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Abstract

Text-to-SQL is a pivotal task that bridges natu-
ral language understanding and structured data
access. Recent advances in large language mod-
els, through prompting, fine-tuning, and rein-
forcement learning, have greatly increased the
likelihood of generating correct SQL queries.
However, selecting the correct SQL from mul-
tiple candidates remains challenging. Existing
approaches, such as self-consistency, Best-of-
N decoding, and learned scalar ranking mod-
els, rely on shallow heuristics or lack explicit
reasoning, making them prone to unstable judg-
ments and unable to capture fine-grained se-
mantic differences between similar queries. We
propose JudgeSQL, a framework that com-
bines reasoning-based SQL evaluation with a
weighted consensus tournament. JudgeSQL
develops a reasoning-based SQL judge model
that distills reasoning traces with reinforce-
ment learning guided by verifiable rewards, en-
abling accurate and interpretable judgments.
Building on this, a weighted consensus tourna-
ment integrates explicit reasoning preferences
with the generator’s execution-consistency con-
fidence, improving both reliability and effi-
ciency. Experiments on the BIRD benchmark
demonstrate that JudgeSQL consistently out-
performs prior methods, with strong gener-
alization and robustness across model scales.
The code is available at https://github.
com/Jiayuan-Bai/JudgeSQL.

1 Introduction

Text-to-SQL has emerged as a pivotal task con-
necting natural language understanding with struc-
tured data access (Katsogiannis-Meimarakis and
Koutrika, 2023; Liu et al., 2025b). By converting
human language questions into executable SQL
queries, Text-to-SQL empowers non-expert users
to interact with complex databases. Despite recent

*Equal contribution.
†Corresponding author.

progress in LLMs, the task remains challenging
due to the need for precise semantic understand-
ing, schema reasoning, and handling of complex
relational compositions (Liu et al., 2025b).

Recent progress has focused on the generation
side based on LLMs, including better prompt strate-
gies (Pourreza and Rafiei, 2023), supervised fine-
tuning (Pourreza and Rafiei, 2024), multi-step gen-
eration, reinforcement learning (Pourreza et al.,
2025b; Ma et al., 2025; Yao et al., 2025), or gener-
ative reasoning strategies (Zhang et al., 2025; Guo
et al., 2025; Mao et al., 2026; Liu et al., 2025a;
Pourreza et al., 2025a). While these approaches
improve single-pass generation, they face a limi-
tation: the variability and uncertainty of the sam-
pling space, arising from the probabilistic decod-
ing of language models and the complex, com-
positional reasoning required to map natural lan-
guage to SQL. Beyond enhancing individual pre-
dictions, a promising direction is Best-of-N (BoN)
sampling, a widely adopted strategy for test-time
scaling (TTS) in LLMs (Lightman et al., 2024;
Wang et al., 2024; Snell et al., 2024). This ap-
proach generates multiple candidate SQLs using
a single model or an ensemble, and performs se-
lection at inference time, which expands the hy-
pothesis space and leads to improved accuracy and
robustness. While TTS demonstrates clear empiri-
cal benefits, it shifts the inference paradigm from
generating plausible queries to selecting among
candidates based on semantic alignment.

Existing selection strategies remain lagging be-
hind, despite the growing complexity of the can-
didate space. Current Best-of-N approaches for
SQL selection typically rely on self-consistency
(SC) (Wang et al., 2023), which selects the fi-
nal output via majority voting over execution re-
sults (Dong et al., 2023; Gao et al., 2024; Talaei
et al., 2025). While simple, such methods primar-
ily depend on frequency and often fail to capture
subtle semantic differences between candidates.
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Figure 1: Trends of EX scores for greedy decoding,
self-consistency, and Pass@k methods across different
sampling sizes on the BIRD dev set.

More recently, a few studies have explored learned
scalar-based judgment models obtained through di-
rect fine-tuning of LLMs (Pourreza et al., 2025a).
While often effective, they inherently lack mech-
anisms to generate intermediate reasoning steps,
remain susceptible to inconsistent scoring and frag-
ile reasoning chains, and struggle to distinguish
semantically different queries with similar results.
This limitation is especially pronounced in real-
istic scenarios, where semantically different SQL
queries may yield comparable outputs. Empiri-
cally, the performance gap between greedy decod-
ing, heuristic-based selection (self-consistency),
and oracle selection (pass@k) can exceed 10 to
20 points in execution accuracy, as shown in Figure
1, demonstrating that current selection strategies
leave a substantial portion of the model’s poten-
tial untapped. Consequently, selecting the correct
candidates has emerged as the central bottleneck in
fully harnessing the reasoning capabilities of LLMs
for Text-to-SQL, motivating the need for principled
selection mechanisms.

To address these challenges, we propose
JudgeSQL, a novel framework that combines struc-
tured reasoning with weighted consensus mecha-
nisms for SQL candidate judgment. To explore
the reasoning capabilities of LLMs in SQL candi-
date evaluation, we first investigate the zero-shot
performance of current LLMs for SQL selection
by designing structured execution-guided prompts.
Surprisingly, even without task-specific fine-tuning,
LLMs demonstrate remarkably impressive perfor-
mance compared to the widely-used SC. To further
strengthen LLMs’ reasoning ability in SQL candi-
date judgment, we develop a reasoning-based SQL
judge model that distills reasoning traces and em-
ploys reinforcement learning guided by verifiable
rewards, enabling more accurate and interpretable

selection of candidate queries. Finally, based on the
outputs of the reasoning-based judge, we propose a
weighted consensus tournament mechanism, which
combines the reasoning-based judge scores with
the generator’s execution-consistency confidence
to efficiently select the most reliable SQL queries.

We evaluate the proposed selection framework
on the BIRD benchmark using sampled SQL can-
didates generated by representative models of vary-
ing sizes and architectures. We compare both the
prompted reasoning model and the reinforced rea-
soning model using several tournaments. Results
show that RL-trained reasoning models outperform
direct prompting by promoting structured reason-
ing. The weighted consensus tournament combines
selector preferences with generator confidence and
achieves more accurate and efficient selections than
the traditional double round-robin. Moreover, per-
formance scales positively with the number of sam-
pled candidates. Our contributions are fourfold:
• We investigate the capabilities of current LLMs

for zero-shot reasoning in SQL selection by de-
signing structured execution-guided prompts and
find their performance already strong compared
to the commonly used SC.

• We propose a reasoning-based SQL judge model
that combines reasoning trace distillation with
reinforcement learning guided by verifiable re-
wards, resulting in more accurate and inter-
pretable SQL candidates selection.

• We introduce a weighted consensus tournament
that combines reasoning-based SQL judgment
and generator-derived execution consistency,
achieving higher efficiency and performance
than existing round-robin tournament method.

• Our model achieves superior performance across
various settings and demonstrates strong cross-
scale generalization and robustness to generator
capacity, highlighting its potential as a reusable
module for guiding SQL selection.

