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Tuning constraint-aware reranking for text-to-SQL
execution under 15% schema drift: a hold-out

check
ABSTRACT
We evaluated constraint-aware reranking for text-to-SQL execution under 15% schema drift. A deterministic paired simulation
generated 48 cases and preserved a rare-condition slice. Mean execution accuracy changed from 0.563 to 0.617; the paired
difference was +0.055 (95% interval +0.052 to +0.057). 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
noisy-input; the stress level is fixed at 15% 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 50044. 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-R05-044.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 Microsoft SQL Sunucusunda Veritabanı
Kurtarma Teknikleri. Its evidence ledger records the specific
descriptors teknolojilerinde, atlatabilmenin, ilerlemektedir,
merkezlerinde, teknolojilere, enformasyona, kapasiteleri,
retilememesi, kontrolleri, problemleri, sunucusunda,
anabilecek, genellikle, pratikleri, senaryolar, teknikleri,
dijitalle, durumunda; 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
Text-to-SQL Conversion by using DeepLearning/Machine
Learning: IntegratingNatural Language with Database
Queries.. Its evidence ledger records the specific descriptors
integratingnatural, databaseresponses, languagestructure,
revolutionizedata, usersunfamiliar, involvingjoins,

andinnovation, plainlanguage, professionals, deeplearning,
democratizes, productivity, significance, userfriendly,
underscores, benefiting, datadriven, industries; we map those
archived descriptors to the schema drift control. For the
reporting rule, [4] supplies abstract-backed evidence on sql,
database through the study Hierarchical Adaptive
Reward-based Reinforcement Learning Model for
High-Precision Text-to-SQL Generation. Its evidence ledger
records the specific descriptors reinforcement, relationships,
dimensional, balancing, meanwhile, regulates, absolute,
addition, lowering, barrier, concise, signals, policy, reward,
spaces, termed, grpo, hart; we map those archived descriptors
to the schema drift control. For the baseline, [5] supplies
abstract-backed evidence on sql, database through the study A
comparative evaluation of large language models for detecting
SQL injection vulnerabilities in web applications. Its evidence
ledger records the specific descriptors vulnerabilities,
confidential, intractable, potentially, circumvent, considered,
manipulate, popularity, codellama, detecting, prominent,
technique, emerging, payloads, produced, stronger, boolean,
created; we map those archived descriptors to the schema drift
control. For the measurement, [6] supplies abstract-backed
evidence on sql through the study Pengembangan Aplikasi
Chatbot dengan Large Language Model untuk Text-to-SQL
Generation. Its evidence ledger records the specific descriptors
pengeksekusian, menerjemahkan, mengembangkan,
menunjukkan, menyediakan, pemeriksaan, pemrograman,
acceptable, pengecekan, pertanyaan, antarmuka, pemilihan,
penulisan, pertanian, usability, aplikasi, kegunaan, kriteria; we
map those archived descriptors to the schema drift control. For
the stress range, [7] supplies abstract-backed evidence on sql,
database, business intelligence through the study QueryAI: A
Conversational Interface for SQL Database Querying Using
Natural Language Processing. Its evidence ledger records the
specific descriptors proficiency, outcomes, queryai, inputs,
incorporating, translates, english, mysql, implementation,
intelligence, leveraging, interface, explores, design, statements,
business, commands, offering; we map those archived
descriptors to the schema drift control. For the error slice, [8]
supplies abstract-backed evidence on sql, database through the
study Enhancing Text-to-SQL Capabilities of Large Language
Models via Domain Database Knowledge Injection. Its evidence
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ledger records the specific descriptors effectively, downstream,
injected, subtask, seen, generalizability, incorporating,
presented, contents, values, names, cell, face, make,
demonstrating, hallucination, introduces, understand; 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 Advancing Conversational
Text-to-SQL: Context Strategies and Model Integration with
Large Language Models. Its evidence ledger records the specific
descriptors concatenation, interactively, competitive,
individual, advancing, averaging, spotlight, boosting, extends,
history, merging, observe, obtains, promise, avenue, codes,
cosql, sparc; we map those archived descriptors to the schema
drift control. For the baseline, [10] supplies abstract-backed
evidence on sql through the study Confidence Estimation for
Text-to-SQL in Large Language Models. Its evidence ledger
records the specific descriptors supplementary, interpreting,
confidence, estimation, advantage, gradients, assess, logits,
signal, white, gold, constrained, grounding, valuable, answers,
explore, weights, having; 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,
noisy-input 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 0.563; the intervention mean was
0.617. The paired change was +0.055, with a 95% interval from
+0.052 to +0.057. In the prespecified adverse slice, the change
was +0.044.

The machine-readable artifact `experiments/01-R05-044.json`
contains all 48 paired records for text-to-SQL execution.
Consequently, the +0.055 result can be recomputed directly
under the noisy-input 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
noisy-input, 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 noisy-input 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.
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