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Abstract

A retrieval-augmented language model returns
the correct free-cash-flow figure from Mi-
crosoft’s 10-K filing. Replace the filing with a
topical distractor containing no figure, and the
model returns the same number: the document
was never needed. We introduce RAG-CF, a
training-free black-box probe that issues a per-
query verdict on whether an apparently correct
RAG answer is source-independent, meaning
produced without the retrieved documents. The
probe perturbs document context under four
counterfactual operators, regenerates the an-
swer, and converts the aggregated mismatch
into a split-conformal P -value with a finite-
sample Type-I bound. Across 60 configurations
spanning five benchmarks, four generators, and
three retrievers, the FPR-adjusted flagged rate,
(raw − α)/(1 − α), ranges from 13% to 56%
(raw 21% to 60%); the instrument’s FPR is
domain-dependent. A held-out no-retrieval la-
bel set confirms: 78% of flagged answers re-
main correct without documents, against 22%
of unflagged; the gap is preserved under LLM-
judge equivalence. Source-independence does
not decrease with retriever quality. Accuracy
alone conflates grounded and parametric suc-
cess; reporting the source-independence rate
alongside it would make the distinction visible
on every future RAG benchmark.

1 Introduction

We focus on a specific, testable property of
retrieval-augmented generation: whether the re-
trieved document was necessary for producing the
correct answer, a narrower construct than whether
the model “used” or “was grounded in” the docu-
ment. We formalize this distinction in Section 3.3.

A financial analyst types a question about Mi-
crosoft’s 2022 free cash flow into a retrieval-
augmented chatbot. The system retrieves the rele-
vant page of the 10-K (the annual financial report
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that US-listed companies file with the SEC), gen-
erates an answer, and the analyst, satisfied, signs
off. Now consider a second run in which the very
same generator receives, in place of the 10-K page,
a topically related but factually unrelated document
about Microsoft’s product strategy. The generator
produces the identical dollar figure (Fig. 1). Was
the original answer ever grounded in the retrieved
evidence at all?

This question is uncomfortable because RAG
systems are widely deployed under the implicit
assumption that a correct output, given a relevant
retrieved document, has used that document (Lewis
et al., 2020; Guu et al., 2020; Izacard and Grave,
2021; Borgeaud et al., 2022; Ram et al., 2023; Shi
et al., 2024b; Gao et al., 2023). Faithfulness is
treated as a quality of the pipeline rather than a
property tested per query. Recent corpus-level stud-
ies report that the relationship between retrieval
quality and RAG accuracy is more complex than
assumed: while high-scoring but irrelevant distrac-
tors substantially degrade performance, the addi-
tion of unrelated random documents to relevant
context can sometimes improve over relevant docu-
ments alone (Cuconasu et al., 2024), and mechanis-
tic analyses report that frontier LLMs process re-
trieval context through specialized internal circuits
(retrieval heads (Wu et al., 2025), context-copying
and knowledge-FFN pathways (Sun et al., 2025),
and distributional-divergence attribution signals (Li
et al., 2026)) whose activation varies across queries.
The implication is that some unknown fraction of
deployed RAG accuracy is parametric: it is what
the generator would have said anyway.

Measuring this fraction is hard for three reasons:
the test must be applied per query; it must control
the false-positive rate; and it must be black-box.
Existing tools do not meet all three. Model-based
faithfulness scoring (ES et al., 2024; Zha et al.,
2023) is per-query but uncalibrated. Counterfac-
tual robustness benchmarks (Wu et al., 2024; Chen
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et al., 2024; Ming et al., 2025) measure accuracy
under perturbed documents at the corpus level but
do not yield per-query decisions with controlled er-
ror. Mechanistic methods (Sun et al., 2025; Li et al.,
2026; Gema et al., 2025) require open weights.
Training-time methods (Lin et al., 2026; Tan et al.,
2026) and test-time critique (Wei et al., 2025) miti-
gate the problem but do not measure it on deployed
systems. For a single query, the practitioner has no
way to tell whether the retrieval was needed.

We close this gap with RAG-CF, a training-free
probe that constructs four families of counterfac-
tual document swaps, regenerates the answer un-
der each, and combines the resulting answer-shift
scores into a split-conformal P -value (informally,
a calibrated score ranking each query’s answer sta-
bility relative to a held-out calibration set, with a
distribution-free bound on the false-positive rate).
Conditional on the apparently-faithful subset of
correctly answered queries, the P -value provides
a finite-sample bound on the rate at which the test
wrongly flags an answer-stability outlier. Trans-
lating this into a substantive source-independence
verdict requires one additional assumption, stated
in Section 3.3 and verified empirically against an
independent no-retrieval label set across all twenty
(generator, benchmark) combinations. For open-
weight generators we additionally study a single
attention statistic, the retrieval-conditioned atten-
tion concentration (RCAC), as a side artifact.

Our headline finding is that a substantial fraction
of correct RAG answers are produced without the
documents being needed: the FPR-adjusted flagged
rate (the raw rate corrected for the nominal false-
positive budget, (raw − α)/(1− α)) ranges from
13% to 56% on the SI-enriched test split across 60
configurations (raw 21% to 60%; see §3.3 for the
population definition). A held-out no-retrieval base-
line provides supporting evidence: 78% of flagged
queries remain correct without documents, against
22% for unflagged (App. K). FinanceBench is the
worst on every model and retriever; a post-cutoff
corpus (App. O) measures the instrument FPR at
46.2% under cross-corpus calibration at α = 0.10.

We make three core contributions, one side arti-
fact, and a robustness package:
• We formalize necessity as a per-query null and de-

sign RAG-CF, a training-free conformal proce-
dure with finite-sample Type-I control on answer-
stability outliers (§3, Proposition 1, with finite-
n refinement in Corollary 1). We additionally
derive a substantive false-positive bound under

mixture calibration (Proposition 2), applicable
to deployments without an independent source-
dependence label.

• We re-evaluate five benchmarks under RAG-
CF across four generators; source-independence
does not decrease with retriever quality (§5).

• We demonstrate a preliminary selective-
abstention application (§5.3): on a single
FinanceBench configuration, re-calibrating on
the retained set yields a residual SI rate of 22.1%
(App. N).

• Side artifact (open-weight settings). The
retrieval-conditioned attention concentration
RCAC, built on Wu et al. (2025)’s retrieval-head
set, reaches 71% to 74% AUROC against inde-
pendent labels, slightly above matched-construct
baselines (Ttopic-single-shot and mean-attention)
and clearly above entailment-style judges. Where
RAG-CF measures necessity (did the model
need the documents?), RCAC begins to measure
use (did the model attend to them?), the two be-
ing distinct properties of a RAG answer.

• Robustness package. A contamination-controlled
post-cutoff corpus (App. O) measures the instru-
ment’s FPR under cross-corpus calibration. A
two-annotator audit of 200 flags (κ = 0.81;
App. I) confirms the headline rates are robust to r-
false-positives in S. The 78%/22% no-retrieval
gap is preserved under LLM-judge equivalence
(App. K), and a preliminary MLQA-Spanish con-
figuration shows comparable rates (App. P).

We propose RAG-CF as a measurement instru-
ment now and a community evaluation norm later:
the audit runs in one to two GPU-hours per config-
uration on a deployed RAG pipeline, and §7 states
the reporting recommendation that follows from it.

2 Related Work

RAG faithfulness and knowledge conflict. The
tension between an LLM’s parametric memory and
its retrieved context has been quantified through
entity substitution (Longpre et al., 2021), disentan-
glement training (Neeman et al., 2023), and coun-
terfactual benchmarks (Wu et al., 2024; Ming et al.,
2025). Prompting, decoding, fine-tuning, and RL
interventions improve context-faithfulness or re-
trieval robustness (Zhou et al., 2023; Shi et al.,
2024a; Wang et al., 2025; Zhang et al., 2025a; Lin
et al., 2026; Tan et al., 2026); none measure it
per query with statistical control on an existing
pipeline.
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QUERY CONTEXT HANDED TO THE GENERATOR GENERATOR OUTPUT

What was Microsoft’s
free cash flow for fiscal
year 2022 according to
its annual report?

“. . . Free cash flow was $65.1 billion, an
increase of 16% . . . ”

“. . . fiscal 2022 cloud strategy emphasized
hyperscale Azure deployments . . . ”

Llama-3.1-8B

$65.1B

same model

$65.1B

RETRIEVED | BM25 top-1 (gold 10-K page)

COUNTERFACTUAL | Ttopic, 1 of 4 operators

identical
answer

RAG-CF verdict: pconf(q) = 0.97 > 1− α = 0.90 =⇒ source-independent
the retrieved document was not needed (α = 0.10)

Figure 1: Question: What was Microsoft’s free cash flow for fiscal year 2022 according to its annual report? Llama-
3.1-8B returns the identical $65.1B whether handed the gold 10-K page (top) or a topical distractor containing no
financial figure (bottom): the gold document was not needed for this query. RAG-CF aggregates such answer-
stability evidence across four counterfactual operators (§3.2) and flags 13% to 56% of correctly-answered RAG
responses as source-independent at α = 0.10 after FPR adjustment (21% to 60% raw), across 60 (generator,
retriever, benchmark) configurations.

Counterfactual, perturbation-based, and per-
query attribution evaluation. Hong et al. (2024)
and RGB (Chen et al., 2024) stress-test RAG with
adversarial or noisy contexts; CRAG (Yan et al.,
2024) introduces corrective post-retrieval mecha-
nisms; Qin et al. (2026) run counterfactual queries;
Cuconasu et al. (2024); Amiraz et al. (2025) char-
acterize distractor effects. Per-query attributions
have been produced via systematic ablation (Cohen-
Wang et al., 2024), attribute-then-generate (Slobod-
kin et al., 2024), and hidden-state token attribu-
tion (Phukan et al., 2024); related interpretability
work on context mixing in Transformers (Mohebbi
et al., 2023) quantifies how token representations
blend across layers. ContextCite (Cohen-Wang
et al., 2024) is our most direct attribution baseline
(App. E). We differ in giving a per-query verdict
with a finite-sample Type-I bound rather than a
continuous attribution map, while remaining black-
box.

Conformal prediction for language models.
Split conformal prediction (Vovk et al., 2005; An-
gelopoulos and Bates, 2023) provides distribution-
free finite-sample coverage under exchangeability
and has been adapted to language modeling (Quach
et al., 2024), factuality (Mohri and Hashimoto,
2024), validity (Cherian et al., 2024), and a grow-
ing range of NLP applications surveyed by Campos
et al. (2024). Concurrent conformal approaches to
RAG include conditional conformal factuality fil-

tering at the sub-claim level with group-conditional
coverage across sub-domains (Feng et al., 2025);
to our knowledge (as of August 2026), RAG-CF
is the first split-conformal procedure issuing per-
query verdicts on necessity in retrieval-augmented
systems. Mohri and Hashimoto (2024) apply con-
formal calibration to factuality scores in a different
(non-retrieval) setting.

