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Abstract

Language models (LMs) can memorize and repro-
duce segments from their pretraining data verba-
tim even in non-adversarial settings, raising con-
cerns about copyright, plagiarism, privacy, and
creativity. We introduce Paraphrase Preference
Optimization (ParaPO), a post-training method
that fine-tunes LMs to reduce unintentional re-
gurgitation while preserving their overall utility.
ParaPO trains LMs to prefer paraphrased ver-
sions of memorized segments over the original
verbatim content from the pretraining data. To
maintain the ability to recall famous quotations
when appropriate, we develop a variant of ParaPO
that uses system prompts to control regurgita-
tion behavior. In our evaluation on Llama3.1-8B,
ParaPO consistently reduces regurgitation across
all tested datasets, achieving a 25.4% reduction
on unintentional regurgitation in creative writing,
whereas unlearning methods are less effective
out of their unlearned domain (with only a 2.3%
reduction). On the instruction-tuned Tulu3-8B
model, ParaPO combined with system prompt-
ing successfully preserves desirable quotation re-
call while reducing unintentional regurgitation by
27.5% in creative writing when instructed not to
regurgitate. In contrast, without ParaPO tuning,
prompting the model not to regurgitate produces
only a marginal reduction.

1. Introduction

Language models (LMs) may memorize and verbatim re-
produce segments of their pre-training data during gener-
ation, a phenomenon called regurgitation (Carlini et al.,
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2021). While intentional reproduction of famous quotations
can be beneficial, unintentional regurgitation poses signifi-
cant risks including copyright violations (Henderson et al.,
2023), plagiarism concerns (Lee et al., 2023), and privacy
issues (Brown et al., 2022).

Mitigating unintentional regurgitation faces two critical
challenges: achieving effective reduction while preserving
model utility. Existing approaches using unlearning (Shi
et al., 2025) or pre-training data filtering (Min et al., 2024)
fail to generalize beyond their targeted domains, while main-
taining utility is complex since both unintentional regurgita-
tion and intentional quotation recall emerge from the same
verbatim memorization mechanisms (Liu et al., 2024b).

We propose Paraphrase Preference Optimization (ParaPO),
a post-training method that uses preference optimization to
train models to favor paraphrases over memorized segments.
ParaPO learns a generalizable ability to reduce verbatim
reproduction across diverse prompts. We also introduce a
variant incorporating system prompts that allows controlled
regurgitation: models can be explicitly instructed to either
reduce or permit regurgitation during inference.

We evaluate ParaPO on base and instruction-tuned mod-
els across regurgitation and quotation recall tasks. On
Llama3.1-8B (AI@Meta, 2024), ParaPO reduces book snip-
pet regurgitation from 15.6 to 1.6 and creative writing re-
gurgitation from 17.3 to 12.9, demonstrating generalization
beyond training domains. In contrast, unlearning meth-
ods eliminate regurgitation only within targeted domains.
On Tulu3-8B (Lambert et al., 2024), ParaPO with system
prompts preserves quotation recall (28.0 to 27.5) when per-
mitted while reducing regurgitation (19.9 to 7.6) when in-
structed not to.

In summary, we make the following contributions:

1. ParaPO enables models to distinguish memorized con-
tent from paraphrases and avoid reproducing them.

2. An evaluation framework measuring both unintentional
regurgitation and intentional quotation recall.

3. Demonstration that ParaPO retains verbatim memory
while enabling controllable regurgitation reduction.
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Figure 1. Regurgitation is tested using (a) targeted prompts containing text snippets from known sources and (b) untargeted prompts for
creative tasks. Utility is tested using (c) intentional reproduction of famous quotations. Examples are generated by Tulu3-8B with and

without ParaPO.

2. Paraphrase Preference Optimization
(ParaPO)

Language models trained with next-token prediction often
learn to copy snippets from their pre-training data verbatim.
We aim to reduce this copying behavior by guiding the
model to lower the probability of memorized segments. The
pipeline is demonstrated in Figure 2.

Constructing Paraphrase Preference Pairs. To create
the training data, we first sample segments from the pre-
training corpus and filter out those that are not verbatim
memorized. These segments are denoted as x1, ..., x,. We
determine whether a segment is verbatim memorized by
prompting the target language model with a prefix of the
segment and checking whether the model can generate an
(almost) exact continuation.