2 Related Works

2.1 Text-to-SQL Generation

Text-to-SQL generation has advanced from early
rule-based and neural seq2seq models (Popescu
et al., 2004; Li and Jagadish, 2014; Saha et al.,
2016; Basik et al., 2018; Sun et al., 2018; Wang
et al., 2020) to LLM-based paradigms character-
ized by semantic reasoning (Gao et al., 2024; Nan
et al., 2023; Zhang et al., 2024; Liu et al., 2023).
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To optimize single-pass generation quality, con-
temporary research explores advanced prompting
strategies (Pourreza and Rafiei, 2023; Qu et al.,
2024; Chi et al., 2025) and supervised fine-tuning
(SFT) (Pourreza and Rafiei, 2024; Qin et al., 2025;
He et al., 2025; Li et al., 2025b). More recently,
preference optimization and reinforcement learn-
ing have been introduced to enhance composi-
tionality. This includes Direct Preference Opti-
mization (DPO) for improving semantic faithful-
ness (Rafailov et al., 2023; Yang et al., 2024; Liu
et al., 2025a; Zhai et al., 2025) and reinforcement
learning approaches such as GRPO that leverage
rule-based rewards to guide structured reasoning
paths (Shao et al., 2024; Pourreza et al., 2025b;
Ma et al., 2025; Yao et al., 2025). However, these
methodologies focus on altering the generator’s dis-
tribution, leaving the variability and uncertainty of
the test-time sampling space unaddressed.

2.2 Post-processing on Text-to-SQL
While most Text-to-SQL research focuses on SQL
generation, post-processing methods also play an
important role in improving the reliability and cor-
rectness of generated SQL queries.

Self-correction methods improve LLM-
generated SQL reliability through iterative
refinement; single-model approaches (Talaei et al.,
2025; Wang et al., 2025) use execution feedback or
self-reflection, while multi-agent frameworks (Cen
et al., 2025; Askari et al., 2025; Qu et al., 2025)
employ collaborative reasoning among multiple
agents to improve SQL correctness.

Beyond refining individual outputs, test-time
scaling (TTS) (Snell et al., 2025) improves reli-
ability by aggregating multiple candidate queries
during inference. A common TTS strategy is output
consistency (Wang et al., 2023), which selects re-
sults consistent across reasoning paths. Techniques
such as self-consistency voting (Dong et al., 2023;
Gao et al., 2024; Talaei et al., 2025; Li et al., 2025a)
and cross-model consistency (Li et al., 2024) have
been widely applied in text-to-SQL. Since consis-
tency alone does not ensure correctness, N-best
rankers reorder candidates using model-derived fea-
tures or LLM-driven semantic preferences. Feature-
enhanced rerankers (Hui et al., 2021) exploit hid-
den representations and external knowledge to rank
SQL candidates, while ZeroNL2SQL (Fan et al.,
2024) ranks PLM-generated SQL sketches based
on semantic alignment with the input question.
More recently, to distinguish fine-grained seman-

tic differences, recent studies leverage LLM-based
judgment frameworks for candidate selection, em-
ploying either tournament-style pairwise compar-
ison (e.g., CHASE-SQL (Pourreza et al., 2025a))
or listwise reranking (e.g., Mcs-SQL (Lee et al.,
2025), XiYan-SQL (Liu et al., 2026)).

However, existing LLM-based judgment ap-
proaches lack explicit reasoning supervision and
underutilize consensus signals. Scalar-based judg-
ment models produce uninterpretable preference
scores (e.g., CHASE-SQL), while listwise frame-
works impose substantial cognitive burden as
candidate sets grow (e.g., Mcs-SQL and XiYan-
SQL). Moreover, prior tournament-based meth-
ods treat all candidates uniformly, ignoring im-
plicit confidence signals from generation frequency.
JudgeSQL addresses these limitations through a
weighted consensus tournament that integrates ex-
plicit pairwise reasoning with implicit generator
confidence for more robust SQL selection.

3 Problem Formalization

In the Text-to-SQL task, given a natural language
question x ∈ X and a database schema d, the
goal is to generate a SQL query y ∈ Y such
that execution result (Exec(y, d)) correctly an-
swers x. Rather than producing a single hy-
pothesis under the model distribution Pθ(y |
x, d), existing approaches approximate the space
of plausible queries by sampling N candidates
{y(1), . . . , y(N)} ∼ Pθ(y|x,D) using temperature-
scaled nucleus or top-k decoding, typically with
either powerful proprietary LLMs (e.g., GPT-4) or
task-specific fine-tuned models (e.g., OmniSQL (Li
et al., 2025b)), and then selecting among them
through heuristic strategies.

While SQL generation has been widely studied,
the key challenge lies in selecting the most reli-
able SQL from Yx. We therefore formulate this as
learning a judgment model R(·), interpretable as
an outcome reward model, which identifies the best
candidate y∗ ∈ Yx such that Exec(y∗, d) yields the
most accurate answer to the question. To imple-
ment this, we explore comparison strategies and
adopt pair-wise judgment.

4 Methodology

4.1 Overview of JudgeSQL

To address inconsistent scoring and fragile rea-
soning in SQL candidate selection, we propose
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Figure 2: Overview of the JudgeSQL. <SQL(a), SQL(b)> is a pair constructed from clusters for model judgment.

JudgeSQL, a novel framework that integrates struc-
tured reasoning with a weighted consensus mecha-
nism. JudgeSQL employs a SQL judgment model
that distills reasoning traces from stronger LLMs
and leverages reinforcement learning guided by
verifiable rewards, enabling more accurate and in-
terpretable evaluation of SQL candidates. Building
on the judge’s outputs, a weighted consensus tour-
nament combines explicit judge scores with the
generator’s implicit confidence to efficiently select
the most reliable SQL queries. An overview of our
framework is illustrated in Figure 2. Next, we in-
troduce our reasoning-based SQL judgment model
and weighted consensus tournament in detail.

4.2 Reasoning-reinforced SQL Judgment
To improve judgment quality in complex SQL
comparison scenarios, we propose a reasoning-
reinforced SQL judgment framework. Our method
employs a two-stage training strategy: reasoning
trace distillation followed by reinforcement learn-
ing with verifiable rewards. In the first stage, an
instruction-tuned language model is trained on
synthetic reasoning traces constructed from SQL
candidate pairs to distinguish semantically similar
queries through reasoning. In the second stage, the
model is further optimized via reinforcement learn-
ing using execution-verifiable rewards to improve
pairwise SQL judgment accuracy.

Reasoning Distillation for SQL Judgment.
Instruction-tuned LLMs such as Qwen can be
adapted for SQL judgment via prompting, but
they often produce inconsistent predictions with-
out structured reasoning supervision. To address
this, we introduce a distillation framework that uses
synthetic reasoning traces for warm-up training.

We first construct a preference dataset Dpref

by leveraging execution-consistent clustering. For
each query x with ground-truth SQL ygt from
a training dataset (e.g., BIRD), we sample SQL
candidates using a specific generator LLM (i.e.,
Qwen2.5-Coder-7B-Instruct). These candidates
and ground-truth SQL are executed against the
database and grouped into execution-consistent
clusters {C1, C2, ..., CK}, where queries within
each cluster yield identical execution results. We
designate the cluster matching the ground-truth
execution result as Cpos, while the remaining in-
correct clusters form the negative set Cneg =
{C1, . . . , CK} \ {Cpos}. Pairs are then constructed
by pairing ypos ∈ Cpos with a sampled SQL query
yneg from each negative cluster in Cneg. Each pos-
itive SQL and negative cluster is used at most once
to avoid over-representing near-duplicate queries
while preserving semantic diversity, yielding N =
min(|Cpos|, |Cneg|) preference pairs. To eliminate
position bias, each pair is presented in both candi-
date orders to ensure training symmetry.

