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Abstract

Open-source LLMs provide a flexible alterna-
tive to closed-source models for Text-to-SQL
but still struggle with complex queries. Fine-
tuning with chain-of-thought (CoT) data im-
proves reasoning, yet standard datasets lack
CoT annotations, requiring synthetic genera-
tion. Existing synthesis methods only verify
the final answer, allowing flawed reasoning
steps to corrupt the training data. We propose
VCoT-SQL, a framework that improves Text-
to-SQL generation through intermediate-step-
validated CoT supervision and a dedicated SQL
validator, which enables small open-source
models to outperform frontier closed-source
models. VCoT-SQL trains two complemen-
tary models on curated reasoning traces: an
SQL generator using clause-level CoT tem-
plates where reasoning steps are verified via
execution and schema alignment checks, and
an SQL validator using diagnostic CoT tem-
plates to detect syntactic, semantic, and type-
level errors. We further design a hierarchi-
cal schema filtering pipeline that integrates
and refines complementary retrieval strategies
to distill relevant database elements. VCoT-
SQL achieves 66.82% execution accuracy on
challenging dataset BIRD dev and 86.8% on
Spider test, improving the base 7B model by
7% on BIRD. Notably, our CoT synthesis re-
lies on 7B models yet outperforms methods
that use 72B-scale or even proprietary closed-
source teachers for data generation, demonstrat-
ing that rigorous step-level validation can be
more effective than scaling up teacher model
size. Our dataset and code are available at
https://github.com/INTREBID/VCoT-SQL.

1 Introduction

Text-to-SQL is the task of converting natural lan-
guage questions into executable SQL queries, en-
abling non-technical users to access and manipulate
relational databases. As a fundamental problem at
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the intersection of natural language processing and
database systems, Text-to-SQL attracts significant
attention from both the academia and industry.

LLM-based approaches dominate Text-to-SQL
benchmarks, falling into two paradigms: prompt-
based and fine-tuned. Prompt-based approaches
primarily leverage closed-source LLMs such as
GPT-4 (OpenAI, 2023), which remain general-
purpose models that are hard to fine-tune for Text-
to-SQL, and suffer from high API costs and data
privacy risks (Li et al., 2024; Pourreza and Rafiei,
2024; Qin et al., 2025). Fine-tuning approaches
train open-source LLMs on task-specific Text-to-
SQL datasets, and recent work incorporates Chain-
of-Thought (CoT) (Wei et al., 2022) reasoning into
the fine-tuning objective to strengthen reasoning ca-
pabilities (Pourreza et al., 2025; Zhai et al., 2025;
Li et al., 2025). However, existing benchmarks
typically provide only question–SQL pairs, and
the scarcity of high-quality CoT annotations limits
the effectiveness of such methods, particularly on
complex queries.

Meanwhile, pipeline-based strategies are pro-
posed to improve Text-to-SQL accuracy by aug-
menting the generator with schema linking (Li
et al., 2024; Pourreza and Rafiei, 2024; Qin et al.,
2025; Liu et al., 2026) or Self-Correction (Pour-
reza and Rafiei, 2023; Liu et al., 2026; Talaei et al.,
2024). However, existing schema linking methods
either require additional model training or rely on
superficial semantic matching that struggles with
complex schema correspondences. Moreover, self-
correction approaches remain largely ineffective
to semantic errors, as they focus on fixing syntax
errors via execution feedback.

To address the lack of high-quality reasoning
data and further improve the accuracy of gener-
ated SQL, we introduce VCoT-SQL, a Text-to-
SQL framework built on the principle of dual
validation—validating CoT quality during training
and validating SQL correctness during inference.
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On the training side, we design dedicated CoT tem-
plates for SQL generation and SQL validation re-
spectively, and then apply multi-stage verification
(execution consistency, schema grounding, and rea-
soning faithfulness) to curate reliable training data
for a CoT-enhanced Generator and Validator. Dur-
ing inference, a cascaded schema filtering pipeline
first isolates relevant database elements to provide
focused context; the Generator then produces can-
didate SQL, which the Validator diagnoses and re-
fines by correcting syntactic errors, semantic incon-
sistencies, and data-type mismatches. This design
enables smaller models to achieve strong rea-
soning and self-correction capabilities with less
data, without relying on large teacher models.

Our contributions are as follows:
1) We propose VCoT-SQL, a dual-validation

Text-to-SQL framework with a CoT-enhanced Gen-
erator and Validator. To facilitate effective reason-
ing, we design dedicated CoT templates: clause-
driven templates for generation and multi-type
correction templates for validation, and then cu-
rate high-quality training data from Spider/BIRD
via multi-stage filtering on execution consistency,
schema grounding, and reasoning faithfulness.

2) We also introduce a training-free, three-stage
schema retrieval framework (Pre-SQL, Column,
and Value retrievers), which progressively reduces
schema noise, achieving performance superior to
that of trained specialized schema filters.

3) Extensive experiments on six benchmarks val-
idate that our method significantly improves the
performance on three different base models. Our
best 7B model increases execution accuracy on the
BIRD dev set from 59.78% to 66.82%. Further-
more, it surpasses the strong OmniSQL baseline
(63.9%) while using only 1/250 of its training data.

2 Related Work

2.1 Text-to-SQL

Early Text-to-SQL systems rely on rule-based
methods (Woods et al., 1972; Li and Jagadish,
2014), which struggle with complex and cross-
domain queries. Large-scale benchmarks such as
WikiSQL (Zhong et al., 2017) and Spider (Yu et al.,
2018b) have spurred neural approaches (Zhong
et al., 2017; Yu et al., 2018a; Guo et al., 2019),
yet these methods still struggle to generalize to
unseen schemas and complex query intents.