Next, each segment z; is paraphrased into a correspond-
ing text y; that preserves the original meaning while us-
ing different wording. This process yields the dataset
D = {(z;,y;)}}_,, which consists of paraphrase pairs.

Optimization. We fine-tune the model on D using the
Direct Preference Optimization objective (Rafailov et al.,
2023, DPO). For each pair (z;,y;), the model learns to
prefer the paraphrased segment y; over the segment in the
pretarining data z;. Concretely, the loss £(x;, y;) is given

by:
mo(z:) ) GH

7Tref(iti)

—logo (ﬂlogm(yi) — Blog
Tref (yz )
where 7y is the finetuned model’s probability distribution,
Tef 18 the reference model’s distribution, and § is a scaling
factor.

Controlling Regurgitation with System Prompts To
support flexible use of memorized content, we extend

ParaPO with system prompts that specify whether regur-
gitation should be discouraged. During training, we use two
prompt types: one indicating the model should avoid verba-
tim copying and one allowing it. Depending on the prompt,
we reverse the preference order of the paraphrase pair: when
copying is discouraged, the paraphrase is preferred. When
copying is allowed, the original is preferred. This teaches
the model to adjust its output behavior based on the system
prompt (Chen et al., 2024; Wei et al., 2024).

3. Experimental Results

ParaPO Dataset and Training Design We build ParaPO
training data by identifying verbatim memorized segments
from Pile-CC (Gao et al., 2020) via ROUGE-L overlap
between model generations and document continuations.
The top 16K matched sequences are paraphrased using
Llama3.1-70B-Instruct. In the preference learning setup,
the original segment is treated as the rejected output, and the
paraphrase as the preferred one. We experiment with fixed
system prompts (Copying:Yes/No) to control regurgi-
tation behavior and test variants mixing paraphrase pairs
with generic preference data from Tulu3-8B-DPO (Lambert
etal., 2024).

Evaluation of Regurgitation and Utility We assess re-
gurgitation both in targeted extractability and untargeted
creative tasks. For the former, models are prompted with
snippet prefixes and scored via ROUGE-L for matching con-
tinuations (Wei et al., 2024). For creative task, we compute
the 11-gram overlap with The Pile using Infinite-gram (Liu
et al., 2024a). Utility is evaluated on MMLU (Hendrycks
et al., 2021), GSMS8K (Cobbe et al., 2021), BBH (Suzgun
etal.,2023), IFEval (Zeng et al., 2024), and AlpacaEval2 (Li
et al., 2023; Dubois et al., 2023; 2024). Quotation recall is
measured using datasets from Liu et al. (2024b).
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Figure 2. (a) The pipeline for Paraphrase Preference Optimization (ParaPO). We sample memorized segments from the pre-training
corpus, generate paraphrases using a strong language model, and apply preference learning to these paraphrase pairs. (b) Controllable
regurgitation is introduced using system prompts. We aim to retain the ability to generate verbatim text from the pre-training data, such as

recalling quotations.

Model Variants and Baseline Comparisons We apply
ParaPO to LLaMA3.1-8B, Qwen2.5-7B (Al@Meta, 2024,
Qwen-Team, 2024), and instruction-tuned Tulu3-8B vari-
ants. Baselines include two unlearning methods: Gradient
Ascend (GA) and Negative Preference Optimization (NPO,
Zhang et al. (2024)). We apply these methods with Book-
Sum as the forget set and Harry Potter FanWiki as the retain
set (Shi et al., 2025). We evaluate fine-tuning on paraphrases
(without preference pairs), ParaPO with random segments,
and instruction-tuned models using system prompts (Chen
et al., 2024; Wei et al., 2024; Aerni et al., 2025).

4. Main Results

In this section, we aim to demonstrate that LMs trained
with ParaPO effectively reduce regurgitation across mul-
tiple scenarios while preserving the utility of the models.
We present results for pre-trained base models (§4.1) and
instruction-tuned models (§4.2).

