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Abstract

Large Language Models (LLMs) have
revolutionized Natural Language Processing
(NLP) but pose risks of inadvertently exposing
copyrighted or proprietary data, especially
when such data is used for training but not
intended for distribution. Traditional methods
address these leaks only after content is
generated, which can lead to the exposure of
sensitive information. This study introduces
a proactive approach: examining LLMs’
internal states before text generation to
detect potential leaks. By using a curated
dataset of copyrighted materials, we trained
a neural network classifier to identify risks,
allowing for early intervention by stopping
the generation process or altering outputs
to prevent disclosure. Integrated with a
Retrieval-Augmented Generation (RAG)
system, this framework ensures adherence
to copyright and licensing requirements
while enhancing data privacy and ethical
standards. Our results show that analyzing
internal states effectively mitigates the risk of
copyrighted data leakage, offering a scalable
solution that fits smoothly into Al work-
flows, ensuring compliance with copyright
regulations while maintaining high-quality
text generation. Our code can be found here:
(https://anonymous.4open.science/r/Internal-
states-leakage-9DGE).

1 Introduction

LLMs have significantly enhanced text generation
and dialogue systems in NLP (Zhang et al., 2023;
Li et al., 2022a). However, they also pose risks
of unintentionally reproducing copyrighted or pro-
prietary information from their training data, espe-
cially when the data is licensed for training but not
distribution. According to U.S. copyright law (U.S.
Copyright Office, 1976), only the copyright holder
has the exclusive right to distribute copyrighted
works. If an LLM inadvertently distributes copy-
righted material by replicating parts of its training
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Figure 1: To assess the risk of copyrighted training data
leakage, an LLM’s internal states are analyzed prior to
generating content. Extracting semantic information
from intermediate layers allows for the proactive identi-
fication of potential risks.

data, it may violate this law and expose its develop-
ers or users to legal liability (Borkar, 2023). This
underscores the importance of adhering to legal
and ethical standards when deploying LLMs across
various applications (Peng et al., 2023; Xue et al.,
2021). Addressing these risks is crucial to protect-
ing intellectual property rights and ensuring the
responsible and lawful use of LLMs in real-world
situations.

Previous research has raised concerns about the
issue of copyrighted data leakage during the gen-
eration process of LL.Ms, including the leakage of
private information (Kim et al., 2023; Lukas et al.,
2023; Huang et al., 2022; Shao et al., 2024) and
evaluation data used in machine learning (Zhou
et al., 2025, 2023). Existing methods to prevent or
mitigate data leakage include implementing strict
output filtering (Miyaoka and Inoue, 2024) and
context-aware mechanisms (Luu et al., 2024), ap-
plying differential privacy techniques (Li et al.,
2025; Hoory et al., 2021; Du and Mi, 2021; Li
et al., 2022b; Behnia et al., 2022; Shi et al., 2022;
Wu et al., 2022; Majmudar et al., 2022; Du et al.,



2023; Mai et al., 2024) or other data anonymization
methods during training, regularly auditing and re-
viewing model outputs, and monitoring LLM inter-
actions to detect potential data leakage. However,
these approaches face several limitations, such as
limited coverage of scenarios (Xiao et al., 2023),
reduced model performance and usability caused
by differential privacy techniques, and high costs
and delays associated with manual audits (Song
et al., 2024).

To address the challenge of detecting copy-
righted training data leakage in LLM-generated
text, we introduce a framework called the Internal
State Analyzer for Copyrighted training data
Leakage (ISACL). ISACL evaluates leakage risks
by analyzing the model’s internal states during the
prefill phase, before any text is generated. Unlike
conventional approaches that rely on examining
fully generated outputs, ISACL proactively identi-
fies potential risks by assessing early-stage repre-
sentations of input text and their correlation with
copyrighted reference materials. This approach
enables real-time, scalable, and precise risk assess-
ment without requiring complete output generation.
To enhance its effectiveness, ISACL is integrated
into a RAG system. Copyrighted information is
indexed using FAISS and stored in SQLite, allow-
ing efficient retrieval of relevant reference mate-
rials during the evaluation process. When a rel-
evant reference is retrieved, it is combined with
the model’s internal states to determine the like-
lihood of leakage. This integration improves the
accuracy and efficiency of comparing generated
content with known copyrighted training data, en-
suring reliable detection. Beyond detection, ISACL
adheres to legal and ethical standards, serving as
a robust safeguard against unauthorized disclosure
of copyrighted materials in Al-generated content.
By ensuring compliance with licensing constraints,
ISACL promotes responsible and lawful use of
LLMs in real-world applications.

In a series of experimental configurations,
ISACL demonstrated outstanding performance,
achieving high accuracy and F1 scores. Specif-
ically, accuracy ranged from 91.88% to 95.05%,
while F1 scores varied between 0.9249 and 0.9468.
In certain configurations, ISACL even achieved
near-perfect detection rates. These results highlight
ISACL’s consistent ability to accurately identify po-
tential training-set leakage across diverse settings,
maintaining high levels of precision and recall. The
findings underscore ISACL’s robustness in scalable,

real-time risk detection for LLM-generated content,

even without generating any text. For a detailed

description of the experimental setup and results,

please refer to Section 4.3.

Our primary contributions are as follows:

o Asillustrated in Figure 1, we propose a real-time
framework “ISACL” for predicting copyrighted
training data leakage in LLM-generated text by
leveraging internal states extracted before any
token is decoded. This ensures efficiency and
avoids reliance on output generation, proactively
addressing potential risks of unauthorized disclo-
sure.

e [ISACL is the first framework to proactively de-
tect potential copyrighted data leakage by ana-
lyzing LLM internal states before content is gen-
erated. This approach ensures that neither users
nor language models are exposed to sensitive or
copyrighted information, thereby ensuring com-
pliance with legal and licensing standards.

e We validate ISACL’s effectiveness in large-scale
text generation scenarios and demonstrate its in-
tegration with a RAG system. This integration
enables efficient and accurate text retrieval while
ensuring compliance with copyright constraints,
making the approach suitable for industrial ap-
plications requiring real-time prevention of copy-
righted data leakage.

2 Related Work
2.1 Internal States of LLMs

Previous studies (Bricken et al., 2023; Templeton
et al., 2024) have investigated the internal states
of language models, which encode contextual and
semantic information derived from their training
data (Liu et al., 2023; Chen et al., 2024a; Gurnee
and Tegmark, 2024). The applications of LLM
internal states are highly diverse, including reveal-
ing hallucination risks (Ji et al., 2024), enhancing
knowledge boundary perception (Ni et al., 2025),
uncovering LLMs factual discernment (He et al.,
2024), and more.

