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ABSTRACT PVLDB Artifact Availability:

Natural Language to SQL (NL2SQL) technology empowers non-
expert users to query relational databases without requiring SQL
expertise. While large language models (LLMs) have greatly im-
proved NL2SQL algorithms, their rapid development outpaces sys-
tematic evaluation, leaving a critical gap in understanding their
effectiveness, efficiency, and limitations. To this end, we present
NL2SQLBench, the first modular evaluation and benchmarking frame-
work for LLM-enabled NL2SQL approaches. Specifically, we dis-
sect NL2SQL systems into three core modules: Schema Selection,
Candidate Generation, and Query Revision. For each module, we
comprehensively review existing strategies and propose novel fine-
grained metrics that systematically quantify module-level effec-
tiveness and efficiency. We further implement these metrics in a
flexible multi-agent framework, allowing configurable benchmark-
ing across diverse NL2SQL approaches. Leveraging NL2SQLBench,
we rigorously evaluate ten representative open-source methods on
two datasets, the BIRD development set and the ScienceBenchmark
development set, using two LLMs, DeepSeek-V3 and GPT-40 mini.
We systematically assess each approach across the three core mod-
ules and evaluate multiple critical performance dimensions. Our
evaluation reveals significant gaps in existing NL2SQL methods,
highlighting not only substantial room for accuracy improvements
but also the significant computational inefficiency, which severely
hampers real-world adoption. Furthermore, our analysis identifies
critical shortcomings in current benchmark datasets and evaluation
rules, emphasizing issues such as inaccurate gold SQL annotations
and limitations in existing evaluation rules. By synthesizing these
detailed insights into a unified, transparent, and reproducible bench-
marking, our study not only establishes a clear reference point for
fair comparison across approaches but also serves as essential guid-
ance for future targeted innovation in NL2SQL technology, thus
advancing the practical deployment and real-world applicability of
NL2SQL technologies.

PVLDB Reference Format:

Shizheng Hou, Wengi Pei, Nuo Chen, Quang-Trung Ta, Peng Lu, and Beng
Chin Ooi. NL2SQLBench: A Modular Benchmarking Framework for
LLM-Enabled NL2SQL Solutions. PVLDB, 19(5): 1001 - 1015, 2026.
doi:10.14778/3796195.3796211

“Corresponding author.

This work is licensed under the Creative Commons BY-NC-ND 4.0 International
License. Visit https://creativecommons.org/licenses/by-nc-nd/4.0/ to view a copy of
this license. For any use beyond those covered by this license, obtain permission by
emailing info@vldb.org. Copyright is held by the owner/author(s). Publication rights

1001

The source code, data, and/or other artifacts have been made available at
https://github.com/HOU-SZ/NL2SQLBench.

1 INTRODUCTION

Natural Language to SQL (NL2SQL) is a pivotal technology that
empowers non-expert users to query relational databases using nat-
ural language (NL) questions, without requiring any SQL expertise.
This technology holds significant value as it democratizes access
to data, empowering users to engage with complex database sys-
tems and supporting diverse applications across various business
domains [32, 39, 55, 58, 65, 69, 74]. Concurrently, as noted by Liu
et al. [34], the provision of NL2SQL solutions has shifted from a
conceptual idea to an essential strategy among database vendors.
Consequently, the question of how to effectively implement such
solutions has become an actively discussed topic [1, 12].

Recent advancements in Large Language Models (LLMs) [20,
42, 77] have introduced a transformative paradigm for NL2SQL
tasks, offering new opportunities for enhanced performance and
adaptability. Numerous LLM-based approaches [2, 3, 10, 11, 14,
15, 21, 27, 29, 31, 36-38, 47, 49, 51, 53, 54, 60, 72, 76] have been
proposed, establishing themselves as the most prominent solutions
in the NL2SQL landscape.

As articulated by Liu et al. [34], these systems typically consist
of three core modules: (1) Schema Selection: select the most relevant
tables and columns from the databases; (2) Candidate Generation:
generate candidate SQL queries based on the NL queries; (3) Query
Revision: refine the candidate SQL queries to generate the final SQL
queries. These modules form the fundamental structure of most
modern NL2SQL systems, as depicted in the top half of Figure 1.

The primary evaluation metrics currently employed in existing
NL2SQL benchmarks [22, 28, 71], typically employ three metrics,
namely Exact Match (EM), Execution Accuracy (EX), and Valid Ef-
ficiency Score (VES) that only concern the overall correctness and
execution efficiency of the finally generated SQL. However, such
metrics do not assess the effectiveness and efficiency of each indi-
vidual core module, hindering deeper insights into where improve-
ments are needed most urgently.

Furthermore, although an increasing number of solutions con-
tinue to shine on NL2SQL leaderboards [22, 28, 71], the compu-
tational costs and latency incurred by LLMs remain overlooked.
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Figure 1: Overview of LLM-enabled NL2SQL approaches and
our benchmarking framework.

Additionally, variability in evaluation settings across studies compli-
cates fair comparisons between different strategies for each module.
There is no unified framework to perform a holistic comparison of
the individual modules under the same experimental setting.

Therefore, the rapid development of LLM-based NL2SQL meth-
ods has outpaced systematic evaluation, leaving a critical gap in
understanding their effectiveness and efficiency. These limitations
highlight two urgent and interconnected research questions: (1)
How can we systematically measure the effectiveness and efficiency
of individual NL2SQL modules?, and (2) How can we establish a
consistent, reproducible framework to evaluate these modules across
different methods fairly? Answering these questions is crucial for
understanding the performance of techniques used in each module,
which ultimately guides the development of more accurate and
efficient NL2SQL algorithms.

Our work. To tackle these challenges, we present NL2SQLBench,
the first modularized benchmarking framework specifically de-
signed for systematic evaluation of the core modules Schema Se-
lection, Candidate Generation, and Query Revision of LLM-enabled
NL2SQL solutions. We first review comprehensively different tech-
niques implemented in each module by existing NL2SQL systems.
To facilitate the modularized evaluation, we propose new evalua-
tion metrics for each module, enabling a holistic assessment of the
effectiveness and efficiency of these techniques. Then, we develop a
flexible, multi-agent benchmarking framework consisting of three
agents: Result Collecting, Result Postprocessing, and Benchmarking
agent. These agents are designed to be modular and configurable,
allowing compatibility with diverse NL2SQL approaches.

We apply our framework to evaluate ten representative and open-
sourced LLM-based NL2SQL approaches from the BIRD leader-
board' [28], using two datasets, the BIRD [28] and the ScienceBench-
mark [75] datasets, and two LLMs, DeepSeek-V3 [8] and GPT-40
mini [46]. Then, we conduct a comprehensive analysis of their per-
formance. Our comprehensive benchmarking analysis reveals that
apart from the large room for improving accuracy at the modu-
lar level, computational efficiency is another obstacle to industrial
adoption. Furthermore, our findings highlight previously under-
appreciated challenges regarding benchmark dataset quality and
evaluation rules, areas that warrant immediate attention. Beyond

!https://bird-bench.github.io/
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just identifying these challenges, we further synthesize our insights
into a series of practical guides and usability analyses (e.g., Sec. 4.2.4,
4.7), offering actionable guidance for developers to navigate the
accuracy-efficiency trade-offs in real-world system development.

Contributions. We summarize our contributions as follows.
We comprehensively review the three core modules of LLM-
enabled NL2SQL solutions, namely Schema Selection, Candi-
date Generation, and Query Revision, on their details, represen-
tative implementations.
We propose a set of new, fine-grained evaluation metrics specif-
ically tailored for systematically assessing the effectiveness
and efficiency of each individual module. Unlike existing over-
all metrics, our proposed metrics enable precise, detailed anal-
yses of performance across multiple dimensions.
We develop NL2SQLBench, the first modular, multi-agent bench-
marking framework for evaluating core modules. Our frame-
work comprises three seamlessly integrated agents—Result
Collecting, Result Postprocessing, Benchmarking—each designed
with flexibility in mind, ensuring broad applicability across
diverse NL2SQL methods.
Leveraging NL2SQLBench, we comprehensively benchmark
ten representative open-source NL2SQL approaches from the
BIRD leaderboard. Our evaluation reveals substantial room for
improvement in both accuracy and computational efficiency,
warranting further study and providing valuable insights for
researchers aiming to advance NL2SQL methodologies.
Our in-depth analysis uncovers previously unnoticed yet crit-
ical limitations in the quality of existing datasets and evalu-
ation rules. Our findings strongly advocate for the creation
of more robust, reliable, and flexible benchmark datasets and
evaluation methods in future research.
We distill the benchmarking results into practical guides and
usability analyses, providing concrete recommendations and a
systematic workflow to help practitioners effectively diagnose
bottlenecks, navigate design trade-offs, and iteratively improve
NL2SQL systems.