4.1. Pre-trained Base Models

Unlearning Methods Only Reduce Regurgitation Within
the Unlearned Domain. Table 1 shows the results for
Llama3.1-8B and Qwen2.5-7B tuned with unlearning, su-
pervised fine-tuning, and ParaPO. The two baselines, Gra-
dient Ascend (GA) and Negative Preference Optimization
(NPO), unlearn the target dataset (BookSum), and thus suc-
cessfully reduce verbatim reproduction of BookSum to near
zero. However, this reduction does not transfer to other do-
mains. The regurgitation scores on web snippets only drop
modestly (e.g., from 33.4 to 28.2 (GA) and 28.3 (NPO) on
Llama3.1-8B), and regurgitation scores on creative writing
remain almost the same. This suggests that unlearning only
works on the target unlearned domain and does not affect
the general regurgitation behavior of the model.

ParaPO Effectively Reduces Regurgitation in All
Datasets. ParaPO achieves the largest reduction in copy-

ing behavior on all tested datasets. Compared to Llama3.1-
8B, regurgitation scores drop from 33.4 to 21.6 (Web), 15.6
to 1.6 (Book), and 17.3 to 12.9 (Creativity Writing). We
find that preference learning is necessary because supervised
finetuning on paraphrased versions of memorized sequences
is less effective in reducing regurgitation.

Verbatim Memorized Segments are Crucial for Reduc-
ing Regurgitation. Notably, when ParaPO is applied to
randomly sampled segments (+ ParaPO w/ Rand Seg) in-
stead of verbatim memorized ones, its effectiveness de-
creases. In that case, Book extraction score is 12.6, better
than baseline, but much worse than 1.6 achieved by the
default version of ParaPO. This highlights the importance
of using actual verbatim memorized content in the training
process. We speculate that the model has difficulty prefer-
ring one response over the other in a preference pair unless
one version was verbatim memorized and another is not. In
such cases, the model learns to assign a lower probability
to the memorized text after ParaPO, decreasing the chance
of verbatim copying. Although ParaPO effectively reduces
verbatim reproduction of pre-training data, models tuned
with ParaPO show slightly lower performance in knowledge,
math, and reasoning tasks . We will further discuss how to
preserve utility in Section 4.2.

4.2. Instruction-Tuned Models

Generic Instruction Tuning Reduces Regurgitation. In-
struction tuning leads to large reductions in verbatim
copying across multiple settings. Starting from the base
Llama3.1-8B model, which scores 33.4 on web data and
16.0 on book data in the regurgitation evaluation, applying
Tulu-SFT lowers these scores to 22.1 and 1.8, respectively.
The full Tulu model (+ Tulu), which incorporates prefer-
ence optimization and reinforcement learning, further re-
duces them to 19.9 (web) and 1.2 (book), and lowers the
creativity copying score from 17.3 to 8.7. These reductions
are achieved even while improving performance on utility
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| Regurgitation Evaluation (]) |

Utility Evaluation (1)

Methods

Web  Book Creativity K(nMOI\“//[lf%g)e (GI;AICIIE};K) R?;Sg:ll)n e Quote
Llama3.1 8B 334 156 17.3 64.0 58.0 63.3 26.5
+ Unlearning Book (GA) 282 04 16.9 63.9 61.0 62.0 17.0
+ Unlearning Book (NPO) | 28.3 0.0 17.7 64.0 60.0 62.3 17.0
+ Training on Paraphrases | 31.9  11.8 17.8 63.9 52.5 60.7 20.0
+ ParaPO w/ Rand Seg 244 126 15.2 63.7 54.5 624 15.5
+ ParaPO 21.6 1.6 12.9 61.2 535 59.8 1.5
Qwen2.5 7B 353 1.8 15.1 71.9 83.5 67.1 31.0
+ Unlearning Book (GA) 343 1.6 15.8 71.6 79.5 62.9 30.5
+ Unlearning Book (NPO) | 34.6 14 14.3 71.6 78.5 63.0 30.5
+ Training on Paraphrases | 35.0 1.8 15.4 72.0 82.5 21.8 32.5
+ ParaPO w/ Rand Seg 33.1 1.8 12,5 70.7 84.0 68.5 26.0
+ ParaPO 29.5 0.6 10.2 70.8 86.5 68.3 12.5

Table 1. Regurgitation and utility evaluation of pre-trained base models. ParaPO consistently reduces regurgitation across all tested
datasets while maintaining strong utility on MMLU, GSMS8K, and BBH.