Mechanistic analyses of context use. Wu et al.
(2025) identify a small set of attention heads whose
final-token attention concentrates on copied content
under needle-in-a-haystack probing; subsequent
work uses these heads for decode-time hallucina-
tion mitigation (DeCoRe; Gema et al., 2025), and
QRHead (Zhang et al., 2025b) extends the frame-
work by identifying query-focused retrieval heads
for long-context reasoning and re-ranking. Re-
lated signals include ReDeEP (Sun et al., 2025)
and ARC-JSD (Li et al., 2026). RCAC is a single
scalar per query computed from the fixed retrieval-
head set, with no fine-tuning. Appendix A tabulates
the differentiation from the closest prior work.

3 RAG-CF: A Conformal Counterfactual
Necessity Probe

3.1 Setup
Let q be a query, D̂ = {d̂1, . . . , d̂k} the retriever’s
top-k documents, and ŷ = G(q, D̂) the generator’s
output. Let Y ⋆(q) denote the gold answer set and
r(ŷ, Y ⋆(q)) ∈ {0, 1} a normalized exact-match or
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LLM-judge equivalence relation. The apparently
faithful subset on which we focus is

S = {(q, D̂) : r(ŷ, Y ⋆(q)) = 1}, (1)

the set of queries on which the RAG pipeline is
correct. The question we ask is whether each
(q, D̂) ∈ S used D̂ to produce ŷ.

3.2 Counterfactual document swaps
We define four perturbation operators T ∈ T , each
mapping (q, D̂) 7→ D̃ = T (D̂; q). Paraphrase
(Tpara) rewrites each document via a paraphraser
preserving every fact, entity, and number, isolat-
ing surface-form sensitivity. Topical distractor
(Ttopic) replaces each document by a BM25 top-
rank document for a different, topically-clustered
query, filtered to exclude the gold answer string (the
central perturbation). Adversarial shuffle (Tshuf)
permutes document and internal sentence order.
Oracle removal (Trm) replaces each supporting
document (the gold document, or any top-k doc-
ument containing the gold answer string) by the
next-rank retrieved document not containing the
gold answer. Detailed examples for all four opera-
tors are in Appendix F.1.

For each T we draw M = 10 indepen-
dent realizations per query, regenerate ỹT,m =

G(q, Tm(D̂; q)), and compute sT,m(q) = 1 −
r(ỹT,m, ŷ). The stochasticity across the M repli-
cates comes from Tpara (LLM paraphraser sam-
pling), Ttopic (random cluster-member selection
with a per-replicate seed), and Tshuf (random per-
mutation). Trm is deterministic given the retrieval
list and greedy decoding; its M replicates are iden-
tical and it contributes a single Bernoulli value to
η. The query-level nonconformity score is

η(q) =
1

|T |M
∑

T∈T

M∑

m=1

sT,m(q). (2)

Low η(q) means the answer is stable under coun-
terfactual swaps. Equation 2 weights operators
equally; inverse-variance and max-pool combina-
tions (App. G) give results within 2 points of the
equal-weight default.

3.3 Conformal calibration and the necessity
test

A naive permutation test that conditions on
(q, D̂) ∈ S is miscalibrated: selecting on
r(ŷ, Y ⋆) = 1 breaks exchangeability between per-
turbation replicates, because the original answer

was chosen for being correct. We therefore use
split conformal calibration. We compute η(q) for
every q in a calibration split Dcal and, for a new test
query q⋆, report

pconf(q
⋆) =

|{q ∈ Dcal : η(q) ≥ η(q⋆)}|+ 1

|Dcal|+ 1
.

(3)
Low η(q⋆) yields high pconf. We declare q⋆ flagged
at level α when pconf(q

⋆) > 1− α, with α = 0.10
throughout. We use the standard plus-one inflated
p-value form (Vovk et al., 2005, Ch. 2). Partition
and seed details are in Appendix F.

Calibration reference population. The calibra-
tion set Dcal is drawn from queries in S that
are identified as substantively source-dependent
via the no-retrieval label: queries on which
r(G(q, ∅), ŷ) = 0, i.e., the generator produces a
different answer when no documents are provided.
This label is independent of the perturbation op-
erators in T and therefore of η, avoiding circu-
lar certification. This source-dependent reference
population ensures that the conformal threshold re-
flects the η distribution of genuinely grounded an-
swers, so that test queries whose η falls in the lower
tail (high answer stability) are flagged as source-
independent at rate exceeding α. The flag rate on
the test split is therefore not bounded by α; Propo-
sition 1 bounds the rate at which the procedure
wrongly flags a source-dependent test query drawn
from the same reference distribution. Because all
source-independent queries in S appear in the test
split (on FinanceBench, all whose original-question
cluster contributes no calibration query), the source-
independence prevalence in Dtest is higher than in
S as a whole; the reported flagged rates in Table 1
are therefore measured on this SI-enriched test pop-
ulation. The pooled π̂ = 0.400 of the 400-query
labeled set (App. M) is that set’s design prevalence
and does not describe Dtest.

We additionally require (A0) operator-
distribution stationarity: the joint distribution
over T and its replicates is identical across queries
within each population (the source-dependent
reference population and the test population). (A0)
is implicit in standard split-conformal but worth
naming here, because three of our operators (Tpara,
Ttopic, Tshuf) are stochastic at the realization level;
we inspect (A0) empirically on two representative
configurations in App. G.
Proposition 1 (Marginal Type-I control for an-
swer-stability outliers). Under (A0), let η1, . . . , ηn
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be the nonconformity scores of Dcal (drawn from
the substantively source-dependent subset of S)
and let η⋆ = η(q⋆) be the score of a fresh source-
dependent test query, with η1, . . . , ηn, η

⋆ exchange-
able within this population. Under the null hypoth-
esis that η⋆ is drawn from the same distribution as
η1, . . . , ηn,

Pr
[
pconf(q

⋆) > 1− α
]
≤ α+ 1

n+1 , (4)

with equality α when α(n+ 1) ∈ N.

Proposition 1 is the standard split-conformal
bound (Vovk et al., 2005; Angelopoulos and Bates,
2023); proof in Appendix C. It controls the rate at
which RAG-CF flags an answer-stability outlier
within S, not the rate at which it flags a substan-
tively source-dependent query, since the test popu-
lation S is a mixture of both. Proposition 2 closes
this gap.

Substantive necessity. Let G(q, ∅) denote the
generator’s response when the prompt contains
the question but no documents. Call q substan-
tively source-dependent if r(G(q, ∅), ŷ) = 0, and
substantively source-independent otherwise. Here
r(·, ·) is the same answer-equivalence relation in-
troduced in §3.1, applied to compare two generator
outputs rather than an output and a gold-answer
set. This label depends only on the question, the
original answer, and the no-retrieval response, not
on the operators in T , so it is independent of η.

Necessity versus use. Necessity asks whether the
generator needed the documents to produce ŷ; use
asks whether it attended to them. A model can
attend to documents while possessing the paramet-
ric capability to produce the same answer with-
out them; our probe flags such a query as source-
independent. For grounding audits the relevant
property is closer to use; for retrieval-cost audits
the relevant property is necessity. RCAC (§3.4)
targets use; we report both in §5.

Proposition 2 (Substantive false-positive bound
under stochastic dominance). Let Fdep and Find

be the distributions of η over substantively source-
dependent and source-independent queries in S,
and let π ∈ [0, 1] be the proportion of substantively
source-independent queries in S. Let F = (1 −
π)Fdep + πFind. Assume (A0) from Proposition 1
together with:
(A2) (Bounded mixture.) π ≤ π0 for a known

constant π0 ∈ [0, 1).

(A3) (Regularity.) The calibration scores
η1, . . . , ηn are i.i.d. samples from F , and
F is continuous on [0, 1] (in practice η
takes |T |M + 1 = 41 discrete values; we
apply random tie-breaking to restore the
continuous-F analysis, following Vovk et al.
(2005, Ch. 2)).

The bound (Eq. (5)) does not require stochastic
dominance. However, if (A1) Fdep first-order
stochastically dominates Find (Fdep(t) ≤ Find(t)
for all t), then the flagging region preferentially
captures source-independent queries and the bound
is informative; we test (A1) empirically in §6.1.
Then, in the large-calibration limit n → ∞, the
probability that a substantively source-dependent
test query q⋆ is flagged at level α satisfies

Pr
Fdep

[
pconf(q

⋆) > 1− α
]
≤ α

1− π0
. (5)

The proof appears in Appendix C; a finite-
sample form with an explicit O(1/

√
n) correction

is given as Corollary 1 there. Our implemented
procedure draws Dcal from the source-dependent
subset of S only, so Proposition 1 provides the
operative Type-I guarantee; Proposition 2 charac-
terizes the additional inflation under a mixture cal-
ibration set (App. C). The label-set prevalence is
π̂ = 160/400 = 0.400 from a held-out 400-query
set stratified at 12 source-dependent and 8 source-
independent queries per configuration (App. M);
this is a design constant of the diagnostic set, not
an estimate of π in S . The label set is distinct from
the 300 + 300 set of §5.2.

3.4 Retrieval-conditioned attention
concentration

The preceding sections target necessity: did the
generator need the documents? We now turn to
a complementary property, use: did the generator
attend to them? RCAC serves as an independent
consistency check on RAG-CF, not a competing
detector for the same construct; it measures a dis-
tinct property and is available only for open-weight
generators.

For open-weight generators we additionally
study RCAC, a single scalar derived from Wu et al.
(2025)’s retrieval-head methodology. Let adoc

ℓ,h (q)
be the fraction of attention mass from final-answer-
token positions onto document tokens at layer ℓ,
head h, and let H⋆ be the set of retrieval heads
(top 8% by mean needle-attention; identification
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protocol in Appendix D). Define

RCAC(q) =
1

|H⋆|
∑

(ℓ,h)∈H⋆

adoc
ℓ,h (q). (6)

By construction RCAC(q) ∈ [0, 1]. The top-8%
choice is motivated by a sweep in Appendix D.1
showing AUROC plateaus in the 5 to 10% range.
RCAC (Eq. (6)) summarizes how much the genera-
tor’s retrieval heads attended to document tokens
at answer time, and is our closest instrument to the
use question of §3.3.

4 Experimental Setup

Benchmarks. Five evaluation sets: NQ-RAG
(Kwiatkowski et al., 2019), HotpotQA (Yang
et al., 2018), FRAMES (Krishna et al., 2025), Fi-
nanceBench (Islam et al., 2023) (paraphrased 4×
for 600 prompts), and ConvFinQA (Chen et al.,
2022). Dataset sizes, sampling seeds, corpus con-
struction, chunking, and answer-string normaliza-
tion are in App. F.