NL2SQLBench has been developed as a part of NeurDB [45, 78]
for supporting friendly and yet effective query interface to the
Al-powered autonomous data system.

2 COMPREHENSIVE REVIEW OF
LLM-ENABLED NL2SQL SOLUTIONS

2.1 NL2SQL Task Formulation

An NL2SQL task involves translating a natural language query
into a corresponding SQL statement that can be executed on a
relational database. Specifically, given a natural language query Q
on a database D, the task is aimed to produce a SQL statement S
based on Q and D. Formally, the task can be defined as: S = f (Q, D).

Most LLM-enabled NL2SQL approaches follow a three-stage
architecture comprising three core modules: Schema Selection, Can-
didate Generation, and Query Revision, which correspond to the
three phrases pre-processing, query generation, and post-processing
[34, 57], as depicted in Figure 1. Since these three modules all lever-
age LLMs to perform their functionalities, they need to consider
various aspects such as how to design proper prompts, select few-
shot examples, and decide the context length to feed into the LLMs.



In the following, we comprehensively review how these modules
are implemented in existing systems.

2.2 Schema Selection Module

Leveraging LLMs to generate SQL queries from an NL question
requires constructing a prompt that incorporates the question, data-
base schema, and task-specific instructions. However, the limited
context window of LLMs poses challenges in accommodating large
schemas [12, 32]. Furthermore, lengthy prompts increase cost and
degrade performance [33]. Hence, the Schema Selection module,
which is also known as schema linking [3, 4, 17, 23, 26, 34, 49, 61],
is implemented by many solutions to extract the most relevant ta-
bles and columns. We describe representative strategies employed
in existing works below and summarize them in Table 1.

Table 1: Classification of Schema Selection strategies.

Few-shot Multi-Stage Preliminary

Approach CoT  Pruning SQL

C3-SQL [10]
DIN-SQL [49]
MAC-SQL [60]
CHESS g 55,06 [59]
TA-SQL [53]
OpenSearch-SQL [67]
RSL-SQL [4]
PET-SQL [31]

GSR [16]

RN N N NN N
™ X X N X N X XN
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Few-Shot Chain-of-Thought (CoT). This strategy utilizes the
few-shot in-context learning [9, 30] capabilities of LLMs supple-
mented by CoT prompting [6, 64] to identify relevant tables and
columns for NL queries, enabling LLMs to generalize without ex-
tensive task-specific training. For instance, MAC-SQL [60] and
DIN-SQL [49] select demonstrations that map NL queries to target
schemas. By guiding the LLM through a step-by-step process, the
CoT method helps the model better interpret the NL query and
effectively select relevant tables and columns.

Multi-Stage Schema Pruning. This strategy progressively nar-
rows the database schema in multiple steps to ensure that only the
necessary schemas are considered. For instance, CHESS (g ss cG) [59]
leverages locality-sensitive hashing and vector retrieval to effi-
ciently identify relevant database values and catalogs, followed by
a three-stage pruning process: broadly columns filtering, followed
by selecting the most relevant table, and finally picking necessary
columns. OpenSearch-SQL [67] employs a similar way: informa-
tion retrieval and column filtering - but chooses to recall relevant
schema by leveraging both LLMs and vector retrieval.

Preliminary-SQL Enhanced. Instead of explicitly instructing
LLMs on schema selection, this method begins by prompting the
LLMs to generate a preliminary SQL query based on the natural
language query. Once such a query is generated, relevant schema
elements, such as tables, columns, and relationships, are extracted
from it. TA-SQL [53] is a notable example of employing this strategy.
It first generates a dummy SQL query and then extracts schema
entities. PET-SQL [31] and GSR [16] also adopt similar methods.
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Hybrid Approaches. Multiple strategies can be combined in a
hybrid approach to improve their effectiveness. For example, RSL-
SQL [4] combines zero-shot schema filtering and a preliminary
SQL-based method, thus achieving a bidirectional schema linking
design. CHESS (i ss cc) [59] also employs a hybrid approach that
combines few-shot CoT and schema pruning.

Horizontal Comparison. Few-shot CoT has low overhead and
adapts quickly, but is sensitive to exemplar coverage and phrasing.
Multi-stage pruning performs well and is robust under ambiguity,
but it is very token-intensive and increases latency. Preliminary-
SQL is token-efficient and precise when the draft is reliable but
degrades with draft errors or drift.

2.3 Candidate Generation Module

The Candidate Generation module is tasked with converting NL
queries into candidate SQL statements. This module directly inter-
prets user intent and produces the corresponding SQL queries that
align with the structure and constraints of the database schema.
We describe the representative strategies for this module as follows
and present the classification of existing works in Table 2.

Few-Shot CoT. By explicitly incorporating intermediate reason-
ing steps in few-shot NL2SQL generation examples, few-shot CoT
methods help LLMs process and solve complex logical processes
in NL2SQL. For example, DIN-SQL [49] employs human-designed
CoT frameworks for different types of NL questions.

Query Classification. This strategy classifies NL queries into
different classes according to their complexity and uses different
prompts for each class. DIN-SQL [49] is a representative example
that employs a classification strategy to generate SQL candidates.

Query Decomposition. The decomposition-based strategy ex-
tends the CoT approach by decomposing a problem into smaller,
manageable components [68]. The decomposer agent introduced by
MAC-SQL [60] breaks the query into a series of intermediate steps,
such as sub-questions, and generates corresponding sub-queries
for each step before generating the final SQL.

Intermediate Representation. To bridge the gap between NL
and SQL queries, intermediate representations (IRs) [13, 17, 26],
such as Pandas-like or SQL-like codes, have been introduced to fa-
cilitate the generation of SQL queries. TA-SQL [53] employs Pandas-
like code as an IR, DIN-SQL adopts the IR from NatSQL [13], while
OpenSearch-SQL invents an SQL-like language to encourage LLMs
to focus more on logic before generating final SQL queries.

Multiple Candidate Generation. Some recent works choose
to increase LLM calls or sampling numbers and generate multiple
candidates before selecting the final answers among them. This
strategy has been implemented in studies such as C3-SQL [10],
CHESS [59], MCS-SQL [21] and OpenSearch-SQL [67].

Hybrid Approaches. Many works mentioned above also adopt
multiple strategies to enhance performance.

Horizontal Comparison. Few-shot prompting is efficient but
brittle to template and phrasing shift. Query classification improves
alignment at modest cost but risks misrouting. Decomposition in-
creases controllability and traceability but adds steps and propa-
gates errors. Intermediate representations stabilize structure and
reduce surface variance but may under-express rare constructs and



add translation burden. Multi-candidate generation broadens cov-
erage and hedges uncertainty but raises computation and depends
on reliable selection.

Table 2: Classification of Candidate Generation strategies.

A h Few-shot Classifi Decom Inter Multi
pproac CoT  cation position Represent Candidate
C3-SQL [10] X X X X v
DIN-SQL [49] v v X NatSQL X
MAC-SQL [60] v X 4 X X
CHESS(psscq) [59]  Zero-Shot X X X X
CHESS(rccut) [59] Zero-Shot X X X v
TA-SQL [53] X X X Pandas-Like X
OpenSearch-SQL [67] v X X SQL-Like v
RSL-SQL [4] Zero-Shot X X X v
E-SQL [3] v X X X X
PET-SQL [31] v X X X v

2.4 Query Revision Module

This module refines candidate SQL queries to produce the final
query. Its tasks involve correcting SQL syntax errors, refining the
query based on execution results, and selecting the best query from
the multiple candidates generated. We survey the representative
strategies as follows and summarize the classification of existing
works based on these strategies in Table 3.

LLM-Based. Similar to Self-Refine [40], generally, the process
begins by presenting the candidate SQL query to LLMs alongside
the original natural language query. In a zero-shot setting, the
model is explicitly instructed to review the SQL query for potential
issues, such as syntax errors, semantic misalignments, or missing
components, and produce a corrected SQL query. DIN-SQL [49]
employs this strategy effectively by integrating a self-correction
module within its pipeline.

Execution-Guided. This strategy leverages the execution re-
sults of candidate SQL queries as a critical feedback mechanism
to improve the accuracy. This process can be iterative, allowing
multiple execution rounds, feedback analysis, and refinement un-
til predefined termination conditions. MAC-SQL [60] employs a
dedicated Refiner Agent that automates the error detection and
correction process. Similarly, CHESS [59] starts with an initial draft
query and executes it to gather feedback. The execution results, in-
cluding error messages or outputs, are provided to the LLM, which
adjusts and refines the SQL query accordingly.

