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Abstract

RAG evaluations often rely on citations or re-
trieved evidence traces for correctness checks,
provenance claims, and audits, implicitly as-
suming that evidence remains reproducible un-
der routine retrieval settings. We test this
assumption in a controlled diagnostic study
where queries, embeddings, and decoding are
fixed while retrieval depth, chunk size, and
overlap vary. We call the resulting change
in attributed evidence retrieval jitter and mea-
sure evidence identity at two levels: docu-
ment (doc_id) and exact cited span (doc_id,
span_hash). Across BEIR ArguAna and Sci-
Fact, we observe a consistent Stability Gap:
document overlap remains moderate while span
overlap often collapses, including many cases
of total span turnover despite non-empty re-
trieval. We interpret span-level instability as a
diagnostic of exact evidence-trace reproducibil-
ity, not semantic equivalence. These findings
motivate reporting stability diagnostics along-
side citation-based evaluation metrics for more
reproducible evaluation practice.

1 Introduction
Evaluation of generative AI systems increas-
ingly uses retrieval-augmented generation (RAG)
pipelines that provide citations or retrieved evi-
dence as evaluation artifacts for correctness ver-
ification, provenance analysis, regression testing,
and third-party auditing. In many such workflows,
these evidence traces are implicitly assumed to re-
main stable across runs. This raises a measurement
question that is not usually reported explicitly: how
stable is the attributed evidence trace under routine
retrieval perturbations when the query, embedding
model, and decoding behavior are otherwise fixed?
In this work, we conduct a controlled empirical
study of retrieval jitter: systematic variation in
attributed evidence caused by minor retrieval con-
figuration perturbations, even when queries, em-
beddings, and decoding behavior are held constant.

Many current RAG evaluation practices empha-
size document-level retrieval metrics, document-
level citation support, or passage-level relevance
(Es et al., 2024; Caspari et al., 2024; Thakur et al.,
2025), but they do not explicitly test whether the
exact supporting evidence spans remain stable un-
der routine retrieval configuration changes. To op-
erationalize this phenomenon, we define a hierar-
chical evidence identity protocol at two levels -
document-level (doc_id) and span-level (doc_id,
span_hash), where span hashes are computed over
normalized cited text. On BEIR ArguAna and Sci-
Fact, varying retrieval depth, chunk size, and chunk
overlap yields a consistent Stability Gap: docu-
ment overlap remains moderate while span-level
overlap often collapses, including cases of zero
span overlap despite non-empty retrieval. As a
supplementary exploratory analysis, we also probe
whether evidence instability is necessarily mirrored
by answer-level change. This probe is not part of
the paper’s primary claim, but it helps clarify why
evidence stability matters in practice: if answer
similarity remains high while attributed evidence
changes substantially, routine system updates can
create a form of silent jitter in which outputs appear
stable even though the supporting evidence trace
has shifted. We argue that routine reporting of span-
level stability diagnostics alongside citation-based
metrics can improve transparency in settings where
reproducibility or auditability matters.

Contributions. We introduce retrieval jitter and
define a hierarchical evidence-identity protocol
at document and span levels for measuring evi-
dence stability under routine retrieval-configuration
changes; show across ArguAna and SciFact
that document-level overlap can mask substantial
span-level turnover, making document-only sta-
bility checks insufficient for some citation-based
evaluation and auditing workflows; and release
RagCiteCheck, an open-source Python/CLI har-



ness for logging retrieval evidence and computing
document- and span-level stability diagnostics.

2 Related Work
Prior work has shown that correctness does
not guarantee faithful attribution in retrieval-
augmented generation, and cited evidence may
fail to fully justify model outputs (Wallat et al.,
2025; Liu et al., 2023). Evaluation frameworks
such as RAGAS assess answer relevance and faith-
fulness, but do not explicitly test whether the same
evidence is retrieved consistently across routine
system updates (Es et al., 2024). Related work
on long-context use, hallucination, and retrieval
stability further suggests that answer quality and
evidence grounding can diverge under system vari-
ation (Wang et al., 2025; Hsia et al., 2025; Zhang
et al., 2026). Chunking and segmentation are also
known to affect retrieval precision, context cov-
erage, and grounding quality (Bhat et al., 2025;
Schreieder et al., 2025; Stäbler et al., 2025). Our
work builds on these observations by focusing
specifically on the construct validity of document-
level provenance as a proxy for evidence continuity
under routine configuration drift.

