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Text-to-SQL models translate natural language questions into SQL, enabling non-technical users to access
databases. However, most existing research focuses on correctness, neglecting query efficiency. In this paper,
we address the challenge of evaluating the execution efficiency of generated SQL in Text-to-SQL by introducing
EESQLBench, a novel benchmark designed to assess both correctness and efficiency. EESQLBench pairs each
natural language question with an expert-optimized SQL query, providing a reliable efficiency baseline. We
evaluate six representative large language models (LLMs), including four open-source models (SQLCoder,
CodeLlama, DeepSeek-Coder, and DeepSeek-R1) and two closed-source models (GPT-5.2 and Gemini-2.5-Pro),
using cost-based metrics including Cost Reachability (CR) and Acceptable Reachability at𝑘 (AR@𝑘). Our results
reveal that current LLMs, despite achieving high correctness, struggle to produce efficient queries. We observe
substantial efficiency gaps between models and emphasize that semantic correctness alone does not guarantee
query efficiency. Furthermore, we provide insights into common inefficiency patterns in LLM-generated SQL
queries, such as missing access pruning and inefficient subquery logic.
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1 Introduction

Text-to-SQL leverages recent advances in Natural Language Processing (NLP) and machine learning
models to translate natural language (NL) questions into SQL queries [1, 23, 46]. This approach
holds great potential for enabling non-technical users to access and interact with databases in an
intuitive and convenient manner [1, 6, 46]. Consequently, Text-to-SQL has been widely applied in
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various domains, including Business Intelligence and data analytics systems, virtual assistants, and
educational tools [16, 22, 36, 42, 50, 64]. Progress in Text-to-SQL has been driven by benchmark
datasets that pair NL questions with SQL queries, such as Spider [69] and BIRD [35]. With the
success of Large Language Models (LLMs), the state-of-the-art Text-to-SQL models are typically
based on two paradigms: (1) fine-tuning on Text-to-SQL training datasets [32–34, 51, 53, 62], and
(2) few-shot prompting using examples extracted from these datasets [19, 33, 47]. After training,
researchers evaluate model performance and accuracy using corresponding test datasets.
Problem.While recent studies [19, 32–34, 47, 51, 53, 62] have primarily focused on improving

the correctness of Text-to-SQL translation—ensuring that generated SQL queries produce results
consistent with ground-truth queries—they have largely overlooked the efficiency of the generated
queries. In practical applications, however, queries that are semantically correct may still exhibit
vastly different execution times due to variations in join orders, predicate placement, or aggregation
strategies [13, 27, 65]. Figure 1 illustrates this problem with a motivating example. Given the user
question, an LLM-generated SQL query produces the correct result but contains redundant nested
subqueries and repeated joins on the same tables. Such structural bloat causes multiple scans
and materializations of intermediate results, significantly increasing I/O cost and confusing the
optimizer. The LLM-generated query takes 640ms to execute, while an equivalent but leaner version
written by a database administrator (DBA) completes in only 78ms—an improvement of more
than 8×. Such inefficiency exemplifies a deeper issue in current Text-to-SQL research: LLMs can
generate semantically correct yet inefficient SQL queries that degrade system performance. This
observation raises a fundamental question:

Key Question. To what extent can Text-to-SQL models not only produce correct queries but
also generate efficient ones that align with query optimization principles?

However, evaluating the efficiency of Text-to-SQL systems presents several challenges:
Challenge #1: Lack of Efficiency-Oriented Benchmarks. Existing datasets such as Spi-

der [69] are designed to assess the semantic accuracy of Text-to-SQL models and do not differ-
entiate among semantically equivalent queries with vastly different execution efficiency. These
benchmarks neglect the efficiency dimension—they provide small schemas, limited data volume,
and lack indexing or execution-cost annotations, making it difficult to distinguish fast from slow
queries. Constructing a benchmark capable of evaluating query efficiency is inherently complex,
as it requires coordinated design at the levels of schema, instance, and query. At the schema

level, performance-sensitive designs are particularly suitable for revealing cost differences among
equivalent queries. For example, schemas that contain multi-join chains (e.g., A–B–C–D), where
join orders and predicate placements influence execution plans, tend to exhibit larger runtime
variations [27, 30]. Redundant relationship paths (e.g., primary-key versus foreign-key joins) and
a mixture of indexed and non-indexed tables can further diversify plan choices [27, 30]. At the
instance level, heterogeneous data configurations help amplify performance differences [27].
Varying table scales, skewed value distributions, and partially selective indexes can make optimizer
decisions more sensitive to query formulation, allowing inefficient queries—such as those with
redundant joins, misplaced filters, or nested aggregations—to manifest measurable slowdowns. At
the query level, benchmarks benefit from including semantically equivalent SQL variants that
differ in structural complexity [27, 30]. Queries featuring nested subqueries, rich filtering conditions,
and multi-join aggregations provide diverse opportunities for optimization and better reflect the
efficiency issues commonly observed in LLM-generated SQL. Furthermore, current benchmarks do
not provide expert-optimized SQL queries that could serve as reliable efficiency baselines. Without
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User Question

For each day, among blogs with rating greater than 5, compute (i) the total rating of 
their posts that day and (ii) the sum of the corresponding blogs’ ratings.

Schema

CREATE TABLE Blogs (    

        BlogId INTEGER PRIMARY KEY,    

        Url TEXT,    

        Rating INTEGER

);

CREATE TABLE Posts (    

        PostId INTEGER PRIMARY KEY,    

        BlogId INTEGER,    

        Title TEXT,    

        Content TEXT,    

        Rating INTEGER,    

        CreatedDate DATE,    

        Day TEXT,    

        FOREIGN KEY (BlogId) 

        REFERENCES Blogs(BlogId)

);

SELECT p.day AS Key, SUM(p.Rating) AS PostRating, 

       SUM(b.Rating) AS BlogRating

FROM Posts AS p INNER JOIN Blogs AS b    

 ON p.BlogId = b.BlogId

WHERE b.Rating > 5

GROUP BY p.day;

SELECT t.Key, SUM(t.Rating) AS PostRating,       

        (SELECT SUM(b0.Rating)        

        FROM (SELECT p0.PostId, p0.BlogId, p0.Content, 

                    p0.CreatedDate, p0.Rating, p0.Title, 

                    b1.BlogId AS BlogId0,  b1.Rating AS Rating0,                                        

b1.Url, p0.day AS Key              

    FROM Posts AS p0 INNER JOIN Blogs AS b1 

ON p0.BlogId = b1.BlogId              

     WHERE b1.Rating > 5) AS t0        

        INNER JOIN Blogs AS b0 ON t0.BlogId = b0.BlogId        

        WHERE t.Key = t0.Key) AS BlogRating

FROM ( SELECT p.Rating, p.day AS Key   

               FROM Posts AS p   

               INNER JOIN Blogs AS b      

               ON p.BlogId = b.BlogId      

              WHERE b.Rating > 5) AS t

GROUP BY t.Key;

LLM-Generated Low-Efficiency Query

Database Administrator (DBA)

High-Efficiency Query

Database

Identify 
performance 

issues

Collect metrics 
and analyze 

workload

Optimize 
SQL queries

Database

Execution Time:
640ms

Execution Time:
78ms

Fig. 1. Motivating Example: Semantically Correct but Inefficient LLM-GeneratedQuery

such high-quality human references, it remains difficult to measure how efficiently model-generated
SQLs approach expert-level performance.

Challenge #2: Unstable and Unreliable Efficiency Evaluation. Even with a well-constructed
benchmark, evaluating the efficiency of generated SQL queries remains inherently unstable. Unlike
correctness evaluation—where the output can be deterministically compared with a ground-truth
SQL—there is no standardized “ground truth” runtime for how fast a query should execute. A
query’s runtime can fluctuate due to numerous external factors such as caching, buffer states,
query plan caching, and concurrent system load, making execution time an unreliable indicator of
intrinsic query efficiency [30]. Therefore, more stable and intrinsic metrics are needed to evaluate
query efficiency independently of fluctuating runtime conditions.
EESQLBench. To address Challenge #1, we construct EESQLBench, an Efficiency-Oriented

benchmark for Text-to-SQL evaluation. EESQLBench contains 213 efficiency-critical Text-to-SQL
tasks, where each NL question is paired with a human-written canonical solution that represents
an expert-level, efficiency-optimized SQL query. It should be noted that the term “optimized SQL”
in our paper refers to expert-refined, efficiency-improved queries rather than globally optimal ones.
Our goal is not to identify the global optimum, but to assess whether LLM-generated queries can
achieve efficiency comparable to well-designed human queries. We build the benchmark upon real-
world databases and enhance them through targeted schema- and instance-level interventions, such
as enriching join structures and augmenting data distributions, to amplify performance-sensitive
behaviors. Based on these schemas, we generate a diverse collection of structurally complex
SQL queries inspired by DBMS fuzzing techniques, focusing on queries that admit substantial
optimization opportunities. We then identify efficiency-critical cases by analyzing slow SQL queries
and retain those that can be significantly optimized through automated rewriting tools and expert
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refinement. Finally, for each retained query, we construct a corresponding NL question using a
combination of LLM-assisted generation and human verification, ensuring fluency and alignment
with realistic user intents.