Pretrained language models such as BERT (De-
vlin et al., 2019) and T5 (Raffel et al., 2020) bring

contextual representations to Text-to-SQL (Hwang
et al., 2019; Qi et al., 2022; Li et al., 2023a,b).
With the rise of large language models (LLMs),
current approaches broadly fall into two paradigms.
Prompt-based methods leverage powerful closed-
source LLMs via in-context learning (Pourreza and
Rafiei, 2023; Gao et al., 2024; Pourreza et al., 2024;
Talaei et al., 2024; Lee et al., 2025), but incur high
inference costs, while also precluding task-specific
fine-tuning. Conversely, fine-tuning strategies tai-
lor LLMs to the task, aiming to bolster structural
robustness and execution fidelity (Pourreza and
Rafiei, 2024; Yang et al., 2024; Li et al., 2024).
However, constrained by their limited model ca-
pacity, these approaches often exhibit insufficient
reasoning ability on complex queries.

Schema linking in Text-to-SQL is a type of
retrieval-augmented generation, as it retrieves rele-
vant schema elements to guide SQL generation. For
a comprehensive survey on multimodal retrieval-
augmented generation including the modality of
tables and schemas, please refer to Zhang et al.
(2025). However, existing schema linking methods
typically rely on a single strategy, such as model
training (Pourreza and Rafiei, 2024; Li et al., 2024;
Qin et al., 2025), embedding matching (Liu et al.,
2026), or LLM-based extraction (Lee et al., 2025).
Meanwhile, existing self-correction approaches
rely either on prompt-based methods (Pourreza
and Rafiei, 2023) or on execution-error-driven cor-
rectors without CoT-enhanced training (Liu et al.,
2026; Qin et al., 2025).

2.2 Chain-of-Thought Fine-tuning
Chain-of-Thought (CoT) reasoning has proven ef-
fective for complex tasks. Recent models such
as OpenAI o1 (OpenAI, 2024d) and DeepSeek-
R1 (DeepSeek-AI, 2025) internalize it through
specialized training objectives and reinforcement
learning. A key challenge in CoT fine-tuning is
acquiring high-quality reasoning traces. Since
manual annotation is costly to scale (Chung et al.,
2024), subsequent work synthesizes CoT data via
LLMs with filtering heuristics (Zelikman et al.,
2022; Kim et al., 2023). For Text-to-SQL, Om-
niSQL (Li et al., 2025) collects a large-scale CoT-
enriched dataset via free-form prompting. How-
ever, such approaches (Pourreza et al., 2025; Zhai
et al., 2025; Li et al., 2025) depend on the capabili-
ties of ultra-large models and rely solely on execu-
tion correctness as the filter, without validating the
reliability of intermediate reasoning steps.
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Figure 1: Overview of the proposed VCoT-SQL framework. (1) Model Training: two pipelines collect CoT
supervision data to train the CoT-enhanced SQL Generator and Validator. (2) Schema Filtering: the question and
full database are processed through Pre-SQL, Column, and Value Retrieval to obtain a filtered schema (see Figure 2).
(3) Inference: the Generator produces an initial SQL from the filtered schema; the SQL is executed, and any syntax
errors along with the initial SQL are passed to the Validator to yield the final SQL.

3 Methodology

As illustrated in Figure 1, our VCoT-SQL can be
divided into three stages. In the model training
stage, we synthesize and validate CoT data based
on the designed clause-driven CoT template to train
the CoT-enhanced SQL Generator (§3.1); similarly,
we train a CoT-enhanced SQL Validator based on
the multi-perspective correction CoT (§3.2). In the
schema filtering stage, complementary Pre-SQL
Retriever, Column Retriever, and Value Retriever
are applied to progressively simplify the schema. In
the inference stage, the SQL Generator produces a
candidate SQL based on the filtered schema, which
is then fed into the SQL Validator for multi-faceted
correction to yield the final SQL (§3.3).

3.1 CoT-enhanced SQL Generator Training
Clause-Driven CoT To guide structured reason-
ing for SQL generation, we design a clause-driven
CoT template that mirrors the inherent structure
of SQL, decomposing the task into clause-level
reasoning steps, including the SELECT, WHERE,
FROM, and other clauses. Each clause is further
divided into fine-grained steps that specify how
to identify relevant columns, infer filtering condi-
tions, determine join relationships, and construct
aggregations. Interestingly, although SQL queries

typically follow the SELECT–FROM–WHERE or-
der, we find that reasoning about the FROM clause
only after analyzing the others produces higher-
quality CoT and more accurate SQL. This reorder-
ing allows the model to select tables only after
identifying the required columns, conditions, and
aggregations, thereby reducing spurious joins and
unnecessary tables. Overall, this structured CoT
format aligns with the hierarchical logic of SQL
while enabling reliable programmatic verification
of reasoning quality.

CoT Data Synthesis & CoT Quality Valida-
tion Based on the clause-structured template, we
construct CoT data using few-shot strategy. We
provide three high-quality CoT exemplars, manu-
ally crafted from samples in Spider and BIRD, as
references for the LLM. For each training instance,
we also provide its gold SQL to improve genera-
tion accuracy. However, since a small portion of
the original dataset contains mismatches (Pourreza
et al., 2025) between questions and gold SQL, we
instruct the LLM to first verify whether the pro-
vided SQL is correct and then generate structured
CoT reasoning steps followed by the final SQL out-
put. The complete CoT template and the prompt
for CoT generation are presented in Appendix E.1.

Although providing the gold SQL upfront during
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CoT synthesis can alleviate part of the generation
burden, we observe that this sometimes leads to
cases where the final SQL is correct yet the inter-
mediate reasoning steps are unreliable or unsup-
ported. To address this, we introduce a multi-stage
verification mechanism evaluating both execution
consistency and schema grounding. We first filter
out CoT data that violates the expected clause struc-
ture or exceeds a length threshold. Next, we check
whether the SQL derived from the CoT executes to
the same result as the gold SQL. Finally, and most
critically, we validate the CoT reasoning itself. We
observe that providing gold SQL during genera-
tion can cause answer leakage, where the reason-
ing references phrases such as ’Gold SQL’; such
instances are removed. We then extract schema
elements from the gold SQL and verify via heuris-
tic rule-based matching that they are appropriately
referenced in the CoT, ensuring the reasoning cor-
rectly grounds on the relevant schema.