From Dpref, we sample a subset of M pairs to
generate high-quality reasoning traces. For each
pair, a high-capacity model G∗ (e.g., GPT-4o) is
used to generate a reasoning trace r(i) that explains
why y

(i)
pos is preferred over y(i)neg:

r(i) = G∗(x(i), d(i)uni, y(i)pos, y(i)neg, e(i)pos, e(i)neg), (1)

where d
(i)
uni denotes the union of schema refer-

enced by both SQL candidates while e
(i)
pos and e

(i)
neg

denote the execution results of y(i)pos and y
(i)
neg.

After filtering out traces inconsis-
tent with the ground-truth preference
label, l(i), the final distillation dataset
Ddistill = {x̂(i), r(i)}Mi=1 is constructed with
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inputs x̂(i) = (x(i), d
(i)
uni, y

(i)
pos, y

(i)
neg, e

(i)
pos, e

(i)
neg).

We optimize the model via supervised fine-tuning
(SFT) using the negative log-likelihood loss:

JSFT(θ) = −
M∑

i=1

Ti∑

t=1

logPθ
(
r
(i)
t

∣∣ r(i)<t, x̂(i)
)
, (2)

where r
(i)
<t denotes the preceding tokens in the se-

quence of length Ti. This warm-up phase ensures
the judgment model grounds its final decisions in
verifiable semantic reasoning paths.

Reinforcement Training for SQL Judgment.
While knowledge distillation adapts a generative
model for SQL judgment, it may overfit to spe-
cific reasoning patterns and limit the model’s abil-
ity to generalize to more complex judgment sce-
narios, which is critical for the task. To address
this limitation, we further optimize the model us-
ing reinforcement learning (RL), which provides a
more flexible framework for reasoning-oriented op-
timization. Specifically, we optimize the judgment
model with reasoning-informed reward signals us-
ing the GRPO algorithm, formally defined as:

JGRPO(θ) = E x̂∼Dpref
{oi}∼πθold

[
1

|G|

|G|∑

i=1

min
(

rθ(oi)Ai, clip
(
rθ(oi), 1− ϵ, 1 + ϵ

)
Ai

)] (3)

Here, x̂ denotes an input sampled from the prefer-
ence dataset Dpref, and oi is the generated output
containing both the reasoning trace and the final
judgment l. The group size G denotes the number
of judgment traces generated for the same input.
πθ and πθold represent the current and old policy
models, respectively, and rθ(oi) = πθ(oi|x̂)

πθold (oi|x̂)
de-

notes the probability ratio. Ai is the group-relative
advantage computed from normalized reward r.

The reward function jointly enforces reasoning
format and judgment correctness. A reward of
one (r = 1) is assigned only if the output follows
the required format, with reasoning enclosed in
<think>· · ·</think> and the final answer en-
closed in <answer>· · ·</answer>, and the pre-
dicted label matches the ground-truth label. Other-
wise, the reward is zero. Formally,

r(oi) = 1[format_check(oi) ∧ lpred(oi) = l].
(4)

lpred(oi) denotes the predicted judgment. The bi-
nary reward formulation maintains reward verifia-
bility and avoid introducing heuristic supervision.

4.3 Weighted Consensus Tournament (WCT)
Despite strong pairwise judgment models, effi-
ciently selecting the correct SQL from many simi-
lar or execution-equivalent candidates remains chal-
lenging. Prior work (Pourreza et al., 2025a) typ-
ically relies on exhaustive pairwise comparisons,
which suffer from two limitations: (i) semantically
equivalent SQLs are still treated as separate can-
didates in the comparison process, resulting in re-
dundant comparisons and potentially noisy vote
aggregation; (ii) all candidates are treated equally,
ignoring the frequency signal shared by semanti-
cally consistent SQLs, which can provide important
evidence for reliable selection.

To address these limitations, we propose a
weighted consensus tournament that combines the
robustness of execution-consistent clustering with
the discriminative power of pairwise judgment. We
first form execution-consistent clusters and ran-
domly select one representative SQL query y(k) ∈
Ck from each set as its proxy in subsequent com-
parisons1. Instead of comparing all queries, only
proxy SQLs compete in a double round-robin tour-
nament. For each pair of proxy SQLs (y(k), y(j)),
we provide both SQLs, their respective execution
results (e(k), e(j)) and the union schemas involved
in two SQL candidates duni, to the reasoning judg-
ment model Rψ. The model then judges which
query better answers the question x, defined as:

Rψ(x, duni, y
(k), e(k), y(j), e(j)) =

{
1 if y(k) ≻x y(j),

0 otherwise,
(5)

where y(k) ≻x y(j) indicates that y(k) is preferred
over y(j) for the question x. After completing all
pairwise comparisons across different execution-
consistent sets, the score of each set Ck is computed
by aggregating its wins throughout the tournament:

S(Ck) =
∑

j ̸=k
Rψ(x, duni, y

(k), e(k), y(j), e(j)). (6)

While the unweighted score (S(Ck)) reflects
judgment signals from reasoning-based compar-
isons, it overlooks the cardinality of each execution-
consistent cluster (|Ck|), which captures the gener-
ator’s implicit confidence through the frequency of
semantically aligned SQL candidates. To incorpo-
rate this additional consensus signal, we introduce

1Since queries within an execution-consistent cluster yield
identical execution results and are semantically equivalent, we
randomly select the representative query. Experiments with
five random seeds show no statistically significant differences
under a paired t-test. Selecting the proxy SQL using the
highest generation likelihood yields comparable results.
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a frequency-aware weighted score:

Sw(Ck) = |Ck| · S(Ck), k ∈ [1,K], (7)

This weighting scheme combines the explicit
judgment scores with the generator’s implicit
frequency-based confidence. The cluster with the
highest weighted score is selected, i.e., C∗ =
argmaxk Sw(Ck). Ties are resolved by choosing
the cluster with the higher cardinality. Finally, we
return the proxy SQL from C∗ as the final predic-
tion. Algorithm A presents the procedure of WCT.

Compared with a standard double round-robin
tournament, our WCT offers three advantages.
First, it reduces computational cost by compar-
ing only cluster representatives instead of per-
forming exhaustive candidate-level pairwise com-
parisons. Second, by consolidating execution-
consistent SQLs before selection, WCT reduces
noisy and redundant voting among semantically
equivalent candidates, leading to more stable judg-
ment aggregation. Third, it exploits the consensus
strength within each execution-consistent set, al-
lowing the frequency of semantically aligned SQLs
to serve as implicit confidence weights, leading to
more accurate SQL selection.

5 Experiments

5.1 Experimental Setup

Datasets. Following recent studies on Text-to-SQL
(Talaei et al., 2025; Pourreza et al., 2025a; Li et al.,
2025a,b; Liu et al., 2025a), we conducted our ex-
periments on BIRD (Li et al., 2023), a widely-used
large-scale cross-domain text-to-SQL benchmark
that incorporates external knowledge to handle
complex scenarios. Details of the training dataset
construction are provided in Appendix B.1.