Consistency-Based. Following the principle of self-consistency
[62], this strategy generates multiple SQL queries through diverse
reasoning paths, evaluates their execution results, and selects the
most consistent query as the final output. C3-SQL [10] incorporates
a Consistency Output module, where multiple SQL queries are
executed and filtered, and a voting mechanism is applied to the
execution results to identify the most consistent query. CHESS [59]
selects the most consistent SQL query from three samples.

Unit-Test-Based. This strategy first generates multiple unit tests
to highlight the differences between the candidate queries. Then, it
selects the best query based on the evaluation results of the unit
tests. To the best of our knowledge, CHESS(g cq.ur) is the first
approach that introduces this novel strategy.
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Question Rewriting. This strategy aims to better guide LLMs in
revising and constructing SQL queries by enriching or rewriting the
natural language questions. For example, E-SQL [3] enriches the
questions by incorporating relevant database items, candidate pred-
icates, and SQL generation steps. DART-SQL [41] utilizes database
content to clarify and disambiguate questions through rewriting.

Ranking and Selection. Given multiple candidate queries, this
strategy ranks the candidate queries based on some criteria and
then selects the top-1 query from the query pool. A representative
approach employing this method is CHASE-SQL [48], which fine-
tunes a model specialized for ranking and selecting queries.

Hybrid Approaches. Similar to the Candidate Generation mod-
ule, many works combine multiple of the above strategies to achieve
better results. We present the detailed classification in Table 3.

Horizontal Comparison. Self-refine is lightweight but prone to
superficial edits and regressions. Execution-guided repair addresses
syntax and missing objects but adds iterations and cannot resolve
silent semantic mismatches. Consistency-based selection reduces
randomness and outliers but consumes sampling budget and may
amplify shared biases. Unit-test-based checks deliver strong disam-
biguation but require specification effort and are sensitive to test
quality. Question rewriting clarifies constraints and schema cues
but can introduce bias or leakage. Ranking and selection consolidate
decisions but may misrank under shift and add scoring overhead.

Table 3: Classification of Query Revision strategies.

LLM Execution Consistency Unit Rank Question

Approach Based Guided Based  Test Select Rewrite
C3-SQL [10] X Single-Turn v X X X
DIN-SQL [49] v X X X X X
MAC-SQL [60] X Upto3 X X X X
CHESS(IR,SS‘CG) [59] X Single-Turn v X X X
CHESS(r cquT) [59] X Single-Turn X v X X
OpenSearch-SQL [67] X  Single-Turn v X X X
RSL-SQL [4] X Uptos X X v X
E-SQL [3] X v X X X 4
DART-SQL [41] X v X X X 4
GSR [16] X v X X X X
PET-SQL [31] X Single-Turn v X X X
CHASE-SQL [48] X v X X v X

3 NL2SQLBENCH: BENCHMARKING AND
EVALUATION FRAMEWORK

We now introduce NL2SQLBench, our modular benchmarking and
evaluation framework for LLM-enabled NL2SQL approaches. We
first propose fine-grained evaluation metrics tailored to each mod-
ule, then present our multi-agent benchmarking framework for
NL2SQL approaches, thus facilitating a comprehensive experimen-
tal analysis and providing deeper insights into their effectiveness,
efficiency, and potential areas for improvement.

3.1 Evaluation Metrics

We propose a set of metrics for each module, enabling a modularized
and fine-grained evaluation of NL2SQL systems. By isolating the
performance of individual modules, we facilitate a more nuanced
understanding of their effectiveness and efficiency.



3.1.1  Metrics for Schema Selection. To evaluate the effectiveness of
the Schema Selection module, we propose three metrics: Precision,
Recall, and Fi-score, for both table and column retrieval. These
metrics provide a standardized way of assessing the module’s ability
to select relevant schema elements while minimizing irrelevant
selections. Let R represent the set of relevant schema elements, and
S represent the set of elements selected by the system. We define:

Precision: P = |[Rn S| /|9 (1)
Recall :R = |RnS|/|R| 2)
Fl-score:F; =2-PxR/(P+R) (3)

Precision measures the proportion of relevant elements retrieved,
while Recall assesses the system’s ability to identify all relevant
schema elements. A high F1-score reflects a balance between both.
These metrics are calculated separately at the table and column
levels to evaluate schema selection performance.

3.1.2  Metrics for Candidate Generation. Evaluating the effective-
ness of this module is critical, as its output directly influences down-
stream processes such as query revision. Existing benchmarking,
such as Spider [71] and BIRD [28], proposed the Execution Accuracy
(EX) metric as the proportion of examples for which the executed
results of both the predicted and ground-truth SQLs are identical,
relative to the overall number of test cases.

To provide a comprehensive evaluation, we propose more fine-
grained metrics: Correct Rate (CR)?, Incorrect Rate (IR), and Error
Rate (ER), to evaluate a generated SQL query by assessing whether
it produces (1) a Correct query (a correct result), (2) an Incorrect
query (an incorrect result without runtime execution errors), or (3)
an Error query (a runtime execution error), respectively.

Let C be the set of correct SQL queries, I be the set of Incorrect
queries that execute without runtime errors, E be the set of queries
that produce execution errors, and Q be the total number of queries
generated. We define:

Correct Rate : CR = |C|/|Q| (4)
Incorrect Rate : IR = [I| /|Q| (5)
Error Rate : ER = |E| /|Q| (6)

These metrics satisfy CUIUE = Q and C, I, E are pairwise
disjoint, ensuring that each generated query falls into exactly one
category and that CR + IR + ER = 1.

For SQL queries producing runtime execution errors, we classify
them into the most common categories based on error messages and
failure types such as no such table/column, no such function, syntax
error, timeout, and other error types. This fine-grained categorization
provides additional diagnostic insights into error analysis.

Furthermore, we adopt Pass@k for approaches producing multi-
ple candidate queries, similar to CHESS [59]. Specifically, Pass@k
measures the rate of producing at least one correct SQL query
among k SQL queries produced per NL question. Formally,

1 N
Pass@k = — ZH[H]‘Sk : Correct(qi,j) = 1] (7)
N A

where the parameters are defined as follows.
e N: Total number of NL queries.

“The Correct Rate is equivalent to the Execution Accuracy used by Spider and BIRD.
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e k: Number of candidate SQL queries produced per NL query.

e gij: The j™® candidate query generated for the i"™ NL query.

e Correct(-): Boolean function that returns 1 if a candidate query

yields the correct execution result, and 0 otherwise.

e I(-): Indicator function: 1 if the argument is true, 0 otherwise.
This metric is mainly to measure the upper limit of the achievable
accuracy when producing multiple candidates, thus providing im-
portant references for evaluating the Candidate Generation module
and the Query Revision module.

3.1.3  Metrics for Query Revision. To comprehensively evaluate the
Query Revision module, we use the same primary metrics as for
Candidate Generation—Correct Rate, Incorrect Rate, and Error Rate,
with detailed error categorization. Additionally, we introduce new
metrics—Correctness Improvement Rate (CI), Incorrect-to-Correct
Rate (12C), Error-to-Correct Rate (E2C), Correct-to-Incorrect Rate
(C2I), and Correct-to-Error Rate (C2E)—to specifically measure this
module’s ability to enhance query quality and resolve errors with-
out introducing regressions.

Let CRpre and CRpost denote the Correct Rates before and after
Query Revision. Similarly, let Cpre and Cpost represent the Correct
query sets, Ipre and Ipost represent the Incorrect query sets, and Epre
and Epost represent the Error query sets before and after Query
Revision, respectively. Then, we define:

CI = (CRpost — CRpre) / CRpre 8)

12C = [pre N Cpost| / [Tpre| ©)
E2C = [Epre N Cpost| / [Epre| (10)
C28 = [Cpre N Ipost| / [Cpre] (11)
C2E = |Cpre N Epost| / |Cpre (12)

Among the new metrics, CI, 12C, and E2C capture improvements
in query quality, while C2I and C2E identify potential regressions.
Together with the primary metrics from the Candidate Generation
module, these measures enable a comprehensive assessment of the
module’s strengths and weaknesses.

3.1.4  Efficiency Metrics. Although an increasing number of novel
solutions have achieved impressive performance on NL2SQL leader-
boards, most overlook computational cost and latency, which are
critical for real-world deployment [34]. This oversight significantly
limits their deployment in real-world environments with strict
constraints on resources, budgets, and real-time responsiveness.
To bridge this critical gap, we propose explicitly measuring the
efficiency of individual NL2SQL modules using two metrics: #Tokens
(the total number of tokens for prompts and completions) and #LLM
Calls (the number of LLM invocations)’. By systematically quanti-
fying these metrics, our framework enables a detailed evaluation
of computational overhead, fostering the development of NL2SQL
solutions that are practically viable for widespread adoption.

