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Abstract

As large language models (LLMs) are trained
on increasingly vast and opaque text cor-
pora, determining which data contributed to
training has become essential for copyright
enforcement, compliance auditing, and user
trust. While prior work focuses on detecting
whether a dataset was used in training (mem-
bership inference), the complementary prob-
lem—verifying that a dataset was not used- has
received little attention. We address this gap by
introducing PRISM, a test that detects dataset-
level non-membership using only grey-box ac-
cess to model logits. Our key insight is that
two models that have not seen a dataset exhibit
higher rank correlation in their normalized to-
ken log probabilities than when one model has
been trained on that data. Using this observa-
tion, we construct a correlation-based test that
detects non-membership. Empirically, PRISM
reliably rules out membership in training data
across all datasets tested while avoiding false
positives, thus offering a framework for verify-
ing that specific datasets were excluded from
LLM training.

1 Introduction

Large Language Models (LLMs) owe their broad
general-purpose capabilities to training on mas-
sive, diverse corpora of high-quality text (Wettig
et al., 2024). Much of this material is scraped
from the open internet, raising complex legal and
compliance issues for every stakeholder in the
ecosystem—from content creators and publishers
to model developers and end-users. Many publish-
ers have filed legal challenges that their content
has been used without authorization and compensa-
tion to train LLMs and face the burden of proving
that their data has been used for training (Brittain,
2024; Stempel, 2023). On the flip side, LLM train-
ers face the opposite burden of proving that they
have not used a given dataset for training. Simi-
larly, enterprises onboarding LLMs for internal use

must perform compliance audits of these models to
understand the legal risk in using these models in
case the models have been trained using proprietary
datasets. Similar verification is essential for enter-
prises that adopt third-party LLMs, which must
audit models for potential exposure to proprietary
or restricted data to assess legal and compliance
risk. Non-membership detection is equally critical
when users or organizations wish to ensure that sen-
sitive or legally protected datasets—shared under
agreements restricting their use for training—have
genuinely been excluded. As modern LLMs are in-
creasingly trained on corpora approaching “the sum
of all human text,” the ability to reliably establish
what a model has not seen becomes as important
as identifying what it has.

Membership inference attacks (MIA) have been
studied in the literature to assess whether a cer-
tain dataset has been used to train a model (i.e., is
a member of the training data) (Shi et al., 2023;
Zhang et al., 2024b). These MIA scores typically
rely on analyzing the token probabilities and com-
paring the token probabilities of member data (i.e.,
used for training) against non-member data (not
used during training) from the same distribution.
Member data typically has a higher probability
than similar data not seen during training. How-
ever, these methods were shown to overfit to dis-
tributional differences between member and non-
member data and performed no better than ran-
dom once these differences were corrected (Duan
et al., 2024). To address this issue, LLM Dataset
Inference (DI) was proposed (Maini et al., 2024).
LLM-DI does not perform inference on each docu-
ment in a dataset but instead performs inference on
the entire dataset. As this reduces variance due to
outliers, we adopt this setting in our work.

However, LLM-DI and previously proposed
MIA techniques have two major limitations. Firstly,
they require access to known non-member data
from an identical distribution to detect member-
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ship. In practice, obtaining such a distribution-
ally matched reference dataset is rarely feasible,
especially for proprietary or domain-specific cor-
pora. Second, existing methods are inherently
one-sided: they are designed only to provide ev-
idence for membership in the training data. To
date, no method to the best of our knowledge ex-
plicitly addresses the complementary problem of
non-membership detection, i.e., ruling out that a
dataset was used during training. Methods like
LLM-DI perform a one-tailed hypothesis test and
can either detect that a dataset was used for training
or fail to detect this. Mere failure to detect mem-
bership does not automatically imply evidence of
non-membership. This asymmetry leaves open a
crucial gap: how to confidently demonstrate that a
model has not been trained on a given dataset.

To address these limitations, we propose Nor-
malized token log Probability Rank correlation
Inference using Spearman for non-Membership de-
tection (PRISM). We use the Min-K%-++ score as
our signal for detecting membership. Min-K%-++
computes the average of the lowest K token log
probabilities in any document, normalized using
the mean and variance over the model’s vocabu-
lary. We begin with a reference model known not
to have been trained on the suspect dataset and a
target model whose training history we wish to test.
Our central insight is that the Spearman rank cor-
relation between the Min-K%-++ scores produced
by these two models serves as a reliable indicator
of dataset membership. If the target model has not
been trained on the dataset, both models—being
sufficiently capable language models—will rank
documents according to their underlying linguistic
difficulty, yielding a high correlation. Conversely,
if the target model has been trained on the dataset,
memorization effects distort this ranking, leading
to a lower correlation.

Our core contributions are as follows:

1. We propose the task of dataset-level non-
member detection and demonstrate that
PRISM reliably detects non-membership
across all datasets and models using only the
logits of the model.

2. PRISM does not require access to any addi-
tional reference datasets that were known to
be held out from training a model, which is re-
quired by existing methods and is challenging
to obtain in practice (Zhao et al., 2025).

3. PRISM can be performed with as few as 100
documents, making it practical to use.

2 Related Work

Membership Inference Attack. Early research
on membership inference attack (MIA) focused
on simpler neural architectures and convolutional
neural networks, and involved training multiple
shadow models on various dataset partitions to
extract features indicative of membership status
(Shokri et al., 2017). However, this shadow model
approach does not scale to LLMs due to their
large parameter count and computational demands.
To address this limitation, more recent work has
shifted towards using the log probability scores
produced by LLMs to distinguish between member
and non-member data points (Zhang et al., 2024b;
Shi et al., 2023).

