involving the translation of source queries in one SQL
dialect to target queries in another SQL dialect. For each task,
we annotate the position of the dialects and include external
knowledge, which helps the model understand dialect-specific
keywords and ensures accurate translation. Additionally, we
provide an equivalence label to guarantee that both the syntax
and semantics are preserved across dialects, with more detailed
information provided in Section II-B. Our annotations also
include relevant schema details and runtime environment spec-
ifications, outlining the logical structure of database objects,
such as tables, columns, indexes, functions, and constraints.
This comprehensive information ensures that the translated
SQL queries can be executed correctly in the target DBMS.

DLBENCH includes two datasets to evaluate the translation
capability of LLMs in different scenarios: the BIRDTRANS
dataset, which covers popular DBMSs and real-world database
query scenarios, and the BUTTERTRANS dataset, which spans
a broader spectrum of SQL types and encompasses extensive
DBMS dialect features. We construct our benchmark from two
primary sources: BIRDTRANS is generated by augmenting the
original BIRD text-to-SQL dataset, whereas BUTTERTRANS
is collected from popular DBMS test cases to cover a broader
range of dialect features. We begin by collecting high-quality
databases and SQL statements. Each statement then undergoes
a multi-step cleaning and filtering process, which includes
SQL92-based checks to verify the presence of dialect-specific
syntax, as well as dialect-specific parser validation to ensure
data quality. Finally, both LLM-based and human annotations
are applied to guarantee the correctness and completeness of
the data.

In addition to benchmark construction, we implement an au-
tomated translation—execution—evaluation pipeline and intro-
duce a novel evaluation framework that includes both content
matching-based and execution-based metrics. We introduce
a new Dialect Matching (DM) metric for assessing dialect-
specific constructs, and adapt Exact Matching (EM) and
Execution Accuracy (EX) from Text-to-SQL evaluation [13].
The content matching—based metrics DM and EM evaluate
structural and syntactic alignment of translated SQL with
the ground truth—focusing on dialect-specific features and



exact matches—while the execution-based metric EX verifies
correctness by comparing execution results of translated and
ground-truth statements on a database.

We conducted experimental evaluations of SQL translation
using DLBENCH with seven advanced LLMs: four general-
purpose models (one open-source and three closed-source) and
three code-specific models. The results show that the perfor-
mance of LLMs in SQL translation is far from satisfactory.
The best-performing language model, GPT-4o, only achieved
a score of 0.70 on the EX metric. Subsequently, we explored
two enhanced prompting strategies—few-shot prompting and
knowledge-augmented prompting—which led to modest im-
provements in performance. However, the model’s overall
effectiveness still falls short of the requirements for reliable
automatic SQL translation.

Our contributions can be summarized as follows:

o We introduce DLBENCH, the first comprehensive bench-
mark for evaluating the SQL translation capabilities
of LLMs, featuring over 6,402 translation tasks across
seven DBMSs and 9,320 SQL dialects. This benchmark
enables robust and realistic assessment of LLM perfor-
mance in practical SQL translation scenarios.

o Besides introducing DLBENCH, we also develop a sys-
tematic evaluation design including translation-execution-
evaluation pipeline and three progressive metrics. This
evaluation design provides a reference for future SQL
translation assessments.

o« We conduct extensive experiments that yield several
instructive findings. The results show that LLMs’ trans-
lation performance still falls well short of expectations.

e Our benchmark repository is publicly available at
https://dlbenchll.github.io/, providing a valuable resource
for future research on SQL translation tasks and enabling
further advancements in LLM-based SQL translation.

II. TASK DEFINITION

In this section, we define a SQL translation task that
addresses key limitations of prior work and more accurately
reflects real-world requirements. Unlike most existing ap-
proaches that consider a translation successful if it merely
executes without error on the target DBMS, our task for-
mulation evaluates models on both syntactic correctness and
semantic fidelity. This stricter definition ensures that models
can only succeed when they genuinely understand the seman-
tic meaning of dialect-specific features, rather than relying
on pattern matching or memorization. The SQL translation
task aims to convert a SQL statement from a source dialect
DBMS D; (e.g., MySQL) to a target dialect DBMS D; (e.g.,
PostgreSQL), while preserving both syntactic validity and
semantic equivalence. This task requires formal specification
of its input-output relationships and equivalence constraints,
as detailed below.

A. Input-Output Space

Let S denote the universal set of valid SQL statements,
partitioned into dialect-specific subsets S1,Sa, ..., Sy corre-
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sponding to k distinct SQL dialects in D = {D;, D5, ..., Di}.
The translation process operates within a database context
C = (3,7), where ¥ represents the database schema (tables,
columns, data types, and constraints) and Z denotes the
concrete dataset instance containing actual data rows.

The translation function 7 : S5 x Dy xC — S; maps a source
statement S € S; from dialect DBMS D; to a target statement
S; € §; in dialect DBMS D;, conditioned on the provided
database context. Here, S; and S; represent the source and
target dialect subspaces respectively.

B. Semantic Equivalence Constraints

A valid translation S; of a source statement S, under
the database context C (X,7) must satisfy three core
constraints. First, it must be syntactically valid in the target
dialect DBMS, as verified by a dialect-specific parser:

Parsable(S;, D) = T (1)

Second, the translated query must produce execution results
identical to the source query when applied to the database
context C:

Execute(Ss, C, Ds) = Execute(S;, C, Dy) 2)

where = denotes strict equality of result sets, including
preservation of row order and duplicates when explicitly
specified by the query. Although strict equivalence is required,
practical translators may allow datatype-driven relaxations
that preserve semantics while differing in representation. For
example, MySQL’s DATETIME is formatted as $Y-%m—-%d
$H:%M:%S (e.g. 2008-04-30 00:00:00), whereas Post-
greSQL’s TIMESTAMP uses %$Y-%m-%d $H:%M:%S.%f
(e.g. 2008-04-30 00:00:00.000000); since both de-
note the same instant, they are treated as approximately equiv-
alent. We annotate these cases with the SemanticEquivalent
annotation (see Section III).