3.2 Multi-Agent Benchmarking Framework

To facilitate the benchmarking, we develop a multi-agent bench-
marking framework, as shown in the bottom half of Figure 1, com-
prising three specialized agents:

3For the methods utilizing self-consistency on n outputs, we compute #Tokens and
#LLM Calls by invoking the language model n times



Result Collecting Agent. This agent collects the results required for
evaluation metrics from each module. It gathers selected schemas,
candidate SQL queries, and refined SQL queries from the Schema
Selection, Candidate Generation, and Query Revision modules, re-
spectively. It also collects LLM usage statistics, such as token costs
and the number of LLM calls. All the collected information is con-
solidated into structured JSON files. We provide an example of the
collected JSON format in Appendix A.1 of our extended paper [19].

Postprocessing Agent. This agent transforms raw outputs from
upstream modules into a standardized format for benchmarking.
Its main functions include extracting gold schema from gold SQL
queries as a reference for schema selection accuracy, executing both
candidate and refined SQL to compare results with gold SQL for cor-
rectness and error identification, and serializing evaluation outputs
into structured JSON files for further analysis. Additionally, the
agent compiles performance statistics, reporting total executions,
success and failure counts, and per-question summaries.

Benchmarking Agent. Utilizing the processed datasets, this agent
performs a comprehensive and modular evaluation of each module.
Specifically, it leverages the previously defined evaluation metrics to
compute quantitative performance indicators for each module. For
each module, the agent aggregates relevant statistics and analyzes
these metrics across varying difficulty levels of questions, enabling
a granular assessment. The resulting evaluations are recorded in
a structured format, providing detailed performance breakdowns
that support comparative analysis across different strategies.

NL2SQLBench is designed for broad adaptability across NL2SQL
systems, LLMs, and evaluation datasets. The Result Postprocess-
ing and Benchmarking agents function identically for all NL2SQL
methods, requiring no method-specific changes. Only the Result
Collecting agent adapts to each system, extracting and standardizing
intermediate outputs with minimal wrapper code and configura-
tion. NL2SQLBench allows users to switch LLMs or datasets via
simple configuration without architectural modifications. Future
updates will introduce an Orchestration agent to automate the eval-
uation workflow, enabling reproducible, end-to-end benchmarking
of NL2SQL pipelines with minimal scripting effort.

4 EXPERIMENTS AND EVALUATION

We now present a comprehensive, modularized benchmarking of
existing NL2SQL solutions, focusing on their three core modules, us-
ing our evaluation metrics and NL2SQLBench framework to system-
atically and thoroughly analyze their effectiveness and efficiency.

4.1 Experiment Settings

Datasets. To ensure a rigorous and comprehensive evaluation of
NL2SQL approaches, we utilize the BIRD dataset [28], a large-scale
and cross-domain dataset specifically designed to assess the capa-
bilities of NL2SQL systems across diverse and complex scenarios,
and the ScienceBenchmark dataset [75], which contains three real-
world, highly domain-specific databases®.

Evaluated Approaches. We choose a list of representative and
open-sourced approaches® from the BIRD leaderboard: C3-SQL [10],

4The evaluation is conducted on the dev Set of BIRD and ScienceBenchmark, containing
1534 and 299 test cases respectively.
>Due to computational budget, we do not evaluate fine-tuned or RL-trained models.
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DIN-SQL [49], MAC-SQL [60], TA-SQL [53], CHESS (g ss.cc) [59],
CHESSr cG,uT) [59], E-SQL [3], RSL-SQL [4], OpenSearch-SQL [67]
and GSR [16]. These approaches cover diverse strategies for the
three core modules mentioned previously.

Language Models. To ensure a fair and consistent comparison
across all approaches while minimizing the experimental costs, we
utilize DeepSeek-V3 [8] and GPT-40-mini [46] as the unified LLMs
for all evaluations®. For model-related hyperparameters such as
temperature, maximum tokens, and prompts, we retain the original
configurations used by each evaluated method to ensure objectivity
in evaluation. For the approaches that require models for embedding
and retrieval, we choose the model bge-large-en-v1.5 [66].

4.2 Results for Schema Selection Module

Table 4: Analysis results of Schema Selection on BIRD using
DeepSeek-V3. The best results are in bold and underlined
while the second-best results are underlined.

Table Selection Column Selection Efficiency

Approach Precis-|Recall|F1-score|Precis-|Recall|[F1-score| #Tok- [#LLM
ion (%)| (%) (%) |ion (%)| (%) (%) ens | calls

C3-SQL 50.03 | 98.80 | 64.63 | 27.88 |95.03| 41.76 | 15886 | 20
DIN-SQL 93.27 [95.47| 93.41 | 89.10 |88.76 | 88.01 | 7360 | 1
MAC-SQL 32.74 (99.84| 46.70 | 15.84 |98.70| 26.12 | 3179 | 1
CHESSgrssca) |94.50 |95.85| 94.35 |89.78 88.00| 87.66 |307894|78.56
TA-SQL 93.66 |95.73 | 93.77 | 82.46 |90.77| 84.89 | 4249 | 1
RSL-SQL 88.53 [97.09| 91.21 | 55.03 |93.01| 63.37 | 5790 1
OpenSearch-SQL| 32.80 | 99.62| 46.72 | 16.97 [97.35| 27.49 | 6698 | 3

4.2.1 Overall performance. Table 4 reports the overall results of
the schema selection module on the BIRD with DeepSeek-V3. The
results of the remaining three settings are deferred to Appendix
A.2 in our extended paper [19]. Across all four settings, we observe
highly consistent rankings.

Table selection. As shown in Table 4, CHESS g ss cg) and TA-
SQL achieved the top two F1 scores, followed closely by DIN-SQL
and RSL-SQL. This pattern largely persists when swapping the
LLM and switching to ScienceBenchmark, with minor shifts. These
consistent outcomes show the effectiveness of their Multi-Stage
Schema Pruning (as in CHESS (g ss c)) and Preliminary-SQL En-
hanced strategies (as in TA-SQL). Few-Shot CoT (DIN-SQL) also
delivers strong, often third-best F1, suggesting that lightweight
reasoning with carefully curated exemplars can narrow the gap to
heavier multi-stage pipelines.

Column selection. On BIRD, DIN-SQL leads the column-level
F1, with CHESS and TA-SQL close behind; On ScienceBenchmark,
leadership alternates among CHESS and TA-SQL, with DIN-SQL re-
maining competitive. Compared to BIRD, ScienceBenchmark tends
to depress column-selection precision, leading to lower column-F1
across systems. We conjecture this stems from the fact that the
schema complexity of ScienceBenchmark datasets is higher than
BIRD. Indeed, methods such as MAC-SQL and OPENSEARCH-SQL
often attain very high recall at both table and column levels but
suffer from low precision.

We use the DeepSeek-V3-0324 Release version.



Insight 1: Multi-Stage Schema Pruning, Pre-SQL Enhanced strate-
gies, and Few-Shot CoT reasoning are consistently effective for both
table and column selection. However, their gains depend on careful
implementation details. The predominant issue is over-selection, espe-
cially on complex schemas (ScienceBenchmark). This suggests adding
precision-oriented controls to curtail long tails of spurious columns.

Insight 2: Relative rankings are stable across LLMs and datasets,
with only mild re-ordering at the top. This robustness indicates the
observed advantages stem from algorithmic choices rather than op-
portunistic synergy with a particular LLM or dataset.

4.2.2  Cost efficiency and performance on large-scale databases.
Across settings, we observe a cost-quality frontier. CHESSir s5,cc)
attains top table/column selection but incurs substantial token cost
and LLM calls pose significant barriers to deployment, where la-
tency and cost matter. By contrast, TA-SQL and DIN-SQL deliver
near-top F1 with a single call and low tokens, offering a favorable
accuracy—efficiency trade-off.

These trends persist on ScienceBenchmark, which better approx-
imates real-world schema density than academic suites such as
Spider [71] and BIRD [28]. On ScienceBenchmark we consistently
see lower column-selection precision and stronger over-selection
pressure. From a scalability standpoint, schema selection cost of-
ten grows with the number of tables/columns included in prompts
or retrieval stages. This underscores the need for future research
into lightweight pruning strategies that maintain accuracy while
minimizing computational overhead.