Cost-based Efficiency Metrics. To address Challenge #2, we introduce a set of cost-based
efficiency metrics that enable stable and reproducible evaluation of Efficiency-Oriented Text-to-
SQL. Instead of relying on runtime-based execution latency, which is highly sensitive to caching
effects, system load, and transient system states, our metrics are grounded in query plan costs.
In particular, we adopt Total Scanned Rows as the primary cost proxy, which measures the total
number of tuples processed across all operators in the executed query plan. Under identical database
schemas, data instances, and query semantics, the cost is stable across repeated executions, as it
reflects the logical amount of work induced by the execution plan rather than runtime-dependent
factors. This property makes it a substantially more stable indicator of intrinsic query efficiency
than execution time. Based on this cost formulation, we propose Cost Reachability (CR) and
Acceptable Reachability at 𝑘 (AR@𝑘) to quantify how closely a LLM-generated SQL query
approaches the execution efficiency of an expert-optimized canonical solution.

Evaluation. We evaluate six representative LLMs on EESQLBench, including four open-source
models (SQLCoder, CodeLlama, DeepSeek-Coder, and DeepSeek-R1) and two closed-source models
(GPT-5.2 and Gemini-2.5-Pro). The results show that current LLMs still struggle to generate both
correct and efficient SQL queries. Even the strongest model (Gemini-2.5-Pro) attains only modest
end-to-end efficiency under the strict threshold (𝑘=1), with AR@1 reaching at most 18.2% (Simple
Level) and 21.9% (Hard Level). Additionally, our qualitative analysis reveals that inefficiency mainly
stems from four recurring failure modes—inefficient subquery logic, missing access-level pruning,
suboptimal operator timing, and join-semantics issues—which highlights limited optimization
awareness in current LLM-generated SQL.

Contributions.We summarize the contributions of this paper as follows:

• We introduce EESQLBench, the first benchmark for systematically evaluating efficiency in
Text-to-SQL models, where each NL question is paired with an expert-optimized canonical SQL.

• We propose stable cost-based efficiency metrics grounded in execution-plan signals, including
Cost Reachability (CR) and Acceptable Reachability at 𝑘 (AR@𝑘).

• We evaluate six representative LLMs on EESQLBench and show that semantic correctness does
not necessarily imply high efficiency, revealing substantial efficiency gaps across models.

2 Background and Motivation

2.1 Preliminaries

Text-to-SQL Systems. Text-to-SQL aims to automatically translate NL questions into executable
SQL queries, allowing non-expert users to interact with structured databases through NL inter-
faces. With the advent of LLMs, recent research has leveraged in-context learning and fine-tuning
techniques to improve the semantic accuracy of SQL generation [47, 56, 58, 61, 66]. However,
most existing work focuses solely on semantic correctness—whether the generated SQL produces
the same result as the ground-truth query—while overlooking the equally critical dimension of
execution efficiency. In real-world database systems, multiple semantically equivalent SQL queries
can differ drastically in runtime due to variations in query structure, join ordering, and index
utilization [35]. Such efficiency discrepancies directly affect user experience in latency-sensitive
applications such as e-commerce, banking, and real-time analytics. Empirical evidence shows that
an additional 500 milliseconds of query latency can reduce web traffic by up to 20% [39], and
users frequently abandon websites that take longer than three seconds to load [43]. These findings
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Fig. 2. OverallQuery Optimization Process

highlight the necessity of moving beyond correctness and developing Efficiency-Oriented Text-

to-SQL systems that not only ensure accurate query semantics but also generate SQL statements
optimized for execution performance.
Query Optimization. Query optimization lies at the core of database performance, ensuring

that SQL queries are executed with minimal resource consumption while preserving their semantic
correctness. Traditionally, optimization is regarded as a task handled internally by the database
management system (DBMS), where the optimizer transforms a parsed SQL query into the most
efficient physical execution plan through a sequence of heuristic and cost-based decisions. However,
the efficiency of query execution is not solely determined by the DBMS optimizer. The quality of
the SQL query itself—how it is written or structured—plays a crucial role in defining the upper
bound of optimization.

As illustrated in Figure 2, the overall optimization process can be divided into two complementary
stages: developer-side optimization and DBMS-side optimization. At the developer side, SQL
queries can be manually rewritten into more efficient forms through structural rewriting, access
path optimization, and semantic simplification, often assisted by query tuning tools, workload
monitors, and execution plan analyzers. Such rewritings eliminate redundant operations and
provide the DBMS with a better starting point for internal optimization. On the DBMS side, query
optimization proceeds through a sequence of heuristic and cost-based transformations. The heuristic
(cost-independent) phase applies rule-based rewrites such as predicate push-down and subquery
unnesting to simplify the logical plan. Subsequently, the cost-based physical optimization estimates
cardinalities and operator costs, enumerates alternative execution plans, and selects the one with
the lowest estimated cost. The resulting physical plan determines access methods, join orders, and
parallelization strategies used during query execution. Figure 3 illustrates a motivating example in
which two semantically equivalent SQL queries exhibit drastically different performance. In the
costly query, the filtering predicate “uuid LIKE ’%0c’” is placed in the HAVING clause, forcing the
DBMS to first scan the entire table and perform aggregation before any filtering can be applied. As
a result, a large number of unnecessary rows are aggregated and materialized into a temporary
table, significantly increasing execution cost. Because such aggregation-level predicates are not
guaranteed to be rewritten into early filters by the DBMS optimizer, this inefficiency persists despite
semantic equivalence.
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SELECT

    uuid,
    COUNT(id) AS TotalApproved
FROM 

legalities
WHERE
    uuid LIKE '%0c'
GROUP BY 

uuid
HAVING
   COUNT(id) > 5
ORDER BY
    uuid; a) Efficient

SELECT
uuid,
COUNT(id) AS TotalApproved

FROM 
legalities

GROUP BY 
uuid

HAVING
uuid LIKE '%0c'
AND COUNT(id) > 5

ORDER BY
    uuid;

b) Costly

Total Scanned Rows: 430408

Total Scanned Rows: 539507

-> Sort: legalities.uuid  (actual time=149.522..149.527 rows=192 loops=1)

    -> Filter: (count(legalities.id) > 5)  (actual time=149.337..149.360 rows=192 loops=1)

        -> Table scan on <temporary>  (actual time=149.127..149.141 rows=217 loops=1)

            -> Aggregate using temporary table  (actual time=149.126..149.126 rows=217 loops=1)

                -> Filter: (legalities.uuid like '%0c')  (cost=43117.50 rows=47325) (actual time=3.319..147.786 rows=1683 loops=1)

                    -> Table scan on legalities  (cost=43117.50 rows=425965) (actual time=3.313..66.222 rows=427907 loops=1)

-> Sort: legalities.uuid  (actual time=996.220..996.226 rows=192 loops=1)

    -> Filter: ((legalities.uuid like '%0c') and (count(legalities.id) > 5))  (actual time=987.872..995.898 rows=192 loops=1)

        -> Table scan on <temporary>  (actual time=987.811..994.833 rows=55608 loops=1)

            -> Aggregate using temporary table  (actual time=987.807..987.807 rows=55608 loops=1)

                -> Table scan on legalities  (cost=43117.50 rows=425965) (actual time=0.192..75.807 rows=427907 loops=1)

Total Scanned Rows =  192 ∗ 1 + 192 ∗ 1 + 217 ∗ 1 + 217 ∗ 1 + 1683 ∗ 1 + 427907 ∗ 1 = 430408 

Total Scanned Rows =  192 ∗ 1 + 192 ∗ 1 + 55608 ∗ 1 + 55608 ∗ 1 + 427907 ∗ 1 = 639507 

Fig. 3. Semantically MySQL EquivalentQueries with DivergentQuery Plans

Query Plan.A query plan is essential for determining the efficiency of SQL query execution, as it
defines the sequence of operations and data access methods used by the DBMS. The plan is generated
by the query optimizer, which evaluates various execution strategies based on system resources
and database state. The optimizer’s goal is to select the most efficient plan by considering factors
like query structure, data size, index availability, and operation costs. Typically, the optimization
follows a cost-based model [5], where the plan with the lowest estimated cost is chosen [30].

