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Abstract
Text-to-SQL parsing increasingly relies on
high-quality Chain-of-Thought (CoT) data to
train specialized models. However, eliciting
accurate reasoning paths for complex queries
remains a formidable challenge, causing exist-
ing methods to suffer from severe data under-
utilization and fragile free-form generation. To
systematically resolve these issues, we propose
MSI-SQL, a Multi-task Self-Iterative frame-
work that enhances both data quantity and qual-
ity. To expand data scale, we introduce a
verification-based self-iterative loop that pro-
gressively conquers difficult queries. To en-
sure reasoning stability, we design a masked
SQL completion auxiliary task that serves as
a structural anchor, explicitly constraining the
CoT generation space. Coupled with a novel
mask-augmented soft self-consistency mecha-
nism during inference, evaluations on the BIRD
and Spider benchmarks demonstrate that MSI-
SQL establishes a new state-of-the-art for open-
source Text-to-SQL parsers.

1 Introduction

Text-to-SQL (Cai et al., 2017; Zelle and Mooney,
1996; Yu et al., 2018a) has witnessed remarkable
progress with the advent of Large Language Mod-
els (LLMs) (Gao et al., 2023; Mao et al., 2024;
Yao et al., 2025; Papicchio et al., 2026). To cir-
cumvent the high inference costs and strict privacy
risks associated with massive proprietary models,
a prevailing paradigm distills their reasoning abili-
ties into smaller, specialized open-source models
using task-specific data (Yang et al., 2024; Zhu
et al., 2025; Hao et al., 2025; Song et al., 2024).
While this distillation fundamentally relies on high-
quality CoT data (Wei et al., 2022; Zhai et al., 2025;
Thaker and Bresler, 2025), eliciting accurate rea-
soning paths for complex queries with intricate
schemas remains a formidable challenge (Li et al.,
2025b; Hong et al., 2025; Liu et al., 2025).

†Equal contribution. *Corresponding author.

Current data generation paradigms (Hu et al.,
2023; Li et al., 2025a; Cai et al., 2025; Cafer-
oğlu et al., 2025), which predominantly rely on
single-pass prompting, suffer from two critical bot-
tlenecks. First, this approach frequently fails on
complex queries, leading to severe data underuti-
lization (Liu et al., 2026; Gulcehre et al., 2023). As
a result, a large portion of valuable hard queries
and intricate schemas are discarded, severely bot-
tlenecking the overall quantity of effective train-
ing data. Second, the free-form CoT reasoning
elicited by these methods is inherently fragile in
structurally rigorous Text-to-SQL tasks (Tai et al.,
2023; Zhai et al., 2025). Although recent efforts
attempt to prompt models to fixed logical steps (Ra-
jkumar et al., 2022; Yao et al., 2025; Pourreza and
Rafiei, 2023; Qin et al., 2024; He et al., 2025), they
still lack explicit structural constraints. Even a mi-
nor hallucination during the schema linking phase
can completely derail the subsequent SQL genera-
tion. Ultimately, without a robust structural anchor,
the model’s reasoning trajectory easily deviates,
compromising the quality and logical consistency
of the elicited CoT paths.

To systematically unleash the potential of Text-
to-SQL training data and maximize model perfor-
mance, we propose MSI-SQL, a novel framework
centered on multi-task guided self-iterative gener-
ation. To overcome the data quantity bottleneck,
our Verification-Based Self-Iterative Generation
mechanism continuously samples and execution-
verifies reasoning paths, progressively conquer-
ing hard queries to monotonically expand the
valid training corpus. To guarantee data qual-
ity, our Multi-Task Guided Generation intro-
duces an auxiliary masked SQL completion task.
Serving as a robust structural anchor, it explic-
itly constrains the CoT search space to prevent
reasoning deviation. During inference, we em-
ploy Mask-Augmented Soft Self-Consistency, an
error-tolerant mechanism that expands the candi-
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date pool via test-time masked completion and re-
solves syntactic mismatches through soft consen-
sus. Extensive experiments demonstrate that MSI-
SQL significantly outperforms all existing base-
lines on the BIRD and Spider benchmarks.

Our contributions are summarized as follows:

• To tackle data underutilization and reasoning
fragility in Text-to-SQL parsing, we propose
the MSI-SQL framework to unleash data po-
tential across both training and inference.

• We introduce a Verification-Based Self-
Iterative Generation mechanism that progres-
sively conquers complex queries to expand
the coverage of high-quality training data.