Generator Training We fine-tune the SQL gen-
erator via supervised learning. The loss function is
defined as follows:

Lgen = −E(x,y)∼Dgen

[︄∑︂

t

logPθgen(yt | x, y<t)

]︄

(1)
where Dgen represents the training set for the gen-
erator. The input sequence x consists of the user
question and the database schema. The output se-
quence y comprises the validated clause-driven rea-
soning followed by the generated SQL. The genera-
tor is optimized to predict the CoT solution and the
corresponding SQL based on the provided inputs.

3.2 CoT-enhanced SQL Validator Training

Multi-Type Correction CoT We adopt a struc-
tured CoT-driven correction framework that guides
the LLM to diagnose and repair common SQL er-
ror types (Shen et al., 2025; Xu et al., 2025). For
syntactic correction, execution-time errors from
the database engine are provided as diagnostic ev-
idence. For semantic correction, the model evalu-
ates table–column usage, filtering conditions, and
correctness of GROUP BY/ORDER BY/LIMIT
clauses. We further incorporate data-type verifica-
tion, guiding the model to check for issues such as
proper numeric casting to preserve precision and
correct date formatting. Through this multi-type
reasoning process, the LLM incrementally refines
its prediction into a query that is both executable
and semantically faithful to the question intent.

Perturbed SQL Synthesis To construct train-
ing data for SQL validation, we need imperfect
SQL queries, as original training sets contain only
gold SQL. We generate errors by prompting an
LLM to systematically perturb the gold SQL, using
exclusively those passing CoT validation during
the SQL generation stage to largely ensure seman-
tic alignment with the question. To align synthe-
sized errors with the types handled by our vali-
dation template, we organize common SQL mis-
takes into several categories: column-related, table-
related, condition-related, aggregation-related and
data-type misuses such as improper numerical cast-
ing or incorrect date handling. For each category,
we design a concise instruction that prompts the
LLM to rewrite the SQL with the targeted defect.

CoT Data Synthesis & CoT Quality Valida-
tion After obtaining erroneous–gold SQL pairs, we
synthesize validation-oriented CoT following the
same procedure as in the SQL generation setting.
A small set of handcrafted, high-quality CoT ex-
emplars from real SQL errors serves as few-shot
demonstrations. More detailed exemplar design
and the complete CoT template for SQL validation
are presented in Appendix C.1 and Appendix E.2.

For the correction CoT, we first filter out samples
that violate the expected format or exceed a length
threshold, and remove those explicitly mentioning
"Gold SQL". We then check execution consistency
between the final corrected SQL in the CoT and
the gold SQL, discarding mismatched instances.
Finally, given the complex yet well-structured na-
ture of the correction reasoning, we validate its
faithfulness by extracting only the analysis and cor-
rection steps from the CoT, feeding them to the
LLM, and verifying that the regenerated corrected
SQL is consistent with the gold SQL. This ensures
the reasoning process itself is reliable, not merely
producing correct results by coincidence.

Validator Training Following the similar
paradigm as Generator, we leverage high-quality
SQL-validation CoT data to train the validator. The
loss function is defined as follows:

Lval = −E(x,y)∼Dval

[︄∑︂

t

logPθval(yt | x, y<t)

]︄

(2)
where Dval represents the training set. The input se-
quence x consists of the question, database schema,
generated SQL and syntax error (null is correct).
The output sequence y comprises the validated cor-
rection reasoning followed by the validated SQL.
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3.3 Schema Filtering and Inference
Large-scale databases often contain redundant
schema elements that introduce noise. Prior meth-
ods such as CodeS (Li et al., 2024) address this
by training dedicated schema filter models. We
propose a training-free schema retrieval frame-
work (Pre-SQL Retriever, Column Retriever, and
Value Retriever) that jointly leverages LLM’s code-
generation capability and lightweight semantic en-
coding to progressively prune schema.

Pre-SQL Retriever The first retrieval stage
leverages an LLM to generate a coarse-grained Pre-
SQL based on the question and complete schema
containing only table names, column names, and
types. We parse the Pre-SQL to extract tables,
columns and literal values, which also provide valu-
able cues for schema filtering.

Column Retriever To mitigate omissions from
the Pre-SQL, we further apply an embedding-based
column retrieval step. We encode both the full ques-
tion and LLM-extracted fine-grained keywords into
semantic embeddings, and match them against all
database column representations to retrieve the top-
K candidates. The full-question embedding cap-
tures global context, while keyword embeddings
provide complementary fine-grained signals.

Value Retriever Some user queries implicitly
reference database values without mentioning cor-
responding columns. Inspired by CHESS (Talaei
et al., 2024), the Value Retriever employs a three-
stage filtering pipeline—LSH indexing, semantic
similarity, and edit distance—to identify hidden de-
pendencies. We query the value index using literals
from the Pre-SQL and LLM-extracted keywords.

Inference Finally, we take the union of all
columns retrieved from the three paths and serialize
the filtered schema into a compact representation
enriched with full table names, nullable indicators,
and matched values. During inference, the Gen-
erator first produces an initial SQL query, which
is executed to collect any syntax errors (empty if
correct). The Validator then takes the query and
error feedback to perform syntactic, semantic, and
data-type diagnostics, producing the refined output.
Further details are in Appendix A.

4 Experiments

4.1 Experiments Setting
Evaluation Dataset We evaluate VCoT-SQL on
two widely used benchmarks, Spider (Yu et al.,
2018b) and BIRD (Li et al., 2023c), along with

three additional datasets, Spider-Syn (Gan et al.,
2021a), Spider-Realistic (Deng et al., 2021) and
Spider-DK (Gan et al., 2021b). We use Execution
Accuracy (EX) (Yu et al., 2018b) as our evalua-
tion metric with the official scripts to ensure fair
comparisons with prior work.

Baselines Given that VCoT-SQL is a fine-
tuned open-source model, we primarily compare it
with other open-source models (Qwen2.5 (Qwen
Team, 2024), Qwen2.5-Coder (Hui et al., 2024),
DeepSeek-Coder (Guo et al., 2024), XiYan-
SQL (Liu et al., 2026), Llama3 (Touvron et al.,
2023)), particularly those fine-tuned for Text-to-
SQL like CodeS (Li et al., 2024), ROUTE (Qin
et al., 2025), OmniSQL (Li et al., 2025). Addition-
ally, to position our work within the broader land-
scape, we compare against top-performing closed-
source models (GPT-4o-mini (OpenAI, 2024b),
GPT-4-Turbo (OpenAI, 2024a), GPT-4o (OpenAI,
2024c)). Unless otherwise specified, our Schema
Filter is adopted as the default input preprocessing
step for all prompting-based and our methods to re-
duce input length and ensure consistent evaluation.
More details can be found in Appendix B.

