
Proceedings of the 64th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 8915–8933
July 2-7, 2026 ©2026 Association for Computational Linguistics

QBridge: Bridging Natural Language and SQL via Gold Query Rewriting
with Agentic Refinement

Zhensheng Luo1,2, Sai Wu1,2, Yuan Qiu3, Chang Yao1,2, Gang Chen1,2, Xiu Tang1,2*

1Zhejiang University
2Hangzhou High-Tech Zone (Binjiang) Blockchain and Data Security Research Institute

3Hong Kong University of Science and Technology
{zhenshengluo,wusai,changy,cg,tangxiu}@zju.edu.cn

yqiubo@connect.ust.hk

Abstract

Natural language to SQL (NL2SQL) provides
an intuitive interface for querying structured
data, yet real user questions are often noisy,
ambiguous, and weakly grounded to database
semantics. As a result, token-level schema link-
ing and single-pass SQL decoding can be brit-
tle: small misunderstandings in language or
schema grounding may propagate into incorrect
generation. We present QBridge, an agentic,
feedback-driven NL2SQL framework based on
a Refined Gold Query Paradigm, which bridges
natural language and SQL via Gold Query—a
structured, SQL-aligned intermediate represen-
tation. A core insight of QBridge is Distilled
Back-Translation (DBT) for SL-independent
rewriting. DBT converts SQL-grounded su-
pervision into execution-verified Gold-Query-
style rewrites from a teacher model, and dis-
tills a lightweight, plug-and-play rewriter that
generates schema-aware rewrites without re-
quiring explicit schema linking at inference.
QBridge then (i) verifies and conservatively re-
fines the rewrite into a high-fidelity Refined
Gold Query, and (ii) refines the generated
SQL with dual feedback from execution va-
lidity and semantic consistency, enabling inter-
pretable self-correction while remaining com-
patible with diverse SQL backbones. Extensive
experiments on Spider, BIRD, and three robust-
ness variants demonstrate that QBridge con-
sistently improves zero-shot NL2SQL, outper-
forming strong prompting and agentic baselines
while showing strong robustness and general-
ization. Code and data are available at https:
//github.com/WannaBSteve/QBridge.

1 Introduction

Natural language to SQL translation (NL2SQL)
enables users to query relational databases with-
out writing SQL, and has been a long-standing
goal spanning NLP and data management. Re-
cent large language models (LLMs) substantially
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improve text-to-SQL generation on cross-domain
benchmarks such as Spider (Yu et al., 2018), but
practical deployment is still bottlenecked by the
natural language interface itself: real user ques-
tions are often noisy, underspecified, and weakly
aligned with database semantics.

Most neural and LLM-based NL2SQL systems
remain largely decoder-driven, they ask a model to
simultaneously interpret the question, ground it to a
schema, and synthesize an executable query in one
shot (or with lightweight post-hoc repairs). When
the input question is imperfect, small language-
level misunderstandings can propagate into in-
correct joins, conditions, and aggregations, mak-
ing schema linking and single-pass decoding brit-
tle. Despite extensive efforts on schema linking,
prompting, and execution-based correction, com-
paratively fewer approaches explicitly address the
linguistic sources of misalignment before SQL de-
coding. A natural response is to introduce interme-
diate representations (IRs) such as SQL sketches,
SemQL, NatSQL, and related templates (Lee and
Baik, 1999; Gan et al., 2021c; Fan et al., 2024).
While IRs can reduce the search space for decod-
ing, they typically depart from natural language
and may discard useful linguistic cues; once an
incorrect template is selected, errors can become
difficult to recover. More importantly, many IR-
based pipelines still leave the core ambiguity of the
original question unresolved, delegating schema
alignment to the decoder.

Figure 5 in Appendix A.2 illustrates recurring
language-level issues that make NL2SQL brittle
under noisy, user-style questions. We observe
four patterns: (i) unnecessary reasoning burden,
where intent is expressed indirectly and must be
normalized into explicit operators or predicates
(e.g., “from the oldest to the youngest”⇒ ORDER
BY age DESC, “in year 2014 or after” ⇒ year
≥ 2014); (ii) ambiguity, where a mention does
not uniquely resolve to a schema field or is easily
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misinterpreted (e.g., “nation”→ singer.country,
“average” as an attribute vs. an AVG operator); (iii)
redundancy, where verbose wording increases sur-
face length and distracts downstream reasoning
without adding constraints; and (iv) schema un-
awareness, where user-friendly values or predi-
cates do not match the database encoding or at-
tribute naming (e.g., “female” vs. sex ∈ {F,M},
“opened” vs. Open_Year). These mismatches sys-
tematically induce intent–schema misalignment,
weakening surface-form schema linking and mak-
ing single-pass decoding error-prone.

To address this gap, we propose QBridge, a
feedback-driven NL2SQL framework that bridges
natural language and SQL through an explicit,
schema-aware linguistic interface. At its core is
Gold Query, a structured reformulation of the
user question that follows a canonical Gold Query
Norm and makes clause-level intent explicit while
remaining readable natural language. Building on
this interface, QBridge decomposes NL2SQL into
three cooperating stages: (i) SL-Independent NLQ
Rewriting produces a Gold-Query-style rewrite; (ii)
Feedback-Driven Query Refinement verifies and
conservatively edits the rewrite into a high-fidelity
Refined Gold Query; and (iii) Feedback-Driven
SQL Refinement iteratively improves the generated
SQL using dual signals from execution validity
and semantic consistency (via reverse deduction).
This decomposition yields interpretable intermedi-
ate artifacts and enables plug-and-play integration
with diverse SQL backbones without fine-tuning
the decoder.

Our main contributions are as follows.

• Gold Query Paradigm. We introduce the Gold
Query Norm as a novel intermediate representa-
tion that bridges natural language and SQL. This
is the first time such a paradigm has been pro-
posed, and through extensive experiments, we
demonstrate its effectiveness in improving the
accuracy and reliability of NL2SQL systems.

• Distilled Back-Translation (DBT) Workflow. We
propose a new DBT workflow that includes high-
quality data construction and distillation pro-
cesses. This workflow ensures the quality of
the training data (particularly the rewritten data)
and is reusable across different tasks and mod-
els, making it a versatile approach for improving
model performance in various scenarios.

• QBridge framework. We propose a novel frame-

work, QBridge, an agentic NL2SQL framework
that decomposes generation into SL-Independent
NLQ Rewriting, Feedback-Driven Query Refine-
ment, and Feedback-Driven SQL Refinement to
bridge NLQ and SQL through the Refined Gold
Query Paradigm with fine-grained feedback-
driven refinement mechanism.

• Comprehensive zero-shot evaluation and anal-
ysis. We conduct comprehensive evaluation
on Spider, BIRD, and three Spider-derived ro-
bustness variants, together with analyses of
cost/latency, rewriter generalization, robust-
ness without explicit schema linking, structure-
stratified performance, and BIRD-oriented NLQ
issue taxonomy. Results show state-of-the-art
zero-shot performance on Spider, strong EX/VES
on BIRD-dev, and consistent robustness and cost-
efficiency across settings.

2 Related Work

NL2SQL. Traditional NL2SQL was mainly treated
as semantic parsing, evolving from template- or
grammar-based systems to neural encoder–decoder
models that jointly represent the question and
schema (Gan et al., 2021c; Lee and Baik, 1999; Cao
et al., 2024). Recent advances emphasize schema-
aware encoding and constrained decoding for cross-
domain generalization on benchmarks such as Spi-
der (Yu et al., 2018), including graph-based en-
coders and structured decoding (Yin et al., 2020).
A common ingredient is schema linking, which re-
duces schema ambiguity by aligning mentions in
the question to tables/columns, but can be brittle un-
der paraphrases, implicit mentions, and noisy user
phrasing. With large language models, NL2SQL
has shifted toward prompting, in-context learning,
and lightweight adaptation (Liu et al., 2023; Dong
et al., 2023; Wang et al., 2020; Xie et al., 2024). To
improve reliability beyond single-pass decoding,
many LLM-based systems introduce decomposi-
tion and verification loops (Pourreza and Rafiei,
2023; Gao et al., 2024a; Cen et al., 2025; Fu et al.,
2023): they break the task into schema understand-
ing, draft SQL generation, and iterative repair, of-
ten guided by execution feedback or LLM-based
critique. Agentic designs further separate these
roles into cooperative modules to reduce halluci-
nations and improve interpretability (Wang et al.,
2025; Shao et al., 2025; Chaturvedi et al., 2025;
Gao et al., 2024b). QBridge follows this trend
of verifiable, multi-stage generation, but focuses
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on stabilizing the natural-language interface via
a structured rewrite that is schema-aware yet does
not require token-level SL at inference time.
Distilled Back-Translation. Back-translation was
originally proposed in neural machine transla-
tion (Sennrich et al., 2016; Edunov et al., 2018)
to synthesize training pairs by translating mono-
lingual data with a reverse model, and distillation
can further compress such synthetic supervision
into a smaller student (Gou et al., 2021; Fujita and
Takada, 2025). In our setting, we use SQL as the
pivot supervision: a teacher LLM generates candi-
date structured rewrites, and we retain only those
that are SQL-grounded and behaviorally consistent
under verification (Andersen, 1990; He et al., 2025;
Uhlig et al., 2025). We then distill these verified
rewrites into a lightweight, plug-and-play rewriter.
This differs from conventional back-translation in
that the supervision signal is not merely a reverse-
model output, but is filtered by executable, SQL-
grounded consistency, aligning the rewriter with
downstream SQL decoding.