Third, the translation must preserve all functional depen-
dencies and integrity constraints implied by the schema X:

3)

For instance, MySQL’s AUTO_INCREMENT columns should
map to PostgreSQL’s SERIAL type rather than generic integer
sequences. Including ¥ in the formalism captures SQL’s re-
liance on metadata—column types determine which functions
can be applied, and primary/foreign keys or check constraints
guide the optimizer’s execution plan. Including the instance
T accounts for data-dependent behaviors (for example, locale-
specific string comparisons or NULL handling).

III. DLBENCH

In this section, we introduce the construction of DLBENCH,
the benchmark meticulously designed to evaluate the transla-
tion capabilities of LLMs in SQL translation. Figure 3 illus-
trates the entire process involved in building our benchmark,
starting from the collection of databases and SQL statements
to the final SQL annotation and quality control steps. More
details will be introduced in the following subsections.

ConstraintsPreserved (X, S;) = T,
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Fig. 3: The annotation process of our DLBENCH benchmark.

A. Benchmark Construction

(1) Database and Statements Collection. The first step
in constructing DLBENCH is collecting high-quality databases
and SQL statements to prepare for subsequent SQL translation
tasks. We leverage two primary sources for this collection:
the popular Text-to-SQL benchmark BIRD and widely-used
DBMS test suites. BIRD [7] covers a variety of cross-domain
query scenarios, including diverse application domains such as
e-commerce, finance, and healthcare, and contains a significant
number of queries in the SQLite dialects. We also collect
popular DBMS test suites, including those for MySQL [14]
and PostgreSQL [15], which cover a wide range of SQL
dialects and encompass various key SQL features, such as
dialect-specific syntax and variations in Data Manipulation
Language (DML) statements, Data Control Language (DCL)
commands, and Transaction Control Language (TCL) oper-
ations. These sources provide a diverse collection of SQL
statements, ensuring that DLBENCH covers a broad spectrum
of real-world scenarios and dialects.

(2) Data Cleaning and Filtering. Once the SQL statements
are collected, they undergo a multi-step data cleaning and fil-
tering process. First, we filter out SQL statements that conform
to the SQL-92 standard to ensure that our SQL translation
task focuses on dialect-specific translation rather than fully
equivalent syntax. Specifically, we use an ANTLR parser
based on the ANSI Standard to parse the statements. If the
statements fail the parsing process, we retain them for further
analysis. Additionally, we check the syntax with a dialect-
specific parser and verify DBMS executability. It is worth
noting that although SQL-92 provides a common baseline,
standard-compliant queries may still behave differently across
DBMSs. To assess this risk, we conduct a sampling analysis
by selecting 100 SQL-92—compliant queries and testing them
across seven representative DBMSs (See Table I). All sampled
cases exhibit consistent behavior, and we therefore regard such
discrepancies as statistically insignificant. This ensures that we
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can efficiently filter out queries that are valid for the specific
DBMSs and can be executed properly. Finally, after these
filtering and verification steps, we obtain a refined set of SQL
statements that are ready for translation and annotation.

(3) Benchmark Construction. In this step, we utilize the
commercial model GPT-40-mini to assist in translating SQL
queries across DBMSs. We build an automated environment
in which GPT-40-mini receives the source and target di-
alect identifiers along with the necessary schema definitions,
generates the corresponding SQL for the target DBMS, and
automatically executes it. Finally, human experts review the
execution results to verify that the translated queries are
semantically equivalent to the originals. During the translation
process, we also record the database context in which each
query is executed, ensuring that the context of the translation
is preserved. Based on our trials, approximately 35% of the
statements were successfully translated using the model. In
addition to automatic translation, human experts are involved
to manually translate queries, ensuring the high accuracy
and reliability of the benchmark. For queries that were not
successfully translated, the experts manually translated them.
To ensure expert quality, we recruit trained domain specialists
with substantial experience in database development and SQL
dialects. Before participating in the main construction phase,
each expert completes a qualification task consisting of 20
SQL translation items sampled from known dialect transforma-
tions. Only experts who achieve at least 90% agreement with
the reference answers are included in the final pool. Finally,
we select three experts with over three years of database
development experience to review all translations.

Our translation process strictly adheres to the constraints
outlined in Section II-B. During the translation, we encoun-
tered cases where translation was not possible. A major reason
for this was the differing support for DBMS-specific features.
When the target DBMS does not support features present
in the original query, such as unsupported functions, the



SQL translation can result in an executable query failure. For
example, MariaDB provides certain geospatial functions that
are unavailable in other DBMSs. These issues, though rare,
must be accounted for during the translation process. After
the combined efforts of ChatGPT and human translators, we
successfully collected a total of 6,402 translation tasks, with
the entire process requiring 150 man-hours.