Metrics. Consistent with previous work (Talaei
et al., 2025; Pourreza et al., 2025a; Li et al.,
2025a,b; Wang et al., 2025; Liu et al., 2025a), we
use execution accuracy (EX) (Li et al., 2023) as our
evaluation metric. EX considers a generated SQL
query correct if its execution result matches that of
the ground-truth query, and is preferable because
it avoids incorrectly penalizing valid queries when
multiple correct SQL expressions exist. To fur-
ther evaluate pairwise comparison performance, we
also introduce judgment accuracy (JA) in our anal-
ysis experiments. JA measures the proportion of
test-time pairwise comparisons in which the model
identifies the correct SQL candidate.

Baselines. Our pipeline consists of two stages:
SQL candidate generation and SQL selection. In
the SQL generation stage, we employ represen-
tative SQL generation models, including Qwen-
2.5-Coder-Instruct (Hui et al., 2024), XiYanSQL-
QwenCoder (Liu et al., 2026), and OmniSQL (Li
et al., 2025b) at both 7B and 32B scales, enabling
comprehensive evaluation across diverse model ar-
chitectures and scales.

In the SQL selection stage, we compare our ap-
proach against three widely used baseline selection
strategies: 1) Self-Consistency (SC), as adopted
in (Gao et al., 2024; Xie et al., 2025); 2) Dou-
ble Round-Robin Tournament (DRT), as adopted
in (Pourreza et al., 2025a); and 3) Listwise Judg-
ment (List), as adopted in (Liu et al., 2026; Lee
et al., 2025). Furthermore, we evaluate different
judgment models, including: 1) the Prompted SQL
Judgment Model (PJudge), and 2) the Direct-SFT
Judgment Model (Direct-SFT), which is adopted
in (Pourreza et al., 2025a). The details of these
baselines are provided in Appendix B.2.

Implementation Details. To ensure both the gen-
erality of our approach and the fairness of compari-
son, we employ Qwen2.5-Coder-7B-Instruct (Hui
et al., 2024) as the backbone SQL judgment model
for all settings. For all SQL generation models, We
use temperature sampling (T = 0.8) to generate mul-
tiple SQL candidates, with N ∈ {4, 8, 16, 32, 64}.
For the greedy baseline, we perform single-pass de-
terministic decoding by setting the temperature to
0. In the SQL selection stage, we set the decoding
temperature of all judgment models to 0 to obtain
deterministic outputs. We provide more implemen-
tation details in Appendix B.3 and the prompts for
PJudge and RJudge in Appendix E.

5.2 Main Results

Table 1 summarizes the experimental results for
the WCT, equipped with either prompted SQL
judgment model (PJudge) or reinforced SQL judg-
ment model (RJudge), across a variety of SQL
generation models including general-purpose (e.g.,
Qwen2.5-Coder-Instruct) and domain-specific
models (e.g., XiYanSQL, OmniSQL) of varying
capacities (7B/32B) and sampling sizes.

Our proposed WCT, equipped with either PJudge
or RJudge, consistently outperforms SC across
nearly all settings. Notably, PJudge with simple
execution-guided prompting already establishes a
strong baseline. Despite this baseline, incorporat-
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Table 1: Evaluation results on BIRD Dev. We compare different SQL generation models and selection strategies
across varying sample sizes (N ) by each generation model. For reference, we also report the results of greedy
sampling, which serve as a baseline for evaluating the benefits of different sampling and selection strategies.

SQL Generation
Model

Judgment
Model

Selection
Strategy

Dev EX(%)

Greedy N=4 N=8 N=16 N=32 N=64

Qwen2.5-Coder-
7B-Instruct

- SC 50.85 57.63 62.39 62.71 63.89 63.89
PJudge WCT 50.85 59.39 64.99 65.78 66.75 67.01
RJudge WCT 50.85 62.19 (↑ 4.56) 67.01 (↑ 4.62) 66.30 (↑ 3.59 ) 68.64 (↑ 4.75) 68.71 (↑ 4.82)

XiYanSQL-7B
- SC 53.59 59.32 62.97 63.89 64.47 65.06

PJudge WCT 53.59 61.80 64.99 65.38 66.75 68.19
RJudge WCT 53.59 63.49 (↑ 4.17) 66.43 (↑ 3.46) 68.38 (↑ 4.49) 68.51 (↑ 4.04) 69.75 (↑ 4.69)

OmniSQL-7B
- SC 63.89 65.51 66.75 67.28 67.47 67.28

PJudge WCT 63.89 65.71 67.41 68.38 67.80 67.93
RJudge WCT 63.89 68.38 (↑ 2.87) 69.69 (↑ 2.94) 70.47 (↑ 3.19) 70.47 (↑ 3.00) 70.73 (↑ 3.45)

Qwen2.5-Coder-
32B-Instruct

- SC 64.47 67.28 67.73 68.12 68.64 68.71
PJudge WCT 64.47 67.86 68.64 69.17 69.95 70.01
RJudge WCT 64.47 70.01 (↑ 2.73) 70.34 (↑ 2.61) 70.80 (↑ 2.68) 71.06 (↑ 2.42) 71.38 (↑ 2.67)

XiYanSQL-32B

- SC 63.95 66.56 68.51 68.19 68.84 68.51
PJudge WCT 63.95 67.28 69.23 69.10 69.81 70.08
RJudge WCT 63.95 69.56 (↑ 3.00) 70.53 (↑ 2.02) 71.19 (↑ 3.00) 71.19 (↑ 2.35) 71.90 (↑ 3.39)

OmniSQL-32B
- SC 64.54 67.14 67.47 67.21 67.21 67.14

PJudge WCT 64.54 67.47 66.75 67.54 67.34 68.58
RJudge WCT 64.54 69.43 (↑ 2.29) 69.82 (↑ 2.35) 70.40 (↑ 3.19) 70.73 (↑ 3.52) 70.27 (↑ 3.13)

Table 2: Execution accuracy (EX, %) of different se-
lection strategies across various generation models and
judgment models (PJudge vs. RJudge).

Selection
Strategy

Generation Model

Qwen7B XiYanSQL7B Qwen32B XiYanSQL32B

Judgment Model: PJudge

WCT 64.99 64.99 68.64 69.23
CT 60.76 59.65 66.04 64.93
DRT 63.30 62.91 67.14 66.69
List 62.06 61.02 67.92 66.42

Judgment Model: RJudge

WCT 67.01 66.43 70.34 70.53
CT 66.04 65.12 69.75 69.04
DRT 66.88 65.65 69.75 68.58
List 64.46 62.58 68.84 67.53

ing RJudge further enhances performance, achiev-
ing an average EX improvement of 3.33% over SC
and 1.35% over WCT+PJudge. WCT+RJudge also
achieves substantial gains over greedy decoding,
including +6.84% on OmniSQL-7B and +7.95%
on XiYanSQL-32B, highlighting the effectiveness
of reinforced judgment at test time.