Insight 3: Multi-stage pipelines (e.g., CHESS) yield the highest
accuracy but at high token/call budgets; single-call pre-SQL/CoT ap-
proaches (e.g., TA-SQL, DIN-SQL) provide the strongest production-
ready trade-off. ScienceBenchmark stresses these dynamics with denser
schemas, revealing precision-cost trade-off as a crucial concern for
maintaining accuracy under strict cost/latency constraints.
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Figure 2: Execution accuracy using different schemas.

4.2.3  Influence of schema selection on overall performance. To as-
sess the influence of accurate schema selection on the overall perfor-
mance, we conducted experiments comparing execution accuracies
using model-selected schemas versus gold schemas on some ap-
proaches’ using BIRD dev set and Deepseek-V3. Figure 2 presents
the execution accuracies for each approach under both conditions.
The results indicate that the use of gold schemas significantly en-
hances execution accuracy across all evaluated approaches. Specifi-
cally, for C3-SQL, the execution accuracy increased from 37.94% to

"Due to budget limitations, we only chose C3-SQL, DIN-SQL, CHESS, and TA-SQL.
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Table 5: Results of Candidate Generation on BIRD dev
with two LLMs. The best results inside each block are
bold+underlined, the second-best are underlined. We use
pass@1 for methods producing multiple candidates.

DeepSeek-V3 GPT-40-mini
Approach CR IR ER CR IR ER
@ B @ #Tok. #Calls @ ) @ #Tok. #Calls

C3-SQL 38.14 50.07 11.80| 11786 20 |35.66 51.83 12.52| 1353 20
DIN-SQL 59.58 35.52 4.89 | 6680 2 |56.65 34.49 8.87| 6523 2
MAC-SQL 58.74 33.83 7.43 | 2829 1 [52.74 35.92 11.34| 3031 1
CHESS(R 5,cG) |59.78 33.12 7.11 | 1017 1 |[53.42 4103 5.54| 934 1
CHESS(R cG,UT)| 62.91 33.12 3.98 234394 20 |55.08 32.01 12.91|228177 20
TA-SQL 59.71 34.42 587 | 2592 2 |53.06 33.57 13.36| 2427 2
GSR 57.37 37.09 5.48 | 3846 2 [52.67 40.29 7.04| 2006 2
E-SQL 57.50 35.07 7.43 13118 1 |58.02 32.07 9.91 | 13031 1
RSL-SQL 59.00 33.38 7.62 | 11370 5 |55.54 35.01 9.45| 2219 5
OpenSearch-SQL [66.10 30.83 3.06 |100095 21 |[56.52 35.33 8.15| 8984 21

45.63%, a significant improvement of 20.27% relatively. TA-SQL’s
execution accuracy improved from 59.71% to 69.10%, the highest
increase among all approaches, with a gain of 15.73%. This obser-
vation confirms the critical role of accurate schema selection - the
provision of the correct schemas to the subsequent modules elimi-
nates errors arising from incorrect schema information, which is
aligned with the observation of [12, 60]. While some recent stud-
ies [3, 38] suggest that schema selection is unnecessary with today’s
strongest LLMs, we contend it remains indispensable for robust
NL2SQL systems. Not only are cutting-edge models often inacces-
sible under strict compute or budget constraints, but feeding entire
enterprise schemas—potentially comprising thousands of tables
and columns—can exceed model context windows, increase token
costs, and ultimately degrade output quality[33].

Insight 4: Accurate schema selection is critical in improving execu-
tion accuracy and preventing error propagation, and remains essential
for robust real-world deployment due to practical constraints.

4.2.4  Practical guide. Our analysis reveals that over-selection is
prevalent, while Multi-Stage Schema Pruning achieves superior
accuracy, it incurs substantial computational costs that may hinder
real-world deployment. To address this trade-off, we recommend
implementing a filter-and-refine pipeline that balances effective-
ness and efficiency. In the first stage, employ lightweight retrieval
methods to broadly filter irrelevant schemas, prioritizing high recall
to minimize the risk of excluding relevant schemas. In the second
stage, leverage LLMs with carefully designed prompts to perform
precision-oriented refinement on the reduced schema space, focus-
ing on eliminating irrelevant elements. Please refer to Appendix
A5 of the extended paper [19] for more details.

For resource-constrained environments, Preliminary-SQL En-
hanced and Few-shot CoT strategies are favored, which leverage
the inherent generation capabilities of LLMs without multiple calls,
offering a practical balance between accuracy and efficiency.

4.3 Results for Candidate Generation Module

4.3.1 Overall performance. We evaluate pass@1 for comparabil-
ity. Table 5 and Table 6 show that, unlike schema selection, can-
didate generation is highly sensitive to both the dataset and the
LLM—rankings shift, and there is no universal winner.



Table 6: Results of Candidate Generation on ScienceBench-
mark. The best results are bold+underlined and the second-
best are underlined. We report pass@1 for methods producing
multiple candidates.

DeepSeek-V3 GPT-40-mini
Approach CR IR ER CR IR ER
@ @ @ #Tok. #Calls @ @ @ #Tok. #Calls

C3-SQL 54.18 42.81 3.01 | 12110 20 |[50.84 42.81 6.35| 1350 20
DIN-SQL 52.84 44.82 2.34| 6149 2 42.81 48.49 8.70 | 5932 2
MAC-SQL 47.16 42.81 10.03| 3514 1 |44.15 41.81 14.05| 3734 1
CHESS(psscG) |37.92 5537 671| 978 1 |53.42 41.03 554| 934 1
CHESS(IR,CG,UT) 54.85 39.46 5.69 |259569 20 |[40.80 46.82 12.37|247969 20
TA-SQL 59.53 38.46 2.01| 2712 2 |50.17 43.81 6.02 | 2523 2
GSR 40.47 47.49 12.04| 824 2 40.47 52.17 7.36 | 766 2
E-SQL 54.52 40.47 5.02 | 6542 1 |38.80 45.82 15.38| 12736 1
RSL-SQL 45.48 39.46 15.05| 2877 5 |40.47 52.84 6.69 | 1532 5
OpenSearch-SQL | 57.19 39.13 3.68 |103355 21 |[42.14 46.82 11.04| 8355 21

BIRD. With DeepSeek-V3, OpenSearch-SQL attains the best Cor-
rect rate (CR) with the lowest Incorrect Rate (IR), and CHESS(ir cg.uT)
is a close second. With GPT-40-mini, the ordering changes: E-SQL
achieves the highest CR, and simpler pipelines such as DIN-SQL
and TA-SQL remain competitive at low token budgets. These shifts
indicate that candidate generation quality depends strongly on the
LLM; the same pipeline can rank differently when the LLM changes.

ScienceBenchmark. With DeepSeek-V3, TA-SQL yields the
strongest CR at low Error Rate (ER), while breadth-oriented systems
like CHESS(ir cq,uT) see degraded CR due to increased fragility on
complex schemas. With GPT-40-mini, CHESS g ss cG) becomes the
most effective at pass@1 with one call and sub-1K tokens.

Error profile. Across all four blocks, the dominant failure mode
is IR: syntactically valid but semantically misaligned SQL substan-
tially outnumbers execution errors. Typical IR patterns include (i)
wrong join path or missing bridge table, (ii) predicate misalign-
ment, (iii) aggregation/GROUP BY/HAVING mismatches, and (iv)
projection-level omissions or extra columns. ER is non-negligible
for some complex databases on ScienceBenchmark, but even there
IR constitutes the majority of errors; improving semantic alignment
is therefore the primary lever for improving the accuracy.

Cost—efliciency. A clear cost—quality frontier emerges. Multi-
candidate pipelines (e.g., OpenSearch-SQL, CHESS(g cguT)) can
lead on BIRD but often require tens of calls and very high token bud-
gets; on ScienceBenchmark, their advantage weakens. In contrast,
token-efficient pipelines (e.g., CHESS(g 55 cG), TA-SQL, sometimes
DIN-SQL) achieve competitive CR at a fraction of the cost.

Insight 5: The dominant failure mode is semantic mismatch.
Adding semantic checks that align the SQL with the question will
be helpful. Results shift between LLMs and datasets, indicating that
performing evaluation on targeting databases and backbone LLMs
before adopting specific NL2SQL approaches is necessary.

We also conducted a detailed error analysis and result analysis
on different difficulty levels of questions. Due to page limits, we
present the full results in Appendix A.3 in our extended paper [19].