A query plan is typically represented as a tree of operators, where each operator corresponds to
an action such as scanning a table, filtering rows, or joining tables. Each node in the tree represents
a relational operator, and the edges between nodes indicate the flow of data between operators.
In practice, query plans can be inspected using the EXPLAIN or EXPLAIN ANALYZE command.
Besides estimated costs, modern DBMSs report actual execution statistics, such as the number of
rows processed by each operator, which reveal how much intermediate data is materialized and
propagated through the plan. These statistics provide a more stable signal of query efficiency than
end-to-end execution time, which can be affected by caching and system noise. As illustrated in
Figure 3, the first query’s query plan consists of a sequence of major operators, including a base table
scan, an early filter on uuid, an aggregation operator that materializes a small temporary table, a
post-aggregation filter, and a final sort. Because the filtering predicate is applied before aggregation,
only a small number of rows are propagated to the aggregation and subsequent operators, resulting
in limited intermediate data processing. In contrast, the second query’s query plan contains a
similar set of operators, but the absence of early filtering forces the aggregation operator to process
and materialize a much larger intermediate result, which is then filtered and sorted at later stages.
To quantify the efficiency difference between query plans, we use Total Scanned Rows as the
cumulative number of actual rows processed by all operators in the execution plan. This metric
captures the total amount of data examined and propagated during query execution, reflecting the
cumulative cost of redundant scans and large intermediate results.

2.2 Efficiency-Oriented Text-to-SQL

Traditional Text-to-SQL aims to generate an executable SQL query 𝑞 from a NL question 𝑥 over a
database schema S, such that the execution result of 𝑞 matches the ground-truth query 𝑞∗. Formally,
the standard objective can be written as:

𝑓𝜃 (𝑥,S) → 𝑞, s.t. Exec(𝑞,S) = Exec(𝑞∗,S),
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Table 1. Statistics of Representative Text-to-SQL Benchmarks.

Dataset Redundancy Measure DB Complexity Query Complexity Evaluation Metrics

#Question–SQL Annotation Type #DBs #Tables / DB #Cols / Table #Records / DB Tables / Query Selects / Query EM EX VES

WikiSQL [72] 80,654 Synthetic 26,531 6.34 17 1 1.00 1.00 ✓ ✓ ✗
Spider [69] 11,840 Manual 206 5.13 5.01 8,980 1.83 1.17 ✓ ✓ ✗
SParC [70] 10,228 Manual 166 5.28 5.14 9,665 1.58 1.10 ✓ ✓ ✗
CoSQL [68] 8,350 Manual 206 5.28 5.14 9,665 1.54 1.11 ✓ ✓ ✗
CSpider [40] 11,840 Manual 206 5.13 5.01 8,980 1.83 1.17 ✓ ✓ ✗
SQUALL [54] 11,276 Manual 2,108 1.91 9.18 71 1.22 1.29 ✓ ✓ ✗
ViText2SQL [41] 9,693 Manual 166 5.28 5.14 9,665 1.17 1.12 ✓ ✓ ✗
DuSQL [63] 25,003 Synthetic 208 4.04 5.29 20 1.49 1.25 ✓ ✓ ✗
Spider–Syn [17] 1,034 Manual 166 5.28 5.14 9,665 1.68 1.17 ✓ ✓ ✗
Spider–DK [18] 535 Manual 169 5.25 5.14 9,494 1.71 1.16 ✓ ✓ ✗
Spider–Realistic [12] 508 Manual 166 5.28 5.14 9,665 1.79 1.21 ✓ ✓ ✗
KaggleDBQA [29] 272 Manual 8 17 2.12 595,075 1.25 1.05 ✓ ✓ ✗
PAUQ [3] 9,876 Manual 166 5.28 5.14 9,693 1.82 1.17 ✓ ✓ ✗
BIRD [35] 10,962 Manual 80 7.64 7.14 549,335 2.07 1.09 ✓ ✓ ✓
AmbiQT [4] 3,046 Synthetic 166 5.28 5.14 9,665 1.85 1.17 ✓ ✓ ✗
BULL [71] 7,932 Manual 3 26 14.96 85,631 1.22 1.12 ✓ ✓ ✗

EESQLBench (Ours) 213 Manual 69 7.75 7.45 3,432,599 3.55 2.88 ✓ ✓ ✓

Note.

Redundancy Measure: indicates the size and diversity of question–SQL pairs; “Annotation Type” denotes whether SQLs are manually
annotated (Manual) or automatically synthesized (Synthetic).
DB Complexity: measures the structural scale of databases, including number of databases (#DBs), average tables per DB, columns per
table, and records per DB.
Query Complexity: describes query structural richness, including number of tables joined and average number of SELECT clauses.
Evaluation Metrics: EM (Exact Match), EX (Execution Accuracy), and VES (Valid Efficiency Score).

where 𝑓𝜃 denotes a Text-to-SQL model parameterized by 𝜃 , and Exec(𝑞,S) denotes the result of
executing query 𝑞 on schema S.
However, this formulation only emphasizes semantic correctness without considering query

efficiency. In practice, multiple semantically equivalent SQLs may lead to drastically different
execution latencies due to join order, predicate placement, or index utilization. Therefore, we
introduce the Efficiency-Oriented Text-to-SQL task, which extends the traditional objective by
additionally optimizing for execution efficiency. Given a NL question 𝑥 and schema S, the goal is
to generate a SQL query 𝑞opt satisfying:

𝑞opt = arg min
𝑞∈Q(𝑥,S)

Cost(𝑞,S)

s.t. Exec(𝑞,S) = Exec(𝑞∗,S),
where Q(𝑥,S) is the set of semantically correct SQL candidates produced by 𝑓𝜃 for (𝑥,S), and
Cost(𝑞,S) represents the estimated or actual execution cost of query 𝑞 on S. Intuitively, the model
should not only ensure that 𝑞opt yields correct results but also that it achieves minimal execution
time or resource consumption under the same semantic constraints.

2.3 Challenges

While existing Text-to-SQL benchmarks have significantly promoted progress in semantic cor-
rectness, evaluating Efficiency-Oriented Text-to-SQL models remains an open and underexplored
challenge. Table 1 shows the statistics of representative Text-to-SQL benchmarks. We summarize
two fundamental challenges in building and evaluating Efficiency-Oriented Text-to-SQL systems.
Challenge #1: Lack of Efficiency-Oriented Benchmarks. Most existing benchmarks are

primarily designed to assess semantic correctness of generated SQL queries, rather than how effi-
ciently they execute. As shown in Table 1, mainstream datasets such as Spider [69] and CoSQL [68]
exhibit very limited structural complexity: each query involves on average fewer than two tables
and barely one SELECT clause. Such simple patterns produce near-identical query plans across
implementations, leaving no room to reveal efficiency differences among semantically equivalent
SQLs. Even larger datasets, including BIRD [35] (80 databases with ∼7.6 tables per database) primar-
ily emphasize schema diversity and question coverage rather than query complexity. Although they
contain millions of database records, their question–SQL pairs still favor simple retrieval forms—flat
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joins or shallow filters—while rarely including multi-join, nested, or aggregation-heavy queries
that are sensitive to join order, predicate pushdown, or index selection. To genuinely evaluate
query efficiency, a benchmark must be designed with efficiency-aware constraints at three levels:
(1) Schema level — large, interconnected schemas that permit multiple semantically equivalent join
paths; (2) Instance level — heterogeneous table scales and skewed value distributions that amplify
cost gaps among alternative plans; and (3) Query level — diverse SQL variants involving nested
subqueries, redundant joins, and compound predicates that stress the optimizer. Without coordi-
nating these three dimensions, efficiency cannot be meaningfully or stably reflected in benchmark
evaluation. Moreover, current benchmarks lack human-optimized SQL references that can serve as
efficiency baselines. Without manually crafted high-efficiency queries, it is impossible to quantify
how far a model-generated SQL deviates from expert-level performance.
Challenge #2: Unstable and Unreliable Efficiency Evaluation. Recent work, such as the

BIRD [35] benchmark, introduces the Valid Efficiency Score (VES), which measures the relative
runtime of a model-generated SQL query against a reference query provided in the dataset. However,
it is worth noting that the reference SQL in BIRD is not necessarily the result of careful, expert-level
manual optimization, which limits its reliability as a gold standard for efficiency comparison. More
fundamentally, runtime-based metrics remain highly sensitive to external factors such as caching
effects, buffer states, query plan caching, and concurrent system load, which can significantly distort
the observed efficiency relationship between two semantically equivalent queries. Therefore, we
require more stable and intrinsic metrics to evaluate query efficiency independently of fluctuating
runtime conditions.