WCT+RJudge delivers consistent improvements
across diverse SQL generation frameworks and
model scales. Across Qwen2.5-Coder, XiYanSQL,
and OmniSQL generators, WCT+RJudge consis-
tently improves EX over self-consistency, with
gains reaching 4.82% on Qwen2.5-Coder-7 and
3.45% on OmniSQL-7B under N = 64. No-
tably, WCT+RJudge yields substantial improve-
ments on both 7B and 32B generators. For exam-
ple, Qwen2.5-Coder-7B-Instruct achieves a 4.82%
EX gain under N = 64, while meaningful gains

Table 3: Average judgment counts per question across
different settings.

Generation
Model

Selection
Strategy

Sampling Numbers

4 8 16 32 64

Qwen7B DRT 2.6 12.1 53.1 215.2 876.4
WCT 1.5 3.8 9.4 21.2 48.6

Qwen32B DRT 2.0 9.3 40.1 167.2 680.9
WCT 0.9 2.0 3.9 7.3 15.4

are also observed on stronger 32B generators, in-
cluding a 3.39% improvement on XiYanSQL-32B.
Moreover, although RJudge is trained solely on can-
didates generated by Qwen2.5-Coder-7B-Instruct,
it transfers effectively across all evaluated genera-
tors, indicating that the learned judgment capability
is not tightly coupled to a specific backbone model.

We further analyze the impact of sampling size
across different generators and selection strategies.
As the sampling size N increases, performance gen-
erally improves across all methods, although the
gains are more pronounced for 7B generators than
for 32B models, likely because stronger generators
already produce more concentrated high-quality
candidate distributions. Different selection strate-
gies also exhibit distinct scaling behaviors. While
SC often saturates or fluctuates at larger sampling
sizes, WCT-based methods continue to benefit con-
sistently from additional candidates. In particu-
lar, WCT+RJUDGE demonstrates strong sample
efficiency: on OmniSQL-7B, using only N = 4
surpasses SC with N = 64 (68.38% vs. 67.28%).
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Table 4: Execution Accuracy (EX) and Judgment Accu-
racy (JA) (%) under different training recipes.

Training
Recipe

Generation Model

Qwen-7B XiYanSQL-7B Qwen-32B XiYanSQL-32B

EX JA EX JA EX JA EX JA

Base 64.99 71.33 64.99 73.91 68.64 62.91 69.23 67.53
Direct-SFT 66.30 80.13 65.97 81.38 69.30 71.38 69.56 73.57
GRPO 66.23 78.97 66.88 79.97 69.56 72.34 70.21 73.14

RJudge 67.01 82.55 66.43 83.04 70.34 75.92 70.53 75.51

5.3 Discussions
Comparison of selection strategies. To evalu-
ate WCT, we compare its execution accuracy (EX)
against DRT, CT (WCT without cardinality weight-
ing), and Listwise judgment across multiple gen-
erators (N = 8). As shown in Table 2, WCT
consistently delivers the highest EX. For PJudge
on Qwen-7B, WCT outperforms CT by 4.23 points,
while beating DRT and Listwise judgment by 1.69
and 2.93 points, respectively. The consistent gains
of WCT over CT suggest that frequency weighting
is most effective when coupled with accurate pair-
wise judgments, rather than used as a standalone
consensus signal. Under RJudge, WCT continues
to maintain clear advantages despite the stronger
GRPO-trained baseline, demonstrating the robust-
ness of our tournament design.

To analyze the efficiency of WCT against DRT,
Table 3 report the average number of judgments per
question. While DRT requires twice as many judg-
ments at N = 4, the gap widens at N = 64, where
WCT reduces judgment counts by over 18× on
Qwen-7B and 44× on Qwen-32B. This efficiency
stems from WCT’s clustering, which avoids ex-
haustive pairwise comparisons across candidates.

Effects of training recipes. Table 4 compares
Direct-SFT (label prediction only) and standalone
GRPO against our full recipe (RJudge) under WCT
(N = 8) to analyze the impact of model training
on judgment performance. Besides EX, We also
report judgment accuracy to better reflect judge
capability beyond tournament outcomes. Perfor-
mance improves progressively with recipe refine-
ment. Direct-SFT provides clear gains over the
base model, particularly improving judgment accu-
racy by 6.04–8.80% across generators. Standalone
GRPO yields mixed results occasionally underper-
forming SFT. In contrast, RJudge achieves the best
performance across all settings, indicating that dis-
tillation warmup is critical for bootstrapping re-
inforcement learning in SQL judgment. We also
observe that candidates generated by 32B models

Figure 3: Performance by query difficulty on BIRD dev.
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Table 5: Evaluation Results on Out-of-Domain Bench-
marks with Different Selection Strategies (EX %).

Benchmark Selection Strategy

Greedy SC RJudge

Spider-dk 67.48 72.15 72.71
Spider-syn 63.05 74.85 77.08
ScienceBenchmark 45.15 47.32 50.34

are generally harder to discriminate than those from
7B models, suggesting that stronger generators pro-
duce more challenging candidate distributions.

Evaluation on out-of-domain benchmark To
further evaluate the out-of-domain generalization
capabilities of our proposed framework, we as-
sess the performance of the reinforced SQL judg-
ment model equipped with the Weighted Consen-
sus Tournament (WCT+RJudge) on three unseen
datasets: Spider-dk, Spider-syn, and ScienceBench-
mark. The SQL generation model is Qwen2.5-
Coder-7B-Instruct and N = 8. As shown in
Table 5, WCT+RJudge consistently outperforms
both greedy decoding and the widely adopted Self-
Consistency (SC) baseline across all evaluated sce-
narios. Notably, WCT+RJudge achieves 77.08%
execution accuracy (EX) on Spider-syn and 50.34%
on ScienceBenchmark, surpassing SC by 2.23
and 3.02 absolute percentage points, respectively.
These results confirm that the structured reason-
ing capabilities reinforced via GRPO, combined
with the frequency-aware consensus mechanism
of WCT, are not overfitted to the domain-specific
characteristics of the BIRD dataset. Instead, our
framework exhibits robustness and superior cross-
domain generalization, validating its effectiveness
as a universally applicable SQL selection utility.
Performance on queries of varying difficulty
Figure 3 reports the results on the BIRD dev
set across different query difficulty levels, where
queries are categorized as Simple, Moderate, and
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Table 6: Comparison of different judgment models un-
der zero-shot reasoning with WCT(Dev EX%).

Judgment
Model

Generation Model

Qwen7B XiYan7B Qwen32B XiYan32B

SC 62.39 62.97 67.73 68.51

Deepseek-6.7B 64.02 65.45 68.64 68.97
Qwen-7B 64.99 64.99 68.64 69.23
Llama-8B 64.34 64.47 68.12 68.51

Challenging by human experts. WCT+PJudge and
WCT+RJudge outperform the SC baseline across
all difficulty levels. The gains are pronounced on
Challenging queries, with improvements of up to
7.5%, indicating that execution-aware selection is
particularly beneficial for difficult SQL genera-
tion scenarios. This consistent advantage of our
execution-aware selection methods confirms their
benefit regardless of query complexity, with sub-
stantial gains on challenging queries where preci-
sion is critical for practical deployment.

