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Abstract

SQL query rewriting reformulates queries into
more efficient forms while preserving equiva-
lence. Most existing methods rely on prede-
fined rules that struggle to generalize beyond
fixed query patterns and cannot express com-
plex rewriting strategies. Large language mod-
els (LLMs) can reason over complex structures
and generalize to diverse patterns, but their lim-
ited execution awareness often results in non-
equivalent or inefficient rewrites. To this end,
we propose E3-Rewrite, an LLM-based frame-
work that generates executable, equivalent, and
efficient SQL rewrites. It features two key de-
signs: (1) an execution-aware context construc-
tion that integrates query plans and retrieved
examples to expose structural bottlenecks; and
(2) a reinforcement learning optimization with
executability, equivalence, and efficiency re-
wards, trained under a correctness-to-efficiency
curriculum for stable convergence. Experi-
ments on multiple benchmarks show that E3-
Rewrite reduces execution time by up to 25.6%
over leading baselines and delivers 7.3% more
equivalent rewrites, extending SQL rewriting
to query patterns previously beyond rule-based
methods.

1 Introduction

Efficient query processing is a central goal of mod-
ern database systems, and SQL query rewriting
plays a key role in improving performance (Li,
2019; Zhou et al., 2022b). The goal is to reformu-
late a query into an equivalent but more efficient
form (Wang et al., 2022). To be practically useful,
a rewritten query must satisfy three criteria: (1)
Executability: the rewritten query must conform
to SQL syntax and execute correctly within a tar-
get DBMS; (2) Equivalence: the rewritten query
must preserve the original query’s semantics and
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produce identical results; (3) Efficiency: the rewrit-
ten query should reduce execution time, and the
overhead of the rewriting process itself should be
justified by the resulting performance gains.

Most SQL rewriting methods follow a rule-based
paradigm: they apply predefined rewrite rules to
convert an input query into an equivalent but more
efficient form (Bai et al., 2023; Begoli et al., 2018).
Early systems rely on manually crafted rules and
heuristics, which generalize poorly to diverse query
patterns (Liu and Mozafari, 2024; Dong et al.,
2023). To improve flexibility, later methods frame
rewriting as a rule selection task. For example,
LearnedRewrite (Zhou et al., 2021) uses Monte
Carlo Tree Search guided by cost estimators to ex-
plore rule combinations. Recently, large language
model (LLM)-based systems such as LLM-R² (Li
et al., 2024) and R-Bot (Sun et al., 2025) lever-
age LLM to model queries and suggest appropriate
rules via prompting or retrieval.

While these approaches reduce manual effort,
they remain constrained by the fixed coverage of
rule sets. Fundamentally, rule-based methods re-
main limited in expressiveness, brittle in their de-
pendencies, and poorly adaptable to unseen query
structures (Leis et al., 2015; Wang et al., 2022).
Figure 1 illustrates such limitations: the original
query with a correlated aggregate takes over 300
seconds to execute, a rule-based rewrite reduces
runtime to 94.3 seconds but still incurs heavy joins,
while our rewrite with a pre-aggregated Common
Table Expression (CTE) reduces execution time to
only 3.26 seconds with full equivalence.

To overcome these limitations, we propose train-
ing an LLM to directly generate equivalent and effi-
cient SQL rewrites without explicit rules. Although
supervised fine-tuning (SFT) can in principle be ap-
plied, it is ill-suited for SQL rewriting because the
task lacks definitive ground-truth labels, as there is
no uniquely optimal rewrite and the quality of each
candidate can only be verified through execution,
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(a) Original SQL (b) Rule-based Rewrite (c) Our Rewrite

>300 s 94.32 s 3.26 s

SELECT s_acctbal, s_name, n_name, 
p_partkey, ... 
FROM part p, supplier s, partsupp ps, nation n, 
region r       
WHERE p.p_partkey = ps.ps_partkey
AND s.s_suppkey = ps.ps_suppkey
AND p.p_size = 28 AND p.p_type LIKE 

'%STEEL'
AND s.s_nationkey = n.n_nationkey
AND n.n_regionkey = r.r_regionkey
AND r.r_name = 'AMERICA'
AND ps.ps_supplycost = (

SELECT MIN(ps_supplycost)
FROM partsupp ps2, supplier s2, nation n2, 

region r2
WHERE ps2.ps_partkey = ps.ps_partkey

AND r2.r_name='AMERICA'
);

SELECT s.s_acctbal, s.s_name, n.n_name, 
p.p_partkey, ...
FROM (SELECT * FROM part WHERE 
p_size=28 AND p_type LIKE '%STEEL') p
CROSS JOIN supplier s                                         
JOIN partsupp ps
ON p.p_partkey=ps.ps_partkey AND 
s.s_suppkey=ps.ps_suppkey
JOIN nation n  ON s.s_nationkey=n.n_nationkey
JOIN (SELECT * FROM region WHERE 
r_name='AMERICA') r ON 
n.n_regionkey=r.r_regionkey
JOIN (

SELECT t.ps_partkey, MIN(t.min_cost) AS 
min_cost

FROM (... join/aggregate chain reaching 
region ...) t

GROUP BY t.ps_partkey
) t_min ON p.p_partkey=t_min.ps_partkey AND 
ps.ps_supplycost=t_min.min_cost;

WITH min_supply_cost AS (
SELECT ps_partkey, MIN(ps_supplycost) AS 

min_cost
FROM partsupp ps
JOIN supplier s ON s.s_suppkey=ps.ps_suppkey
JOIN nation   n ON 

s.s_nationkey=n.n_nationkey
JOIN region   r ON n.n_regionkey=r.r_regionkey
WHERE r.r_name='AMERICA'                              
GROUP BY ps_partkey)

SELECT s_acctbal, s_name, n_name, 
p_partkey, ...
FROM part p
JOIN partsupp ps ON p.p_partkey=ps.ps_partkey
JOIN supplier s  ON s.s_suppkey=ps.ps_suppkey
JOIN nation n    ON s.s_nationkey=n.n_nationkey
JOIN region r    ON n.n_regionkey=r.n_regionkey
JOIN min_supply_cost m

ON p.p_partkey=m.ps_partkey AND 
ps.ps_supplycost=m.min_cost;

Correlated aggregate re-computed 
per row (MIN per part) Rule2: Decorrelation & aggregation lifting

Pre-aggregate MIN per part after 
region filter (predicate pushdown)

Rule1: Join reordering 
& Predicate pushdown

Figure 1: An illustrative example comparing the original SQL (a), a rule-based rewrite (b), and our E3-Rewrite
output (c). By pre-aggregating the correlated subquery into a CTE and pushing down predicates, our method reduces
query latency from over 300s to 3.26s.

providing no stable supervision signal for learn-
ing. We therefore adopt reinforcement learning
(RL) to optimize SQL rewriting through execution
feedback, allowing the model to refine its rewrites
autonomously. However, two major challenges re-
main: (1) Due to the lack of execution awareness,
LLMs struggle to generate SQL rewrites that are
executable, equivalent, and efficient; (2) The op-
timization process lacks stable and interpretable
signals that connect equivalence with execution
performance, making stable learning difficult.