2.4 Our Solutions

To address the challenges identified above, we propose a unified framework for Efficiency-Oriented
Text-to-SQL evaluation that combines an efficiency-aware benchmark with stable, plan-based
efficiency metrics.

Solution to Challenge #1: An Efficiency-Oriented Benchmark. To address the first challenge,
we construct EESQLBench, which offers the first systematic evaluation of execution efficiency in
Text-to-SQL systems. Each NL question is paired with a human-written canonical SQL statement
that captures expert-level optimization. To make efficiency differences observable and measurable,
EESQLBench is designed with explicit efficiency-aware constraints at the schema, instance, and
query levels, ensuring that semantically equivalent SQL queries can induce substantially different
execution plans and execution costs. At the schema level, we enhance real-world schemas by
repairing missing foreign-key relationships and introducing mixed indexing strategies, enabling
multiple semantically equivalent join paths and distinct execution plans. At the instance level, we
apply controlled data augmentation with imbalanced table sizes and skewed value frequencies,
making execution cost sensitive to predicate placement and join order. At the query level, we
adopt a reverse generation strategy that first synthesizes complex SQL queries and then constructs
corresponding NL questions. Specifically, we leverage DBMS fuzzing-inspired query generators to
produce a large pool of structurally diverse and complex SQL queries, including nested subqueries,
aggregation-heavy patterns, redundant joins, and alternative predicate placements that stress the
optimizer. From this pool, we identify efficiency-critical queries whose execution costs can be
substantially reduced through structural rewriting, and retain those cases after automated analysis
and expert verification. Through these coordinated designs, EESQLBench exposes efficiency gaps
that cannot be revealed by existing Text-to-SQL benchmarks and provides a principled testbed for
evaluating efficiency-oriented Text-to-SQL systems.

Solution to Challenge #2: Stable Cost-Based Efficiency Metrics. To overcome the instability
of runtime-based evaluation, we adopt query-plan-level cost metrics that reflect intrinsic execution
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behavior while remaining insensitive to system-level noise. Instead of end-to-end latency, we
measure query efficiency using Total Scanned Rows, defined as the sum of actual rows processed
by all physical operators in the execution plan, as reported by EXPLAIN ANALYZE. This metric
directly captures the amount of data examined and propagated during execution, providing a
plan-grounded proxy for query execution cost. Figure 3 shows that, although the two semantically
equivalent queries produce identical results, their execution plans process substantially different
numbers of rows at intermediate operators, resulting in Total Scanned Rows of 430,408 and 539,507,
respectively. Unlike execution latency, operator-level scanned row counts are deterministic under
identical schemas and data instances, making Total Scanned Rows stable and reproducible across
repeated executions. Based on this cost proxy, we further design Cost Reachability (CR) to
quantify relative efficiency gaps against expert-optimized SQL, and Acceptable Reachability at 𝑘

(AR@𝑘) to measure how often model-generated queries meet practical efficiency thresholds.

3 EESQLBench

In this section, we introduce the construction of EESQLBench, the first benchmark for evaluating
Efficiency-Oriented Text-to-SQL tasks. Figure 4 illustrates the entire process involved in building our
benchmark. Starting from real-world databases, we enhance database schemas and data instances to
expose performance-sensitive behaviors, and generate complex SQL queries that admit substantial
optimization opportunities. For each generated query, we further curate a semantically equivalent
but efficiency-optimized canonical SQL via automated rewriting and expert refinement, and align it
with a natural language (NL) question. More details will be introduced in the following subsections.

3.1 Benchmark Construction

3.1.1 Database Preparation. We prepare the databases of EESQLBench by building upon real-
world relational databases collected from the BIRD [35] benchmark. We choose BIRD [35] because
it covers cross-domain scenarios spanning diverse application areas, including e-commerce, finance,
and healthcare, and provides large-scale tables derived from real-world data with rich relational
structures and realistic data distributions. Based on these databases, we enhance the original
schemas to better support efficiency-oriented evaluation. In particular, we explicitly repair missing
or implicit foreign-key relationships, which enables multiple alternative join paths among related
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WITH 
_cte_table AS (

SELECT DISTINCT _column
FROM _table

), 
_cte_table AS (

SELECT 
    _column, _column, _column
    FROM _table 

WHERE _column IN (
        SELECT _column FROM _table
    )
) 
SELECT 

_column, 
_agg_func(_column) AS _column_alias, 
_agg_func(_column) AS _column_alias

FROM  _cte_table  AS _table_alias
INNER JOIN _cte_table  AS _table_alias

ON _column = _column
GROUP BY _column;

SQL Sketch

WITH 
Set_Registry AS (

SELECT DISTINCT * 
FROM sets

), 
Validated_Cards AS (

SELECT 
setCode, artist, convertedManaCost 

FROM cards 
WHERE name IN (

        SELECT name FROM cards
    )
) 
SELECT 

f0.artist, 
MIN(f0.convertedManaCost) AS min_cmc, 
MAX(f0.convertedManaCost) AS max_cmc 

FROM Validated_Cards AS f0 
INNER JOIN Set_Registry AS sub 

ON f0.setCode = sub.code 
GROUP BY f0.artist;

Instantiated Query

LLM-based Query InstantiationGrammar-Based SQL Sketch Generation

Note: We adopt a uniform naming convention where all placeholders are denoted by identifiers prefixed with an underscore ( _ ), indicating schema-dependent holes to be 
instantiated later.

SQL Grammar

Fig. 5. Two-Stage Query Generation via Grammar-Based SQL Sketching and LLM-Based Instantia-

tion

tables and allows semantically equivalent SQL queries to be expressed in structurally different
forms. We further apply mixed indexing strategies by randomly indexing a subset of foreign-key
and attribute columns, so that different join orders and access paths can lead to distinct execution
plans. At the instance level, we enlarge the databases by systematically inserting additional rows
into existing tables while strictly preserving the original schemas, data types, and foreign-key
constraints. For each table, new tuples are generated by sampling valid key values from referenced
tables and duplicating existing records with controlled variations on non-key attributes. For
selected predicate-relevant attributes, we further introduce controlled value-frequency skew during
tuple generation. Specifically, we randomly sample existing values from the original database and
designate 20% of the distinct values as high-frequency values. When generating new tuples, these
high-frequency values are oversampled so that the added tuples follow an approximate 80/20 split
between frequent and non-frequent values. This strategy creates controlled predicate selectivity to
amplify efficiency differences among semantically equivalent queries.

3.1.2 Complexity-Aware Query Generation. After preparing databases, we synthesize SQL queries
that are both structurally complex and optimization-sensitive. We adopt a reverse construction
strategy: instead of starting from NL and hoping a generator produces sufficiently challenging
SQL, we first generate complex SQL candidates and then align them with NL questions. Our design
is inspired by DBMS fuzzing, which can explore a wide spectrum of query structures (e.g., deep
nesting, multi-join chains, and aggregation patterns) that are useful for stress-testing optimizer
behavior. However, off-the-shelf fuzzers are not directly applicable: they often produce ill-typed,
semantically invalid, or practically meaningless queries. On the other hand, prompting an LLM
can improve semantic plausibility and executability, but the generated SQL is often overly “clean”
and repetitive due to pretraining biases, favoring simple join patterns and shallow nesting. As a
result, neither approach alone can simultaneously provide high structural diversity and semantic
validity. To balance these two objectives, we introduce a SQL Sketch mechanism that decouples
query structure from schema-specific semantics. As illustrated in Figure 5, query generation proceeds
in two stages: (i) grammar-based SQL sketch generation, which generates the high-level relational
structure of a query, and (ii) LLM-based instantiation, which binds schema-dependent elements
under explicit constraints.

