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Calibrating constraint-aware reranking for
text-to-SQL execution under 38% schema drift: a

blocked comparison
ABSTRACT
We evaluated constraint-aware reranking for text-to-SQL execution under 38% schema drift. A deterministic paired simulation
generated 56 cases and preserved a median slice. Mean execution accuracy changed from 0.542 to 0.584; the paired difference
was +0.043 (95% interval +0.040 to +0.045). 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 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 median slice. The operating setting is low-load;
the stress level is fixed at 38% before analysis.

2. Methods
The same latent case entered the baseline and intervention
paths, preventing cohort imbalance. We generated 56 cases
with seed 50121. 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-R05-121.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, database through the study Heuristic-Guided Text-to-SQL
Translation with LLMs: Optimizing Natural Language
Interfaces for Relational Databases. Its evidence ledger records
the specific descriptors deteriorates, translations, corrections,
engineered, optimizing, heuristic, modular, loops, opensource,
rewriting, feedback, provided, mapping, mondial, plays,
highlighting, promising, adaptive; 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 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 reporting rule, [4] 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, [5]
supplies abstract-backed evidence on sql, database through the
study Combining Text-to-SQL and Large Language Models for
Maintenance Decision Support. Its evidence ledger records the
specific descriptors deterministically, communication,
inappropriate, establishing, transparency, contributes,
suggestions, artificial, documented, historical, verifiable,
vocabulary, personnel, replicate, traceable, ablation, bridging,
combines; 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
through the study PERANCANGAN DATABASE 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 error slice, [8] supplies
abstract-backed evidence on sql through the study CogSQL: A
Cognitive Framework for Enhancing Large Language Models in
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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 reporting rule,
[9] supplies abstract-backed evidence on sql, database,
analytics through the study FinSight AI: Coupling a Large
Language Model with a Live NoSQL Database for
Conversational Financial Analytics and Rule-Assisted Fraud
Screening. Its evidence ledger records the specific descriptors
authentication, explanations, observations, transactions,
aggregates, dashboards, explaining, heuristics, dashboard,
portfolio, recipient, threshold, coupling, finsight, grounded,
incoming, supplies, account; we map those archived
descriptors to the schema drift control. For the baseline, [10]
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.

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 median 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, low-load
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 0.542; the intervention mean was
0.584. The paired change was +0.043, with a 95% interval from
+0.040 to +0.045. In the prespecified adverse slice, the change
was +0.036.

The machine-readable artifact `experiments/01-R05-121.json`
contains all 56 paired records for text-to-SQL execution.
Consequently, the +0.043 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 median 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
median slice, and the blocked comparison 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 low-load generator. A real-data study
should retain schema drift and the median 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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