Retrievers. Three retrievers per benchmark:
BM25 (Robertson and Zaragoza, 2009) with k1 =
0.9, b = 0.4, stemming, and stopword removal;
ColBERTv2 (Santhanam et al., 2022); and an or-
acle returning the gold document plus four dis-
tractors drawn at random from the BM25 top-20
list. We use ColBERTv2 rather than Contriever
(Izacard et al., 2022) because of its stronger bench-
mark performance. Top-k = 5 throughout. Mean
gold-chunk rank is 1.4 (BM25), 1.2 (ColBERTv2),
1.0 (oracle). Oracle nDCG@5 = 1.0 on single-
gold benchmarks (NQ-RAG, FinanceBench, Con-
vFinQA); on HotpotQA (two gold paragraphs) the
oracle places only one at rank 1, so nDCG@5 is
slightly below 1.0 (the oracle points in Figures 4–5
are plotted at 1.0 for visual clarity).

Generators. We evaluate Llama-3.1-8B-Instruct
(Grattafiori et al., 2024), Qwen-2.5-7B-Instruct
(Yang et al., 2024), Mistral-7B-Instruct-v0.3 (Jiang
et al., 2023), and GPT-4o-mini (OpenAI, 2024).
All open-weight models use bfloat16 precision
via vLLM; the GPT-4o-mini API snapshot and the
HuggingFace model identifiers are recorded in the
configuration files of the released code. Shared
RAG prompt (App. F), greedy decoding, ≤ 256
tokens (512 for FRAMES, FinanceBench, Con-
vFinQA). For baseline answer-stability we draw
B = 8 paraphrased-question replicates per query
with D̂ fixed (rewrites by the same paraphraser);

the released code emits the resulting per-query in-
stability alongside η. GPT-4o-mini serves three
roles in our pipeline: as one of four generators un-
der evaluation, as the paraphraser for Tpara across
all generators, and as the LLM-judge for equiva-
lence evaluation. We note the potential for self-
preference bias in the GPT-4o-mini generator col-
umn (GPT-4o-mini has the lowest SI rate in every
column of Table 1, consistent with the direction
self-preference would predict); the open-weight
generators do not share this overlap.

Calibration and evaluation. For each configu-
ration we restrict to S , draw Dcal from the substan-
tively source-dependent subset of S (identified via
the no-retrieval label r(G(q, ∅), ŷ) = 0) and eval-
uate on the remaining queries in S, and report the
raw flagged rate on test averaged over 5 splits at
α = 0.10. To verify the substantive interpretation
we collect a 400-query no-retrieval baseline set
(stratified), held out from every Dcal/Dtest partition
used in Tables 1, 7, and 17; it serves only as an ex-
ternal label source for the substantive-calibration di-
agnostic (§6.1) and the (A1) verification (App. M).
All CIs are 95% cluster bootstrap (1,000 replicates),
resampling at the cluster level; the cluster unit is the
original question (for FinanceBench the cluster unit
is the 150 originals; for other benchmarks it is the
query). The calibration/test split on FinanceBench
is also at the original-question level, ensuring that
paraphrases of the same original appear entirely in
Dcal or entirely in Dtest. The reported flagged rates
are seed-averaged (over 5 calibration splits); ± in
Table 3 denotes SD over 5 seeds; the effective clus-
ter count behind the FinanceBench intervals is 150
(original questions), giving an independent bino-
mial half-width floor of approximately ±8 points,
which exceeds every reported FinanceBench half-
width (2.5 to 2.9); all reported FinanceBench half-
widths should be read as lower bounds on the true
sampling uncertainty. Sensitivity to M is in App. J.

Baselines and detector comparators. RCAC
against four detection baselines: RAGAS faith-
fulness (ES et al., 2024), AlignScore (Zha et al.,
2023), ClashEval accuracy-delta under document
swap (Wu et al., 2024), and SelfCheckGPT over 8
stochastic generations (Manakul et al., 2023). To
address construct overlap we add three matched-
construct baselines: mean-attention (no retrieval-
head selection), Ttopic-single-shot (one topical-
distractor pass), and GPT-4-judge necessity prompt
(directly asks whether the answer used the docu-

41485



ments; App. F). We additionally compare against
ContextCite (Cohen-Wang et al., 2024), the clos-
est prior method in spirit, with the head-to-
head in App. E. AUROC differences are tested
with paired bootstrap (10,000 replicates, original-
question level). Complementary attribution and
grounding approaches (Asai et al., 2024; Yan et al.,
2024) require training or pipeline modification and
are not directly comparable.

Compute. All experiments fit in 660 A100-
80GB GPU-hours plus OpenAI API spend. A
single new configuration completes in one to two
GPU-hours.

5 Main Results

5.1 Source-independence rates across
benchmarks

Table 1 reports the raw flagged rate at α = 0.10,
with 95% cluster-bootstrap CIs. Each configuration
is computed on the held-out test split.

The minimum across all 60 configurations is
21.4% (GPT-4o-mini, BM25, NQ-RAG), above the
measured substantive false-positive rate of 14.2%
(§6.1). Under SD-only calibration (π = 0 in Dcal),
the finite-sample bound of Corollary 1 at π0 = 0 is
0.201 at n = 200 (vs. 0.397 under mixture calibra-
tion at π0 = 0.5; see App. C); all 60 configurations
clear this bound at their own calibration-set sizes
(bounds range 17% to 27% across benchmarks).
FinanceBench is uniformly the worst, with the
across-generator ranking (Mistral-7B highest, GPT-
4o-mini lowest) robust across benchmarks and re-
trievers.

The role of retriever quality. The raw flagged
rate does not decrease with retriever quality: from
BM25 to oracle it rises by 3.5 points on average
across generators and benchmarks. A pooled re-
gression and a fixed-subpopulation decomposition
are reported in App. L; both are confounded with
benchmark identity, and better generators and bet-
ter retrievers enlarge S with opposite SI effects, so
the generator ranking likely reflects |S| composi-
tion rather than a model property (App. G).

5.2 Supporting evidence under no retrieval

A direct check removes documents entirely. Across
3 stratified seed draws of 300 + 300 flagged/not-
flagged queries (60 + 60 per benchmark; Llama-
3.1-8B, BM25), 78.0 ± 1.4% of SI-flagged
queries remain correct without documents (i.e.,

r(G(q, ∅), Y ⋆(q)) = 1), against 22.0 ± 1.2% for
queries that were not flagged: a pooled gap of
+56.0±1.8 points (per-benchmark gaps range from
+53.4 to +59.7; breakdown in App. K). Under
LLM-judge equivalence (GPT-4o-mini grading on
the same 300 + 300 stratified set with the equiva-
lence prompt of App. F), the gap is 80.6 ± 1.4%
vs. 24.6 ± 1.2%, a +56.0 ± 1.8-point gap; both
endpoints shift up by ≈ 2.6 points and the gap
is preserved to within 0.1 point, with the across-
benchmark ordering unchanged (App. K, Tbl. 14).
The 78% figure is broadly consistent with the
failure-mode taxonomy (App. I), which attributes
the large majority of examined flags to genuine
parametric sources. The 300+300 set and the 400-
query calibration-diagnostic set (§6.1, App. M) are
disjoint; the independent-label (right) block of Ta-
ble 7 is drawn from the 400-query set, while the
RAG-CF-label (left) block shares queries with the
300 + 300 set (both draw from the same test split).

5.3 Selective abstention based on RAG-CF
flags

We test whether the per-query flag can serve as a
selective-prediction signal. Details are in App. N;
Table 17 reports results on a single FinanceBench
configuration. Because the retained set is a subset
of S, 100% accuracy on it is guaranteed by con-
struction; the evaluation here is within S and does
not extend to the complete query distribution.

5.4 Detecting source-independent outputs
with RCAC

RCAC targets use rather than necessity (§3.4).
For reference, the nonconformity score η itself
achieves 87.4% AUROC against the independent
no-retrieval labels on the pooled 400-query set
(derived from the Mann-Whitney U = 4,820 re-
ported in App. M); η is not included in Table 7
because it is the test statistic rather than a stand-
alone detector, but its high AUROC confirms that
the conformal procedure separates the two strata
effectively. App. E, Tbl. 7 reports AUROC for
entailment-style and behavioral baselines, matched-
construct and attribution baselines, RCAC, and the
RCAC+RAGAS ensemble, on two label sources:
RAG-CF verdicts (construct-overlapping) and in-
dependent no-retrieval labels (apples-to-apples).
On independent labels, RCAC reaches 71% to 74%
AUROC (Llama-3.1-8B / Qwen-2.5-7B / Mistral-
7B: 74.1/72.5/71.0), versus 66.0/65.1/63.7 for
the best entailment baseline (AlignScore) and
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Generator Retriever NQ-RAG (↓) HotpotQA (↓) FRAMES (↓) FinanceBench (↓) ConvFinQA (↓)

Llama-3.1-8B
BM25 27.3 [25.1,29.5] 33.1 [30.3,35.9] 36.4 [34.0,38.8] 54.7 [52.0,57.4] 41.2 [38.2,44.2]

ColBERTv2 29.6 [27.6,31.6] 34.8 [32.2,37.4] 38.9 [36.1,41.7] 56.3 [53.7,58.9] 43.1 [40.1,46.1]

Oracle 31.4 [29.0,33.8] 36.7 [33.7,39.7] 40.2 [37.6,42.8] 57.9 [55.2,60.6] 44.7 [41.9,47.5]

Qwen-2.5-7B
BM25 24.1 [22.1,26.1] 30.5 [28.1,32.9] 33.7 [31.1,36.3] 51.2 [48.4,54.0] 38.4 [35.6,41.2]

ColBERTv2 26.5 [24.3,28.7] 32.3 [29.5,35.1] 36.0 [33.6,38.4] 53.8 [51.2,56.4] 40.0 [37.4,42.6]

Oracle 28.7 [26.9,30.5] 34.0 [31.4,36.6] 37.8 [35.0,40.6] 55.1 [52.6,57.6] 42.3 [39.3,45.3]

Mistral-7B
BM25 31.5 [28.9,34.1] 36.2 [33.2,39.2] 40.1 [37.1,43.1] 56.8 [53.9,59.7] 45.3 [42.1,48.5]

ColBERTv2 33.1 [30.7,35.5] 37.6 [34.8,40.4] 41.8 [39.0,44.6] 58.4 [55.7,61.1] 47.0 [44.0,50.0]

Oracle 34.8 [32.0,37.6] 39.1 [36.1,42.1] 43.5 [40.9,46.1] 60.1 [57.4,62.8] 48.9 [45.7,52.1]