(1) Grammar-Based SQL Sketch Generation. We firstly generate SQL sketches by sampling
from a context-free grammar that specifies optimization-sensitive query structures. We implement
this grammar as shown in Figure 5 and use go-randgen [45] as a grammar-based generator to
derive grammar-valid sketches, covering patterns such as multi-table joins, nested subqueries,
common table expressions (CTEs), and aggregations with HAVING clauses. By construction, each
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sketch fixes the high-level composition and nesting of relational operators, while abstracting away
schema-specific details. Concretely, schema-dependent elements—including table names, column
references, join predicates, and literal constants—are replaced with typed placeholders (denoted by
identifiers prefixed with an underscore, e.g., _table, _cte_table, _column, _agg_func, _const).
This sketch-based design ensures structural correctness and diversity at the query level, while
deferring schema binding and semantic instantiation to a later stage.
(2) LLM-based Query Instantiation. Given a target database, we prompt an LLM to instanti-

ate each sketch by filling placeholders with concrete tables, columns, predicates, and values. To
improve semantic plausibility and controllability, the instantiation prompt includes the following
components:
• Task Instruction: Instructs the LLM to fill the provided SQL sketch into an executable query
that corresponds to a meaningful analysis intent, rather than producing arbitrary or trivial SQL.

• Database Schema: Provides the full CREATE TABLE statements (table names, columns, types,
primary keys, and foreign keys) so that the LLM can select type-consistent columns and produce
join conditions aligned with the schema constraints.

• Database Values: Samples representative values for a few columns (e.g., categorical values,
typical timestamps, common IDs) to ground predicate generation, reducing ill-formed conditions
(e.g., comparing strings to numeric columns) and improving contextual relevance.

• Few-shot Examples: Provides a small number of example queries following the same formatting
and style, helping the LLM adhere to the desired SQL conventions (e.g., aliasing, indentation,
and aggregation style).

The LLM is explicitly instructed to satisfy typing constraints and foreign-key connectivity when
instantiating placeholders, producing executable SQL candidates.

Finally, we validate each instantiated query through execution. Queries that fail to parse, violate
schema constraints, or produce empty results are discarded. The retained queries therefore form a
large pool of complex and semantically meaningful SQL instances that admit substantial optimiza-
tion opportunities and support subsequent canonicalization and question alignment. This hybrid
construction also mitigates potential bias from LLM assistance. Since high-level query structures
are determined by grammar-based sketches rather than free-form LLM generation, the model has
limited influence over the structural distribution of benchmark queries. Together with execution-
based validation, this design reduces the risk that the benchmark reflects superficial artifacts of
LLM generation style, and instead grounds it in meaningful and executable SQL workloads.

3.1.3 Efficient Query Construction. For each synthesized SQL query, our goal is to construct
a semantically equivalent but execution-efficient canonical query that represents expert-level
optimization. To this end, we adopt a two-stage optimization pipeline that combines automated
query rewriting with expert refinement, and explicitly annotate the applied optimization types.
As a first step, we apply an automated query rewriting procedure to identify candidate efficiency
improvements. Specifically, we leverage WeTune [65], a rule-based query rewriting framework,
to generate semantically equivalent query variants through systematic application of rewriting
rules. For each original query, we evaluate the rewritten variants and retain those that exhibit
reduced execution cost. Building upon the automatically rewritten candidates, database experts
further refine the queries to produce a final optimized canonical SQL. In this project, we engage
three full-time Text-to-SQL experts, all of whom are Ph.D. students with formal training in hands-
on experience in SQL optimization and query tuning. The entire expert refinement process for
all queries takes approximately 80 person-hours in total. During this stage, experts manually
inspect query structures and execution plans, and apply domain knowledge to introduce deeper
optimizations that are difficult to fully capture by rule-based systems. In addition, we explicitly
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annotate the primary optimization types applied to each query pair. Each query pair is labeled with
one or more optimization categories indicating where efficiency gains are achieved, such as join
reordering, predicate pushdown, subquery elimination, and aggregation rewriting. For example, if
an optimized query achieves lower execution cost by pushing a filtering predicate from an outer
query into an inner subquery before aggregation, it is annotated with predicate pushdown. These
annotations enable fine-grained analysis of Text-to-SQL systems’ optimization capabilities.

3.1.4 Natural Language Question Alignment. After constructing pairs of semantically equivalent
original and optimized SQL queries, we align them with NL questions that faithfully capture the
underlying analytical intent. The key design principle of this stage is to ensure fairness: each NL
question should reflect the high-level user intent of the query, without encoding any SQL-specific
structures or optimization decisions. To achieve this, we generate NL questions based on the shared
semantics of each original–optimized query pair, rather than directly mirroring either concrete
SQL formulation. Specifically, we adopt a back-translation strategy in which an LLM is prompted
to translate a given SQL query into a concise and natural NL question. Importantly, the prompt
provides both the original SQL and the optimized canonical SQL as semantic references, and
explicitly instructs the model to generate a question that is simultaneously satisfied by both queries.
Concretely, the prompt is constructed with the following components:

• Task Instruction. The model is instructed to generate a NL question that describes the analytical
goal of the queries—i.e., what information is requested—rather than how the result is computed.

• Dual Semantic References.Both the original SQL query and its optimized canonical counterpart
are provided as semantic references. The model is instructed to infer the common analytical
intent underlying the two queries and generate a single NL question that is valid for both, treating
the SQLs as black-box specifications of the result.

• Implementation Abstraction Constraint. The prompt explicitly prohibits mentioning SQL-
specific constructs, such as joins, subqueries, aggregation operators, execution order, or opti-
mization strategies, and requires the question to be phrased in natural, user-centric terms.

• Semantic Equivalence Constraint. The generated question must remain answerable by any
semantically equivalent SQL formulation, ensuring neutrality with respect to different query
structures and execution strategies.

Following generation, all NL questions undergo a human verification and refinement step. Three
experts check each question for semantic alignment with both SQL variants, clarity, and naturalness,
and revise ambiguous or overly verbose descriptions when necessary. As a result, each NL question
in EESQLBench represents a realistic, user-facing query intent, and that can be correctly answered
by multiple semantically equivalent SQL queries. This alignment strategy enables EESQLBench
to simultaneously evaluate (i) semantic correctness, by checking whether a model-generated SQL
answers the NL question correctly, and (ii) efficiency awareness, by comparing the execution
efficiency of the generated SQL against the expert-optimized canonical query.

3.1.5 Quality Control and Annotations. In the final stage, we conduct quality control for each
Text-to-SQL task to ensure the correctness, consistency, and reliability of the benchmark. This
stage consists of semantic consistency verification and task difficulty annotation.
(1) Semantic consistency verification.We first verify the semantic consistency of each task

across both SQL queries and the corresponding NL question. Specifically, we check that the original
SQL query and the optimized SQL query are semantically equivalent by executing them under the
same database configuration and comparing their result sets. Meanwhile, we require the optimized
query to consistently achieve lower execution cost, ensuring the presence of a genuine and stable
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efficiency gap. We further verify that the NL question can be correctly answered by both SQL
queries, confirming that it accurately captures their shared analytical intent.
(2) Task difficulty annotation. After passing semantic consistency verification, we annotate

the difficulty of each Text-to-SQL instance using a rule-based human scoring scheme along three
complementary dimensions:
• Schema Complexity: the number of involved tables, join relationships, and foreign-key depen-
dencies;

• Question Understanding: the presence of multiple conditions, implicit constraints, or required
reasoning in the NL question;

• SQL Complexity: the structural and operator-level complexity of the query, such as subqueries,
aggregations, HAVING clauses, and CTEs.