To facilitate the evaluation of these log-
probability-based MIA techniques, researchers in-
troduced benchmark datasets such as WikiMIA
(Shi et al., 2023) and PatentMIA (Zhang et al.,
2024b). These datasets were curated by selecting
documents published before the LLM’s training
cutoff as members and those published after as
non-members. However, subsequent analysis re-
vealed that the effectiveness of these attacks was
largely attributable to temporal artifacts inherent in
the dataset construction process. Temporal shifts
lead to shifts in the specific language used in the
member and non-member datasets, which is what
these methods detected. When member and non-
member data were drawn from the same distribu-
tion, the performance of all evaluated MIA methods
dropped to no better than random, indicating that
prior methods did not infer membership but rather
they exploited these temporal signals (Duan et al.,
2024; Maini et al., 2024; Das et al., 2025).
Dataset Inference. Unlike traditional membership
inference attacks, which aim to determine the mem-
bership status of individual data points, Dataset
Inference (DI) shifts the focus to assessing the like-
lihood that an entire dataset was included in the
training process (Maini et al., 2024). Rather than
producing granular, document-level predictions, DI
seeks to estimate a confidence score for the entire
dataset. This approach is motivated by the observa-
tion that LLM training pipelines often ingest data
in bulk from specific sources, resulting in groups of
related documents being consistently present in the
training set. By aggregating signals across multiple
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Figure 1: Overview of PRISM. Logits of Reference LLM, Target LLM, and Distilled Reference LLMs are used
to calculate Min-K%++ scores, and the corresponding ranking of the scores. Final statistical testing for non-
membership detection is dependent on the rank correlation between the reference and target model, and the rank
correlation between the distilled reference and target model.

documents, DI not only amplifies the overall de-
tection capability but also mitigates the impact of
noisy or anomalous samples (Shetty et al., 2025).

3 Preliminaries

3.1 Problem setup

We consider the setting in which a verifier wishes
to detect with high confidence whether a given
suspect dataset D was not used in training a target
LLM (non-membership detection), denoted by M.
D is a collection of documents {z("}7_, where
each (") = (xgl),xg), e ’331(@?) is a sequence of
tokens drawn from a vocabulary V. We assume
grey-box access to M, meaning that for each to-
ken x; in a sequence x, we can query the model
to obtain its log probabilities over the known vo-
cabulary V. Formally, for a prefix z;, we may
compute

Unpp (g | w<y) = log Py | 2<y; M),

where P(- | z<; Mp) denotes Mp’s predicted dis-
tribution over V at step ¢. Crucially, we do not as-
sume access to model parameters or gradients. This
level of access is consistent with what is available
for some commercial LLM APIs. Using model log-
its is more informative than a black-box approach
but less so than using deeper layers of the model
(Chen et al., 2025a). Our choice of a grey-box ap-
proach is motivated by practical applicability rather
than downstream performance, as access to target
model weights is often not feasible.

Reference LLM. We assume access to a refer-
ence LLM (Mg), which is open-source and known
not to have been trained on D. Such a model can of-
ten be identified by leveraging release dates: if the
suspect dataset’s public availability date is known,
a model whose training data cutoff predates that
release can be used as M. In practice, for many
types of data, such as scientific literature, news
articles, and online forums, establishing such a
timestamp is feasible.

3.2 Min-K%++

Many scores have been proposed for membership
detection, such as LOSS (Yeom et al., 2018), Min-
k (Shi et al., 2023), and zlib (Carlini et al., 2021)
(Appendix E). Min-K%-++ (Zhang et al., 2025) fo-
cuses specifically on the K% of tokens that have
the lowest normalized likelihood under a model.
Min-K%++ incorporates normalization relative to
the mean and variance of token log probabilities.
Formally, given an autoregressive model M and
a token sequence x = (x1,x2, ..., Z,), define the
token-level normalized log probability as

z(xy; M) = log P(x¢ | x<4; M) — :“x<t’

Oy

where

Py = Ez~P(-|:C<t;M)[10gP(Z | T<t; M)]a
Opey = \/Varzwp(.ud;M)[log P(z | x<y; M)].

Here, 1., represents the expectation of the log
probability distribution for the next token given
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the prefix x ¢, and o,,_, denotes the corresponding
standard deviation. Var denotes the variance.

The Min-K%++ score for a sequence z is de-
fined as the average of the normalized log prob-
abilities z(x; M) over the K% of tokens in the
sequence with the lowest values (indicating highest
surprisal):

Min-Ko%++ (xQ M)

1
= Mink(2)| Z z(xy; M).

¢ €Min-K(z)

This normalization allows Min-K%-++ to better
distinguish sequences that are part of the train-
ing data from those that are not, by highlighting
the relative surprisal of the most unlikely tokens
while making it robust to absolute probability shifts
across tokens. Critically, prior work (Zhang et al.,
2025) has shown that the Min-K%-++ score the-
oretically corresponds to measuring the negative
trace of the Hessian matrix of the log-likelihood
log P(xy | w<y; M). Intuitively, training via
maximum-likelihood directly reduces the curva-
ture (Hessian trace) of the loss landscape at train-
ing examples, thereby causing their corresponding
Min-K%-++ scores to increase.

3.3 Empirical motivation for PRISM

To ground our approach, we begin with an em-
pirical observation using the Pythia-410m model
family. We compute the Min-K%-++ scores of
documents under both the original Pythia-410m
model and a version that has undergone contin-
ued pretraining on additional data, referred to as
Pythia-410m-CPT. Specifically, Pythia-410m-CPT
was trained on several datasets drawn from the Pile
validation split (listed in Table 1)—datasets that
were not part of the original Pythia-410m train-
ing—and exposed to an additional six billion to-
kens of text.

We then measure the Spearman rank correla-
tion of Min-K%++ scores between each model
(Pythia-410m or Pythia-410m-CPT) and a set of in-
dependent reference models from the same Pythia
family that have not seen these datasets. Across
all datasets and reference models, we observe a
consistent pattern: the rank correlation between the
untrained Pythia-410m and each reference model is
higher than that between the trained Pythia-410m-
CPT and the same reference model. Among sev-
eral membership-inference metrics we tested, Min-

K%-++ produced the most consistent and separable
differences (see Appendix F).

This pattern suggests an intuitive mechanism.
Two transformer models trained on large, overlap-
ping web corpora but not exposed to the target
dataset will tend to share similar priors about lin-
guistic difficulty and token surprisal, leading them
to rank documents in roughly the same order. When
one of these models is later trained on that dataset,
memorization effects perturb these priors and alter
the ranking, thereby lowering the rank correlation.