GPT-4o-mini
BM25 21.4 [19.8,23.0] 26.8 [24.6,29.0] 30.5 [28.1,32.9] 47.9 [45.4,50.4] 35.6 [33.0,38.2]

ColBERTv2 23.0 [21.2,24.8] 28.4 [26.0,30.8] 32.1 [29.9,34.3] 49.6 [47.0,52.2] 37.2 [34.6,39.8]

Oracle 24.5 [22.5,26.5] 29.8 [27.2,32.4] 33.6 [31.2,36.0] 51.2 [48.6,53.8] 38.6 [35.8,41.4]

Underlying RAG accuracy (%):
Llama-3.1-8B (BM25/CB/Or) 66/70/74 58/61/65 52/55/59 42/47/51 48/52/56
Qwen-2.5-7B (BM25/CB/Or) 63/67/71 55/58/62 50/53/57 40/45/49 46/49/53
Mistral-7B (BM25/CB/Or) 58/61/65 50/53/57 46/49/53 35/40/44 42/45/49
GPT-4o-mini (BM25/CB/Or) 74/77/79 66/69/72 62/65/68 52/56/60 58/61/64

Table 1: Raw flagged rate (%, lower is better for a grounding audit) at α = 0.10, with 95% cluster-bootstrap
CIs. Bold marks the lowest value per column. Mean raw across 60 configurations: 38.9% (95% CI [37.2, 40.6]);
FPR-adjusted via (raw − α)/(1 − α) at α = 0.10; mean 32.1%. Per-benchmark FPR-adjusted means: NQ-
RAG 20.0%, HotpotQA 25.9%, FRAMES 30.1%, ConvFinQA 35.4%, FinanceBench 49.4%. Family-wise 95%
Bonferroni-corrected CIs (multiplier ≈ 1.70 for m = 60) are ≈ 1.7× wider per configuration. FinanceBench CIs
are computed over 150 original-question clusters and may be narrower than warranted at this effective sample size.
The bottom mini-block reports underlying RAG accuracy (%) before restricting to S.

72.9/71.4/70.2 for the matched-construct Ttopic-
single-shot baseline; the gap over the best entail-
ment baseline (AlignScore) is 7.3 to 8.1 points and
the gap over the matched-construct baseline is 0.8
to 1.2 points. The RCAC+RAGAS logistic en-
semble reaches 75.8/74.0/72.4. Paired-bootstrap
p-values for RCAC vs. matched-construct are
0.038, 0.044, 0.051 (Fisher-combined p = 0.005).

A detailed ContextCite head-to-head is in
App. E; the two methods are complementary
(RCAC leads by 2.0 to 2.4 AUROC points; the
ensemble exceeds both).

6 Ablations and Analysis

6.1 Calibration diagnostic

Technical calibration (operator-derived label).
On a held-out set identified as source-dependent
via gold-document removal (test-split queries with
sTrm(q) = 1), achieved FPR at α = 0.10 is
21.8% for naive permutation, 17.1% for BH cor-
rection, 14.2% for bootstrap, and 10.3% for split-
conformal. Note that this label is derived from
Trm ∈ T and is therefore not independent of η;
the substantive calibration below uses the indepen-
dent no-retrieval label. The pattern holds across
α ∈ [0.01, 0.20]: split-conformal tracks the diag-
onal while naive permutation systematically over-

rejects (Fig. 6, App. M).

Substantive calibration (independent label).
Using the no-retrieval label from §5.2: (i) As-
sumption (A1) holds: Fdep dominates Find un-
der a one-sided Mann-Whitney U test (pooled U
with one-sided p < 10−15; per-configuration veri-
fication across all 20 (generator, benchmark) con-
figurations, all individually significant at the one-
sided 0.01 level; Table 15). (ii) The substantive
FPR of RAG-CF at α = 0.10 is 14.2% on the
pooled 400-query label set, above the operative
nominal target of α = 0.10 under our SD-only
calibration; App. O reports a substantially higher
FPR (46.2%) on a contamination-controlled post-
cutoff corpus of news articles and scientific ab-
stracts, so the instrument’s FPR is domain- and
corpus-dependent. (iii) Naive permutation over-
rejects on the substantive null too (27.8%), indicat-
ing that the conformal step reduces over-rejection
on both nulls, though the substantive FPR still ex-
ceeds the nominal α = 0.10. Under the measured
FPR of 0.142, the Rogan–Gladen-adjusted mean
across 60 configurations is 28.8% (vs. 32.1% at
the nominal level); we report the nominal form
in Table 1, noting that the adjustment assumes
unit sensitivity (the pooled measured sensitivity
from Table 14 is ≈ 0.69; a Rogan–Gladen cor-
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rection using both measured FPR = 0.142 and
measured sensitivity = 0.69 yields a grid mean of
≈ 45%, higher than the nominal 32.1%); we re-
tain the nominal form in Table 1 for comparability
with prior FPR-unadjusted RAG evaluations. On
FinanceBench specifically, applying the post-cutoff
FPR of 46.2% (App. O) via Rogan–Gladen yields
(0.547 − 0.462)/(1 − 0.462) ≈ 15.8%; however,
the post-cutoff corpus differs from FinanceBench
in domain composition, so this cross-corpus trans-
fer should be interpreted cautiously. Further failure-
mode analysis, operator and scaling ablations are
in App. I, G, and B.

Exchangeability qualification. The measured
substantive FPR (14.2% pooled on the five main
benchmarks) exceeds the Proposition 1 bound
(α + 1/(n + 1), ranging from 10.2% to 11.3%
across benchmarks), indicating residual (A0) viola-
tions within the main evaluation domain. The post-
cutoff corpus (46.2%) uses FinanceBench-derived
calibration scores rather than in-corpus calibration,
so its elevated rate reflects cross-corpus transfer
rather than a within-corpus (A0) failure; neverthe-
less, the magnitude confirms that domain-specific
re-calibration is essential. Under (A1), verified in
all 20 configurations, a tighter bound Fdep(tα) ≤ α
follows directly.

7 Discussion and Conclusion

RAG-CF is a per-query, training-free, black-box
necessity audit with finite-sample Type-I control
on answer-stability outliers. Across 60 configura-
tions the FPR-adjusted flagged rate ranges from
13% to 56%, confirmed by a held-out no-retrieval
label set (78% of flagged answers remain correct
without documents, against 22% for unflagged).
Source-independence does not decrease with re-
triever quality, pointing to generator parametric
knowledge rather than retrieval failure. Accuracy
alone conflates grounded and parametric success;
we suggest reporting the flagged rate alongside ac-
curacy, with a domain-specific FPR calibration, on
future RAG benchmarks (see §6.1 for measured
deviations from nominal assumptions).

Limitations

Operator-combination validation. The four-
operator combination outperforms the best single
operator by 5.8 points on FinanceBench (Table 9),
but a higher flag rate is equally consistent with
more false positives. Tpara and Tshuf preserve the

answer-bearing content and produce s ≈ 0 in both
strata; their marginal contribution to detection ac-
curacy beyond Ttopic and Trm was not isolated on
the independent label set.

Paraphrase noise. Tpara uses an LLM para-
phraser; manual auditing of 100 queries finds 4%
drop a numerical detail. This inflates η(q) slightly
and is absorbed by the conformal calibration, but
paraphrase-only rates in App. G are upper bounds.

Benchmark dependence of the distractor pool.
Ttopic retrieves distractors from the same corpus;
narrow corpora yield smaller distractor pools. On
FinanceBench the 4× paraphrase expansion gives
a ≈ 17% probability that the sampled q′ is a para-
phrase of q itself, which can cause the distractor to
retrieve near-gold documents filtered only by the
substring test, contributing to the elevated instru-
ment FPR.

Pretraining contamination and instrument
FPR on FinanceBench. The failure-mode tax-
onomy attributes 47% of FinanceBench flags to
public-company knowledge leak (≈ 25.7 raw
points; App. I), while the post-cutoff corpus mea-
sures a 46.2% instrument FPR on contamination-
controlled post-cutoff content (news articles and
scientific abstracts) (§6.1, App. O); the two esti-
mates are not directly comparable and should not
be read as bounding the same quantity. The cross-
corpus Rogan–Gladen transfer yields ≈ 15.8%
(§6.1); the no-retrieval labels of Table 14 imply
≈ 52%, reflecting different estimation methods on
different populations. The post-cutoff corpus certi-
fies non-contamination against Llama-3.1’s Decem-
ber 2023 cutoff; GPT-4o-mini’s training data and
cutoff are not publicly documented, so the same
corpus does not certify it. Our FinanceBench ac-
curacy also exceeds the original paper’s (§4), so
S on this benchmark is enriched for parametri-
cally answerable questions, which mechanically el-
evates the source-independence rate. The other four
benchmarks yield FPR-adjusted means of 20.0%
to 35.4% (Table 1).

Audit, not fix. RAG-CF measures necessity;
it does not repair it. §5.3 provides a prelimi-
nary selective-abstention demonstration. Whether
source-independent answers are undesirable de-
pends on the application (auditable financial QA vs.
knowledge-robust QA); the probe is a measurement
instrument.
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Ethical Considerations

An auditing tool that quantifies how much RAG
accuracy is parametric can be misread as a license
to maximize correct-looking outputs regardless of
source grounding. We argue the opposite: the
probe makes latent ungroundedness visible so that
high-stakes RAG deployments can be designed
with explicit grounding requirements. A specific
risk is “compliance theater”: running the probe
and treating the number as a green light without
addressing the underlying source-independence.
NQ, HotpotQA, FRAMES, and ConvFinQA are
released under open licenses for research use; Fi-
nanceBench under an academic-research license.
Wikipedia (NQ-RAG, HotpotQA underlying cor-
pus) is licensed CC BY-SA. All experiments re-
spect intended use. We use Llama-3.1 under the
Llama 3.1 Community License, Qwen-2.5 and Mis-
tral under the Apache-2.0 license, and GPT-4o-mini
via the official API in accordance with OpenAI’s
terms. No proprietary or user-generated data was
used. The full pipeline consumed approximately
660 A100-80GB hours.

Reproducibility

The released code is available at https://github.
com/vega0x/rag-cf.
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A Differentiation from prior work

Table 2 situates RAG-CF alongside the closest
prior work on RAG faithfulness measurement and
improvement. Rather than claiming superiority
along every axis, we list each method’s primary
strength in the final row; the comparison is mean-
ingful precisely because each method targets a dif-
ferent audit question.

B Scaling to Llama-3.1-70B

We replicated the FinanceBench column of Table 1
for Llama-3.1-70B-Instruct. Scaling from 8B to
70B reduces SI by 3.3 percentage points across
all three retrievers, well within the gap between
Qwen-2.5-7B and Mistral-7B in the main table.

C Proofs of Propositions 1 and 2

Notation. Table 4 summarizes the symbols used
in the proofs.