(4) SQL Annotation. In this step, three experienced experts
manually annotate SQL queries to capture key dialect-specific
features. Two primary annotators are selected based on their
extensive experience and familiarity with the SQL dialects
involved. These annotators are responsible for independently
labeling each translation instance, following a detailed guide-
line. In cases of disagreement, a third expert served as an ad-
judicator, reviewing both annotations and consulting relevant
documentation to determine the final label. This triadic setup
ensures both domain expertise and annotation consistency.
To evaluate annotation reliability, we measure inter-annotator
agreement using Cohen’s kappa, which accounts for agreement
due to chance. The overall kappa score between the two
primary annotators is 0.92, indicating a high level of con-
sistency and confidence in annotation quality. We label each
query with three annotations: semantic equivalent, dialect
location, and dialect knowledge. The semantic equivalent
label includes both approximate and exact equivalence, with
approximate equivalence referring to queries that produce
similar results, as discussed in Section II-B. For semantic
equivalence annotation, we do not rely solely on execution
results. Instead, experts analyze the semantics of queries
by referencing official SQL documentations and verifying
whether two queries express the same intent and yield consis-
tent behavior across DBMSs. Execution results are considered
supportive evidence but are not the sole basis for annotation.
As illustrated in Section II-B, even when execution outputs
differ in representation across DBMSs (e.g., differences in
date-time formatting between MySQL and PostgreSQL), such
cases are annotated as approximately equivalent since they pre-
serve the same underlying semantics. This explicit semantic
annotation ensures that equivalence is defined at the logical
level rather than being tied to a specific DBMS execution,
distinguishing our benchmark from existing ones [2], [12] that
judge equivalence primarily by execution behavior. The dialect
location annotation identifies specific dialect features, such as
unique keywords “LIMIT 10 in Figure 2, within the query.
In addition, we annotate each dialect feature with external
knowledge extracted from official SQL documentation to give
the model a comprehensive understanding of dialect-specific
behavior and functionality. For any gaps in the documentation,
we leverage GPT-40-mini to generate the missing information.
For example, we annotate MySQL’s dialect feature “NULLIF”
as follows:

Feature: NULLIF(exprl, expr2)

Explanation: The NULLIF function returns NULL
if exprl equals expr2. Otherwise, it returns the value
of exprl. This function is equivalent to the following

858

CASE expression: CASE WHEN exprl expr2
THEN NULL ELSE exprl END. The return value of
NULLIF has the same data type as the first argument
(exprl).

Example: mysqgl> SELECT NULLIF (1, 1);

These annotations ensure that the model fully understands
the context and behavior of each dialect feature, facilitating
more accurate translations between SQL dialects. The anno-
tation process took 150 man-hours to complete.

(5) Quality Control. Finally, we rigorously review each
translation task to ensure compliance with predefined quality
standards. Three domain experts conduct comprehensive val-
idation, verifying syntactic and semantic correctness through
dialect-specific parsers, ensuring result consistency between
source and translated SQL queries across DBMSs under
identical datasets, and confirming accurate handling of dialect-
specific features such as function replacements or syntax
adaptations. Identified discrepancies—including unsupported
functions, logic deviations, or syntax mismatches—are system-
atically resolved through re-translation or manual adjustments,
thereby ensuring the reliability and practical utility of the
benchmark.

B. Dataset Statistics

Selected DBMSs. DLBENCH comprises seven distinct
relational DBMS, as summarized in Table I. Our source
SQL statements are drawn from the SQLite dialects of the
BIRD benchmark [7] and the official MySQL [14] and
PostgreSQL [15] test suites. For translation targets, we choose
six widely used, large-scale open-source relational DBMSs:
MySQL, PostgreSQL, MariaDB, MonetDB, DuckDB, and
ClickHouse—as our translation targets. These systems were
selected because they (1) enjoy broad community adoption,
(2) adhere closely to standard SQL syntax while exhibiting
realistic dialectal variations, and (3) provide comprehensive,
publicly available SQL documentation.

TABLE I: Key characteristics of selected DBMSs

DBMS GitHub Stars DB-Engine First Release Role
MySQL 8.6K 2 1995 Both
PostgreSQL 16.1K 4 1989 Both
SQLite 6.5K 10 2000 Source
MariaDB 4.6K 15 2009 Target
MonetDB 375 135 2004 Target
DuckDB 23.6K 57 2018 Target
ClickHouse 37.2K 37 2016 Target

Statistics and Dialect Diversity. Table II presents the
statistics of two datasets included in DLBENCH: BIRDTRANS
and BUTTERTRANS. BIRDTRANS covers 3,206 translation
tasks across 4,669 dialect variants, while BUTTERTRANS
includes 3,196 tasks spanning over 4,651 dialect features.
Each dataset supports translation to six popular DBMSs, with
varying average token lengths and statement lengths. We
also followed the SQL standardization ISO/IEC 9075 [16] to
classify statements in BUTTERTRANS dataset. As shown in
Figure 4, DQL dominates, followed by DDL and DML. Other



TABLE II: Dataset Specifications

’ Target Task Dialect Avg. Avg.
Dataset Source DBMS DBMS Numbers  Numbers Tokens Length
iy MySQL, PostgreSQL,
BIRDTRANS Te’glﬁ’DS%Ibfﬁgset MariaDB, MonetDB, 3,206 4,669 8117 23697
DuckDB, ClickHouse
. MySQL, PostgreSQL,
BUTTERTRANS f&puslaQrLDgllXIls)oTs‘:S;ess‘af; MariaDB, MonetDB, 3,196 4,651 2838 66.22
Y € DuckDB, ClickHouse
For each SQL translation task n = 1,..., N, let Y™ be the
b b
3000 . . . . >,
2619 o g:::g:;“ﬂ[f::i‘;ggiage groundtruth t.ranslatlon in the target dialect and Y™ be the
2500 DML: Data Manipulation Language model’s predicted translation. Then, we define
DCL: Data Control Language
2000 TCL: Transaction Control Language .
ML: Miscellaneous Language th = (I)(Yn) = {g (S g | g appears 1n Yn} (6)
1500 N LA
rea =P(Y") ={g€G|gappearsin Y}  (7)
1000
00 400 Then compute for each task n:
- 104 48 0 25
0 —— — — mn n
DQL DDL DML DCL TCL ML TP, = ’Gpred N th} (®)
Fig. 4: Distribution of SQL statement types across individual _
g ; ‘ Q yp FP, = }Ggred \ th| ©
translation tasks in BUTTERTRANS dataset.
FN,, = |G \ Ghred (10)

categories such as DCL, TCL, and miscellaneous types appear
less frequently but remain essential for comprehensive dialect
coverage. This distribution reflects the syntactic and semantic
diversity of DLBENCH, presenting substantial challenges for
LLM-based SQL translation.