This observation motivates our hypothesis: The
relative rank correlation between a target model
and a reference model can serve as a robust signal
of dataset membership. In particular, a higher corre-
lation with a reference model that has not seen the
data—compared to one that has—provides strong
evidence of non-membership. The next section for-
malizes this idea into a statistical test capable of
detecting non-membership.

Table 1: Rank correlation coefficients over different
datasets between Pythia reference models of different
sizes computed against Pythia-410m and Pythia-410m-
CPT. Each of the datasets was held out from training
the vanilla model as well as each reference model in the
columns, but was used during continued pretraining of
Pythia-410m-CPT with 6 billion additional tokens.

Dataset Pythia-1b Pythia-2.8b Pythia-6.9b
410m 410m-CPT [ 410m 410m-CPT | 410m 410m-CPT
ArXiv 0.82 0.45 0.75 0.42 0.72 0.37
HN 0.71 0.40 0.74 0.40 0.68 0.41
cCc 0.80 0.50 0.77 0.46 0.70 0.42
Wikipedia | 0.84 0.25 0.80 0.25 0.77 0.21
PubMed 0.84 0.33 0.79 0.29 0.77 0.30

4 Methods

4.1 Comparing Rank Correlations

PRISM operates by comparing how the suspect
dataset is ranked, in terms of difficulty, across three
models: (1) the target model (M), (2) the refer-
ence model (Mpg), and (3) a derived model called
the distilled reference (Mp). Figure 1 illustrates
this setup.

The distilled reference is created by fine-tuning
the reference model on the suspect dataset while
performing knowledge distillation from the target
model. This dual training process uses the target
model as a teacher—aligning the logits of the dis-
tilled reference with those of the target—while si-
multaneously training it on the suspect data. As
a result, Mp approximates how the target model
would behave if it had been trained on the dataset,

5417



effectively serving as a proxy for “the target model
exposed to D.”

PRISM computes Min-K%++ scores for all
documents in the dataset using each of the three
models and evaluates their Spearman rank correla-
tions. If the target model has not been trained on
the suspect data, its correlation with the reference
model will exceed its correlation with the distilled
reference, since only the latter has been exposed
to D. Conversely, if the target model has been
trained on D, it will align more closely with the
distilled reference, resulting in higher correlation
with it due to knowledge distillation. A crucial
practical consideration is balancing the fine-tuning
and distillation when training the distilled refer-
ence. Excessive distillation can make the model
too similar to the target, obscuring the difference
in rank correlations.

We use rank correlations here as they are robust
to changes in model scale between the target model
and scoring model. They are also robust to outliers
(Schober et al., 2018; Tabatabai et al., 2021).

4.2 Training Mp

We obtain M p by simultaneously fine-tuning on D
and performing knowledge distillation using the
logits of M7 to minimize the Kullback-Leibler
(KL) divergence (Kullback and Leibler, 1951) be-
tween the probability distributions of the target and
reference models (Figure 2).

The loss used to obtain M p from Mg is a linear
combination of a supervised cross-entropy loss on
the true tokens and a distillation term encouraging
Mp to match the logits of M. Formally, during
training, we minimize the following loss over D.

|z

LO)=(1=NEsp ¥ CE(Puy, 0z,

=1 cross-entropy on ground truth
||

+ )\7—2 Ea;ND ZKL(PMT || PMD)7
t=1

knowledgevdistillation

where, J,, is the one-hot distribution on the ob-
served token z;, CE denotes the cross-entropy, and
A € [0, 1] balances the two terms. ¢ are the pa-
rameters of Mp. Here P, is used as short hand
for Pps(- | x<¢) for each model. Each probability
distribution used in the KL term is obtained from
the logits z € Rl with Py, = softmax(%) where

T is the softmax temperature. The factor of 72 is

Distilled
Reference
LLM

Reference
LLM

Target LLM

Logits

Figure 2: Overview of distilling the reference model.
The distillation is dependent on two components: cross
entropy of the reference model and KL divergence be-
tween the output probability of the target and reference
model.

standard in knowledge distillation (Hinton et al.,
2015) and is used to ensure the gradients from the
cross-entropy and KL-divergence term are scaled
similarly. We use A = 0.7 and 7 = 2, which were
obtained after a hyperparameter study (Appendix
G). See Appendix C for more training details.

Knowledge distillation in this case only requires
access to the logits of the target model. In general,
the vocabularies of M and Mp may be different.
When the vocabularies of the two models are differ-
ent, it is necessary to align tokens when computing
the KL divergence. This is a well-studied problem
in the literature (Chen et al., 2025b; Boizard et al.,
2024). We do not perform an explicit alignment, as
the target and reference models in our study either
share the same tokenizer or a similar one.

4.3 Hypothesis Testing via Rank-Correlation
Comparisons

Define the Spearman rank correlation between the
Min-K%++ scores ouput by models M4 and Mp
over D as

p(Ma, Mp;D) =

corr (rank({fMin_K%++ (x(i) s Ma) i),
rank({ fuinxer+ (05 Mp)}e)))
where rank(.) maps scores to ranks within D and

corr(.) is the Pearson correlation coefficient opera-
tor. We use the short-hand notation p 4 g for this.

Test statistic. Our method compares the target’s
rank agreement with the reference versus with the
distilled reference. Let

A = p(Mg, M7;D) — p(Mp,Mr;D).
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A = prr — prr
Bootstrap inference. As we are comparing two
dependent correlations, we use a bootstrap per-
centile to compute a p-value (Wilcox, 2016; Dhin-
gra et al., 2019; Wilcox, 2017). We construct a
test on A using nonparametric bootstrap over se-
quences:

1. Forb = 1,..., B (with B=10,000), draw a
bootstrap resample D) of size n by sampling
sequences from D with replacement.

2. Compute p(Db)T = p(MD,MTﬂ)(b)) and

PO = p(Mp, Mr;D®), and set A =
B ®
PRT — PDT"

{A®) }B | is known to approximate the sampling
distribution of A (Efron, 1992).

