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Auditing retrieval self-check for
retrieval-augmented answering under 26%
distractor density: a robust mean contrast

ABSTRACT

We evaluated retrieval self-check for retrieval-augmented answering under 26% distractor density. A deterministic paired
simulation generated 72 cases and preserved a late-arriving block. Mean evidence faithfulness changed from 0.498 to 0.543;
the paired difference was +0.045 (95% interval +0.043 to +0.048). 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 Towards Explainable RAG:
Interpreting the Influence of Retrieved Passages on
Generation. 2025 4th International Conference on Robotics,
Artificial Intelligence and Intelligent Control (RAIIC), 397-400.
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 long-tail; the
stress level is fixed at 26% 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 50107. 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-R05-107.json".

Reference [1] is used in Methods, not only as background: its
work on Towards Explainable RAG: Interpreting the Influence
of Retrieved Passages on Generation. 2025 4th International
Conference on Robotics, Artificial Intelligence and Intelligent
Control (RAIIC), 397-400 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 Autonomous
QA Agent: A Retrieval-Augmented Framework for Reliable
Selenium Script Generation. Its evidence ledger records the
specific descriptors translating, autonomous, executable,
execution, ingesting, lifecycle, commerce, elements, existent,
markdown, selenium, formats, script, syntax, html, hallucinate,
structure, grounds; we map those archived descriptors to the
distractor density control. For the error slice, [3] supplies
abstract-backed evidence on retrieval, rag, language model
through the study ADAPTIVE MULTI-STAGE VECTOR
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RETRIEVAL FOR RETRIEVAL-AUGMENTED GENERATION.
Its evidence ledger records the specific descriptors prioritising,
composition, additively, reciprocal, resistant, nfcorpus, sizefits,
compose, default, matters, noisier, release, sampled, scifact,
targets, uniform, adding, always; 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 Pool-Gated Retrieval:
Beyond Retrieval-Augmented Generation Toward Accountable
Evidential Admission. Its evidence ledger records the specific
descriptors  accountability,  epistemically, justificatory,
accountable, recognition, commitment, preventing, principled,
propagated, registered, structural, widespread, admission,
committed, declaring, enforcing, epistemic, exclusive; 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 Graph
Retrieval-Augmented Generation for Large Language Models:
A Survey. Its evidence ledger records the specific descriptors
ameliorating, representing, applicable, imperative, obfuscates,
scientists, vectorized, generally, intending, engender, possible,
concise, contain, desired, insofar, massive, prompts, snippet;
we map those archived descriptors to the distractor density
control. For the measurement, [6] supplies abstract-backed
evidence on retrieval, rag, language model through the study
UAMG-RAG: Adaptive Multi-Granularity Retrieval-Augmented
Generation with Uncertainty-Guided Re-Retrieval. Its evidence
ledger records the specific descriptors insufficiency,
predetermined, complicated, granularity, responsible,
iterations, retrievals, depending, obtaining, dropping, suggests,
covered, designs, efforts, optimal, removal, wikihow, guided;
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 In
RAG We Trust? Measuring Robustness of Retrieval-Augmented
Generation Under Document Poisoning. Its evidence ledger
records the specific descriptors abstention, corruption,
falsehoods, behaviour, corrupted, factorial, falsehood,
measuring, poisoning, quantized, checking, damaging, fraction,
majority, negation, poisoned, quantify, reaction; we map those
archived descriptors to the distractor density control. For the
error slice, [8] supplies abstract-backed evidence on retrieval,
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rag, language model through the study Reducing
Hallucinations in Large Language Models Through Integrated
Self-Verification and Retrieval-Augmented Generation. Its
evidence ledger records the specific  descriptors
trustworthiness, progressively, reutilization, implementing,
elucidative, strengthens, activities, convincing, simulation,
important, standards, assessed, includes, moreover, option,
aided, limit, aren; we map those archived descriptors to the
distractor density control. For the reporting rule, [9] supplies
abstract-backed evidence on retrieval, rag, language model
through the study GIANT: Leveraging Retrieval-Augmented
Generation for Automated Bug Reproduction Test Generation.
Its evidence ledger records the specific descriptors
construction, reproduction, comparisons, conventions,
procedures, reproduced, reproduces, submission, underlying,
assurance, defects4j, exhausted, examined, isolated, produced,
projects, reported, defects; 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 Research on Citizen Privacy Risk Assessment
Method Based on Retrieval-Augmented Generation. Its
evidence ledger records the specific descriptors automatically,
effectiveness, infringement, assessments, maintaining,
mitigating, monitoring, validating, contracts, indicator,
judgments, citizens, gradient, personal, severity, changes,
citizen, factors; 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 robust mean contrast 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, long-tail setting, and parameter table; it does not claim
observed field measurements. This keeps the distractor density
experiment inexpensive while preserving a rerunnable robust
mean contrast.

4. Results

The baseline mean was 0.498; the intervention mean was
0.543. The paired change was +0.045, with a 95% interval from
+0.043 to +0.048. In the prespecified adverse slice, the change
was +0.039.

The machine-readable artifact ‘experiments/01-R0o5-107.json"
contains all 72 paired records for retrieval-augmented
answering. Consequently, the +0.045 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
retrieval-augmented answering under long-tail, 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 robust mean contrast endpoint.

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 robust mean
contrast controls. None is included only to reach the
ten-reference minimum.
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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 long-tail 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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