Comparison of different judgment models To
evaluate the robustness of WCT across differ-
ent judgment model architectures, we further use
Llama3-8B-Instruct (Grattafiori et al., 2024) and
DeepSeek-Coder-6.7B-Instruct (Guo et al., 2024)
as zero-shot judges, in addition to Qwen-7B. This
comparison allows us to examine whether the effec-
tiveness of WCT depends on a specific judgment-
model backbone or can transfer across models with
different architectures and reasoning capabilities.
As shown in Table 6, all three judgment models
generally outperform the SC baseline across differ-
ent SQL generators with N = 8, demonstrating the
consistent benefit of introducing explicit pairwise
judgment into the selection process. Among them,
Qwen and DeepSeek achieve the strongest overall
performance, while Llama is slightly weaker in sev-
eral settings. Despite these differences in absolute
judgment quality, WCT remains consistently effec-
tive across all evaluated backbones. These results
indicate that the gains of WCT are not specific to
Qwen and that the framework is overall robust to
the choice of underlying judgment model.

Evaluation on RL-posttrained text-to-SQL gen-
erators Recent Text-to-SQL models increasingly
employ reinforcement learning to improve reason-
ing and generation quality. Such post-training may
alter the candidate distribution and potentially re-
duce the need for candidate selection. To examine
whether the selection gap remains in this setting,

Table 7: Evaluation results on RL-posttrained SQL-R1
generators with N = 8 (EX, %).

Generator Greedy SC
CT +

RJudge
WCT +
RJudge Pass@8

SQL-R1-3B 48.4 54.6 58.3 59.6 68.0
SQL-R1-7B 58.9 66.6 68.4 69.4 75.1
SQL-R1-14B 63.2 67.1 68.3 69.4 76.5

we evaluate JudgeSQL on the SQL-R1 (Ma et al.,
2025) model family at 3B, 7B, and 14B scales. For
each generator, we sample N = 8 candidates and
directly apply our existing RJudge without any ad-
ditional training or generator-specific adaptation.

As shown in Table 7, WCT+RJudge consistently
improves over SC by 2.3–5.0 EX points across
all three model scales. Importantly, a substan-
tial gap between SC and Pass@8 remains even
after RL post-training. For example, SQL-R1-14B
achieves 76.5 Pass@8 but only 67.1 EX with SC,
leaving a 9.4-point selection gap. WCT+RJudge
improves the result to 69.4 without any generator-
specific adaptation. These results indicate that
RL post-training improves candidate quality but
does not eliminate the candidate-selection problem,
and JudgeSQL remains effective on RL-posttrained
Text-to-SQL generators.

6 Conclusion

In this paper, we introduce JudgeSQL, a frame-
work for SQL candidates selection that integrates
structured reasoning and consensus-based decision
mechanisms. JudgeSQL enhances judgment ac-
curacy and interpretability through reinforcement
learning with verifiable rewards, alleviating the lim-
itations of heuristic strategies such as execution-
based majority voting and prior pairwise judgment
methods. The weighted consensus tournament
additionally combines reasoning-based judgment
with generator likelihood, enabling more reliable
and efficient SQL selection. Experiments show
that JudgeSQL consistently outperforms existing
methods, with good generalization and robustness
to generator capacity.
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Limitations

Despite its effectiveness, JudgeSQL still has sev-
eral limitations. One limitation is that, although
WCT significantly reduces the comparison cost
relative to exhaustive tournaments, the framework
still incurs substantial inference overhead due to
multi-sample SQL generation, and reasoning-based
pairwise judgment. The overall computational cost
increases with the sampling size, which may limit
practical deployment in latency-sensitive settings.

Another limitation is that the framework re-
lies heavily on execution-based signals, includ-
ing execution-consistent clustering and execution-
aware judgment. As a result, its effectiveness may
degrade in scenarios where database execution is
unavailable or computationally expensive. More-
over, in practical deployments, large sampling bud-
gets may introduce additional latency due to re-
peated database executions.

Moreover, although we mitigate positional bias
through bidirectional pair construction, reasoning-
based pairwise judgments may still exhibit residual
sensitivity to candidate ordering and presentation
formats, which could affect selection stability in
highly ambiguous cases.

Ethical Considerations

While JudgeSQL improves SQL candidate selec-
tion, several ethical considerations should be noted.
First, the framework requires access to database
content during inference, which may include sen-
sitive or private information; improper use could
lead to privacy violations. Second, as JudgeSQL re-
lies on automated reasoning to select SQL queries,
errors in judgment could propagate to downstream
systems, potentially causing incorrect decisions
or unintended data exposure. Finally, the multi-
sample generation and reasoning-based inference
introduce additional computational and serving
costs, which may limit accessibility and scalability
in resource-constrained deployment settings.
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A Pseudocode

Algorithm 1 presents the pseudocode for the
Weighted Consensus Tournament (WCT) frame-
work, detailing the complete procedure for group-
ing, evaluating, and selecting sampled SQL candi-
dates.

Algorithm 1 Weighted Consensus Tournament
(WCT)

1: Input: Question x ∈ X , Database D ∈ D,
Candidate set Yx = {y(1), . . . , y(N)}, Judg-
ment modelRψ

2: Output: Final SQL query y∗ ∈ Y
3: Group candidates into execution-consistent

clusters:
{C1, . . . , CK} ← Cluster(Yx, D)

4: Initialize scores: S[k]← 0 ∀k ∈ [1,K]
5: Select proxy SQLs for each cluster: {y(k)}Kk=1

6: for k = 1 to K do
7: for j = 1 to K do
8: if k = j then continue
9: end if

10: e(k) ← Exec(y(k), D), e(j) ←
Exec(y(j), D)

11: duni ← Schema(y(k)) ∪ Schema(y(j))
12: w ← Rψ(x, duni, y(k), e(k), y(j), e(j))

▷ w = 1 if y(k) ≻x y(j)

13: if w = 1 then
14: S[k]← S[k] + 1
15: else
16: S[j]← S[j] + 1
17: end if
18: end for
19: end for
20: Compute weighted scores: Sw[k] ← |Ck| ·

S[k] ∀k ∈ [1,K]
21: C∗ ← argmaxk Sw[k]
22: y∗ ← Sample(C∗)
23: return y∗

B Experimental Setup

B.1 Datasets

BIRD contains 9,428, 1,534, and 1,789 text–SQL
pairs in the training, development, and test sets,
respectively. Since the test set is not publicly avail-
able, we follow previous work and evaluate our
method on the development set. In addition, given
the large number of baseline models considered
in our study, unified test-set submission and com-
parison are infeasible. We utilize the BIRD train

set as the primary data source for both SFT and
GRPO training. Following the preference data con-
struction procedure described in Section 4.2, we
generate 16 candidate SQL queries for each fil-
tered example and transform these into preference
pairs, where each pair is constructed from SQL
queries drawn from different execution-consistent
sets, representing a preferred and a non-preferred
interpretation. For listwise judgement training, fol-
lowing previous work (Liu et al., 2026; Lee et al.,
2025), we use the same candidate sets, select one
representative SQL from each execution-consistent
set to form a list, and provide a preference signal
indicating the correct representative. We randomly
select 200 pairs and use GPT-4o to generate their
corresponding reasoning processes for the reason-
ing distillation stage. The remaining preference
pairs are then used for GRPO training.