4.2 Main Results
BIRD Results BIRD is challenging due to its com-
plex schemas and SQL structures. As shown in
Table 1, VCoT-SQL achieves state-of-the-art per-
formance among models of comparable size, reach-
ing 66.82% EX. With our dual-module architecture,
VCoT-SQL generates high-quality reasoning and
corrects potential errors, surpassing even GPT-4-
turbo (62.06%) and GPT-4o (61.93%).

Notably, both VCoT-SQL and OmniSQL (Li
et al., 2025) excel beyond direct-tuning methods
e.g. ROUTE (Qin et al., 2025), CodeS (Li et al.,
2024), showing the importance of explicit reason-
ing for complex SQL generation. Compared with
OmniSQL, VCoT-SQL achieves a 2.92% improve-
ment using only 10K validated CoT samples, and
even our single-module version (65.38%) surpasses
OmniSQL, demonstrating the effectiveness of our
multi-stage CoT validation.

Spider and Its Variants Results We further
evaluate VCoT-SQL on Spider and its robustness
variants (Spider-DK, Spider-Syn, Spider-Realistic).
As shown in Table 1, VCoT-SQL consistently im-
proves over its XiYanSQL-QwenCoder-7B back-
bone across all benchmarks: 88.0% vs. 86.9% on
Spider Dev, 86.8% vs. 84.7% on Test, and similar
gains on robustness variants. OmniSQL achieves
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Method Model Training
Data Size

Spider
Dev

Spider
Test

BIRD
Dev

Spider-
DK

Spider-
Syn

Spider-
Realistic

Prompting with Closed-Source LLMs

GPT-4o
(OpenAI, 2024c) - - 81.9 83.0 61.93 70.8 74.2 82.9

GPT-4o-mini
(OpenAI, 2024b) - - 82.9 82.8 60.43 73.6 74.2 81.7

GPT-4-turbo
(OpenAI, 2024c) - - 83.8 85.2 62.06 71.8 77.5 83.2

Prompting with Open-Source LLMs

Llama3
(Touvron et al., 2023) Llama3-8B - 69.3 69.1 39.05 57.2 62.6 72.8

DeepSeek-Coder
(Guo et al., 2024) DeepSeek-Coder-6.7B-Instruct - 72.4 72.3 49.54 62.4 61.8 68.3

Qwen2.5
(Qwen Team, 2024) Qwen2.5-7B-Instruct - 77.9 78.2 53.98 68.0 67.7 76.0

Qwen2.5-Coder
(Hui et al., 2024) Qwen2.5-Coder-7B-Instruct - 82.3 81.0 58.87 70.9 71.3 80.9

XiYanSQL
(Liu et al., 2026) XiYanSQL-QwenCoder-7B - 86.9 84.7 59.78 73.1 75.7 77.6

Fine-Tuning with Open-Source LLMs

CodeS
(Li et al., 2024) StarCoder 7B 18K 85.4 83.3 57.17 66.9 73.8 81.5

ROUTE
(Qin et al., 2025) Llama3-8B 18K 86.0 83.9 57.30 74.6 77.4 80.9

OmniSQL
(Li et al., 2025) Qwen2.5-Coder-7B-Instruct 2.5M 86.2 87.9 63.90 76.1 77.3 81.9

Ours: SQL Generator XiYanSQL-QwenCoder-7B 9K 87.2 86.4 65.38 76.6 80.0 84.3

Ours: VCoT-SQL XiYanSQL-QwenCoder-7B 10K 88.0 86.8 66.82 76.8 80.4 85.4

Table 1: Performance of Text-to-SQL Models and Methods. To ensure fairness in comparison, we used the results
from the greedy decoding released officially by OmniSQL. SQL Generator denotes single-pass generation; VCoT-
SQL further applies our SQL Validator. For Training Data Size, prompting-based methods require no Text-to-SQL
data (marked as "-"). Among fine-tuning methods, 18K refers to the combined Spider and BIRD training sets, 2.5M
to OmniSQL’s SynSQL-2.5M, and our 9K/10K to CoT data constructed from the Spider and BIRD training splits.

higher EX on Spider Test (87.9%), likely benefiting
from its larger 2.5M-sample SynSQL training cor-
pus. However, VCoT-SQL demonstrates superior
data efficiency, achieving competitive performance
with only 10K validated samples.

We further evaluate robustness on all 17 pertur-
bation test sets of Dr.Spider (Chang et al., 2023).
The complete results and category-level analysis
are reported in Appendix D.3.

4.3 Ablations on SQL Validation

To assess our SQL Validator and the necessity
of task-specific fine-tuning, we conduct an abla-
tion study across three base models. As shown
in Table 2, we compare standalone generation
against pipelines using either a base or our fine-
tuned model for validation. Interestingly, simply
appending a base model to verify generated SQL
yields highly unstable and often detrimental results.
For instance, using base DeepSeek-Coder leads

to a 4.57% absolute decline on BIRD Dev, with
similar drops observed on other datasets. Further
analysis reveals clear model-dependent behavior:
compared with other backbones, DeepSeek-Coder
tends to regenerate SQL from scratch rather than
preserving and correcting existing queries, intro-
ducing more false-positive edits and degrading per-
formance. This indicates that without task-specific
alignment, raw LLMs lack the constrained SQL
debugging capabilities.