IV. EVALUATION METRICS

This section presents metrics for evaluating SQL translation
quality, covering both content matching-based and execution-
based criteria. We propose a new Dialect Matching (DM)
metric to measure translation of dialect-specific constructs, and
adapt the Exact Matching (EM) and Execution Accuracy (EX)
metrics as originally defined for Text-to-SQL evaluation [13].
We will release the official evaluation script along with our
corpus so that the research community can share the same
evaluation platform.

A. Content Matching-based Metrics

Dialect Matching (DM) evaluates the performance of the
SQL translation system by measuring how many dialect-
specific features are successfully translated from the source
dialect to the target dialect. Let

(s Us)

J#i

=

g “)

i=1

be the set of all constructs that occur in exactly one dialect
subset S;. For any SQL statement s, define its dialect feature
set as

®(s) ={g e G|g appears in s}. ®)
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Aggregating over all NV tasks yields the precision and recall:

Yooy TP,

Ppy = ; (11)
Yooy (TP, + FP,)
N
_, TP,
Rpm = Nzn_l ) (12)
Yoy (TP, +FN,,)
and the final F; score:
2 Ppm Rpm
F = -\ 13
LM = o R (13)

This metric thus captures how accurately the model translates
dialect-specific constructs from the source dialect into their
correct counterparts in the target dialect.

Exact Matching (EM) measures the percentage of ex-
amples where the predicted SQL statement is identical to
the ground truth SQL statement [13]. A predicted SQL is
considered correct only if all tokens match exactly with the
ground truth statement.

B. Execution-based Metrics

Execution Accuracy (EX) measures the proportion of
examples in the evaluation set for which the executed results
of both the predicted and ground-truth SQL statements are
identical, relative to the total number of statements. Let V,
denote the result set executed by the n-th ground-truth SQL
Y., and Vn the result set executed by the predicted SQL Yn.
The EX metric is defined as:

1 -

n=1

where }(-) is an indicator function, defined as:



V=V

0, V£V ()

Execution consistency varies depending on the type of
SQL statement. For SELECT queries, execution consistency
is evaluated by comparing the result sets of the translated
queries and ground-truth queries, focusing on row order and
duplicates, where specified. For non-query statements such
as INSERT, UPDATE, and DELETE, execution consistency is
evaluated by comparing the number of affected rows between
the translated statements and the ground-truth.

V. EXPERIMENTAL SETUP

We aim to answer the following key research questions
(RQs) that explore the utility of DLBENCH for evaluating
diverse LLMs for SQL translation tasks:

1) RQ1 (Effectiveness of LLMs in SQL Translation): How
do the recent advanced general and code LLMs perform in
SQL translation?

2) RQ2 (Effectiveness of Enhanced Prompt): How do
enhanced prompts affect the performance of recent LLMs
in SQL translation?

3) RQ3 (Error Analysis): What are the main types of errors
that occur in SQL translation?

A. Models

The studied LLMs are listed in Table III. We eval-
uate  DLBENCH using four state-of-the-art open-source
LLMs (SQLCoder [17], codellama [18], deepseek-coder [19],
deepseek [20]) and three close-source models (GPT-3.5-
turbo [21] ,GPT-40 [22] and Gemini-2.5-flash [23]). Notably,
we select these models for their strong performance on SQL-
related tasks: each has been fine-tuned or pre-trained for cross-
dialect SQL generation, endowing them with advanced SQL
reasoning capabilities. Among them, Gemini-2.5-flash is not
limited to prompt-based inference but also supports tool-using
functionalities such as automatically consulting documenta-
tion, database schemas, reference implementations, or dialect-
specific resources. Our primary test subject is GPT-3.5-turbo.

TABLE III: Studied Large Language Models

Base Model Model Size
StarCoder [24] SQLCoder-7B [17] 7B
CodeLlama [18]  CodeLlama-7B-Instruct [18] B
Deepseek [20] Deepseek-Coder-6.7B-Instruct [19] 6.7B
Deepseek [20] DeepSeek-R1-Distill-Llama-8B [20] 8B

GPT-3.5-turbo [21]
GPT-4o [22]
Gemini-2.5-flash [23]

B. Prompting Strategies

We assess LLMs on our SQL translation benchmark using
prompt-based evaluations. Figure 5 shows the prompt template
used for our evaluation. Following the design of Pan et al. [25],
we craft an Initial Prompt template composed of four compo-
nents: (1) System Message (2) Task Description (3) Schema
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You are an expert SQL translation assistant. System messages

Please translate the following SQL statement from
{source_dbms} to {target dbms} , ensuring that the
resulting query is functionally equivalent to the original.
{source_query}

Task Descriptions

{source_query} schema and sample data:
{source_schema_and_data}

Schema Information

You may refer to these dialect rules and tips to guide your
translation:
{External Knowledge}

External Dialect
Knowledge

Knowledge

Promptin,

[SQL]

[Answer]

Few-shot Demonstration

Few-shot Prompting

Output only the translated SQL. Do not add any
extra commentary.

Output Constrains

Fig. 5: The prompt template for our evaluation.

Information and (4) Output Constraints. Under RQ1, we assess
model performance using the Initial Prompt alone. For RQ2,
we further investigate two enhanced prompting techniques:
few-shot prompting and knowledge-augmented prompting.

o Few-shot Prompting (FS): The technique of few-shot

prompting is widely used in both practical applications
and well-designed research, which has been proven effi-
cient for eliciting better performance of LLMs [26]. In the
few-shot setting, we provide the model with 3 translating
examples within the prompt, aiming to improve model
performance through limited task-specific examples. To
ensure task consistency, these examples are randomly
selected from the same translation direction (e.g., MySQL
to PostgreSQL).
Knowledge-augmented Prompting (KA): Knowledge-
augmented prompting is widely used in code tasks to
infuse models with domain-specific information [27].
In this setup, we augment prompts with our labeled
SQL dialect knowledge to test whether extra task-specific
information improves SQL translation accuracy.