To address the above challenges, we introduce
E3-Rewrite, an LLM-based SQL rewriting frame-
work optimized for executability, equivalence and
efficiency. To overcome the lack of execution
awareness and semantic grounding, we incorpo-
rate query execution plans into the input context
to expose logical structures and performance bot-
tlenecks. Furthermore, to improve structural un-
derstanding and generalization, we retrieve anal-
ogous rewrites from a hybrid structure–semantic
demonstration library during inference. To mitigate
unstable optimization and the absence of direct su-
pervision, we design an RL framework guided by
execution-driven rewards. These rewards jointly
capture executability, equivalence, and efficiency,
allowing the model to improve through feedback
rather than fixed labels. A curriculum-based train-

ing strategy further stabilizes learning by first em-
phasizing executability and equivalence, and later
incorporating latency as an optimization signal.
Our contributions are summarized as follows:

• We present E3-Rewrite, to our knowledge the first
end-to-end LLM-based SQL rewriting framework
that handles complex query structures and extends
rewriting beyond the scope of rule-based methods.

• We introduce two key technical components: (i)
an execution-aware context construction mod-
ule that integrates query plans and retrieved
demonstrations to expose performance bottle-
necks and enhance structural reasoning; and
(ii) a reinforcement-learning framework with
execution-driven rewards and a correctness-to-
efficiency curriculum, enabling stable training
across executability, equivalence, and efficiency.

• We evaluate E3-Rewrite on multiple SQL bench-
marks, achieving up to 25.6% lower execution
time than strong baselines and 7.3% more equiva-
lent rewrites.

2 Related Work

SQL Rewriting. Existing query rewriting meth-
ods have evolved from rule-based systems to
learning-based and LLM-augmented approaches.
(1) Heuristic Rule-based Systems. Early systems
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Figure 2: Overview of our E³-Rewrite. The system introduces execution hints into the prompt using parsed query
plans, then optimizes a finetuned LLM with two-stage GRPO training that incorporates executability, equivalence,
and efficiency rewards. During inference, E³-Rewrite retrieves hybrid demonstrations based on structure and
semantics to guide rewriting, and updates its memory pool with rewrites that yield substantial execution gains.

like PostgreSQL (PostgreSQL, 2025) and Vol-
cano (Graefe and McKenna, 1993) rely on fixed
or heuristic rule sequences. These approaches of-
ten neglect inter-rule dependencies (Graefe, 1995),
leading to blind or inefficient search. (2) Learning-
based Rule Selection. LearnedRewrite (Zhou et al.,
2021) treats rewriting as a rule search problem and
uses MCTS with learned cost models. However,
generalization across schemas remains limited due
to reliance on schema-specific reward estimators.
(3) LLM-Augmented Rewriting. LLM-R² (Li et al.,
2024) and R-Bot (Sun et al., 2025) leverage LLMs
for rule retrieval or recommendation via prompting.
QUITE (Song et al., 2025) adopts a training-free,
feedback-aware multi-agent pipeline that combines
a structured knowledge base, hybrid SQL correc-
tor, and hint injection to iteratively refine rewrites.
While promising, existing approaches remain con-
strained by limited generalization and execution
awareness (Liu and Mozafari, 2024), motivating
the need for a fully learnable, feedback-driven
rewriting framework beyond rule enumeration.

LLM-Based SQL Generation. Parallel to rewrit-
ing, LLMs have achieved remarkable performance
in NL2SQL tasks, including DIN-SQL (Pourreza
and Rafiei, 2023), MAC-SQL (Wang et al., 2025),
and COGSQL (Yuan et al., 2025). These systems
adopt prompt engineering, chain-of-thought reason-
ing, or multi-agent collaboration to enhance genera-
tion quality. However, most focus solely on produc-

ing executable queries, and evaluate correctness via
execution consistency (Yu et al., 2018). They do
not ensure strict semantic equivalence (Chu et al.,
2017; Zhou et al., 2022a) with a reference query,
an essential aspect in SQL rewriting where input-
output fidelity is critical.

Beyond SQL, related work has explored rein-
forcement learning with compiler and symbolic
execution feedback for code translation (Jana et al.,
2024) and few-shot example selection for LLM-
based refactoring (Shirafuji et al., 2023). Unlike
these tasks, SQL performance rewriting jointly con-
siders executability, semantic equivalence, and exe-
cution efficiency.

3 Problem Formulation

Unlike text-to-SQL, which generates SQL from
natural-language questions and is typically evalu-
ated by execution correctness, we focus on SQL-
to-SQL performance rewriting: rewriting a given
SQL query q into an equivalent yet more efficient
form. Formally, the rewritten query q′ should sat-
isfy:

• Executability: q′ conforms to SQL syntax and
executes successfully on the target DBMS.

• Equivalence: q ≡ q′, i.e., for any database in-
stance D, the result sets q(D) and q′(D) are iden-
tical, ensuring query equivalence.

