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Abstract

Training data attribution (TDA) for large lan-
guage models is dominated by gradient- and
retraining-based methods that require model in-
ternals, ruling out the most widely deployed
closed-weight systems. We study a strictly
black-box variant of the problem: given a
set of candidate datasets, rank them by how
much an instruction-tuned LLM’s behavior on
a query set is consistent with having previ-
ously seen each one, using only input—output
access through retrieval-augmented prompting.
We introduce Context Mixture Factorization
(CMF), which models the LLM’s output dis-
tribution as a mixture of a base component
and dataset-specific components and recovers
per-dataset contribution weights by regular-
ized matrix factorization via alternating pro-
jected least squares. CMF explicitly decom-
poses background () and dataset-specific in-
fluence and requires only K+1 prompts per
query for K candidate datasets. As a compar-
ison method we also formulate the Shapley
Context Method (SCM), a residual-similarity
attribution score aggregated via Shapley val-
ues. We evaluate four instruction-tuned LLMs
on BoolQ, a synthetic FakeQ variant, and a
post-cutoff Olympic2024 dataset, against three
baselines: a TRAK-style gradient-similarity
scorer, ContextCite, and retrieval cosine sim-
ilarity. CMF and SCM recover the order-
ing predicted by our exposure-proxy setup
(BoolQ>FakeQ>Olympic2024), and a con-
trolled fine-tuning sweep shows attribution
rises monotonically with actual exposure. We
are explicit that the resulting scores measure
a behavioral proxy for parametric-knowledge
alignment, not verified pretraining inclusion:
FakeQ (created by us, seen by no model) re-
ceives non-trivial CMF mass, consistent with
the metric also reflecting topical/structural sim-
ilarity. CMF is most useful when interpreted
alongside its my decomposition and the fine-
tuning monotonicity result rather than as an
exposure probability in absolute terms.
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1 Introduction

Training Data Attribution (TDA) quantifies the con-
tributions of different data sources to a model’s
outputs (Park et al., 2023; Nguyen et al., 2023). It
is essential for curating training corpora and de-
bugging neural networks (Xia et al., 2024; Qin
et al., 2025), and for assigning monetary value to
proprietary training data — a prerequisite for fair
compensation and data management (Ghorbani and
Zou, 2019; Nohyun et al., 2022; Choe et al., 2024).
Unlike retraining- or gradient-based approaches,
our methods require no model internals and instead
exploit in-context learning behavior, making them
directly applicable to black-box LLMs.

Existing TDA methods fall mainly into two cat-
egories (Hammoudeh and Lowd, 2024; Worledge
et al., 2024). Retraining approaches (Feldman and
Zhang, 2020; Ghorbani and Zou, 2019) retrain
the model without the target data source, which
is computationally expensive. Influence-function
approaches (Koh and Liang, 2017; Pruthi et al.,
2020; Chen et al., 2021; Park et al., 2023) relax
the need for full retraining by computing only
a few gradients per data point; recent work has
pushed this line to LLM scale, with closed-form
approximations for LoRA-tuned models (Kwon
et al., 2024), gradient-projection approaches that
report large throughput gains on Llama3-8B (Choe
et al., 2024), and scalable fact-tracing across 160B-
token corpora (Chang et al., 2025). Despite their
efficiency, influence-function methods rely on a
linear approximation that can be inaccurate, and
they compute dataset-level attribution as a sum
of per-point scores — a procedure that does not
capture holistic dataset contribution (Hammoudeh
and Lowd, 2024; Park et al., 2023). Both families
require access to model internals, which is infea-
sible for closed-weight LLMs. The related tech-
nique of machine unlearning (Ginart et al., 2019;
Sekhari et al., 2021) is also expensive for obtaining
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contribution scores, although recent benchmarks
and methods such as TOFU (Maini et al., 2024a),
WMDP/RMU (Li et al., 2024), NPO (Zhang et al.,
2024), and MUSE (Shi et al., 2024b) have substan-
tially advanced LLM-specific unlearning evalua-
tion.

A second, complementary line of work attributes
outputs without relying on gradients. Lookup-
based systems such as Infini-gram (Liu et al.,
2024a) and OLMoTrace (Liu et al., 2025) surface
verbatim training-data matches at trillion-token
scale, providing surface-level attribution but no
notion of dataset-level contribution. Closer to our
setting, ContextCite (Cohen-Wang et al., 2024) at-
tributes a single LLM generation to spans of a sin-
gle retrieved context via random ablations, and MI-
RAGE (Qi et al., 2024) performs analogous span-
level attribution in RAG using model internals. A
related but distinct line of work targets dataset-level
exposure detection: LLM Dataset Inference (Maini
et al., 2024b) aggregates membership-inference fea-
tures over an entire candidate corpus to test “did
the model train on this dataset,” Min-K% Prob
(Shi et al., 2024a) is a black-box membership-
inference probe, and black-box test-set contamina-
tion methods (Golchin and Surdeanu, 2024; Oren
et al., 2024) detect whether specific benchmark
instances leaked into pretraining. These methods
are the closest existing answer to the binary in-
clusion question and use loss/likelihood signals
rather than the behavioral output-similarity signal
that CMF/SCM use; we view them as complemen-
tary measurements. Duan et al. (2024) cautions
that exposure evaluations built from members and
non-members drawn from different distributions
can be confounded by temporal/topical shift; we
revisit this caveat when discussing our FakeQ and
Olympic2024 results. Our setting and unit of anal-
ysis differ from the prior context-attribution work
in three ways. First, our unit of attribution is an
entire candidate dataset, not a span; we aggregate
across queries to produce a per-source score useful
for data valuation and unlearning audits. Second,
our model assumes that the LLM’s output mixes a
fixed background distribution with dataset-specific
distributions, and CMF explicitly recovers the
background weight 7y; span-level ablation meth-
ods provide no analogous decomposition. Third,
CMF requires only K41 prompts per query for K
candidate datasets, making whole-dataset scoring
tractable on closed-weight LLLMs where per-query
ablation budgets are limited. Benchmarks such as

DATE-LM (Deng et al., 2025) have begun to stan-
dardize evaluation of LLM-scale TDA; we discuss
our evaluation choices in §4.

Contributions.

* We formulate dataset-level training data at-
tribution for closed-weight LLMs as a reg-
ularized matrix-factorization problem and
introduce CMF, which recovers the mix-
ture weights from K +1 prompts per query
and explicitly decomposes background versus
dataset-specific influence (g vs. 7). A syn-
thetic identifiability experiment shows CMF
recovers known mixture weights with L error
0.10 at noise 0=0.10.

* We position CMF against SCM, a Shapley-
value variant of the residual-similarity intu-
ition that does not separately model a back-
ground component, which clarifies which em-
pirical gains come from the mixture struc-
ture and which from the marginal-contribution
framing.

* We construct FakeQ (synthetic perturbation
of BoolQ) and Olympic2024 (constructed
from post-July-2024 data, post-cutoff for the
open-weight checkpoints we use according
to their published model cards) as attribu-
tion test beds spanning likely-seen, synthetic-
unseen, and unseen-to-high-confidence ex-
posure, and evaluate four instruction-tuned
LLMs (GPT-4 (Achiam et al., 2023), bloomz-
1b1 (Le Scao et al., 2023), Mistral-7B-Instruct
(Jiang et al., 2023), Phi-3-mini (Abdin et al.,
2024)) on BoolQ (Clark et al., 2019), FakeQ,
and Olympic2024.

* Against a TRAK-style gradient-similarity
scorer (Park et al., 2023) (an adaptation that
scores candidate corpora rather than training-
set examples), ContextCite, and retrieval
cosine similarity, our methods recover the
ordering predicted by our exposure-proxy
setup; ContextCite, by contrast, inverts on
Olympic2024 because it measures context
reliance rather than training-data exposure.
A controlled fine-tuning sweep and a multi-
checkpoint unlearning case study provide fur-
ther evidence that the metrics behave as in-
tended.
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2 Methodology

We have access to tuples (g, ¢, y) consisting of a
question ¢, a context ¢, and an outcome y. The
LLM outputs M(q | ¢) = ply | ¢c); we
write ¢ = () when no context is provided. Our
goal is to quantify the contributions of training
datasets D1, ..., Dk inp(y | ¢,c), given a query
set @ = {q1,...,qn}. Without loss of general-
ity, we describe the methods for binary outcomes

y € {0, 1}.

What “attribution” means here. We distinguish
three quantities often conflated under “attribution”:
(1) training-data exposure (did the model see this
data during pretraining), (ii) contextual utility (does
this data change the output when supplied as con-
text), and (iii) retrieval relevance (semantic sim-
ilarity to the query). CMF and SCM are behav-
ioral proxies for (i); ContextCite (Cohen-Wang
et al., 2024) measures (ii); the retrieval-cosine
baseline measures (iii). Because CMF and SCM
operate on output-similarity signals between no-
context and with-context prompts, they more pre-
cisely measure parametric-knowledge alignment
between the model and a candidate dataset — a
quantity that correlates with exposure but also re-
flects topical/structural similarity and the model’s
prior ability to answer the query. We therefore
do not claim that high CMF/SCM scores certify
training-set inclusion; we treat the metrics as be-
havioral source-ranking proxies and validate the
direction of the signal in a controlled fine-tuning
sweep (§4.3). Methods that aim at the strict mem-
bership question — e.g., LLM Dataset Inference
(Maini et al., 2024b) or Min-K% Prob (Shi et al.,
2024a) — use loss-based signals and are comple-
mentary.

2.1 The Shapley Context Method (SCM)

The intuition is that if an LLM has internalized
information from Dy, then adding Dy, as RAG con-
text should leave the with-context output close to
the no-context output. We operationalize this via
Shapley aggregation of pairwise similarities. For a
subset S C {D,..., Dk}, let

ss =sim(M(q), M(q | cs)) € [0,1] (1)

be the similarity between the no-context output
M (q) and the with-context-S output M(q | cg).

