DATA SYSTEMS AND INTELLIGENCE QUARTERLY / RESEARCH ARTICLE

Auditing retrieval self-check for
retrieval-augmented answering under 17%
distractor density: a sensitivity sweep

ABSTRACT

We evaluated retrieval self-check for retrieval-augmented answering under 17% distractor density. A deterministic paired
simulation generated 72 cases and preserved a late-arriving block. Mean evidence faithfulness changed from 0.580 to 0.616;
the paired difference was +0.036 (95% interval +0.034 to +0.039). 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
retrieval-augmented answering rather than a broad literature
survey. The experiment focuses on AutoCrit: A Meta-Reasoning
Framework for Self-Critique and Iterative Error Correction in
LLM Chains-of-Thought. 2025 6th International Conference on
Machine Learning and Computer Application (ICMLCA),
1177-1180. Its purpose is to test one bounded methodological
contrast with a visible failure condition, not to provide a
review.

The primary question is whether retrieval self-check improves
evidence faithfulness while retaining the direction of change in
the late-arriving block. The operating setting is mixed-load; the
stress level is fixed at 17% 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 50075. 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-Ro5-075.json".

Reference [1] is used in Methods, not only as background: its
work on AutoCrit: A Meta-Reasoning Framework for
Self-Critique and TIterative Error Correction in LLM
Chains-of-Thought. 2025 6th International Conference on
Machine Learning and Computer Application (ICMLCA),
1177-1180 defines the focal mechanism represented by the
retrieval self-check intervention.

For the stress range, [2] supplies abstract-backed evidence on
retrieval, rag, language model through the study Enhancing
Context-Aware Search with Retrieval-Augmented Generation.
Its evidence ledger records the specific descriptors
cryptography, enterprises, exploratory, experiment,
government, industries, variations, functions, concepts,
enriched, explored, increase, concept, digital, finance, matches,
utilize, faster; we map those archived descriptors to the
distractor density control. For the error slice, [3] supplies
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abstract-backed evidence on retrieval, rag, language model
through the study A Governance-First Architecture for
Multi-Tenant Retrieval-Augmented Generation. Its evidence
ledger records the specific descriptors unauthorized,
assumptions, denormalize, inheritance, intentional,
multitenant, permissions, quarantined, suppression,
accidental, permission, precedence, simplicity, tenantsage,
visibility, compliant, immediate, possesses; we map those
archived descriptors to the distractor density control. For the
reporting rule, [4] supplies abstract-backed evidence on
retrieval, rag, language model through the study Graph-Native
Intelligence: A Novel Architecture for Multi-Source Knowledge
Synthesis Beyond Retrieval Augmented Generation. Its
evidence ledger records the specific descriptors fundamentally,
underexplored,  perspectives, innovations, narratives,
translator, traversing, connected, diversity, increases,
ingestion, political, traversal, category, converts, narrator,
becomes, vectors; we map those archived descriptors to the
distractor density control. For the baseline, [5] supplies
abstract-backed evidence on retrieval, rag, language model
through the study Retrieval-Augmented Generation. Its
evidence ledger records the  specific  descriptors
comprehensively, personalization, distortion, generators,
mainstream, emergence, filtering, freshness, although,
outdated, follow, timely, basic, power, transparency, retrievers,
highlight, discuss; we map those archived descriptors to the
distractor density control. For the measurement, [6] supplies
abstract-backed evidence on retrieval, rag, reasoning through
the study Explainable Retrieval-Augmented Generation
Framework for Evidence-Aligned and Faithful Legal
Reasoning. Its evidence ledger records the specific descriptors
justification,  probabilistic,  caselawbench, formulates,
legalbench, citations, designed, faithful, nyayarag, aligned,
coliee, rated, interpretability, hallucinated, explainable,
introduced, alignment, retriever; we map those archived
descriptors to the distractor density control. For the stress
range, [7] supplies abstract-backed evidence on retrieval, rag,
language model through the study Adaptive Context
Reconstruction  for  Enhanced Retrieval Augmented
Generation&nbsp;. Its evidence ledger records the specific
descriptors  reconstruction,  restructuring, inferential,
dependency, likelihood, reordering, statements, transforms,