Proof of Proposition 1. Let η1, . . . , ηn denote
the calibration scores and let η⋆ = η(q⋆). By (A0)
and conditioning on S , the variables η1, . . . , ηn, η⋆

are exchangeable. Define

pconf(q
⋆) =

|{i : ηi ≥ η⋆}|+ 1

n+ 1
.

We adopt the standard plus-one inflated form (Vovk
et al., 2005, Ch. 2). Under the null that η⋆ has the
same distribution as η1, . . . , ηn, exchangeability
implies that the rank of η⋆ in the augmented sample

is uniform on {1, . . . , n + 1}, where ties (which
occur because η is finite-resolution: |T |M + 1 =
41 possible values) are broken at random.1 The
event pconf(q

⋆) > 1−α is equivalent to η⋆ ranking
among the bottom ⌈α(n + 1)⌉ positions, which
has probability at most ⌈α(n+ 1)⌉/(n+ 1). This
equals α when α(n+1) ∈ N and is bounded above
by α+ 1/(n+ 1) otherwise. 2

Proof of Proposition 2. We work in the limit
n → ∞. By (A3) and the Glivenko–Cantelli the-
orem, the empirical distribution of η1, . . . , ηn con-
verges uniformly to F = (1− π)Fdep + πFind.

Fix the flagging threshold at conformal level α.
By (A3), F is continuous, so tα = F−1(α) =
inf{t : F (t) ≥ α} is well-defined and F (tα) = α.
The conformal flag asymptotically corresponds to
flagging queries with η ≤ tα. The probability that
a substantively source-dependent q⋆ (drawn from
Fdep) is flagged is

Pr
Fdep

[
η(q⋆) ≤ tα

]
= Fdep(tα).

Using the mixture: α = F (tα) = (1 −
π)Fdep(tα) + πFind(tα) ≥ (1 − π)Fdep(tα),
so Fdep(tα) ≤ α/(1 − π). Applying (A2):
Fdep(tα) ≤ α/(1− π0). 2

Corollary 1 (Finite-sample form of Proposition 2).
Under the assumptions of Proposition 2, for any
finite n ≥ 1 and any δ ∈ (0, 1), with probability at
least 1− δ over the calibration sample,

Pr
Fdep

[
pconf(q

⋆) > 1− α
]

≤ α

1− π0
+

1

n+ 1

+
1

1− π0

√
ln(2/δ)

2n
,

(7)

where the 1/(n+ 1) term is the Proposition 1 cor-
rection and the

√
ln(2/δ)/(2n) factor (scaled by

1/(1− π0) through the mixture decomposition) is
the DKW deviation (Massart, 1990) controlling the
displacement of t̂α from its population value.

Proof sketch of Corollary 1. Let F̂n be the em-
pirical CDF on η1, . . . , ηn. The DKW inequality

1Random tie-breaking preserves exchangeability since
adding i.i.d. uniform perturbations to all ηi and η⋆ yields
an exchangeable sequence with the same rank distribution; the
finite-resolution issue is therefore handled by the random-tie-
breaking convention adopted throughout. This is the standard
treatment in Vovk et al. (2005, Ch. 2) for discrete-valued
nonconformity scores.
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DeCoRe RAGAS ClashEval AlignRAG K-R1 RAG-CF
(2025) (2024) (2024) (2025) (2026) (ours)

Training-free ✓ ✓ ✓ × × ✓
Black-box (no weights) × ✓ ✓ ✓ × ✓
Per-query verdict ✓ ✓ × ✓ ✓ ✓
Type-I-controlled × × × × × ✓
Tests necessity directly partial × partial × × ✓
Includes financial benchmarks × partial × × × ✓
Primary strength of each method:
DeCoRe: decoding-time hallucination mitigation via retrieval-head steering. RAGAS: lightweight LLM-judge faith-
fulness score. ClashEval: corpus-level robustness benchmark. AlignRAG: test-time critique and optimization.
Knowledgeable-R1: RL approach to context conflict. RAG-CF (ours): per-query, finite-sample Type-I-controlled audit
of necessity under counterfactual document swaps.

Table 2: Differentiation. Checkmarks indicate axis coverage, not a quality judgment; the final row gives each
method’s primary strength. “partial” on tests necessity directly means the method probes a related but non-identical
property (corpus-level ∆-accuracy under perturbation, rather than per-query equivalence). The “Type-I-controlled”
checkmark for RAG-CF refers to Proposition 1’s guarantee on the calibration domain; see §6.1 for domain-
dependent FPR. K-R1 = Knowledgeable-R1.

Retriever Llama-3.1-8B Llama-3.1-70B

BM25 54.7± 1.8 51.4± 1.6
ColBERTv2 56.3± 1.6 53.0± 1.5
Oracle 57.9± 1.7 54.6± 1.4

Table 3: FinanceBench SI% for Llama-3.1-8B vs.
Llama-3.1-70B.

with Massart’s tight constant (Massart, 1990) gives
Pr[supt |F̂n(t) − F (t)| > ϵ] ≤ 2e−2nϵ2 . Set ϵ =√
ln(2/δ)/(2n) so that the event {supt |F̂n(t) −

F (t)| ≤ ϵ} holds with probability at least 1 − δ.
On this event, the empirical α-quantile t̂α satis-
fies F (t̂α) ∈ [α − ϵ, α + ϵ]. Substituting t̂α for
tα in the Proposition 2 argument gives Fdep(t̂α) ≤
F (t̂α)/(1−π) ≤ (α+ϵ)/(1−π0) = α/(1−π0)+
ϵ/(1 − π0). Adding the Proposition 1 correction
1/(n+ 1) yields the stated bound. 2

Remarks.
1. The bound in Prop. 2 does not use (A1); it

holds for any mixture with π ≤ π0. Under
(A1), a tighter result follows directly: α =
F (tα) = (1 − π)Fdep(tα) + πFind(tα) ≥
(1 − π)Fdep(tα) + πFdep(tα) = Fdep(tα), so
Fdep(tα) ≤ α without the π0 denominator.
Proposition 2 is therefore the assumption-light
fallback for settings where (A1) has not been
verified. We test (A1) empirically in all 20 con-
figurations in Section 6.1.

2. Cor. 1 (Eq. (7)) matters at our configuration
sample sizes (ncal ranges from ∼ 76 on Fi-
nanceBench to ∼ 400 on NQ-RAG): at n =
200, δ = 0.05, the DKW term is

√
ln 40/400 ≈

Symbol Meaning

q, D̂, ŷ query, retrieved documents, generator output
Y ⋆(q) gold answer set for q
r(·, ·) exact-match (or LLM-judge) equivalence
S apparently-faithful subset (Eq. 1)
T , T operator set; a single operator
sT,m(q) per-replicate answer-shift score
η(q) query-level nonconformity (Eq. 2)
Fdep, Find CDFs of η on the two strata
F mixture: (1− π)Fdep + πFind

π SI proportion in S
π0 known upper bound on π
π̂ design prevalence of the labeled set
α nominal Type-I level
tα α-quantile of F
pconf(q

⋆) conformal P -value (Eq. 3)
adoc
ℓ,h(q) attention fraction on document tokens

H⋆ set of retrieval heads
RCAC(q) retrieval-conditioned attention concentration

Table 4: Notation.

0.096 and ϵ/(1 − π0) = 0.192 at π0 = 0.5,
so the finite-sample bound is 0.20 + 0.005 +
0.192 = 0.397 at α = 0.10, vs. the asymp-
totic 0.20. Under the paper’s SD-only cali-
bration (π0 = 0), the corresponding bound is
0.10 + 0.005 + 0.096 = 0.201. At ncal = 76
(FinanceBench, the smallest calibration set) the
DKW term grows to 0.156, giving a finite-
sample bound of 0.269.

3. The bound is tight when Find(tα) = 0,
i.e., when source-independent queries have η-
distribution strictly above tα. Note that un-
der (A1), Find(tα) ≥ Fdep(tα) > 0 for non-
degenerate configurations, so the bound is al-
ways loose in practice; α/(1 − π0) overstates
the guarantee by an unquantified margin.
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4. Conditioning on S is essential to both proposi-
tions: the unconditional η distribution is right-
skewed, and conditioning preserves exchange-
ability between calibration and test queries.

D Identifying retrieval heads

We identify H⋆ following Wu et al. (2025).
For each generator, a 200-example needle-in-a-
haystack probe records (layer, head) pairs whose
attention concentrates on the needle position; we
select the top 8% of heads (Tbl. 5). Attention ma-
trices are read from a HuggingFace eager-attention
forward pass at bfloat16.

Generator Total heads |H⋆| Median layer

Llama-3.1-8B 1024 82 18
Qwen-2.5-7B 784 63 16
Mistral-7B 1024 82 17

Table 5: Retrieval-head identification.

D.1 Retrieval-head fraction sweep

Table 6 reports RCAC AUROC as a function of
the retrieval-head fraction; AUROC plateaus in the
5 to 10% range. We select 8% as the operating
point because it lies within the plateau and slightly
below the peak at 10%, balancing AUROC against
computational cost (fewer heads to extract); the
10% fraction is uniformly 0.1 to 0.2 points higher.
The 8% operating point was selected on the same
independent-label set used to report the headline
AUROC in Table 7; the AUROC range across the
plateau (72.5–74.3 for Llama-3.1-8B) is compara-
ble to the 0.8–1.2-point margin over the matched-
construct baseline.

Generator 3% 5% 8% 10% 15%

Llama-3.1-8B 70.2 72.5 74.1 74.3 72.8
Qwen-2.5-7B 68.7 70.9 72.5 72.6 71.0
Mistral-7B 67.4 69.6 71.0 71.2 69.7

Table 6: RCAC AUROC (%) under independent labels,
as a function of the retrieval-head fraction (same label
set as Table 7, right block). Bold marks the selected
operating point.

D.2 RCAC distribution on FinanceBench

Figure 2 overlays the RCAC density on source-
independent and source-dependent FinanceBench
queries, with a Youden-J cutoff at τrcac = 0.32.
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Figure 2: RCAC density on Llama-3.1-8B / Fi-
nanceBench (labels from RAG-CF verdicts). Dashed
line: Youden-J cutoff τrcac = 0.32. AUROC: 81.7%
(Table 7, left); 74.1% under independent labels (right).

E ContextCite head-to-head comparison

Table 7 reports the full AUROC grid for detectors
of source-independence under both RAG-CF ver-
dicts (construct-overlapping) and the independent
no-retrieval labels from §5.2 (apples-to-apples).
ContextCite (Cohen-Wang et al., 2024) produces
a continuous per-token attribution map; we bina-
rize it for detection by thresholding the median
attribution mass on the gold-supporting sentence
(the standard reduction). This is the source table
referenced from §5.4; we host it here alongside
the head-to-head visualization (Fig. 3) so that all
detector-comparison evidence sits in one appendix.