B.2 Baselines

We compare our approach against widely used base-
line selection strategies, including:

1) Self-Consistency (SC), which selects the final
SQL by majority voting over execution-consistent
outputs, serving as a standard consistency-based se-
lection strategy in Text-to-SQL; 2) Double Round-
Robin Tournament (DRT), which performs ex-
haustive pairwise comparisons over executable
SQL candidates. Each candidate accumulates
scores across all pairwise judgments, and the
highest-scoring candidate is selected as the final
output; 3) Listwise Judgment (List), which per-
forms joint comparison over multiple candidate
SQL queries and directly predicts the most likely
correct query in a single listwise decision step us-
ing an LLM-based judge.

We also compare different judgment models
under same selection strategies, including 1)
Prompted SQL Judgment Model (PJudge) de-
signs a step-by-step prompt to guide a general-
purpose language model to judge candidate SQLs
without task-specific training. The prompt first in-
structs the model to interpret the user question, then
to analyze each SQL and its execution result, and
finally to output a normalized decision label (A /
B). 2) Direct-SFT for SQL Judgment Models
(Direct-SFT) is trained to perform direct binary
classification over candidate SQL queries without
relying on any explicit reasoning process. Note that
in this paper, we refer to our final reinforced SQL
judgment model as RJudge.
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Table 8: Comparison between RJudge and GPT-4o un-
der the WCT framework on a 10% stratified subset of
the BIRD dev set.

Judgment Model EX (%) SA (%)

GPT-4o 65.05 77.06
RJudge 67.28 82.55

B.3 Implementation Details

We use Qwen2.5-Coder-7B-Instruct (Hui et al.,
2024) as the backbone SQL judgment model in
all experiments to ensure both generality and fair
comparison. All evaluations are conducted under
both zero-shot and reinforced reasoning settings,
enabling a comprehensive assessment of the ef-
fectiveness and robustness of different selection
strategies.

Training is performed in two stages. In the rea-
soning distillation stage, we conduct full-parameter
fine-tuning for 3 epochs with a learning rate of
5 × 10−6. In the reinforced reasoning stage, we
adopt GRPO training implemented using the VERL
framework (Sheng et al., 2025). The policy model
is trained for 8 epochs with a learning rate of
1× 10−6, a mini-batch size is set to 128. For each
prompt, 8 candidate responses are sampled with
a temperature of 1.0. The clip ratio is set to 0.2,
while KL regularization is disabled. The maximum
response length is limited to 2048 tokens. To im-
prove training efficiency, we employ Fully Sharded
Data Parallel (FSDP) for memory optimization and
use vLLM for efficient rollout generation.

During inference, our pipeline consists of two
stages: SQL candidate generation and SQL tourna-
ment selection. For SQL generation, we evaluate
each generation model independently, including
Qwen2.5-Coder-Instruct (7B and 32B) (Hui et al.,
2024), XiYanSQL-QwenCoder (7B-2502 and 32B-
2412) (Liu et al., 2026), and OmniSQL (7B and
32B) (Li et al., 2025b). For all generation models,
temperature sampling with T = 0.8 is used to gen-
erate SQL candidates. In the tournament selection
stage, the judgment model is decoded deterministi-
cally, with the decoding temperature set to 0 and a
single sample per prompt, ensuring stable and re-
producible selection results. The prompts used for
PJudge and RJudge are provided in Appendix E.

C Experimental Results

C.1 Comparison with Proprietary LLMs

To assess the effectiveness of RJudge against pro-
prietary LLMs, we compare it with GPT-4o under

the WCT framework. Due to API cost constraints,
experiments are conducted on a 10% stratified
subset of the BIRD development set, preserving
the original distributions of database domains and
query difficulty levels. Both models perform selec-
tion over SQL candidates generated by Qwen2.5-
Coder-7B-Instruct with N = 8 samples.

As shown in Table 8, RJudge consistently out-
performs GPT-4o, achieving higher execution ac-
curacy and judgment accuracy. Despite its sub-
stantially smaller scale, RJudge benefits from task-
specific reasoning optimization via GRPO, lead-
ing to stronger execution-grounded discrimination
of fine-grained semantic differences between SQL
candidates.

C.2 Efficiency and Cost Analysis
We further profile the inference cost of JudgeSQL
beyond the number of judge calls reported in the
main paper. We use Qwen2.5-Coder-7B-Instruct
as the SQL generator and RJudge as the judgment
model on BIRD dev. Profiling is conducted using
4×A100-40G GPUs and 32 CPU cores. Under the
same sampling budget N , SC and WCT+RJudge
operate on exactly the same generated candidates
and therefore require the same number of database
executions.

Latency. On average, generating one SQL can-
didate takes approximately 0.11 s, executing one
SQL takes 0.31 s, and one RJudge comparison
takes approximately 0.02 s. Consequently, the ad-
ditional judgment overhead introduced by WCT
remains small relative to candidate generation and
database execution. Under the same sampling bud-
get, WCT+RJudge improves EX over SC by 4.62,
4.75, and 4.82 points at N = 8, 32, 64, while
adding only 0.08 s, 0.42 s, and 0.97 s of latency per
question, respectively.

The comparison across different sampling bud-
gets further illustrates the accuracy–efficiency
trade-off. WCT+RJudge with N = 8 achieves
67.01 EX, exceeding SC with N = 64 by 3.12
points while reducing the average latency from
26.88 s to 3.44 s, corresponding to a 7.8× speedup.
The results shown on table 9,

Token Cost. Under the same sampling budget,
WCT+RJudge introduces a token overhead of 24.0–
38.4% relative to SC while improving EX by 4.62–
4.82 points. Most of the total token consump-
tion still comes from SQL generation, account-
ing for 72.3–80.6% of the total tokens used by
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Table 9: Average per-question latency on BIRD dev. All latency values are reported in seconds.

Method N EX (%) Total Generation Judge Exec. Count Execution

Greedy 1 50.85 0.42 0.11 – 1 0.31
SC 8 62.39 3.36 0.88 – 8 2.48
WCT+RJudge 8 67.01 3.44 0.88 0.08 8 2.48

SC 32 63.89 13.44 3.52 – 32 9.92
WCT+RJudge 32 68.64 13.86 3.52 0.42 32 9.92

SC 64 63.89 26.88 7.04 – 64 19.84
WCT+RJudge 64 68.71 27.85 7.04 0.97 64 19.84

Table 10: Average per-question token consumption on BIRD dev.

Method N EX (%) Total Tokens Gen. Input Gen. Output Judge Input Judge Output

Greedy 1 50.85 2,504 2,202 302 – –
SC 8 62.39 20,032 17,616 2,416 – –
WCT+RJudge 8 67.01 24,839 17,616 2,416 3,040 1,767

SC 32 63.89 80,128 70,464 9,664 – –
WCT+RJudge 32 68.64 106,946 70,464 9,664 16,960 9,858

SC 64 63.89 160,256 140,928 19,328 – –
WCT+RJudge 64 68.71 221,735 140,928 19,328 38,880 22,599

WCT+RJudge. An RJudge comparison uses ap-
proximately 800 input tokens on average, substan-
tially fewer than the 2,202 input tokens required for
generating each SQL candidate, because RJudge
only receives the union schema referenced by the
two compared SQLs rather than the full database
schema.