• Efficiency: Under the same execution environ-
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Execution Hint Example

Input SQL

[Query Plan]

SELECT * FROM title t, movie_info_idx
mi_idx WHERE t.id = mi_idx.movie_id
AND t.kind_id > 2 AND t.production_year
> 2010 AND mi_idx.info_type_id = 99;

Gather  
Cost: Startup 55.9K, Total 80.9K  |  Row Count: 50.3K  
Time: 726ms to 867ms  |  Output: 22.2K rows  
Workers: Planned = 2, Launched = 2
└─ Parallel Hash Join  

Cost: Startup 54.9K, Total 74.8K  |  Row Count: 20.9K  
Time: 721ms to 745ms  |  Output: 7.4K rows  
➤ Hash Cond: mi_idx.movie_id = t.id
├─ Parallel Seq Scan on movie_info_idx mi_idx
│     Cost: 0 → 15.1K  |  Row Count: 193.7K  
│     Time: 0.2ms to 39ms  
│     Filter: info_type_id = 99  
│     ⛔ Rows Removed by Filter: 306.7K
└─ Parallel Hash  

Build Time: 421ms  
Buckets: 32.8K  |  Batches: 16  |  Memory: 2,432KB 
└─ Parallel Seq Scan on title t  

Cost: 0 → 51.8K  |  Row Count: 113.9K  
Time: 0.1ms to 112ms  
Filter: kind_id > 2 AND production_year > 2010  
⛔ Rows Removed by Filter: 749.6K

[Summary]
• Planning Time: 118ms  
• Total Execution Time: 867ms

Figure 3: Execution hint example.

ment, the runtime of q′ is lower than that of q,
i.e., T (q′) < T (q).

4 Method

4.1 The Overview of E3-Rewrite

E3-Rewrite is an end-to-end SQL rewriting frame-
work that combines large language models with
reinforcement learning and demonstration reuse
to produce executable, equivalent, and efficient
rewrites. As shown in Figure 2, the system con-
sists of three components: (i) Prompt Design,
which extracts query execution plans via EX-
PLAIN/ANALYZE, linearizes them into text se-
quences, and prepends them to queries to high-
light structural bottlenecks; (ii) Two-Stage Rein-
forcement Learning, which fine-tunes the model
with GRPO and a curriculum that first emphasizes
correctness (executability and equivalence) and
then efficiency; and (iii) Inference & Evaluation,
where a hybrid retriever selects past successful
rewrites for guidance and new effective rewrites
are added back to the demonstration pool for reuse.

4.2 Execution Hint Injection

Although large language models exhibit strong rea-
soning ability, limited execution awareness often
causes them to generate SQL rewrites that are inef-
ficient or non-equivalent. To address this, we treat
query execution plans as execution hints that reflect
how the DBMS interprets and optimizes a query.
These plans reveal operator choices, join orders,
and runtime bottlenecks, offering richer optimiza-
tion cues than raw SQL. We obtain them using stan-
dard EXPLAIN for cost estimates and EXPLAIN
ANALYZE for runtime traces (PostgreSQL, 2025);
the latter is used during training to capture realis-
tic performance data, while the former is used at
inference to reduce latency.

To make hints model-consumable, we linearize
the hierarchical plan into an indented text sequence
that preserves operator nesting and prepend it to
the SQL query. This execution-aware context en-
ables the model to detect inefficiencies such as full
scans, unindexed joins, or redundant filters, and
to generate more efficient rewrites. As shown in
Figure 3, the hint highlights bottlenecks like rows
discarded by post-filtering or sequential scans with-
out indexes, thereby offering structural cues for
rewriting.

4.3 Reinforcement Learning for SQL
Rewriting

To enable self-improving SQL rewriting, we
fine-tune foundation LLMs with RL guided by
execution-aware reward signals. Traditional meth-
ods like PPO (Schulman et al., 2017) struggle with
discrete, sparse, and conflicting rewards, which are
common in SQL rewriting.

We therefore adopt the Group-Relative Policy
Optimization (GRPO) algorithm (Guo et al., 2025),
which eliminates the need for a value network and
stabilizes learning via intra-group comparisons of
sampled rewrites. For each input query q, the
model samples N candidate rewrites, evaluates
them with scalar rewards {ri}, and computes rela-
tive advantages Ai by normalizing within the group.
GRPO then applies a clipped policy-gradient up-
date with KL regularization, where the clipping
threshold ϵ and the regularization coefficient β con-
trol training stability. This design makes GRPO
well-suited for our setting, where rewrite quality de-
pends on non-differentiable and delayed execution
feedback.
Execution-Aware Reward Function. To guide
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learning with meaningful execution feedback, we
define a composite reward that combines three ob-
jectives:

Rtotal = λeqReq + λexecRexec + λperfRperf. (1)

• Executability (Rexec): We use EXPLAIN to
pre-execute the query in the target DBMS. If the
query passes both parsing and semantic analysis,
we set Rexec = 1; otherwise, Rexec = 0.

• Equivalence (Req): We adopt a three-stage
verification pipeline to determine whether the
rewritten query is equivalent to the original query.
First, we employ two complementary formal SQL
equivalence checkers, SQLSolver (Ding et al.,
2023) and QED (Wang et al., 2024), to deter-
mine equivalence. If the result is positive, we set
Req = 1; if explicitly negative, we set Req = 0. If
the solver returns an unknown verdict (e.g., timeout
or unsupported constructs), we invoke a lightweight
LLM-based semantic judgment to assess equiv-
alence (Zhao et al., 2023a; Singh and Bedathur,
2024). For cases where the LLM output is incon-
clusive, we fall back to executing both queries and
compare their outputs over sampled database in-
stances. Only when the execution results match
exactly, we set Req = 1; else, we set Req = 0.
• Performance Improvement (Rperf): We ex-

tract the estimated execution cost from EXPLAIN
and define:

Rperf = max

(
0,

T (q)− T (q′)
T (q)

)
, (2)

where T (·) denotes the optimizer-estimated cost.
This reward encourages performance improvement
without compromising executability or equiva-
lence.
Curriculum-Guided Training. To stabilize learn-
ing and mitigate reward conflicts between exe-
cutability, equivalence, and efficiency, we adopt a
curriculum RL strategy (Bengio et al., 2009; Feng
et al., 2025; Huang et al., 2025). The training pro-
cess is split into two stages:
• Stage 1: Correctness-first Learning. We

activate only Req and Rexec, guiding the model
to produce SQL rewrites that are executable and
equivalent to the original query.
• Stage 2: Optimization-aware Refinement.

Once the model consistently satisfies correct-
ness constraints, we enable Rperf to encourage
performance-oriented rewrites. Training proceeds
with the full reward function, jointly optimizing for
equivalence and efficiency.

• (Optional) Rehearsal. To prevent degrada-
tion in equivalence or executability, some Stage 1
examples are periodically revisited in Stage 2.