Each dimension is graded according to predefined criteria specified in the annotation guidelines [10],
and the final difficulty label (e.g., Simple, Medium, or Hard) is determined by aggregating the scores
across all dimensions.
All verification and annotation procedures are conducted by three domain experts. The use of

three annotators follows standard practice in empirical software engineering to balance annotation
quality and cost, and is consistent with prior benchmarks [38, 67]. Two experts independently
evaluate each instance following a unified guideline, and disagreements are resolved by a third expert
acting as an adjudicator. We measure inter-annotator agreement using Cohen’s kappa coefficient,
obtaining an overall kappa score of 0.92, which indicates high annotation consistency and reliable
quality. As a result, each task in EESQLBench is accompanied by structured annotations, including
the database context, paired original and optimized SQL queries, a shared NL question, explicit
optimization-type labels, and a difficulty level. These annotations provide a reliable foundation for
analyzing both semantic correctness and optimization awareness of Text-to-SQL systems. Due to
the space limitations, a detailed annotation guideline, including annotator selection criteria and
bias-mitigation protocols, is provided at [14].
3.2 Statistics

Fig. 6. Distributions of Database Size in

EESQLBench (Log Scale)

Wepresent a statistical analysis of EESQLBench and
compare it with representative Text-to-SQL bench-
marks in Table 1. EESQLBench is constructed on
MySQL as the execution backend. Overall, EESQL-
Bench contains 213 Text-to-SQL tasks over 69 real-
world databases. All tasks are manually curated
and paired with expert-optimized canonical SQL
queries, enabling direct efficiency comparison be-
tween model-generated SQL and expert-level solu-
tions. Following a unified guideline (Section 3.1.5),
we further label each task with a difficulty level, re-
sulting in 55 Simple, 85 Medium, and 73 Hard tasks.
Figure 6 shows the distribution of database sizes

in EESQLBench on a log scale; for completeness, we
provide a detailed breakdown of record counts in
our online documentation [8]. EESQLBench covers databases with highly heterogeneous instance
scales, spanning from 148kB to 4.4 GB. In addition, EESQLBench is explicitly designed to be
efficiency-aware at three levels. At the schema level, each database contains 7.75 tables on average
(and up to 65), with repaired foreign-key relationships that enable multiple semantically equivalent
join paths. At the instance level, each database contains 3,432,599 records on average, and we further
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introduce controlled table-scale imbalance and value-frequency skew to amplify cost gaps among
semantically equivalent queries. At the query level, each task involves 3.55 tables on average (up to
11) and 2.88 subqueries on average (up to 8), resulting in a substantial portion of multi-join and
nested queries that admit non-trivial optimization opportunities.

4 Efficiency-Oriented Evaluation Metrics

Evaluating Efficiency-Oriented Text-to-SQL requires metrics that not only assess semantic cor-
rectness but also reliably quantify query execution efficiency. While execution latency is a natural
indicator of efficiency, it is highly sensitive to external factors, making it unstable and difficult to
reproduce. Therefore, we adopt query-plan-based cost metrics, which provide a more stable proxy
for intrinsic query efficiency.

Semantic Correctness. We first evaluate whether a generated query 𝑞 is semantically equivalent
to the canonical query 𝑞∗. Following prior works [35, 69], semantic equivalence is determined by
comparing execution results:

1(𝑞∗, 𝑞) =
{
1, if Exec(𝑞,S) = Exec(𝑞∗,S),
0, otherwise.

Efficiency-related metrics are computed only on semantically correct queries (i.e., those with
1(𝑞∗, 𝑞) = 1), ensuring that efficiency evaluation is not confounded by incorrect query semantics.

Cost Reachability (CR). To measure a model-generated query’s proximity to expert-level
efficiency, we introduce Cost Reachability (CR). For each semantically correct query pair (𝑞∗, 𝑞), we
define:

𝐶𝑅𝑛 =
Cost(𝑞∗,S)
Cost(𝑞,S) ,

where Cost(𝑞,S) denotes the execution cost of query 𝑞 on schema S, obtained from the query
execution plan. A larger 𝐶𝑅𝑛 indicates that the generated query 𝑞 is more efficient relative to the
canonical solution 𝑞∗, while 𝐶𝑅𝑛 < 1 implies inferior efficiency.

To mitigate the influence of extreme outliers, we follow prior cost-based evaluation practices [35]
and apply a square-root transformation to obtain a stabilized score:

𝑅𝑛 =
√︁
𝐶𝑅𝑛 .

The overall Cost Reachability is then computed as:

𝐶𝑅avg =
1∑𝑁

𝑛=1 1(𝑞∗𝑛, 𝑞𝑛)

𝑁∑︁
𝑛=1

1(𝑞∗𝑛, 𝑞𝑛) · 𝑅𝑛,

where𝑁 is the total number of evaluation instances. For brevity, we use CR to refer to the aggregated
score 𝐶𝑅avg in the remainder of the paper.

Acceptable Reachability at 𝑘 (AR@𝑘). While𝐶𝑅avg characterizes the efficiency gap conditioned
on semantic correctness, it does not reflect how often a model produces queries that are both correct
and practically efficient. To capture this end-to-end utility, we define Acceptable Reachability at 𝑘
(AR@𝑘) as:

𝐴𝑅@𝑘 =
1
𝑁

𝑁∑︁
𝑛=1

1(𝑞∗𝑛, 𝑞𝑛) · 1(𝐶𝑅𝑛 ≥ 𝑘),

where 𝑘 ∈ (0, 1] is a user-defined threshold. Intuitively, AR@𝑘 measures the fraction of all test
instances for which the generated SQL is semantically correct and its execution cost does not

Proc. ACM Softw. Eng., Vol. 3, No. ISSTA, Article ISSTA178. Publication date: October 2026.



CrackingQuery Bottlenecks: Towards Efficiency-Oriented Text-to-SQL Generation ISSTA178:15

exceed 1/𝑘 times that of the canonical solution. For example, 𝑘 = 0.5 corresponds to accepting
queries that are at most twice as expensive as the expert-optimized SQL, while 𝑘 = 1.0 only counts
queries whose execution cost is no higher than the canonical solution (i.e., at least as efficient as
the expert-optimized SQL).
Together, CR and AR@𝑘 provide complementary perspectives on efficiency: CR measures how

close amodel can get to expert-level efficiency on average (given correctness), while AR@𝑘 measures
how often it produces SQL that is both correct and meets a practical efficiency threshold.

5 Experiment

We aim to answer the following key research questions (RQs) to evaluate the effectiveness of
EESQLBench for assessing both correctness and efficiency in Text-to-SQL systems:

• RQ1. How well can existing LLMs generate Text-to-SQL queries in terms of both semantic
correctness and execution efficiency under EESQLBench? (Section 5.2)

• RQ2.What are the major failure modes that lead to efficiency degradation in LLM-generated
SQL, and what optimization patterns do experts apply in canonical solutions? (Section 5.3)

5.1 Experimental Setup

Models and Prompting Strategy.We evaluate six representative LLMs including four open-source
models: SQLCoder-7B-2 [55], CodeLlama-7B-Instruct-hf [52], DeepSeek-Coder-6.7B-Instruct [21],
and DeepSeek-R1-Distill-Llama-8B [11], as well as two closed-source models: GPT-5.2 [20] and
Gemini-2.5-Pro [48]. These models are selected based on their strong performance on Text-to-SQL
tasks; each has been pre-trained or fine-tuned with SQL-related data, equipping themwith advanced
SQL reasoning capabilities. Among the evaluated models, Gemini-2.5-flash additionally supports
tool-use functionalities, allowing it to autonomously consult external resources such as documen-
tation, schemas or reference implementations. All experiments are conducted in deterministic
settings with temperature fixed to 0.0 to reduce randomness.
Since our primary objective is to establish a standardized capability benchmark that isolates

and evaluates LLMs’ intrinsic SQL generation abilities, we do not include full agentic systems (e.g.,
execution-feedback-driven or tool-augmented pipelines). Although agentic systems can be powerful,
they introduce confounding factors such as multi-component coordination, tool orchestration
strategies, and schema introspectionmechanisms, which obscure the underlying generative capacity
of the LLM and hinder fair comparison across models.
For prompting, we adopt the in-context learning strategy DAIL-SQL [19], which has achieved

state-of-the-art performance on the BIRD benchmark as of October 2025. We strictly follow the
original DAIL-SQL setup, including prompt templates and decoding configurations.