• We design a Multi-Task Guided Generation
mechanism where an auxiliary masked SQL
completion task acts as a structural anchor,
explicitly constraining the generation space to
guarantee CoT reasoning stability.

• We propose Mask-Augmented Soft Self-
Consistency, an execution-aware inference
mechanism that rescues semantically equiva-
lent queries, propelling MSI-SQL to state-of-
the-art performance on BIRD and Spider.

2 Methodology

We propose the MSI-SQL framework to systemat-
ically unleash the potential of Text-to-SQL train-
ing data. In this section, we first formalize the
task, then elaborate on its two core mechanisms:
verification-based self-iterative data generation and
multi-task guided generation. Figure 1 shows the
overview of our MSI-SQL.

2.1 Problem Formulation
We consider an initial Text-to-SQL dataset D =
{(qi, si, di)}Ni=1, consisting of natural language
questions qi, gold SQL queries si, and database
schemas di. To effectively train an LLM for com-
plex parsing, our primary objective is to elicit high-
quality CoT reasoning paths ci that connect the
inputs (qi, di) to the target si. Thus, we aim to
construct an instruction-tuning dataset DCoT =
{(qi, di, ci, si)}.

2.2 Verification-Based Self-Iterative Data
Generation

Existing single-pass sampling methods frequently
fail on complex queries, resulting in severe data

underutilization. To systematically extract valid
CoT paths for these hard queries, we propose a
verification-based self-iterative generation mech-
anism. Initializing with a base LLM M0, each
iteration t ≥ 1 proceeds as follows:

Data Elicitation. We use the model from the
previous iteration, Mt−1 (where M0 is used for
t = 1), to sample multiple candidate reasoning
paths and corresponding SQL queries for each in-
stance in the training set.

Execution-based Filtering. To filter out invalid
reasoning paths, all generated SQL candidates are
executed against the corresponding databases. We
exclusively retain the samples that yield execution
results identical to the gold SQL si. These veri-
fied instances constitute the valid dataset D(t)

valid.
As iterative refinement enhances model capabil-
ity, the valid data pool monotonically expands:
|D(1)

valid| < |D(2)
valid| < · · · < |D(t)

valid|. By continu-
ously unlocking previously unsolvable queries, this
growing corpus provides the essential foundation
for the subsequent model update.

Base-Model Reset Fine-Tuning. Empirical evi-
dence suggests that standard iterative self-training
suffers from error accumulation and mode collapse
when continuously fine-tuning on Mt−1 (Details
are provided in Appendix B.4). To circumvent
this, our Base-Model Reset strategy explicitly aban-
dons the intermediate checkpoint Mt−1. Instead,
we perform supervised fine-tuning (SFT) directly
on the initial base model M0 using the newly
expanded dataset D(t)

valid, producing the updated
model Mt. This prevents the inheritance of de-
generative reasoning patterns, ensuring the model
safely capitalizes on the increasing data volume to
conquer previously unsolvable queries.

2.3 Auxiliary Masked SQL Completion Task

Although the self-iterative process increases the
quantity of data, free-form CoT generation is highly
susceptible to error accumulation. To ensure the
quality and direction of the elicited reasoning paths,
we introduce a masked SQL completion task as an
auxiliary instruction tuning objective.

During the data construction phase, we con-
struct a masked version of the gold SQL, de-
noted as smask

i , by replacing specific structural
tokens (e.g., table names, JOIN conditions) with
a [MASK] token. To augment the standard CoT
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Figure 1: The overview of MSI-SQL framework, comprising three core components: (a) Verification-Based Self-
Iterative Data Generation, a loop that progressively expands the high-quality training set and fine-tunes the base
LLM to prevent mode collapse; (b) Auxiliary Masked SQL Completion Task, which stabilizes the CoT reasoning
process during generation; and (c) Mask-Augmented Soft Self-Consistency, an inference-time selection mechanism
that leverages execution-aware consensus to robustly derive the final SQL prediction.

generation task, which optimizes the baseline prob-
ability p(ci, si | qi, di), our framework explicitly
emphasizes the masked SQL completion task by
optimizing p(si | qi, di, smask

i ). Both objectives
are seamlessly mixed into a single training cor-
pus and jointly trained via SFT. Furthermore, we
incorporate this masked completion task into the
Direct Preference Optimization (DPO) framework
(Rafailov et al., 2023) to maintain structural rigor
during contrastive learning. By acting as an im-
plicit structural anchor, the partially visible gold
SQL constrains the generation space. This prevents
the reasoning trajectory from deviating, thereby
significantly boosting the yield rate and robustness
of valid CoT paths during self-iterative sampling.
Note that this task is training-only; at inference, the
model receives only the question and schema, with
no access to any portion of the gold SQL.