Test for evidence of non-training on D (non-
membership). The one-sided hypothesis test on
the statistic A is as below where A is the true value
estimated by A:

Hy": A<0 vs. H®: A>0.
HQ:ASO VS. H1:A>O.

The corresponding one-sided p-value is

14+ #{b: A®) <0}
- B+1 ’

with rejection of Hj°" at level « interpreted as
evidence that M1 was not trained on D. We use a
standard value of o = 0.05.

The addition of one to the numerator and denom-
inator is a finite sample correction which ensures
that the p-value is always greater than O (Phipson
and Smyth, 2016; Ojala and Garriga, 2010).

5 Results

Reference models: We use the Pythia model series
(Biderman et al., 2023) and OLMo-1b (Groeneveld
et al., 2024) model as reference models, as the
datasets used to train these models, as well as their
validation datasets, are publicly available, allow-
ing us to precisely identify data that was excluded
from training. All Pythia reference models are the
‘deduped’ checkpoints trained on a deduplicated
version of the Pile.

Datasets: We use datasets that have not previously
been used to train our target model or reference
model of interest, by using their validation sets.
This ensures that any observed differences in rank
correlation are attributable to training exposure
rather than incidental overlap in pretraining cor-
pora.

1. The Pile: We use the deduplicated subsets of
the Pile (Gao et al., 2020) from the domains
of Wikipedia (Wiki), and Pubmed Central ab-
stracts (PubMed), ArXiV, Common Crawl (CC)
released by Duan et al. (2024). These datasets
were deduplicated to be especially challenging
for MIA methods. We also use the Ubuntu-IRC
chats, Enron emails, and Freelaw datasets that
were also held out from training the Pythia mod-
els and released by Maini et al. (2024). The
Pythia models are used as reference models for
all Pile datasets.

2. Dolma: We use the Reddit held-out subset of
Dolma obtained from Paloma (Soldaini et al.,
2024; Magnusson et al., 2024). This was fur-
ther processed to ensure that all documents had
a timestamp after the cut-off date of the Pythia
models to ensure they were not seen during their
training. As this dataset was known to be held
out from training the OLMo models, we use the
OLMo-1b as the reference model for the Red-
dit dataset. This allows us to test the effect of
having a different architecture for the target and
reference model. The OLMo and Pythia model
series share a similar tokenizer with the OLMo
tokenizer, having some additional special tokens
for masking personally identifiable information.

See Appendix A for additional details on
datasets.

We continue pretraining the Pythia-410m model,
which we call Pythia-410m-CPT, to use as a target
model. Each dataset from the sources above was
divided into two parts, one of which was used for
training and one was held out from training. In
addition to the datasets above, we sample 6 billion
tokens from the Common Pile dataset (Kandpal
etal., 2025) for pretraining (See Appendix B). Each
dataset used for training constitutes less than 0.001
% of the pretraining corpus.

5.1 Non-membership detection

From the results of Table 2, we see that PRISM
is able to detect non-members for all datasets cor-
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Table 2: p-values for non-member detection. None of the datasets below were used while training the vanilla Pythia
models, but were used to train Pythia-410m-CPT. Pythia-410m is used as the reference model for all cases except
Pythia-410m and Pythia-410m-CPT where Pythia-1b was the reference model.

Target Model PubMed HN ArXiv CC  Ubuntu Freelaw Enron Reddit
Pythia-410m-CPT  1.000 0354 0.113 0302 0.162 0.982  0.128 0.817
Pythia-410m 1.0e-4 1.0e-4 1.0e-4 1.0e-4 1.0e-4 1.0e-4 2.0e-4 1.0e-4
Pythia-1b 1.0e-4  1.0e-4 1.0e-4 1.0e-4 1.0e-4 1.0e-4 1.0e-4 1.0e-4
Pythia-2.8b 1.0e-4 1.0e-4 1.0e-4 1.0e-4 1.0e-4 1.0e-4 1.0e-4 1.0e-4
Pythia-6.9b 1.0e-4  1.0e-4 1.0e-4 1.0e-4 1.0e-4 1.0e-4 2.0e-4 1.0e-4

Table 3: p-values computed using PRISM on Pythia-410m-CPT using a split of each of the below datasets that was

held out during continued pre-training

PubMed HN ArXiV CC Reddit

Ubuntu Freelaw Enron

p-value 0.84 0.01

1.0e-4 0.02

0.03 1.0e-4  1.0e-4 1.0e-4

rectly with a threshold of p < 0.05. When we test
PRISM using Pythia-410-CPT, all p-values are
well above our threshold, indicating that PRISM
did not falsely rule out any datasets as being non-
members. Crucially, these results also hold true for
the Reddit dataset, which used a reference model
(OLMo-1b) of a different architecture than the tar-
get model. The values of prr, ppT, and the con-
fidence interval for the difference in rank corre-
lation corresponding to Table 2 are provided in
Appendix H. To further evaluate the robustness of
PRISM, we compute p-values using splits of each
of our datasets that were held out from training
Pythia-410m-CPT (Table 3). In all cases except
one, PRISM is able to detect non-membership cor-
rectly. In the case of PubMed, the test is inconclu-
sive, which is one possible outcome of the test. The
lowest value observed is 10~% as 10,000 bootstrap
samples are drawn, and this is thus the lowest p-
value that can be obtained due to the finite sample
correction in the computation of the p-value. See
Appendix I for additional results.

We also study the performance of existing
dataset-level membership detection approaches,
LLM-DI and PaCoST (Zhang et al., 2024a), at
the task of dataset-level membership detection us-
ing Pythia-410m and Pythia-410m-CPT (See Ap-
pendix D for more details). When using a strict
p-value threshold of 0.05, LLM-DI can detect only
two out of five datasets correctly (Table 4). LLM-
DI has high p-values for three datasets included in
the training, indicating that the test failed to con-
clusively determine whether these datasets were

included in the training. Thus, non-membership
detection is not simply the converse of detecting
membership. A high p-value is not a guarantee
of non-membership. In the case of PaCoST, we
find that regardless of whether the dataset was in-
cluded in training, membership was either indi-
cated for both Pythia-410m and Pythia-410m-CPT
or could not be concluded for either. Thus, the test
does not provide a meaningful differentiating sig-
nal. PaCoST works by computing the confidence
of a given document against its paraphrases, assum-
ing that documents included in training will have
higher confidence relative to paraphrases compared
to documents not included in training. As pointed
out in Rastogi et al. (2025), the paraphrasing itself
introduces a distribution shift, causing the test to
detect lexical shifts instead of training signal.

