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Calibrating constraint-aware reranking for
text-to-SQL execution under 42% schema drift: a
error-stratified estimate

ABSTRACT

We evaluated constraint-aware reranking for text-to-SQL execution under 42% schema drift. A deterministic paired simulation
generated 56 cases and preserved a upper-severity quartile. Mean execution accuracy changed from 0.537 to 0.582; the paired
difference was +0.045 (95% interval +0.043 to +0.047). The result is limited to the stated simulation and is reported with a

reproducible result artifact.
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1. Introduction

Performance averages can obscure whether schema drift
changes the reliability of text-to-SQL execution. The
experiment focuses on ZhuJiu: A Multi-dimensional,
Multi-faceted Chinese Benchmark for Large Language Models.
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 upper-severity quartile. The operating setting is
low-load; the stress level is fixed at 42% before analysis.

2. Methods

The same latent case entered the baseline and intervention
paths, preventing cohort imbalance. We generated 56 cases
with seed 50097. 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-R0o5-097.json".

Reference [1] is used in Methods, not only as background: its
work on ZhuJiu: A Multi-dimensional, Multi-faceted Chinese
Benchmark for Large Language Models defines the focal
mechanism represented by the constraint-aware reranking
intervention.

For the stress range, [2] supplies abstract-backed evidence on
sql, database through the study Benchmarking Large Language
Models for NL-to-SQL: A Comprehensive Evaluation of
Accuracy, Cost and Throughput. Its evidence ledger records the
specific descriptors optimizations, practitioners, distribution,
incorporated, alternative, deployments, exceptional,
researchers, importance, underscore, dependent, exhibited,
interplay, intricate, balanced, moderate, observed, revealed; 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 A COMPARATIVE STUDY OF LLM
- POWERED DATABASE INTERFACES VERSUS
TRADITIONAL SQL  SYSTEMS FOR  INVENTORY
MANAGEMENT. Its evidence ledger records the specific
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descriptors  deterministic, unprecedented,  prioritizing,
emonstrate, guaranteed, llmpowered, sqlalchemy, identical,
inventory, penalties, averaged, backends, degraded, parallel,
mission, slower, versus, incur; we map those archived
descriptors to the schema drift control. For the reporting rule,
[4] 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
baseline, [5] 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 measurement, [6] supplies abstract-backed evidence on
sql, database through the study MIGRATION OF LEGACY
DATABASE ORACLE/MS SQL TO HANA DATABASE TO
IMPROVE REAL-TIME ONLINE ANALYTICAL PROCESSING
AND ONLINE TRANSACTION PROCESSING FROM ONE
DATA MODEL. Its evidence ledger records the specific
descriptors  possibilities,  transitioning,  streamlining,
assessment, migrating, migration, proposing, explored,
keywords, vitality, migrate, legacy, online, paved, hana, olap,
oltp, path; 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 Analyzing the
Impact of Database Architecture on Performance: SQL vs
NoSQL. Its evidence ledger records the specific descriptors
representative, characterized, transactional, availability,
exponential, intensified, persistence, universally, conversely,
emphasizes, horizontal, analyzing, cassandra, integrity,
analyzes, flexible, polyglot, depend; we map those archived
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descriptors to the schema drift control. For the error slice, [8]
supplies abstract-backed evidence on sql, database through the
study Querying Databases with Natural Language: The use of
Large Language Models for Text-to-SQL tasks. Its evidence
ledger records the specific descriptors descriptions,
dissertation, openly, poorly, views, evaluates, although,
confirms, enhances, involves, mondial, simpler, joins, known,
experiment, friendly, struggle, given; 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 Large Language Model Method as a Translator
Indonesian Into SQL Language. Its evidence ledger records the
specific ~ descriptors  padangsidimpuan, administrative,
automatically, intuitively, background, encouraged,
supporting, translated, translator, lecturers, flexibly, intended,
obstacle, becomes, certain, command, massive, quickly; we
map those archived descriptors to the schema drift control. For
the baseline, [10] supplies abstract-backed evidence on sql
through the study Text-to-SQL Empowered by Large Language
Models: A Benchmark Evaluation. Its evidence ledger records
the specific descriptors investigations, disadvantages,
additionally,  explorations,  organization, systematical,
leaderboard, supervised, designing, elaborate, empowered,
refreshes, economic, inhibits, inspires, compare, example,
towards; 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 upper-severity
quartile. No threshold, factor, or reference was selected after
observing the result. The error-stratified estimate 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, low-load
setting, and parameter table; it does not claim observed field
measurements. This keeps the schema drift experiment
inexpensive while preserving a rerunnable error-stratified
estimate.

4. Results

The baseline mean was 0.537; the intervention mean was
0.582. The paired change was +0.045, with a 95% interval from
+0.043 to +0.047. In the prespecified adverse slice, the change
was +0.038.

The machine-readable artifact “experiments/01-Ro5-097.json"
contains all 56 paired records for text-to-SQL execution.
Consequently, the +0.045 result can be recomputed directly
under the low-load setting rather than inferred from prose.

5. Discussion

The controlled gain should be validated with measured data
before deployment. For text-to-SQL execution under low-load,
the sign of the execution accuracy change remained positive in
both the full set and the upper-severity quartile. This supports
a focused follow-up on schema drift using measured inputs and
the same error-stratified estimate 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
upper-severity quartile, and the error-stratified estimate
controls. None is included only to reach the ten-reference
minimum.
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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 low-load generator. A real-data study
should retain schema drift and the upper-severity quartile
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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