2.4 Mask-Augmented Soft Self-Consistency

To maximize inference performance, we introduce
Mask-Augmented Soft Self-Consistency, integrat-
ing our learned masked completion capability with
an execution-aware selection mechanism. First,
we generate N initial SQL candidates via temper-
ature sampling. Applying test-time Masked SQL
Completion to these candidates yields N additional
repaired queries, forming a diverse pool of size 2N .

Standard self-consistency (Wang et al., 2022)
employs exact-match hard voting, failing to ac-
count for semantically equivalent queries with mi-
nor execution order variances (Liu et al., 2026). To
address this, we execute all 2N queries and com-
pute continuous pairwise similarity scores among
their execution results. The final consensus score

for each candidate is the sum of its similarities with
all other candidates. By selecting the query with
the maximum consensus score, this error-tolerant
mechanism effectively mitigates syntactic fragility
and significantly improves execution accuracy.

3 Experiments

3.1 Experimental Settings

Benchmarks and Metrics. We evaluate MSI-
SQL on Spider (Yu et al., 2018b) and BIRD (Li
et al., 2023). We report Execution Accuracy (EX)
and Test Suite Accuracy (TS) (Zhong et al., 2020)
for Spider, and EX and Valid Efficiency Score
(VES) (Li et al., 2023) for BIRD to assess both
correctness and efficiency. Appendix B.1 provides
more details about the benchmarks.

Baselines. We compare MSI-SQL against: (1)
Prompting-based closed-source models: DIN-SQL
(Pourreza and Rafiei, 2023), MAC-SQL (Wang
et al., 2025), DAIL-SQL (Gao et al., 2023), and
MCS-SQL (Lee et al., 2025); (2) Fine-tuned open-
source models, including synthetic data gener-
ation (CodeS (Li et al., 2024), SENSE (Yang
et al., 2024), OmniSQL (Li et al., 2025a)), mul-
titask collaboration ROUTE (Qin et al., 2024), and
verification-based self-play fine-tuning SPFT-SQL
(Zhang et al., 2025).

Implementations. The details of implementation
are listed in Appendix B.2.

3.2 Overall Performance

Table 1 summarizes the results on both datasets.
MSI-SQL achieves state-of-the-art performance
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Method Base Model
SPIDER BIRD

Dev Test Dev

EX TS EX EX VES

Prompting with Closed-Source LLMs
DIN-SQL GPT-4 82.8 74.2 85.3 50.7 58.8
DAIL-SQL GPT-4 83.5 76.2 86.6 54.8 56.1
MCS-SQL GPT-4 89.5 - 89.6 63.4 64.8

Fine-Tuning Open-Source LLMs
SFT Qwen2.5-Coder-7B 82.9 79.0 83.7 54.4 56.1
SFT Qwen2.5-Coder-14B 84.8 79.6 84.4 58.5 63.9
SFT Qwen2.5-Coder-32B 85.2 79.5 86.4 61.2 66.6
CodeS-7B StarCoder-7B 85.5 - 84.4 55.8 60.3
CodeS-15B StarCoder-15B 84.9 79.4 85.0 58.5 56.7
SENSE-7B Llama-2-7B 83.2 81.7 83.5 51.8 -
SENSE-13B Llama-2-13B 84.1 83.5 86.6 55.5 -
OmniSQL-7B Qwen2.5-Coder-7B-Instruct 81.2 - 87.9 63.9 -
OmniSQL-14B Qwen2.5-Coder-14B-Instruct 81.4 - 88.3 64.2 -
OmniSQL-32B Qwen2.5-Coder-32B-Instruct 80.0 - 87.6 64.5 -
ROUTE Qwen2.5-7B 83.6 77.5 83.7 54.4 56.1
ROUTE Qwen2.5-14B 87.3 80.9 87.1 60.9 65.2
SPFT-SQL Qwen2.5-Coder-7B 87.2 81.3 87.4 61.0 67.0
SPFT-SQL Qwen2.5-Coder-14B 87.7 81.9 89.0 63.6 68.9
SPFT-SQL Qwen2.5-Coder-32B 87.8 83.2 89.1 65.2 70.5