C. Experimental Environment

We perform our experiments on a workstation an §-core
“11th Gen Intel(R) Core(TM) i7-11700@2.50GHz” processor,
64GB of memory, and NVIDIA RTX A6000 with 48GB
of VRAM running Ubuntu 22.04.1 LTS. For open-source
LLMs, we deploy a local API server based on vLLM [28]
which is a unified library for LLM serving and inference.
All models are not quantized and we use their original
precisions. Model temperature can control the randomness in
the generated results of models [29]. Specifically, we follow
Gu et al. [30] and set the temperature to 0.8. To mitigate
evaluation randomness, we repeat each experiment five times
under the same configuration. Following the self-consistency
strategy [31], we select the answer with the highest consistency
across these runs, which helps reduce the impact of output
randomness. For the rest of the parameters, we use the default
settings in VLLM, to ensure a fair comparison.
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VI. RESULTS AND ANALYSIS

A. Effectiveness of LLMs in SQL Translation

The overall performance of the studied LLMs on DLBENCH
is shown in Figure 6. From the model perspective, GPT-40
achieves the highest overall performance, with DM = 0.52,
EM = 0.28, and EX = 0.70. Gemini-2.5-flash follows closely,
reaching DM = 0.53, EM = 0.32, and EX = 0.67. This
superiority can be attributed to its larger parameter scale and
the diversity of its pre-training corpus. Among the code-
specialized models, Deepseek-Coder leads with EX = 0.37,
whereas SQLCoder performs worst across DM, EM, and EX.
From the metrics perspective, EM remains uniformly low
across all models, indicating that EM is overly sensitive to
syntactic details and often fails to recognize semantically
equivalent queries expressed differently. The gap between DM
and EX varies across models: Deepseek-Coder actually sur-
passes its DM in EX (0.37 vs. 0.27), demonstrating its ability
to generate executable variants that diverge from strict dialect
patterns and reflect a diversity of valid dialect mappings. In
contrast, Deepseek-R1 shows a larger drop (A = 0.11) and
CodeLlama a smaller one (A = 0.01), revealing that even
when dialect recognition succeeds, semantic usage can still
fail. Figure 9(b) illustrates such an example, where the model
applies the “ROW” function correctly but overlooks the required
type conversion.

Finding 1: Among all evaluated LLMs, GPT-40 achieves
the highest translation performance. Furthermore, DM
and EX serve as more informative indicators of SQL
translation quality than EM.

Table IV and Table V detail the evaluation results of
each model on different datasets (BIRDTRANS and BUT-
TERTRANS) and various target DBMSs. From the dataset
perspective, most models achieve a moderate improvement in
EX on BUTTERTRANS; for instance, GPT-3.5-turbo’s EX on
MySQL increases from 62.71% on BIRDTRANS to 76.47%
on BUTTERTRANS. This gap highlights the models’ greater
challenges in processing deeply nested, lengthy SQL queries in
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BIRDTRANS, as opposed to the more diverse yet concise state-
ments encountered in BUTTERTRANS. From the target DBMS
perspective, MySQL, PostgreSQL, MariaDB and DuckDB
consistently yield the highest EX scores, while MonetDB
and ClickHouse remain the most challenging. For example,
on BUTTERTRANS, GPT-3.5-turbo achieves an EX score of
76.47% when translating to MySQL, but only 48.28% when
translating to MonetDB. Similarly, GPT-40 drops from 53.45%
EX on PostgreSQL to 42.84% on ClickHouse, and Gemini-
2.5-flash decreases from 97.22% on MariaDB to 48.65%
on MonetDB, confirming the consistent difficulty of these
DBMSs across different models. These variations underscore
differences in dialect support across DBMS platforms.

Finding 2: Models generalize better to shorter, varied-
dialect queries than to long, complex real-world SQL,
and DBMS-specific features drive significant performance
differences, with MySQL/PostgreSQL/MariaDB/DuckDB
easiest and MonetDB/ClickHouse hardest.

B. Effectiveness of Enhanced Prompt

In RQ2, we investigate two prompting strategies, FS and
KA, to evaluate their impact on SQL translation performance.
Due to space constraints, we only show the impact of GPT-
3.5-turbo on EX metric. Similar observations hold for other
LLMs and can be found in our released artifact.

As shown in Figure 7, both FS and KA prompting strategies
improve the SQL translation performance. Specifically, on the
BIRDTRANS dataset, the improvement is particularly pro-
nounced for DuckDB and ClickHouse. In these two systems,
KA demonstrates a clear advantage, achieving significantly
higher EX scores compared to both IP and FS. Compared
to IP, KA improves EX by 15% on DuckDB and 22% on
ClickHouse; compared to FS, the improvements are 5% and
5%, respectively. The only exception is PostgreSQL in the
BIRDTRANS dataset, where KA causes a slight performance
drop. A possible reason is that the model already possesses
a strong understanding of the basic PostgreSQL dialect, and
the addition of external knowledge or longer context may
introduce interference rather than benefits. However, this phe-
nomenon is not observed in the more complex dialects of the
BUTTERTRANS dataset, where KA consistently demonstrates
clear advantages. Under the BUTTERTRANS dataset, KA again
leads to consistent EX gains across all target DBMSs. Com-
pared to IP, KA improves EX by 8% on MySQL, 7% on
PostgreSQL, 14% on MariaDB, 10% on MonetDB, 9% on
DuckDB, and 17% on ClickHouse; relative to FS, the gains
are 14%, 7%, 10%, 7%, 8%, and 15%, respectively. These
results demonstrate that knowledge augmentation effectively
enhances translation accuracy.