JOURNAL OF APPLIED DATA SYSTEMS

condensed, discourse, indicates, reduction, redundant,
arranges, backbone, consists, rewrites, salience; we map those
archived descriptors to the distractor density control. For the
error slice, [8] supplies abstract-backed evidence on retrieval,
rag, language model through the study A Brief Introduction to
Retrieval Augmented Generation (RAG). Its evidence ledger
records the specific descriptors introduction, omnipotent,
dialogues, realize, shuster, aryani, brief, amir, inaccurate,
increasing, people, generating, leading, various, application,
scenarios, answers, hallucinations; we map those archived
descriptors to the distractor density control. For the reporting
rule, [9] supplies abstract-backed evidence on retrieval,
language model, self-correction through the study
Operationalizing Reliability Gaps in Large Language Models: A
Semi-Systematic Evidence Map of Reasoning, Factuality,
Evaluation, and Retrieval-Augmented Generation. Its evidence
ledger records the specific descriptors contamination,
distinguishes,  interactions,  propositions,  sufficiency,
saturation, sycophancy, equitable, establish, realistic,
represent, separable, feedback, openalex, testable, culture,
focuses, lateral; we map those archived descriptors to the
distractor density control. For the baseline, [10] supplies
abstract-backed evidence on retrieval, rag, language model
through the study FaithGate: A Proposed Architecture for
Real-Time Hallucination Detection and Correction in
Retrieval-Augmented Generation Systems. Its evidence ledger
records the specific descriptors verificationcorrection,
pseudoalgorithmic, evaluationmetric, implementability,
interdependent, contradictory, independently, specification,
disagreement, disconnected, functionally, groundedness,
deployments, identifying, regenerates, decomposer,
dependence, entailment; we map those archived descriptors to
the distractor density control.

3. Experimental Protocol

The primary endpoint was evidence faithfulness. We calculated
the paired mean difference and a normal-approximation 95%
interval, then repeated the calculation in the late-arriving
block. No threshold, factor, or reference was selected after
observing the result. The sensitivity sweep used the same case
order for both arms.

Data provenance for retrieval-augmented answering is
synthetic and explicit: the local generator uses the published
seed, mixed-load setting, and parameter table; it does not claim
observed field measurements. This keeps the distractor density
experiment inexpensive while preserving a rerunnable
sensitivity sweep.

4. Results

The baseline mean was 0.580; the intervention mean was
0.616. The paired change was +0.036, with a 95% interval from
+0.034 to +0.039. In the prespecified adverse slice, the change
was +0.028.

The machine-readable artifact ‘experiments/01-R05-075.json"
contains all 72 paired records for retrieval-augmented
answering. Consequently, the +0.036 result can be recomputed
directly under the mixed-load setting rather than inferred from
prose.

5. Discussion

Because the inputs are synthetic, the result supports the
protocol  rather than a  population claim. For
retrieval-augmented answering under mixed-load, the sign of
the evidence faithfulness change remained positive in both the
full set and the late-arriving block. This supports a focused
follow-up on distractor density using measured inputs and the
same sensitivity sweep endpoint.
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For retrieval-augmented answering, the references serve
distinct roles: the locked target work defines retrieval
self-check, while the abstract-backed supplements define
distractor density, the late-arriving block, and the sensitivity
sweep controls. None is included only to reach the
ten-reference minimum.

6. Limitations and Conclusion

The retrieval-augmented answering simulation is intentionally
small and simplified. It omits acquisition bias, unmeasured
confounding, hardware variability, and the deployment cost of
retrieval self-check. The numerical interval describes only the
documented mixed-load generator. A real-data study should
retain distractor density and the late-arriving block before
making any substantive performance claim.

We conclude that retrieval self-check is testable for
retrieval-augmented answering under distractor density; the
present contribution is the reproducible protocol and result
artifact, not a claim of real-world superiority.
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