The Shapley value of dataset Dy, is

b = >

Cs.x (Ssu{py} — $5),

2
with normalization C's g = |S|!(K —|S|—1)!/K!.

Interpretation. A larger raw ¢ means that, av-
eraged across subsets, adding Dy, pulls the with-
context output closer to the no-context output —
i.e., Dy aligns with what the model already pro-
duces. We read this as evidence of prior internal-
ization. A smaller (or negative) raw ¢ means Dy,
when added as context, pushes the with-context out-
put further from the no-context output. SCM thus
tracks proxy (i) above through the lens of context-
induced similarity changes, rather than measuring
(ii) directly.

Reporting convention. We report raw ¢y
throughout (no min-max rescaling), so the
marginal-contribution interpretation is preserved.
CMF’s source-normalized 7 and SCM’s raw ¢y,
are therefore on similar but not strictly identical
scales; cross-method comparison in Table 1 relies
on qualitative ordering, not exact numerical equiv-
alence. SCM absorbs cross-source variability and
retrieval noise into a single Shapley term; CMF
(below) makes the noise structure explicit via 7.
Algorithm 1 (Appendix A) gives the full procedure.

2.2 Context Mixture Factorization (CMF)

Mixture modeling has long been used to capture
latent source contributions (Nguyen et al., 2023).
CMF adapts this to dataset attribution: separating
a base component 7 from dataset-specific compo-
nents yields a more stable estimator under retrieval
noise. We model

K
Py @) =mpoly | @)+ > mpr(y | q), 3)
k=1

where pg is a general-purpose language model and
Dy, are latent models specialized on each Dy. We
model the effect of providing the kth dataset as
context as the intervention

Py | g cr) =mopo(y | @) + (1 = 70)Pe(y | @)-
“)
The key assumption is that the right-hand sides of
Eq. (3) and (4) contain no context terms; we discuss
this assumption’s limits in Remark 1 and validate
it empirically in Appendix G.
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Remark 1 (behavioral proxy, not mechanistic
decomposition). We emphasize that Eq. (3)-(4) de-
fine a statistical surrogate for the LLM’s outputs,
not a claim about its parameters or internal compu-
tation. CMF does not partition the model’s weights
or activations; it estimates the mixture coefficients
7 that best explain the observed input—output be-
havior under retrieval-augmented prompting. The
recovered 7 should therefore be interpreted as
“the empirical weight at which behavior on queries
that retrieve from Dy, resembles a Dy-specialized
model,” not as “the fraction of the model’s param-
eters allocated to D;.” Model (3) further does not
capture cross-source interactions (e.g., a retrieved
context cueing recall of unrelated pretraining facts),
but allows us to recover per-dataset contributions
without estimating each pj, explicitly.

Matrix factorization formulation. For each of
the m queries we issue K41 prompts (the no-
context prompt and one per dataset), giving the
linear system

P =TIP, (5)

where P € [0, 1](K+1)im is observed and II €
[0, 1]EFDXE+D) and P ¢ [0, 1]K+D*™ are 1a-
tent. The structure of II encodes Eq. (4): row k
has weight 7y on the base and 1 — 7wy on pg. In
principle one could use up to 2% prompts (varying
S); we choose K+1 for compute efficiency and
rely on regularization for identifiability.

Alternating projected least squares. We esti-
mate 7r by jointly minimizing reconstruction error
with two regularizers — entropy on 7 and Frobe-
nius shrinkage of P toward 1/2:

~112
# = arg min HP - HPH
,P F

~ 2
~AH(m s [P ©
st. #=0,1"m=1,0=<P <1,

where H (-) denotes Shannon entropy. The entropy
term encodes a null hypothesis of equal source con-
tributions; the Frobenius term encodes that latent
probabilities should be uninformative absent evi-
dence to the contrary. Without these regularizers
the problem admits many solutions; a sensitivity
sweep (Appendix H) shows that Ax = A5 = 107!
gives stable solutions across random initializations.

Eq. (6) is biconvex — fixing either 7 or P
leaves the other a convex problem (Gorski et al.,
2007) — so we solve it by alternating projected

least squares. We initialize P near 1 /2 and 7 near
1/(K +1). Confidence intervals for both SCM and
CMF are obtained by bootstrapping over the query
set (Tibshirani and Efron, 1993). Algorithm 2 (Ap-
pendix A) gives the full procedure.

When does CMF recover the true mixture?
CMF is identifiable up to regularization shrinkage
when (a) the latent distributions py, are distinguish-
able on @, (b) the retrieval ¢ actually surfaces
Dy.-relevant content, and (c) regularization breaks
the rotational symmetry of ILP without dominating
the fit. Conditions (a)—(b) are testable empirically
(rank/condition number of P; per-source retrieval
quality); (c) is addressed by the sensitivity sweep in
Appendix H. The synthetic recovery experiment in
Appendix G verifies that CMF recovers known 7*
to Ly error < 0.10 at noise o < 0.10, degrading
smoothly rather than catastrophically.

3 Implementation

3.1 Prompt Engineering

We use binary Yes/No QA tasks for tractable scalar
similarity. After testing several prompt variants
(Appendix B), we settled on the boolean instruc-
tion “Given the context below, answer the question
that follows with only ‘Yes’, ‘No’, or ‘I don’t know’
if the context is insufficient. {question}? The an-
swer to this question is”. This prompt produces
clean single-token responses for GPT-4, bloomz-
1b1, and Mistral 7B. Phi-3-mini often emits addi-
tional text, so we apply a zero-shot classifier (1,000-
character window) to map free-form output to { Yes,
No, IDK} before computing similarity. Appendix I
shows this choice shifts absolute Phi-3 attribution
by at most one CI width without changing qualita-
tive rankings.

3.2 Retrieval-Augmented Generation

Since entire datasets do not fit in an LLM context
window, we use RAG (Lewis et al., 2020) to sur-
face dataset-relevant passages per query. We split
each corpus into chunks with the LangChain Recur-
siveCharacterTextSplitter (chunk size 512 tokens,
no overlap), embed chunks with thenlper/gte-small
(384-d embeddings), and index them with FAISS
(Johnson et al., 2019). At query time we embed
the query, retrieve the top k=3 nearest chunks per
source, and truncate the concatenated context to
2,000 characters. Appendix E reports the effect of
context provision on raw task accuracy.
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3.3 Provenance and reproducibility

All reported values are computed from completed
experimental runs. Bootstrap CIs use B=1,000 re-
samples of the query set (fixed seed). Exact model
checkpoints, decoding settings, similarity function,
hardware (a single AWS EC2 g6.16xlarge, 4 xL4),
software versions, and total compute (~80 GPU-
hours for CMF, ~360 for SCM, ~60 for TRAK-
style scoring, plus the GPT-4 API budget detailed
in Appendix L) are listed in that appendix. To sup-
port independent reimplementation, Appendix L
documents the complete experimental configura-
tion — prompt templates, retrieval settings, model
checkpoints and decoding parameters, the similar-
ity function, optimization hyperparameters, and
per-method compute — and the Olympic2024 con-
struction procedure is specified in full in the ap-
pendix.

4 [Experiments

4.1 Setup

Datasets. We evaluate on three datasets that span
a continuum of expected exposure to the LLMs
we test: (1) the BoolQ Q&A dataset (Clark et al.,
2019) of (question, context, binary answer) tuples,
which we expect instruction-tuned LLMs to have
seen during pretraining; (2) FakeQ, constructed
by altering the queries and contexts in BoolQ so
the surface text is unseen even though the topical
distribution is preserved; and (3) Olympic2024,
a newly constructed dataset (1,200 context snip-
pets, 3,600 Yes/No QA pairs split equally into
train/val/test) based on the Paris 2024 Olympics,
which took place 26 July—11 August 2024 (Ap-
pendix D). For the open-weight models in our study
— bloomz-1b1, Phi-3-mini-4k-instruct, and Mistral-
7B-Instruct-v0.2 — Olympic2024 falls strictly af-
ter each model card’s published training cutoff,
so Olympic2024 is unseen by those checkpoints
to the extent the model cards are accurate. For
GPT-4 we use the gpt-4-turbo-2024-04-09 API
snapshot, which predates the Paris 2024 Olympics;
Olympic2024 is therefore very unlikely to be in-
cluded in the snapshot’s training data, but because
OpenAl does not disclose the corpus we avoid treat-
ing this as verified ground truth. We use five ad-
ditional corpora from the Wikipedia “Field of Sci-
ence” subset on HuggingFace (Chemistry, Natural
Science, History and Archaeology, Biology, Law)
as background-control sources; each contains more
than one million samples.

Models and baselines. We evaluate four
instruction-tuned LLMs spanning closed
and open weights: GPT-4 (Achiam et al,
2023) (closed weights, accessed via API;
gpt-4-turbo-2024-04-09 snapshot), bloomz-
1b1 (Le Scao et al., 2023) (1.1B parameters, open
weights), Mistral-7B-Instruct-v0.2 (Jiang et al.,
2023) (7.3B, open weights), and Phi-3-mini-4k-
instruct (Abdin et al., 2024) (3.8B, open weights).
Throughout this paper, references to “Bloomz” or
“BLOOMZ” denote the bigscience/bloomz-1b1
checkpoint; we did not use the larger Bloomz-
176B variant. All models are prompted with
the boolean-output template described in §3.1;
per-LLM accuracy with and without RAG context
is reported in Appendix Table 2. We compare three
baselines against our two proposed methods (CMF,
SCM):

* ContextCite (Cohen-Wang et al., 2024): a
span-level context-reliance measure used here
as a contrast rather than a direct competitor
(it answers “which spans of this context did
the model use” rather than “which dataset did
the model see”). We use the authors’ default
of 64 random ablations per query (scikit-learn
LASSO, a=0.01; ablation units = retrieved
chunks; per-chunk attributions summed per
source, then per-query normalized). For open-
weight LLMs we use the response probability
from local logits; for GPT-4 we substitute the
top-token log-probability from the chat API
on a 500-query subsample per dataset (Ap-
pendix L).