Metrics. For correctness, we adopt the widely used Execution Accuracy (EX) [35, 69], defined as
the proportion of NL inputs whose generated SQL executes to the same result as the canonical SQL.
For efficiency, we employ two cost-based metrics introduced in Section 4: Cost Reachability (CR)
and Acceptable Reachability at 𝑘 (AR@𝑘), with 𝑘 set to 0.8 and 1.0 in our experiments. In addition
to cost-based evaluation, we also report the Valid Efficiency Score (VES) [35], a runtime-based
metric. VES evaluates efficiency by comparing the execution speed of a valid generated SQL query
against its canonical reference, and then averaging the relative efficiency scores across all instances.
Environment. We perform our experiments on a workstation an 8-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. For GPT-5.2 and Gemini-2.5-Pro,
we query the respective official APIs with matching decoding settings.
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5.2 RQ1: Overall Results

Table 2 shows the overall performance of six LLMs on EESQLBench across three difficulty levels.
Correctness. Overall, correctness varies substantially across models, suggesting that EESQL-

Bench remains challenging even for strong closed-source LLMs. Gemini-2.5-pro consistently
achieves the highest EX across all levels (Simple: 74.5%, Medium: 56.5%, Hard: 65.8%), followed by
GPT-5.2 (69.1%, 50.6%, 60.3%). Among open-source models, DeepSeek-Coder attains moderate EX
(40.0%, 22.4%, 19.2%), while CodeLlama and DeepSeek-R1 lag behind, and SQLCoder fails on most
instances (EX ≤ 1.4%).
Efficiency among correct outputs (CR) and its relation to EX. CR reveals a markedly

different ranking from EX, confirming that semantic correctness is not a sufficient proxy for
efficiency. For example, on Medium, CodeLlama achieves the highest CR (1.210) despite a low EX
(12.9%), indicating that when it succeeds, it can produce queries that are even more efficient than
the canonical solutions. A similar pattern holds on Simple where DeepSeek-R1 attains the best CR
(0.815) with low EX (16.4%), while GPT-5.2 has relatively high EX but only mid-level CR (0.621).
Notably, CR values above 1.0 (e.g., CodeLlama on Medium/Hard) suggest that the “canonical” query
can be further optimized for a small subset of cases, highlighting the value of cost-based analysis
for uncovering additional optimization opportunities.
End-to-end “correct & efficient” comparison. We use AR@𝑘 as the most direct and fair

metric for comparing models on the Efficiency-Oriented Text-to-SQL task, since it measures the
fraction of all test instances where a model produces a SQL query that is both semantically correct
and practically efficient under a cost threshold. Gemini-2.5-pro is the strongest model in terms of
AR across all levels under both thresholds: AR@1 reaches 18.2% (Simple), 20.0% (Medium), and
21.9% (Hard), and AR@0.8 reaches 21.8%, 27.1%, and 23.3%, respectively. For open-source models,
AR@1 remains low overall (typically ≤ 9.1% on Simple and ≤ 12.9% on Medium), and several models
collapse on Hard (e.g., DeepSeek-R1: AR@1=0.0%). Overall, these results indicate that producing
both correct and near-expert efficient SQL remains challenging, especially for open-source LLMs.

Consistency between CR and VES. Due to space limitations, we do not include VES in Table 2
and instead report it in our online leaderboard. To further validate our plan-cost proxy, we conduct
an additional reliability and consistency study comparing cost-based metrics (CR) with runtime-
based VES. Specifically, for each evaluated model and each test instance, we repeat query execution
for 𝑁=10 runs under a fixed DBMS configuration, and report (i) the relative standard deviation
(RSD) to quantify metric stability across repeated runs (lower is more stable), and (ii) the Pearson
correlation coefficient between runtime and plan-cost signals to quantify their linear agreement.
Across all models, we observe that CR (cost-based) exhibits substantially lower variance than VES
(runtime-based): the average RSD of CR is 0, whereas the average RSD of VES is 15.77%. Moreover,
Total Scanned Rows shows a strong positive correlation with runtime across instances, with an
average Pearson correlation of 0.83, indicating that our plan-cost proxy remains consistent with
runtime behavior while being more reproducible.
Statistical significance. To further examine whether the observed efficiency differences are

robust across tasks, we conduct paired statistical analysis on the main efficiency comparisons. Using
theWilcoxon signed-rank test over task-level efficiency results, we find that the observed differences
are statistically significant across all settings (𝑝 < 0.001). We further compute 95% confidence
intervals and Cliff’s delta, obtaining a medium effect size (approximately 𝛿 = 0.52), which indicates
that the observed efficiency gaps are not only statistically reliable but also practically meaningful.
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Table 2. Evaluation Results of Each Model for Efficiency-Oriented Text-to-SQL on EESQLBench.

Model

Simple Medium Hard

EX(%) CR AR@0.8(%) AR@1(%) EX(%) CR AR@0.8(%) AR@1(%) EX(%) CR AR@0.8(%) AR@1(%)

GPT-5.2 69.1 0.621 10.9 5.5 50.6 0.745 21.2 12.9 60.3 0.767 21.9 17.8
Gemini-2.5-pro 74.5 0.683 21.8 18.2 56.5 0.832 27.1 20.0 65.8 0.739 23.3 21.9

CodeLlama 29.1 0.753 5.5 3.6 12.9 1.210 9.4 5.9 4.1 1.076 2.7 1.4
DeepSeek-R1 16.4 0.815 10.9 9.1 4.7 0.902 2.4 2.4 1.4 0.205 0.0 0.0
DeepSeek-Coder 40.0 0.519 9.1 3.6 22.4 0.949 14.1 12.9 19.2 0.881 12.3 9.6
SQLCoder 0.0 0.000 0.0 0.0 1.2 0.990 1.2 0.0 1.4 2.113 1.4 1.4

Note:

EX is Execution Accuracy (higher is better).
CR is Cost Reachability computed on semantically correct instances (higher is better ; 1.0 indicates cost parity with the canonical SQL).
AR@𝑘 is the fraction of all test instances whose generated SQL is both correct and within the cost threshold (higher is better).

Summary:Gemini-2.5-pro delivers the best end-to-end utility, while CodeLlama andDeepSeek-
R1 exhibit strong optimization behavior on the subset of correct queries despite low EX. The
discrepancy between EX and CR/AR further confirms that higher semantic accuracy does not
necessarily imply better efficiency, motivating the need for efficiency-oriented benchmarks.

5.3 RQ2: Efficiency Analysis

Fig. 7. Inefficiency Patterns

To understand why LLM-generated SQL
becomes inefficient and how experts im-
prove it, we conduct a qualitative effi-
ciency analysis on semantically correct yet
inefficient generations. Specifically, we se-
lect all instances with 𝐶𝑅𝑛<1.0 (in total
878 cases), and ask three SQL experts to
independently perform open coding [26]
by jointly inspecting the generated SQL,
the expert canonical SQL, and their exe-
cution plans. Following a standard open-
coding protocol, each expert first indepen-
dently proposes fine-grained labels for re-
curring inefficiency patterns, after which
the experts iteratively compare, refine, and
merge overlapping labels through discus-

sion. After resolving disagreements, we consolidate recurring inefficiency patterns into 5 high-level
themes (and 23 fine-grained labels), as shown in Figure 7. Due to space limitations, we summarize
the categories and key observations below, and provide additional examples and case studies in our
GitHub repository [9]. We also release the detailed coding protocol and label definitions online to
improve transparency and reproducibility [15].

E1. Subquery Logic (21.5%), LLMs tend to overuse nested and correlated subqueries, producing
procedural, row-by-row execution (or repeated materialization) instead of set-based plans; experts
typically flatten plans, decorrelate subqueries, or “joinify” existence checks to unlock optimizer
search space. E2. Access Strategy (19.2%), models often miss opportunities to push predicates
into scans/CTEs, prune unused columns, or propagate LIMIT for early stop, which turns otherwise
selective queries into heavy I/O workloads. E3. Timing Strategy (17.5%), models frequently
place joins/aggregations in a suboptimal order (e.g., joining before selective filtering), causing
cardinality explosion; experts reorder joins, apply early aggregation, or delay expensive operators
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(lazy join/aggregation) until after pruning. E4. Join Logic (15.6%), inefficiency often stems from
suboptimal join semantics and unnecessary join work, such as retaining redundant join branches
that could be removed, using overly permissive join types that block optimization, or failing to
convert existence-only joins into semi-joins, which inflates intermediate results and increases
join cost. E5. Others (26.1%), this category captures a long tail of operator-level and plan-shape
inefficiencies. Typical cases include missed existence probing (using costly DISTINCT/GROUP BY
where EXISTS/IN suffices), lack of group-key pruning, missing case aggregation, and filter injec-
tion failures in complex nested logic. Although individually less frequent, these patterns often
trigger unnecessary materialization and inflate intermediate results, indicating limited awareness
of operator semantics and plan-shape simplification.

Summary: The dominant inefficiency patterns align with four themes—subquery logic (E1),
access strategy (E2), timing strategy (E3), and join logic (E4). Experts mitigate them via subquery
unnesting, early pruning, timing-aware reordering, and join tightening/elimination.

