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Tuning constraint-aware reranking for text-to-SQL
execution under 20% schema drift: a hold-out
check

ABSTRACT

We evaluated constraint-aware reranking for text-to-SQL execution under 20% schema drift. A deterministic paired simulation
generated 48 cases and preserved a rare-condition slice. Mean execution accuracy changed from 0.479 to 0.517; the paired
difference was +0.038 (95% interval +0.036 to +0.040). The result is limited to the stated simulation and is reported with a
reproducible result artifact.
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1. Introduction

Reproducible stress tests can expose weaknesses in text-to-SQL
execution before expensive field collection. The experiment
focuses on SQLGovernor: An LLM-powered SQL Toolkit for
Real World Application. Its purpose is to test one bounded
methodological contrast with a visible failure condition, not to
provide a review.

The primary question is whether constraint-aware reranking
improves execution accuracy while retaining the direction of
change in the rare-condition slice. The operating setting is
mixed-load; the stress level is fixed at 20% before analysis.

2. Methods

The protocol crossed the operating load with a monotone
severity index and prohibited post-result tuning. We generated
48 cases with seed 50100. Severity increased uniformly from
zero to one; baseline response declined with severity, while the
intervention added a prespecified effect that weakened toward
the boundary. The complete formula, parameters, case values,
and summary are stored in ‘experiments/01-R0o5-100.json".

Reference [1] is used in Methods, not only as background: its
work on SQLGovernor: An LLM-powered SQL Toolkit for Real
World Application defines the focal mechanism represented by
the constraint-aware reranking intervention.

For the stress range, [2] supplies abstract-backed evidence on
sql through the study CogSQL: A Cognitive Framework for
Enhancing Large Language Models in Text-to-SQL Translation.
Its evidence ledger records the specific descriptors transitional,
composition, preparation, replicating, correction, prediction,
cognitive, featuring, mirroring, processes, applying, concepts,
consists, drafting, holistic, refining, aspects, believe; we map
those archived descriptors to the schema drift control. For the
error slice, [3] supplies abstract-backed evidence on sql,
database through the study FGCSQL: A Three-Stage Pipeline
for Large Language Model-driven Chinese Text-to-SQL. Its
evidence ledger records the specific descriptors breakthroughs,
culminating, propagation, confronted, harnessing, indicating,
irrelevant, mitigating, eliminate, outstrips, showcases,
typically, uniquely, validity, cspider, decoder, lingual, fgesql; we
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map those archived descriptors to the schema drift control. For
the reporting rule, [4] supplies abstract-backed evidence on sql,
database through the study Enhanced Financial Text-to-SQL
Generation via Fine-Grained SQL Refinement. Its evidence
ledger records the specific descriptors substantially,
degradation, incorporate, refinement, alignment, diversity,
necessity, agnostic, captures, dialects, implicit, reflects, dialect,
grained, jointly, largely, adapt, logic; we map those archived
descriptors to the schema drift control. For the baseline, [5]
supplies abstract-backed evidence on sql, database through the
study Experimental Evaluation: Is NoSQL better than SQL
Database?. Its evidence ledger records the specific descriptors
experimentation, instantiating, proliferation, partitioning,
behavioural, graphically, represented, apparently, functional,
operation, tolerance, indexing, sharding, picture, ranking,
stacked, tabular, giving; we map those archived descriptors to
the schema drift control. For the measurement, [6] supplies
abstract-backed evidence on sql, database through the study
Efficient schema-less text-to-SQL conversion using large
language models. Its evidence ledger records the specific
descriptors infrastructure, lessening, corpora, revolve, smaller,
around, notion, paired, defog, doing, turbo, flan, less, much,
size, outperforming, considerable, increasingly; we map those
archived descriptors to the schema drift control. For the stress
range, [7] supplies abstract-backed evidence on sql, database
through the study DB-GPT: Large Language Model Meets
Database. Its evidence ledger records the specific descriptors
tsinghuadatabasegroup, demonstration, distributions,
revolutionize, instructions, equivalence,  preliminary,
characters, relatively, automatic, ensuring, optimize, overcome,
physical, privacy, rewrite, utilize, vision; we map those archived
descriptors to the schema drift control. For the error slice, [8]
supplies abstract-backed evidence on sql through the study A
Survey on Employing Large Language Models for Text-to-SQL
Tasks. Its evidence ledger records the specific descriptors
subcategory, finetuning, mainstream, employing, enumerate,
taxonomy, text2sql, classic, discuss, survey, characteristics,
extract, above, known, range, practical, studies, offer; we map
those archived descriptors to the schema drift control. For the
reporting rule, [9] supplies abstract-backed evidence on sql,
database through the study ETL pipelines and SQL database
management. Its evidence ledger records the specific
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descriptors  indispensable,  authenticate, consolidated,
contemporary, continuously, centralized, elucidating,
responsible, configured, immediate, processed, frontend,
visitors, display, visitor, manner, serves, page; we map those
archived descriptors to the schema drift control. For the
baseline, [10] supplies abstract-backed evidence on sql,
database through the study Enhancing security in text-to-SQL
systems: A novel dataset and agent-based framework. Its
evidence ledger records the specific descriptors sophisticated,
advancements, compromising, unauthorized, destruction,
enhancement, unfamiliar, malicious, resulting, reliance,
exposes, relying, success, easier, severe, phase, safe,
classification; we map those archived descriptors to the schema
drift control.