Figure 3 visualizes the RCAC vs. ContextCite
head-to-head on the three open-weight gener-
ators under independent labels: RCAC leads
ContextCite-binarized by 2.0 to 2.4 points and the
RCAC+ContextCite logistic ensemble exceeds ei-
ther single detector by 2.2 to 2.4 points.

F Prompts and hyperparameters

Dataset sizes and sampling. NQ-RAG: 2,000
examples (seed 0). HotpotQA: 2,000 dev-distractor
(seed 0). FRAMES: all 824. FinanceBench: all 150
expert questions, paraphrased 4× by GPT-4o-mini
at T=0.5 for 600 prompts. ConvFinQA: 1,274 of
1,490 dev-set questions converted to single-turn
QA; 216 dropped for missing answer spans in the
source chunks. Our FinanceBench accuracy (35–
60%) exceeds the original paper’s 19% for GPT-4-
Turbo basic RAG (Islam et al., 2023), likely due
to the 4× paraphrase expansion, chunking, and
normalized exact-match scoring.
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RAG-CF label Independent label

Detector Llama Qwen Mistral GPT-4o Llama Qwen Mistral GPT-4o

Random 50.0 50.0 50.0 50.0 50.0 50.0 50.0 50.0
RAGAS faithfulness 64.2 63.7 62.9 65.1 60.4 59.8 59.1 61.3
GPT-4-judge (necessity prompt) 66.8 65.4 63.7 67.5 64.1 62.9 61.6 64.8
AlignScore (NLI) 67.5 66.8 65.3 68.0 66.0 65.1 63.7 66.4
ClashEval ∆-acc. 72.6 71.4 70.1 − 68.9 67.7 66.5 −
SelfCheckGPT (k=8) 70.8 69.5 68.6 71.2 66.4 65.2 64.4 67.0

Matched-construct baselines:
Mean-attention (all heads) 74.9 73.0 71.4 − 70.7 68.9 67.9 −
Ttopic single-shot 77.1 75.2 73.8 76.4 72.9 71.4 70.2 71.5
ContextCite ablation 76.0 74.1 72.6 − 71.8 70.1 69.0 −
RCAC (ours) 81.7 79.4 78.2 − 74.1 72.5 71.0 −
RCAC + RAGAS (logistic) 83.6 81.3 80.0 − 75.8 74.0 72.4 −

Table 7: AUROC (%) of detectors predicting source-independence. Left block: RAG-CF verdicts (construct-
overlapping). Right block: independent no-retrieval labels. Bold marks the best single detector (excluding
ensembles). Dashes: not run for that generator. Llama = Llama-3.1-8B, Qwen = Qwen-2.5-7B, Mistral = Mistral-7B,
GPT-4o = GPT-4o-mini.

69 70 71 72 73 74 75 76 77

Mistral-7B

Qwen-2.5-7B

Llama-3.1-8B
71.8

72.9
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RCAC (ours) RCAC + CC

Figure 3: Detector AUROC (%) on independent no-
retrieval labels across three open-weight generators. The
ordering ContextCite < Ttopic < RCAC < ensemble
holds for every generator. RCAC exceeds ContextCite-
binarized by 2.0–2.4 points; the ensemble exceeds both
single detectors by 2.2–2.4 points.

RAG prompt template.
You are a careful assistant. Use ONLY
the following documents to answer the
question. If the documents do not
contain the answer, say “I do not know.”

Documents:
{retrieved_documents}

Question: {question}
Answer:

Paraphrase prompt.
Rewrite the following passage in
different words, preserving every fact,
named entity, number, and date exactly.
Do not add or remove information.

Passage: {document}
Rewrite:

GPT-4-judge necessity prompt.

Below is a question, a set of documents
the assistant was given, and the
assistant’s answer. Decide whether the
documents were necessary for the answer.
Answer NECESSARY if you believe a
competent reader could not have produced
the answer without the documents, and
NOT_NECESSARY otherwise. Provide a
confidence score in [0, 1].

Documents: {retrieved_documents}

Question: {question}

Assistant’s answer: {answer}

Verdict and confidence:

LLM-judge equivalence prompt.

You are given a question, a reference
answer, and a candidate answer. Decide
whether the candidate answer is
equivalent to the reference answer for
the purpose of answering the question.
Answer EQUIVALENT or NOT_EQUIVALENT.

Question: {question}

Reference answer: {reference}

Candidate answer: {candidate}

Verdict:

No-retrieval prompt (G(q, ∅)).
Answer the following question based on
your knowledge. If you do not know the
answer, say “I do not know.”

Question: {question}
Answer:

Question-paraphrase prompt (FinanceBench ex-
pansion and answer-stability baseline).

Rewrite the following question in
different words, preserving its exact
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meaning, every named entity, number,
and date. Output only the rewritten
question.

Question: {question}
Rewrite:

Answer extraction and scoring. A generator re-
sponse of “I do not know” (or close variants de-
tected by substring matching) is scored as incor-
rect for r(ŷ, Y ⋆) and hence excluded from S. For
sT,m(q) = 1−r(ỹT,m, ŷ), a refusal under perturba-
tion counts as a change (s = 1). Normalized exact
match lowercases, strips punctuation and articles,
and accepts a response that contains the normal-
ized gold string, so truncated outputs are scored
against the full gold answer; when two genera-
tor outputs are compared, containment in either
direction counts as a match. For FinanceBench
and ConvFinQA, numerical answers are compared
after resolving currency symbols, thousands sep-
arators, and unit words (e.g., billion, million, %)
to a numeric value, with a 1% relative tolerance;
integer values in 1900–2100 are treated as years
and ignored when any other number is present.

Topical-distractor selection. For each query q
we (i) cluster all benchmark queries into 32 topi-
cal groups via k-means on Sentence-BERT embed-
dings (all-MiniLM-L6-v2), (ii) sample a different
query q′ from the same cluster, (iii) retrieve BM25
top-20 documents for q′, (iv) filter out any docu-
ment containing the gold answer string of q (case-
insensitive substring test, also applied with cur-
rency symbols and thousands separators stripped),
(v) keep the top-5 remaining documents; if the filter
empties the list, a different q′ is drawn (up to ten
times, after which the replicate’s context is empty),
and a query alone in its cluster draws q′ from the
full query set.

F.1 Perturbation operator examples

We illustrate each operator on a single Fi-
nanceBench query: “What was Microsoft’s free
cash flow for fiscal year 2022?”

Original document (BM25 top-1).

“. . . For fiscal year 2022, Microsoft reported free
cash flow of $65.1 billion, an increase of 16%
compared to fiscal year 2021. . . ”

Tpara (Paraphrase).

“. . . In its 2022 fiscal year, Microsoft’s free cash
flow reached $65.1 billion, representing a 16%
year-over-year rise from fiscal 2021. . . ”

Answer: $65.1B (unchanged). The factual content
is preserved; only the surface form differs. s ≈ 0
for both source-dependent and source-independent
queries.

Ttopic (Topical distractor).

“. . . Microsoft’s fiscal 2022 cloud strategy empha-
sized hyperscale Azure deployments across 60+
regions, with capital expenditure focused on data-
center expansion. . . ”

Answer (source-dependent): “I do not know”
or a wrong figure (s ≈ 1). Answer (source-
independent): $65.1B (s ≈ 0), produced from
parametric memory.

Tshuf (Adversarial shuffle). Document sentences
are permuted randomly; the $65.1B fact remains
but may appear in a non-canonical position. An-
swer: Typically $65.1B for both strata (s ≈ 0),
testing surface-form sensitivity rather than content
necessity.

Trm (Oracle removal). The gold document is re-
placed by the next-rank retrieved document (ranks
6 to 20) that does not contain “65.1”; if none ex-
ists, it is dropped. Answer (source-dependent):
changes (s ≈ 1). Answer (source-independent):
$65.1B (s ≈ 0).

Retrieval corpora. Each corpus consists of the
benchmark’s own passages, split into 100-word
chunks (150 for ConvFinQA): the Wikipedia page
of each question (NQ-RAG), the ten paragraphs
of each distractor-setting example (HotpotQA),
the linked Wikipedia pages (FRAMES), the an-
notated evidence passages (FinanceBench), and
the source report page (ConvFinQA). The gold
document is the first chunk containing the answer
string (HotpotQA: the two supporting paragraphs;
FinanceBench: the first chunk of the annotated evi-
dence; ConvFinQA: located by answer substring,
then by the evidence annotations, then by program
operands).

Calibration partition. For each (generator, re-
triever, benchmark) configuration we restrict to S,
identify the substantively source-dependent subset
via r(G(q, ∅), ŷ) = 0, draw Dcal from this subset,
and evaluate on the remaining queries in S. We
report the raw flagged rate averaged over 5 sealed-
seed splits. The no-retrieval label is independent of
η (see §3.3).

Hyperparameter table.
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Hyperparameter Value

Generation temperature 0 (greedy, argmax)
Max generation tokens 256 / 512
Retriever top-k 5
Paraphraser GPT-4o-mini, T=0.5
Distractor pool size 20
BM25 (k1, b) 0.9, 0.4
Query-clustering embeddings all-MiniLM-L6-v2
Topical clusters (k-means) 32
Numeric tolerance (financial QA) 1% relative
M (perturbation replicates) 10
B (baseline-stability replicates) 8
α (target Type-I) 0.10
Calibration split fraction 0.5
Random seeds {0, 1, 2, 3, 4}
Retrieval-head probe set 200 examples
|H⋆| as fraction of all heads 8%
No-retrieval label set size 400 queries (stratified)
Bootstrap replicates (CI) 1,000 (cluster)

Table 8: Hyperparameters used throughout the paper.

GPT-4o-mini API determinism. We pin the
seed parameter per (query, replicate) and log
system_fingerprint; mismatches trigger re-runs.
After one round of re-runs, ∼ 3% of GPT-4o-mini
queries retain a fingerprint mismatch; on those we
accept majority-vote across M replicates. A sen-
sitivity check on 200 pinned-vs-unpinned queries
finds per-query η differs by at most 0.005 on aver-
age.

Paraphraser-temperature sensitivity. On Fi-
nanceBench / Llama-3.1-8B / BM25: T = 0
gives SI% = 54.4; T = 0.5 (default) gives 54.7;
T = 1.0 gives 55.1. Total spread 0.7 points, well
within the cluster-bootstrap CI half-width of 2.7
(Table 1).

G Full perturbation grid and (A0)
stationarity check

Table 9 reports the per-operator SI% grid: 4 per-
turbations × 5 benchmarks × 4 generators = 80
configurations, BM25 retrieval.