Ours
MSI-SQL Qwen2.5-Coder-7B 86.6 72.6 87.4 66.2 112.3
MSI-SQL Qwen2.5-Coder-14B 87.9 78.3 89.4 68.3 117.9
MSI-SQL Qwen2.5-Coder-32B 87.3 80.4 88.8 71.1 117.2

Table 1: Main results on SPIDER and BIRD bench-
marks. EX and TS denote Execution Accuracy and Test
Suite Accuracy, while VES represents Valid Efficiency
Score. Our methods utilize iterative data from both Spi-
der and BIRD for SFT/DPO.

SPIDER BIRD-Dev

Dev-EX Dev-TS Test-EX EX VES

Our 87.3 80.4 88.8 71.1 117.2
w/o SI 78.9 75.4 84.5 68.4 95.9
w/o MSC 85.6 78.5 86.0 70.3 114.0
w/o MSSC 85.0 78.3 85.8 69.9 96.8

Table 2: Ablation study.

across most metrics, demonstrating that self-
iterative generation and multi-task guided training,
coupled with mask-augmented soft voting, effec-
tively unleash data and model potential, establish-
ing an effective and robust data utilization frame-
work for Text-to-SQL parsing. Furthermore, MSI-
SQL significantly outperforms existing methods in
terms of execution efficiency. This suggests that
our multi-task self-iterative generation approach
enables the model to optimize query logic, produc-
ing SQL queries that exhibit superior execution
speed compared to other methods, even surpassing
the efficiency of the gold queries.

3.3 Ablation Study

We assess the contribution of each module us-
ing the 32B model via three variants (Table 2):
w/o Self-Iteration removes the Verification-Based
Self-Iteration Generation, w/o MSC discards the
Masked SQL Completion task during training, and

w/o MSSC replaces our Mask-Augmented Soft
Self-Consistency with standard majority voting.
MSI-SQL consistently outperforms all variants,
verifying that these components are fundamentally
necessary and complementary. Notably, removing
Self-Iteration causes the most severe performance
degradation, underscoring its necessity in expand-
ing the valid training scale by progressively unlock-
ing complex queries.

3.4 Sensitivity Analysis
We study the impact of self-iterative data gen-
eration rounds and the mask token ratio. Itera-
tion Rounds: Fewer rounds underutilize the data,
whereas excessive iterations lead to overfitting (Ta-
ble 3 and Table 4). Mask Ratio: An excessively
high masking ratio fails to provide effective guid-
ance for data generation, while a low ratio restricts
CoT diversity (Appendix B.5).

Round NumValid Train EX Dev EX

Round 0 7,587 80.47 64.60
Round 1 7,693 81.60 65.91
Round 2 7,712 81.80 66.36
Round 3 7,725 81.94 65.51

Table 3: Performance evolution over self-iteration
rounds on the BIRD benchmark (SFT only). Train EX
denotes the proportion of training instances that contain
correct CoT rationales.

Round NumValid Train EX Dev EX Test EX

Round 0 6,636 76.64 82.81 85.28
Round 1 6,711 77.50 84.63 86.48
Round 2 6,726 77.68 84.94 86.43
Round 3 6,741 77.85 84.64 86.76

Table 4: Performance evolution over self-iteration
rounds on the Spider benchmark (SFT only).

4 Conclusion

We propose MSI-SQL, a multi-task guided self-
iterative framework that systematically unleashes
the potential of Text-to-SQL parsing. By integrat-
ing a verification-based self-iterative loop with a
Masked SQL auxiliary task, it expands high-quality
training data while preventing reasoning devia-
tion. Coupled with a novel mask-augmented soft
self-consistency mechanism during inference, MSI-
SQL achieves new state-of-the-art results on BIRD
and Spider, establishing a robust post-training
paradigm for open-source models.
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Limitations

While effective, MSI-SQL has certain limitations.
First, the self-iterative loop and execution verifi-
cation introduce higher computational overhead
during the offline data synthesis phase compared
to single-pass prompting. Second, the verification
mechanism relies on access to executable database
environments, which might be restricted in highly
sensitive scenarios. Finally, the bootstrapping pro-
cess requires the base model to possess a minimum
threshold of reasoning capability to successfully
kickstart the self-iterative data generation loop.