5.2 Ablations

Ablating over the reference models. We vary
the reference model used with PRISM for perform-
ing non-member detection with Pythia-410m and
Pythia-410m-CPT (Table 5). Across all datasets,
Pythia-1b provides the most consistent signal.
Smaller models have lower representational capac-
ity and therefore exhibit weaker alignment in rank
correlations with the target model. These results
highlight that stronger and more stable correlations
are obtained when the reference model has suffi-
cient scale and capacity.

Varying the size of the dataset. In Figure 3, we
see that as the size of the dataset is reduced, the
p-value for non-member detection stays stable until
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Table 4: p-values for dataset level membership detection

Method PubMed HN ArXiv CommonCrawl Reddit

410m  410m-CPT 410m 410m-CPT 410m 410m-CPT 410m 410m-CPT 410m 410m-CPT
LLM-DI  0.604 0.775 0.395 0.022 0.781 0.083 0.642 0.045 0.437 0.064
PaCoST  3.0e-13 0.045 0.683 0.999 0.158 0.122 0.002 0.009 0.001 4.0e-9

Table 5: p-values for different reference models used for non-membership detection on Pythia-410m and Pythia-
410m-CPT

Reference Model PubMed HN ArXiv CommonCrawl
410m 410m-CPT 410m 410m-CPT 410m 410m-CPT 410m 410m-CPT
Pythia-70m 0.080 0.858 1.0e-4 0.002 2.0e-4 0.030 0.043 0.030
Pythia-160m 1.0e-4 0.461 2.0e-4 0.017 1.0e-4 0.012 1.0e-4 4.0e-4
Pythia-1b 1.0e-4 1.000 1.0e-4 0.354 1.0e-4 0.113 1.0e-4 0.302
________________________ 0.6
o § 0.5
3 T 8% e
; —— ArXiv 203 '\-\_
Q.1073 e=e==_CommonCrawl % o orome
Sz
-4 0.1 T - - T .
10 0.1 0.3 0.5 0.7 0.9
50 100 150 200 250 300 350 400 450 500

Number of samples

Figure 3: p-value for non-member detection when dif-
ferent number of samples are used

fewer than 150 documents are used, thus making
this very practical for real-world audit scenarios.

5.3 Effect of Min-K % ++

We analyze the behavior of Min-K%++ score in
this section by taking the ArXiV dataset as an ex-
ample. See Figure 6 and Figure 7 in the Appendix
for plots corresponding to other datasets.

Changing the value of K. As the value of K
increases, we observe that the correlation differ-
ence between Pythia-410m and Pythia-410m-CPT
against a reference model drops. This trend indi-
cates that the strongest training signal is concen-
trated in the smallest K% of each document’s nor-
malized token log-probabilities. Larger values of
K include more predictable tokens, diluting the
influence of the high-surprisal tokens that are most
affected by memorization.

Studying change in rank with Min-K%++ value.
We study the change in rank of Min-K%++ scores
between Pythia-410m and Pythia-410m-CPT as a

N
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S
1

o
!

—200

Change in rank after training

—4001

00 05 10 15 20 25 30 35 40
Min-K%-++ score (Pythia-410m)

(b)

Figure 4: a) Spearman rank correlation difference of
Pythia-410m and Pythia-410m-CPT against Pythia-1b
reference model at different values of K in Min-K%++
b) Change in rank of a document when Min-K%-++ is
computed using Pythia-410m-CPT relative to the rank
of the Pythia-410m model.

function of the Min-K%-++ score of Pythia-410m
(Figure 4b). The Min-K%++ score has been
negated from the original definition (Zhang et al.,
2025) so that higher Min-K%++ indicates higher
average surprisal of the bottom K tokens for the
model. Ranks are assigned in ascending order of
Min-K%-++ score. The results indicate that doc-
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uments initially having a high Min-K%-++ score
drop in rank after training, while documents with
low Min-K%-++ scores go up in rank. This sug-
gests that documents originally judged as “diffi-
cult” by the model become easier—showing re-
duced surprisal—once they are included in train-
ing. Thus, high-Min-K%++ documents exhibit
the strongest memorization effect, supporting our
use of Min-K%++ as a robust signal for detecting
non-membership.

6 Conclusions

We presented PRISM, a novel method for show-
ing with high confidence that a dataset has not
been used for training. While much past work
has focused on detecting members, we flip the
question to ask if non-member datasets can be de-
tected with high confidence. We find that across
eight datasets, PRISM is indeed able to detect non-
members while not falsely ruling out datasets that
were used during training. PRISM does not require
access to a reference dataset, a common require-
ment for many other methods, and hence makes it
a practical tool for compliance audits of LLMs.

Limitations

PRISM relies on identifying when the dataset was
released and for certain types of data, this may not
be straightforward to establish. PRISM will be ap-
plicable for newer data after open-source LLMs be-
came widely available. Our continued pre-training
for Pythia-410m-CPT serves as an approximation
to full pre-training of a model, and longer training
runs may affect our results. PRISM also assumes
that an entire dataset was either included or not
included in training and cannot handle cases when
a dataset was only partially included.