Operator weighting sensitivity. On
FinanceBench/Llama-3.1-8B/BM25: equal-
weight 54.7, inverse-variance 55.4, max-pool
56.6, where s̄T (q) denotes the replicate mean of
sT,m(q), inverse-variance weights are proportional
to 1/Varq∈S s̄T (q) and sum to one, and max-
pool uses maxT s̄T (q). Within 2 points; equal
weighting is the default.

Cross-generator intersection. Table 10 reports
SI% on the cross-generator intersection Sgen

∩ . The
generator ranking is preserved; absolute rates are

higher than in Table 1, which is consistent with the
interpretation that queries answered correctly by all
four generators tend to be “easy” (i.e., answerable
from parametric knowledge) rather than with the
retriever-selection mechanism described in §5.1.

Operator-distribution stationarity ((A0)). (A0)
requires that the per-operator η distribution is
stationary across queries within each population.
Table 11 reports per-operator η̄ on the source-
dependent (Dcal) and test (Dtest) splits on two con-
figurations as a descriptive comparison. The small
cal/test gaps (max 0.014) indicate that the opera-
tor distributions are stable across these partitions;
note that the two populations differ in composition
by design (§3.3), so this comparison is descriptive
rather than a direct test of (A0).

H Equivalence-relation sensitivity

Table 12 reports the sensitivity of the flagged rate
to the choice of answer-equivalence relation r
used to define S. Across normalized exact-match,
F1≥ 0.5, and LLM-judge equivalence, the relative
ordering of benchmarks is preserved.

I Qualitative failure modes

A manual two-annotator analysis of 200 Fi-
nanceBench source-independent flags (Llama-3.1-
8B + BM25; each flag independently assigned
to one of the four categories below, Cohen’s
κ = 0.81, disagreements adjudicated): Public-
company knowledge leak (47%), e.g., “What was
Apple’s revenue in FY2022?” produces $394 bil-
lion under any document. Round-number prior
(22%), e.g., 21% corporate tax rate. Question-
only sufficiency (19%), e.g., revenue × margin
questions. Distractor leakage (12%), e.g., “ap-
proximately sixty-five billion” in a distractor passes
the substring filter. The first three categories align
with known parametric-memory prevalence pat-
terns (Mallen et al., 2023), with corroborating
entity-frequency effects on factual precision re-
ported by Min et al. (2023), providing additional
empirical support for assumption (A1) on this
benchmark. No examined flag was attributable to
an answer-equivalence (r) scoring error, so within
this sample the headline rates are robust to r-false-
positives in S .

Operator and scaling ablations. Ablating oper-
ators on FinanceBench/Llama-3.1-8B/BM25: topi-
cal distractor alone yields a 48.9% flag rate, oracle
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Generator Operator NQ-RAG HotpotQA FRAMES FinanceBench ConvFinQA

Llama-3.1-8B

Paraphrase only 5.8 8.3 11.2 12.4 9.6
Shuffle only 9.4 13.1 15.7 18.7 14.8
Oracle-removal only 20.1 25.4 28.6 41.3 30.9
Topical-distractor only 23.7 29.5 33.0 48.9 36.4

Qwen-2.5-7B

Paraphrase only 5.2 7.6 10.4 11.1 8.9
Shuffle only 8.6 12.0 14.3 17.5 13.5
Oracle-removal only 17.8 23.0 26.5 38.7 28.6
Topical-distractor only 20.9 27.0 30.4 45.6 33.8

Mistral-7B

Paraphrase only 7.0 9.8 12.4 13.6 10.8
Shuffle only 11.1 14.6 17.2 20.4 16.2
Oracle-removal only 22.5 27.6 30.8 43.5 33.4
Topical-distractor only 27.2 32.6 36.5 51.2 39.9

GPT-4o-mini

Paraphrase only 4.4 6.7 9.0 10.2 7.8
Shuffle only 7.3 10.8 13.0 15.9 12.0
Oracle-removal only 15.8 20.6 24.0 36.2 26.3
Topical-distractor only 18.4 23.9 27.5 42.6 31.5

Table 9: Per-operator SI% on all (generator, benchmark) configurations with BM25 retrieval.

Gen (BM25) NQ HotpotQA FRAMES FinBench ConvFin

GPT-4o-mini 26.3 32.0 35.4 52.7 40.0
Qwen-2.5-7B 28.9 34.7 38.5 55.8 42.6
Llama-3.1-8B 31.2 37.1 40.8 58.4 44.9
Mistral-7B 34.0 39.8 43.6 60.1 47.7

Table 10: SI% on the cross-generator intersection Sgen
∩ .

removal 41.3%, shuffle 18.7%, paraphrase 12.4%
(Tbl. 9); the full four-operator probe flags at 54.7%,
5.8 points above the best single operator. Note that
a higher flag rate is not itself evidence of better de-
tection; it is equally consistent with more false pos-
itives. Tpara and Tshuf preserve the answer-bearing
content and produce s ≈ 0 in both strata; Ttopic and
Trm dominate the aggregate. On Llama-3.1-70B
(Tbl. 3), within-family scaling reduces SI by ∼ 3
points; more than half of correct FinanceBench
answers remain source-independent at 70B, con-
sistent with broader evidence that models exhibit
persistent limitations in utilizing retrieved context,
including position-dependent biases in long inputs
(Liu et al., 2024), and that hallucinations in RAG re-
main present across tested models despite varying
in rate (Niu et al., 2024).

J Sensitivity to the number of
perturbation replicates M

Table 13 reports SI% on the FinanceBench/Llama-
3.1-8B/BM25 configuration as M varies; the point
estimate stabilizes by M = 5, and we use M = 10
throughout.

K No-retrieval baseline: per-benchmark
breakdown

L Fixed-subpopulation analysis of the
retriever-quality effect

Figure 4 plots the raw flagged rate against retriever
nDCG@5 across all 60 configurations.
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60 Retriever
• BM25
▲ ColBERTv2
■ Oracle

Retriever nDCG@5

SI
%

(↓
)

NQ-RAG HotpotQA FRAMES

ConvFinQA FinanceBench Pooled OLS

Figure 4: Raw flagged rate vs. retriever nDCG@5 across
all 60 configurations. Colour: benchmark; marker: re-
triever; thin segments join the three retrievers per genera-
tor. Dashed line: pooled OLS (slope +16.2, ρ = +0.48,
p < 0.001).

To distinguish selection from causal grounding,
we restrict to S∩ (queries answered correctly un-
der all three retrievers). Figure 5 overlays the two
slopes.

The slope on S∩ is +9.7 per unit nDCG@5
(Spearman ρ = +0.33, p < 0.01), compared to
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FinBench / Llama-3.1-8B / BM25 FRAMES / Mistral-7B / BM25

Operator η̄cal η̄test |∆| η̄cal η̄test |∆|
Tpara 0.143 0.152 0.009 0.124 0.118 0.006
Ttopic 0.491 0.487 0.004 0.358 0.372 0.014
Tshuf 0.198 0.205 0.007 0.169 0.181 0.012
Trm 0.418 0.421 0.003 0.314 0.302 0.012

Bootstrap half-width 0.022 0.028

Table 11: Per-operator η̄ on the calibration vs. test split (two configurations). Max |∆| = 0.014, indicating
within-operator stationarity.

Benchmark Norm EM F1 ≥ 0.5 LLM judge

NQ-RAG 27.3 28.5 29.1
HotpotQA 33.1 34.0 35.2
FRAMES 36.4 37.4 38.6
FinanceBench 54.7 55.9 56.8
ConvFinQA 41.2 42.0 43.1

Table 12: SI% sensitivity to the equivalence relation r,
on Llama-3.1-8B with BM25. Relative ordering pre-
served across all three relations.

M SI% (point) 95% CI

1 52.9 [48.3, 57.4]
3 54.1 [51.2, 57.0]
5 54.4 [51.9, 56.9]
10 54.7 [52.0, 57.4]
20 54.8 [52.7, 56.8]

Table 13: M -sweep on FinanceBench / Llama-3.1-8B /
BM25. Stabilizes by M = 5; we use M = 10.

+16.2 on the full S (Spearman ρ = +0.48). The
pooled ratio 1− 9.7/16.2 ≈ 0.40 is a descriptive
summary; as noted in §5.1, the pooled slope con-
flates within-benchmark and between-benchmark
variation, and a within-benchmark analysis control-
ling for benchmark identity may yield a different
decomposition.

Bootstrap CI on the pooled slope ratio. We
resample the 60 configurations at the configuration
level (5,000 replicates) and refit both slopes. The
pooled selection fraction has percentile-bootstrap
95% CI [31%, 49%]. These intervals do not control
for the benchmark confound noted above.

M Independent-label calibration of the
substantive false-positive rate

To verify Prop. 2 and test (A1), we labeled 400
queries from S via the no-retrieval baseline: sub-
stantively source-dependent if the no-retrieval an-
swer differs from the retrieved answer. Among
the 400, 160 (40.0%) are substantively source-
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Slope ratio 9.7/16.2 ≈ 0.60

confounded; see §5.1

Retriever nDCG@5

SI
%

(↓
)

Full S (slope +16.2) Fixed S∩ (slope +9.7)

Figure 5: Retriever-quality trend on the full S vs. the
fixed-subpopulation S∩. The slope on S∩ is ≈ 60%
of the slope on S; selection-fraction CI [31%, 49%]
(percentile-bootstrap). See §5.1 for the between-
benchmark caveat.

independent (ndep = 240, nind = 160, i.e., 20
queries per configuration at ndep=12, nind=8). Be-
cause the 12/8 split is fixed by the stratified sam-
pling design, π̂ = 0.400 is the design prevalence
of this diagnostic set, not an estimate of π in S.

Test of (A1), pooled. Figure 8 overlays the em-
pirical CDFs of η on the two strata with 95% DKW
bands. The source-dependent CDF lies uniformly
below the source-independent CDF; one-sided
Mann-Whitney U counting pairs {(i, j) : ηdep

i <
ηind
j } gives U = 4,820 (ndep = 240, nind = 160;

null mean 19,200), one-sided p < 10−15, confirm-
ing first-order stochastic dominance directionally.
(A3) holds by construction.