Ethical Considerations

We strictly adhere to the ACL Ethics Policy. All
experiments are conducted using publicly accessi-
ble datasets, publicly available API services, and
open-source models. No private or sensitive user
information is involved in the research process. We
believe that this work is unlikely to cause any im-
mediate harmful societal effects.
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A Related Works

LLM-based Text-to-SQL Parsing. Recently,
leveraging Large Language Models (LLMs) has
become the dominant paradigm for Text-to-SQL
parsing (Gao et al., 2023; Mao et al., 2024; Yao
et al., 2025; Papicchio et al., 2026). To facilitate de-
ployment in privacy-sensitive scenarios, extensive
research has focused on instruction tuning to dis-
till the reasoning capabilities of proprietary models
into smaller, open-source counterparts (Yang et al.,
2024; Zhu et al., 2025; Hao et al., 2025; Song et al.,
2024). For instance, DAIL-SQL(Gao et al., 2023)
and MAC-SQL (Wang et al., 2025) explore effi-
cient prompting strategies and multi-agent frame-
works. However, when constructing fine-tuning
datasets, these methods typically rely on single-
pass prompting. This approach frequently fails
on hard queries with complex database schemas,
leading to severe data underutilization. In contrast,
MSI-SQL actively conquers these discarded hard
queries through a self-iterative mechanism, maxi-
mizing the scale of valid training data.

Data Generation. To enhance the complex rea-
soning abilities of LLMs, self-iterative generation
has garnered significant attention. Methods like
STaR-SQL (He et al., 2025) and V-STaR (Hosseini
et al., 2024) bootstrap reasoning by continuously
fine-tuning the model on its own successfully gener-
ated rationales. However, applying these methods
directly to structurally rigorous tasks like Text-to-
SQL reveals two critical flaws: (1) continuously up-
dating intermediate checkpoints makes the model
highly susceptible to error accumulation and mode
collapse (Appendix B.4); (2) free-form CoT gen-
eration lacks explicit constraints, easily leading to
reasoning deviation (Tai et al., 2023; Zhai et al.,
2025). MSI-SQL elegantly circumvents these is-
sues by introducing a Base-Model Reset strategy
and a Masked SQL multi-task structural anchor, en-
suring both the quantity and quality of the elicited
data.

B More Experiment Details

B.1 Benchmarks and Evaluation Metrics

To comprehensively evaluate our method, we con-
duct extensive experiments on two widely used text-
to-SQL benchmarks, SPIDER (Yu et al., 2018b)
and BIRD (Li et al., 2023). The data statistics of
two benchmarks are demonstrated in Table 5.
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Statistics SPIDER BIRD
Train Set 8,659 9,428
Dev Set 1,034 1,534
Test Set 2,147 –
Domains 138 37
Databases 206 95
Metrics EX, TS EX, VES

Table 5: Summary of the benchmarks and evaluation
metrics used in our experiments.

B.2 Implementation Details
We employ Qwen2.5-Coder (7B/14B/32B) (Hui
et al., 2024) as base models. For SFT, we
train for 2 epochs using AdamW with a cosine
scheduler (peak learning rate 1e-5). For DPO,
we use a constant learning rate of 1e-6 for 2
epochs. The self-iterative data-generation pro-
cess—including CoT candidate generation on thou-
sands of training samples and SFT/DPO training
in each iteration—was conducted on 8×Ascend
910B NPUs. All evaluation-time inference, includ-
ing model deployment and Mask-Augmented Soft
Self-Consistency (MSSC) on the development and
test sets, was conducted on NVIDIA B200 GPUs.
This includes the experiments reported in Table 1,
the ablation studies, and the cross-dataset general-
ization experiments. During inference, we set the
sampling temperature to T = 1.0.

B.3 Computational Overhead Analysis
We report the computational overhead of MSI-SQL
for the 32B model. For training, SFT on 12,000
samples takes approximately 1 hour on 8×Ascend
910B NPUs; DPO training time varies depending
on the data size of each iteration. For inference
on NVIDIA B200 GPUs, batch processing handles
approximately 7k samples in 7–10 minutes. For ex-
ecution verification, we set a timeout of 30 seconds
per query, with the vast majority of SQL queries
completing within 20 seconds. Regarding the self-
iteration process, MSI-SQL typically reaches op-
timal performance within 2–3 cycles, keeping the
total training overhead practical.