In contrast, our fine-tuned validator consistently
improves execution accuracy across all backbones
and benchmarks. Trained on validated CoT data,
the model acquires effective error detection and cor-
rection capabilities. On BIRD Dev, the SFT valida-
tor boosts Qwen2.5-Coder by 1.63%, with similar
gains on other baselines. Among initially incorrect
SQLs, the Validator successfully corrects 1.83% of
cases, while among already correct queries, only
0.20% are incorrectly altered. These results demon-
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Base Model
Spider
Dev

Spider
Test

BIRD
Dev

Spider-
DK

Spider-
Syn

Spider-
Realistic

EX ∆ EX ∆ EX ∆ EX ∆ EX ∆ EX ∆

Only SQL Generator

DeepSeek-Coder-6.7B-Instruct 84.9 - 86.9 - 60.63 - 74.6 - 77.5 - 80.1 -
Qwen2.5-Coder-7B-Instruct 85.3 - 86.7 - 64.86 - 76.8 - 77.6 - 82.7 -
XiYanSQL-QwenCoder-7B 87.2 - 86.4 - 65.38 - 76.6 - 80.0 - 84.3 -

w/ Base Model Validation

DeepSeek-Coder-6.7B-Instruct 80.1 -4.8 80.3 -6.6 56.06 -4.57 69.2 -5.4 69.5 -8.0 75.6 -4.5
Qwen2.5-Coder-7B-Instruct 85.5 +0.2 86.9 +0.2 65.91 +1.05 75.9 -0.9 77.8 +0.2 82.9 +0.8
XiYanSQL-QwenCoder-7B 87.7 +0.5 86.7 +0.3 65.71 +0.33 76.6 - 80.5 +0.5 84.6 +0.3

w/ SQL Validator

DeepSeek-Coder-6.7B-Instruct 85.1 +0.2 87.1 +0.2 61.41 +0.78 75.1 +0.5 77.6 +0.1 80.3 +0.2
Qwen2.5-Coder-7B-Instruct 85.7 +0.4 86.9 +0.2 66.49 +1.63 77.2 +0.4 78.5 +0.9 83.3 +0.6
XiYanSQL-QwenCoder-7B 88.0 +0.8 86.8 +0.4 66.82 +1.44 76.8 +0.2 80.4 +0.4 85.4 +1.1

Table 2: Ablation study on SQL validation strategies across three backbones. EX denotes execution accuracy (%)
and ∆ indicates absolute improvement over the generation-only baseline.

Method Spider
Dev

Spider
Test

BIRD
Dev

Spider-
DK

Spider-
Syn

Spider-
Realistic

Base Model (Qwen2.5-Coder-7B-Instruct) 82.3 81.0 58.87 70.9 71.3 80.9

FT w/ original Spider and BIRD 82.6 83.1 60.04 73.6 74.5 79.5
FT w/ unvalidated CoT-enhanced (Syntax-Order) Spider and BIRD 83.8 84.1 60.69 73.3 74.9 80.0
FT w/ unvalidated CoT-enhanced (Logic-Order) Spider and BIRD 84.4 84.9 61.60 73.5 75.0 79.9
FT w/ validated CoT-enhanced (Syntax-Order) Spider and BIRD 85.0 86.8 62.58 76.3 77.2 82.3
FT w/ validated CoT-enhanced (Logic-Order) Spider and BIRD 85.3 86.7 64.86 76.8 77.6 82.7

Table 3: Ablation Results for Validated SQL Generation on different data construction settings (EX).

strate our validator’s reliability and effectiveness.
Further analyses demonstrating the stability of the
validator are presented in Appendix C.

We also compare our fine-tuned 7B Validator
with GPT-5.4 under the same generator outputs and
evaluation protocol. We treat this frontier model
only as an empirical upper-bound reference; results
are provided in Appendix D.2.

4.4 Ablations on Validated SQL Generation

To evaluate the effectiveness of our CoT quality
validation strategy for SQL generation, we conduct
ablation experiments using the same backbone un-
der five training data settings: original Spider and
BIRD; unvalidated and validated CoT data gener-
ated with the syntax-order template (§3.1); unval-
idated and validated CoT data generated with our
logic-order template (used in the final model).

As shown in Table 3, training with synthesized
CoT data already improves performance over the
original training data, increasing accuracy from
58.87% to 61.60% on BIRD Dev and from 81.0%
to 84.9% on Spider Test, demonstrating the general

benefit of CoT for SQL generation. Applying our
CoT quality validation boosts performance by filter-
ing flawed reasoning. Among all settings, validated
logic-order CoT achieves the best results, reaching
64.86% on BIRD Dev. This represents a consistent
improvement of 2–6% over the base model fine-
tuned directly on original datasets, highlighting the
broad effectiveness of our structured reasoning su-
pervision. Compared with syntax-order, the logic-
order performs more consistently, suggesting that
organizing reasoning according to query planning
is more effective than SQL syntax order. To further
disentangle the effects of template ordering and
CoT validation, we conduct a 2×2 factorial analy-
sis over the four corresponding settings. Detailed
results are provided in Appendix D.1.

4.5 Ablations on Schema Filter

We evaluate our three-path schema filter against
the full schema and the trained schema filter from
CodeS. As shown in Table 4, our method improves
retrieval quality across all datasets, increasing Pre-
cision while maintaining near-complete Recall. For
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Method
Spider Dev Spider Test BIRD Dev

Precision Recall EX Precision Recall EX Precision Recall EX

Full schema - - 83.6 - - 86.6 - - 59.71

CodeS schema filter 18.02 99.83 85.4 20.22 99.87 85.1 16.44 97.76 62.63

VCoT-SQL schema filter 30.85 99.79 85.3 34.51 99.89 86.7 31.36 98.09 64.86
w/o Pre-SQL retriever 30.77 98.94 83.8 33.92 97.74 84.4 31.39 94.91 61.15
w/o column retriever 67.35 97.02 83.6 70.02 96.26 84.5 65.48 92.30 61.08
w/o value retriever 30.47 99.77 85.0 34.14 99.82 86.6 31.37 97.84 63.23

Table 4: Comparison and ablation results of the three-path schema retrieval framework. Precision and Recall assess
the discrepancy between the retrieved schema and the gold schema (only the tables and columns appearing in the
gold SQL). EX evaluates the downstream generation accuracy of our Generator (Qwen2.5-Coder-7B-Instruct).