Finding 3: Both enhanced prompting strategies improve
translation performance to varying degrees, with the
knowledge-augmented prompting (KA) showing greater
potential overall.




~=IP (Initial) <+~FS (Few-shot) KA (Knowledge-augmented)

MySQL

80%

ClickHouse
PostgreSQL

PostgreSQL

ClickHouse =

DuckDB " MariaDB DuckDB MariaDB

MonetDB MonetDB

(a) (b)
Fig. 7: Execution Accuracy (EX) of GPT-3.5-turbo under dif-
ferent prompting strategies: (a) Performance on BIRDTRANS
dataset, (b) Performance on BUTTERTRANS dataset.

C. Error Analysis

To gain a comprehensive understanding of SQL translation
errors, we conduct a fine-grained analysis on 300 randomly
sampled examples, and systematically categorize the observed
errors following the principles of open coding [32] to uncover
recurring patterns and underlying causes. Although not de-
termined through formal statistical power analysis, the sample
size aligns with conventions in prior studies on code tasks (e.g.
SPIDER2.0 [33], UNITRANS [34]). This sample size allowed
us to identify stable and recurring error patterns across models.
Figure 8 illustrates the classification results. The errors are
grouped into four major categories: E1 (Syntax Errors), E2
(Semantic Errors), E3 (Logic Errors), and E4 (Others). Limited
by the space, we provide only three representative examples
in Figure 9.

El. Syntax Errors (46%) are typically caught during
parsing. We identify five common subtypes: Keyword Error,
where reserved keywords are used incorrectly; Function Syn-
tax Error, involving incorrect function formats (Figure 9(a) il-
lustrates this case, where the misuse of a non-existent function
resulted in a syntax error); Statement Structure Error, such as
improper clause ordering; Identifier Quoting Difference, where
mismatched quotation conventions lead to invalid identifiers;
and Data Type Error, where unsupported data types are used.
These errors indicate that LLMs may lack precise dialect-
specific syntax awareness, especially when dealing with re-
served keywords and varying quoting conventions.

E2. Semantic Errors (15%) occur when the generated
query is syntactically valid but produces incorrect semantics
in the context of the target DBMS. We observe two key
subtypes: Schema Error, which arises from incorrect assump-
tions about table or column names, and Type Incompatibility,
where incompatible data types are used in expressions or joins
(Figure 9(b) illustrates this case, where PostgreSQL does not
support comparisons between numeric values and non-numeric
strings, resulting in a runtime error). Such errors suggest that
LLMs struggle with aligning the input SQL’s schema context
to the target dialect’s data definitions, often due to hallucinated
or misinterpreted metadata.

E3. Logic Errors (28 %) represent mistakes in query intent
or execution logic, where the structure is acceptable, but the
behavior diverges from the original query’s semantics. These
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= Format Error

= Not an Error
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Fig. 8:

Taxonomy and statistics of errors.

include Missing Dialect, where dialect-specific features are
omitted (Figure 9(c) illustrates this case, in which the required
ClickHouse engine specification was dropped); Function Mis-
use, where an incorrect function is invoked; Missing Extension,
when required extensions are assumed available; and Data
Type Mapping Error, where incompatible or incorrect type
conversions lead to invalid behavior. These errors highlight
LLMs’ limitations in modeling nuanced dialect-specific behav-
iors and implicit assumptions, revealing a gap in understanding
execution-time dependencies across dialects.

EA4. Others (11%) include a variety of miscellaneous errors
that do not fit neatly into the previous categories. These errors
often involve malformed query fragments caused by incom-
plete generation, the use of unsupported or hallucinated SQL
constructs, and other unpredictable failures. Although less
frequent, such issues highlight robustness limitations in prompt
formulation, decoding stability, or model generalization.

Finding 4: Syntax Errors and Logic Errors are Top-
2 dominating error types, accounting for 74% of SQL
translation failures.

VII. DISCUSSION

LLM- VS. Non-LLM-Based SQL Translation. In this sec-
tion, we compare the effectiveness of LLM-based and non-
LLM-based SQL translation techniques to underscore the
potential of LLMs in this domain. Non-LLM-based techniques
follow a rule-based pipeline: a SQL parser first produces an
abstract syntax tree (AST), then handcrafted transformation
rules map dialect-specific constructs to their equivalents (e.g.,
replacing MySQL’s keyword “DATETIME” with PostgreSQL’s
“TIMESTAMP”). While offering high control and consis-
tency, it struggles with complex queries, database-specific
behaviors, and requires high maintenance costs. Specifically,
we compare two state-of-the-art traditional rule-based SQL
translation methods, namely JOOQ [3] and SQLGLOT [6], to
highlight our contribution to SQL translation. We evaluate on