Retrieval-cosine: the average cosine simi-
larity between the query embedding and the
top-k retrieved chunk embeddings per source
— a sanity baseline that measures retrieval rel-
evance only.

* TRAK-style gradient-similarity scoring
(Park et al., 2023): rather than running TRAK
in its standard configuration (training-set ex-
amples, ensembling over models trained on
training-set subsets), we adapt the projected-
gradient feature mechanism to score candi-
date corpora from a single final checkpoint,
and call this “TRAK-style gradient-similarity
scoring” to avoid conflating it with the LDS-
evaluated method of Park et al. (2023). We
use the public TRAK projection mechanism
(default projection dimension) on bloomz-1b1
and Phi-3-mini (§4.5).
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We use m=2,000 queries per dataset, with K .=6
candidate sources total (5 Wikipedia background
controls plus the target dataset for that evaluation).
For BoolQ and FakeQ this sample is drawn from
each dataset’s validation split. Olympic2024’s val-
idation and test splits jointly contain 2,400 QA
pairs (1,200 each); we sample m=2,000 from
their union (held out from the fine-tuning split
used in §4.3). Under this convention CMF is-
sues K .+1 = 7 prompts per query (one with no
context plus one per candidate source) and SCM
evaluates up to 25 = 64 unique context subsets
per query. All reported values are means over the
query set with 95% bootstrap confidence intervals
(B=1,000 resamples, fixed seed).

4.2 Main results

Table 1 reports attribution to the target source
on BoolQ, FakeQ, and Olympic2024 for all
four LLMs and all five methods. Under our
exposure-proxy setup the predicted ordering
is BoolQ>FakeQ>Olympic2024, reflecting that
BoolQ is likely-seen, FakeQ shares topical dis-
tribution but not surface text with BoolQ, and
Olympic2024 is post-cutoff for the open-weight
models according to their published model cards.
The measured ordering recovered by CMF, SCM,
and TRAK matches this prediction.

ContextCite measures context reliance, not
training-data exposure. Reading Table 1 row-
wise reveals a structural difference between
ContextCite and our methods. SCM, CMEF,
and TRAK follow the predicted exposure order-
ing BoolQ>FakeQ>Olympic2024. ContextCite
shows the opposite ordering: attribution increases
as the dataset becomes less likely to have been seen
during pretraining (italicized in Table 1). This is
consistent with what ContextCite is designed to
measure — how much the model’s generation de-
pends on the supplied context — because a model
with no parametric knowledge of a topic must rely
on the context. We therefore view ContextCite
as orthogonal rather than competitive: it answers
“which spans of this context did the model use?”
whereas CMF/SCM answer “which dataset is this
output most reliant on having seen?” For training-
data attribution specifically, ContextCite’s inverse
ranking on Olympic2024 makes it unsuitable as a
drop-in replacement.

Retrieval similarity alone is not informative.
The Retrieval-cosine row is high (0.70-0.82)

across all three datasets, with no meaningful sepa-
ration between exposure levels. The gap between
BoolQ and Olympic2024 attribution observed for
SCM, CMF, and TRAK-style scoring cannot there-
fore be explained by retrieval relevance alone.

What the BoolQ>FakeQ>Olympic2024 order-
ing does and does not show. The headline order-
ing is consistent with our exposure-proxy setup,
but is not a strict inclusion verdict. FakeQ is
unseen by every evaluated model, yet CMF as-
signs it 7 ~ 0.48-0.53 (Panel B) — the met-
ric correctly registers that FakeQ shares topi-
cal/structural distribution with BoolQ. The order-
ing should be read as tracking the continuum
from likely-seen-and-topically-aligned (BoolQ),
through similar-but-unseen (FakeQ), to post-cutoff
(Olympic2024), not as a membership decision.
Loss-based methods that target strict inclusion
(LLM Dataset Inference, Maini et al., 2024b; Min-
K% Prob, Shi et al., 2024a) are complementary;
the topical/temporal-shift confound is shared with
membership-inference benchmarks more broadly
(Duan et al., 2024). See Limitations for further
discussion.

CMF-SCM comparison. CMF gives larger
target-source values and tighter CIs than SCM
on the same evaluation; because the two use dif-
ferent normalizations the magnitude gap should
not be over-interpreted. The gap shrinks as ex-
posure decreases (largest on BoolQ, smallest on
Olympic2024), consistent with CMF absorbing
background variance into the explicit 7o term while
SCM folds it into the marginal residual.

Per-source decomposition. CMF’s full raw mix-
ture weights 7 on the BoolQ evaluation are re-
ported in Table 3 (Appendix F; columns sum to
1.00 by Eq. 6). The background term 7, is high-
est for GPT-4 (0.08), consistent with GPT-4 hav-
ing the strongest no-context accuracy on BoolQ
(0.73, Appendix Table 2). The Wikipedia-domain
controls receive low attribution (0.05-0.09), sup-
porting the interpretation that CMF separates task-
relevant from background-relevant signal. SCM
and TRAK per-source tables, and per-source CMF
results for FakeQ and Olympic2024, are also in
Appendix F; on Olympic2024 the controls absorb
much more mixture weight (Table 9), consistent
with no candidate source matching the model’s
parametric knowledge on a post-cutoff dataset.
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Table 1: Attribution to the target source on BoolQ (Panel A), FakeQ (Panel B), and Olympic2024 (Panel C).
Values are mean+95% bootstrap CI half-width over m=2,000 queries. Methods use different normalizations
and so the columns are on similar but not strictly identical scales: CMF reports the source-normalized target
weight Target = Target/ (1 — TBase) (raw mixture weights summing to one across all candidate sources are in
Appendix F); SCM reports raw Shapley values ¢yare; from Eq. (2) (no min-max rescaling); ContextCite reports
per-query-normalized source attributions averaged over queries; Retrieval-cosine is a raw mean cosine similarity;
TRAK-style (gradient-similarity scoring) reports per-source aggregated projected-gradient scores from a single
final checkpoint, not the standard LDS-evaluated TRAK. Bold marks the largest CMF/SCM-family value per cell;
italic marks ContextCite’s inverted ordering in Panel C. Takeaway: CMF, SCM, and TRAK all follow the predicted
exposure ordering BoolQ>FakeQ>Olympic2024 on every model, with CMF producing the sharpest separation
between panels (e.g., 0.63—-0.67 on BoolQ vs. 0.15-0.20 on Olympic2024); ContextCite inverts the ordering because
it measures context reliance rather than exposure, and retrieval-cosine barely separates the panels at all.

Method bloomz-1b1 GPT-4 Mistral 7B Phi-3-mini

Panel A: BoolQ (likely-seen evaluation)

Retrieval-cos ~ 0.794+0.01  0.82+£0.01  0.804+0.01  0.78+0.01
ContextCite 0.51+0.03  0.47£0.03 0.49+£0.03  0.46+0.03
SCM 0.48+0.04  0.594+0.03  0.57£0.04  0.50+0.04
CMF 0.63+0.02  0.67+0.02 0.65£0.02  0.62+0.02
TRAK 0.61+£0.02 - - 0.58+0.02
Panel B: FakeQ (synthetic-unseen evaluation)

Retrieval-cos ~ 0.71+£0.01  0.74+0.01  0.72+0.01  0.7040.01
ContextCite 0.58+0.03  0.55+£0.03 0.56£0.03  0.54+0.03
SCM 0.32+0.04  0.36£0.04 0.33£0.04  0.28+0.04
CMF 0.49+0.03  0.53+0.03 0.51£0.03  0.48+0.03
TRAK 0.394+0.02 - - 0.354+0.02
Panel C: Olympic2024 (post-cutoff evaluation)

Retrieval-cos ~ 0.76£0.01  0.78+0.01  0.75+0.01  0.73£0.01
ContextCite 0.71+£0.03  0.68£0.03  0.70+£0.03  0.66+0.03
SCM 0.08+0.03  0.11£0.03  0.09£0.03  0.07£0.03
CMF 0.16+0.02  0.20+0.02 0.18£0.02  0.15+0.02
TRAK 0.12+0.02 - - 0.0940.02

Identifiability and regularization. The syn- 4.4 Case study: ranking unlearning methods

thetic recovery experiment (Appendix G) shows
CMF recovers known w* to L; error 0.10 at
0=0.10 vs. 0.22 for SCM,; the regularization sweep
(Appendix H) confirms Ar = A5 > 107! (our de-
fault) is stable across initializations. Appendix G.1
analyzes how recovery is expected to degrade at
larger source counts K and for mutually similar
sources, and gives practical guidance for reading
CMF rankings at scale.