2.2 Copyright Issues with LL.Ms

Scholars have emphasized the importance of pro-
tecting the intellectual property associated with the
parameters of Large Language Models (Peng et al.,
2023; Xue et al., 2021). This concern arises from
the substantial investments in resources required
for training LLMs, as well as the risk of unau-
thorized exploitation of these models, which can
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Figure 2: Overview of our Copyrighted Training-set Leakage Detection Framework: Our approach involves
maintaining a database of sensitive or proprietary materials to support the analysis of LLM hidden states. During
inference, this database provides reference samples for potential leakage, working in conjunction with the model’s
hidden states to predict whether the generated content poses a risk of training-set leakage. The pipeline is structured
into three key stages: The left section focuses on the construction and extraction of data for Retrieval-Augmented
Generation, a core component designed to enhance model performance and address training-set leakage challenges.
The right section illustrates the generation of training data, including the collection of internal states, labels, and
reference embeddings, which are then used to train a Multi-Layer Perceptron as the final leakage risk detector.
Lastly, the bottom section showcases real-world user interaction, where queries are submitted, and the system
applies our framework to assess copyrighted potential leakage risks effectively.

have significant economic and ethical implications
(Zhang et al., 2018; He et al., 2022; Dale, 2021).
Copyright concerns are not limited to text; they
span across various digital content creation formats,
including scripts, images, videos (Moayeri et al.,
2024; Kim et al., 2024), and code (Yu et al., 2023).
This widespread impact underscores the urgency
of addressing these complex issues (Lucchi, 2023).

2.3 Data Leakage in LLMs and Prevention
Strategies

LLMs are susceptible to data leakage due to sev-
eral inherent vulnerabilities. One prominent issue
is memorization during the training process, where
LLMs unintentionally retain and reproduce sen-
sitive information from their training data (Wang
et al., 2024), such as personally identifiable infor-
mation (PII) (Kim et al., 2023; Lukas et al., 2023;
Huang et al., 2022; Shao et al., 2024). This memo-

rization can expose models to privacy attacks, in-
cluding membership inference (Maini et al., 2024;
Galli et al., 2024; Feng et al., 2025) and training
data extraction (Carlini et al., 2021). Another crit-
ical vulnerability stems from improper or incom-
plete output filtering, which may cause sensitive
information to be disclosed in response to user
queries (Zhang et al., 2024). Furthermore, mis-
interpretation of user queries by the model can
inadvertently lead to the exposure of confidential
data (Hu et al., 2024).

3 Internal State Judge: Detecting
Training-set Leakage Before Decoding

3.1 Problem Formulation

The issue of copyrighted training-set leakage in
content generated by LLLMs has attracted signif-
icant attention from both industry and academia.
Existing approaches typically focus on detecting



potential leakage only after the content has been
generated. This post-generation evaluation method
presents several challenges, including high com-
putational costs, delays in mitigation, and legal
risks associated with temporary exposure to leaked
information.

In this paper, we propose a framework (ISACL)
designed to assess the risk of copyrighted training-
set leakage before an LLM generates any output.
The inference process of an LLM for a given query
can be divided into two phases:

(1) Prefill Phase: The LLM processes the entire
input query to generate internal states.

(2) Decode Phase: The LLM generates output
based on these prefilled internal states.

This two-phase structure raises the central ques-
tion of our study: Can the internal states produced
during the prefill phase be used to predict the risk
of copyrighted training-set leakage before the de-
coding phase begins?

To address this question, we argue that the inter-
nal states generated by an LLM during the prefill
phase capture critical contextual information re-
lated to the likelihood of generating content that
leaks copyrighted training-set data. We introduce
an internal states judge designed to classify the risk
of copyrighted training-set leakage based on the
internal states from this phase.

This approach offers three key advantages:

o Efficiency: By evaluating internal states early
in the prefill phase, ISCAL can halt decoding if
the internal states judge identifies potential risks,
reducing unnecessary computational costs.

e Proactive Risk Mitigation: Performing risk as-
sessment before content generation enables pre-
ventive actions rather than reactive measures
taken after leakage has occurred.

e Scalability: The internal states judge is designed
to be adaptable across various open source LLM
architectures and model sizes, supporting wide-
scale deployment.

The following sections describe the design of the
internal state judge, the methodology for training
data collection, and the experimental evaluation of
ISCAL.

3.2 Training An Internal States Judge

Training Data Preparation. We developed a
dataset by selecting preceding and following sen-
tences from verified copyrighted material as the

input x and referencet, respectively. The LLM is
tasked with generating a continuation based on this
input, resulting in the output y. This method is con-
sistently applied to ensure uniformity throughout
the process. Specifically, we construct a dataset of
triplets for training the classifier: (x, y, t). Each
generated output is assigned a risk label based on
its similarity to the reference text, measured using
the Rouge-L score

A" — T°(j, Rouge-L(t, 1)) M

where the threshold-based function 7 deter-
mines risk labels, and j represents the partitioning
criterion:

0,if P < Rouge-L <1
1,if 0 < Rouge-L < Py

undefined, otherwise

7T (j,Rouge-L) =

2
where P; and P, are predefined thresholds used
to classify an output as either high or low risk.

Our dataset is structured as pairs of internal
states and their associated risk labels: Dy =
{(sm Hmm L
Internal States of Query in Prefill Phase of
LLMs. A crucial step in ISACL is the extraction
of internal states during the prefill phase of LLMs.
In this phase, the model processes the entire input
sequence to compute intermediate representations
(such as keys and values) before generating any out-
put tokens. This stage involves highly parallelized
matrix-matrix operations, allowing the model to
efficiently encode the semantic and structural prop-
erties of the input.

During forward propagation, the input text z
from the dataset triplet is fed into the LLM, and we
extract the internal states S from a specific layer
in the prefill phase. These internal states are com-
puted through multiple layers of non-linear trans-
formations, activations, and information flow, for-
mally represented as:

S Zf(Wl 'Slfl—l-Bl), [=1,2,...,L (3)
where S; represents the internal states at layer [,
W, and B; are the learnable weights and biases of
the [-th layer, and f is the activation function. At
each layer, the model refines its understanding of
the input query x, progressively building increas-
ingly sophisticated representations of syntax, con-
text, and meaning (Devlin et al., 2019; Radford and



Narasimhan, 2018). These internal states encode
both token-level details and broader semantic re-
lationships, providing a rich representation of the
inputs meaning (Clark et al., 2019).