Disclaimer

This paper was prepared for information purposes
by the Artificial Intelligence Research group of
JPMorgan Chase & Co and its affiliates (“JP Mor-
gan”) and is not a product of the Research Depart-
ment of JP Morgan. J.P. Morgan makes no repre-
sentation and warranty whatsoever and disclaims
all liability for the completeness, accuracy, or re-
liability of the information contained herein. This
document is not intended as investment research or
investment advice, or a recommendation, offer, or
solicitation for the purchase or sale of any security,
financial instrument, financial product, or service,

or to be used in any way for evaluating the merits of
participating in any transaction, and shall not con-
stitute a solicitation under any jurisdiction or to any
person if such solicitation under such jurisdiction
or to such person would be unlawful.
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Appendix
A Datasets: Additional details

We pick the datasets from Duan et al. (2024) that
were deduplicated against the Pile training data
with a 13-gram Bloom filter and a threshold of 80
% overlap. This means that the dataset was con-
structed from the held-out set of the Pile to avoid
any document with up to a 13-gram overlap with
any document included in the training set. Each
training document was limited to between 100 and
200 words and at most 512 tokens. We control
for the length as longer sequences make the doc-
ument more detectable to MIA methods (Puerto
et al., 2025).

Reddit: We use the Reddit subset of Dolma avail-
able in the Paloma dataset (Magnusson et al., 2024).
To further deduplicate it, we compare the ‘ID’ field
of this data against the entire Dolma dataset and
remove all documents from Paloma whose ‘ID’
was found in Dolma. This left us with 1300 docu-
ments, which we truncated as above to 512 tokens
with between 100 and 200 words. We further split
this into 650 documents used for training and 650
documents used as held-out data. The number of
documents and tokens in each dataset is shown in
Table 6. All datasets and models used in our work
are released under permissive open source licenses.

Table 6: Dataset statistics

Dataset Num. Documents  Tokens
PubMed 500 154,387
HN 500 160,637
ArXiv 500 162,267
CommonCrawl 500 129,029
Reddit 650 125,789
Ubuntu 688 294,341
Freelaw 990 278,770
Enron 359 118,004

B Continued Pretraining of Pythia-410m

In addition to the watermarked datasets, we sample
documents from the Common Pile dataset for con-
tinued pre-training of Pythia-410m. Specifically,
we select documents from the USPTO, USGPO,
ArXiv, LibreText, and Doab domains of the Com-
mon Pile (Kandpal et al., 2025). Each document
is split into sequences of 512 tokens and used for
training after randomizing the order. To avoid over-
lap with data seen during initial pre-training, we
only sample documents published after January
2021, which is the cut-off date of the Pile dataset.
We use the AdamW optimizer with a learning
rate of 1074, (31, B2) = (0.99,0.999), cosine de-
cay, and a batch size of 40. A warmup of 0.5% of
training tokens was used with no weight decay. We
train all our models on an L40S Tensor Core GPU.
We utilize the Transformers library(version 4.43)
and a random seed of 1234 for all our experiments.

C Training distilled reference model

For each distilled reference model, we train on the
corresponding dataset for a single epoch with a
learning rate of 5 x 10~° and a warmup of 5% of
the total steps. We use a batch size of 4 and 4
gradient accumulation steps.

D Training data detection baselines

1. LLM-DI: LLM-DI (Maini et al., 2024) uti-
lizes multiple MIA scores as features to train
a classifier for detecting training data. To
ascertain whether a model has been trained
on a dataset, the verifier must generate fea-
tures from both the suspect dataset and the
non-member dataset and train a classifier. Bi-
nary classification using any MIA score yields
an ROC-AUC score close to 0.5 (Chen et al).
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Thus distinguishing any given member docu-
ment from non-member document is difficult
for this classifier. However, when the score
of this classifier is averaged over all docu-
ments in the dataset and compared against a
non-member dataset, a strong signal is pro-
duced. To calibrate this signal, LLM-DI as-
sumes access to a non-member dataset from
the same distribution. When the average clas-
sifier score of a suspect dataset is lower than
that of the non-member dataset, membership
can be concluded. The threshold here is deter-
mined by hypothesis testing. Given the refer-
ence assumed, the equivalent way to infer non-
membership is to assume access to a mem-
ber dataset from the same distribution as the
dataset of interest and to flip the formulation
of LLM-DI. In general, this cannot be known
for an arbitrary target model. Thus, address-
ing this problem requires introducing a differ-
ent reference against which to calibrate non-
membership, which is where PRISM comes
in.

In our setup, we used the splits of each dataset
held out from training Pythia-410m-CPT (dur-
ing continued pretraining) as the non-member
documents. The implementation provided by
the authors of LLM-DI was utilized in our
study.

. PaCoST: PaCoST (Zhang et al., 2024a) is
a statistical method designed to detect QA
benchmark contamination in LLMs. The ap-
proach works by first rephrasing each data
input to create a counterpart with the same
meaning and difficulty but different wording.
Both the original and rephrased questions are
then presented to the model, and the model is
prompted to evaluate if the given QA pairs are
correct or not based on ‘Yes’ or ‘No’ output.

Next, the model’s confidence in its answers
is estimated using the output probability of
the token ‘Yes’. PaCoST compares the con-
fidence scores for the original and rephrased
questions using a paired samples t-test to de-
termine if the model is significantly more con-
fident on the original benchmark data. If the
statistical test yields a p-value less than 0.05,
it indicates likely contamination, meaning the
model has probably seen the benchmark data
during training.
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PaCoST was designed to detect contamination
for QA benchmarks. To use PaCoST for our
datasets, we have modified the prompts for
rephrasing and confidence estimation. The
modified prompts are given below.

PaCoST Confidence Prompt

You are an expert in judging whether the
text is correct. You will be given a text.
Your job is to determine whether this text
is correct. You should only respond with
Yes or No. For example, given question
"The value of 1+1 is 2.", the correct re-
sponse should be "Yes".