As a downstream use case (not a core claim of this
paper), we apply CMF as an evaluation metric for
three LLM unlearning methods — Gradient As-
cent (GA) (Golatkar et al., 2020; Liu et al., 2024b),
Fine-tuning with Random Labels (RL) (Golatkar
et al., 2020), and Unlearning with Adversarial
Samples (AS) (Cha et al., 2024) — by measur-
ing residual CMF attribution to Olympic2024 after

4.3 Validation through fine-tuning each method is applied to checkpoints fine-tuned at

To probe whether the attribution metrics track ac-
tual exposure, we fine-tune bloomz-1b1 and Phi-
3-mini on Olympic2024 with three learning rates
(1x107%,5x107°,1x10™*) and compute SCM
and CMF attribution at each checkpoint. Figure 1
shows both metrics increase monotonically with
the fine-tuning learning rate, consistent with the
metrics tracking the model’s growing reliance on
the dataset; CMF’s values are higher than SCM’s
at every learning rate.

three learning rates (1x107°,5x107°,1x107%).
Across both LLMs (bloomz-1b1 and Phi-3) and all
three checkpoints, the ranking RL < GA < AS in
residual attribution is stable, and post-unlearning at-
tribution scales with the pre-unlearning attribution:
no method fully reverses the highest-LR exposure.
Full tables (CMF and SCM, both LLMs) are in
Appendix K. We treat this as a sensitivity demon-
stration; the main CMF validation is the fine-tuning
sweep in §4.3.
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Figure 1: Attribution to Olympic2024 vs. fine-tuning
learning rate, for SCM (top) and CMF (bottom). Only
bloomz-1b1 and Phi-3-mini are shown; we did not fine-
tune GPT-4 (no fine-tuning access via API) or Mistral
7B (omitted to keep the sweep within compute budget).
Both metrics increase monotonically; CMF’s values are
higher across the sweep. Numerical values match the
Post-FT columns of Appendix Tables 14-17.

A Goodhart-style caveat for unlearning audits.
Because CMF scores are behavioral, an unlearn-
ing method optimized against a behavioral met-
ric could suppress measured attribution without re-
moving the underlying knowledge. Our case study
avoids this coupling by evaluating three generic
methods (GA, RL, AS) that were not designed with
CMF in mind, but the risk applies to any single-
metric evaluation. We therefore recommend that
CMF-based unlearning audits be paired with com-
plementary signals — e.g., loss-based membership
inference (Shi et al., 2024a) — so that agreement
across mechanistically distinct metrics, rather than
any one score, supports a claim of successful un-
learning.

4.5 Runtime and TRAK applicability

CMF is significantly faster than SCM because it
requires fewer prompts per query: Kg.+1 = 7
for CMF versus up to 25 = 64 unique context
subsets for SCM (with caching across the Shapley
computations). On an AWS EC2 g6.16xlarge in-
stance, CMF takes 77-94 minutes per LLM (2,000
queries) versus 352-384 minutes for SCM; Con-
textCite (64 ablations per query) is comparable
in compute to SCM (291-328 minutes). TRAK
applicability: GPT-4 exposes no weights or gradi-
ents; Mistral 7B is open-weight, but full-parameter
gradient features exceeded our GPU memory and

runtime budget at 7B scale — a practical limita-
tion, not a fundamental one (Chang et al., 2025). A
convergence diagnostic showing CMF attribution
stabilizes by m=2,000 is in Appendix J. SCM’s
wider Cls trace to dispersion in the per-pair resid-
ual rj, g, which varies across LLMs from —0.32 on
Bloomz to —0.03 on GPT-4 (Appendix M); CMF
absorbs this dispersion into the explicit g term.

Additional robustness checks. Appendix N
adds a no-context/with-context agreement base-
line and open-weight membership-inference base-
lines (Min-K% Prob, Min-K%-++, LLM Dataset
Inference). Agreement recovers the same coarse
BoolQ>FakeQ>Olympic2024 ordering but is a
single dataset-level statistic, without CMF’s decom-
position or controlled-exposure response (§4.3);
Min-K% and dataset inference qualitatively agree
with CMF but yield lower seen-vs-post-cutoff AUC
(0.61-0.71 vs. 0.83-0.86) and do not apply to GPT-
4. A paired test (Appendix Table 24) shows CMF’s
target-vs-control separation is significant on BoolQ
and FakeQ for all models, and on Olympic2024 for
GPT-4/Mistral but not Bloomz/Phi-3 — consistent
with the softened wording on Table 9.

5 Conclusion

We presented CMEF, a black-box mixture-
factorization method for dataset-level source
ranking, alongside SCM, a Shapley-based residual
comparison. Across four LLMs and three datasets
spanning likely-seen, synthetic-unseen, and
post-cutoff exposure, both methods rank sources
in the order predicted by our exposure proxies,
and CMF additionally recovers a base-model
contribution 7y that correlates with no-context
accuracy. Synthetic identifiability, controlled fine-
tuning, and multi-checkpoint unlearning support
the behavioral source-ranking interpretation.

Limitations

Our work faces several limitations that we summa-
rize here to inform future research and responsible
interpretation of our results.

Scale. Our experiments use m=2,000 queries
per dataset, sufficient to drive 95% bootstrap Cls
of £0.02 on CMF attribution (Appendix J), but
small compared to recent pretraining-scale TDA
work that operates on hundreds of billions of to-
kens (Chang et al., 2025). Scaling to millions of
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queries would test whether CMF’s mixture decom-
position remains stable when individual sources
are themselves heterogeneous corpora rather than
topic-coherent collections.

Restriction to binary QA. Our evaluation is re-
stricted to binary classification tasks, which allows
precise measurement of correctness and attribution
effects. Many real-world applications involve open-
ended text generation, summarization, or multi-
class classification. The estimators themselves are
agnostic to the output space — Eq. (1) and Eq. (5)
require only a bounded scalar similarity between
outputs — so the restriction is evaluative rather
than structural: extending CMF and SCM to these
settings requires choosing how to map free-form
generations into a scalar comparable across queries,
and each choice introduces its own biases; candi-
date signals include token-level perplexity shifts,
log-likelihood ratios, or sequence-level embedding
distances. We treat this as the most important
methodological extension.

Answer-prior (““Yes”) bias. Instruction-tuned
LLMs are known to exhibit a prior toward affir-
mative answers, which could in principle contami-
nate similarity-based attribution: if the model over-
produces “Yes,” agreement between no-context and
with-context outputs may reflect the shared prior
rather than source-specific alignment. Two prop-
erties of our design bound this risk. First, within
each evaluation panel all (K+1) prompts are is-
sued on the same query set, so the gold-label dis-
tribution is identical across candidate sources by
construction; a global answer prior therefore shifts
all sources’ observed agreement together and is
largely absorbed by the base component 7 rather
than attributed to any individual source. Second,
the quantity CMF factorizes is the residual change
between no-context and with-context outputs, so a
prior common to both cancels to first order. The
residual concern — content-driven label skew that
differs across candidate datasets masquerading as
source alignment — is testable from collected out-
puts via per-dataset label distributions, a majority-
label baseline, an output-permutation test, and re-
estimation on label-balanced subsets. We note
that the permutation test must destroy the query-
level correspondence between no-context and with-
context outputs (e.g., by shuffling with-context out-
puts across queries within each source condition
while preserving marginal answer frequencies): be-
cause the similarity in Eq. (1) is equality-based, a

global relabeling of answers leaves it — and hence
CMF — exactly unchanged, so a naive global
Yes/No flip tests nothing. Under a valid output
permutation, source separation should collapse to-
ward the uniform weight 1/K if the signal were a
label-prior artifact.

Retrieval and chunking. Our RAG setup uses a
512-token chunk size, chosen based on the average
passage length in BoolQ (~108 tokens). Modern
LLMs support much larger contexts (32K-300K
tokens), which could improve retrieval for datasets
with longer passages and may interact with attribu-
tion stability. We have not systematically studied
how chunk size, top-k, reranking, or long-context
strategies affect the CMF-SCM gap.

Construct validity: the metric measures
parametric-knowledge alignment, not verified
exposure. Both SCM and CMF operate on the
residual change in the LLM’s output when a candi-
date dataset is supplied as RAG context. This signal
is closer to “how much does the model already pro-
duce Dy-aligned answers on @ than to “did Dy,
appear verbatim in pretraining.” The two are corre-
lated but not identical. We see this directly in our
results: FakeQ was constructed by us and is unseen
by every evaluated checkpoint, yet CMF assigns it
TrakeQ ~ 0.5, reflecting topical and structural simi-
larity to BoolQ rather than exposure to FakeQ itself.
Membership-inference methods that operate on
loss or likelihood signals (Shi et al., 2024a; Maini
et al., 2024b) address the strict inclusion question
more directly, at the cost of requiring loss/logit
access; our behavioral framing is complementary,
and we caution against reading CMF/SCM scores
as exposure probabilities in absolute terms. The
temporal/topical-shift confound described by Duan
et al. (2024) for membership-inference benchmarks
also applies to our BoolQ/FakeQ/Olympic2024 or-
dering: the three datasets differ in distribution as
well as exposure status, and the metric is sensitive
to both.

Modeling assumption in CMF. CMF relies on
the assumption (Eq. 4) that providing context cg
collapses the mixture to a base component plus the
kth dataset component. The synthetic identifiability
experiment (Appendix G) shows that CMF recov-
ers the ground-truth mixture weights under this as-
sumption with L; error < 0.10 at noise o < 0.10,
but we cannot directly verify the assumption on
real LLMs. Real LLMs may exhibit interactions
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between sources (e.g. retrieved context cueing the
model to recall pre-trained but unrelated facts) that
the additive mixture does not capture.

Phi-3 similarity pipeline. Phi-3-mini did not re-
liably produce single-token boolean answers, so
we computed similarity for its outputs via a zero-
shot classifier rather than direct token comparison.
The ablation in Appendix I shows that absolute
attribution values shift by up to one CI width de-
pending on the similarity pipeline used, but the
qualitative dataset and method rankings are pre-
served. Reported Phi-3 numbers should therefore
be interpreted as approximate to within ~0.04 of
the values that would be obtained under a uniform
pipeline across all four models.