In our experiments, we extract internal states
from the final encoder layer during the prefill phase
and compute their mean across all tokens. By an-
alyzing these internal states before the decoding
stage, we aim to proactively identify and mitigate
potential risks (Zellers et al., 2020).

Training Objectives of Internal States Judge.
The objective of training the internal states judge
is to create a classifier that predicts the likelihood
of training-set leakage based on the internal states
of the model. This classifier learns to assess the
Rouge-L similarity score, distinguishing between
high-risk and low-risk outputs. It is implemented
using an MLP model:

M = down(up(S) x SiLU(gate(S)))  (4)

where SiLU serves as the activation function, and
the linear layers down, up, and gate handle projec-
tion and gating mechanisms. This model enables
efficient real-time risk prediction without requiring
full output decoding.

3.3 Enhancing Internal States Judge with
Retrieved References

Leveraging References to Enhance Internal
States Judge. Relying solely on input text may
lack sufficient context for detecting training-set
leakage. To improve detection, ISACL incorpo-
rates external references using RAG technology
(Lewis et al., 2021), enhancing the model’s ability
to assess potential risks.

Formally, given an input query x, we first extract
its internal states S, from the prefill phase of the
LLM, then retrieve a set of relevant reference texts
T = {t1,ta,...,tn} from an external knowledge
base. The retrieved references are encoded into
an aggregated representation Sp, which is then
concatenated with S, to form the final combined
representation. An MLP classifier is then applied
to predict the leak probability:

p =0 (M (concat (fo(x), he(G(x))))), (5)

where fy represents the transformation function
of the LLMs prefill phase, G is the retrieval func-
tion that selects references most relevant to x, hg

encodes the retrieved references, M denotes the
MLP model, and o represents the sigmoid activa-
tion function that outputs the probability of training-
set leakage.

Finally, the predicted probability p is compared
with a predefined threshold 7 to make the final
leakage risk decision:

gpredict _ {17 ifp>7 (6)
0, otherwise

where T is a tunable threshold that determines
the sensitivity of leakage detection. By integrating
external references into the internal state analy-
sis and applying a threshold-based decision rule,
this enhanced approach significantly improves the
models predictive capabilities, reducing both false

positives and false negatives.

Retrieving References from Indexed Documents.
To facilitate Retrieval-Augmented Generation, as
shown in Figure 3, we construct a RAG-Enhanced
Reference Database that efficiently stores and re-
trieves references for leakage detection. This
database is designed to manage copyrighted train-
ing materials effectively, ensuring quick access to
relevant references and supporting robust content
analysis and decision-making. The construction
details of the RAG-based database are provided in
Appendix B.
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4 Experiments

In this section, we evaluate the effectiveness of the

internal states judge in identifying literal copying

leakage (according to strict text similarity) in text
continuations. Specifically, we address the follow-
ing research questions (RQ):

* RQ 1: How well does ISCAL detect literal copy-
ing leakage across various LL.Ms, such as the
Llama and Mistral series, and how does model
size influence performance?

* RQ 2: Can ISCAL accurately identify non-literal
copying leakage (such as paraphrased content)
and how does its performance compare to that of
literal copying leakage detection?

* RQ 3: What factors affect the performance of
ISCAL, including the role of the RAG system,
the choice of LLM internal state layers, and the
strategies used for dataset division?

To investigate these questions, we conduct ex-
periments using a structured dataset that includes
both literal and non-literal copying leakage tasks.
For literal copying, we evaluate the risk of training
data leakage in text continuations by using excerpts
from well-known fiction books. For non-literal
copying, we focus on identifying event and char-
acter copying within paraphrased content. We test
ISCAL on LLMs from the Llama and Mistral series,
ranging from 7B to 70B parameters, and compare
it with baseline approaches. Our findings show
that ISCAL is both effective and accurate in detect-
ing literal material leakage, while also revealing
the challenges involved in identifying paraphrased
content.

4.1 Dataset and Label Partitioning

We leveraged the dataset described in Appendix D
to assess risks related to fiction texts (Meeus et al.,
2024; Chang et al., 2023; Shi et al., 2023).

In the process of dataset division, the label is
created based on quantiles, where the upper p (the
top p of the data) is used as the leakage set, and
the lower p (the bottom p of the data) is used as
the non-disclosure set. Notably, the data within
the middle range of 1—2p is directly discarded due
to its relative ambiguity in classification. Here, p
(0<p<1) is a manually defined probability that de-
termines the proportion of data included in each set,
ensuring a clear distinction between the two sub-
sets for analysis. By conducting experiments with
varying p values, we can observe the sensitivity of
internal states to the defined criteria for potential

leakage risk.

4.2 Model Selection

We used LLMs from the Llama (Touvron et al.,
2023) and Mistral (Jiang et al., 2023) series to gen-
erate text continuations and extract internal states,
ensuring accurate dataset classification. To capture
true continuations, we extracted reference embed-
dings using BERT (Devlin et al., 2019), which ef-
fectively captured the semantic content for training.

4.3 Detecting Literal Copying Leakage
through LLM Internal States

In this section, we empirically evaluate the effec-
tiveness of ISCAL for detecting literal copying
leakage across different LLMs, including Llama
and Mistral, as well as a range of model sizes from
7B to 70B parameters. To assess model perfor-
mance, we use standard metrics such as Accuracy
and F1-score, described in appendix C, providing
insights into the models’ precision and effective-
ness in detecting leakage risks. ISCAL involves
extracting internal states from the last layer of the
model during the pre-filling phase, which are then
used to train a classifier for predicting leakage risk.

Baselines. In our experiment, we established a
baseline model using LLMs to assess potential
copyrighted material leakage in content generation
tasks. It includes two configurations: “Input Only”
(LLM-w/0oRAG), where decisions are made based
solely on the input text, and “Input with RAG sys-
tem” (LLM-w/RAG), where both the input text and
reference materials are considered. Similar to our
proposed method, the baseline evaluates potential
leakage without generating the next text segment.
The task is to identify whether the continuation
text contains elements that may raise leakage con-
cerns. Predicted outcomes are compared to ground
truth labels, which are derived from the dataset and
based on Rouge-L scores. Details of the baseline
prompt settings are provided in Table 9.

Results and Analysis. The results are based on
three dataset splits (select p according to Sec-
tion 4.1), determined by Rouge-L scores: 10%,
20%, and 30%. Each split classifies the dataset
into high-scoring (leak) and low-scoring (non-
disclosure) samples. We assess the model’s ability
to distinguish between these groups and examine
how incorporating reference embeddings retrieved
from a database enhances performance across vari-
ous levels of textual similarity.