TABLE IV: Evaluation results of each model for SQL translation on BIRDTRANS dataset
Models SQLite — MySQL SQLite — PostgreSQL SQLite — MariaDB SQLite — MonetDB SQLite — DuckDB SQLite — ClickHouse
DM EM EX DM EM EX DM EM EX DM EM EX DM EM EX DM EM EX
Code Large Language Models
SC 14.71% 0.64% 19.96% 13.00% 0.12% 11.34% 13.71% 1.65% 18.70% 13.23% 0.20% 7.46% 16.28% 0.00% 20.64% 10.41% 0.43% 16.08%
CL 30.57% 15.78% 33.98% 26.39% 0.21% 18.90% 29.16% 12.19% 29.59% 14.01% 0.00% 14.26% 27.29% 1.53% 15.98% 19.09% 4.57% 34.56%
DSC 30.14% 15.78% 44.60% 27.13% 0.63% 41.17% 29.02% 11.06% 40.97% 20.68% 0.25% 20.56% 19.14% 0.69% 49.65% 20.25% 5.20% 41.95%
General Large Language Models
DSR1 28.33% 4.64% 35.10% 28.24% 0.42% 6.30% 28.89% 2.43% 18.04% 17.09% 0.66% 4.14% 28.32% 0.00% 9.97% 1641% 1.09% 11.96%
GPT35T 48.63% 29.79% 62.71% 44.17% 1.20% 57.56% 43.25% 18.37% 61.80% 4149% 0.66% 27.12% 43.81% 8.76% [60.53% 39.24% 17.83% 52.61%
GPT-40  26.18% 24.15% |81.32% 45.69% 4.83% |84.03% 22.59% 9.92% |85.20% 38.80% 1.99% [18.77% 43.74% 1.16% |871.94% 34.56% 16.30% | 85.22%
Gemini  36.56% 18.18% |81.82% 37.89% 3.03% 60.61% 56.25% 27.27% 12.73% 37.21% 3.03% 54.55% 35.42% 0.00%  76.47% 37.25% 8.82% |85.29%

Abbreviations: SC = SQLCoder;

CL = CodeLlama; DSC = Deepseek-Coder; DSR1 = Deepseek-R1; GPT35T = GPT-3.5-turbo; Gemini = Gemini-2.5-flash.

TABLE V: Evaluation results of each model for SQL translation on BUTTERTRANS dataset

Many — MySQL Many — PostgreSQL

Many — MariaDB

Many — MonetDB Many — DuckDB Many — ClickHouse

Models
DM EM EX DM EM EX DM EM EX DM EM EX DM EM EX DM EM EX
Code Large Language Models
SC 11.17% 0.12% 18.40% 15.70% 2.70% 13.94% 14.12% 5.12% 21.57% 11.20% 121% 10.46% 15.80% 2.80% 24.09% 11.20% 2.20% 18.46%
CL 15.58% 3529% 47.05% 22.59% 5.05% 1539% 25.81% 7.49% 22.76% 22.40% 0.57% 0.95% 22.49% 2.57% 8.95% 18.80% 3.57% 16.61%
DSC 29.63% 23.52% 35.29% 34.56% 6.79% 33.49% 35.26% 2190% 46.10% 28.02% 4.58% 8.78% 30.01% 8.19% 23.21% 19.12% 6.21% 20.34%
General Large Language Models
DSRI 14.92% 11.76% 35.29% 24.82% 6.16% 16.58% 59.01% 32.42% 48.84% 50.17% 15.83% 20.99% 4421% 15.93% 2291% 19.83% 5.12% 13.35%
GPT35T 3243% 17.64% 1647% 60.42% 13.39% 59.71% 65.99% 15.57% 14.38% 70.95% 26.71% 48.28% 68.30% 14.52% 60.54% 44.58% 6.52% 46.46%
GPT-40  26.67% 46.06% 47.05% 66.37% 34.80% 53.45% 82.71% 62.52% 86.41% 68.52% 49.91% 48.58% 75.86% 55.27% 50.15% 56.87% 22.80% 42.84%
Gemini  27.27% 57.80% 55.82% 61.39% 35.14% 64.86% 94.89% 88.89% 97.22% 72.00% 51.35% 48.65% 65.08% 58.33% 47.22% 53.33% 35.14% 48.65%

Abbreviations: SC = SQLCoder;

(a) El.Function Syntax Error ~ Target DBMS:ClickHouse

SELECT COUNT(DISTINCT Tl.patient) FROM patients AS T1
INNER JOIN immunizations AS T2 ON T1.patient = T2.PATIENT
WHERE Tl1.race = 'black' AND T2.DESCRIPTION = 'DTaP' AND
strftime('%Y', T2.DATE) = 2013;

DB::Exception: Function with name “strftime” does not exist.

(b) E2. Type Incompatibility Target DBMS:PostgreSQL

SELECT 1 FROM t1 WHERE ROW(a, b) >= ROW('l',
(SELECT 1 FROM t1 WHERE a > '1234abc"));
ERROR: invalid input syntax for type integer: "1234abc"

(c¢) E3.Missing Dialect Target DBMS:ClickHouse

CREATE TABLE t1 (a DECIMAL(I, 0), b
DECIMAL(1, 0)) ;

Missing Dialect “ENGINE=MergeTree”!

Fig. 9: Representative examples of LLM translation failures.

DLBENCH using the above two non-LLM baselines and GPT-
3.5-turbo. DBMSs unsupported by the rule-based methods are
excluded, and EX is used as the evaluation metric.

TABLE VI: Execution Accuracy of LLM- vs. Non-LLM-
Based Techniques on DLBENCH

Technique BIRDTRANS BUTTERTRANS
JOOQ 15.4% 18.2%
SQLGlot 8.2% 5.2%
GPT-3.5-turbo 54.9% 62.6%
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CL = CodeLlama; DSC = Deepseek-Coder; DSR1 = Deepseek-R1; GPT35T = GPT-3.5-turbo; Gemini = Gemini-2.5-flash.