4.3.2 Pass@k evaluation for multiple candidates. To evaluate meth-
ods that produce multiple candidate queries, we report Pass@k for
k € {1,5,10,15,20} across four settings: BIRD with DeepSeek-V3
and GPT-40-mini, and ScienceBenchmark with DeepSeek-V3 and
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GPT-40-mini. As illustrated in Figure 3, across all subfigures, the
curves show the same shape: execution accuracy rises with larger
k, confirming the benefit of generating multiple candidates. The
marginal gains, however, diminish as k increases, indicating limited
returns beyond a moderate number of candidates. The consistency
among all subfigures indicates that our conclusion is robust to
both the backbone LLM and the evaluation dataset. Since Pass@k
represents an upper bound on achievable accuracy, these results
suggest that a well-designed Query Revision module—capable of
reliably selecting the optimal query—has the potential to elevate
the accuracy close to this theoretical limit.

Insight 6: Increasing the number of candidates raises potential
accuracy across all LLMs/datasets, but the gains diminish rapidly; if
the Query Revision module can consistently select the best query from
the candidates, overall accuracy can nearly reach the upper bound.
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Figure 3: Pass@k results for multiple-candidate approaches.

4.3.3  Practical guide. Our evaluation demonstrates that syntac-
tically valid but semantically misaligned queries constitute the
dominant failure case, far exceeding execution errors. This finding
suggests that current candidate generation modules should con-
sider semantic-based validation during the generation phase rather
than deferring all validation to the revision stage. This early detec-
tion mechanism can prevent the propagation of semantic errors to
downstream modules and reduce the burden on query revision.

For systems generating multiple candidates, our Pass@k analysis
reveals that increasing diversity (k > 10) yields diminishing returns;
instead, practitioners should focus on improving the quality of
top-ranked candidates through better strategies. In addition, using
early-exit, and expanding to larger k only for high-uncertainty
queries is a more cost-efficient approach.

4.4 Results for Query Revision Module

4.4.1 Overall performance. Figures 4 and 5 compare before vs. after
the Revision stage on Correct Rate (CR), Incorrect Rate (IR), and
Error Rate (ER) for all approaches.

BIRD. Across most systems, Revision raises CR while reducing
IR and keeping ER low. The gains are largest for pipelines that
already provide reasonably good candidates: Revision acts mainly
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Figure 5: Analysis of the Query Revision module on Sci-
enceBenchmark.

as a selector/repair step that fixes small semantic gaps and filters
poor candidates. Methods that rank/select the best SQL query from
multiple SQL candidates also improve, but their CR uplift depends
on the revision policy’s ability to reliably select the optimal query.

ScienceBenchmark. The improvements are more heteroge-
neous across systems. Some systems still obtain clear CR gains, but
others see smaller gains or even a mild rise in IR. Furthermore, the
extent of performance improvement varies depending on the back-
bone LLM employed, even when using the same NL2SQL approach.
The divergence can be attributed to two compounding factors. First,
the ScienceBenchmark dataset generally features more complex
schemas and more challenging questions than the BIRD dataset, re-
sulting in a more demanding evaluation of query revision strategies.
Second, the query revision strategies of many NL2SQL approaches
are, to some extent, specifically tailored to the BIRD dataset and
therefore do not fully generalize to the ScienceBenchmark scenarios,
struggling to address the unique challenges that the latter presents.

Error profile. In all settings, the predominant failure type after
revision is still IR (syntactically valid yet semantically misaligned
SQL), which greatly outnumbers ER. Therefore, the upper bound
for further improvements in CR primarily depends on mitigating
IR, while reducing ER is still necessary.
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Figure 7: Breakdown of questions by number of approaches
producing Correct queries (for different difficulty levels).

4.4.2  An in-depth analysis of incorrect cases. Through an in-depth
analysis of incorrect cases, we observed an unexpectedly high de-
gree of overlap in incorrect queries generated by different methods
using DeepSeek-V3, as illustrated in Figure 6. Similar results using
GPT-40-mini are provided in Appendix A.4.2 of our extended pa-
per [19]. Furthermore, as shown in Figure 7, a significant portion -
278 out of the total 1,534 questions from the BIRD Dev Set — could
not be correctly solved by any of the evaluated approaches (the
first vertical bar, which indicates no approach can produce correct
SQL queries). This substantial overlap suggests a shared set of un-
derlying limitations across existing NL2SQL methods, potentially
involving insufficient semantic understanding, inadequate query
generation strategies, or ineffective query revision mechanisms.

To uncover the root causes behind this, we conducted an addi-
tional human evaluation of these 278 problematic questions. Re-
markably, the results revealed that a considerable fraction of these
questions were paired with inaccurate gold SQL queries, which is
aligned with the observation of [35]. This discovery highlights the
often overlooked but critical issue of benchmark dataset quality
and raises concerns that current assessments of NL2SQL methods
on the BIRD dataset may have been compromised or misled by in-
accuracies inherent in the benchmark. For a more detailed analysis
of the BIRD dataset, please see Section 4.6.

Insight 7: Our analysis shows significant overlap in incorrect
queries across NL2SQL approaches, highlighting shared limitations.
Many unresolved errors arise from inaccuracies in the BIRD dataset’s
gold SQL annotations. Future work should focus on improving bench-
mark annotation quality to enable more reliable evaluations and
meaningful progress.



Table 7: Effectiveness and efficiency on Query Revision on
BIRD dev with DeepSeek-V3 vs GPT-40-mini. We report
CI/I2C/E2C and #Tokens, #LLM Calls. The best/second-best
results are bold+underlined/underlined within each LLM.

DeepSeek-V3 GPT-40-mini

Approach CI I12C E2C CI I2C E2C

@ ) (@) #Tok. #Calls @ ) @ #Tok. #Calls
C3-SQL -0.51 1.43 497 - - 256 252 833 - -
DIN-SQL 0.66 2.02 21.33| 4948 1 -0.11 4.16 19.12| 4791 1
MAC-SQL 3.55 3.66 13.16| 1566 2 445 145 21.84| 1729 2
CHESS(Rgs,cG) 611 6.89 2036 1844 1 | 672 1049 3529 1683 1
CHESS(R co,uT) | 218 15.16 47.54|106126 21 |14.04 16.09 3838115055 23.19
GSR 7.27 949 3810| 2220 2 | 260 485 213 | 2449 2
E-SQL 0.00 3.53 14.04 | 24924 2 191 7.52 28.29| 25023 2
RSL-SQL 4.97 4.69 17.95| 3315 2 9.15 10.06 35.86| 2802 2
OpenSearch-SQL | 3.16  8.67 34.04| 6652 4.6 |14.07 17.71 51.20| 12969 6.64

Table 8: Effectiveness and efficiency on Query Revision on Sci-
enceBenchmark dev with DeepSeek-V3 vs GPT-40-mini. We
report CI/I2C/E2C and #Tokens, #LLM Calls. The best/second-
best results are bold+underlined/underlined.

DeepSeek-V3 GPT-40-mini

Approach CI I2C E2C CI I2C E2C

@ ) @ #Tok. #Calls @ @ @ #Tok. #Calls
C3-SQL 0 0 0 - - 0o 0 0 - -
DIN-SQL 127 299 1429| 4349 1 | 234 138 1538| 4156 1
MAC-SQL 142 234 10 | 2395 2 |076 320 9522676 2
CHESS(qRgscG) [1947 14.55 0 | 2319 1 (26.32 13.30 1429 1683 1
CHESS(r cGuT) | 1.83 9.32 52.94|201372 23.42(20.49 12.14 43.24|115055 23.19
GSR 248 1408 3333| 1757 2 | 496 513 18.18| 1498 2
E-SQL -2.45 4.96 13.33| 15088 2 5.17 6.57 4.35 | 21360 2
RSL-SQL 1.47 0.00 4.44 | 6616 2 5.79 0 35 3720 2
OpenSearch-SQL |-2.34 10.26 45.45| 23239 8.26 | 6.35 7.14 33.33| 34752 11.33

4.4.3 Detailed analysis on Query Revision performance. We evalu-
ate the Query Revision module using Correct-Improvement (CI),
Incorrect-to-Correct (I2C), and Error-to-Correct (E2C), along with
efficiency (#tokens/#LLM calls). The consolidated results for BIRD
and ScienceBenchmark are reported in Table 7 and Table 8, while
the full details are in Appendix A.4.3 of our extended paper [19].
BIRD. Using DeepSeek-V3, methods that employ light, execution-
guided strategies, notably GSR and CHESS i ss cg), obtain the high-
est CI with few calls and low tokens, while still posting healthy

I2C/E2C. In contrast, unit-test-enabled pipelines such as CHESS (g cg,

achieve high I2C/E2C but only modest CI and at a very high cost.
However, under GPT-40-mini, the ranking shifts: breadth-oriented
systems (OPENSEARCH-SQL, CHESS(ig ¢ uT)) show the best CI on
BIRD, indicating that GPT-40-mini responds better to selection or
unit-test style prompts than DeepSeek-V3. Compact pipelines (DIN-
SQL, TA-SQL, CHESS g ss,cG)) remain cost-efficient with smaller
but steady CL

ScienceBenchmark. The results are polarized. CHESS g ss,c)
delivers a large CI with a single call and low tokens. CHESS(ir cq.uT)
also posts high CI but at a very high budget. Several systems—even
with decent I2C/E2C—show small or negative CI, meaning they flip
correct queries to wrong during revision (i.e., high C2I risk).