Table 1: The results on the literal dataset evaluate the performance of various models and methods. We compare four
approaches: LLM-w/oRAG and LLM-w/RAG, which represent the “LLM-as-a-Judge (Without RAG system)” and
“LLM-as-a-Judge (With RAG system)” methods. In these approaches, we use the LLM directly to detect potential
training data leakage in the input texteither based solely on the input (LLM-w/0oRAG) or using both the input and
the RAG system (LLM-w/RAG). Additionally, we evaluate the Internal States Judge (IS) methods: IS-w/oRAG and
IS-w/RAG, which represent the “Internal States Judge (Without RAG system)” and “Internal States Judge (With
RAG system)” methods. We report accuracy (ACC) and F1 scores for different dataset divisions.

| Division (10%) | Division (20%) | Division (30%)
LLMs | Method | Time (s) | ACC (%) F1(%) | ACC(%) F1(%) | ACC(%) F1(%)
Llama
LLM-w/oRAG 0.4914 52.12 52.89 53.38 48.28 50.19 47.07
Llama-3.1-8B IS-w/oRAG 0.0564 91.53 92.96 78.05 79.25 73.73 77.36
: LLM-w/RAG 0.7012 61.48 62.24 56.20 59.43 56.78 60.28
IS-w/RAG 0.0592 92.37 93.71 83.26 82.67 77.11 78.62
LLM-w/oRAG 0.5412 63.29 53.82 58.26 49.42 53.28 52.43
Llama-2-13b IS-w/oRAG 0.0642 91.75 93.37 82.46 81.47 78.83 76.44
LLM-w/RAG 0.8109 63.75 62.97 61.43 58.41 59.52 54.78
IS-w/RAG 0.0696 93.23 94.18 86.52 85.57 80.03 79.15
LLM-w/oRAG 1.1492 64.29 63.85 63.41 51.04 55.67 50.52
Llama-3.1-70B IS-w/oRAG 0.1274 100.00' 100.00 94.55 94.63 91.88 92.49
LLM-w/RAG 1.4335 64.93 64.68 61.05 60.26 59.84 62.57
IS-w/RAG 0.1389 100.00 100.00 95.05 94.68 94.48 94.64
Mistral
LLM-w/oRAG 0.5238 54.31 51.92 50.73 49.96 50.85 51.55
Mistral-7B-v0.1 IS-w/oRAG 0.0623 97.96 98.00 79.58 82.97 70.75 76.24
) ’ LLM-w/RAG 0.6876 58.49 54.51 55.58 52.40 52.36 53.77
IS-w/RAG 0.0677 98.98 98.99 83.25 85.59 78.01 82.35
LLM-w/oRAG 0.5324 52.84 50.67 53.29 51.04 52.93 41.63
Mistral-7B-v0.3 IS-w/oRAG 0.0597 91.75 92.59 83.52 84.21 79.46 83.04
: LLM-w/RAG 0.6343 54.20 55.06 51.25 54.03 53.10 49.69
IS-w/RAG 0.0614 93.76 95.30 87.27 86.24 84.86 87.39

We also compare ISCAL to the “LLM-as-a-
Judge” approach. As shown in Table 1, we an-
alyze the performance differences across dataset
splits and model configurations, demonstrating the
practical advantages of ISCAL.

Several key insights emerge from the analysis.
First, ISCAL significantly improves efficiency. The
pre-trained MLP-based binary classifier provides
faster inference and better accuracy compared to
the “LLM-as-a-Judge” method, which relies on di-
rect LLM predictions. This indicates that ISCAL
is not only more efficient but also more precise
in identifying potential leakage. Second, using
original reference text retrieved from the database
during training enhances accuracy, outperforming
models that rely solely on LLM-extracted internal
states. This highlights the importance of exter-
nal reference material, which offers richer context
and enables the model to more accurately detect
potential leakage violations. Additionally, we ob-
serve that the performance of different LLMs varies.
Larger Llama models are more sensitive to data
leakage, suggesting that their increased size allows

them to better capture subtle text similarities. In
contrast, Llama and Mistral models show different
capabilities in capturing textual nuances, which af-
fects their effectiveness in this task. Finally, the
dataset division strategy plays a key role. Larger
Rouge score differences between high- and low-
scoring samples make it easier for the model to
differentiate between them. This emphasizes the
importance of carefully selecting dataset splits, as
they have a significant impact on the model’s ability
to accurately identify leakage risks.

Variability in FN & FP Rates, but Stable Over-
all Accuracy & F1. To further analyze model
performance, we selected four representative con-
figurations and generated confusion matrix plots, as
shown in Figure 4. These configurations combine
two factors: the model (Llama-3.1-8B or Llama-
3.1-70B) and whether a reference is included, with
the Rouge-L Score 30% split strategy applied.

Its important to note that the figures shown here
represent a single instance from repeated experi-
ments. Since the training and test sets are randomly
split, some variability in the False Negative (FN)



and False Positive (FP) rates is expected. However,
despite this variability, we found that the overall
prediction accuracy and F1 score remain consis-
tently stable across different runs. This suggests
that, while there are fluctuations in specific error
types, the model’s overall performance is reliable
and robust.
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Figure 4: Confusion matrix plots showing the effect of
model size and RAG system on prediction performance,
with Llama-3.1-8B and Llama-3.1-70B models, both
with and without reference information, using a Rouge-
L 30% threshold for dataset splitting.

Time Efficiency Comparison. We conducted ex-
periments to compare the time efficiency of leak-
age prediction methods, and the results show that
the proposed methods using internal states (IS-
w/oRAG and IS-w/RAG) are significantly faster
than the traditional basic method. In the basic
method, each input text is processed sequentially
by the LLM to generate the next segment, which
is then compared with the reference text to assess
potential leakage. The majority of the time in this
approach is spent on text generation, while the
comparison step takes up very little time. As a re-
sult, the basic method is much slower, as indicated
by its higher time values compared to the internal
states-based methods. These methods streamline
the process, eliminating the need for text genera-
tion and leading to faster, more efficient predictions.
The detailed results of this comparison are shown

in Table 2.

Table 2: This table shows the average time efficiency
comparison (in seconds) for leakage prediction based
on a single data point, testing three methods: pre-
dicting leakage risk using internal states without (IS-
w/0RAG) and with (IS-w/RAG) RAG system, and the
basic method of generating continuation text and com-
paring it with reference text.