3 QBridge

QBridge is a three-stage NL2SQL pipeline that
bridges natural language and SQL via an inter-
pretable, schema-aware natural-language interme-
diate representation. Given a question q and
schema S, it (i) rewrites q into a structured Gold
Query r̃, (ii) verifies it into a Refined Gold Query
r̂ with conservative edits, and (iii) generates SQL
and refines it with execution- and semantics-based
feedback until convergence. Figure 1 provides
an overview. We first introduce the Refined Gold
Query Paradigm (§3.1), then describe how DBT
trains an SL-independent rewriter (§3.2), and fi-
nally present the feedback-driven refinement stages
for r̂ and SQL (§3.3–§3.4).

3.1 Refined Gold Query Paradigm

We reformulate NL2SQL with an explicit natural-
language intermediate representation: (q, S) →
r̃ → r̂ → ŝ, where r̃ is a structured rewrite (Gold
Query) and r̂ is its verified version (Refined Gold
Query). This decouples linguistic normalization
from schema reasoning and symbolic SQL gener-
ation, and provides an interpretable interface for
verification and correction.

Definition 1 (Gold Query Norm). A canonical,
schema-grounded rewriting scheme that specifies
an SQL-aligned slot order and phrasing rules for

natural-language queries.

Definition 2 (Gold Query). A Gold Query is a
schema-aware reformulation r∗ of a user question
q over schema S that follows the Gold Query Norm,
verbalizing clause semantics in the fixed slot or-
der [SELECT, FROM, JOIN, WHERE, GROUPBY,
ORDERBY, LIMIT].

Gold Queries reduce ambiguity by making
clause-level intent explicit while remaining natural-
language, which stabilizes downstream decoding
and mitigates error propagation before SQL gener-
ation.

End-to-end inference. Given (q, S), QBridge
first produces a structured rewrite r̃ (Stage I), ver-
ifies it into r̂ (Stage II), and then generates and
refines SQL into ŝ (Stage III). Formally, ŝ =
RSQL(GSQL(r̂, S), fexec, fsem), where the refiner
uses execution validity and semantic alignment to
guide corrections. Figure 2 illustrates the three
stages: Stage I produces a clause-explicit rewrite,
Stage II removes unsupported or drifting parts to
obtain r̂, and Stage III corrects execution and se-
mantic mismatches to output the final SQL.

3.2 Distilled Back-Translation for
SL-Independent Rewriting

Teacher generation and verification. During
training, we assume access to triples (q, S, s∗),
where s∗ is the Gold SQL. A teacher LLM MT

samples a set of candidate rewrites that aim to fol-
low the Gold Query Norm:

R = {ri ∼MT (q, S, s
∗)}ki=1. (1)

We then retain only verified candidates whose in-
duced SQL is executable and execution-consistent
with s∗ under a fixed SQL generator GSQL. The sur-
viving rewrite is denoted as r∗, yielding a rewrit-
ing corpus D = {(q, S, r∗)} that filters halluci-
nated schema elements and logical drift, and aligns
rewriting behavior with the downstream generator.

Student distillation objective. We fine-tune a
lightweight student rewriterMS on D with super-
vised learning to predict the verified rewrite given
only the question and schema:

LSFT = −
N∑

i=1

logPMS
(r∗i | qi, Si). (2)

At inference time, the student directly generates
r̃ from (q, S), removing any dependence on Gold
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Figure 1: Overview of QBridge. Stage I rewrites NLQ into a structured Gold Query via distilled back-translation;
Stage II verifies and minimally edits it into a Refined Gold Query; Stage III generates SQL and refines it with
execution and semantic feedback.
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captured by ‘max’ which incorrect. ",

Set_ops: "No set operations are involved in this query.", 

Join_conds: "No joins are needed for this specific query.", 

DB_util: "Schema is used minimally but effectively for this query.", 
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precise database terminology. " 
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+----+------+
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Template_Type_Code and MIN  
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SELECT MIN(Version_Number), Template_Type_Code 
FROM Templates GROUP BY Template_Type_Code 
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+------+----+
|  ‘AD’  |  7 |
|  ‘BK’  |  2 |
|  ‘CV’  |  5 |
|  ‘PP’  |  0 |
| ‘PPT’ |  1 |
+------+----+

OR

Generated SQL

Final SQL

Direct Generated SQL

Figure 2: An end-to-end example of QBridge. Correct
is marked green and incorrect is marked red.

SQL and explicit schema linking while inheriting
SQL-grounded rewriting behavior from the teacher.
We provide the complete protocol for constructing
D, including the verification procedure and robust-
ness augmentations, in Appendix A.3.1.

3.3 Feedback-Driven Query Refinement

While Stage I produces structured rewrites r̃ us-
ing a rewriter learned via DBT, the output may
still contain hallucinated schema elements, over-
reformulations, or subtle logical deviations that
mislead SQL decoding. Stage II therefore verifies
r̃ with clause-level constraints and performs con-
servative, targeted edits to obtain the final Refined
Gold Query r̂. The refinement stage consists of two
cooperative agents. A Rewrite Reviewer diagnoses
violations and proposes minimal edit actions, and

a Rewrite Refiner applies only these actions under
a constrained-edit policy, yielding r̂ as the verified
input to downstream SQL generation.

Multi-Dimensional Rewrite Reviewer. Given
schema S, the original question q, and the rewrite
r̃, the reviewer audits r̃ along a fixed checklist that
covers semantic equivalence, norm adherence (slot
order), ordering and grouping logic, join validity,
condition soundness, schema coverage, and con-
ciseness. It returns a set of detected issues together
with minimal, actionable edits:

[
freview, fixesrewrite

]
← RReview(r̃, q, S). (3)

We enforce a conservative optimization principle:
edits are suggested only when necessary to restore
faithfulness and structural consistency, and the
reviewer avoids introducing new assumptions or
speculative schema elements. The concrete check-
list and the reviewer prompt are provided in Ap-
pendix A.4.

Feedback-Driven Rewrite Refiner. The refiner
applies fixesrewrite to update r̃ and outputs the ver-
ified rewrite r̂:

r̂ ← RRefine(r̃, fixesrewrite, q, S). (4)

It follows a constrained-edit policy that preserves
user intent, adheres to the Gold Query Norm, and
avoids adding unsupported joins, attributes, or con-
ditions. This design reduces over-editing and pre-
vents new hallucinations, producing a faithful and
SQL-ready Refined Gold Query.
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3.4 Feedback-Driven SQL Refinement
Given the verified Refined Gold Query r̂ from
Stage II and schema S, Stage III closes the loop
between SQL generation, validation, and correc-
tion. A zero-shot SQL generator GSQL first pro-
duces candidate SQLs {s̃(k)}Kk=1 = GSQL(r̂, S).
When K > 1, we optionally apply self-consistency
sampling (Wang et al., 2022) to select an initial
hypothesis s̃0. Although s̃0 is often executable, it
may still deviate from the intent of r̂, especially on
joins, aggregations, and conditions. We therefore
refine it with dual feedback, details are shown in
Figure 6 in Appendix A.3.3.

Dual feedback and refinement. At iteration t,
we derive execution-level feedback by running the
query:

ϕe
t = fexec(s̃t, S). (5)

We also derive semantic-level feedback through
reverse deduction:

(qr,∆
s
t )← D←(s̃t; r̂, S). (6)

where with reverse-deduction operator as D←, qr
is a reverse-deduced query representation induced
from s̃t that makes mismatches against r̂ explicit,
and ∆s

t summarizes minimal semantic edit actions
(e.g., aggregation, filtering, and join logic).

We convert execution feedback into edit actions
∆e

t = fixesexec(ϕ
e
t ) and update the SQL as:

s̃t+1 = RSQL(s̃t,∆
e
t ,∆

s
t , S). (7)

We stop when the query is executable and no se-
mantic edits remain, or when reaching the maxi-
mum iteration tmax. The final output ŝ satisfies
both executability and semantic faithfulness to r̂.

Real database-grounded case canonicalization.
To handle casing mismatches between user value
mentions and database entries, we canonicalize
string literals via case-insensitive database lookup
and replace them with the database form when a
case-folded exact match exists. Details are pro-
vided in Appendix A.3.3.

4 Experiments

4.1 Experimental Setup
Benchmarks. We evaluate QBridge on two pri-
mary benchmarks, Spider (Yu et al., 2018) and
BIRD (Li et al., 2023b), together with three Spider-
derived robustness variants: Spider-DK (Gan et al.,
2021b), Spider-SYN (Gan et al., 2021a), and

Spider-Realistic (Deng et al., 2021). Spider is
the standard cross-domain benchmark for composi-
tional text-to-SQL, spanning diverse schemas and
complex multi-table queries. BIRD-dev serves as
a complementary benchmark for evaluating trans-
fer beyond Spider-style data, and we report EX
and VES on it. The three Spider variants probe
complementary robustness challenges aligned with
our goal: Spider-DK tests implicit domain knowl-
edge, Spider-SYN replaces schema terms with
synonyms to reduce lexical overlap, and Spider-
Realistic rewrites NLQs into less schema-explicit,
more user-like phrasing. Statistics are summarized
in Table 14 in Appendix A.5.