B.4 Empirical Analysis of the Base-Model
Reset Strategy

The Base-Model Reset (BMR) strategy introduced
in Section 2.2 is driven by our empirical obser-
vations. Standard iterative self-training typically
employs Continuous Fine-Tuning (CFT) (He et al.,
2025; Ding et al., 2025), where the model Mt is

initialized with the intermediate checkpoint Mt−1.
To substantiate our design choice, we compared
CFT against our BMR strategy—which explicitly
abandons Mt−1 and initializes from the original
base model M0—across multiple self-training iter-
ations.

Our experiments reveal that CFT suffers from
severe reasoning degradation (Table 6). As iter-
ations progress, the Mt−1 checkpoint overfits to
the simpler syntactic patterns generated in early
rounds. When confronted with newly introduced
complex queries, the CFT model struggles to adapt,
frequently generating chaotic and incoherent re-
sponses (i.e., mode collapse). In contrast, by reset-
ting to M0, the BMR strategy preserves a highly
generalized representation space. This enables the
model to safely and effectively absorb new data
without being constrained by the biased weights
of intermediate checkpoints, ensuring stable and
monotonic performance gains.

Round CFT BMR

1 64.69 64.69
2 63.23 65.91
3 60.63 66.36

Table 6: Performance comparison between Continu-
ous Fine-Tuning (CFT) and Base-Model Reset (BMR)
across self-training iterations on BIRD Dev Dataset
(SFT only).

B.5 Sensitivity Analysis of Mask Ratio

As shown in Table 7, we evaluate the impact of
varying the mask token ratio (20%, 40%, and 60%)
on the BIRD-Dev execution accuracy. The results
exhibit a clear inverted-U trend, with performance
peaking at 71.06% when the mask ratio is set to
40%. This indicates that a moderate masking strat-
egy provides the optimal “structural anchor” for
the model.

Mask Ratio BIRD-Dev (EX)

20% 69.03
40% 71.06
60% 70.27

Table 7: Sensitivity analysis of the mask token ratio on
BIRD execution accuracy.
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B.6 Ablation on Masking Granularity

To validate our choice of masking non-structural
parts (table names and conditions) over structural
SQL keywords (e.g., SELECT, JOIN), we compare
both strategies under an SFT-only setting on the
BIRD Dev set. Masking table names and condi-
tions achieves 66.36% EX, outperforming masking
SQL keywords by 2.15 points (64.21%). This gap
demonstrates that masking semantically meaning-
ful, query-specific tokens provides more effective
structural anchors than masking generic SQL syn-
tax, confirming that the gains stem from logical
constraints rather than a simple regularization ef-
fect.

B.7 Quantitative Analysis of Data
Underutilization

To substantiate the data underutilization claim in
Section 2.2, we quantify the proportion of training
samples that fail to produce valid SQL via single-
pass prompting, and the proportion subsequently
recovered by MSI-SQL’s self-iterative generation.

As shown in Table 8, single-pass prompting fails
on 19.53% of BIRD and 23.36% of Spider training
samples, causing these instances to be excluded
from CoT fine-tuning. MSI-SQL recovers a sub-
stantial portion of these discarded samples through
iterative generation, with gains concentrated in
hard queries (those containing ≥2 JOINs, CTEs, or
window functions): +3.55% on BIRD and +2.60%
on Spider.

Dataset Query Type Total Single-Pass MSI-SQL

BIRD
Simple 7511 7223 7293 (+0.93%)
Hard 1917 364 432 (+3.55%)

Spider
Simple 7080 6265 6314 (+0.82%)
Hard 1579 371 412 (+2.60%)

Table 8: Number of training samples producing valid
SQL under single-pass prompting vs. MSI-SQL. Hard
queries contain ≥2 JOINs, CTEs, or window functions.
Percentages indicate recovery relative to the total sample
count.

B.8 Effectiveness of Self-Iteration Beyond
Data Size

To demonstrate that the gains from MSI-SQL are
not simply attributable to increased data size, we
compare it against a baseline trained on data gen-
erated via 3-shot prompting with execution verifi-
cation—a method that produces a comparable data
volume without self-iteration. For a fair compar-

ison, both settings use SFT only and exclude the
DPO stage. As shown in Table 9, MSI-SQL out-
performs this baseline by 1.31, 1.74, and 1.35 EX
points on BIRD Dev, Spider Dev, and Spider Test,
respectively, demonstrating that the benefit of self-
iteration stems from the progressive conquest of
hard queries rather than mere data augmentation.
Furthermore, replacing direct generation with fixed
SQL templates leads to a 0.92% drop on BIRD,
highlighting the importance of generation diver-
sity.