Lack of verified ground truth on closed mod-
els. For closed-weight models such as GPT-4,
we cannot verify which datasets were actually in-
cluded in pretraining. We use BoolQ as a proxy
for “likely seen” data, FakeQ as “synthetic unseen,”
and Olympic2024 as “unseen to a high level of
confidence” (verifiable for the open-weight models
whose pretraining cutoff is published, only inferred
for GPT-4). Our validation through controlled
fine-tuning on Olympic2024 establishes ground
truth for the exposure-progression direction (attri-
bution should increase with more training on a tar-
get dataset) but not for the absolute mapping from
7, to pretraining inclusion. Absolute attribution
values should therefore be interpreted relative to
each other within a model rather than as exposure
probabilities.

Comparison to ContextCite is task-level, not
span-level. ContextCite produces per-span attri-
bution within a single retrieved context. We com-
pare against it by summing per-chunk attributions
per source, but a finer-grained study would also
compare span-level alignment on tasks where in-
dividual spans of context contain the answer. We
leave this comparison to future work.

Ethical Considerations

Our attribution methods rely on behavioral proxies
and prompt-based perturbations. While scalable
and applicable to black-box LLMs, these proxies
introduce risks of misinterpretation. Attribution
scores may reflect prompt sensitivity or stylistic
alignment rather than true data influence — espe-
cially when prompts are imperfectly calibrated or
when retrieval introduces confounds. We therefore

frame attribution scores as diagnostic signals, not
absolute ground truth.

There is also a risk of overfitting attribution to
retrieval artifacts: if retrieval systems consistently
surface stylistically similar but semantically irrel-
evant passages, attribution may overestimate their
influence. Careful design of the retrieval pipeline
and explicit reporting of retrieval configurations
are needed to mitigate this risk.

The Olympic 2024 dataset was constructed
from publicly available Kaggle data on the Paris
2024 Olympics. We manually generated Yes/No
question-answer pairs for evaluation and split them
into training, validation, and test partitions. No
personally identifying information was collected,
and all source material is publicly available.

Dual-use considerations. Because CMF and
SCM require only input—output access, a third
party could in principle probe whether a propri-
etary or sensitive corpus is behaviorally aligned
with a deployed closed-weight model, raising pri-
vacy and trade-secret concerns for model providers
and data owners. Two factors mitigate this risk.
First, the construct-validity limits we document
are themselves a safeguard: FakeQ receives non-
trivial CMF mass despite provably zero exposure,
so CMF scores cannot support definitive member-
ship or inclusion claims, capping their evidentiary
value in adversarial settings. Second, provider-
side defenses are straightforward: per-account
prompt-budget limits raise the cost of assembling
the (K+1) x m prompt matrix, and output ran-
domization (temperature, sampling variation across
identical prompts) directly degrades the residual-
similarity signal both estimators rely on. We en-
courage providers weighing such defenses to bal-
ance them against the legitimate auditing uses (data
valuation, unlearning verification, compliance) that
motivate this work.

Finally, as attribution becomes a tool for model
auditing, data valuation, and copyright analysis,
there is a risk of its use being perceived as defini-
tive. Attribution is fundamentally relative and sen-
sitive to framing; results should be combined with
complementary evidence (e.g., training-data inven-
tories, memorization audits) before being used to
support claims of inclusion, exclusion, or compen-
sation.
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Input: Instruction-tuned LLM M ; queries
Q ={q,-..,qn}; datasets
Dy,...,Dk.

1 for g € Q) do

2 Compute output without context:

y = M(q);

3 fOl‘Sg{Dl,...,DK}\{Dk}dO

4 Use RAG to create contexts cg and
¢su{p,} from the datasets in .S and
Dy;

5 Compute y | cs = M(q | ¢g) and
Y| csugp,y = M(q | esuqp,y);

6 Compute similarities sg and
SSU{Dx}>

7 end

8 Compute ¢ (q) via Eq. (2);

9 end

Result: Return the average ¢y, over the m

queries.

Algorithm 1: Shapley Context Method
(SCM)

B Prompts

General Question Prompt: “Read the context pro-
vided and answer the following question: {ques-
tion}”

Contextual Understanding Prompt: “Based on
the information in the context, what can you con-
clude about the following question? {question}”

Summarization Prompt: “After considering the
context below, summarize your answer to this ques-
tion: {question}”

Opinion-Based Prompt: “Given the details in
the context, what is your opinion on the following
question: {question}”

Detail Extraction Prompt: “Extract relevant in-
formation from the context to answer this question:
{question}”

Fact-Checking Prompt: “Using the context pro-
vided, verify the accuracy of the following state-
ment: {question}”

Table 2 shows the average accuracy computed
by comparing predictions with the BoolQ ground
truth.

C FakeQ construction

FakeQ is a synthetic perturbation of BoolQ de-
signed to preserve topical distribution and template

Input: Instruction-tuned LLM M ; queries

Q= {(117 cey qm}; datasets
Dy,...,Dg.

1 for g € Q do

2 Compute output without context:

Py | q,c0) = M(q);
3 fork=1,...,Kdo

4 Use RAG to create context ¢ from
dataset Dy;

5 Compute the output with context:
Py | ¢ cx) = M(q | cr);

6 end

7 end

s Build matrix P with P ; = p(y | g5, c);
9 Solve Eq. (6) via alternating projected least
squares to obtain 7;

Result: Return the contribution vector 7.
Algorithm 2: Context Mixture Factorization

(CMF)

structure while removing surface-text overlap with
the original BoolQ corpus.

Generation procedure. Starting from the BoolQ
validation split, for each (question, passage,
boolean answer) triple we apply the follow-
ing pipeline: (i) we identify all named enti-
ties in the question and passage using spaCy’s
en_core_web_lg model; (ii) we replace each en-
tity with a randomly sampled entity of the same
type from a held-out pool drawn from Wikipedia
(e.g., person — person, location — location,
date — date); (iii) we re-render the question
and passage with the substituted entities; (iv) we
paraphrase non-entity content with an instruction-
tuned model (Mistral-7B-Instruct, temperature 0.0,
prompt: ‘“Paraphrase the following passage while
preserving meaning and the Yes/No answer to the
question:”); (v) we discard any (question, passage)
pair where the new passage no longer entails the
original boolean answer.

Label verification. For step (v) above, we au-
tomatically check label consistency by prompting
GPT-4 with the perturbed (question, passage) and
comparing its answer to the original BoolQ label.
We retain only pairs where GPT-4 agrees with the
original label and confidence is high (“Yes” or
“No”, not “I don’t know”). This filter drops ~22%
of candidate pairs. We additionally hand-verify a
random sample of 200 retained pairs; 188 (94%)
were judged correct by the annotator. Because GPT-
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4 is used only as a label-consistency filter during
dataset construction and not to generate the model
outputs that go into attribution, this step should not
give GPT-4 an unfair advantage in the FakeQ attri-
bution evaluation. We nonetheless flag the GPT-4
dependence here, and future work should include
independent human verification at larger scale or
use a labeller drawn from a different model family.

Leakage check. Because BoolQ is publicly avail-
able, a model that has memorized BoolQ could in
principle recognize the topical structure of a FakeQ
question. To bound this, we measure word-level n-
gram overlap between each FakeQ passage and the
closest BoolQ passage. The mean 5-gram overlap
15 0.03 (vs. 0.71 for the unperturbed BoolQ-against-
BoolQ baseline), supporting the claim that the sur-
face text differs substantially from any BoolQ train-
ing instance.

Generator-style caveat. We acknowledge a po-
tential circularity: the FakeQ paraphraser is Mistral-
TB-Instruct-v0.2, which is also one of the four eval-
uated LLMs. Stylistic alignment between Mistral-
generated FakeQ contexts and Mistral’s own out-
puts could in principle inflate Mistral’s similarity-
based attribution score on FakeQ relative to other
LLMs. The 5-gram leakage check above bounds
surface-level overlap with BoolQ but does not ad-
dress this generator-style confound. The Panel B
numbers themselves, however, argue against a ma-
terial effect: generator-style bias would predict
Mistral elevated above the other models on FakeQ,
whereas Mistral’s CMF value (0.51) sits strictly in-
side the cross-model range (0.48-0.53), with GPT-
4 — which played no role in FakeQ construction —
highest at 0.53. Re-generating FakeQ with a para-
phraser outside the evaluation pool and re-running
the FakeQ row of Table 1 remains a planned ro-
bustness check, and we flag this dependency for
transparency.

Scale. The final FakeQ corpus contains 2,000
(question, passage, answer) triples, matching the
BoolQ and Olympic2024 evaluation set sizes used
in the main paper.

Example. Original BoolQ: “Is the Eiffel Tower
located in Paris?” / “The Eiffel Tower (French:
tour Eiffel) is a wrought-iron lattice tower on the
Champ de Mars in Paris, France.” / Yes. Perturbed
FakeQ: “Is the Burj Khalifa located in Hanoi?” /
“The Burj Khalifa (Vietnamese: thdp Burj Khalifa)
is a stainless-steel skyscraper on the Thanh Long

peninsula in Hanoi, Vietnam.” / Yes. (The label is
preserved because the new passage entails the new
question.)

D Olympic 2024 Dataset

The Olympic 2024 dataset was constructed by
sourcing textual snippets from publicly available
Kaggle datasets (Kaggle, 2024) related to the Paris
2024 Olympics. Since no structured QA dataset
existed for this event, question-answer pairs were
manually generated for each context snippet to cre-
ate a well-defined evaluation framework. For each
retrieved context, three binary (Yes/No) question-
answer pairs were created: one for training, one
for validation, and one for testing. The training set
was used to fine-tune the models, allowing them to
incorporate Olympic-related information. The vali-
dation set was used to evaluate attribution metrics,
ensuring that the methods assessed data influence
without direct exposure during training. The test
set was reserved for evaluating generalization af-
ter fine-tuning and unlearning experiments. This
design follows the structure of BoolQ, making it
easier to analyze how fine-tuning impacts attribu-
tion and how well unlearning methods reduce the
model’s reliance on the dataset.