This progressive reward schedule allows the
model to first acquire a robust understanding of
SQL executability and equivalence, before shift-
ing attention to optimization focused on reducing
execution latency. Combined with GRPO’s group
level feedback mechanism, this design yields a sta-
ble rewriting policy informed by execution behav-
ior, capable of generalizing to diverse and complex
SQL workloads.

4.4 Hybrid Demonstration Retrieval
To enable effective demonstration-based rewriting,
we design a retrieval module that selects relevant
SQL rewrites from a demonstration pool using a
hybrid structural–semantic similarity metric.

Let q denote the input SQL query and C =
{qi}Ni=1 be the demonstration pool. For each qi ∈
C, we compute the overall similarity Sim(q, qi) as:

Sim(q, qi) = α · Simstruct(q, qi)

+ (1− α) · Simsem(q, qi).
(3)

where α ∈ [0, 1] is a balancing coefficient between
the structural and semantic components.
Structural Similarity. Following prior work on
tree-based evaluation for SQL queries (Song et al.,
2024), we define structural similarity based on the
abstract syntax tree (AST) edit distance. Each SQL
query is parsed into an operator-level AST T (q),
and the similarity is computed as:

Simstruct(q, qi) = 1− TED(T (q), T (qi))

max(|T (q)|, |T (qi)|)
, (4)

Here, TED(·, ·) denotes the tree edit distance com-
puted via the APTED algorithm, and |T (·)| is the
number of AST nodes. The score is normalized to
[0, 1], with higher values indicating stronger struc-
tural resemblance.
Semantic Similarity. To measure the semantic
alignment between queries, we compute the cosine
similarity of their contextual embeddings:

Simsem(q, qi) = cos (eq, eqi) , (5)

where eq, eqi ∈ Rd are dense representations
derived from a pretrained transformer en-
coder (Reimers and Gurevych, 2019). This
component captures query-level intent beyond
syntactic forms (Zhao et al., 2023b, 2022).
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Query Latency (s)
TPC-H IMDB DSB

Average Median p90 Average Median p90 Average Median p90

Origin 78.81 10.75 300.00 5.74 1.54 18.53 38.83 3.53 300.00

LearnedRewrite 41.34 9.73 103.41 5.73 1.54 18.51 32.61 3.19 98.67
LLM-R2 54.76 10.02 300 5.32 1.47 17.44 20.12 2.96 48.67
R-Bot 39.89 9.15 84.27 5.54 1.52 18.07 27.75 3.12 89.96

E3-Rewrite (Qwen) 29.67 8.63 51.37 5.01 1.44 16.71 16.93 2.46 38.47

Table 1: Different Methods on Query Latency (s)

Demonstration Retrieval and Pool Update. For
an input query q, we retrieve the top-k most similar
examples from C as in-context demonstrations. The
pool is dynamically updated: if a new rewrite is
equivalent and yields significant speedup (e.g., >
0.5×), the original–rewrite pair is added. This
continual update keeps the pool evolving with high-
quality, generalizable examples.

5 Experiment

5.1 Experiment Setting

Dataset. We evaluate our system on three widely
used SQL rewriting benchmarks: (1) TPC-H (TPC-
H Benchmark, 2025), a standard decision sup-
port benchmark consisting of 22 parameterized
query templates. We generate approximately 2,000
queries over a 10GB database using the official
toolkit. (2) IMDB (JOB) (Maas et al., 2011; Leis
et al., 2015), a benchmark derived from the Join Or-
der Benchmark, containing 2,000 analytical queries
over the IMDB schema with diverse join patterns.
(3) DSB (Ding et al., 2021), which extends TPC-
DS to model modern decision support scenarios. It
includes 2,000 complex queries featuring nested
structures, aggregations, and patterns that are par-
ticularly challenging for query optimizers.
LLM. For our method, we fine-tune open-source
models from the Qwen3 (Yang et al., 2025) fami-
lies. We also include GPT-4o, a commercial closed-
source model that serves as the backbone for sev-
eral LLM-based baselines, including LLM-R2, and
R-Bot.
Baselines. We compare our method with the fol-
lowing representative SQL rewriting systems: (1)
LearnedRewrite (LR) (Zhou et al., 2021), which
uses MCTS guided by a learned cost model to
search for the best rule sequences; (2) LLM-R² (Li
et al., 2024), which prompts with demonstrations
and applies rewrite rules via Apache Calcite; (3) R-

Bot (Sun et al., 2025), a retrieval-augmented LLM
system that performs step-by-step rule selection.
Evaluation Metrics. We evaluate the quality of
rewritten queries using the following metrics: (1)
Equivalence Rate, defined as the proportion of gen-
erated rewrites that are executable and produce
the same output tuples as the original queries on
the same database instance. (2) Query Latency,
which measures the execution time of executable
and equivalent rewrites; rewrites failing execution
or equivalence checks are excluded to avoid conflat-
ing efficiency gains with correctness failures. (3)
Improved Queries, which counts executable and
equivalent rewrites that reduce execution time by
at least 10% relative to the original query. For la-
tency measurement, each query is executed five
times, with the highest and lowest runs discarded
before averaging. We report the mean, median,
and 90th percentile (p90) latency under a uniform
300-second timeout, where timed-out queries are
recorded as 300 seconds.
System Environment. All queries are evaluated
on PostgreSQL v14. Experiments are conducted
on a server with a 24-core Intel Xeon @ 3.0GHz,
512 GB RAM, and 8×A100 GPUs (80 GB). Train-
ing requires approximately 60 GPU hours, includ-
ing reinforcement learning and curriculum-based
finetuning. Additional implementation details and
hyperparameters are provided in Appendix A.

5.2 Execution Efficiency Evaluation
We evaluate the execution efficiency of different
rewriting methods using query latency as the pri-
mary metric, reflecting runtime cost and overall
performance. Each query is executed five times un-
der identical hardware and database settings, and
the average latency is computed after removing the
highest and lowest values to reduce caching noise.
Table 1 summarizes results on TPC-H, IMDB,
and DSB. E3-Rewrite achieves the lowest latency
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Figure 5: Improvement Counts of SQL Rewrites across
Different Benchmarks.

across all datasets, reducing TPC-H average from
78.81s (Original) to 29.67s and p90 latency from
300.00s to 51.37s. LearnedRewrite provides mod-
erate improvement but remains constrained by its
fixed rule set. LLM-R2 lowers mean latency yet
struggles with high-latency outliers, showing insta-
bility under complex workloads. R-Bot performs
well on IMDB but degrades on DSB with deeper an-
alytical joins. In contrast, E3-Rewrite consistently
improves both average and tail latency, demonstrat-
ing robust adaptation across diverse queries.