As shown in Table VI, non-LLM-based approaches per-
form poorly on both datasets. JOOQ achieves only 15.4%
EX on BIRDTRANS and 18.2% on BUTTERTRANS, while
SQLGLOT fails to generalize effectively, scoring as low as
8.2% and 5.2%, respectively. These results indicate that hand-
crafted rule-based systems struggle to handle the diverse and
complex SQL dialects featured in DLBENCH, especially when
encountering dialect-specific syntax and semantic nuances
not covered by predefined rules. In contrast, GPT-3.5-turbo
demonstrates significantly higher performance, highlighting
the advantage of LLMs in SQL translation tasks.
Implications. Although LLM-based SQL translation meth-
ods surpass traditional approaches, there remains room for
improvement. We recommend that researchers leverage DL-
BENCH for targeted evaluation and fine-tuning, and construct
richer dialect-specific datasets to improve robustness. For
practitioners, our findings reveal that larger models and the
integration of external knowledge (e.g., dialect documenta-
tion) consistently enhance translation quality, and retrieval-
augmented generation (RAG) is a practical strategy for de-
ployment. Finally, our error analysis highlights diverse risks
even in state-of-the-art LLMs, providing clear guidance for
advancing both research and practice in SQL translation.
Long-term Significance of DLBENCH. A natural concern
is whether the benchmark will remain challenging as LLMs
continue to advance. Although our latest results show no-
table progress—for example, GPT-40 achieves 70% EX—SQL
translation remains far from solved. The initial 35% success
rate of GPT-40-mini in automatic translations and the con-
tinued reliance on human annotation underscore the inher-



ent difficulty of the task. To ensure long-term applicability,
DLBENCH is designed with extensibility in mind: it can
readily incorporate new dialect phenomena, more complex
queries, and additional DBMSs as they emerge. Moreover, we
constructed a dialect feature knowledge base by crawling fea-
tures from seven major DBMSs, enabling experts to focus on
validating dialect-specific conversions rather than performing
full manual annotation, thereby reducing effort and supporting
future expansion.

Threats to Validity. Threats to external validity concern
whether our results can be generalized to other experimental
settings. Key factors include the multi-dialect DBMSs, LLMs,
and benchmark sources. In terms of database selection, we
evaluate three source DBMSs and six popular target DBMSs,
and results may differ for other DBMSs. However, since
the selected DBMSs are among the most widely used, our
benchmark and findings remain crucial for evaluating LLM
performance in SQL translation tasks. Furthermore, we plan to
apply the method proposed in this paper to additional DBMSs
in the future to extend both our benchmark and findings.
Due to resource constraints, we limit our evaluation to four
open-source LLMs (6.7-8 B parameters) and three close-
source LL.Ms, thereby covering a broad spectrum of model
complexity and capability. In terms of datasets, we gather our
datasets from various sources, including Text-to-SQL datasets
and DBMS test suites, which exhibit different characteristics
and reflect real-world project scenarios.

Threats to internal validity primarily include issues with
benchmark construction and the insufficient coverage of evalu-
ation metrics. In terms of benchmark construction, the quality
and level of detail in the natural language descriptions of
the automatic translation process may affect the translation
results generated by the LLM. Human translations may also
be influenced by subjective factors. To mitigate this threat,
we conducted a final review to ensure that the constructed
benchmark adheres to predefined quality standards. The lim-
itations of the evaluation metrics are especially evident for
certain query types, where the metrics might not fully capture
the functional correctness or performance of translations. In
the future, we plan to incorporate additional metrics such as
execution time comparisons, logical consistency checks, and
performance benchmarking to provide a more comprehensive
assessment.

VIII. RELATED WORK AND EXISTING DATASET

Text-to-SQL Systems and Benchmarks. Large language
models have recently achieved strong results on Text-to-SQL
tasks, using in-context learning techniques—such as chain-
of-thought [35], [36], question decomposition [35]-[37], and
self-reflection [35]-[38]—and supervised fine-tuning methods
exemplified by CodeS [39] and SQL-PalLM [40]. Evaluation
typically relies on manually crafted benchmarks like SPI-
DER [13] and metrics such as Exact Matching Accuracy and
Execution Accuracy. However, these benchmarks mostly focus
on a single dialect (e.g., SQLite), leaving cross-dialect trans-
lation unexamined. To fill this gap, we propose a benchmark
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for automatic evaluation of SQL translation across multiple
dialects, reflecting real-world usage and exposing dialect-
specific failure modes [1].

Code Translation and Benchmarks. Code transla-
tion is essential for cross-language migration, and recent
LLMs—such as Deepseek [20], StarCoder [24], and GPT-
4 [9]—have achieved strong results through prompt engi-
neering and fine-tuning. Benchmarks like CoST [41], XL-
Cost [42], CodeXGLUE [43], TransCoder-test [44], and G-
TransEval [45] assess translation quality using metrics such
as Success@k and Build@k. In contrast, SQL translation
across dialects is more challenging due to diverse syntax
and semantics. Existing benchmarks focus on programming
languages, limiting comprehensive evaluation of LLMs on
SQL tasks. Moreover, pretraining corpora often lack dialectal
variety, underscoring the need for dedicated SQL translation
benchmarks and datasets.

Code-related Benchmarks Construction. Recent LLMs ex-
hibit remarkable capabilities in software development [29] and
are evaluated using diverse code-related benchmarks spanning
code generation [46]-[52], defect detection [53]-[57], program
repair [58]-[62], and code summarization [63]-[67]. Our work
differs from these benchmarks by targeting the SQL translation
task with a purpose-built benchmark. We adopt the same five-
phase construction process—Design, Construction, Evaluation,
Analysis, and Release—and follow the HOW2BENCH prin-
ciples of reliability, validity, open access, and reproducibility
[68] to ensure high standards and foster a reliable, transpar-
ent benchmarking environment. Consequently, we introduce
a SQL translation benchmark, DLBENCH, that adheres to
this methodology while addressing the unique syntactic and
semantic challenges of cross-dialect translation.

IX. CONCLUSION

In this paper, we presented DLBENCH, the first comprehen-
sive benchmark for evaluating the SQL translation capabilities
of LLMs. DLBENCH comprises 6,402 translation tasks across
seven popular DBMSs and 9,320 SQL dialects, and includes
both content-matching and execution-based evaluation metrics
to measure structural, syntactic, and semantic fidelity. We
conducted experiments on seven advanced LLMs of diverse
architectures and sizes and the results show that DLBENCH
effectively distinguishes their performance profiles, highlight-
ing strengths on common constructs and exposing limitations
when handling complex, dialect-specific features.
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