E Effectiveness of RAG

To evaluate the effectiveness of context provision
via RAG, we measured the accuracy of various
LLMs when answering questions from the BoolQ
dataset. The experiment compared performance
across different scenarios: without any context,
with only the BoolQ context, with contexts from
five other datasets, and with all datasets combined.
Results are summarized in Table 2.

Table 2: Accuracy of LLMs with different contexts.

Context Bloomz GPT-4 Mistral Phi-3
No Context 0.43 0.73 0.68 0.70
BoolQ as RAG 0.74 0.87 0.85 0.82
Five Datasets Only ~ 0.35 0.64 0.60 0.45
All Data + BoolQ 0.73 0.84 0.82 0.83

The baseline (No Context) setting reveals inher-
ent differences in the LLMs’ capabilities. GPT-
4 has the highest baseline accuracy at 0.73, fol-
lowed by Phi-3 at 0.70 and Mistral 7B at 0.68,
indicating robust pretraining. Bloomz shows lower
accuracy at 0.43, highlighting its dependency on
contextual data. When BoolQ context is provided
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via RAG, all models show significant accuracy im-
provements. Providing context from five datasets
(excluding BoolQ) leads to accuracy drops, con-
firming that less relevant data are less helpful for
BoolQ queries. Combining all datasets with the
BoolQ context yields slight decreases for GPT-4
and Mistral 7B, suggesting that additional datasets
introduce noise.

F Per-source attribution breakdowns

Table 3 reports CMF’s full raw mixture weights on
the BoolQ evaluation (discussed in §4); Tables 4-5
report the companion SCM and TRAK per-source
attribution on BoolQ. Tables 6 and 7 report the
same for FakeQ; Tables 8 and 9 for Olympic2024.

Table 3: Raw CMF mixture weights 7 on the BoolQ
evaluation (columns sum to 1.00 by the simplex con-
straint in Eq. 6). The last row reports the source-
normalized BoolQ weight Tp,010 used in Table 1.

Source Bloomz GPT-4 Mistral Phi-3
TBase 0.05 0.08 0.06 0.05
TBoolQ 0.60 0.62 0.61 0.59
TTChemistry 0.09 0.06 0.07 0.08
T'Natural Sci 0.07 0.06 0.07 0.07
7T'History 008 007 007 007
T'Biology 0.06 0.05 0.06 0.07
TLaw 0.05 0.06 0.06 0.07
Column sum 1.00 1.00 1.00 1.00
TholQ = Toma 063 067  0.65 062

Table 4: SCM Shapley values ¢ on BoolQ.

Source Bloomz GPT-4 Mistral7B  Phi-3
PBoolQ 0.48 0.59 0.57 0.50
@Chemistry 0.10 0.08 0.09 0.10
PNatural Sci 0.12 0.09 0.10 0.11

@History 0.11 0.10 0.10 0.11

PBiology 0.10 0.07 0.08 0.10
PLaw 0.09 0.07 0.08 0.08

Table 5: TRAK scores per source for Phi-3 and Bloomz
on BoolQ.

Source Phi-3  Bloomz
BoolQ 0.58 0.61
Chemistry —-0.08 —0.10
Natural Science 0.20 0.22
History 0.18 0.19
Biology —-0.05 —0.06
Law 0.07 0.09

FakeQ per-source breakdown. Attribution val-
ues for FakeQ are noticeably lower than for BoolQ.

For example, ¢rueq ranges from 0.28 to 0.36
across the LLLMs, compared to 0.48 to 0.59 for
®BoolQ- CMF assigns higher scores than SCM,
with {722 ranging from 0.48 to 0.53, consistent
with CMF detecting residual structural similarity
between FakeQ and BoolQ.

Table 6: SCM Shapley values ¢, on FakeQ.

Source Bloomz GPT-4 Mistral7B  Phi-3
PFakeQ 0.32 0.36 0.33 0.28
PChemistry 0.08 0.06 0.07 0.08
DNatural Sci 0.09 0.07 0.08 0.09
PHistory 0.08 0.07 0.08 0.08
PBiology 0.07 0.05 0.06 0.07
GLaw 0.06 0.05 0.06 0.06

Table 7: Raw CMF mixture weights 7w on FakeQ
(columns sum to 1.00). The last row reports the source-
normalized FakeQ weight Tpakeq used in Table 1.

Source Bloomz GPT-4 Mistral Phi-3
TBase 0.06 0.09 0.07 0.06
T FakeQ 0.46 0.48 0.47 0.45
T Chemistry 0.10 0.09 0.10 0.10
TNatural Sci 0.10 0.08 0.09 0.10
THistory 0.10 0.09 0.09 0.10
TBiology 008 009 009 009
TLaw 0.10 0.08 0.09 0.10
Column sum 1.00 1.00 1.00 1.00
TrikeQ = Tome 049 053 051 048
Olympic2024 per-source breakdown.
Olympic2024 attribution values are signif-

icantly lower than both BoolQ and FakeQ;
®olympic2024 ranges from 0.07 to 0.11. CMF
assigns lower attribution to Olympic2024 than to
BoolQ/FakeQ, with %"l‘;ﬁ“ ranging from 0.15
to 0.20 — slightly above SCM, indicating CMF
retains some signal even in the post-cutoff regime.

Table 8: SCM Shapley values ¢ on Olympic2024.

Source Bloomz GPT-4 Mistral7B  Phi-3
Polympic2024 0.08 0.11 0.09 0.07
PChemistry 0.04 0.03 0.04 0.05
PNatural Sci 0.05 0.04 0.04 0.05
QHistory 0.05 0.04 0.05 0.05
PBiology 0.04 0.03 0.03 0.04
PLaw 0.03 0.02 0.03 0.03

G Synthetic identifiability experiment

To test whether CMF actually recovers the mix-
ture weights 7 under the modeling assumption
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Table 9: Raw CMF mixture weights 7 on Olympic2024 (columns sum to 1.00). The last row reports the source-
normalized Olympic2024 weight %Olympic2024 used in Table 1. On this post-cutoff dataset no candidate source
matches the model’s parametric knowledge, so the mixture distributes diffusely; for bloomz and Phi-3 the target
weight is comparable to individual control weights (0.14-0.16 vs. 0.15-0.16), and only for GPT-4 and Mistral 7B is
the target weight clearly above individual controls. The source-normalized ratio in the bottom row is correspondingly
close to the 1/(Kgc+1) ~ 0.143 uniform baseline induced by the entropy regularizer at A=10""'. We interpret the
Olympic2024 column primarily as a control that anchors the lower end of the exposure continuum, rather than as an
attribution signal that meaningfully distinguishes target from controls.

Source Bloomz GPT-4 Mistral7B  Phi-3
TBase 0.08 0.11 0.09 0.08
TOlympic2024 0.15 0.18 0.16 0.14
TTChemistry 0.16 0.15 0.15 0.16
T'Natural Sci 0.15 0.14 0.15 0.16
T History 0.16 0.15 0.15 0.16
WBiology 015 014 015 015
TLaw 0.15 0.13 0.15 0.15
Column sum 1.00 1.00 1.00 1.00
Tolympica024 = —OWmie02 () 16 0.20 0.18 0.15

1—7Rase

in Eq. (4), we construct a synthetic experiment
with known ground truth. We fix K'=3 candidate
sources plus a base component and set ground-truth
weights, written in source-first order to match Ta-
ble 10, (7}, 75, 5, m5) = (0.40,0.30,0.20,0.10).
We sample m=200 latent “query truth” values
Pr(y | q) € (0,1) uniformly per source and form
P = TIP + N(0, 0?) following Eq. (4). We run
CMF and SCM with 100 random initializations per
setting and report mean recovered 7 and L4 error.

CMF recovers the rank-ordering of sources at
all noise levels we tested. The L, recovery error
grows roughly linearly in o but remains substan-
tially smaller than that of SCM under the same
simulation (a 2x to 3x gap), supporting the use
of CMF as the primary estimator and SCM as a
simpler comparison method. The relative order-
ing of the recovered 7y, is preserved across all 100
initializations for o < 0.10.

G.1 Scaling the number of candidate sources

The identifiability experiment above fixes K =3.
Because CMF’s prompt cost is linear in K (K41
prompts per query), the binding constraint at larger
source counts is identifiability rather than budget:
condition (a) in §2 predicts degradation when can-
didate sources become mutually indistinguishable
on the query set. Two failure regimes follow from
the structure of Eq. (5). First, as K grows with
mutually distinguishable sources, each additional
source contributes its own with-context row to P,
so pairwise rank agreement between recovered
and true weights should degrade gracefully; ex-
act recovery of the full source ordering, by con-

trast, requires all (}2< ) pairwise comparisons to re-
solve correctly simultaneously, and should there-
fore collapse much earlier than pairwise agreement
— fine-grained total orders over many sources are
the first casualty of scale. Second, when sources
share latent content, the corresponding rows of P
become nearly collinear and the factorization ap-
proaches the unidentifiable regime, inflating both
recovery error and rank inversions regardless of
the query budget m; this failure mode is gov-
erned by source similarity, not by K itself. Both
regimes can be probed with the synthetic proto-
col above — (i) scaling K € {3,5,10,20,50}
with independent sources (ground-truth weights
proportional to K 42—k with m;=0.10, reducing
to the setting above at K =3), measuring L error,
Kendall’s 7, and exact-order recovery; and (ii) fix-
ing K=10 while interpolating each source’s latent
query-truth vector toward a shared common compo-
nent, py < (1—p) Pk + P Peommon — and p sweeps
directly stress condition (a). The same protocol
extends to structured misspecification: generating
P with cross-source interaction terms (violating
the additivity of Eq. 3, per Remark 1) and fitting
the additive CMF quantifies the estimator’s behav-
ior when its modeling assumption fails, comple-
menting the additive-noise robustness in Table 10.
Practically, we recommend (i) checking the empiri-
cal distinguishability of candidate sources (e.g., the
conditioning of the with-context block of P) before
trusting fine-grained rankings at large K, and (ii)
reading CMF output at large K as a coarse parti-
tion into high/medium/low-attribution tiers rather
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Table 10: Synthetic recovery of source-first weights (77, 75, 75, 75) = (0.40,0.30,0.20,0.10) from P = IIP +
N(0,0?%). Values are means over 100 random initializations (standard deviations in parentheses). The final two

columns report L; recovery error for CMF and SCM under the same simulated data.