Figure 4 shows latency distributions across four
log-spaced ranges. E3-Rewrite clearly shifts query
execution toward lower-latency regions, increasing
fast queries (<3s) from 130 to 186 and reducing
slow ones (>100s) from 107 to 30. This improve-
ment stems from the interplay of three core com-
ponents: execution hints that expose runtime inef-
ficiencies (e.g., full scans, nested loops), GRPO-
based reinforcement learning that stabilizes train-
ing while balancing executability, equivalence, and
efficiency, and hybrid demonstration retrieval that
enhances structural generalization by reusing ef-

Method TPC-H IMDB DSB

LearnedRewrite 88.8 100.0 76.4
LLM-R2 91.2 99.2 86.4
R-Bot 96.8 98.6 95.4
E3-Rewrite 99.6 99.4 98.8

Table 2: Equivalence ratio (%) of SQL rewrites across
different benchmarks.

Method
Avg Latency

Improvement (s)
Improved
Queries

Equiv.
Ratio

E3-Rewrite
(Qwen 14B)

78.81 → 35.58 158 94.8%

E3-Rewrite
(Qwen 32B)

78.81 → 29.67 210 99.6%

Table 3: Rewrite quality of E3-Rewrite under different
model scales on TPC-H.

fective rewrites. Together, these components yield
stronger runtime stability and mitigate heavy-tail
latency cases by steering the model away from in-
efficient join orders and redundant scans.

5.3 Rewriting Quality and Model Behavior
Analysis

We evaluate rewrite quality using three metrics:
average latency, improved query count, and equiva-
lence ratio. Figure 5 and Table 2 compare results
on TPC-H, IMDB, and DSB, showing the number
of improved queries and the percentage of equiva-
lent rewrites. E3-Rewrite consistently outperforms
all baselines, achieving the highest equivalence ra-
tios and improvement counts on every dataset. On
TPC-H, it produces 210 improved rewrites with a
99.6% equivalence ratio, surpassing LLM-R2 and
R-Bot. Similar trends appear on IMDB and DSB,
where equivalence rates reach 99.4% and 98.8%.

This strong performance stems from two core
design choices. First, incorporating execution plan
context enables safer, more targeted rewrites by re-
vealing operator-level bottlenecks and structural de-
pendencies. Second, the reward-based fine-tuning
jointly optimizes execution efficiency and semantic
fidelity, helping preserve the intent of the original
query. Table 3 further analyzes model scaling: E3-
Rewrite with Qwen 14B achieves 158 improved
queries and a 94.8% equivalence ratio on TPC-H,
confirming effectiveness with moderate capacity,
while scaling to Qwen 32B yields further gains,
demonstrating strong scalability and efficiency.
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Method
TPC-H 1G TPC-H 5G TPC-H 10G

Avg Median p90 Avg Median p90 Avg Median p90

Original 52.58 0.42 300.00 54.49 1.54 300.00 78.81 10.75 300.00
LearnedRewrite 16.98 0.38 18.31 21.02 1.52 26.43 41.34 9.73 103.41
LLM-R2 19.48 0.41 25.06 25.79 1.50 32.38 54.76 10.02 300
R-Bot 14.64 0.40 17.45 19.68 1.41 24.21 39.89 9.15 84.27
E3-Rewrite 12.39 0.41 9.47 16.14 1.43 16.28 29.67 8.63 51.37

Table 4: Query Latency Across Different TPC-H Scales.

5.4 Robustness Evaluation
We assess the robustness of E3-Rewrite under vary-
ing data scales by evaluating its performance on the
TPC-H benchmark at 1GB, 5GB, and 10GB. As
shown in Table 4, our method consistently achieves
the lowest average and 90th percentile (p90) la-
tencies across all scales. Specifically, p90 latency
increases moderately from 9.47s at 1GB to 51.37s
at 10GB, indicating strong scalability. In contrast,
LLM-R2 shows significant performance degrada-
tion, with p90 reaching the 300s timeout at the
10GB scale. These results suggest that E3-Rewrite
generalizes effectively to larger datasets and more
complex query plans.

We attribute this robustness to two key factors:
(1) the use of structured, execution-aware prompts
that expose inefficiencies in query plans and help
the model learn transferable optimization patterns,
and (2) reward-guided optimization that aligns
model behavior with performance-oriented rewrit-
ing while preserving correctness. Such scalability
and stability are crucial for real-world deployment,
where query complexity, data scale, and workload
characteristics vary widely.

5.5 Ablation Study
To better understand the role of each core compo-
nent in E3-Rewrite, we conduct an ablation study
on the TPC-H benchmark. As shown in Table 5,
we evaluate the effect of removing three key mod-
ules individually—RL, execution plan hints, and
demonstration retrieval, while keeping the remain-
ing ones intact to isolate their impact. Specifically,
removing RL skips policy optimization and uses
the base LLM with plan hints and retrieval. Re-
moving execution plan hints excludes plan-derived
context from the prompt, while still applying RL
and retrieval. Removing retrieval disables example
selection and uses a static prompt template, while

Method
Avg

Latency (s)
Improved
Queries

Equiv.
Ratio

E3-Rewrite(full) 29.67 210 99.6%
E3-Rewrite

(w/o Execution Hint)
39.56 163 98.4%

E3-Rewrite(w/o RL) 32.29 194 90.2%
E3-Rewrite

(w/o Demonstration)
35.39 177 96.4%

E3-Rewrite(vanilla) 56.71 125 84.8%

Table 5: Ablation Study of E3-Rewrite on TPC-H.

keeping plan hints and RL active. We also include a
vanilla baseline that applies the base LLM without
any fine-tuning or structured input.

