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Auditing constraint-aware reranking for
text-to-SQL execution under 38% schema drift: a
error-stratified estimate

ABSTRACT

We evaluated constraint-aware reranking for text-to-SQL execution under 38% schema drift. A deterministic paired simulation
generated 72 cases and preserved a upper-severity quartile. Mean execution accuracy changed from 0.502 to 0.540; the paired
difference was +0.038 (95% interval +0.035 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

The design begins from a narrow failure mode in text-to-SQL
execution rather than a broad literature survey. The
experiment focuses on SiriusBl: 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 upper-severity quartile. The operating setting is
long-tail; the stress level is fixed at 38% before analysis.

2. Methods

We used a deterministic severity sweep and retained identical
noise draws for the primary contrast. We generated 72 cases
with seed 50035. 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-R05-035.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
database through the study ChIP-GPT: a managed large
language model for robust data extraction from biomedical
database records. Its evidence ledger records the specific
descriptors immunoprecipitation, comprehensively,
identification, fundamentally, characterize, emphasizing,
iteratively, customized, predefined, seamlessly, adaptable,
chromatin, hindering, amassing, centered, medicine, reliably,
archive; 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 AN ENHANCED
NATURAL LANGUAGE PROCESSING MODEL FOR DATA
EXTRACTION AND VISUALIZATION FROM SQL DATABASE
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Its evidence ledger records the specific descriptors
visualization, fundamentals, underpinning, foundations,
proceedings, synthesizes, conference, identifies, prototypes,
resolution, trajectory, scholarly, journals, motivate, reviewed,
draws, flash, maps; 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
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 baseline, [5] 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 measurement, [6] 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. For the stress range, [7] 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 error slice, [8] supplies
abstract-backed evidence on sql, database, business
intelligence through the study QueryAIl: A Conversational
Interface for SQL Database Querying Using Natural Language
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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 reporting rule, [9] 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 baseline, [10] 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.

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, long-tail
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 0.502; the intervention mean was
0.540. The paired change was +0.038, with a 95% interval from
+0.035 to +0.040. In the prespecified adverse slice, the change
was +0.032.

The machine-readable artifact "experiments/01-Ro5-035.json"
contains all 72 paired records for text-to-SQL execution.
Consequently, the +0.038 result can be recomputed directly
under the long-tail setting rather than inferred from prose.

5. Discussion

Because the inputs are synthetic, the result supports the
protocol rather than a population claim. For text-to-SQL
execution under long-tail, 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 long-tail 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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