o 71 (true 0.40) 75 (true 0.30) @3 (true 0.20) 7o (true 0.10) L; err. (CMF)  L; err. (SCM)
0.00 0.41 (0.01) 0.29 (0.01) 0.21 (0.01) 0.09 (0.01) 0.04 0.08
0.05 0.40 (0.02) 0.30 (0.02) 0.22 (0.02) 0.08 (0.02) 0.06 0.12
0.10 0.38 (0.04) 0.31 (0.04) 0.23 (0.04) 0.08 (0.04) 0.10 0.22
0.20 0.35 (0.07) 0.32 (0.07) 0.22 (0.07) 0.11 (0.06) 0.17 0.38

than as a total order. Our main experiments use
K=6, a moderate source count; the synthetic
results above establish recovery directly only at
K =3, and the considerations here caution against
extrapolating fine-grained total orders to substan-
tially larger K.

H Regularization sensitivity

To justify the choice of regularization coefficients
Ar = Ap used throughout the paper, we sweep
over six values and measure the spread of recovered
7 across 100 random initializations on the same
synthetic instance as Appendix G with =0.05.
We report the trace of the covariance matrix of 7
as a single-scalar stability measure; lower is better.

Table 11: Stability of recovered 7 across random
initializations as a function of regularization strength
A=A = A5,

A tr(Cov(w)) Note

0 0.184 Many minima; solutions collapse
10 0.121 Still unstable

1073 0.058 Improving

1072 0.019 Stable

107t 0.006 Used throughout paper

1 0.003 Over-regularized: «# — 1/(K+1)

The solution becomes effectively stable across
initializations at A > 10~2. Weuse A = 10! as
a conservative default that retains stability with-
out collapsing the recovered 7 toward the uniform
prior. At A\ = 1 the recovered weights converge
to within 0.02 of 1/(K+1), confirming that the
regularizer dominates the data term in that regime.

I Phi-3 similarity pipeline ablation

Phi-3-mini did not reliably produce single-token
boolean responses (§3.1), so the main results use
a zero-shot classifier to map its outputs to {Yes,
No, IDK} before computing similarity. To check
that this pipeline choice does not drive the reported
attribution rankings, we re-run SCM and CMF on

Phi-3 with three alternative similarity pipelines:
(1) the zero-shot classifier (default), (ii) direct to-
ken forced-choice (constraining decoding to the
Yes/No/IDK tokens), and (iii) embedding cosine
similarity between the model’s free-form output
and the reference answers.

Absolute attribution shifts by up to 40.04
depending on the similarity pipeline, but
the BoolQ>Olympic2024 ordering and the
CMF>SCM ordering are preserved under all
three pipelines. We conclude that the Phi-3
pipeline choice affects absolute scores by approxi-
mately one CI width but does not flip qualitative
conclusions.

J Scaling and convergence diagnostic

We measure how the CMF estimate of 7ol for
Bloomz stabilizes as the number of queries m in-
creases.

The point estimate stabilizes by m=500 and the
CI half-width drops below 0.02 by m=2,000. We
use m=2,000 throughout the main paper; this pro-
vides a favorable balance between statistical pre-
cision and compute cost, and matches the preci-
sion needed to distinguish the reported CMF-SCM

gaps.
K Full unlearning results

We report CMF and SCM attribution to
Olympic2024 for both bloomz-1bl and Phi-
3-mini, across three fine-tuning learning rates and
three unlearning methods (GA = Gradient Ascent,
RL = Random Labels, AS = Adversarial Samples).
Lower post-unlearning attribution indicates more
effective unlearning.

The qualitative ranking RL < GA < AS is pre-
served across both LLMs, both estimators (SCM
and CMF), and all three fine-tuning learning rates.
The CMF-SCM ratio is largest in the highest-LR
regime, consistent with the main-paper observation
that CMF-SCM gaps grow with the strength of the
underlying signal.
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Table 12: Phi-3 similarity pipeline ablation: SCM and CMF attribution to the target source on BoolQ and
Olympic2024 under three pipelines. Values are mean+95% bootstrap CI half-width over m=2,000 queries.

BoolQ Olympic2024
Pipeline SCM CMF SCM CMF
Zero-shot classifier (default) 0.504+0.04 0.624+0.02 0.07+0.03  0.10+0.02
Direct token forced-choice 0.534+0.04 0.64+0.02 0.0940.03  0.11£0.02
Embedding cosine 0.46+0.04 0.58+0.03 0.064+0.03  0.09+0.03

Table 13: CMF attribution to BoolQ for Bloomz as a
function of query count m, with 95% bootstrap CI half-

width over B=1000 resamples.
m TBoolg  CI half-width
100 0.61 +0.08
500 0.62 +0.04
2,000 0.63 +0.02
10,000 0.63 +0.01

Table 14: CMF attribution to Olympic2024 for bloomz-
1bl across fine-tuning learning rates and unlearning
methods.

FT LR Pre-FT Post-FT +GA +RL +AS
1x107° 0.16 0.41 0.18 0.16 0.22
5x107° 0.16 0.62 031 028 0.38
1x1074 0.16 0.85 034 031 041

Table 15: SCM attribution to Olympic2024 for bloomz-
1bl across fine-tuning learning rates and unlearning
methods.

FT LR Pre-FT Post-FT +GA +RL +AS
1x107° 0.08 0.32 0.12  0.10 0.15
5x107° 0.08 0.54 021 019 0.27
1x107* 0.08 0.75 025 022 030

Table 16: CMF attribution to Olympic2024 for Phi-3-
mini across fine-tuning learning rates and unlearning
methods.

FT LR Pre-FT Post-FT +GA +RL +AS
1x107° 0.10 0.37 0.16 0.15 0.20
5%x107° 0.10 0.58 034 031 040
1x10™* 0.10 0.82 037 033 042

Table 17: SCM attribution to Olympic2024 for Phi-3-
mini across fine-tuning learning rates and unlearning
methods.

FTLR  Pre-FT Post-FT +GA +RL +AS
1x107°  0.07 030 013 011 017
5x107°  0.07 052 023 020 030
1x107*  0.07 072 028 024 033

L Reproducibility details

Model checkpoints. Bloomz:
bigscience/bloomz-1b1 (1.1B
parameters). Mistral 7B:

mistralai/Mistral-7B-Instruct-ve.2 (7.3B).
Phi-3:  microsoft/Phi-3-mini-4k-instruct
(3.8B). GPT-4: OpenAl API
gpt-4-turbo-2024-04-09 snapshot.

Decoding. Temperature 0.0 (greedy) with
max_new_tokens=8 for the boolean answer plus
IDK. For Phi-3 we use max_new_tokens=64 to
capture the longer outputs the zero-shot classifier
then maps to {Yes, No, IDK}. No top-p or top-k
sampling.

Similarity function. For models that emit single-
token answers, sim(y1,y2) = ¥[y1 = yo] at the
token level (Yes/No/IDK). For Phi-3 we apply the
zero-shot classifier before this comparison.

Bootstrap. 95% bootstrap Cls use B=1,000 re-
samples of the query set, fixed random seed (42).
Aggregates are means over evaluation examples af-
ter the per-query aggregation procedure described
in §2.1 (SCM) and §2.2 (CMF).

Hardware. A single AWS EC2 g6.16xlarge
(4xL4 24 GB) instance. Total compute: ~80 GPU-
hours for CMF across all (model, dataset) pairs,
~360 GPU-hours for SCM, ~60 GPU-hours for
TRAK-style scoring.

GPT-4 API budget. GPT-4 calls used approxi-
mately 60,000 API requests across all experiments.
This figure reflects (i) CMF on the full m=2,000
query set for each of the three datasets (~42,000
calls; 7 prompts per query), (ii) the no-context
prompt and retrieval-cosine baseline (negligible
additional calls beyond CMF’s no-context prompt),
and (iii) ContextCite on a 500-query subsample per
dataset (~96,000 calls of the 64-ablation budget).
We did not run SCM on GPT-4 (which would have
required up to 26=64 subset prompts per query,
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~384,000 additional calls) due to API cost. The
total is therefore approximately 1.4x10° calls; the
~60,000 figure in the headline budget reflects only
the CMF and retrieval-cosine portions, with Con-
textCite on GPT-4 reported separately above.

Software. Python 3.11, PyTorch 2.3, Hugging-
Face Transformers 4.42, FAISS-CPU 1.8, scikit-
learn 1.5 (for the LASSO step inside our Con-
textCite implementation and the Phi-3 zero-shot
classifier).

M Extended deep dive into RAG noise
effect

For the BoolQ dataset (Table 18), the per-pair resid-
ual i s = Ssu{p,} — S varies substantially across
LLMs — from —0.32 for Bloomz (strong context
reliance and weak parametric overlap) to —0.03 for
GPT-4 (consistent with prior exposure); Mistral 7B
and Phi-3 show smaller residual magnitudes. We
interpret these only within each model’s own no-
context behavior, not as direct exposure probabili-
ties across models. This cross-model heterogeneity
is the dispersion that SCM aggregates into a single
Shapley statistic; CMF absorbs it into the explicit
o term, which is why CMF’s CIs are tighter.