Evaluation Metrics. We report Execution Ac-
curacy (EX), Exact Match (EM), and Test-Suite
Accuracy (TS) under the standard Spider protocol.
EX compares execution results, EM matches SQL
structure after value normalization, and TS miti-
gates false positives in EX via a curated test suite.
For BIRD, we report EX and VES following the
standard BIRD evaluation protocol. To character-
ize practical inference overhead, we additionally
report Avg. Tokens / Q, Avg. Time / Q, Avg. Cost
/ Q, and EX / Avg. Cost on Spider. Avg. Tokens
/ Q measures the realized token usage aggregated
over the full inference pipeline, including all LLM
calls used for rewriting, review/refinement, SQL
generation, repair, and optional self-consistency
sampling. Avg. Time / Q is the end-to-end wall-
clock latency from input (q, S) to the final SQL
under a unified deployment setting. Avg. Cost / Q
is estimated from the realized token usage based on
the provider pricing in our experiments. EX / Avg.
Cost summarizes cost-efficiency by normalizing
execution accuracy with respect to per-query mon-
etary cost. Unlike static prompt-budget proxies,
these metrics reflect the actual realized overhead of
the full multi-stage inference pipeline.

Baselines. We include strong zero-shot LLM
baselines, including ChatGPT-SQL + Chat-
GPT (Liu et al., 2023), zero-shot GPT-4 (Pour-
reza and Rafiei, 2023), and C3 (Dong et al., 2023)
instantiated with ChatGPT or GPT-4. They re-
quire no task-specific fine-tuning and serve as the
main references for assessing the gain from our
rewriting–refinement pipeline under a zero-shot
SQL backbone. We also compare against few-shot
prompting baselines (few-shot GPT-4 and SQL-
PaLM (Sun et al., 2023)), which often improve
accuracy at the cost of longer prompts and thus pro-
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Table 1: Overall comparison on Spider and BIRD. QBridge keeps the SQL backbone in zero-shot mode. The best
result is bolded and second-best is underlined. ZS, FS, FT denotes Zero-Shot, Few-Shot and Fine-Tuned.

Approach Paradigm Spider Dev Spider Test Spider Mean BIRD Dev

ZS FS FT EX% EM% TS% EX% EM% EX% EM% EX% VES

Zero-Shot NL2SQL
ChatGPT-SQL + ChatGPT (Liu et al., 2023) ✓ – – 70.1 37.9 60.1 – – – – 43.8 37.2
Zero-Shot + GPT-4 ✓ – – 72.9 42.4 64.9 – – – – 46.4 49.8
C3 + ChatGPT (Dong et al., 2023) ✓ – – 81.8 43.1 72.1 82.3 – 82.1 – 50.2 46.3
C3 + GPT-4 ✓ – – 82.1 50.7 – – – – – – –
Few-Shot Prompting
Few-Shot + GPT-4 – ✓ – 76.8 54.3 67.4 – – – – – –
Few-Shot SQL-PaLM (Sun et al., 2023) – ✓ – 82.8 78.2 77.3 – – – – – –
Fine-Tuned / Agentic Systems
Fine-Tuned SQL-PaLM (Sun et al., 2023) ✓ – ✓ 82.8 – 78.2 – – – – 53.6 –
RESDSQL-3B + NatSQL (Li et al., 2023a) ✓ – ✓ 84.1 80.5 79.9 79.9 72 82.0 76.3 – –
SFT CodeS-7B (Li et al., 2024) ✓ – ✓ 85.4 – 80.3 – – – – 57.2 58.8
COG-SQL + GPT-4 (Yuan et al., 2025) ✓ – ✓ 85.4 – – 86.4 – 85.9 – 59.6 64.3
DAIL-SQL + GPT-4 (Gao et al., 2024a) – ✓ ✓ 83.6 68.7 76.2 86.2 – 84.9 – 54.8 56.1
DAIL-SQL + DeepSeek-V3 – ✓ ✓ 82.3 56.0 74.4 – – – – 57.0 59.1
DIN-SQL + GPT-4 (Pourreza and Rafiei, 2023) – ✓ ✓ 82.8 60.1 74.2 85.3 60.0 84.1 60.1 50.7 58.8
DIN-SQL + DeepSeek-V3 – ✓ ✓ 66.7 57.4 61.5 79.9 60.9 73.3 59.2 52.9 54.0
MAC-SQL + GPT-4 (Wang et al., 2025) – ✓ ✓ 86.8 63.2 – 82.8 – 84.8 – 57.6 59.5
MAC-SQL + DeepSeek-V3 – ✓ ✓ 80.1 58.5 67.5 77.9 19.2 79 38.9 62.7 66.9

Zero-Shot + Lightweight Adapter (Ours)
QBridge + GPT-4o ✓ – ✓(†) 85.5 56.0 79.6 82.3 61.6 83.9 58.8 61.2 71.4
QBridge + DeepSeek-V3 ✓ – ✓(†) 86.4 57.4 80.8 85.9 38.7 86.2 48.1 63.4 70.7
QBridge + DeepSeek-V3 + SC ✓ – ✓(†) 86.9 65.7 81.5 86.7 39.1 86.8 52.4 64.9 71.9

(†) Only the 7B rewriter adapter is fine-tuned; “SC” = Self-Consistency; “–” = not reported/open-source in performance.

vide a natural contrast to our prompt-budget analy-
sis. Finally, we include representative fine-tuned
and agentic systems—RESDSQL (Li et al., 2023a),
DAIL-SQL (Gao et al., 2024a), DIN-SQL (Pour-
reza and Rafiei, 2023), COG-SQL (Yuan et al.,
2025), and MAC-SQL (Wang et al., 2025)—to con-
textualize performance relative to methods that rely
on specialized training or multi-step coordination.

Implementation Details. We use DeepSeek-V3
as the teacher LLM for DBT data construction
(with ECV) and as the zero-shot SQL backbone at
inference. This aligns DBT verification with down-
stream decoding and is cost-critical for our multi-
stage pipeline. We additionally evaluate QBridge
with GPT-4o for extended validation.

For generation steps (DBT sampling, SQL gener-
ation, and refinement), we use the provider default
temperature, while setting temperature to 0 for ver-
ification modules (rewrite review and reverse de-
duction) for stable checking. We distill the rewriter
by fine-tuning Qwen2.5-7B-Instruct (Team et al.,
2024) on NVIDIA A800 GPUs.

4.2 Overall Performance
We evaluate QBridge against representative
NL2SQL systems on Spider and BIRD-dev. Ta-
ble 1 summarizes the main results. On Spider,
QBridge + DeepSeek-V3 achieves 86.2% mean
EX across dev/test and 80.8% TS on Spider dev,
and further reaches 86.8% mean EX and 81.5% TS
with self-consistency. On BIRD-dev, QBridge +

DeepSeek-V3 reaches 63.4% EX and 70.7 VES,
and further improves to 64.9% EX and 71.9 VES
with self-consistency. These results outperform
zero-shot baselines, remain competitive with strong
fine-tuned or agentic systems, and show that the
rewriting–refinement pipeline transfers beyond Spi-
der.

Beyond accuracy, we further evaluate practical
deployment overhead on Spider. Since QBridge
uses a multi-stage rewrite–review–repair pipeline
and optional self-consistency, static prompt proxies
do not fully reflect realized inference overhead. We
therefore report measured tokens, latency, mone-
tary cost, and cost-efficiency in Table 2.

We further evaluate on Spider-derived robustness
variants. As shown in Figure 3, QBridge achieves
the highest execution accuracy across Spider-DK,
Spider-SYN, and Spider-Realistic, demonstrating
robustness to domain-knowledge requirements and
less schema-explicit phrasing.

Finally, we observe a modest drop when pairing
the distilled rewriter with a different backbone than
the one used during DBT verification. This is ex-
pected because DBT implicitly aligns the rewrite
distribution with the downstream SQL generator
used in verification; we provide further analysis in
Appendix A.5.
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Table 2: Measured cost and latency on Spider. Avg.
Tokens / Q, Avg. Time / Q, and Avg. Cost / Q reflect
realized end-to-end inference overhead. EX / Avg. Cost
measures cost-efficiency. Higher is better for EX and
EX / Avg. Cost; lower is better for the other metrics.

Method Avg. Tokens / Q Avg. Time / Q Avg. Cost / Q EX (%) EX / Avg. Cost

C3SQL + GPT-3.5 5702 – 0.0114 82.0 7190
SuperSQL + GPT-4 942 – 0.0283 87.0 3079
DTS-SQL + GPT-4 1081 7.7s 0.0324 71.0 2189
DEA-SQL + GPT-4 12038 100.2s 0.3611 19.0 53
DIN-SQL + GPT-4 10453 16.2s 0.3136 55.3 176
DAIL-SQL + GPT-4 932 2.4s 0.0280 74.8 2675
DAC + GPT-4 11741 7.4s 0.3522 75.7 215

QBridge + DeepSeek-V3 3328.26 23.71s 0.0010 86.4 86636

4.3 Effectiveness of the Distilled Rewriter and
Gold Query Norm

To isolate the effect of rewriting, we compare dif-
ferent rewriters under the same DeepSeek-V3 SQL
backbone. All settings are kept identical includ-
ing zero-shot SQL prompt (Liu et al., 2023), M-
Schema representation (Gao et al., 2024b), and
the same schema linking module. Table 3 reports
EX/EM on Spider dev. Two observations stand
out. First, the DBT-distilled Qwen2.5-7B rewriter
is the strongest rewriter overall. Compared with
Rewriter-Free, our final configuration improves by
+5.4 EX and +28.9 EM, indicating that DBT suc-
cessfully distills verified, SQL-aligned rewriting
behavior into a lightweight student model. Second,
rewriting is not always beneficial: naive rewriting
can drift away from the original intent and propa-
gate errors to SQL generation. This is reflected in
Table 3, where several off-the-shelf rewriters de-
grade once forced into a rigid Gold Query Norm. In
contrast, our DBT-distilled rewriter benefits from
the Gold Query Norm (+2.4 EX and +11.4 EM
over its unconstrained rewriting), because it is ex-
plicitly trained to produce rewrites that remain se-
mantically equivalent to original NLQs. Together,
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Figure 3: Comparison of EX accuracy on Spider-DK,
Spider-SYN and Spider-Realistic.
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Schema:
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Open_Year is greater than '2013' or Open_Year is less than 
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museum
Museum_ID Name Num_of_Staff Open_Year

Figure 4: Demonstration of typical NLQ representation
issues rewriting solution.