Error Analysis. Across all four blocks, I2C/E2C improvements
do not guarantee a high CI. When revision policies are aggressive,
they may “fix” incorrect/error queries but also damage originally

UT)
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correct ones (C2I), netting a small or negative CI, as shown in the full
detailed results in Appendix A.4.3 of our extended paper [19]. This
explains the divergence we observe between good I2C/E2C figures
and underwhelming CI on ScienceBenchmark/DeepSeek-V3 for
several methods. Since our candidate generation analysis showed
that IR (semantically misaligned yet executable SQL) dominates
remaining errors, revision should prioritize semantic alignment
and de-risk edits on already-correct SQL.

Insight 8: Future exploration should focus on strategies not only
to correct wrong answers, but also to avoid altering originally correct
queries into incorrect ones. Methods that incorporate robust "do-no-
harm" safeguards for originally correct SQL can be beneficial.

Note that even the highest CI, achieved in the Query Revision
section, is just merely 26.32%, which falls significantly short of a
satisfactory threshold. Moreover, methods such as CHESS (g cq.uT)
entail substantial token consumption and frequent LLM invocations,
rendering them impractical for real-world deployment.

Insight 9: All of the current Query Revision strategies exhibit lim-
ited effectiveness in improving the Correct Rate, underscoring a crucial
need to develop methods that are both genuinely effective—achieving
significant accuracy improvements—and practically efficient, mini-
mizing cost and latency.

Additionally, for approaches that produce multiple queries, as
shown in Figure 3, while Correct Rates consistently improve with
increasing Pass@k, the final Correct Rates after Query Revision
remain notably lower, even below those at Pass@5. This indicates
that the Query Revision module currently fails to approach the
upper-bound effectiveness suggested by Pass@5.

Insight 10: The gap between Pass@k upper bounds and post-
revision results identifies Query Revision as a key bottleneck, high-
lighting the need for more effective strategies to fully capitalise on the
diversity of multiple candidates.

4.44  Practical guide. Our analysis reveals that current Query Re-
vision strategies achieve limited effectiveness, with the predomi-
nant failure being the inability to correct queries that are syntac-
tically valid but semantically misaligned. To address this critical
bottleneck, we recommend a dual-strategy revision approach that
combines execution-guided feedback with conservative validation.
Detailed explanations are presented in Appendix A.5 of our ex-
tended paper [19]. For systems with multiple-candidate generation,
query selection strategies are crucial. We recommend implementing
ensemble-based selection that combines multiple signals: execution
success, result plausibility, query complexity metrics, and LLM-
based confidence scores. Finally, for real-world deployment, given
the substantial token costs of iterative revision, practitioners should
implement early stopping mechanisms based on execution feedback
to avoid unnecessary costs.

4.5 End-to-End Overall Evaluation

We summarize the end-to-end overall evaluation of all approaches
in Table 9 and Table 10. The cost per task is estimated based on the
pricing guidelines of DeepSeek-V3® and GPT-40-mini’. To simulate
a realistic pricing scenario, we assume that half of the prompt
tokens result in cache hits and the other half in cache misses.

8https://api—docs.deepseekcom/
9https:/ /platform.openai.com/docs/pricing



Table 9: End-to-end results on BIRD dev with two
LLMs. We report Correct Rate, efficiency (#Tokens,
#LLM Calls) and Cost. The best/second-best results
are bold+underlined/underlined within each LLM block.

DeepSeek-V3 GPT-40-mini
Approach Correct #Tok- #LLM Cost |Correct #Tok- #LLM Cost
Rate (%) ens Calls ($) |Rate(%) ens Calls ($)
C3-SQL 37.94 27673 40 0.0126 36.57 12332 40 0.0067
DIN-SQL 59.97 18988 3 0.0038 56.58 18511 3 0.0024
MAC-SQL 60.82 7574 4 0.0019 55.08 7867 4 0.0013
CHESS(r s5,cG) 63.43 310756  80.6 0.0604| 57.01 300061 80.5 0.0364
CHESS(r co.um) 64.28 340601 41.8 0.0816| 62.82 343232 43.2 0.0525
TA-SQL 5971 6842 3 0.0017| 53.06 6546 3 0.0007
GSR 6154 6066 4 0.0015| 54.04 4455 4 0.0007
E-SQL 57.50 38903 3 0.0074 59.13 38054 3 0.0047
RSL-SQL 61.93 20475 8 0.0041 60.63 10549 8 0.0013
OpenSearch-SQL|  68.19 113446 28.6 0.0242| 64.47 28569 10.7 0.0057

Table 10: End-to-end results on ScienceBenchmark dev
with two LLMs. We report Correct Rate, efficiency (#To-
kens, #LLM Calls) and Cost. The best/second-best results are
bold+underlined/underlined within each LLM block.

DeepSeek-V3 GPT-40-mini
Approach Correct #Tok- #LLM Cost |Correct #Tok- #LLM Cost
Rate (%) ens Calls ($) |Rate(%) ens Calls ($)
C3-SQL 54.18 30979 40 0.0152 50.84 14179 40 0.0078
DIN-SQL 53.51 17299 3 0.0035 43.81 16660 3 0.0022
MAC-SQL 47.83 9290 4 0.0023 44.48 9577 4 0.0015
CHESS(r 55.cG) 45.30 355983 92.59 0.0677| 57.01 300061 80.5 0.0364
CHESS(rcGut) | 55.85 460941 43.42 0.1018| 49.16 393208 47.6 0.0428
TA-SQL 59.53 7867 3 0.0018| 50.17 7572 3 0.0008
GSR 3043 2581  40.0004| 4247 2264 4 0.0004
E-SQL 53.18 21630 3 0.0044| 40.80 34096 3 0.0042
RSL-SQL 46.15 10546 8 0.0021 42.81 11990 8 0.0018
OpenSearch-SQL 55.85 132884 32.26 0.0272 44.82 49371 15.34 0.0084

BIRD. With DeepSeek-V3, OPENSEARCH-SQL attains the highest
CR (68%), about 29 calls and 113K tokens per query. CHESS vari-
ants are similarly accurate yet even more expensive. In contrast,
compact pipelines—TA-SQL, MAC-SQL, GSR—reach 59-61% CR
with 1-4 calls and 6-8K tokens, yielding much lower cost. The
results obtained using GPT-40-mini are highly similar, indicating
the performance of the evaluated approaches is stable across LLMs.

ScienceBenchmark. With DeepSeek-V3, leadership shifts to
TA-SQL (60% CR) using only 3 calls and sub-8K tokens. Breadth-
heavy systems (CHESS (g ss cc), CHESS(ir cG.uT), OpenSearch-SQL)
consume 30-90+ calls and 130K-460K+ tokens yet do not dominate
CR. With GPT-40-mini, CHESSir ss,c) achieves the best CR (57%)
but at a very high cost (80 calls and 300K tokens). TA-SQL retains
strong cost efficiency. The ranking shift indicates there is no uni-
versal winner on the ScienceBenchmark dataset: the best method
depends on both the dataset and the backbone LLM.

Insight 11: End-to-end rankings are LLM and dataset-dependent;
validate on the target database(s) with the intended LLM before adop-
tion is necessary.

Cost-efficiency. While OpenSearch-SQL, CHESSg cg.yt) and
CHESS1r ss,cG) achieve superior accuracy on some workloads, they
incur substantial token costs and LLM invocations. Recent studies,
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such as CHASE-SQL [48] and MCS-SQL [21], have also shown
outstanding performance by increasing LLM calls to generate a
large pool of candidate queries. However, we believe that while
increasing the number of LLM calls can improve accuracy, this
approach may lack adaptability in real-world deployment.
Insight 12: While scaling LLM calls and token usage can enhance
accuracy on some datasets, such strategies may undermine scalabil-
ity and cost-effectiveness. Future work should aim to achieve high
accuracy without proportional growth in token consumption.