Qwen2.5-Coder
-7B-Instruct

Full
Schema

Schema
Filter

∆ Schema
Filter

Base Model 53.92 58.87 +4.95

Dual-Validation 61.34 66.49 +5.15

∆ Dual-Validation +7.42 +7.62 —

Table 5: 2×2 ablation of Dual-Validation and Schema
Filter on BIRD Dev (EX).

example, Precision improves from 16.44% (CodeS)
to 31.36% on BIRD Dev, while Recall remains
above 98%. This indicates that our method effec-
tively removes irrelevant schema elements with-
out sacrificing critical schema coverage, which fur-
ther translates into stronger and more stable down-
stream EX performance. To investigate the con-
tribution of each retrieval component, we further
ablate each retrieval path individually. Removing
either the Pre-SQL retriever or the Value retriever
degrades both retrieval quality and EX, confirming
their roles in structural grounding and value-aware
schema matching. Removing the Column Retriever
increases Precision but reduces Recall and EX, in-
dicating that although broader retrieval introduces
redundancy, it helps ensure coverage of necessary
schema elements for SQL generation. This sug-
gests that missing critical schema elements is more
harmful than introducing moderate redundancy.

We further conduct a 2×2 ablation on the more
challenging BIRD Dev dataset using Qwen2.5-
Coder-7B-Instruct as the backbone to analyze the
contributions of Dual-Validation (including CoT
data quality validation and SQL generation vali-
dation) and Schema Filter. As shown in Table 5,
Schema Filter consistently improves performance
under both settings (+4.95 / +5.15), while Dual-
Validation yields larger gains (+7.42 / +7.62). This
indicates that Dual-Validation is the primary source

Method Data Synthesis
Model

Spider BIRD
Dev Test Dev

EXCoT GPT-4o - 81.2 59.65

OmniSQL

Qwen2.5-Coder-
32B-Instruct

Qwen2.5-
72B-Instruct

80.3 86.6 59.60

VCoT-SQL

Qwen2.5-Coder-
7B-Instruct
Qwen2.5-

7B-Instruct

85.3 86.7 64.86

VCoT-SQL

Qwen2.5-Coder-
32B-Instruct

Qwen2.5-
72B-Instruct

86.2 87.3 65.06

Table 6: Data synthesis setting and downstream per-
formance (EX). ExCoT and OmniSQL report results
trained on their synthesized CoT data from the Spider
and BIRD training sets, VCoT-SQL follows the same
setting. For the last row, the downstream Generator is
fixed to Qwen2.5-Coder-7B-Instruct; only the data syn-
thesis models are scaled.

of improvement, while Schema Filter also provides
a non-negligible complementary contribution.

5 Analysis at Efficiency of Data Synthesis

Beyond final execution accuracy, a key advantage
of VCoT-SQL is the efficiency of its data synthe-
sis pipeline. Existing methods rely on heavy ex-
ternal resources. For example, OmniSQL uses a
brute-force scaling strategy requiring ensembles of
large models (32B and 72B) for knowledge distilla-
tion. Similarly, EXCoT (Zhai et al., 2025) adopts a
divide-and-conquer CoT template (Pourreza et al.,
2024) and relies on GPT-4o for synthetic SFT data.
In contrast, the entire VCoT-SQL pipeline is self-
driven by 7B-parameter models.

Under the premise that both methods use only
the Spider and BIRD training sets as founda-
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tional data, Table 6 shows that despite relying
on smaller teacher models, VCoT-SQL achieves su-
perior downstream performance. Compared to Om-
niSQL, our method delivers an absolute improve-
ment of 5.26% on BIRD Dev and 5.0% on Spider
Dev, while maintaining competitive performance
on Spider Test. It also surpasses EXCoT on BIRD
Dev despite not relying on GPT-4o-generated data.
Scaling the data synthesis models to 32B/72B im-
proves VCoT-SQL to 86.2% on Spider Dev, 87.3%
on Spider Test, and 65.06% on BIRD Dev, while
the downstream Generator remains fixed at 7B.
These results suggest that scaling model size is
not the only path to stronger Text-to-SQL reason-
ing. With a structured CoT template and strict
validation, high-quality reasoning trajectories can
be bootstrapped by 7B-class models. This "quality
over quantity" paradigm reduces dependence on
expensive large models and massive datasets.

6 Conclusion

This paper introduces VCoT-SQL, a generalizable
Text-to-SQL framework that enhances SQL gener-
ation through dual validation by training on vali-
dated chain-of-thought data and validating gener-
ated SQL. We design tailored CoT templates and
CoT quality validation mechanisms, enabling the
collection of high-quality training data even with
smaller models. Through supervised training on
two specialized datasets constructed with this ap-
proach, we obtain the CoT-enhanced generator and
validator. Extensive experiments on Spider, BIRD,
and related benchmarks demonstrate that VCoT-
SQL achieves competitive execution accuracy and
robustness, effectively handling complex queries.

Limitations

Our VCoT-SQL framework relies on supervised
fine-tuning (SFT) to train both the SQL generator
and SQL validator. While SFT provides a solid
foundation, it has a key drawback: it teaches the
model to mimic the training examples but does
not directly optimize for the true goal of produc-
ing executable and accurate SQL queries. Recent
research has begun to enhance SFT by incorpo-
rating reinforcement learning algorithms such as
GRPO, which can improve the model using feed-
back signals. We plan to address this in future work
by incorporating reinforcement learning methods,
which can use execution results and designed re-
ward signals to directly optimize the model for

better performance.
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A Schema Filtering Details and
Serialization Format

Regarding the implementation details of the LLM-
based components in our schema filter, both the
coarse-grained Pre-SQL generation and the key-
word extraction processes are performed using
the Qwen2.5-Coder-7B-Instruct (Hui et al., 2024)
model. This lightweight yet powerful code-centric
LLM provides efficient and reliable initial cues for
the subsequent retrieval stages.

Furthermore, some datasets provide additional
auxiliary information beyond basic table and col-
umn names, such as full names of tables and
columns, textual descriptions, and external evi-
dence. We leverage this auxiliary information to
enable more accurate schema filtering.