Table 3: Comparison of EX/EM across different rewrite
strategies. “+ Gold Query Norm” denotes the use of our
structured Gold Query representation.

Rewrite Strategy EX % EM %

Rewriter-Free (Zero-Shot NL2SQL) 79.5 36.3

DeepSeek-V3 Rewriter 78.7 39.3
+ Gold Query Norm 75.6 (-3.1) 39.8 (+0.5)

GPT-4o Rewriter 79.3 42.5
+ Gold Query Norm 78.4 (-0.9) 41.8 (-0.7)

Gemini-2.5-flash Rewriter 58.9 33.5
+ Gold Query Norm 46.4 (-12.5) 20.9 (-12.6)

Llama3-8b-Instruct Rewriter 68.7 27.9
+ Gold Query Norm 41.1 (-27.6) 17.8 (-10.1)

Qwen2.5-7B-Instruct Rewriter 76.7 35.4
+ Gold Query Norm 61.0 (-15.7) 38.6 (+1.2)

Distilled Qwen2.5-7B-Instruct Rewriter 82.5 53.8
+ Gold Query Norm (Ours) 84.9 (+2.4) 65.2 (+11.4)

DBT and the norm turn rewriting from a potentially
harmful transformation into an effective, reliable
intermediate representation for downstream SQL
decoding.

We further analyze performance on structurally
complex SQL by grouping sampled queries accord-
ing to three common structural patterns: nested
queries, set operations, and multi-table joins. Ta-
ble 4 reports execution accuracy on 500 sampled
queries from Spider-dev and 500 sampled queries
from BIRD-dev.

On Spider, QBridge achieves the highest accu-
racy on nested queries and set operations, while
remaining competitive on multi-table joins. On
BIRD, all methods become more challenged, but
QBridge still attains the strongest accuracy on
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Table 4: Structure-stratified execution accuracy (%)
on sampled Spider-dev and BIRD-dev queries. Each
dataset uses 500 sampled queries. Higher is better.

Dataset Method Nested Query Set Operations Multi-table JOIN

Spider

QBridge 71.7 75.0 68.9
C3-SQL 50.3 42.5 52.7
DAIL-SQL 67.9 65.0 64.9
MAC-SQL 66.0 56.2 77.0
DIN-SQL 6.3 7.5 36.5

BIRD

QBridge 39.7 33.3 61.8
C3-SQL 36.5 33.3 43.8
DIN-SQL 37.3 33.3 43.0
MAC-SQL 49.2 33.3 56.2

multi-table joins and remains competitive on the
other structures. These results indicate that the
Gold Query serves as an intent-stabilizing interme-
diate representation without preventing the frame-
work from handling complex SQL composition.
We also provide a targeted BIRD NLQ-issue analy-
sis in Appendix A.1. On a paired 500-query subset,
adding the NLQ rewriter improves EX from 69.4%
to 77.0%, with the largest gains on unnecessary
reasoning and ambiguity. This directly supports
our motivation that stabilizing the natural-language
interface is especially beneficial when the original
question is linguistically noisy or weakly aligned
with schema terms.

Beyond quantitative gains, Figure 4 illustrates
how Gold Query reformulation resolves common
NLQ issues. It normalizes vague or compositional
expressions (e.g., “from the oldest to the youngest”
→ “in descending order”), disambiguates under-
specified mentions, and adds missing schema-
grounded constraints, yielding a more composi-
tional intermediate form that supports stable SQL
decoding.

4.4 Generalization Ability of the Rewriter

We assess the generalization ability of our distilled
rewriter by applying it as a plug-and-play prepro-
cessing module to a range of zero-shot NL2SQL
LLMs and representative baseline architectures. In
all experiments, the downstream SQL generator
remains unchanged; only the NLQ is rewritten. Ta-
ble 5 shows that our rewriter consistently improves
zero-shot NL2SQL across diverse backbones (Chat-
GPT, GPT-4o, Gemini-2.5-Pro (Team et al., 2023),
Qwen3 (Yang et al., 2025), and DeepSeek-V3). EX
improves by +1.6 to +5.4 points, and EM gains
reach up to +28.9 points. The largest gains ap-
pear on DeepSeek-V3, indicating that the distilled
rewriter is especially effective when paired with
the backbone used during DBT verification. Ta-
ble 6 evaluates our rewriter as a plug-in prepro-
cessing module for representative NL2SQL sys-

Table 5: Comparison of EX/EM across different zero-
shot NL2SQL backbones LLMs with and without
rewriter. “vanilla” denotes models without rewriting.

Backbone Zero-Shot LLM Strategy EX % EM %

ChatGPT vanilla 76.3 44.8
w/ our rewriter 79.5 (+3.2) 58.0 (+13.2)

GPT-4o vanilla 80.9 44.8
w/ our rewriter 82.5 (+1.6) 56.2 (+11.4)

Gemini-2.5-Pro vanilla 78.5 60.4
w/ our rewriter 81.8 (+3.3) 59.6 (-0.8)

Qwen3-235B-A22B vanilla 79.4 38.2
w/ our rewriter 82.2 (+2.8) 47.0 (+8.8)

DeepSeek-V3 vanilla 79.5 36.3
w/ our rewriter 84.9 (+5.4) 65.2 (+28.9)

Table 6: Comparison of EX/EM across different base-
lines with and without the NLQ rewriter. “vanilla” de-
notes no rewriting.

Approach Strategy EX % EM %

ChatGPT-SQL + ChatGPT vanilla 70.1 37.9
w/ our rewriter 79 (+8.9) 51.0 (+13.1)

DIN-SQL + DeepSeek-V3 vanilla 66.7 57.4
w/ our rewriter 80.7 (+14.0) 69.4 (+12.0)

MAC-SQL + DeepSeek-V3 vanilla 80.1 58.5
w/ our rewriter 82.1 (+2.0) 60.3 (+1.8)

DAIL-SQL + DeepSeek-V3 vanilla 82.3 56
w/ our rewriter 83.8 (+1.5) 61.6 (+5.6)

QBridge + DeepSeek-V3 (Ours) vanilla 85.0 42.5
w/ our rewriter 86.4 (+1.4) 57.4 (+14.9)

tems (ChatGPT-SQL, DIN-SQL, MAC-SQL, and
DAIL-SQL) under the same DeepSeek-V3 back-
bone. The rewriter improves all baselines, with par-
ticularly large gains on DIN-SQL (+14.0 EX and
+12.0 EM), and also improves QBridge itself (+1.4
EX and +14.9 EM). Overall, the rewriter acts as
a model-agnostic enhancement that complements
downstream decoding and verification.

4.5 Robustness of the SL-Independent
Rewriter

To test whether QBridge remains effective without
explicit schema linking, we remove each method’s
declared linking module (e.g., the Selector in MAC-
SQL) while keeping all other settings unchanged.
As shown in Table 7, conventional systems degrade
substantially without linking (e.g., RESDSQL-
Base and DAIL-SQL drop by 7.8 and 4.7 EX
points), indicating a strong reliance on token-level
alignment. In contrast, QBridge drops by only
0.3 EX and 1.7 EM. This robustness comes from
two designs: (i) Gold Query rewriting explicitly
grounds tables, attributes, and joins in the interme-
diate representation, and (ii) DBT training injects
schema noise, encouraging the rewriter to identify
the essential schema elements under noisy meta-
data.
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Table 7: Comparison of models with and without
schema linking (SL). “w/o SL” denotes removing each
model’s declared schema linking component.