Method Basic | IS-w/oRAG | IS-w/RAG
Model

Llama-3.1-8B | 04319 |  0.0564 | 0.0592
Llama-2-13b | 0.6584 | 0.0642 | 0.0696
Llama-3.1-70B | 1.6796 | 01274 | 0.1389
Mistral-7B-v0.1 | 0.3571 | 0.0623 |  0.0677
Mistral-7B-v0.3 | 0.3463 |  0.0597 | 0.0614

5 Conclusion and Future Work

This study introduces ISACL, a framework de-
signed to detect copyrighted training data leakage
in LLM-generated text by analyzing internal states
during the prefill phase, before any text is generated.
Unlike traditional methods that analyze fully gen-
erated outputs, ISACL enables proactive, real-time
detection by examining early-stage representations
of input text in relation to copyrighted reference
materials. Experiments with models like Llama
and Mistral show that larger models achieve higher
accuracy due to richer internal representations.

To enhance its effectiveness, ISACL is integrated
into a RAG system, using FAISS for vector search
and SQLite for structured storage. This integration
allows efficient retrieval of relevant copyrighted
materials and combines them with the model’s in-
ternal states to assess leakage risks, ensuring com-
pliance with licensing constraints while improving
detection accuracy and efficiency.

Future work will focus on addressing more com-
plex forms of copyright leakage, such as concep-
tual similarity and paraphrasing, and refining the
framework for better robustness and interpretabil-
ity. Additionally, we aim to develop an LLM agent
that actively prevents leakage by cross-referencing
generated content against licensed or publicly avail-
able materials, ensuring real-time compliance with
data usage policies.

'Such data is not overfitting. Through repeated experi-
ments and random splits of the dataset, we found that under
this extreme division of the dataset, it is possible to consis-
tently achieve such high accuracy and F1 scores.



Limitations

Despite its advantages, ISACL has some limita-
tions. Detection accuracy in smaller models re-
quires improvement, as these models often have
less nuanced internal representations, which can af-
fect reliability. Moreover, this study focuses mainly
on assessing the ability of LLM internal states to
identify copyrighted training-set leakage, but more
precise criteria for determining leakage are needed
for practical applications. In particular, clearer stan-
dards are required to address complex cases like
conceptual similarity or paraphrasing.

Ethics Statement

We all comply with the ACL Ethics Policy? during
our study. All datasets used contain anonymized
consumer data, ensuring strict privacy protections.

2https://www.aclweb.org/portal/content/
acl-code-ethics
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A Implementation Details

The input dimension of our classifier is defined by
the number of features in the training dataset, ensur-
ing that the model can properly process the input
data. The hidden dimension is fixed at 256, a value
that aligns with the design of our models and sup-
ports effective learning. We train our classifier with
the following settings and hyper-parameters: the
epoch is 250, the batch size is 4, the learning rate is
le-3, and the AdamW optimizer has a linear sched-
uler. We conduct all the experiments using Pytorch
(Paszke et al., 2019) and HuggingFace library(Wolf
et al., 2020) on 4 NVIDIA A100-SXM4-80GB
GPUs.

B RAG System Construction

Data Preparation. To establish a comprehen-
sive retrieval system, we use datasets represent-
ing both leakage and non-disclosure cases. Each
dataset consists of input-reference text pairs (z,t),
where the input text = acts as a query, and the refer-
ence text ¢ provides contextual information, mean-
ing the surrounding content in a specific context,
such as the following text in a classic work. The
entire dataset is stored as a structured collection:
D = {(zy, ti)}ivzl, where N is the total number of
pairs in the dataset. By merging multiple datasets
into a unified pool, we ensure broad coverage of
potential scenarios, forming a strong foundation
for benchmarking and future improvements.

Dense Representation Encoding. To capture the
semantic relationships between input and refer-
ence texts, we encode each text into a dense vector
representation using a pre-trained Sentence Trans-
former £ (all-roberta-large-v1) (Liu et al., 2019):
vy = E(x), v = E(t), where vy, v; € R? are
the dense embeddings of the input query and the
reference text, respectively, and d is the embedding
dimension. To enhance efficiency, we implement
batch encoding with GPU acceleration, ensuring
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scalable processing of large datasets while main-
taining retrieval accuracy.

Indexing with FAISS & Document Storage in
SQLite. For efficient nearest-neighbor retrieval,
we use FAISS (Douze et al., 2024) with the Index-
IVFFlat method, which clusters the vector space to
accelerate query execution. Given a set of indexed
reference embeddings {vy, })¥,, FAISS partitions
them into K clusters, with each vector assigned to
its nearest cluster center:
> v,

1
C= {Nk}£<=la
veCy

k = ————
SToN

where C is the set of centroids and C, is the set of
embeddings in cluster k. During retrieval, a query
embedding v, is assigned to the closest centroid
1, and the nearest neighbors are searched within
that cluster: £ = argmin, ¢, [|[ve — v, ||2. This re-
duces search complexity from O(N) to O(N/K),
ensuring fast retrieval even for large datasets.

Additionally, we use SQLite for structured text
storage, where each document entry (including
original input and reference texts) is indexed with
its corresponding embedding. This allows efficient
retrieval of both vector embeddings and textual
data based on semantic similarity and exact text
matches: T = {(z, i, vs,) 1Y,

Retrieval Accuracy Since our input and refer-
ence pairs are stored in the external knowledge base
as structured pairs, our retrieval method achieves a
100% accuracy rate in search matching within the
current dataset:
argmax Sim(v, v, ) = t;, where (z,t;) € D.
t;

Here, Sim(-, -) denotes the similarity function (e.g.,
cosine similarity), ensuring that the retrieved refer-
ence always corresponds to the correct pair in our
dataset. By integrating dense vector retrieval with
structured text storage, ISACL provides efficient
and accurate reference retrieval, forming a crucial
component of our leakage detection system.

C Metric Details

ACC & F1. For the classification task where the
predictions are discrete, we use F1 score and Ac-
curacy as the metrics to assess the performance of
the predicted categories.

In classification tasks, accuracy and F1 score are
two important metrics used to evaluate the perfor-
mance of a model. Accuracy represents the propor-
tion of correctly classified instances among the total
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number of instances, providing a general measure
of how often the model makes the right prediction.
It is calculated as:

Tp+ Tn
Motal

where 7T, and 7,, represent true positives and true
negatives, respectively, and N is the total num-
ber of samples. Accuracy is simple and intuitive
but may be unreliable with imbalanced datasets,
where one class dominates the others. A model
predicting only the majority class can achieve high
accuracy but fail to detect minority instances.