Disabling RL causes the largest drop in equiv-
alence (99.6%→90.2%), highlighting the neces-
sity of reward-guided optimization. Excluding
plan hints yields the highest latency increase
(29.67s→39.56s), showing their role in exposing
structural inefficiencies (e.g., nested loops, full
scans). Removing retrieval reduces the number
of improved queries (210→177), indicating that
relevant examples enhance generalization. The
vanilla variant performs worst (56.71s latency,
84.8% equivalence), confirming the importance
of both training and structural guidance. Over-
all, the results demonstrate distinct contributions:
RL enforces equivalence and efficiency, plan hints
provide structural awareness, and retrieval supports
pattern reuse across queries.

6 Conclusion

We presented E3-Rewrite, an LLM-based frame-
work for executable, equivalent, and efficient SQL
rewriting that combines execution-guided context,
reinforcement learning with execution-driven re-
wards, curriculum training, and hybrid demon-
stration retrieval. Grounded in execution signals
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and optimized with multi-objective rewards, E3-
Rewrite improves rewrite reliability and perfor-
mance. Experiments on three benchmarks show
efficiency gains and coverage over baselines.

Limitations

While E3-Rewrite achieves consistent gains across
multiple SQL benchmarks, several limitations re-
main. First, the framework currently relies on Post-
greSQL for execution feedback and cost estimation,
and extending it to other database systems may re-
quire adapting plan extraction and cost modeling.
Second, equivalence verification and reward com-
putation involve repeated query executions, increas-
ing training overhead. Finally, reward weights and
retrieval balance are manually tuned, and the fixed
combination of structural and semantic similarity
may limit adaptability across workloads.
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A Experimental Setup and
Implementation Details

A.1 Training and Test Data Description

We construct the RL training corpus from the train-
ing splits of TPC-H, IMDB (JOB), and DSB, com-
prising approximately 8,000 source queries in total.
For TPC-H and DSB, additional training queries
are instantiated from parameterized templates with
distinct parameter configurations, while IMDB pro-
vides analytical queries with diverse join structures.
All training queries are validated to execute suc-
cessfully on PostgreSQL v14, and their EXPLAIN
and EXPLAIN ANALYZE outputs are collected to
provide execution feedback for GRPO training.

For each benchmark, the test set contains 500
SQL queries that are strictly disjoint from the train-
ing corpus. To prevent data leakage, we eliminate
overlap using template IDs for TPC-H and DSB
and AST-based comparison for IMDB. All train-
ing resources are constructed exclusively from the
training split, ensuring that no test query is used
during training.

A.2 GRPO Parameter Settings and Reward
Sensitivity Analysis

We fine-tune our SQL rewriting model using
Group-Relative Policy Optimization (GRPO) with
Qwen3-14B and Qwen3-32B as the base models.
Training is conducted for a single epoch on approx-
imately 8,000 source SQL queries with a batch size
of 256. For each input query, GRPO samples 4 or 8
candidate rewrites and computes group-normalized
advantages based on their rewards.

α Retrieval Time (s) Improved Queries

0.0 0.07 64
0.3 0.76 71
0.5 0.72 81
0.7 0.73 76
1.0 1.04 78

Table 6: Sensitivity to the retrieval balance coefficient α
on the TPC-H benchmark (k=1; fixed checkpoint, plan
prompting, and demo-pool snapshot).

Reward formulation. The total reward in GRPO
training is defined as

Rtotal = λeqReq + λexecRexec + λperfRperf,

where Req evaluates semantic equivalence using
our three-stage verification pipeline, Rexec indi-
cates whether the rewritten SQL is valid and ex-
ecutable in PostgreSQL, and Rperf measures rela-
tive performance improvement based on optimizer-
estimated cost reduction. In Stage 1, only Req and
Rexec are activated to establish correctness, while
Rperf is introduced in Stage 2 to encourage effi-
cient rewrites. The reward weights are selected
through sensitivity analysis to maintain stable train-
ing across benchmarks.

Two-stage training strategy. To stabilize GRPO
training and avoid premature optimization toward
efficiency, we employ a two-stage curriculum. In
Stage 1, only the correctness-oriented rewards
Req and Rexec are activated (i.e., λperf=0), guid-
ing the model to generate executable and seman-
tically equivalent rewrites. Once correctness be-
comes stable, we introduce the performance re-
ward Rperf in Stage 2 to further optimize query effi-
ciency. This staged optimization allows the model
to establish reliable correctness before introducing
performance-oriented feedback, reducing conflicts
among reward objectives during training.

A.3 Sensitivity of the Demonstration Retrieval
Parameter

We further examine how the retrieval balance co-
efficient α affects the retriever’s efficiency and the
quality of retrieved demonstrations. Table 6 reports
the sensitivity of E3-Rewrite to the retrieval bal-
ance coefficient α on the TPC-H benchmark. As
the table shows, retrieval latency remains stable for
intermediate values of α (0.3–0.7), while purely

34131

https://doi.org/10.14778/3636218.3636235
https://doi.org/10.14778/3636218.3636235
https://doi.org/10.14778/3636218.3636235
https://doi.org/10.1109/ICDE53745.2022.00250
https://doi.org/10.1109/ICDE53745.2022.00250
https://doi.org/10.1109/ICDE53745.2022.00250
https://doi.org/10.1109/TKDE.2020.2994641
https://doi.org/10.1109/TKDE.2020.2994641
https://doi.org/10.14778/3485450.3485456
https://doi.org/10.14778/3485450.3485456


semantic retrieval (α=0) is fastest since it only
requires embedding-based similarity, and purely
structural retrieval (α=1.0) is the slowest due to
costly tree-edit distance computations.

The number of improved queries peaks around
α=0.5, confirming that a balanced combination
of structural and semantic similarity provides the
most effective demonstrations for rewriting. It is
worth noting that both TPC-H and DSB queries
are template-generated, leading to high structural
redundancy where structural cues dominate; in
contrast, IMDB queries are manually written and
structurally diverse, where semantic similarity con-
tributes more substantially to retrieval quality.

B Further Analysis

To further assess the generalization capability of
E3-Rewrite, we evaluate its performance on the
DSB benchmark using models trained on a differ-
ent dataset. Specifically, we compare two variants:
one trained directly on DSB (in-domain), and one
trained on the TPC-H dataset without any addi-
tional fine-tuning. As shown in Table 9, the model
trained on TPC-H still achieves strong performance
on DSB, with only a modest drop in average latency
(from 16.93s to 17.44s), improved queries (151 to
146), and equivalence ratio (98.8% to 97.4%).