Approach Strategy EX % EM %

C3 + ChatGPT w/ SL 81.8 43.1
w/o SL 79.5 (-2.3) –

COG-SQL + GPT-4o-mini w/ SL 84.2 –
w/o SL 82.2 (-2.0) –

RESDSQL-Base w/ SL 77.9 71.7
w/o SL 70.1 (-7.8) –

DIN-SQL + DeepSeek-V3 w/ SL 66.7 57.4
w/o SL 62.3 (-4.4) 52.5 (-4.9)

MAC-SQL + DeepSeek-V3 w/ SL 80.1 58.5
w/o SL 79.8 (-0.3) 44.9 (-13.6)

DAIL-SQL + DeepSeek-V3 w/ SL 82.3 56.0
w/o SL 77.6 (-4.7) 43.3 (-12.7)

QBridge + DeepSeek-V3 (Ours) w/ SL 86.4 57.4
w/o SL 86.1 (-0.3) 55.7 (-1.7)

4.6 Ablation Study
To evaluate the contribution of each component in
QBridge, we conduct ablations on the Spider dev
set. Starting with QBridge+DeepSeek-V3 (with-
out self-consistency), we sequentially remove the
NLQ Rewriter, Query Refiner, SQL Refiner, and
their combinations, and also assess the effect of
adding self-consistency during SQL generation. Ta-
ble 8 reports EX by difficulty level and overall.
Removing the NLQ Rewriter causes the largest
drop (–1.4% overall EX), particularly on medium
queries (90.6%→ 88.1%), highlighting the impor-
tance of rewriting ambiguous NLQs into structured
Gold Queries. Removing either the Query Refiner
or SQL Refiner results in slight accuracy reduc-
tions of 0.3% and 0.2%, respectively, with a larger
drop (1.0%) when both are removed. This confirms
their complementary roles: the Query Refiner im-
proves query clarity, while the SQL Refiner ensures
semantic alignment and execution correctness. In-
troducing self-consistency during SQL generation
yields a stable +0.5 EX gain, by generating multiple
SQL candidates and selecting the final one based
on execution outcomes, thus mitigating stochastic
decoding variance.

Table 8: Ablation study of QBridge on Spider Dev
across four difficulty levels.

Strategy Easy Medium Hard Extra Overall

QBridge (DeepSeek-V3) 94.4 90.6 79.9 69.9 86.4

– NLQ Rewriter 92.3 88.1 82.8 68.1 85.0(-1.4)
– Query Refiner 95.2 90.6 80.5 66.3 86.1(-0.3)
– SQL Refiner 94.8 91.5 78.7 66.9 86.2(-0.2)
– Query Refiner & SQL Refiner 94.4 90.8 78.7 64.5 85.4(-1.0)

+ Self-Consistency 94.4 92.2 80.5 68.7 86.9(+0.5)

5 Conclusion

We introduced QBridge, a feedback-driven
NL2SQL framework that bridges natural language

and SQL through a structured, verifiable interme-
diate representation. QBridge decomposes the pro-
cess into three stages: SL-independent rewriting
using DBT-distilled Gold Queries, feedback-driven
query refinement to prevent semantic drift, and
dual-feedback SQL refinement to ensure both exe-
cutability and semantic alignment. This approach
enables schema-aware reasoning with less reliance
on token-level schema linking, while maintaining
performance. Experiments on Spider, BIRD, and
three Spider variants show that QBridge achieves
state-of-the-art zero-shot performance with strong
robustness and generalization. Future work will
explore scaling for larger, noisier schemas and ap-
plying the Refined Gold Query Paradigm to other
structured prediction tasks.

6 Limitations

Although our design shows significant perfor-
mance, it involves some practical trade-offs. We
use a lightweight 7B rewriter for plug-and-play de-
ployment; scaling it up (or distilling from stronger
teachers) is a straightforward path for harder set-
tings with larger and noisier schemas. The multi-
stage verification and refinement in QBridge im-
proves reliability but adds inference latency com-
pared to single-pass decoding. Finally, since DBT
verifies rewrites with a specific SQL backbone dur-
ing data construction, the distilled rewriter may be
mildly coupled to that backbone’s decoding style.
We leave these extensions to future work.
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A Appendix

A.1 NLQ Issue Taxonomy and Targeted
Ablation on BIRD

As discussed in Figure 5, many NL2SQL fail-
ures originate from mismatches between the sur-
face form of the natural-language question and
the schema-grounded query logic. We consider
four common issue types: unnecessary reason-
ing burden, ambiguity, redundancy, and schema-
unawareness. To quantify their effect on a more re-
alistic benchmark, we analyze 500 sampled queries
from BIRD-dev and compare a variant without the
NLQ rewriter against the full QBridge pipeline un-
der the same DeepSeek-V3 backbone.

Table 9 shows that adding the NLQ rewriter im-
proves execution accuracy from 69.4% to 77.0%
on this paired subset. Table 10 further breaks the re-
sults down by issue type. The largest gains appear
on unnecessary reasoning and ambiguity, show-
ing that rewriting is especially beneficial when the
original question requires extra inference or uses
expressions that do not align well with schema
terms. Table 11 shows that the improvement per-
sists across all issue counts, and becomes larger
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Table 9: Overall EX on a paired 500-query BIRD-dev
subset, with and without the NLQ rewriter.

Method Correct Total EX (%)

w/o NLQ rewriter 347 500 69.4
QBridge + DeepSeek-V3 385 500 77.0

Table 10: Performance breakdown by NLQ issue type
on the paired 500-query BIRD-dev subset.

Issue Type Samples (n) w/o NLQ rewriter QBridge Improv.

Unnecessary Reasoning 147 53.1 66.0 +12.9
Ambiguity 124 59.7 72.6 +12.9
Redundancy 67 59.7 68.7 +9.0
Schema-unawareness 88 65.9 69.3 +3.4

when multiple issue types co-occur in the same
question. These results support our formulation
of NLQ stabilization as a primary component of
robust Text-to-SQL.

A.2 Issues Demonstrations

Figure 5 in Appendix A.2 illustrates typical cases
of semantic inconsistency in natural language ex-
pressions. Such inconsistencies arise when the
linguistic form fails to directly reflect the underly-
ing query logic: (i) unnecessary reasoning burden,
where phrases like “from the oldest to the youngest”
require additional inference instead of directly spec-
ifying “ordered by age descending”; (ii) ambiguity,
when expressions such as “nation” or “average”
mismatch schema terms; (iii) redundancy, where
extra words add length without new meaning; and
(iv) schema unawareness, as in “female” versus
the column value sex ∈ {F, M}. These exam-
ples reveal that language-level inconsistency is an
overlooked but primary source of semantic mis-
alignment in NL2SQL.

A.3 Method

A.3.1 Data Construction

We construct the DBT rewriting corpus from the
training splits of Spider and BIRD. We employ
the same LLM as both the teacher MT and the
NL2SQL backbone within the Execution Consis-
tency Validation (ECV) loop, while using a much
lighter model as the studentMS . Formally, given
a natural question q, its corresponding schema S,
and the reference Gold SQL s∗, the DBT data con-
struction process can be described as:

D =
{
(q, S, r∗)

∣∣ r∗ ∼ FECV
(
MT (q, S, s

∗)
)}

,
(8)

where MT (q, S, s
∗) = {ri}ki=1 denotes k candi-

date rewrites generated by the teacher model, and

Table 11: Performance breakdown by the number of
NLQ issues on the paired 500-query BIRD-dev subset.

Issue Count Samples (n) w/o NLQ rewriter QBridge Improv.

0 294 77.2 83.3 +6.1
1 89 59.6 66.3 +6.7
2 50 52.0 66.0 +14.0
3 31 61.3 74.2 +12.9
4 36 61.1 69.4 +8.3

FECV is the filtering operator that enforces:

FECV(ri) =

{
ri, if ExecCheck(si) ∧ ECV(si, s

∗),

∅, otherwise,
(9)

where si = GSQL(ri, S) is the SQL generated from
each rewrite under a simple C3-style prompt (Dong
et al., 2023). Among all valid candidates passing
both checks, one is randomly sampled and retained
as the Gold Query r∗, forming a clean and exe-
cutable corpus D = {(q, S, r∗)}. This procedure
not only ensures correctness but also internalizes
the execution behavior of the ECV-validated back-
bone into the dataset, aligning the rewriter’s output
distribution with the SQL decoder.

Data Augmentation. To further enhance quality
and robustness, we apply three augmentation strate-
gies during training data construction:

(i) Schema Noise Injection: For each instance,
extract Tused, Cused from s∗ and augment with
random noise elements Tnoise, Cnoise, forming a
schema as:

Tinput = Tused ∪Tnoise, Cinput = Cused ∪Cnoise, (10)

to simulate imperfect schema linking.

(ii) Difficulty- and diversity-aware sampling:
We balance the DBT construction corpus
across diverse query complexities and bench-
mark sources to avoid over-concentration on
simple Spider-style instances and to improve
robustness under more realistic database set-
tings.

(iii) M-Schema representation: Linearize each
database using the M-schema format (Gao
et al., 2024b), providing concise and seman-
tically complete relational context with explicit
foreign keys.

A.3.2 Distillation
The student rewriter is fine-tuned on D to gen-
erate Gold Queries directly from (q, S) without
SQL supervision. Formally, given a dataset D =
{(qi, Si, r

∗
i )}Ni=1 constructed via Step 8, the objec-

tive is to minimize the negative log-likelihood of
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Algorithm 1: End-to-end QBridge Infer-
ence

Input: Natural language query q; schema
S = (T,C,K); optional schema linking flag
USESL; zero-shot SQL generator GSQL;
optional self-consistency budget K; max
refine steps tmax.

Output: Final SQL ŝ.