PaCoST Rephrasing Prompt

You are provided with a text. Your task
is to rephrase this text into another text
with the same meaning. When rephrasing
the text, you must ensure that you follow
the following rules: (1). You must en-
sure that you generate a rephrased text as
your response. (2). You must ensure that
the rephrased text bears the same mean-
ing with the original text. Do not miss
any information. (3). You must only
generate a rephrased text. Any other in-
formation should not appear in your re-
sponse. (4). Do not output any expla-
nation. (5). Do not modify the num-
bers or quantities in the question. You
should remain them unchanged. Exam-
ple 1: given text "1+1=2", one possible
response should be: The value of 1+1 is
2. Example 2: given text "Earth orbits
around the Sun", one possible response
should be: The Sun is the center of earths
orbit. Example 3: given text "C is the
third letter in English", one possible re-
sponse should be: Englishs third letter is
C. Example 4: given text "A scientist is
looking for something to watch faraway
stars.", one possible response should be:
A scientist would like use something to
watch remote stars. Example 5: given text
"John has 8 cats and five dogs. Linda has
6 rabbits.", one possible response should
be: John owns 8§ cats and five dogs. Linda
possesses 6 rabbits.




E Membership Inference

Below, we summarize some key methods used in
the literature.

* Perplexity/Loss (Yeom et al., 2018). Uses the
model’s loss (perplexity for language models)
as the score: lower loss implies higher likeli-
hood of membership.

* Min-K% (Shi et al., 2023). Averages the
probabilities of the least likely K% tokens in
a sequence.

e ZIlib Entropy (Carlini et al., 2021). Computes
a score as the ratio between model perplex-
ity and the z1ib compression size of the text.
Smaller ratios indicate potential membership.

* DC-PPD (Zhang et al., 2024b). Detects mem-
bership by measuring the divergence between
the model’s token-probability distribution and
the empirical token-frequency distribution of
the text.

F Correlation trends

In Table 7, we compare the correlation difference
using well-known MIA scores in addition to Min-
K%++ to justify the choice of using Min-K%++

The ranking is computed using each of the
scores in the table for each dataset, where the ref-
erence model for computing correlations against
was Pythia-1b. Observe that Min-K%-++ was the
score that consistently gave the largest differences,
thus making it a suitable choice as a proxy for the
training signal.

G Effect of Distillation Hyperparameters

We study the effect of the distillation hyperpa-
rameters—the temperature (7) and the distilla-
tion weight (A\)—on the correlation difference us-
ing the Wikipedia dataset (Figure 5). The tem-
perature 7 controls the smoothness of the target
model’s probability distribution during distillation,
while A balances the contribution of the knowledge-
distillation loss and the cross-entropy loss on the
suspect dataset. The goal is to pick A and 7 such
that the correlation difference is positive for Pythia-
410m (detecting true positives) and negative for
Pythia 410m-CPT to avoid the possibility of false
positives.

We first vary 7 over a grid while fixing A = 0.5.
We identify 7 = 2 as the optimal value, as it yields
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Figure 5: Hyperparameter study to determine the value
of a) 7 and b) A\. Pythia-410m and Pythia-410m-CPT
are the target models while Pythia-1b is the reference
model.

a negative correlation difference for Pythia-410m-
CPT, allowing members to be ruled out with high
confidence. With 7 fixed at this value, we next vary
A between 0 and 1. We observe that the correlation
difference decreases as A increases for both Pythia-
410m and Pythia-410m-CPT. We pick the smallest
A that prevents false positives. At A = 0.6 the
correlation difference is -0.1, which still leaves
open the possibility of false positives, hence we
pick A = 0.7 where the correlation difference is
-0.25. We do not pick a higher A because that would
lead to lower correlation difference for detecting
true positives. Accordingly, we select A = 0.7
and 7 = 2 as our default hyperparameters. These
hyperparameters were applied to all datasets and
target models of different sizes in Table 2.

The sensitivity to hyperparameters can also be
observed from Figure 5. Detecting true positives
works at all hyperparameter values, as the correla-
tion difference is always much greater than O for
Pythia-410m. To avoid false positives, however, it
is necessary to pick A > 0.6.
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Table 7: Spearman rank correlation of Pythia-410m and Pythia-410m-CPT models against Pythia-1b reference

model computed using different MIA scores

PubMed HN ArXiv CommonCrawl Wiki
Score 410m  CPT A 410m  CPT A 410m  CPT A 410m  CPT A 410m  CPT A
Loss 0.99 092  0.07 0.98 0.83 0.15 0.99 084  0.15 0.98 0.72  0.26 0.98 0.55 0.43
zlib 0.99 0.93 0.06 0.99 0.93 0.06 0.99 0.89  0.10 0.98 0.82  0.16 0.98 0.57 041
DC-PDD 0.98 092  0.06 0.95 0.62 033 0.97 0.85 0.12 0.90 0.50  0.40 0.98 047 051
Min-K% 0.96 0.79  0.17 0.90 0.64 026 0.93 059 034 0.94 0.75  0.19 0.94 042 052

Min-K%++ 0.84 033 051 0.75 0.41 0.34 0.82

045 037 079 051 028 084 025 0.59

H Rank correlation results

Tables 8 and 9 show the raw rank correlations and
the corresponding confidence intervals for the p-
values in Table 2.

I Additional results
1.1 Additional baseline

While PRISM uses rank correlations, we test
whether directly using the Min-K%-++ scores can
be used to infer non-membership. We use the Min-
K%-++ scores from the target model and the dis-
tilled reference model. As the distilled reference
model is trained on the data set, its Min-K%++
scores are expected to be higher than those of the
target model if the target model has not been trained
on the data set. Formally, the null hypothesis is that
the Min-K%-++ scores under both models are equal
and can be written as:

Hy : Ez [ fmin-koe++ (23 M7)]
= Eu [ fmin-ka++(x; Mp)] (1)

while the alternate hypothesis can be written as:

Hy : Eg | fmin-koes+ (3 M7)]
< Eo[ fMink g4+ (25 Mp)] 2

Note that establishing non-membership requires
comparing against a model where the dataset is
known to be a member, and thus, to establish non-
membership of D in M requires using Mp as the
reference. To compute a p-value, we perform a
paired t-test over each document in the data set.

The results (Table 10) show that non-member
detection is inconsistent, as evidenced by Hack-
erNews and Enron for Pythia-2.b and Pythia-6.9b,
where non-membership fails to be detected. For
Pythia-410m-CPT, in all cases, non-membership
is falsely concluded. This shows that using Min-
K%++ scores alone is not a reliable way to infer

non-membership. As Min-K%-++ values from dif-
ferent models are being compared, the difference
in Min-K%-++ values between them would arise
not only due to a difference in membership of the
dataset in training but also due to differences in the
number of parameters and the architectures of the
models.