Test of (A1), per configuration. Table 15 re-
ports the one-sided Mann-Whitney U and p across
all 20 (generator, benchmark) configurations. Per-
configuration exact p ranges from 1.6×10−5 (GPT-
4o-mini/FinanceBench) to 6.2 × 10−3 (Mistral-
7B/FRAMES). All 20 configurations reject the null
at the one-sided 0.01 level; 18/20 survive a Bon-
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Normalized EM LLM-judge equivalence

Benchmark SI-flag SD-flag Gap SI-flag SD-flag Gap

NQ-RAG 82.4± 1.6 26.1± 1.5 +56.3 84.9± 1.5 28.8± 1.4 +56.1
HotpotQA 76.5± 1.5 22.0± 1.3 +54.5 79.1± 1.4 24.6± 1.3 +54.5
FRAMES 74.2± 1.7 20.8± 1.4 +53.4 76.8± 1.6 23.3± 1.4 +53.5
FinanceBench 79.1± 1.3 19.4± 1.1 +59.7 81.7± 1.3 22.0± 1.1 +59.7
ConvFinQA 77.8± 1.4 21.5± 1.2 +56.3 80.4± 1.4 24.2± 1.2 +56.2

Mean 78.0± 1.4 22.0± 1.2 +56.0± 1.8 80.6± 1.4 24.6± 1.2 +56.0± 1.8

Table 14: Fraction of queries remaining correct (%) without documents, split by RAG-CF flag, under normalized
EM and LLM-judge equivalence. SDs from 3 stratified draws of 300+300 queries. The pooled gap (+56.0 points)
is preserved to within 0.1 point across both equivalence relations.

ferroni correction at 0.05/20 = 0.0025. The two
that fall short are Mistral/FRAMES (6.2 × 10−3)
and Mistral/NQ-RAG (3.7× 10−3); CDFs for the
four configurations with the weakest evidence are
in Fig. 7.

Calibration-diagonal figure. Figure 6 reports
achieved FPR vs. nominal α for the four calibra-
tion procedures (naive permutation, BH, bootstrap,
split-conformal) on the technical null (test-split
queries identified as source-dependent via gold-
document removal, §6.1). Split-conformal tracks
the diagonal closely; naive permutation systemati-
cally over-rejects.
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Figure 6: Achieved FPR vs. nominal α for four cali-
bration procedures. Shaded half-plane: over-rejection
region. Split-conformal tracks the diagonal; naive per-
mutation systematically over-rejects.

Per-configuration DKW visualization for
marginal configurations. Figure 7 extends
the pooled DKW visualization to the four
marginal configurations from Tbl. 15. At the
per-configuration sample sizes (ndep = 12,
nind = 8), the 95% DKW bands are too wide

to separate (half-width ≈ 0.39 and 0.48); the
per-configuration support for (A1) rests on the
pointwise exact Mann-Whitney tests of Table 15,
not on simultaneous band separation. The
displayed D values are descriptive two-sample
Kolmogorov-Smirnov statistics, all below the 0.05
critical value of 0.62 at these sample sizes.
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Figure 7: Per-configuration CDFs of η on the four con-
figurations with the weakest (A1) evidence (Tbl. 15).
D: two-sample KS statistic. In every panel Fdep lies
pointwise below Find.

Subgroup-conditional calibration. Table 16 re-
ports the achieved coverage and substantive FPR on
numerical vs. non-numerical FinanceBench ques-
tions.

N Selective abstention experiment
(extended)

The body (§5.3) reports a preliminary flag-only
abstention demonstration on a single configuration
(Llama-3.1-8B + BM25 + FinanceBench).
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Generator NQ-RAG HotpotQA FRAMES ConvFinQA FinanceBench

Llama-3.1-8B U=10(1.1e−3) U=8(5.3e−4) U=11(1.5e−3) U=4(9.5e−5) U=3(5.6e−5)

Qwen-2.5-7B U=11(1.5e−3) U=8(5.3e−4) U=12(2.0e−3) U=7(3.6e−4) U=4(9.5e−5)

Mistral-7B U=14(3.7e−3) U=12(2.0e−3) U=16(6.2e−3) U=11(1.5e−3) U=9(7.6e−4)

GPT-4o-mini U=7(3.6e−4) U=5(1.5e−4) U=8(5.3e−4) U=3(5.6e−5) U=1(1.6e−5)

Table 15: Per-configuration verification of (A1) via one-sided Mann-Whitney U . Subscripts: exact one-sided
p-values. All 20 configurations reject at the 0.01 level; 18/20 survive Bonferroni correction at 0.0025.

Subgroup Fraction Subst. FPR Coverage

Numerical questions 0.62 0.135 0.865
Non-numerical questions 0.38 0.158 0.842

Pooled 1.00 0.142 0.858
Nominal (α=0.10) – ≤ 0.10 ≥ 0.90

Table 16: Subgroup-conditional calibration on Fi-
nanceBench / Llama-3.1-8B / BM25 (numerical ques-
tions: gold answer contains a number; FPR measured
on the source-dependent test split, seed-averaged). The
pooled value is computed directly over all SD test
queries and may differ from the weighted mean of the
independently rounded subgroup values. Under our
SD-only calibration, the operative nominal target is
α = 0.10; both subgroups exceed the nominal target,
consistent with the elevated domain FPR discussed in
§6.1.

Operating point Cov. (%) Acc. (%) Resid. SI%

Baseline (no abstention) 100.0 100.0 54.7
Flag-only abstention 45.3 100.0 22.1

Table 17: Selective-abstention demonstration (Llama-
3.1-8B + BM25 + FinanceBench). Residual SI% is re-
measured on the retained subset with a fresh calibration
split. Coverage is 1− raw flagged rate on the test split.

Setup. Flag-only abstention: on any query
flagged by RAG-CF at α = 0.10, return “I can-
not determine the answer from the retrieved docu-
ments.”

Discussion. The residual SI% on the retained set
is not zero even under flag-only abstention because
the α = 0.10 flag captures only the lower tail of
η. The low coverage reflects the high SI rate on Fi-
nanceBench; on NQ-RAG (raw flagged rate 27.3%)
the test-split coverage is 72.7%.

O Controlled-corpus replication

To isolate retrieval dilution from pretraining con-
tamination on the high-rate FinanceBench config-
uration, we replicate the audit on a corpus of 200
documents constructed such that every gold an-
swer is, by construction, absent from the public pre-
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Figure 8: Pooled empirical step CDFs with 95% DKW
bands. Fdep lies uniformly below Find; bands separate
across the shaded interior. One-sided Mann-Whitney
U = 4,820, p < 10−15.

training distribution. We curated post-knowledge-
cutoff English news articles and scientific abstracts
published between January and June 2024 (after
Llama-3.1’s December 2023 training cutoff, ver-
ified against the Llama-3.1 release notes), and
wrote 200 question-answer pairs in which the gold
answer is a fact stated in the document. Every
pair was spot-checked against a Llama-3.1-8B no-
retrieval baseline: a question was retained only if
the no-retrieval pass produced “I do not know” or a
factually wrong answer, certifying that the gold
information cannot be recovered parametrically.
The remaining RAG-CF pipeline is unchanged
(M = 10, α = 0.10, 5 split seeds), with calibration
scores transferred from the FinanceBench source-
dependent partition (see the interpretation below).
Table 18 reports the resulting flagged rates along-
side the matched FinanceBench and NQ-RAG con-
figurations.

Interpretation as an FPR calibration experi-
ment. Because every query in the post-cutoff
corpus is substantively source-dependent by con-
struction (π = 0), the observed flag rate of 46.2%
is the substantive false-positive rate of RAG-CF
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Corpus Raw SI% FPR-adj. SI% 95% CI

Post-cutoff (this app.) 46.2 — [42.1, 50.3]
FinanceBench (Tbl. 1) 54.7 49.7 [46.7, 52.7]
NQ-RAG (Tbl. 1) 27.3 19.2 [16.8, 21.7]

Table 18: Controlled-corpus replication (Llama-3.1-8B
+ BM25). Post-cutoff corpus: 200 post-Dec-2023 doc-
uments, 200 QA pairs; calibration transferred from Fi-
nanceBench. The FinanceBench and NQ-RAG intervals
accompany the FPR-adjusted rates (the Table 1 intervals
under the same transformation); the post-cutoff interval
accompanies the raw rate. Since π = 0 by construction,
the post-cutoff raw rate (46.2%) is the instrument’s FPR
under cross-corpus calibration.

on this corpus, substantially above the nominal
α = 0.10. The calibration set Dcal for this ex-
periment was drawn from FinanceBench source-
dependent queries rather than from within the post-
cutoff corpus, making this a cross-corpus trans-
fer experiment; the elevated rate therefore reflects
both retrieval dilution and the domain shift be-
tween FinanceBench and the post-cutoff corpus,
and the Proposition 1 guarantee does not apply
across this domain boundary. This excess is at-
tributable to retrieval dilution: the Ttopic opera-
tor’s substring filter on the gold answer string per-
mits distractor leakage (the failure-mode taxonomy
in App. I attributes 12% of flags to this mecha-
nism), and within-domain priors allow the gener-
ator to produce plausible answers from question
structure alone. The post-cutoff corpus therefore
serves as a diagnostic of the instrument’s FPR on
contamination-controlled post-cutoff content, not
as a measurement of source-independence preva-
lence. The gap between the post-cutoff rate (46.2%
raw) and the FinanceBench rate (54.7% raw) is
≈ 8.5 raw points; however, since both rates con-
tain different false-positive contributions, the dif-
ference does not constitute a formal upper bound
on contamination. The failure-mode taxonomy in
App. I attributes a larger fraction (47% of flags, i.e.,
≈ 25.7 raw points) to public-company knowledge
leak; the two estimates are not directly comparable
because they measure different quantities (resid-
ual rate difference vs. annotator-classified share of
flags).

P Multilingual sensitivity

We run a single non-English configuration to be-
gin probing cross-lingual transfer. Setup. Llama-
3.1-8B-Instruct on MLQA-Spanish, 1,000 queries

(seed 0); BM25 with a Spanish stemmer; top-
k = 5; M = 10; α = 0.10; source-dependent cali-
bration partition per §3.3, averaged over 5 sealed-
seed splits. Topical-distractor clustering uses
paraphrase-multilingual-MiniLM-L12-v2. Para-
phraser is GPT-4o-mini with a Spanish system
prompt; manual audit of 50 rewrites finds a 6%
rate of numerical-detail loss (vs. 4% on English).
Table 19 reports the resulting flagged rate alongside
the matched NQ-RAG English configuration.

Config. Raw SI% FPR-adj. SI% 95% CI

MLQA-Spanish / Llama / BM25 30.2 22.4 [27.8, 32.6]
NQ-RAG / Llama / BM25 (ref.) 27.3 19.2 [25.1, 29.5]

Table 19: Preliminary multilingual configuration:
MLQA-Spanish vs. matched English (NQ-RAG/Llama-
3.1-8B/BM25). FPR-adjusted gap: 3.2 points; CIs par-
tially overlap.

Reading. The MLQA-Spanish FPR-adjusted rate
(22.4%) is within the band where we describe
the result as broadly comparable to its closest En-
glish counterpart (NQ-RAG, FPR-adjusted 19.2%):
the 3.2-point gap is on the order of the per-
configuration cluster-bootstrap noise and the two
intervals partially overlap. This is one configura-
tion, on one language; we report it as a preliminary
check of RAG-CF’s portability to a non-English
benchmark, not as a multilingual study.
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