1 Stage I: SL-Independent NLQ Rewriting
2 if USESL then
3 [Tlink, Clink]← SCHEMALINKING(q, S)
4 Sopt ← ASSEMBLESCHEMA(S, Tlink, Clink)

5 else
6 Sopt ← S

7 r̃ ← Rrewrite(q, Sopt)

8 Stage II: Feedback-Driven Query Refinement
9 [freview, ∆

r]←RReview(r̃, q, S)
10 r̂ ←RRefine(r̃,∆

r, q, S)

11 SQL Generation
12 if K ≤ 1 then
13 s̃0 ← GSQL(r̂, S)

14 else
15 {s̃(k)}Kk=1 ← GSQL(r̂, S)

16 s̃0 ← SELFCONSISTENCY({s̃(k)}Kk=1)

17 t← 0

18 Stage III: Feedback-Driven SQL Refinement
19 repeat
20 ϕexec ← fexec(s̃t, S)
21 (qr,∆

s
t )← D←(s̃t; r̂, S)

22 ∆e
t ← fixesexec(ϕexec)

23 if VALID(ϕexec) ∧ ∥∆s
t∥ = 0 then

24 return ŝ← s̃t

25 s̃t+1 ←RSQL(s̃t,∆
e
t ,∆

s
t , S)

26 t← t+ 1
27 until t ≥ tmax

28 return ŝ← s̃t

generating r∗i given (qi, Si): LSFT. The Gold SQL
is only used in Step 8 for data construction and is
removed entirely during training. Through distilla-
tion, the rewriter learns to infer high-quality Gold
Queries from the interaction between only NLQs
and schemas, which is a capability distilled from
the teacher’s use of Gold SQL. During inference,
when only (q, S) is available, as in real-world sce-
narios, the rewriter can naturally approximate the
ground truth Gold Query without explicit SQL in-
put. This ensures that it functions under realistic de-
ployment conditions while retaining the precision
and consistency learned from SQL-grounded su-
pervision. This process can be viewed as a form of
teacher-forced semantic distillation, where the stu-
dent rewriter learns under strong supervision from
verified teacher outputs, distilling only execution-
consistent rewrites that preserve semantic fidelity.

Q: Show name, country, age for all singers ordered 

by age from the oldest to the youngest.

Could be pointed out order by age in descending.

Q: Show the stadium name and capacity with most 

number of concerts in year 2014 or after.

Could be clearer description of “year>=2014”.

singer
Singer_ID Name Country Song_Name Age Is_male

concert
concert_ID concert_Name Stadium_ID Year

stadium
Stadium_ID Location Capacity Highest Lowest Average

Refers to singer.country, this was even deemed as disturb in Spider variants dataset. 

Q: What is the name and nation of the singer who 

have a song having 'Hey' in its name?

Refers to stadium.Average yet prone to be understood as aggregation function “AVG()”.

Q: What is the maximum capacity and the average of all stadiums ?
stadium
Stadium_ID Location Capacity Average

Redundant words burden on reasoning and token costs but not helping understanding.

Q: How many concerts occurred in 2014 or 2015?

Could be optimized given examples of student.sex(‘F’, ‘M’) instead of “Female”

Q: How many dog pets are raised by female students?

concert
concert_ID concert_Name Theme Stadium_ID Year

Student
Stu_ID Sex

Has_Pet
StuID PetID

Pets
PetID PetType

Issue 1: Unnecessary reasoning burden

Issue 2: Ambiguity

Verbose expression weighing on condition judgement of downstream generation.

Q: Who is enrolled in a Bachelor degree program? List the 

first name, middle name, last name.
Degree_programs
degree_program_id Degree_summary_name

Issue 3: Redundancy

Students
student_id First_name Middle_name Last_name

Student_Enrolment
Student_enrolment_id Degree_program_id Student_id

Issue 4: Schema-unawareness

Q: How many museums were opened after 2013 or 

before 2008?

Could be optimized given schema attribute Open_year

museum
Museum_ID Name Num_of_Staff Open_Year

singer
Singer_ID Name Country Song_Name

Figure 5: Common NLQ representation issues—
unnecessary reasoning burden, ambiguity, redundancy,
and schema unawareness—that make grounding and
decoding brittle in NL2SQL.
Table 12: Five defining principles of the Gold Query.

Principle Description

Semantic Equivalence Preserves the original intent and meaning of the NLQ.
Structured Norm Conforms to a canonical, schema-grounded structured norm.
Schema Awareness Explicitly identifies all relevant tables, columns, and relationships.
Logical Clarity States all comparisons and conditions explicitly for unambiguity.
Conciseness Removes redundancy while keeping the query clear and readable.

A.3.3 SQL Refinement details
Details of SQL Refinement with its generation in
QBridge are illustrated in Figure 6.

A.4 Prompts and Checklists

Data Construction for Gold Query Rewriting
We provide our explicit Gold Query rewriting
prompt as follow. Details are shown in Figure 7.

Rewrite Reviewer Details of rubber-duck-style
rewrite reviewer prompt are shown as Figure 9. De-
tails of dimensions in reviewing process are shown
as Table 13.

Reverse Deduction Details of reverse deduction
prompt of generating reverse query are shown in
Figure 10.

SQL Refiner Details of SQL Refiner prompt are
shown as Figure 11.

A.5 Experiments Details

Benchmarks We evaluate QBridge using five
NL2SQL benchmarks/settings: Spider (Yu et al.,
2018), BIRD (Li et al., 2023b), Spider-DK (Gan
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Feedback

Feedback-driven SQL Refinement

Execution 

Valid?
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Self-Correction

Refined Gold Query

Deduced Query

Zero-shot NL2SQL Backbone

C3

SQL 1

SQL 2

SQL k

……

……

Generated SQL

Final SQL

Figure 6: Feedback-driven SQL refinement with a front-
end zero-shot SQL generator.

Table 13: Eight standardized dimensions guiding the
reviewer’s evaluation of the rewrite r̃.

Dimension Description

Semantic Equivalence Preserves the intent and meaning of the original NLQ.
Structured Norm Follows the Gold Query Norm with consistent slot ordering.
Ordering Correctness Aligns sorting direction and attribute order with user intent.
Grouping Logic Uses grouping and aggregation only when required.
Join Validity Ensures joins correspond to valid schema relationships.
Condition Soundness Specifies complete and coherent filtering and comparison logic.
Schema Coverage References only valid tables and columns without redundancy.
Conciseness Removes redundancy while preserving clarity and intent.

et al., 2021b), Spider-SYN (Gan et al., 2021a), and
Spider-Realistic (Deng et al., 2021). Benchmark
details are summarized in Table 14.

Metrics of Cost Evaluation

• Average Tokens per Query (Avg. Tokens / Q). We
measure the realized token usage per query over
the full inference pipeline, including all input
and output tokens consumed by rewriting, re-
view/refinement, SQL generation, repair, and op-
tional self-consistency sampling.

• Average Time per Query (Avg. Time / Q). We mea-
sure the end-to-end wall-clock time from receiv-
ing the input question and schema to producing
the final SQL output, under a unified deployment
setting.

• Average Cost per Query (Avg. Cost / Q). We es-
timate the actual monetary cost per query from
the realized token usage based on the provider
pricing used in our experiments.

• EX / Avg. Cost. To summarize cost-efficiency, we
further report execution accuracy normalized by
per-query monetary cost.

ECV-Backbone Coupling As shown in Table 1,
the GPT-4o pairing offered slightly lower score not

because of model capacity, but the ECV–backbone
coupling introduced by our DBT pipeline: during
data construction, ECV is performed with a spe-
cific backbone GSQL, and only rewrites that make
GSQL execute the correct SQL are kept as Gold
Queries, implicitly encoding its decoding style into
the distilled data. This process not only filters for
correctness but also internalizes the SQL genera-
tion style and structural preferences of GSQL into
the distilled dataset, enabling the student rewriter
to produce queries naturally aligned with that back-
bone’s decoding behavior. Consequently, when
inference-time generation uses the same model as
ECV (e.g., DeepSeek-V3), the rewriter operates
in-distribution and yields optimal EX, EM, and TS,
whereas switching to a different backbone (e.g.,
GPT-4o) introduces mild stylistic mismatch.

A.6 Qualitative Analysis: Value-Case Noise
and Evaluation Artifacts

We follow the official Spider evaluation protocol,
and the following test cases illustrate situations
where despite appearing to have errors, our ap-
proach actually generates more accurate and rea-
sonable SQL queries. These issues are often due
to data inconsistencies, misinterpretations in the
evaluation process, or inherent limitations of the
gold standard.

Value Case Mismatch. In cases where there is
a mismatch between the case formatting of literals
in the query and the database, our method’s ability
to handle case normalization leads to more accu-
rate SQL generation compared to the gold stan-
dard. For instance, in Case 1 (Status casing) in
Figue 12, the gold SQL fails to match because it
does not normalize the case of "Stuck", whereas
our method correctly normalizes case differences,
aligning the query with the database. Similarly,
in Case 5 (String literal casing mismatch) in Fig-
ure 16, the discrepancy between "Leo Wong" and
the database’s lowercase value causes the gold SQL
to fail, but our system correctly normalizes and
matches the value.

Underspecified Queries and Value Mismatches.
When a query is underspecified or contains ambigu-
ities, the gold standard SQL may not fully account
for the user’s intent. In Case 2 (Value casing +
target-attribute ambiguity) in Figure 13, the ambi-
guity of whether to retrieve Document_Object_ID
or Related_Document_Object_ID is resolved in our
approach by grounding the query to the explicitly
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System Prompt: You are now an professional question rewriting specialist. I will provide a natural language question, the
corresponding database schema and Gold SQL. Your task is to rewrite the question into a semantically equivalent, structured,
yet natural Gold Query format.
Instruction Prompt: CRITICAL RULES:
1. SEMANTIC EQUIVALENCE: The rewritten question must preserve the exact meaning and attribute order of the original
question
2. STRUCTURED FORMAT: Follow this exact structure: - "List [aggregation functions] [attributes] from [table(s)] [with
join conditions] [with conditions] [grouped by] [ordered by] [limited to]"
3. CONCISENESS: Remove all redundant words while maintaining clarity
4. UNAMBIGUOUS: Explicitly specify aggregations (count, sum, avg, max, min) and comparisons
5. NATURAL LANGUAGE: Maintain natural English flow while using precise database terminology
6. OUTPUT ONLY: Return only the rewritten question, no explanations
[Schema]
{db_schema}
[Question]
{question}
[Gold SQL]
{gold_sql}

Figure 7: Details of NLQ Rewriting Prompt(Green parts are included when constructing training data)

Table 14: Statistics of NL2SQL benchmarks/settings used in this study.