3 Methodology
Evaluation setting. Experiments are conducted on
two evidence-centric benchmarks from the BEIR
suite: ArguAna and SciFact (Thakur et al., 2021;
Wadden et al., 2020) using deterministic decoding
and fixed embedding model. Routine retrieval con-
figuration such as retrieval depth k ∈ {5, 10, 20},
chunk size c ∈ {128, 256} tokens, and chunk over-
lap o ∈ {0, 32} are varied. To avoid inflating stabil-
ity with inherently unanswerable cases, we restrict
evaluation to queries with at least one relevant qrels
document. For ArguAna we use a fixed 400-query
subset, and for SciFact we use all answerable eval-
uation queries.

Hierarchical evidence identity. Document-level
identity captures the retrieved source document
and is identified by doc_id. We use span to mean
the retrieved textual fragment, i.e., the chunk/node
text surfaced as evidence to the model. Span-level
identity is represented as (doc_id, span_hash),
where span_hash is computed by hashing normal-
ized retrieved text. Span-level identity is inten-
tionally defined using a strict exact-match criterion
over normalized cited text and is therefore sensitive
to boundary effects under chunking changes. We
therefore interpret span-hash instability as a mea-

sure of exact evidence-trace reproducibility, not
as a direct test of semantic evidence equivalence.
Notably, span-level turnover is also observed in
cases where document identity remains unchanged
across configuration pairs, indicating that the Sta-
bility Gap is not explained solely by document
substitution. The purpose of the span-level met-
ric in this paper is to diagnose whether the same
attributed textual evidence is reproduced across rou-
tine configuration changes, not to decide whether
two different spans are semantically interchange-
able.

Stability metrics. We compute pairwise Jaccard
overlap across configuration runs at both document
and span levels (J) and report mean overlap as
well as worst-case per-query stability. For each
query, document-level stability measures overlap
between retrieved document identifiers, while span-
level stability measures overlap between span iden-
tities. We report mean pairwise stability (Javg),
worst-case per-query stability (Jmin), and collapse
rates defined as the percentage of queries where
Jspan = 0 despite non-empty retrieval. We also
compute flip-rates, defined as the fraction of config-
uration pairs where stability falls below a threshold
(e.g., J < 0.5). We also report null diagnostics for
empty evidence sets and non-empty/empty transi-
tions across configurations.

RagCiteCheck takes JSONL evidence logs as
input, extracts document- or span-level evidence
identities, and outputs pairwise stability, flip-rate,
null-evidence, and worst-case per-query diagnos-
tics; code and an archival snapshot are available
online.1

Exploratory evidence–answer probe. As a sup-
plementary exploratory check, we generate an-
swers under each configuration and compute se-
mantic similarity between outputs using SBERT
cosine similarity (Reimers and Gurevych, 2019).
We report drift rates below similarity thresholds
and analyze correlation between answer similarity
and span-level evidence stability. This analysis is
not used to establish the paper’s main evidence-
stability claim; rather, it is included to test whether
substantial evidence-trace turnover can occur with-
out correspondingly large answer-level change, i.e.,
a potential silent-jitter regime.

1https://github.com/ppon1086/ragcitecheck;
https://doi.org/10.5281/zenodo.18645598.