4.5.1 Practical guide. We recommend reporting CR@budget (e.g.,
CR at a fixed call or token cap) and selecting methods along the
Pareto frontier instead of by CR alone. To achieve high accuracy
without huge token consumption, we recommend implementing
adaptive module selection that dynamically adjusts computational
strategies based on query characteristics and system confidence
signals. See Appendix A.5 of our extended paper [19] for full details.

4.6 New Discoveries on Existing Datasets

We conduct an in-depth analysis of BIRD and identified three key
limitations that compromise its reliability as follows. Detailed ex-
amples are provided in Appendix A.6 of our extended paper [19].

4.6.1 Inaccurate Gold SQL Queries. As shown in Section 4.4, some
NL queries in BIRD are paired with the wrong Gold SQL queries.
Although [35] recently identified 106 incorrectly annotated queries
in the BIRD dataset, their results still haven’t exhaustively covered
all annotation errors. The prevalence of such annotation errors
raises concerns about the reliability and validity of existing datasets.

4.6.2  Strict Evaluation Rules. The BIRD benchmark currently as-
sesses each NL question against a single gold SQL query, an assump-
tion that proves overly restrictive in many realistic scenarios [12].
This over-strictness calls for more flexible and semantically aware
evaluation rules—such as result-set equivalence or graded relevance
metrics—to foster fairer assessments of future NL2SQL solutions.

4.6.3 Semantic Ambiguity. Existing datasets inevitably contain
questions that exhibit a certain degree of semantic ambiguity [12].
Mitigating the effect of such ambiguity will require either (i) rewrit-
ing questions to eliminate ambiguity or (ii) devising evaluation
rules that recognize ambiguity and reward semantically equivalent
answers. Developing formal methods to define, detect, and quantify
semantic ambiguity remains an open problem and constitutes a
promising avenue for future research.

Insight 13: Systematic auditing of gold annotations, adoption of
evaluation rules that acknowledge multiple semantically equivalent
queries, and explicit modeling of semantic ambiguity are crucial
for reliable assessment and methodological progress. Tackling these
issues, notably present in the BIRD dataset, will enable more accurate
evaluations and advance robust NL2SQL solutions.

4.6.4 Practical guide. We recommend developing semantically-
aware evaluation frameworks that recognize and credit semanti-
cally equivalent but syntactically different SQL queries. Such im-
provements are vital for fair benchmarking and for training NL2SQL
models that truly understand semantics rather than replicating an-
notation errors from noisy datasets. Detailed recommendations are
provided in Appendix A.6 of our extended paper [19].



4.7 Leveraging NL2SQLBench for NL2SQL System
Development

The modular architecture of NL2SQLBench enables practitioners to
adopt a compositional optimization approach to NL2SQL de-
velopment, analogous to assembling building blocks where each
module can be independently diagnosed, optimized, and composed.
To leverage this capability effectively, we recommend the following
systematic workflow. First, establish a performance profile by run-
ning NL2SQLBench with different baselines on your target dataset
to generate a comprehensive performance profile across all three
core modules. This profile identifies the primary bottleneck. Second,
apply targeted optimizations to the bottleneck module while moni-
toring cross-module impacts. Third, conduct a cost-benefit analysis
at the module level using our effectiveness and efficiency metrics.
Finally, leverage NL2SQLBench for A/B testing and continuous im-
provement. By treating NL2SQL as a modular optimization problem
where each component can be independently analyzed, improved,
and composed, rather than a monolithic system design challenge,
practitioners can systematically navigate the accuracy-efficiency
trade-off space and construct systems tailored to their specific de-
ployment requirements. We provide a case study of leveraging
NL2SQLBench in Appendix A.7 of our extended paper [19].

5 RELATED WORK

LLM-based NL2SQL. Since LLMs have demonstrated distinctive
emergent abilities [63], LLM-based NL2SQL methods have become
the most prominent solutions in the current NL2SQL landscape, as
described in recent surveys [18, 34, 44, 57, 80]. Detailed discussions
are presented in Appendix A.9 of our extended paper [19].
NL2SQL Datasets and Dataset Evaluation. Several datasets have
been proposed recently to facilitate the development and evalu-
ation of NL2SQL solutions. WikiSQL [79] and Spider [71] pub-
lished several cross-domain datasets, which mainly contain light-
weight databases and focus on database schema. BIRD [28] focuses
on large databases and external knowledge, and has become a
widely used NL2SQL dataset nowadays. ScienceBenchmark [75] is
a highly domain-specific NL2SQL dataset in the field of scientific
data analysis, which contains real-world complex queries and large
databases. Recently proposed Spider-2.0 [22] provides a more real-
istic enterprise-level NL2SQL benchmark, encompassing multiple
database systems, diverse SQL dialects, and numerous challenging
tasks from real data engineering pipelines. In the line of related
work that evaluates NL2SQL datasets, Mitsopoulou and Koutrika
proposed a comprehensive analysis of existing NL2SQL datasets,
and provided valuable insights into their capabilities and limitations,
and how they affect training and evaluation of NL2SQL systems
[43]. Liu et al. [35] further developed a benchmark for detecting and
categorizing semantic errors in NL2SQL. Yang et al. [70] presents a
method for detecting and fixing the errors in NL2SQL translation.
NL2SQL System Evaluations. Several experimental studies have
been proposed to evaluate NL2SQL solutions. For example, Chang
et al. [5] evaluated the robustness of different NL2SQL models. Pour-
reza and Rafiei [50] studied the limitations of existing evaluation
metrics and conducted a benchmark through human evaluation and
query rewriting. Gao et al. [14] undertook an assessment examining
multiple prompting strategies and fine-tuning methods. Zhang et al.
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[73] evaluated the performance of different LLMs in sub-tasks of
NL2SQL pipeline. Li et al. [24] proposed a testbed for evaluating
NL2SQL systems from different perspectives.

Unlike previous efforts, our work, NL2SQLBench, is the first to
introduce a set of fine-grained evaluation metrics for each module
of the NL2SQL pipeline, develop a benchmarking framework, and
conduct a comprehensive benchmarking of diverse strategies at the
modular level. We summarize the differences between NL2SQLBench
and existing NL2SQL evaluation frameworks in Table 11.

Table 11: Comparison of evaluation frameworks for NL2SQL
datasets and systems.

Benchmarking Framework Evaluation E2E [Modular[Fine-grain-| Error |Practical
Objectives|Evall Eval |ed Metrics|Analysis| Guides
Text2sql Benchmarks [43] | Datasets | — - - Yes -
SQLDriller [70] Datasets | — - - Yes -
NL2SQL-BUGsS [35] Datasets | — - - Yes -
DR-Spider [5] Systems |Yes| No No Yes | Partial
Cross-Domain Text2sql [50]| Systems |Yes| No No Yes | Partial
Text2sql by LLMs [14] Systems |Yes| No No No | Partial
Benchmarking Text2sql [73]| Systems |Yes| No No Yes | Partial
NL2SQL360 [24] Systems |Yes| No No No Partial
NL2SQLBench (ours) Systems |Yes| Yes Yes Yes |Detailed

6 LIMITATIONS

Limited Scope of Evaluated Approaches. Our evaluation encompasses
a selection of representative NL2SQL approaches from the BIRD
leaderboard. However, due to code availability constraints and lim-
ited computational resources, not all existing NL2SQL methods
were included. For instance, the studies [7, 15, 25, 27, 48, 52, 56] that
fine-tune specialized models for specific tasks within the NL2SQL
pipeline were excluded from our benchmarking. Future work should
incorporate a broader array of approaches to enable a more com-
prehensive evaluation of the current landscape of NL2SQL systems.

Lack of Industry-Level Evaluation. Current benchmarks may not
fully reflect the complexities of real-world industry workloads,
including schema intricacy and query ambiguity. Future research
should incorporate more realistic, industry-level evaluations to
better capture practical deployment challenges.

7 CONCLUSIONS

We have systematically addressed the critical need for a unified,
modular evaluation of LLM-enabled NL2SQL approaches. Specif-
ically, we conducted a comprehensive review of the three core
modules Schema Selection, Candidate Generation, and Query Revi-
sion. We proposed a novel set of fine-grained metrics and developed
NL2SQLBench, a modular, multi-agent benchmarking framework.
Our evaluation of representative NL2SQL approaches highlights
substantial opportunities for improvement in both accuracy and
computational efficiency Our in-depth analysis exposed critical
shortcomings in current benchmark datasets and evaluation rules,
underscoring the urgency for developing more accurate, robust, and
standardized evaluation resources. By establishing this foundational
benchmarking framework, our work aims to provide useful insights
and practical guides for future NL2SQL development, ultimately
benefiting both academic research and enterprise applications.
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