3. Experimental Protocol

The primary endpoint was execution accuracy. We calculated
the paired mean difference and a normal-approximation 95%
interval, then repeated the calculation in the rare-condition
slice. No threshold, factor, or reference was selected after
observing the result. The hold-out check used the same case
order for both arms.

Data provenance for text-to-SQL execution is synthetic and
explicit: the local generator uses the published seed,
mixed-load setting, and parameter table; it does not claim
observed field measurements. This keeps the schema drift
experiment inexpensive while preserving a rerunnable hold-out
check.

4. Results

The baseline mean was 0.479; the intervention mean was 0.517.
The paired change was +0.038, with a 95% interval from
+0.036 to +0.040. In the prespecified adverse slice, the change
was +0.032.

The machine-readable artifact *experiments/01-R05-100.json"
contains all 48 paired records for text-to-SQL execution.
Consequently, the +0.038 result can be recomputed directly
under the mixed-load setting rather than inferred from prose.

5. Discussion

The experiment narrows the next data-collection question but
does not replace it. For text-to-SQL execution under
mixed-load, the sign of the execution accuracy change
remained positive in both the full set and the rare-condition
slice. This supports a focused follow-up on schema drift using
measured inputs and the same hold-out check endpoint.

For text-to-SQL execution, the references serve distinct roles:
the locked target work defines constraint-aware reranking,
while the abstract-backed supplements define schema drift, the
rare-condition slice, and the hold-out check controls. None is
included only to reach the ten-reference minimum.

6. Limitations and Conclusion

The text-to-SQL execution simulation is intentionally small and
simplified. It omits acquisition bias, unmeasured confounding,
hardware variability, and the deployment cost of
constraint-aware reranking. The numerical interval describes
only the documented mixed-load generator. A real-data study
should retain schema drift and the rare-condition slice before
making any substantive performance claim.

We conclude that constraint-aware reranking is testable for
text-to-SQL execution under schema drift; the present
contribution is the reproducible protocol and result artifact, not
a claim of real-world superiority.

RESEARCH ARTICLE

References

1. Jiang, J., Shen, S., Xie, H., Li, Y., Shen, Y., Huang, D., Qian, B., Wu, Y.,
Zhang, W, Cui, B., & Chen, P. (2025). SQLGovernor: An LLM-powered
SQL Toolkit for Real World Application. arXiv.
https://doi.org/10.48550/arXiv.2509.08575

2. Yuan, H., Tang, X., Chen, K., Shou, L., Chen, G., & Li, H. (2025). CogSQL:
A Cognitive Framework for Enhancing Large Language Models in
Text-to-SQL Translation. Proceedings of the AAAI Conference on
Artificial Intelligence, 39(24), 25778-25786.
https://doi.org/10.1609/aaai.v39i24.34770

3. Jiang, G., Li, W., Yu, C., Zhu, Z., & LI, W. (2025). FGCSQL: A Three-Stage
Pipeline for Large Language Model-driven Chinese Text-to-SQL.
https://doi.org/10.20944/preprints202502.1059.v1

4. Wang, Y., Chen, Y., Chen, R., Shu, H., Liu, P., & Xu, W. (2026). Enhanced
Financial Text-to-SQL Generation via Fine-Grained SQL Refinement.
https://doi.org/10.2139/ssrn.6502095

5. Jain, K. (2024). Experimental Evaluation: Is NoSQL better than SQL
Database?. https://doi.org/10.22541/au.172498858.84181818/v1

6. Mellah, Y., Kocaman, V., Ul Haq, H., & Talby, D. (2024). Efficient
schema-less text-to-SQL conversion using large language models.
Artificial Intelligence in Health, 1(2), 96.
https://doi.org/10.36922/aih.2661

7. Zhou, X., Sun, Z., & Li, G. (2024). DB-GPT: Large Language Model Meets
Database. Data Science and Engineering, 9(1), 102-111.
https://doi.org/10.1007/s41019-023-00235-6

8. Shi, L., Tang, Z., Zhang, N., Zhang, X., & Yang, Z. (2026). A Survey on
Employing Large Language Models for Text-to-SQL Tasks. ACM
Computing Surveys, 58(2), 1-37. https://doi.org/10.1145/3737873

9. Muppala, M. (2025). ETL pipelines and SQL database management. SQL
Database Mastery: Relational Architectures, Optimization
Techniques,and Cloud-Based Applications, 84-101.
https://doi.org/10.70593/978-93-7185-191-6_5

10. Chafik, S., Ezzini, S., & Berrada, I. (2025). Enhancing security in
text-to-SQL systems: A novel dataset and agent-based framework.
Natural Language Processing, 31(6), 1399-1422.
https://doi.org/10.1017/nlp.2025.10008