Method BIRD Dev EX Spider Dev EX Spider Test EX

3-shot prompting + execution verification 65.05 83.20 83.41
MSI-SQL w/o DPO 66.36 84.94 84.76

Table 9: Comparison of MSI-SQL (SFT only) against
3-shot prompting with execution verification under a
matched data-size setting.

B.9 Effectiveness of Structure-Aware
Masking over Random FIM

To validate the specificity of our Masked SQL
Completion design over generic Fill-in-the-Middle
(FIM) style completion, we compare against a base-
line that pre-trains the base model with random
FIM-style SQL splitting before standard SFT. Both
settings exclude DPO for a fair comparison. As
shown in Table 10, MSI-SQL w/o DPO achieves
comparable performance on BIRD (–0.20 EX)
while outperforming the FIM baseline by +1.77 and
+1.02 EX points on Spider Dev and Spider Test, re-
spectively. These results indicate that our structure-
aware masking strategy, which targets semantically
meaningful SQL tokens (e.g., table names, JOIN
conditions), better captures SQL structural depen-
dencies than random FIM-style completion.

Method BIRD Dev EX Spider Dev EX Spider Test EX

FIM pretrain + SFT 66.56 83.17 83.74
MSI-SQL w/o DPO 66.36 (-0.20) 84.94 (+1.77) 84.76 (+1.02)

Table 10: Comparison between FIM-style pre-training
and our Masked SQL Completion task under an SFT-
only setting.

B.10 Effectiveness of Mask-Augmented Soft
Self-Consistency

To isolate the effect of our Mask-Augmented Soft
Self-Consistency (MSSC) mechanism from con-
founding factors such as model ensembling or DPO,
we compare it against a single-model MSI-SQL
baseline using greedy search under the same model
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setting. As shown in Table 11, MSSC consistently
outperforms greedy search by 2.40, 2.48, and 3.80
EX points on BIRD Dev, Spider Dev, and Spider
Test, respectively, confirming that the performance
gain is attributable to the proposed mechanism
rather than increased sampling.

Method BIRD Dev EX Spider Dev EX Spider Test EX

MSI-SQL w/ greedy search 68.77 84.82 85.00
MSI-SQL w/ MSSC 71.17 87.30 88.80

Table 11: Comparison between greedy search and Mask-
Augmented Soft Self-Consistency (MSSC) under the
same single-model setting.

B.11 Cross-Dataset Generalization
To evaluate the transferability of MSI-SQL beyond
mixed-dataset training, we conduct zero-shot cross-
dataset experiments where the model is trained on
one dataset and directly evaluated on the other,
without using any training data from the target
dataset. As shown in Table 12, when trained solely
on Spider and evaluated on BIRD Dev, our model
achieves 67.7% EX. Conversely, training on BIRD
alone yields 80.6% and 81.0% EX on Spider Dev
and Spider Test, respectively. These results demon-
strate that MSI-SQL generalizes well to unseen
schemas and dataset-specific terminology, confirm-
ing that its strong performance is not solely at-
tributable to mixed-dataset training.

Train Test EX

Spider BIRD Dev 67.7%
BIRD Spider Dev 80.6%
BIRD Spider Test 81.0%

Table 12: Zero-shot cross-dataset generalization results.

C Prompt Templates for Masked SQL
Completion

We present the prompt used for our Masked SQL
Completion Task below.
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Prompt Template for Masked SQL Completion Task.

System: You are a data science expert. Below, you are provided with a database schema and
a partially masked SQL query. Your task is to understand the schema and the natural language
question, then fill in the masked parts of the SQL query to complete a valid SQL statement that
answers the question.
User:
Database Engine:
SQLite

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

Question: {Question}

Instructions:
- You will be given a partially masked SQL query. Your task is to fill in the missing parts to
complete a valid SQL query that answers the question.
- Make sure to only fill in the masked parts without adding extra or unrelated content.
- The completed SQL query should return all the information requested in the question, without
missing anything.

The partially masked SQL query is:{ Masked SQL}

Output Format:
In your answer, please enclose the completed SQL query in a code block:
``` sql
– Your completed SQL query here
```
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