https://github.com/ppon1086/ragcitecheck
https://doi.org/10.5281/zenodo.18645598


4 Results
Aggregate stability patterns. Across both
datasets, document-level and span-level stability
diverge in a consistent way. Because span-level
identity uses exact normalized-text matching, some
instability under chunk-size changes may reflect
boundary-sensitive resegmentation. Accordingly,
we interpret span-level instability as a diagnostic
of exact evidence-trace reproducibility rather
than semantic equivalence. On ArguAna, mean
document-level overlap is 0.604 while mean
span-level overlap drops to 0.360. On SciFact,
mean document-level overlap is 0.520 and mean
span-level overlap is 0.224. The gap is larger on
SciFact, where the mean gap ratio reaches 2.321,
compared with 1.678 on ArguAna. Figure 1 shows
this pattern visually: document overlap often stays
in a moderate range while span overlap falls much
lower.
Worst-case behavior is more prominent. The
median worst-case span stability Jmin, Jspan is
0.000 for both datasets. In ArguAna, 70.5% of
queries have at least one configuration pair with
complete span turnover. In SciFact, that rises to
94.0% (Thakur et al., 2021; Wadden et al., 2020).
Put differently, for many queries, there exists some
routine configuration change that preserves non-
empty retrieval while replacing the exact retrieved
span entirely.
Representative collapse cases. The aggregate re-
sults are not driven by one or two outliers. Rep-
resentative collapse pairs show the same struc-
ture. In ArguAna, one configuration pair yields
Jdoc = 0.584 but only Jspan = 0.0525. In Sci-
Fact, a comparable pair yields Jdoc = 0.419 and
Jspan = 0.009. Similar collapse pairs appear re-
peatedly across the grid. Importantly, span-level
turnover is also observed in many cases where doc-
ument identity remains unchanged, indicating that
the observed instability is not solely attributable
to document substitution or retrieval failure but to
variation in the specific evidence fragments sur-
faced.
Null diagnostics. The gap is not explained by re-
trieval failure. Citation rate remains 1.0 across both
datasets and null rate remains 0.0. Pairwise null
transitions are also zero in the main experiment. So,
the observed instability reflects span substitution
rather than missing evidence.
Configuration effects. The strongest instability
appears under chunk-size changes. Changing

Pair Data J̄span Sim Drift ρ
Base vs o0 ArguAna 0.823 0.990 1 0.136
Base vs o0 SciFact 0.637 0.940 6 0.120
Base vs c128 ArguAna 0.060 0.949 6 0.038
Base vs c128 SciFact 0.032 0.767 24 -0.025

Table 1: Exploratory evidence–answer stability probe.

chunk size while keeping the rest of the retrieval
setup close to baseline produces the largest drops
in span-level overlap. Overlap changes produce
intermediate effects. Retrieval-depth changes are
milder in the tested grid. This suggests that seg-
mentation choices are a main source of evidence
instability, which is relevant because chunking is
often treated as a technical setting rather than an
evaluation variable.

We include a supplementary exploratory probe
to test whether evidence instability is always re-
flected in answer behavior. As shown in Table 1,
under chunk-size perturbations, span stability drops
sharply (e.g., mean Jspan = 0.032 on SciFact),
while answer similarity remains relatively high
(mean 0.767). Spearman correlations are weak
(ρ ∈ [−0.025, 0.136]), indicating that output sim-
ilarity does not reliably track evidence continuity.
Although this probe is not designed to support a
broad answer-level claim, it highlights a practi-
cally important implication of the main findings:
retrieval updates can preserve superficially simi-
lar outputs while altering the cited evidence trace
underneath them, complicating regression interpre-
tation and auditability.

5 Discussion
Our findings suggest that document-level over-
lap can be an incomplete proxy for exact
evidence-trace reproducibility under routine re-
trieval changes. Many RAG workflows use docu-
ment overlap or document identity as a coarse indi-
cator of evidence continuity, but our results show
that such coarse checks can mask the turnover in
specific text spans presented to the model. This
creates a diagnostic gap between source-document
continuity and exact evidence-trace continuity. The
main implication of this study is a measurement
recommendation: when reproducibility, regression
comparison, or auditability matters, document over-
lap alone may provide an incomplete picture of
evidence stability. This instability has practical
implications for evaluation practice, as retrieval
configurations such as chunk size, overlap, and
retrieval depth are routinely adjusted to manage la-



Figure 1: Document-level vs. span-level stability across retrieval configuration pairs on ArguAna and SciFact.
Document overlap often remains moderate while span overlap collapses, revealing a Stability Gap.

tency, context budgets, and indexing constraints in
production settings. These adjustments are usually
treated as engineering tuning rather than evaluation-
relevant variation. But our results suggest that such
routine configuration changes can alter attributed
evidence traces, and hence evaluations conducted
before and after deployment updates may become
difficult to interpret, even when answer similarity
remains high. These findings also reflect a practi-
cal conflict between system developers and eval-
uation researchers. Developers tune retrieval for
speed and cost whereas Evaluators and auditors
need consistency, traceability, and reproducibility.
Hence, span-level diagnostics should be treated as
part of evaluation rather than as an optional analy-
sis. Simple reporting practices such as monitoring
span-overlap distributions, collapse rates, and null-
evidence transitions can provide early indicators of
evidence instability. By treating retrieval configu-
ration as an evaluation variable rather than just an
implementation detail, practitioners can improve
the interpretability and auditability of RAG evalua-
tion pipelines in real-world deployments. As an ini-
tial step of mitigation, we encourage incorporating
span-level stability diagnostics into citation-based
evaluation workflows.