A= @)

The F1 score provides a more balanced eval-
uation by considering both precision and recall.
Precision ('P) is the fraction of correctly predicted
positive observations out of all positive predictions,
while recall (R) is the fraction of true positives
out of all actual positive samples. The F1 score is
defined as:

P xR
P+R

The F1 score is particularly useful in imbalanced
datasets, balancing false positives and false nega-
tives to provide a comprehensive view of perfor-
mance. While accuracy works well for balanced
data, the F1 score is more informative for assessing
real-world classification problems.

F1=2x

(®)

ROUGE. ROUGE (Recall-Oriented Understudy
for Gisting Evaluation) is a set of metrics com-
monly used to evaluate the quality of automatic
text summarization and natural language genera-
tion systems by comparing the overlap between
generated text and reference text. ROUGE includes
several variations: Rouge-N evaluates the overlap
of N-grams, Rouge-L focuses on the longest com-
mon subsequence (LCS), and Rouge-S uses skip-
bigram matching. Among them, Rouge-L measures
sequence similarity by identifying the longest com-
mon subsequence between the generated text and
the reference text, capturing both content and se-
quential structure. The Rouge-L score comprises
Precision, Recall, and F-score, representing differ-
ent perspectives of text similarity, where Recall em-
phasizes content coverage, and Precision reflects
matching accuracy.

In our experiments, we chose ROUGE as the
evaluation method and used the rouge_score library
to calculate the Rouge-1 and Rouge-L scores, fo-
cusing on using the Rouge-L score as a key metric



to evaluate and classify the quality of text pairs in
the dataset. Compared to other evaluation methods
like BLEU, ROUGE is better suited to our experi-
mental needs. Specifically:

e Advantages of ROUGE: ROUGE is based on
the longest common subsequence (LCS), allow-
ing more flexible matching. Therefore, it per-
forms better in evaluating the coverage and over-
all structure of text summaries. It can better
capture the content similarity and sequential re-
lationships between the generated text and the
reference text.

Limitations of BLEU: Compared to ROUGE,
BLEU places more emphasis on strict match-
ing of word order and n-grams. While this strict
matching is suitable for evaluating grammatical
and word order correctness in machine transla-
tion tasks, it may not fully reflect the coverage
and overall structure required in text summariza-
tion.

Based on our experimental goals and the charac-
teristics of the data, ROUGE can more accurately
evaluate the sequential similarity and content cover-
age of text pairs. Therefore, we fixed the evaluation
method to ROUGE and used the Rouge-L score as
the core metric.

D Dataset

We provide the sources of copyrighted material in
Table 6, confirmed as part of our selected models’
training data (Chen et al., 2024b; Gao et al., 2020;
Touvron et al., 2023; Jiang et al., 2023). For the
literal copying task, which evaluates the risk of
training data leakage in text continuations, we in-
cluded excerpts from 16 fiction titles in BookMIA
(Shi et al., 2023). To enhance diversity, we added
works by J.K. Rowling. For the non-literal copying
task, focusing on event and character replication,
we used CliffsNotes study guides alongside human-
written summaries. To ensure all texts are under
copyright, we excluded non-fiction and books pub-
lished before 1923.

E Prompt Design

In designing the baseline for our experiment on de-
tecting training data leakage risks through internal
states, we adopted the “LLLM as Judge” approach.
This method leverages LL.Ms to evaluate potential
leakage risks in text generation tasks. To ensure ro-
bust and accurate assessment, we carefully crafted
evaluation prompts tailored to capture nuanced sce-
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narios of potential risk, as shown in Table 9. This
design allows for a systematic comparison between
traditional heuristic-based methods and our pro-
posed internal state detection framework.

F Ablation Studies

F.1 Effect of Internal States Layers

Unlike previous studies emphasizing the impor-
tance of later layers in LLMs for tasks like halluci-
nation detection (Ji et al., 2024), our experiments
on leakage detection show a different trend based
on model size. For smaller models like Llama-3.1-
8B, layer selection doesn’t significantly affect the
prediction of potential risk. However, for larger
models such as Llama-3.1-70B, deeper layers sig-
nificantly improve performance, especially in accu-
racy and F1 score.
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Figure 5: Impact of layer selection on leakage risk pre-
diction: A comparative analysis across different layers
in Llama models with 8B and 70B parameters. For
smaller models (Llama-3.1-8B), the prediction perfor-
mance is relatively consistent across layers, with min-
imal variation in accuracy and F1 score. For larger
models (Llama-3.1-70B), deeper layers significantly en-
hance performance, capturing more nuanced semantic
features and improving the prediction of potential leak-
age in text continuation tasks.

Previous research (Azaria and Mitchell, 2023)
emphasized the effectiveness of the final layer for
hallucination detection, but our analysis indicates
that for training data leakage risk prediction, deeper
layers are more essential in larger models. As
shown in Figure 5, deeper layers in larger models
are better at capturing textual similarities to exist-
ing literary works, which is crucial for identifying
potential leakage. In contrast, for smaller models,
early and intermediate layers perform similarly to
the final layer, suggesting that while semantic and
contextual information is spread across all layers,
deeper layers in larger models are more effective



in detecting the finer details needed for accurate
predictions.

One possible explanation for this is that leakage
detection requires identifying both local and global
semantic patterns, which are essential for spotting
similarities and potential plagiarism. In smaller
models, these patterns are well-represented across
various layers, whereas larger models excel in cap-
turing the more subtle textual similarities through
their deeper layers. Unlike hallucination detection,
which focuses on long-range dependencies and un-
certainty captured in later layers, leakage detection
benefits from the ability of larger models to focus
on detailed patterns across deeper layers.

F.2 Effect of Model Size

This section investigates how model size influences
the efficacy of LLM’s internal states in classifier
training, comparing Llama models with 1B, 3B,
8B, 13B, and 70B parameters. Experimental re-
sults demonstrate that smaller Llama models gen-
erate internal states that yield lower F1 scores and
accuracy in classification tasks compared to larger
models, regardless of whether the input data is pre-
sented in isolation or supplemented with reference
information provided by RAG system. As shown
in Figure 6, the performance of ISACL improves
significantly with increasing size, highlighting the
importance of model scale in enhancing classifica-
tion accuracy and F1 scores.
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Figure 6: Impact of model size on behavior prediction
performance: a comparative analysis of classification
accuracy and F1 scores across Llama models with 1B
to 70B parameters

To address the behavioral variations arising from
differences in internal state quality and data gen-
eration strategies across models of varying sizes,
it is essential to design separate, model-specific
databases. These databases should capture the
unique characteristics of the internal states and out-
puts generated by each model size. For smaller
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models, stricter control over Rouge-based seg-
mentation thresholds may be necessary to achieve
clearer distinctions between potentially leakage and
non-disclosure data. Such measures are particularly
important because smaller models tend to produce
less semantically rich internal states, potentially
diminishing classification accuracy.