When external evidence is available, we com-
bine it with the user’s question and extracted key-
words as query signals to retrieve relevant columns
and values. This allows the retrieval process to
capture implicit semantic cues that may not be ex-
plicitly mentioned in the question. For the column
retriever, when a column is associated with a full
name or a textual description, we encode each of
these representations separately. The final similar-
ity score between a column and a query (i.e., the
question, extracted keywords, or external evidence)
is computed as the maximum similarity among the
column name, its full name, and its description.
This strategy enables more robust matching, espe-
cially in cases where abbreviated schema names
are insufficient to convey semantic meaning. And
in our experiments, we set the top-K of the column
retriever to 3, meaning each embedding retrieves
at most 3 most relevant columns.

After obtaining the filtered schema elements
from the three retrieval paths, we design a struc-
tured serialization format to present the schema to
the LLM for downstream reasoning and SQL gener-
ation.Each table in the serialized schema includes
both its table name and full name (if available).
The filtered columns are organized in the follow-
ing order: primary keys, foreign keys, and other
columns. For each column, we include the follow-
ing attributes: the column name, full name, column
description, data type, whether it is a primary key,
whether it is a foreign key, whether it contains
null values, and two representative example values.
In addition, all detected foreign key relations and
matched values retrieved during the retrieval pro-
cess are explicitly listed to further guide the model

during reasoning and generation. Figure 2 illus-
trates a concrete example of the serialized schema
representation used in our framework.

B Experimental Details

For a more detailed discussion of baseline selection,
we compare our method with representative Text-
to-SQL systems under comparable inference set-
tings. Some recent works (Sheng and Xu, 2025a,b)
are not included in the main comparison because
they adopt a multi-candidate generation and selec-
tion strategy with substantially larger inference bud-
gets (from 4 to 64 candidates), whereas our method
performs only one generation and one correction
step. Under lower-budget settings (4 and 8 can-
didates), our method achieves better performance,
indicating favorable efficiency-performance trade-
off under constrained inference budgets.

We describe the construction process of our train-
ing datasets for both modules as follows. For the
SQL Generator, we use the Spider training set
(8,659) and BIRD training set (9,428) to generate
CoT data. After applying our CoT quality val-
idation mechanism, we obtain 5,477 and 3,669
high-quality CoT-augmented samples for Spider
and BIRD, respectively. For the SQL Validator, we
use the validated BIRD training set as a more chal-
lenging source, to generate validation CoT data,
yielding 947 filtered samples for validator training.

Due to GPU memory limitations, VCoT-SQL
was fine-tuned using bfloat16 mixed precision and
model sharding, implemented via the integration of
the Accelerate framework and DeepSpeed ZeRO-
3 (Rajbhandari et al., 2020). Training was carried
out on a server equipped with eight NVIDIA L40
GPUs, and the complete fine-tuning of both models
was completed within a few hours. For each base
model, we all set the number of epochs, context
length, weight decay, and gradient clipping to 4,
2048, 0.1, and 1.0, respectively. These hyperparam-
eter settings follow OmniSQL (Li et al., 2025) and
are commonly adopted in fine-tuning practices.

C Validator Data Quality and Robustness
Analysis

To better understand the effectiveness of the pro-
posed validator, we further analyze two com-
plementary aspects: the quality of the chain-of-
thought (CoT) training data and the reliability of
validator behavior during inference. Specifically,
we first examine the construction and verification
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Figure 2: An example of the serialized schema representation used in our framework
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Method Spider
Dev

Spider
Test

BIRD
Dev

Spider-
DK

Spider-
Syn

Spider-
Realistic

only SQL Generator 85.3 86.7 64.86 76.8 77.6 82.7

Validator FT w/o multi-stage verification 85.6 86.7 65.78 77.0 77.9 83.1
Validator FT w/ multi-stage verification 85.7 86.9 66.49 77.2 78.5 83.3

Table 7: Effect of multi-stage verification on CoT training data quality.

After Validation

Correct Incorrect Total

Before Correct 64.67 0.20 64.86
Incorrect 1.83 33.31 35.14

Validation Total 66.49 33.51 100

Table 8: Transition matrix of execution correctness (%)
before and after applying the validator on BIRD Dev.

process of CoT supervision, and then evaluate
whether the validator introduces reliable correc-
tions while avoiding harmful modifications.

C.1 Quality Assurance of CoT Examples

To ensure the quality of the validator training data,
we employ a hybrid human–LLM data construction
pipeline with multi-stage verification mechanisms.

1) Error-oriented CoT design. The valida-
tor’s CoT reasoning process is explicitly structured
around six representative SQL error categories that
are commonly adopted in prior Text-to-SQL re-
search (Shen et al., 2025; Xu et al., 2025): syntactic
error, column misuse, table misuse, condition er-
rors, aggregation errors, and data type misuse. By
constraining the reasoning process to these targeted
failure modes, the design improves both the inter-
pretability and consistency of validator decisions
while reducing unnecessary reasoning variance.

2) Human-curated seed examples. We con-
struct a small set (fewer than 10) of error-correction
CoT demonstrations from real generation errors ob-
served on Spider and BIRD datasets. These exam-
ples are manually curated by Text-to-SQL experts
to ensure correctness and alignment with realistic
error distributions.

3) Scalable CoT expansion with verification.
Starting from the curated seed examples, we use
LLMs to generate additional CoT training samples.
To maintain data quality, all generated samples are
filtered using the multi-stage verification pipeline
introduced in Section 3.2.

To quantitatively assess the contribution of the
verification process, we additionally train valida-

Unval. Val. Val. Gain

Syntax-order 76.13 78.36 +2.23
Logic-order 76.55 78.99 +2.44

Logic-order Gain +0.42 +0.63 +0.21

Table 9: 2×2 factorial analysis of template ordering and
CoT validation.

tors using CoT data generated both with and with-
out verification filtering. As shown in Table 7, veri-
fication consistently improves execution accuracy,
demonstrating that the proposed filtering pipeline
effectively enhances the quality of CoT supervision
and leads to more reliable validator behavior.