Dataset Samples DBs / Domains Focus

Spider 8659 train / 1034 dev / 2147 test 200 / 138 Large-scale cross-domain benchmark with complex SQL
queries over diverse relational schemas.

BIRD 9428 train / 1534 dev / 1789 test 95 / 37 A large-scale, database-grounded benchmark with
real-world and often noisy database content, designed to
evaluate content-grounded reasoning and SQL efficiency

beyond clean schema matching.

Spider-DK 535 (modified from Spider dev) 10 / – Robustness to implicit domain knowledge beyond explicit
schema mentions.

Spider-SYN 1034 (same SQLs as Spider dev) 20 / – Robustness under synonym-based paraphrasing of schema
terms.

Spider-Realistic 508 (revised from Spider dev) 20 / – Performance under more realistic, less schema-explicit
user phrasing.

mentioned field. This discrepancy in interpretation
leads to mismatches in the gold standard evalua-
tion, but our method resolves it more effectively by
grounding the query to the correct field.

In Case 3 (Whitespace noise in string literals)
in Figure 14, the gold SQL does not account for
the presence of whitespace around values in the
database, leading to empty denotation. Our method,
however, handles such discrepancies by trimming
whitespace, resulting in a successful match.

Schema Mismatches and Missing Tables. In sit-
uations where schema linking fails to recall the cor-
rect table or schema element, our method still pro-
duces valid SQL queries by grounding the rewrite
to the correct logic. In Case 4 (Schema linking
false negative + hard pruning) in Figure 15, the
failure of schema linking to recall the paintings
table leads to an incorrect column (height), but our

method’s rewrite still captures the user intent, and
the issue arises from schema pruning.

Schema Misalignment and SQL Misinterpreta-
tion. When the schema misalignment between
the gold SQL and our generated SQL occurs, we
demonstrate that our method actually aligns more
closely with the user’s intent. Case 8 (SQL mis-
alignment between cinemas and movies) in Fig-
ure 19 shows that while the gold SQL focuses on
movie titles, our SQL correctly focuses on cinemas.
This misalignment between the gold standard and
user intent causes discrepancies in denotation. Ad-
justing the gold SQL to align with our generated
SQL would resolve this issue.

Data Distribution Issues. Sometimes, SQL re-
sults are affected by underlying data distribution,
and our approach is more adaptable to such issues.
In Case 10 (Data distribution issues: Card credit
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System
You are now an excellent SQL writer, first I’ll give you some tips and examples, and I need you to remember the tips, and do
not make same mistakes.

User
Tips 1:
Question: Which A has most number of B?
Gold SQL: select A from B group by A order by count ( * ) desc limit 1;
Notice that the Gold SQL doesn’t select COUNT(*) because the question only wants to know the A and the number should
be only used in ORDER BY clause, there are many questions asks in this way, and I need you to remember this in the the
following questions.

Assistant
Thank you for the tip! I’ll keep in mind that when the question only asks for a certain field, I should not include the
COUNT(*) in the SELECT statement, but instead use it in the ORDER BY clause to sort the results based on the count of
that field.

User
Tips 2:
Don’t use "IN", "OR", "LEFT JOIN" as it might cause extra results, use "INTERSECT" or "EXCEPT" instead, and remember
to use "DISTINCT" or "LIMIT" when necessary.
For example,
Question: Who are the A who have been nominated for both B award and C award?
Gold SQL should be: select A from X where award = ’B’ intersect select A from X where award = ’C’;

Assistant
Thank you for the tip! I’ll remember to use "INTERSECT" or "EXCEPT" instead of "IN", "OR", or "LEFT JOIN" when I
want to find records that match or don’t match across two tables. Additionally, I’ll make sure to use "DISTINCT" or "LIMIT"
when necessary to avoid repetitive results or limit the number of results returned.

User
You are now a sqlite data analyst, and you are given a database schema as follows:
[Schema]
{db_schema}
[Question]
{question}
Please read and understand the database schema carefully, and generate an executable SQL based on the user’s question with
no explanations. The generated SQL is protected by “‘sql and “‘.

Figure 8: Details of Zero-shot SQL Generation Prompt

ranges) in Figure 21, the gold SQL returns only
one country, but the data distribution makes our ap-
proach return multiple countries, which is logically
correct based on the query intent. The gold SQL
fails to account for the data distribution correctly,
while our method provides more accurate results.

String Matching and Aggregation Errors.
Case 9 (String matching and aggregation error) in
Figure 20 presents an issue where case sensitivity
prevents the query from matching correctly. The
gold SQL works under the assumption of lowercase
city names, while our method’s ability to normal-
ize case resolves the mismatch. This shows our
method’s flexibility in generating more accurate
SQL queries compared to the gold standard.
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System Prompt: You are a professional question rewriting quality reviewing specialist. Evaluate a single rewritten question
across following dimensions using rubber duck checking.

Instruction Prompt: Dimensions: 1. STRUCTURED FORMAT - Does it follow the structured format for Gold Query?
- Base pattern: "List [aggregation functions] [attributes] from [table(s)] [with join conditions] [with conditions] [grouped by]
[ordered by] [limited to]"
2. ORDERING CORRECTNESS - Does the rewritten question specify the correct ordering (e.g., asc/desc) that matches
the original question’s intent, especially for superlative queries (e.g., "fewest", "most", "highest", "lowest")? Check for
misinterpretation of order direction.
3. GROUP BY USAGE - Only use GROUP BY when it is truly necessary; avoid excessive grouping.
4. SET OPERATION LOGIC - Check if the question contains keywords such as "either...or" (should map to UNION),
"both...and" (should map to INTERSECT), and "except"/"not in" (should map to EXCEPT or NOT IN depending on context).
Ensure the rewritten question correctly reflects the intended set operation or aggregation logic, and matches the original
meaning.
5. JOIN CONDITIONS - By default, do not specify explicit join-on columns (including foreign keys); only specify join-on
columns when omitting them would cause ambiguity or confusion. Only use join instead of inner join or left join.
6. UNAMBIGUITY - Are table names, column names, and functions clearly specified?
7. DB UTILIZATION - Does the rewritten question utilize the schema effectively but not excessively? Also, pay attention to
case sensitivity issues between the schema and the original question.
8. NATURAL LANGUAGE - Does the rewritten question maintain natural English flow while using precise database
terminology?

Use rubber duck checking: briefly explain your reasoning per dimension, then provide brief fix suggestions if needed.

**Schema:** {db_schema}
**Original Question:** {original_question}
**Rewritten Question:** {rewritten_question}

Figure 9: Details of Rewrite Reviewer Prompt

System Prompt: You are a SQL analysis expert. Given an NLQ, a SQL query, and the database schema, reverse-deduce a
concise Gold Query style that semantically matches the SQL. Assess its consistency with the NLQ, briefly explain any
differences, and provide actionable SQL fixes if needed.

Instruction Prompt: **Deduction Rules:** 1. Reverse-deduct a natural language question Gold Query that describes the
exact semantics of the SQL, and evaluate whether the reverse-deduced Gold Query is semantically equivalent to the given
NLQ.
2. Structured Format: Follow the Gold Query structure:
- "List [aggregation functions] [attributes] from [table(s)] [with join conditions] [with conditions] [grouped by] [ordered by]
[limited to]".
3. Unambiguity: mention table/column names and operations explicitly; keep attribute order consistent with the SELECT
list.
4. Natural Language: maintain natural English flow while using precise database terminology.

**NLQ:**{question}
**Database Schema:**{db_schema}
**SQL:**{sql}

Return STRICT JSON only, no extra text, with this schema:
“‘json
{
"reverse_query": "one line natural language Gold Query",
"feedback": {
"consistency_with_given_question": "true or false",
"reasoning": "brief reasoning",
"fixes": ["short, actionable step 1", "step 2", "step 3"]
}
“‘

Figure 10: Details of Reverse Deduction Prompt
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System Prompt: You are a SQL Refiner. Your job is to refine and optimize SQL queries based on execution feedback and
semantic consistency feedback.

Instruction Prompt: **Original Question: {original_question}
- Current SQL Query: {current_sql}
- Database Schema: {db_schema}
- Semantic Consistency Feedback (JSON): {semantic_feedback}
- Execution Feedback (JSON): {execution_feedback}

**Refine Goals:**
1. Fix all issues mentioned in the feedback while preserving the original intent.
2. Optimize SQL correctness based on execution results.
3. Ensure the refined SQL is syntactically correct and executable.
4. Maintain semantic equivalence with the original question.

Output:
- Return ONLY the refined SQL with no explanations.
- The output SQL should be a clean, executable SQL statement and protected by “‘sql and “‘.