1.2 OLMo-1b as the target model

We test PRISM using OLMo-1b as the target
model on the Reddit dataset with various Pythia
models as the reference models (Table 11). In all
cases, non-membership was successfully detected.
The Reddit dataset is non-member for all the Pythia
models, as all documents in it have a release date
after the knowledge cut-off of the Pythia models.

I.3 Rank correlation metric

While we have used the Spearman correlation met-
ric for computing rank correlations everywhere in
our work, we find that computing the rank cor-
relation with Kendall 7 would also work equally
well and gives similar results for non-membership
detection (Table 12).
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Table 8: Spearman rank correlations using for each target model and dataset. This is the raw data corresponding to
the first four datasets in Table 2. prr is the Spearman rank correlation between the Min-K%-++ scores from the
reference and target model over the dataset, ppr is the Spearman rank correlation between the Min-K%-++ scores
from the distilled reference and target model and Agso;; is the 95 % confidence interval for prr — ppr obtained
by bootstrapping.

Target Model PubMed HN ArXiv CommonCrawl

PRT  PDT Agsoicr PRT  PDT Agsocr PRT  PDT Agsocr PRT  PDT dos%c1
Pythia-410m-CPT  0.328 0.590 [-0.371,-0.151] 0.404 0.384 [-0.080,0.121] 0.447 0.393 [-0.034,0.142] 0.512 0.488 [-0.068,0.116]
Pythia-410m 0.836 0420 [0.322,0.511] 0.752 0.467 [0.207,0.366] 0.819 0.506 [0.232,0.394] 0.791 0.446 [0.261, 0.434]
Pythia-1b 0.844 0513 [0.249,0.416] 0.722 0.512 [0.127,0.291] 0.812 0.539 [0.200,0.348] 0.840 0.482 [0.282,0.439]
Pythia-2.8b 0.783 0.498 [0.203,0.369] 0.661 0.307 [0.262,0.446] 0.760 0.443 [0.239,0.396] 0.807 0.361 [0.356, 0.536]
Pythia-6.9b 0.757 0.385 [0.283,0.463] 0.651 0.321 [0.240,0.420] 0.733 0.452 [0.204,0.358] 0.769 0.302 [0.371, 0.563]

Table 9: Spearman rank correlations using for each target model and dataset. This is the raw data corresponding to
the last four datasets in Table 2. prr is the Spearman rank correlation between the Min-K%++ scores from the
reference and target model over the dataset, ppr is the Spearman rank correlation between the Min-K%-++ scores
from the distilled reference and target model and Ags -y is the 95 % confidence interval for prr — pp7 obtained
by bootstrapping.

Target Model Ubuntu Freelaw Enron Reddit

PRT  PDT Agsyor PRT  PDT Agsyor PRT  PDT Agsyor PRT  PDT o501
Pythia-410m-CPT 0.312 0.259 [-0.054,0.160] 0.411 0.490 [-0.151,-0.006] 0.432 0.355 [-0.055,0.208] 0.449 0.488 [-0.123,0.045]
Pythia-410m 0.784 0.266 [0.429,0.605] 0.826 0.591 [0.184,0.289] 0.703 0.440 [0.137,0.392] 0.672 0.080 [0.503, 0.678]
Pythia-1b 0.767 0.395 [0.302,0.441] 0.825 0.498 [0.277,0.377] 0.646 0.287 [0.226,0.496] 0.721 0.070 [0.560, 0.736]
Pythia-2.8b 0.718 0.308 [0.331,0.489] 0.753 0.398 [0.298,0.413] 0.530 0.188 [0.202,0.479] 0.763 0.052 [0.626, 0.793]
Pythia-6.9b 0.675 0.298 [0.295,0.459] 0.708 0.359 [0.289,0.410] 0.443 0.178 [0.126,0.405] 0.774 0.038 [0.650,0.817]

Table 10: Non-Member detection baseline results using Min-K%++ values from target and distilled reference
model.

Target Model PubMed HN ArXiv CommonCrawl Ubuntu Freelaw Enron Reddit
Pythia-410m-CPT  2.6e-5 1.7e-24 3.7e-45 8.0e-8 1.2e-16 9.9e-34  3.6e-8 2.5e-8
Pythia-410m 0.18 9.6e-22  9.5e-11 2.8e-21 0.54 0.03 5.7e-17  2.5e-6
Pythia-1b 1.9e-11  2.2e-3  2.6e-47 7.0e-10 1.2e-18 3.7e-35 0.84  3.3e-6
Pythia-2.8b 7.8e-15 0.63 2.3e-8 0.06 0.04 1.6e-31 036  2.4e-6
Pythia-6.9b 4.8e-5 1.0 2.8e-38 0.01 2.7e-4 0.03 092  2.0e-6

Table 11: p-values for different Pythia reference models with OLMo-1b as the target model for the Reddit dataset.

Pythia-70m  Pythia-160m Pythia-410m  Pythia-1b
p-value 1.0e-4 1.0e-4 1.0e-4 1.0e-4

Table 12: Non-Member detection p-values using PRISM where the rank correlation is computed using Spearman p
and Kendall 7

Correlation Method PubMed HN ArXiv CommonCrawl Reddit

Spearman p 1.0e-4  1.0e-4 1.0e-4 1.0e-4 1.0e-4
Kendall 7 1.0e-4  1.0e-4 1.0e-4 1.0e-4 1.0e-4
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Figure 6: Spearman rank correlation difference of
Pythia-410m and Pythia-410m-CPT against Pythia-1b
reference model at different values of K in Min-K%++
for different datasets a) CommonCrawl b) Reddit c)
HackerNews d) PubMed
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Figure 7: Change in rank of a document when Min-
K%-++ is computed using Pythia-410m-CPT relative to
the rank of the Pythia-410m model for different datasets
a) CommonCrawl b) Reddit ¢) HackerNews d) PubMed
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