C.2 Assessment of Validator Reliability
To assess validator reliability, we analyze how often
the validator modifies generator outputs correctly
or incorrectly. Using Qwen2.5-Coder-7B-Instruct
on BIRD Dev, we compare Generator-only and
Generator+Validator settings. As shown in Table 8,
Generator-only outputs are correct on 64.86% of
all examples and incorrect on 35.14%. After vali-
dation, 0.20% of all examples move from correct to
incorrect, whereas 1.83% move from incorrect to
correct. These percentages are measured over the
full dataset. Overall, the validator yields a net exe-
cution accuracy gain of 1.63% (1.83% − 0.20%),
which is consistent with the improvements reported
in Table 2. These results indicate that the validator
rarely introduces detrimental modifications while
providing measurable corrective benefits, demon-
strating both the robustness and effectiveness of the
proposed validation framework.

D Additional Ablation Analysis

This section presents additional analyses of vali-
dation effectiveness and method robustness.
D.1 Factorized Analysis of CoT Validation
To disentangle the effects of template ordering and
CoT validation, we perform a 2×2 factorial analy-
sis over the four corresponding settings in Table 3.
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Method Spider
Dev

Spider
Test

BIRD
Dev

Spider-
DK

Spider-
Syn

Spider-
Realistic

Generator only 85.3 86.7 64.86 76.8 77.6 82.7
w/ fine-tuned 7B Validator 85.7 86.9 66.49 77.2 78.5 83.3
w/ GPT-5.4 Validator 86.3 87.4 67.99 80.9 79.3 82.7

Table 10: Upper-bound comparison of validators using outputs from the Qwen2.5-Coder-7B-Instruct Generator.

Backbone DB perturbation NLQ perturbation SQL perturbation Average

DeepSeek-Coder-6.7B-Instruct 86.2–69.6 85.8–74.2 84.3–82.3 85.4–75.8
Qwen2.5-Coder-7B-Instruct 85.0–72.5 84.8–74.9 85.7–81.7 85.1–76.5
XiYanSQL-QwenCoder-7B 87.0–73.5 87.3–76.6 86.6–84.2 87.1–78.3

Table 11: VCoT-SQL robustness on Dr.Spider (pre-/post-perturbation EX).

Table 9 shows that CoT validation consistently im-
proves EX under both template orders, with gains
of 2.23% for syntax-order and 2.44% for logic-
order. Logic-order improves over syntax-order by
0.42% without validation and 0.63% with valida-
tion. The resulting interaction effect is only 0.21%,
suggesting that the benefit of CoT validation is
largely independent of template ordering.

D.2 Frontier Validator
To estimate SQL-validation headroom, we re-
place the Validator with GPT-5.4 while fixing
the Qwen2.5-Coder-7B-Instruct Generator outputs.
This isolates validation. As shown in Table 10,
GPT-5.4 improves over the generation-only base-
line on five of the six benchmarks and achieves
the largest gain on Spider-DK. It also outperforms
our fine-tuned 7B Validator on most datasets. The
macro-averaged EX is 79.68% for the 7B Validator
and 80.77% for GPT-5.4, with an absolute gap of
1.08%.

D.3 Dr. Spider Robustness
Following the official Dr.Spider (Chang et al.,
2023) protocol, we evaluate VCoT-SQL on all 17
perturbation test sets: three database (DB), nine
natural-language-question (NLQ), and five SQL
perturbations. Each test set contains aligned pre-
and post-perturbation examples. In Table 11, x–
y denotes macro-averaged EX on the correspond-
ing pre- and post-perturbation examples. Across
all three backbones, SQL perturbations cause the
smallest drops, while DB perturbations cause the
largest drops, with NLQ perturbations in between.
XiYanSQL-QwenCoder achieves the best overall
performance (87.1/78.3). DB perturbations directly
alter schema representations and can therefore in-
troduce schema-linking errors that propagate to

SQL generation, whereas SQL perturbations gener-
ally preserve the question–schema correspondence.

E CoT Data Synthesis Prompt Templates

In this section, we present the prompts used for
generating our CoT dataset.

E.1 Prompt for SQL Generation
In our prompt, we use instructions to decom-
pose the generation process into clause-level
steps: SELECT, WHERE, GROUP BY/ORDER
BY/LIMIT/HAVING, and FROM, and provide
3 examples as few-shot demonstrations to guide
Qwen2.5-Coder-7B-Instruct in generating interme-
diate reasoning steps. The prompt used for synthe-
sizing the generation CoT is illustrated in Fig 3,
and the three few-shot examples are presented in
Fig 4, Fig 5 and Fig 6 .

E.2 Prompt for SQL Correction
In our prompt, we use instructions to decompose
the validation process into multi-type checking
steps: Check Syntax Errors, Check Columns, Ta-
bles and Joins, Check Conditions, Check GROUP
BY/ORDER BY/LIMIT, Check Division Opera-
tions and Date Formats, and provide 3 examples as
few-shot demonstrations to guide Qwen2.5-Coder-
7B-Instruct in generating intermediate validation
reasoning steps. The prompt used for synthesizing
the validation CoT is illustrated in Fig. 7, and the
three few-shot examples are presented in Fig. 8,
Fig. 9 and Fig. 10.

F Inference Prompt Templates

For the inference stage, we employ the concise
prompts for SQL generation and validation, as
shown in Fig 11 and Fig 12, respectively.
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Figure 3: The prompt template for synthesizing clause-level CoT rationales in SQL generation.
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Figure 4: The example 1 for synthesizing clause-level CoT rationales in SQL generation.
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Figure 5: The example 2 for synthesizing clause-level CoT rationales in SQL generation.

61091



Figure 6: The example 3 for synthesizing clause-level CoT rationales in SQL generation.
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Figure 7: The prompt template for synthesizing multi-type CoT rationales in SQL validation.
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Figure 8: The example 1 for synthesizing multi-type CoT rationales in SQL validation.
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Figure 9: The example 2 for synthesizing multi-type CoT rationales in SQL validation.
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Figure 10: The example 3 for synthesizing multi-type CoT rationales in SQL validation.
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Figure 11: Inference prompt template for the SQL generation stage.

Figure 12: Inference prompt template for the SQL validation stage.
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