6 Discussion

Implications. For Text-to-SQL users and practitioners, our findings highlight that producing
a semantically correct query is not sufficient for good user experience: correct SQL can still be
unnecessarily slow on complex databases. Therefore, when deploying Text-to-SQL in latency-
sensitive settings, users should prefer models that deliver higher end-to-end “correct & efficient”
rates (e.g., Gemini-2.5-pro), and consider adding lightweight efficiency check before execution.
For LLM developers, the gap between EX and efficiency metrics indicates that improving correct-
ness alone will not automatically yield efficient SQL; models need explicit signals and objectives
for optimization behavior. This suggests incorporating efficiency-aware supervision, cost-aware
reranking/rewarding, and training-time augmentation with optimization-sensitive structures to
better align generation with DBMS performance.
Benchmark Choice and Practical Relevance. EESQLBench is built on BIRD [35] as its

real-world foundation, since BIRD provides cross-domain databases with realistic schemas and data
distributions, making it a suitable starting point for studying efficiency-oriented Text-to-SQL. Com-
pared with traditional DBMS benchmarks such as TPC-H [60], which focus on measuring engine-
level performance on a single synthetic retail schema with a fixed set of queries, EESQLBench
targets a different problem: optimization gaps in LLM-generated SQL across diverse real-world
databases. This distinction is important because our goal is not to benchmark the raw execution
capability of a DBMS, but to evaluate whether a Text-to-SQL system can generate SQL that is not
only semantically correct, but also efficient under realistic schema and workload settings.

This design also reflects the practical relevance of EESQLBench. In real database-backed applica-
tions such as business intelligence and analytics platforms, semantically correct but inefficient SQL
queries can become recurring bottlenecks when issued repeatedly, increasing latency and resource
consumption. Such inefficiencies are often difficult to detect under correctness-only evaluation,
because a query may produce the right answer while still imposing unnecessary overhead on the
database engine. From this perspective, EESQLBench should not be viewed as merely another
benchmark dataset, but rather as an efficiency-oriented performance-testing infrastructure for LLM-
generated SQL. It combines efficiency-sensitive tasks, strong human-validated reference queries,
and plan-based testing oracles, enabling systematic and reproducible detection of inefficiency issues
that would otherwise remain invisible under conventional Text-to-SQL evaluation.
Extensibility. Although the current version of EESQLBench is instantiated on BIRD-derived

databases and evaluated on MySQL, its construction is not tied to a specific benchmark or DBMS.
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The overall pipeline is modular, consisting of database preparation, complexity-aware query con-
struction, expert refinement, and plan-based evaluation. Therefore, adapting EESQLBench to other
benchmarks or real-world databases mainly requires replacing the underlying schemas and data
while reusing the same workflow. This design makes EESQLBench extensible beyond its current
setting and provides a foundation for broader efficiency-oriented evaluation in future work.
Threats to Validity. The first potential external threat is the scope of the tested LLMs. In our

experiments, we evaluate six representative LLMs, including both open-source and closed-source
models, as well as general and code LLMs. While this selection covers the dominant model families
currently used in practice, it may not fully represent all emerging LLMs. Extending the benchmark
to multi-step or agent-based systems is left for future work. Another external validity concern is
the choice of DBMSs. Our benchmark is instantiated on MySQL, and execution behavior may differ
across DBMSs due to variations in optimizers, cost models, and execution engines. Nevertheless,
MySQL is among the most widely deployed relational databases in real-world applications, making
our benchmark practically relevant. Moreover, the design principles of EESQLBench are DBMS-
agnostic, and we plan to extend the benchmark to additional DBMSs in future work to further
enhance its generality.
Internal validity may affected by the involvement of human experts in query optimization and

annotation. The construction of optimized SQL queries and the assignment of optimization-type
and difficulty labels may introduce subjective bias. To mitigate this threat, we engage three domain
experts with substantial experience in SQL optimization and Text-to-SQL systems. Two experts
independently perform verification and annotation following detailed guidelines, while disagree-
ments are resolved by a third expert acting as an adjudicator. We further measure inter-annotator
agreement using Cohen’s kappa coefficient, indicating a high level of annotation consistency.

7 Related Work

Text-to-SQL Systems and Benchmarks. Text-to-SQL systems aim to automatically translate
natural language questions into executable SQL queries, bridging the gap between non-expert users
and relational databases [1, 23, 46]. This capability enables a wide range of real-world applications,
including intelligent database assistants, automated analytics, and natural language interfaces for
data exploration. With the rapid progress of LLMs, recent approaches have achieved significant
improvements in SQL generation accuracy through in-context learning, decomposition strategies,
and instruction fine-tuning [47, 56, 58, 61, 66]. These LLM-based methods are typically evaluated
on widely adopted benchmarks such as WikiSQL [25] and Spider [69], which measure the semantic
correctness of generated SQL queries against reference ground truths.

However, existing benchmarks focus solely on semantic correctness, overlooking the execution
efficiency of generated SQLs. To address this gap, our paper introduces an Efficiency-Oriented Text-
to-SQL Benchmark EESQLBench that jointly evaluates both correctness and execution efficiency
through newly designed performance-aware metrics.
Performance Benchmarks and Efficiency Evaluation. In the database community, tradi-

tional benchmarks such as TPC-H [60] and TPC-DS [59] are designed to evaluate DBMS performance
under standardized decision-support workloads. These benchmarks measure engine-level execution
capability using fixed schemas and query templates, focusing on throughput, latency, and system
scalability. Other benchmarks, such as the Join Order Benchmark [31] and CH-benCHmark [7],
further study query optimization challenges and mixed workload settings. In parallel, recent work
has begun to study the efficiency of LLM-generated code. Benchmarks such as COFFE [44], Ef-
fiBench [24], and ENAMEL [49] evaluate whether generated programs are not only functionally
correct but also efficient.
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Our work differs from prior database performance studies (e.g., TPC-H [60]) and software
performance engineering work (e.g., COFFE [44]) in that they mainly evaluate DBMS behavior
or general program efficiency, whereas EESQLBench evaluates the execution efficiency of LLM-
generated SQL under semantic equivalence.

Query Rewriting. Query rewriting is a fundamental component of database query optimization,
which transforms an existing SQL query into a semantically equivalent but more efficient logical
form. Most prior works follow a rule-based paradigm. For example, WeTune [65] employs a rule
generator and an SMT solver to synthesize and verify new rewriting rules, though its efficiency
decreases when handling complex queries. Learned Rewrite [73] leverages Calcite’s existing rule
set and applies Monte Carlo Tree Search (MCTS) to navigate the optimal rule application order for
performance improvement.

In contrast, our work—Efficiency-Oriented Text-to-SQL—shifts this optimization objective into
the generation stage. Instead of rewriting existing SQL statements, our framework learns to generate
SQL queries that are both semantically correct and execution-efficient from the outset. It internalizes
the cost-awareness and structural reasoning traditionally handled by rewriting systems into the
natural language–to–SQL generation process. This paradigm not only eliminates the need for
post-hoc rewriting overhead but also avoids the potential semantic drift introduced during rule-
based transformations. Furthermore, because Efficiency-Oriented Text-to-SQL directly generates
optimized SQL across different database dialects, it does not rely on dialect-specific rewriting
rules or external equivalence verification. As a result, it achieves both higher robustness and
broader generalization compared with pipelines that perform Text-to-SQL generation followed
by separate query rewriting. In addition to evaluating generation-stage efficiency, EESQLBench
can also serve as a complementary benchmark for query rewriting systems. By providing paired
semantically equivalent SQL queries with explicit efficiency gaps and canonical optimized references,
EESQLBench enables systematic evaluation of rewriting methods in terms of their ability to close
the efficiency gap toward expert-level performance.

8 Conclusion

In this paper, we introduce EESQLBench, an efficiency-oriented Text-to-SQL benchmark designed
to assess both the correctness and efficiency of generated queries. We use metrics such as Cost
Reachability (CR) and Acceptable Reachability at 𝑘 (AR@𝑘) to evaluate six representative LLMs,
and the results show that while current models perform well in terms of correctness, their efficiency
often lags behind, especially for more complex queries. These findings highlight the need for
efficiency-aware evaluation metrics in future Text-to-SQL systems.

Data Availability

All evaluation results are publicly available on our leaderboard https://eesqlbench.github.io/, and
the code and dataset are released at https://github.com/EESQLBench/EESQLBench.
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