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Stabilizing constraint-aware reranking for
text-to-SQL execution under 41% schema drift: a

hold-out check
ABSTRACT
We evaluated constraint-aware reranking for text-to-SQL execution under 41% schema drift. A deterministic paired simulation
generated 72 cases and preserved a rare-condition slice. Mean execution accuracy changed from 0.542 to 0.593; the paired
difference was +0.051 (95% interval +0.049 to +0.053). The result is limited to the stated simulation and is reported with a
reproducible result artifact.
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1. Introduction
The central concern is whether constraint-aware reranking
remains measurable when schema drift increases. 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
burst-load; the stress level is fixed at 41% before analysis.

2. Methods
The baseline and controlled paths shared every input, with the
final quarter reserved as an adverse slice. We generated 72
cases with seed 50103. 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-R05-103.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 Comparison between Database
Search Algorithms (SQL and no SQL). Its evidence ledger
records the specific descriptors differences, timization,
underlying, emergence, document, includes, overview,
thorough, weakness, careful, demands, stores, tabase, tional,
flexi, newer, rdbms, value; 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
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 reporting rule, [4] supplies
abstract-backed evidence on sql, database through the study
Deteksi Ill-Formed Natural Language Query Berbasis Rule
Pada Model Llm Text-to-SQL Berbahasa Indonesia. Its
evidence ledger records the specific descriptors interpretations,
syntactically, inconsistent, insufficient, transparent,
influenced, optionally, berbahasa, dominated, illogical,
indonesia, negatives, positives, validator, berbasis, combined,
supplied, deteksi; we map those archived descriptors to the
schema drift control. For the baseline, [5] supplies
abstract-backed evidence on sql, database through the study
CRED-SQL: Enhancing Real-World Large Scale Database
Text-to-SQL Parsing Through Cluster Retrieval and Execution
Description. Its evidence ledger records the specific descriptors
reformulation, alleviating, description, exacerbated,
spiderunion, decomposes, ultimately, birdunion, deviation,
mismatch, performs, pinpoint, cluster, smduan, stages, drift,
cred, sota; we map those archived descriptors to the schema
drift control. For the measurement, [6] 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 stress
range, [7] supplies abstract-backed evidence on sql, database,
analytics through the study Lightweight and Data-Efficient
Fine-Tuning of Language Models for Bidirectional Text-to-SQL
and SQL-to-Text Tasks: A Systematic Review. Its evidence
ledger records the specific descriptors computationally,
featherlight, quantization, sacrificing, sustainable,
ultramodern, annotation, appendages, conclusion, frameworks,
pretrained, procedures, quantities, conscious, parameter,
adoption, creation, examined; we map those archived
descriptors to the schema drift control. For the error slice, [8]
supplies abstract-backed evidence on sql, database through the
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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 reporting rule, [9] supplies abstract-backed evidence on sql,
database through the study CIR-SQL: A Dual-Model Intent
Recognition Framework for Chinese Text-to-SQL. Its evidence
ledger records the specific descriptors backtracking,
interference, containing, decoupling, monitoring, operators,
frequent, speaking, control, status, leads, seven, sort,
representations, classification, hierarchical, intermediate,
maintenance; we map those archived descriptors to the schema
drift control. For the baseline, [10] 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.

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, burst-load
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 0.542; the intervention mean was
0.593. The paired change was +0.051, with a 95% interval from
+0.049 to +0.053. In the prespecified adverse slice, the change
was +0.047.

The machine-readable artifact `experiments/01-R05-103.json`
contains all 72 paired records for text-to-SQL execution.
Consequently, the +0.051 result can be recomputed directly
under the burst-load setting rather than inferred from prose.

5. Discussion
The result identifies a falsifiable direction and preserves the
conditions needed to retest it. For text-to-SQL execution under
burst-load, 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 burst-load 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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