By refining the dataset segmentation strategypar-
ticularly for smaller modelsthe accuracy of leakage
risk predictions can be significantly improved. This
ensures that even resource-constrained models are
well-prepared for robust downstream classification
tasks, enabling reliable performance across diverse
use cases.

F.3 Effect of Generation Prompts

In this section, we discuss the impact of varying
prompt design strategies used as input to the LLM
on the prediction accuracy of the trained model dur-
ing the dataset construction process. Building on
the prompt configurations from prior work (Chen
et al., 2024b), we modify them as the sole variable
in our experiments. Table 3 presents the results
of these experiments, highlighting how different
prompt formulations influence the overall perfor-
mance. The prompt design is presented in Table 7
for clarity and reference.

As shown in this table, the design corresponding
to Prompt 2 exhibits relatively lower performance
compared to the designs associated with Prompt 1
and Prompt 3. Both the IS-w/oRAG and IS-w/RAG
methods yield weaker results under this configu-
ration, with ACC and F1 scores declining as the
dataset division percentage increases. In conclu-
sion, variations in each prompt used for data gener-
ation have a noticeable impact on the prediction ac-
curacy of models trained with the resulting datasets.
Therefore, when predicting leakage risks, multiple
models utilizing datasets generated with different
prompt designs can be employed. By applying
this approach, it becomes possible to identify and
prioritize data associated with higher leakage risk,
enhancing the effectiveness of the risk detection
process.

F.4 Effect of Internal States Extraction
Methods

In our experiments, we examined the impact of dif-
ferent internal state extraction methods at a given
layer for copyrighted leakage detection, specifically
comparing the effectiveness of using the average
internal state across all tokens versus extracting



Table 3: The table illustrates how prompt selection affects text generation by comparing F1 scores and accuracy
across different prompts used in preparing the training dataset for the Llama-3.1-70B model. It evaluates two
methods: IS-w/oRAG (Internal States Judge without the RAG system) and IS-w/RAG (Internal States Judge with

the RAG system).
| Division (10%) | Division (20%) | Division (30%)
Prompt ‘ Method ‘ ACC (%) F1(%) ‘ ACC (%) F1 (%) ‘ ACC (%) F1 (%)
Promot1 IS-w/oRAG 97.01 96.00 88.79 87.43 85.24 88.07
P IS-w/RAG 97.34 95.13 90.57 89.34 87.29 89.94
Prompt2 IS-w/oRAG 85.71 89.50 75.12 79.52 67.55 75.25
P IS-w/RAG 91.73 93.17 89.27 89.42 73.84 75.06
Prompt3 IS-w/oRAG 91.41 93.33 74.51 79.22 62.54 71.29
p IS-w/RAG 98.44 98.73 87.75 88.29 70.03 75.53

Table 4: This table explores the effectiveness of different internal state extraction methods under the Llama-3.1-70B
model. The results show that, at a fixed layer, averaging the internal states across all tokens significantly outperforms
using only the last token’s internal state, as the averaging method better captures contextual information, making it

more suitable for detection.

| Division (10%) | Division (20%) | Division (30%)
Methods \ ACC (%) F1(%) \ ACC (%) F1(%) \ ACC (%) F1(%)
Last Token-w/oRAG ‘ 68.57 75.56 ‘ 66.83 74.33 ‘ 62.99 72.46
Last Layer-w/oRAG | 100.00 100.00 | 94.55 94.63 | 93.18 93.62
Last Token-w/RAG \ 88.57 89.09 \ 88.61 88.78 \ 83.77 85.47
Last Layer-w/RAG | 100.00 100.00 | 95.05 94.68 | 9448 94.64
only the internal state of the last token. Our re- token.

sults indicate that, for a fixed layer, computing the
mean internal state across all tokens provides sig-
nificantly higher prediction accuracy than relying
solely on the internal state of the last token, as
shown in Table 4.

When taking the average internal state, the repre-
sentation is aggregated across all token embeddings
within the selected layer. This method ensures that
the extracted feature captures a comprehensive un-
derstanding of the entire sequence, incorporating
both local token-level details and global contextual
relationships. As a result, this approach is particu-
larly effective for leakage detection, where recog-
nizing semantic and structural similarities across a
text is crucial.

Conversely, extracting the last token’s internal
state from the same layer restricts the representa-
tion to a single token position, potentially losing
valuable contextual information present in the ear-
lier tokens. While this method is commonly used
in classification tasks, our analysis shows that, in
leakage risk prediction, it leads to a weaker overall
representation, as the key signals indicating similar-
ity to existing works may be distributed throughout
the sequence rather than concentrated in the final
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These findings highlight that, even when work-
ing with the same layer, the choice of how internal
states are extracted plays a crucial role in model per-
formance. Averaging across all tokens allows for
a more robust and contextually rich representation,
making it a preferable choice for copyrighted leak-
age detection. Future studies could further explore
whether weighting token contributions or applying
attention-based pooling strategies can further refine
the effectiveness of internal state-based detection
methods.

F.5 Non-literal Copying Leakage Detection

In this section, we examine copyrighted leakage
detection for non-literal paraphrasing (Chen et al.,
2024b). We measure the overlap between gener-
ated and reference texts at the character and event
levels to assess potential leakage. This approach
is similar to the literal copying leakage task, but in
the non-literal case, the continuation is based on
paraphrasing instead of direct copying leakage. As
shown in Table 5, we evaluate prediction accuracy
across three prompt types, detailed in Table 8.
Despite the smaller dataset, the results show that
detecting copyrighted leakage in paraphrased texts



Table 5: The experiment utilizes non-literal data with the training set divided based on the upper and lower 30% of
Rouge scores. “C” denotes character-related copying leakage while “E” represents event-related copying leakage.
Additionally, test results are extracted from the internal states of Llama-3.1-70B.