Reducing the sampling budget can more than
compensate for the additional judgment cost.
WCT+RJudge with N = 8 achieves higher EX
than SC with N = 64 while using 24.8K versus
160.3K tokens, corresponding to a 6.5× reduction
in token consumption. Overall, these results show
that WCT+RJudge provides a favorable accuracy–
efficiency trade-off: at a fixed sampling budget, it
adds modest judgment overhead, while its stronger
sample efficiency can substantially reduce the total
inference cost required to reach a given accuracy
level. The results shown on table 10.

D Case Study

While the quantitative results above demonstrate
the superiority of GRPO over the base model, we
further present a case study to illustrate how GRPO
enhances the reasoning process by producing
more accurate and reliable reasoning thought.
Specifically, Figure 4 presents the question and
data pair for question ID 506, which is annotated
as a challenging case in the BIRD development
set. Figure 5 presents the inference result for the
case. Notably, this example is correctly solved by
the RSJ model, whereas both the PSJ model and

the SFT model fail on it. This case study tasked
the judge model with selecting the correct SQL
query to find “the percentage of card set with
Japanese translations that are non-foil only.” The
model’s reasoning demonstrated a sophisticated
grasp of the problem. It first identified that the core
operation must be performed at the set level, not
the card level. This allowed it to diagnose the flaw
in Candidate A, an unnecessary join with the cards
table, which it reasoned would cause a Cartesian
product and inflate the result to an invalid 153.9%.
Conversely, the model validated Candidate B for
its correct use of a subquery to filter and aggregate
at the series level, which aligned perfectly with the
task’s semantics. This shows the model’s ability
to map natural language to database operations
and perform logical code review grounded in
systematic reasoning.

42884



Case Study: Task description
Question:

For all the set of cards that has Japanese translation, what is the percentage of them are only available in non-foil?

Candidate A SQL:
SELECT CAST(SUM(CASE WHEN T2.isNonFoilOnly = 1

THEN 1 ELSE 0 END) AS REAL) * 100
/ SUM(T1.language = ’Japanese’)
FROM set_translations AS T1
INNER JOIN sets AS T2 ON T1.setCode = T2.code
INNER JOIN cards AS T3 ON T2.code = T3.setCode;

Execution Result of A: [[153.8992408557626]]

Candidate B SQL:
SELECT SUM(CASE WHEN isNonFoilOnly = 1

THEN 1 ELSE 0 END) * 100.0 / COUNT(*)
AS percentage_non_foil

FROM sets
WHERE code IN

(SELECT setCode FROM set_translations
WHERE language = ’Japanese’);

Execution Result of B: [[11.570247933884298]]

The model will be prompt to think step by step and choose the candidates that correctly answer the question

Figure 4: The task description of the example case study.

GRPO model response

Reasoning: To determine the correct SQL query, we need to carefully analyze the given schema
and the natural language question. The question asks for the percentage of sets that have a Japanese
translation and are only available in non-foil format.
1. We need to join the sets table with the set_translations table on setCode to filter sets
that have a Japanese translation.
2. We need to calculate the percentage of these sets that are only available in non-foil format.
Let’s analyze the two candidate SQL queries:
Execution Result of B:
[[11.570247933884298]]
Both queries involve joining the set_translations table with the sets table to filter sets with
a Japanese translation and then calculating the percentage of non-foil sets among them.
Candidate B filters sets with a Japanese translation and calculates the percentage of non-foil sets
correctly. Candidate A seems to have an issue with the division and filtering logic.
Given the execution results, Candidate B returns a reasonable percentage, while Candidate A returns
an unusually high value.
Therefore, the correct query is Candidate B.

Figure 5: The inference process of GRPO model for this case study.

42885



E Prompt Template for RJudge and PJudge Model

You first thinks about the reasoning process in the mind and then provides the user with the answer.
Task Overview:
You are a data science expert. Below, you are provided with a database schema, a natural language
question, two candidates SQL and its corresponding execution result. Your task is to understand
the schema and choose the correct SQL which answers the natural language question from the two
candidates.

Database Engine:
SQLite

Database Schema:
{DATABASE_SCHEMA}

Question:
{EVIDENCE}
{QUESTION}

Here are two candidate SQLs and their execute results:
Candidate A:
{CANDIDATE_A_QUERY}

Execution result of A:
{CANDIDATE_A_RESULT}

Candidate B:
{CANDIDATE_B_QUERY}

Execution result of B:
{CANDIDATE_B_RESULT}

Instructions:
Before choosing the final answer, please think through the steps of how to confirm its correctness.
You should think through these steps:

1. Understanding the user question requirements: What information is being requested? What are
the key columns and filters?

2. Analyzing the Database schema: Which tables and joins are necessary to answer the question?
What are the key relationships?

3. Evaluating candidate A and its results: Does it select the correct columns? Does it apply the
correct conditions and joins? Does the result match expectations?

4. Evaluating candidate B and its results: Does it select the correct columns? Does it apply the
correct conditions and joins? Does the result match expectations?

5. Comparing two candidates: Identify differences between the two queries in terms of structure,
logic, and execution result.

6. Determining the Correct answer: Select the query that best satisfies the question requirements,
with correct columns, filters, and joins.
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Remember:

• The correct SQL should return all of the information asked in the question without any missing
or extra information. If the question asks for a specific column, the correct candidate SQL only
include that column in the SELECT clause, nothing more, nothing less.

• The empty execution result "[]" does not necessarily mean that the SQL query is incorrect; it
might simply indicate that the database does not contain such data.

Output Format:
Show your work in <think> </think> tags. And return your answer ’A’ or ’B’
in <answer> </answer> tags. For example, <think>reasoning process here
</think><answer>A</answer> if the candidate A is correct, <think>reasoning
process here </think><answer>B</answer> if the candidate B is correct.

Figure 6: The prompt template for PJudge model.

You first thinks about the reasoning process in the mind and then provides the user with the answer.

Task Overview:
You are a data science expert. Below, you are provided with a database schema, a natural language
question, two candidates SQL and its corresponding execution result. Your task is to understand
the schema and choose the correct SQL which answers the natural language question from the two
candidates.

Database Engine:
SQLite

Database Schema:

{DATABASE_SCHEMA}

This schema describes the database’s structure, including tables, columns, primary keys, foreign keys,
and any relevant relationships or constraints.

Question:

{EVIDENCE} {QUESTION}

Here are two candidate SQLs and their execute results:

Candidate A:
{CANDIDATE_A_QUERY}
Execution result of A:
{CANDIDATE_A_RESULT}

Candidate B:
{CANDIDATE_B_QUERY}
Execution result of B:
{CANDIDATE_B_RESULT}

Instructions:

• The correct SQL should return all of the information asked in the question without any missing
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or extra information. If the question asks for a specific column, the correct candidate SQL only
include that column in the SELECT clause, nothing more.

• The empty execution result "[]" does not necessarily mean that the SQL query is incorrect; it
might simply indicate that the database does not contain such data.

• Before choosing the final answer, please think through the steps of how to confirm its correctness.

Output Format: Show your work in <think> </think> tags. And return your answer
’A’ or ’B’ in <answer> </answer> tags. For example, <think>reasoning process
here</think><answer>A</answer> if the candidate A is correct, <think>reasoning
process here</think><answer>B</answer> if the candidate B is correct.

Figure 7: The prompt template for RJudge model
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