B.1 Rewriting Latency Analysis

Method TPC-H IMDB DSB

LearnedRewrite 0.99 0.14 1.23
LLM-R2 6.36 2.97 8.71
R-Bot 3.75 1.51 5.94

E3-Rewrite 3.91 1.61 5.87

Table 8: Average rewriting latency per query (seconds).

We compare the average rewriting latency of dif-
ferent methods across TPC-H, IMDB, and DSB
in Table 8. E3-Rewrite achieves average laten-
cies of 3.91s, 1.61s, and 5.87s on TPC-H, IMDB,
and DSB, respectively. It consistently outperforms
LLM-R2 in latency and remains comparable to R-
Bot across all three benchmarks. LearnedRewrite
is the fastest method, with latencies of 0.99s, 0.14s,
and 1.23s, owing to its rule-based search paradigm.
Overall, E3-Rewrite maintains practical rewriting
efficiency while providing the flexibility of direct

query generation and execution-aware optimiza-
tion.

B.2 Cross-Dataset Robustness

Training Dataset
Avg

Latency (s)
Improved
Queries

Equiv.
Ratio

DSB (in-domain) 16.93 151 98.8%
TPC-H (cross-domain) 17.44 146 97.4%

Table 9: Cross-dataset robustness on DSB: performance
of E3-Rewrite trained on TPC-H vs. trained on DSB.

These results demonstrate that E3-Rewrite learns
transferable rewriting behaviors that generalize
across benchmarks with different query styles and
schema characteristics. This cross-dataset robust-
ness highlights the framework’s potential for de-
ployment in unseen workloads without retraining.

B.3 Model Scale Analysis on DSB

Model
Avg Latency

improvement(s)
Improved
Queries

Equiv.
Ratio

E3-Rewrite
(Qwen 14B)

38.83 → 28.39 86 89.4%

E3-Rewrite
(Qwen 32B)

38.83 → 16.93 151 98.8%

Table 10: Rewrite quality of E3-Rewrite under different
model scales on DSB.

We further evaluate the impact of model scale on
the DSB benchmark, which contains highly diverse,
deeply nested decision-support queries. As shown
in Table 10, E3-Rewrite with Qwen 14B yields
86 improved rewrites and an 89.4% equivalence
ratio. While this confirms that our method remains
functional at moderate scale, the performance gap
to larger models is pronounced on DSB.

Scaling up to Qwen 32B significantly enhances
all metrics: the number of improved rewrites nearly
doubles (151 vs. 86), equivalence ratio rises to
98.8%, and average latency drops from 28.39s to
16.93s. We attribute these gains not only to in-
creased model capacity, but also to DSB’s inher-
ent structural complexity: many queries involve
multi-hop joins, correlated subqueries, and domain-
specific aggregation logic that challenge smaller
models’ planning and generalization abilities.

Overall, these results suggest that while E3-
Rewrite is robust even under moderate model sizes,
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Dataset Total
Equiv. Tool LLM Check Exec Compare

#Finalized (%) Avg (s) #Finalized (%) Avg (s) #Finalized (%) Avg (s)

TPC-H 500 422 (84.4) 0.72 56 (11.2) 1.26 22 (4.4) 16.98
IMDB 500 492 (98.4) 0.15 5 (1.0) 0.73 3 (0.6) 2.35
DSB 500 398 (79.6) 0.88 64 (12.8) 1.47 38 (7.6) 9.47

Table 7: Stage-wise equivalence verification results of E3-Rewrite across datasets.

structurally complex workloads such as DSB de-
mand larger models to fully realize the benefits
of reward-aligned optimization and plan-sensitive
rewriting.

B.4 Dynamic Demonstration Pool Update
Analysis

Setting
Equiv.
Ratio

Avg.
Latency (s)

Improved
Queries

w/o Demos 96.4% 35.39 177
Static Demos 97.2% 33.48 186
Dynamic Update 99.6% 29.67 210

Table 11: Effect of dynamic demonstration pool update
on TPC-H.

To isolate the contribution of the dynamic demon-
stration pool update, we compare three variants on
the TPC-H benchmark: (A) removing demonstra-
tions entirely, (B) using a static demonstration pool
without updates, and (C) our full dynamic pool up-
date strategy. As shown in Table 11, static demon-
strations already improve over the no-retrieval set-
ting, increasing the equivalence ratio from 96.4%
to 97.2%, reducing average latency from 35.39s
to 33.48s, and increasing the number of improved
queries from 177 to 186. More importantly, en-
abling dynamic pool updates further improves all
metrics, achieving 99.6% equivalence, 29.67s av-
erage latency, and 210 improved queries. These
results indicate that the dynamic update mechanism
enriches the demonstration pool with high-quality
executable and equivalent rewrites, thereby provid-
ing more effective guidance for subsequent queries.

B.5 Equivalence Verification Efficiency and
Stage Analysis

The equivalence verification process of E3-Rewrite
follows a three-stage pipeline combining symbolic
reasoning, semantic evaluation, and execution-
based validation. As shown in Table 7, SQLSolver

and QED resolve 84.4%, 98.4%, and 79.6% of
queries on TPC-H, IMDB, and DSB, respectively,
with sub-second average latency. Queries not fi-
nalized by the symbolic checker are passed to the
LLM-based semantic checker, which resolves an
additional 11.2%, 1.0%, and 12.8% of cases. Only
4.4%, 0.6%, and 7.6% of queries require execution-
level comparison.

Execution-based verification is more expensive,
with average latencies of 16.98s, 2.35s, and 9.47s
on TPC-H, IMDB, and DSB, respectively. Overall,
the hierarchical design allows most queries to be
resolved by the lower-cost symbolic and semantic
stages, while reserving execution comparison for a
small fraction of difficult cases.

B.6 Cost–Latency Consistency Analysis
Our RL objective uses optimizer-estimated cost as
a lightweight training signal, while our primary
evaluation metric is measured runtime latency. To
quantify their consistency, for each rewrite pair
(q, q′) we compute the relative improvements:

∆C =
cost(q)− cost(q′)

cost(q)
, (6)

∆T =
T (q)− T (q′)

T (q)
, (7)

where cost(·) is obtained from EXPLAIN and T (·)
is the end-to-end execution time under the same
environment. We then measure the absolute gap
e = |∆C − ∆T | and report its distribution over
rewrite pairs.