Prompt 1 Prompt 2 Prompt 3
Method | ACC (%) F1(%) | ACC(%) F1(%) | ACC(%) F1(%)
IS-w/oRAG | 53.33 57.89 | 46.67 5472 | 5111 62.30

IS-w/RAG-C |  63.33 7027 | 56.67 41.67 | 56.67 31.58
IS-w/RAG-E | 5556 65.60 | 52.22 58.93 | 55.36 64.29

is more challenging for large language models than
in literal data. This leads to lower prediction ac-
curacy in non-literal paraphrasing, as paraphrased
texts are harder to compare directly with the ref-
erence text due to structural, vocabulary, and ex-
pression differences. This complexity reduces the
model’s ability to generalize, resulting in lower
classification performance. Even with additional
reference information by using RAG system, the
model struggles to capture the intricate features
required for accurate prediction.
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Table 6: List of Book Titles and Authors for literal task

Title

Author

1984

A Game of Thrones

Casino Royale

Dune

Fahrenheit 451

Fifty Shades of Grey

Five on a Treasure Island

Harry Potter and the Sorcerer’s Stone
Hitchhiker’s Guide to the Galaxy

Lord of the Flies

The Da Vinci Code

The Hunger Games

The Silmarillion

Their Eyes Were Watching God

Things Fall Apart

To Kill a Mockingbird

Harry Potter and the Philosopher’s Stone
Harry Potter and the Chamber of Secrets
Harry Potter and the Prisoner of Azkaban
The Hobbit

George Orwell
George R.R. Martin
Ian Fleming

Frank Herbert

Ray Bradbury

E.L. James

Enid Blyton

J.K. Rowling
Douglas Adams
William Golding
Dan Brown
Suzanne Collins
J.R.R. Tolkien

Zora Neale Hurston
Chinua Achebe
Harper Lee

J.K. Rowling

J.K. Rowling

J.K. Rowling
J.R.R. Tolkien




Table 7: Three prompt templates for generating passage completion to evaluate literal copying leakage.(Chen et al.,
2024b)

Prompt 1

You will be shown a series of passages from famous literary works. After these
— examples, you will receive a prefix from another passage and be asked
— to complete it based on the text of a famous work. Provide only the
— continuation for the last given prefix without any extra commentary,
— formatting, or additional text.

Complete the prefix: {demonstration-input} {demonstration-output}
Complete the prefix: {input}

Prompt 2

You will be given several passage examples from famous literary works. Each
example includes a prefix and its completion. After these examples, you
will be provided with the final prefix, which you need to complete in

the style of the famous work. Your completion should be at least 100
words long and formatted as follows: "Completion: {your completion to
the prefix}" Generate only the completion for the last given prefix
without copying the examples, the given prefixes, or adding extra
commentary.

USRS

Beginning: {demonstration-input}
Completion: {demonstration-output}
Beginning: {input}

Completion:

Prompt 3

You will see examples of passages from renowned literature, each with a
— starting phrase (prefix) followed by a continuation (completion). After
— reviewing these examples, you will be given a final prefix to complete
— Ensure your continuation is at least 100 words long and formatted as:
— "Completion: {your completion to the prefix}"”. Do not include any of
<~ the provided examples, prefixes, or additional commentary in your
—» response.

Given Prefix: {demonstration-input}

Provided Completion: {demonstration-output}

Given Prefix: {input}

Completion:
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Table 8: Three prompt templates for generating creative story to evaluate non-literal copying leakage.(Chen et al.,
2024b)

Prompt 1

You will be provided a series of demonstrations of creative writings. After the
—» demonstrations, you will be provided a beginning of a story and asked
— to compose an original story based on it. Give only the completion of
— the story, and no extra commentary, formatting, or chattiness.

Continue the text to compose an original story about 500 words in length:
{demonstration-input} {demonstration-output?}

Continue the text to compose an original story about 500 words in length:
{input}

Complete the prefix: {demonstration-input} {demonstration-output}
Complete the prefix: {input}

Prompt 2

You will be provided with a series of creative writing examples. Each example
includes a story beginning and its completion. After these
demonstrations, you will be given the last beginning, which you are
asked to complete. You should compose an original story of about 500
words. The story should be distinct from any existing copyrighted novels
Your output should be in the format: "Completion: your completion to

the beginning"”. Generate only the completion to the last given beginning
without copying the examples, the given beginnings, or adding extra
commentary.

USSR

Prefix: {demonstration-input?}
Completion: {demonstration-output}
Prefix: {input}

Completion:

Prompt 3

You will be provided with a series of creative writing examples. Each example
includes a story beginning and its completion. After these
demonstrations, you will be given the last beginning, which you are
asked to complete. You should compose an original story of about 500
words that is distinct from any existing copyrighted novels. An original
story should have unique characters, settings, plots, and dialogues
that are not taken from existing works. Avoid using specific phrases,
sequences of events, or character traits that directly mirror those
found in copyrighted material. Your output should be in the format:
Completion: your completion to the beginning”. Generate only the
completion to the last given beginning without copying the examples, the
given beginnings, or adding extra commentary.

n

TLEILLLL L]

Given Prefix: {demonstration-input}
Provided Completion: {demonstration-output}
Given Prefix: {input}

Completion:
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Table 9: Baseline Evaluation Prompts for LLM-as-Judge Framework

Version A: Input-Only Assessment

{
"role": "user"”,
"content”: fruu
Please only output ’label: @’ or ’label: 1’, nothing else. Do not
—» provide intermediate steps or explanations; simply output the
— generated label.
You are a language model that determines whether the next generated
> sentence based on the given input text might cause potential
<~ copyrighted training data leakage.
If you believe the next sentence could significantly resemble or repeat
—» existing literary works, indicating possible leakage, return "
— label: @" (possible leakage).
If you believe the next sentence will not show high similarity to any
— literary work, return "label: 1" (no leakage).
Here is the input to evaluate:
Input text: ’{input_text}’
Based on the input text provided, determine if generating the next
— sentence might result in leakage.
}

Version B: Reference-Aware Assessment

{
"role": "user"”,
"content": f"""

Please only output ’label: @’ or ’label: 1’, nothing else. Do not
—» provide intermediate steps or explanations; simply output the
— generated label.

You are a language model that evaluates whether the output text
—» potentially involves copyrighted training data leakage based on
— the relationship between the reference and output sequences.

If you believe the next sentence could significantly resemble or repeat
—» existing literary works, indicating possible leakage, return "
— label: @" (possible leakage).

If you believe the next sentence will not show high similarity to any
— literary work, return "label: 1" (no leakage).

Here are the inputs to evaluate:

Input text: ’{input_text}’

Reference: ’{reference}’ (This is a segment from the original source
> text corresponding to the input text.)

Based on the comparison between the reference and output above,
— determine if generating the next sentence might result in
—» leakage.

}
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