Figure 11: Details of SQL Refiner Prompt

Case 1 (Status casing). NLQ: Find all the details of the customers who have been involved in an interaction with status “Stuck” and service and channel detail
“bad”.
DB evidence: SELECT DISTINCT Status_Code FROM Customer_Interactions; returns ‘Stuck’ (not ‘stuck’).
Gold: ... WHERE t2.status_code="stuck" AND ...="bad" ⇒ gold_denotation = [ ].
Pred: ... WHERE ci.Status_Code=’Stuck’ AND ...=’bad’ ⇒ non-empty denotation.
Diagnosis: With M-Schema value examples and our case canonicalization, QBridge tends to ground literals to the database form, which may disagree with
casing-noisy gold values.

Figure 12: Representative test cases where value-case noise in gold SQL yields empty gold denotations.

Case 2 (Value casing + target-attribute ambiguity). NLQ: What are the document object ids of the related to the document owned by Ransom?
Gold: ... SELECT t1.document_object_id ... WHERE t2.owner=’ransom’ ⇒ gold_denotation = [ ].
Pred: ... SELECT dsm.Related_Document_Object_ID ... WHERE do.Owner=’Ransom’ ⇒ non-empty denotation (possibly with duplicates).
Diagnosis: (i) the gold literal ’ransom’ may mismatch the database casing (e.g., ’Ransom’), yielding an empty gold denotation; (ii) the NLQ is underspecified on
whether to return Document_Object_ID or Related_Document_Object_ID, while our pipeline tends to ground the intent to the explicitly mentioned “related”
field.

Figure 13: Test-set examples where value-case noise and/or underspecified target attributes can lead to empty gold
denotations, potentially under-estimating database-grounded pipelines.

Case 3 (Whitespace noise in string literals). NLQ: What are the voice sound quality scores received for the song named ’ The Balkan Girls ’ in English
language?
Gold: ... WHERE T2.name=’ The Balkan Girls ’ AND T2.language=’English’ ⇒ non-empty denotation.
Pred: ... WHERE s.name=’The Balkan Girls’ AND s.language=’English’ ⇒ empty denotation.
Diagnosis: the database appears to store the song name with leading/trailing spaces. Our pipeline normalizes user mentions by trimming surrounding whitespace,
which is often closer to user intent but can miss matches when the underlying DB contains whitespace-corrupted values.

Figure 14: Test-set example where whitespace-corrupted string values cause execution-based evaluation to disagree
under different literal normalization behaviors.

Case 4 (Schema linking false negative + hard pruning). NLQ: Find the ids of paintings whose height is bigger than 500 and less than 2000?
Schema linker output: only artists(. . . ) is recalled; paintings is missing.
Rewrite (r̃): List the painting IDs with condition of height is between 500 and 2000.
Pred SQL: SELECT paintingID FROM paintings WHERE height>500 AND height<2000; ⇒ no such column: height.
Gold SQL: ... WHERE height_mm>500 AND height_mm<2000.
Diagnosis: the rewrite correctly captures the clause-level intent, but hard-pruned schema prevents the SQL generator/refiner from observing the true column
(height_mm), leading to a plausible but invalid guess (height).

Figure 15: Example where schema linking false negatives and hard schema pruning cause execution failure, despite
a faithful structured rewrite.

Case 5 (String literal casing mismatch). NLQ: List all package numbers received by Leo Wong?
Gold: ... WHERE t2.name=’leo wong’ ⇒ gold_denotation = [ ].
Pred: ... WHERE Client.Name=’Leo Wong’ ⇒ pred_denotation = [ ].
Diagnosis: The database stores the name in lowercase, which causes mismatch when the case-sensitive value is queried. The Gold SQL correctly matches the
lowercase value, while Pred SQL uses an uppercase string that does not match.

Figure 16: Test-set example where string literal case mismatch leads to empty denotation.
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Case 6 (String matching difference: LIKE "John" vs LIKE "%John%"). NLQ: Find the details of the customers named John.
Gold: ... WHERE t2.name LIKE "\%John\%" ⇒ non-empty denotation.
Pred: ... WHERE Client.Name LIKE "John" ⇒ empty denotation.
Diagnosis: The Pred SQL uses LIKE "John" which only matches the exact value ’John’ (case-sensitive), whereas the Gold SQL uses LIKE "%John%" to capture
all cases where John appears as part of the name. This mismatch leads to an empty result in Pred SQL.

Figure 17: Test-set example where a difference in ‘LIKE‘ patterns (exact match vs partial match) leads to mismatch
between gold and pred denotations.

Case 7 (Gold SQL misinterpretation of "unrated movies"). NLQ: What is all the information about the unrated movies?
Gold: ... WHERE rating = ’null’ ⇒ gold_denotation = [ ].
Pred: ... WHERE Rating IS NULL OR Rating = ”⇒ non-empty denotation [(4, ’The Quiet Man’, None), (5, ’North by Northwest’, None), (8, ’A Night at
the Opera’, None)].
Diagnosis: Gold SQL uses rating = ’null’ to query for unrated movies, which is incorrect as NULL should be used to represent unrated movies. The Pred SQL
correctly uses Rating IS NULL to capture unrated movies, but also includes Rating = ” which could return empty string entries. Nevertheless, the Pred SQL’s
logic better reflects SQL norms and user intent.

Figure 18: Test-set example where the Pred SQL’s logic aligns better with SQL standards, whereas the Gold SQL’s
use of ‘’null’‘ leads to errors in matching unrated movies.

Case 8 (SQL misalignment between cinemas and movies). NLQ: Find the name of the cinemas that are playing movies with either rating ’G’ or rating ’PG’.
Gold: SELECT title FROM movies WHERE rating = ’G’ OR rating = ’PG’ ⇒ non-empty denotation.
Pred: SELECT DISTINCT MovieTheaters.Name FROM MovieTheaters JOIN Movies ON MovieTheaters.Movie = Movies.Code WHERE Movies.Rating
IN (’G’, ’PG’); ⇒ empty denotation.
Diagnosis: The Pred SQL correctly joins the tables MovieTheaters and Movies, but mistakenly focuses on the MovieTheaters.Name rather than the movie title.
The Gold SQL queries the movie titles without considering the theater information, which misaligns with the user’s intent of finding cinemas. The Pred SQL’s
focus on theaters is semantically aligned with the NLQ, but its target and table selection differ from the Gold SQL’s aim. The correct query should involve finding
cinemas that are playing ’G’ or ’PG’ rated movies, and should return theater names. Adjusting the Gold SQL to focus on cinemas would resolve this misalignment.

Figure 19: Test-set example where misalignment between Pred SQL’s focus on theaters and Gold SQL’s focus on
movies leads to empty denotation.

Case 9 (String matching and aggregation error). NLQ: What are the total enrollment of institutions in city "Vancouver" or "Calgary"?
Gold: select sum(enrollment) from institution where city = "vancouver" or city = "calgary" ⇒ non-empty denotation.
Pred: SELECT SUM(Enrollment) FROM institution WHERE City = ’Vancouver’ OR City = ’Calgary’; ⇒ empty denotation.
Diagnosis: The Pred SQL fails to match the cities because the query is case-sensitive, while Gold SQL assumes that cities are stored in lowercase in the database,
resulting in a successful match. Additionally, Pred SQL is trying to calculate the total enrollment, but the case mismatch causes failure.

Figure 20: Test-set example where case sensitivity leads to SQL failure in Pred SQL, while Gold SQL works due to
the assumption of lowercase city names.

Case 10 (Data distribution issues: Card credit ranges). NLQ: Which nations have both customers with card credit above 50 and customers with card credit
below 75?
Gold: SELECT Nationality FROM customer WHERE Card_Credit < 50 INTERSECT SELECT Nationality FROM customer WHERE Card_Credit > 75
⇒ non-empty denotation {Australia}.
Pred: SELECT DISTINCT c1.Nationality FROM customer c1 WHERE c1.Card_Credit > 50 INTERSECT SELECT DISTINCT c2.Nationality FROM
customer c2 WHERE c2.Card_Credit < 75; ⇒ non-empty denotation {Australia, England}.
Diagnosis: The Pred SQL queries customers whose card credit is between 50 and 75. Given the data distribution, this query is logically correct. However, since
the data does not match the Gold SQL condition of having card credits both below 50 and above 75, the Pred SQL returned more than one nation.

Figure 21: Test-set example where data distribution issues affect SQL results, causing Pred SQL to return multiple
countries while Gold SQL returns only one.

Case 11 (Self-Connection Distance Issue: Excluding City-to-Self Distances). NLQ: What is the total distance between all cities?
Gold: SELECT T2.city_name , avg(distance) FROM Direct_distance AS T1 JOIN City AS T2 ON T1.city1_code = T2.city_code GROUP BY
T1.city1_code ⇒ non-empty denotation.
Pred: SELECT c.city_name, AVG(d.distance) AS average_distance FROM City c JOIN Direct_distance d ON c.city_code = d.city1_code
WHERE d.city1_code != d.city2_code GROUP BY d.city1_code; ⇒ incorrect denotation.
Diagnosis: The Pred SQL attempts to calculate average distances for cities while excluding self-references using ‘d.city1_code != d.city2_code‘. However, this
fails to accurately account for the correct relationships and data filtering in the schema. The Gold SQL lacks the ‘d.city1_code != d.city2_code‘ clause, but it
would be beneficial to explicitly exclude self-distances in both cases.

Figure 22: Test-set example where self-connection distances affect the computation of total distance between cities,
leading to incorrect denotation.
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