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Stress-testing constraint-aware reranking for
text-to-SQL execution under 35% schema drift: a
blocked comparison

ABSTRACT

We evaluated constraint-aware reranking for text-to-SQL execution under 35% schema drift. A deterministic paired simulation
generated 64 cases and preserved a rare-condition slice. Mean execution accuracy changed from 0.477 to 0.513; the paired
difference was +0.036 (95% interval +0.034 to +0.038). The result is limited to the stated simulation and is reported with a

reproducible result artifact.
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1. Introduction

This study isolates one operational question in text-to-SQL
execution: whether a transparent control survives long-tail
inputs. The experiment focuses on SiriusBI: A Comprehensive
LLM-Powered Solution for Data Analytics in Business
Intelligence. 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
long-tail; the stress level is fixed at 35% before analysis.

2. Methods

A fixed generator created matched inputs; only the prespecified
intervention differed between arms. We generated 64 cases
with seed 50010. 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-R05-010.json".

Reference [1] is used in Methods, not only as background: its
work on SiriusBI: A Comprehensive LLM-Powered Solution for
Data Analytics in Business Intelligence 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 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 error slice, [3] supplies abstract-backed evidence on sql,
database through the study MedT5SQL: a transformers-based
large language model for text-to-SQL conversion in the
healthcare domain. Its evidence ledger records the specific
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descriptors difficulties, encountering, transformers,
approximate, accessible, delivering, electronic, optimizers,
prevalence, expertise, assesses, commonly, medtssql, transfer,
utilizes, medical, numbers, related; 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 Natural Language to SQL at Scale: Integrating
OpenAl with Oracle Autonomous Database via SELECT Al Its
evidence ledger records the specific descriptors attributable,
mygithublink, reproducible, evaluations, independent,
integrating, establish, reflected, overhead, targeted, feature,
measure, medium, target, tiers, democratizing, demonstrated,
intelligent; we map those archived descriptors to the schema
drift control. For the baseline, [5] supplies abstract-backed
evidence on sql, database through the study Pengembangan
Model Migrasi Database Relational ke NoSQL Memanfaatkan
Metadata SQL. Its evidence ledger records the specific
descriptors dikembangkan, memanfaatkan, transformasi,
berdasarkan,  penyimpanan,  terstruktur,  diperlukan,
diterapkan, eksperimen, mengajukan, pendekatan,
perbendaan, dilakukan, kecepatan, kelemahan, melakuakn,
menyimpan, merupakan; we map those archived descriptors to
the schema drift control. For the measurement, [6] supplies
abstract-backed evidence on sql, database through the study A
Lightweight and Explainable Conversational AT Framework for
Natural Language SQL Learning without Large Language
Models. Its evidence ledger records the specific descriptors
computational, conversations, interpretable, progressively,
explainable, facilitates, interactive, multilayer, beginners,
developed, similarly, consumes, empowers, execute, labeled,
operate, pattern, merges; 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 descriptors to the schema drift control. For
the error slice, [8] supplies abstract-backed evidence on sql,
database through the study PERANCANGAN DATABASE
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SISTEM PENJUALAN MENGGUNAKAN DELPHI DAN
MICROSOFT SQL SERVER. Its evidence ledger records the
specific descriptors permasalahan, perancangan, memberikan,
perusahaan, informasi, kebutuhan, penjualan, memenuhi,
kondisi, adalah, akurat, delphi, muncul, server, solusi, tepat,
atas, memudahkan; 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
ETM: Modern Insights into Perspective on Text-to-SQL
Evaluation in the Age of Large Language Models. Its evidence
ledger records the specific descriptors stylistically,
counterparts, misrepresent, overestimate, shortcomings,
perspective, problematic, community, overlooks, elements,
ignoring, inherent, negative, release, anyone, script, rates,
rigid; 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
Text-to-SQL Capabilities of Large Language Models via
Domain Database Knowledge Injection. Its evidence 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.

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 blocked comparison 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, long-tail
setting, and parameter table; it does not claim observed field
measurements. This keeps the schema drift experiment
inexpensive while preserving a rerunnable blocked
comparison.

4. Results

The baseline mean was 0.477; the intervention mean was 0.513.
The paired change was +0.036, with a 95% interval from
+0.034 to +0.038. In the prespecified adverse slice, the change
was +0.033.

The machine-readable artifact “experiments/01-Ro5-010.json"
contains all 64 paired records for text-to-SQL execution.
Consequently, the +0.036 result can be recomputed directly
under the long-tail setting rather than inferred from prose.

5. Discussion

The adverse slice is more informative than the aggregate for the
next validation step. For text-to-SQL execution under long-tail,
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 blocked comparison 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 blocked comparison 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 long-tail 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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