Table 18: Mean similarities sg and residuals 4, g on
BoolQ across different LLMs (standard deviations in
parentheses).

LLM Ss SSU{Dy} Tk,S
Bloomz 0.86 (0.03) 0.54 (0.02) —0.32(0.02)
GPT-4 0.76 (0.02) 0.73(0.02) —0.03(0.02)
Mistral 7B 0.73 (0.03)  0.79 (0.03) 0.06 (0.02)
Phi-3 0.60 (0.03) 0.63 (0.02) 0.03 (0.02)

For the FakeQ dataset, Bloomz exhibits a mod-
erately negative residual (—0.16) and a slightly re-
duced similarity score (sg = 0.78), indicating that
although FakeQ is not identical to BoolQ, its design
allows the model to relate to it effectively. GPT-4
maintains a low residual (—0.03), reinforcing its
robustness on datasets that resemble those seen
during training. Mistral 7B and Phi-3 show small
positive residuals (0.03 and 0.04, respectively), sug-
gesting that these models benefit from the added
FakeQ context while exhibiting less direct align-
ment compared to BoolQ.

For the Olympic2024 dataset, Bloomz has a less
negative residual (—0.13) and a reduced similarity
score (sg = 0.72), highlighting limited alignment
of this post-cutoff dataset with the model’s pre-

existing knowledge. GPT-4 continues to display
a low residual (—0.03), showing relatively stable
behavior even on post-cutoff data. Mistral 7B and
Phi-3 exhibit small positive residuals (0.03 and
0.05, respectively); we do not interpret these as ev-
idence of exposure — Olympic2024 post-dates the
open-weight checkpoints’ training cutoffs — but
as a mix of generalization to topically adjacent con-
tent, retrieval artifacts, and broad world knowledge
already in the model’s parametric distribution.

Table 19: Mean similarities sg and residuals 7 g for
FakeQ across different LLMs (standard deviations in
parentheses).

LLM Ss SSuU{D;} Tk,S
Bloomz 0.78 (0.04) 0.62(0.03) —0.16 (0.03)
GPT-4 0.69 (0.03) 0.66 (0.02) —0.03(0.02)
Mistral 7B 0.65 (0.04)  0.68 (0.03) 0.03 (0.03)
Phi-3 0.58 (0.04) 0.62 (0.03) 0.04 (0.03)

Table 20: Mean similarities sg and residuals 7 g for
Olympic2024 across different LLMs (standard devia-
tions in parentheses).

LLM ss SSU{Dy} Tk,S
Bloomz 0.72 (0.05) 0.59(0.04) —0.13(0.04)
GPT-4 0.64 (0.03) 0.61(0.03) —0.03(0.03)
Mistral 7B 0.60 (0.04) 0.63 (0.03)  0.03 (0.03)
Phi-3 0.55(0.05) 0.60 (0.04)  0.05 (0.04)

N Additional robustness baselines

This appendix reports additional robustness checks:
a no-context/with-context agreement baseline,
open-weight membership-inference baselines (Min-
K% Prob, Min-K%++, LLM Dataset Inference), a
paired target-vs-control test on CMF’s per-source
weights, a cross-method AUC comparison for sep-
arating likely-seen from post-cutoff data, and a
sanity check against the official context-cite im-
plementation. The main-text pointer is at the end
of §4.5.

N.1 Agreement baseline

We define the per-query agreement rate as the
fraction of queries on which the model’s no-
context answer equals its with-context answer (Ta-
ble 21). Agreement recovers the same coarse
BoolQ>FakeQ>Olympic2024 ordering as CMF,
which is consistent with the construct-validity
caveat in §5: the ordering reflects parametric an-
swerability, not verified exposure. Agreement is,
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however, a single dataset-level stability statistic.
It does not recover per-source weights, does not
estimate 7, does not compare a target source
against background controls, and does not produce
the monotonic source-level response under con-
trolled fine-tuning shown in §4.3 (Fig. 1). CMF’s
added value is the explicit mixture decomposition
and its behavior under controlled exposure.

Table 21: No-context/with-context agreement baseline:
per-query fraction where the model’s no-context and
with-context answers agree. Mean & 95% bootstrap CI
half-width over m=2,000 queries.

Dataset Bloomz GPT-4 Mistral Phi-3
BoolQ 0.83+0.02 0.91+0.01 0.8740.01 0.85+0.02
FakeQ 0.54+0.02 0.62+0.02 0.5840.02 0.56+0.02

Olympic2024 0.43+0.03 0.51£0.03 0.47+0.03 0.4540.03

N.2 Open-weight membership-inference
baselines

We evaluate Min-K% Prob (Shi et al., 2024a), its
Min-K%-++ refinement, and the LLM Dataset Infer-
ence test of Maini et al. (2024b) on the three open-
weight models in our study. None of these methods
is applicable to GPT-4 under our closed-weight API
setting because they require token log-probabilities
or full per-token likelihoods that the chat API does
not expose for arbitrary continuations. Table 22 re-
ports AUC for distinguishing BoolQ (likely-seen)
from Olympic2024 (post-cutoff) per model; CMF’s
AUC under the same task is reported for refer-
ence. Min-K% and Min-K%-++ recover a weaker
membership signal than CMF across all three open-
weight models. Table 23 reports the LLM Dataset
Inference p-value per (model, dataset); the test flags
BoolQ in every case and fails to reject the null for
FakeQ and Olympic2024, qualitatively agreeing
with CMF.

Table 22: AUC for distinguishing BoolQ from
Olympic2024 on open-weight models, K=20% for
Min-K% variants. Mean =+ 95% bootstrap CI half-width
over m=2,000 queries.

Method Bloomz Mistral Phi-3

Min-K% Prob 0.68+0.02 0.61£0.03 0.66£0.02
Min-K%++ 0.71£0.02 0.64+0.03 0.69£0.02
CMF (ref.) 0.86+£0.02 0.84+0.03 0.83+0.03

N.3 Paired target-vs-control test on CMF

Per query, we compare the CMF target-source
weight against the strongest control-source weight

Table 23: LLM Dataset Inference (Maini et al., 2024b)
p-values on the open-weight models. Lower p indicates
stronger evidence against the “not in training” null hy-
pothesis. The test flags BoolQ across all three models
and fails to reject for FakeQ and Olympic2024, qualita-
tively agreeing with CMF.

Dataset Bloomz Mistral Phi-3

BoolQ <0.001 <0.001 <0.001
FakeQ 041 ns. 038ns. 045n.s.
Olympic2024 0.52 n.s. 049 n.s. 0.47 n.s.

using a Wilcoxon signed-rank test (Table 24).
On BoolQ and FakeQ the target dominates the
strongest control with p < 0.01 for every model.
On Olympic2024 the separation is significant for
GPT-4 (p=0.02) and Mistral 7B (p=0.04) but not
for Bloomz (p=0.18) or Phi-3 (p=0.23). We inter-
pret this honestly: the per-source signal is weaker
on smaller models and on post-cutoff data, consis-
tent with the softened wording on Table 9. The met-
ric should be read cautiously in this regime, and ab-
solute weights should be compared to within-model
controls rather than as exposure probabilities.

Table 24: Wilcoxon signed-rank test: does the CMF
target-source weight exceed the strongest control across
queries? n.s. marks p > 0.05.

Dataset Bloomz GPT-4 Mistral Phi-3
BoolQ <0.001 <0.001 <0.001 <0.001
FakeQ <0.001 <0.001 <0.001 <0.01
Olympic2024 0.18 n.s.  0.02 0.04 0.23n.s.

N.4 Cross-method AUC for
seen-vs-post-cutoff separation

Table 25 reports the AUC for separating likely-
seen (BoolQ) from post-cutoff (Olympic2024) ex-
amples, pooled across queries and averaged over
models on which a given method is applicable
(CMF/SCM/Agreement/Retrieval-cosine over all
four models; Min-K% Prob over the three open-
weight models). CMF yields the strongest seen-vs-
post-cutoff separation among the tested methods;
retrieval-cosine is near chance, which is consis-
tent with the headline observation that retrieval
relevance alone does not explain the attribution
ordering.

N.5 Sanity check against the official
context-cite implementation

We re-run ContextCite on Phi-3-mini using the of-
ficial context-cite library released by Cohen-
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Table 25: Cross-method AUC for distinguishing likely-
seen BoolQ from post-cutoff Olympic2024. Mean +
95% bootstrap CI half-width.

Method AUC

CMF (ours) 0.8540.02
SCM (ours) 0.7940.03
Agreement baseline 0.7840.02
Min-K% Prob (K=20%) 0.6640.02
Retrieval-cosine 0.51£0.02

Wang et al. (2024) and aggregate per-chunk at-
tributions to dataset level using the same pro-
cedure as our re-implementation. Table 26
shows that the official implementation repro-
duces the same qualitative ordering on Phi-3-mini
(BoolQ<FakeQ<Olympic2024 for ContextCite,
i.e., the predicted inversion relative to CMF/SCM),
with all differences within bootstrap uncertainty.
The Olympic2024 inversion reported in Table 1 is
therefore not an artifact of our adaptation.

Table 26: ContextCite source-level attribution on
Phi-3-mini: our re-implementation vs. the official
context-cite library. Mean & 95% bootstrap CI half-
width.

Dataset Our reimpl.  Official A
BoolQ 0.46£0.03  0.48+0.03 +0.02
FakeQ 0.54+0.03  0.55+0.03 +0.01

Olympic2024 0.66+0.03 0.69+0.03 +-0.03
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