Minimal Evidence Stability Reporting Proto-
col. Document-level overlap is therefore an in-
complete proxy for exact evidence continuity un-
der routine retrieval changes. For citation-based

RAG evaluation, we recommend reporting the re-
trieval configuration, stability at both document and
span levels, worst-case per-query span stability, col-
lapse rates, and null-evidence diagnostics. These
lightweight checks make regression comparisons
and auditability easier to interpret when retrieval
settings change.

6 Conclusion
We introduced retrieval jitter as a measurement
challenge for citation-based RAG workflows.
Through a hierarchical evidence identity frame-
work, we showed that document-level identity
checks can hide instability at the level of evidence
spans surfaced to downstream reasoning modules.
Across retrieval configuration changes on BEIR
datasets ArguAna and SciFact, results show a con-
sistent Stability Gap, including many cases of com-
plete span turnover despite non-empty retrieval.
Our supplementary exploratory evidence–answer
probe suggests that answer similarity does not nec-
essarily track evidence continuity, highlighting a
potential silent retrieval jitter that can complicate
regression interpretation and independent auditing.
Together, these findings suggest that citation-based
evaluation workflows relying only on document-
level checks may provide an incomplete view of
evidence continuity, and that span-level stability
diagnostics are a lightweight addition for more in-
terpretable, reproducible, and auditable RAG eval-
uation.



7 Limitations
We analyze stability under a controlled grid of re-
trieval configurations (top-k, chunk size, and over-
lap) using a fixed embedding model and determin-
istic decoding. Other sources of variability—such
as retriever training changes, index refreshes, query
reformulation, or stochastic generation—are out-
side the scope of this study. Because span-level
identity is defined using exact normalized cited-
text matching, some observed turnover may reflect
boundary-sensitive resegmentation under chunk-
ing changes; accordingly, our analysis should be
interpreted as measuring exact evidence-trace re-
producibility rather than full semantic evidence
equivalence.

Finally, while we propose span-level stability
diagnostics as a reporting practice, we do not eval-
uate mitigation strategies such as stability-aware
chunking, evidence anchoring, or retrieval regular-
ization. Designing and validating such interven-
tions remains future work.
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8 Appendices

A Retrieval Configuration Grid

Parameter Values
Top-k {5, 10, 20}
Chunk size {128, 256}
Chunk overlap {0, 32}

Table 2: Retrieval configuration grid used in stability
experiments.

These settings reflect common engineering trade-
offs between recall, latency, and segmentation gran-
ularity in production RAG pipelines.

B Representative Stability Gap Examples

Table 3 shows configuration pairs where span-level
evidence collapses despite moderate document-
level overlap.

Dataset Config Pair Jdoc Jspan

ArguAna base vs c128 0.584 0.052
SciFact base vs c128 0.419 0.009

Table 3: Illustrative configuration pairs showing span-
level collapse despite moderate document overlap.

C Exploratory Evidence–Answer Probe
Details

Answers were generated under deterministic de-
coding for each retrieval configuration. Semantic
similarity between answers was computed using
Sentence-BERT cosine similarity. Drift rates were
defined as the proportion of configuration pairs
where similarity fell below predefined thresholds
(0.9 and 0.8).

Correlation between span-level stability and an-
swer similarity was evaluated using Spearman rank
correlation. Figures 2 and 3 show the probe analy-
sis done for selected configuration perturbations
(baseline vs chunk-size change and baseline vs
overlap change) to illustrate how retrieval insta-
bility propagates to output behavior.

Figure 2: Span-level stability–answer similarity rela-
tionship for configuration comparison base vs c128

Figure 3: Exploratory scatter plot of span-level evidence
stability versus answer similarity for configuration pair
base vs o0.
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