Dataset #Pairs e < 0.05 [0.05, 0.10) ≥ 0.10

TPC-H 500 492 (98.4%) 8 (1.6%) 0 (0%)
IMDB 500 488 (97.6%) 6 (1.2%) 6 (1.2%)
DSB 500 472 (94.4%) 26 (5.2%) 2 (0.4%)

Table 12: Distribution of the gap between relative cost
and latency improvements.

As shown in Table 12, the vast majority of
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rewrite pairs exhibit a very small gap between es-
timated cost reduction and measured latency im-
provement. Across all benchmarks, over 94%
of rewrites fall within e < 0.05, indicating that
optimizer-estimated cost closely tracks runtime
behavior in practice. The few cases with larger
gaps are primarily observed on more complex
workloads, which we attribute to optimizer estima-
tion noise and runtime system variability. Over-
all, this analysis supports the use of cost as a
lightweight and reasonably aligned proxy during
training, while final evaluation is conducted using
measured latency.

C Case Study

C.1 TPC-H Correlated Subquery
Figure 6 shows a TPC-H query that retrieves sup-
pliers from Egypt who provide parts with names
starting with sienna%, where the available quan-
tity exceeds half of the shipped quantity for the
same part-supplier pair in 1995. The original query
contains nested correlated subqueries over part,
partsupp, lineitem, and supplier, causing re-
peated aggregation and redundant scans.

E3-Rewrite converts the correlated subqueries
into CTEs that pre-filter relevant parts and pre-
aggregate shipment quantities by part and supplier.
This transformation replaces repeated subquery
evaluation with explicit joins, allowing the opti-
mizer to reuse intermediate results and generate
a more efficient execution plan. As a result, the
execution time is reduced from over 300 seconds
to 2.53 seconds.

C.2 DSB Scalar Subquery
Figure 7 shows a DSB query that finds Illinois
customers whose 1998 catalog-return amount ex-
ceeds 120% of the state-level average. The origi-
nal query relies on a nested scalar subquery over
customer_total_return, resulting in repeated
scans of identical aggregated results.

E3-Rewrite restructures the query using two
CTEs: customer_total_return, which aggre-
gates return amounts by customer and state, and
state_avg_return, which computes the state-
level threshold. By materializing these interme-
diate aggregations and joining them explicitly, the
rewritten query avoids repeated scalar-subquery
evaluation and exposes a clearer join structure to
the optimizer. This reduces the runtime from over
300 seconds to 0.98 seconds.
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Figure 6: Example of correlated subquery rewriting on the TPC-H benchmark. E3-Rewrite transforms the nested
subqueries into pre-aggregated CTEs with predicate pushdown, reducing execution time from over 300 s to 2.53 s.

(a) Original SQL

>300 s

(b) Our Rewrite

0.98 s
WITH customer_total_return AS (

SELECT cr.cr_returning_customer_sk AS ctr_customer_sk, ca.ca_state
AS ctr_state,

SUM(cr.cr_return_amt_inc_tax) AS ctr_total_return FROM 
catalog_returns cr

JOIN date_dim dd ON cr.cr_returned_date_sk = dd.d_date_sk JOIN 
customer_address ca ON cr.cr_returning_addr_sk = ca.ca_address_sk
WHERE dd.d_year = 1998 GROUP BY cr.cr_returning_customer_sk, 

ca.ca_state
),state_avg_return AS (

SELECT ctr_state, AVG(ctr_total_return) * 1.2 AS threshold
FROM customer_total_return GROUP BY ctr_state

)SELECT c.c_customer_id,c.c_salutation,c.c_first_name,c.c_last_name,
ca.ca_street_number, ca.ca_street_name, ca.ca_street_type, 
ca.ca_suite_number, ca.ca_city, ca.ca_county, ca.ca_state, ca.ca_zip, 
ca.ca_country, ca.ca_gmt_offset, ca.ca_location_type, ctr.ctr_total_return
FROM customer_total_return ctr
JOIN state_avg_return sar ON ctr.ctr_state = sar.ctr_state
JOIN customer c ON ctr.ctr_customer_sk = c.c_customer_sk
JOIN customer_address ca ON c.c_current_addr_sk = 
ca.ca_address_sk WHERE ca.ca_state = ‘IL‘ AND 
ctr.ctr_total_return > sar.threshold ORDER BY
c.c_customer_id,c.c_salutation,c.c_first_name,c.c_last_name,
ca.ca_street_number,ca.ca_street_name,ca.ca_street_type,
ca.ca_suite_number,ca.ca_city,ca.ca_county,ca.ca_state,ca.ca_zip,ca.ca_co
untry,ca.ca_gmt_offset,ca.ca_location_type,ctr.ctr_total_return LIMIT 100;

with customer_total_return as (select 
cr_returning_customer_sk as ctr_customer_sk ,ca_state
as ctr_state, sum(cr_return_amt_inc_tax) as 
ctr_total_return from 
catalog_returns ,date_dim ,customer_address where 
cr_returned_date_sk = d_date_sk and d_year =1998 and 
cr_returning_addr_sk = ca_address_sk group by 
cr_returning_customer_sk ,ca_state ) select 
c_customer_id,c_salutation,c_first_name,c_last_name,ca
_street_number,ca_street_name   ,ca_street_type,ca_suite
_number,ca_city,ca_county,ca_state,ca_zip,ca_country,ca
_gmt_offset  ,ca_location_type,ctr_total_return from 
customer_total_return ctr1 ,customer_address ,customer 
where ctr1.ctr_total_return > (select 
avg(ctr_total_return)*1.2 from customer_total_return
ctr2  where ctr1.ctr_state = ctr2.ctr_state)  and 
ca_address_sk = c_current_addr_sk and ca_state = 
'IL'  and ctr1.ctr_customer_sk = c_customer_sk order by 
c_customer_id,c_salutation,c_first_name,c_last_name,ca
_street_number,ca_street_name   ,ca_street_type,ca_suite
_number,ca_city,ca_county,ca_state,ca_zip,ca_country,ca
_gmt_offset  ,ca_location_type,ctr_total_return limit 100 ;

Figure 7: Example of scalar subquery rewriting on the DSB benchmark. E3-Rewrite replaces the nested comparison
with two CTEs for per-customer and per-state aggregation, reducing execution time from over 300 s to 0.98 s.
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