\ Regurgitation Evaluation ({) \

Utility Evaluation ()

Methods
Web Book  Creativity K&R IF F Quote
(IFEval)  (AE2)

Lllama3.1-8B 334 160 17.3 61.8 / / 26.5
+ Tulu-SFT 22.1 1.8 15.0 67.4 64.1 8.5 30.0
+ Tulu 19.9 1.2 8.7 73.9 78.2 32.8 28.0
+ Tulu + System Prompt 16.0 1.0 8.4 739 78.2 32.8 17.3
+ Tulu + ParaPO w/ Rand Seg 18.3 0.4 7.1 733 79.3 339 24.5
+ Tulu + ParaPO 157 0.0 5.5 70.9 743 32,6 5.5
+ Tulu + ParaPO Sys (Copy-N) 0.1 0.0 3.7 65.0 53.2 52 0.0
+ Tulu + ParaPO Sys (Copy-Y) 144 0.6 8.6 71.5 77.3 26.4 21.0
+ Tulu + ParaPO Mix 167 0.2 7.1 72.9 78.2 34.1 16.5
+ Tulu + ParaPO Sys Mix (Copy-N) | 7.6 0.6 6.3 72.5 71.9 239 10.5
+ Tulu + ParaPO Sys Mix (Copy-Y) | 16.1 0.4 8.6 727 76.2 34.8 27.5

Table 2. Evaluation of instruction-tuned models on regurgitation and utility. ParaPO with system prompts reduces copying across all
domains while maintaining the base model’s utility. K&R: Knowledge and Reasoning; IF: Instruction Following; AE2: AlpacaEval2.

metrics.

ParaPO Further Reduces Regurgitation on Top of The
Instruction-tuned Model. Adding ParaPO on top of the
Tulu-3 model reduces regurgitation even further. The Tulu
model, further tuned with ParaPO (+ParaPO), eliminates
the copying ratio on books, bringing it down to 0.0, and
reduces n-gram overlap in creative writing from 8.7 to 5.5.
Notably, these improvements in reducing regurgitation come
with preserved utility of the model: instruction-following
performance, evaluated on AlpacaEval2, remains high at
32.6—nearly matching the base Tulu’s 32.8.

ParaPO Enables Controllable Regurgitation with Sys-
tem Prompts An inference-time mitigation using a sys-
tem prompt (+ System Prompt) that reminds the model not
to regurgitate has only a limited effect on reducing the copy-
ing score: from 19.9 to 16.09 on Web, from 1.2 to 1.0 on
Book, and from 8.7 to 8.4 on creative writing. Training the
model with ParaPO using system prompts during training
and a mixture of generic preference learning data (+ ParaPO
Sys Mix) preserves quotation recall ability (28.0 to 27.5)
when regurgitation is not discouraged (Copy-Yes), and sig-
nificantly reduces regurgitation on Web (19.9 to 7.6), Book
(1.2 to 0.6), and creative writing (8.7 to 6.3) when regurgita-
tion is discouraged through the system prompt (Copy-No).

Joint Training on Paraphrases and General Preference
Data Further Preserves Utility. Training the model with
paraphrase pairs alone (e.g., +ParaPO and +ParaPO Sys) can
lead to a degradation of the original capabilities, especially
in instruction-following evaluations, since the quality of
long-form generation may be affected by ParaPO training.
However, we find that combining ParaPO with both system
prompting and human preference data improves the overall
balance between low copying and high utility. In ParaPO
Sys Mix (Copy-Y), the model achieves an IFeval score
of 76.2 and a 34.8 score on AlpacaEval2, retaining the
instruction-following ability of the base Tulu model.

5. Conclusion

We propose Paraphrase Preference Optimization (ParaPO)
as a post-training method to reduce the regurgitation of pre-
training data in open-ended generation. Using only 16k pref-
erence pairs, ParaPO effectively decreases the extractability
of pre-training data and reduces long verbatim copying in
creative writing. Furthermore, we demonstrate that regurgi-
tation can be controlled through system prompts in models
tuned with a variant of ParaPO that incorporates system
prompts during training. We provide a new perspective on
mitigating regurgitation through post-training alignment.
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Limitations

While ParaPO significantly reduces verbatim regurgitation,
several limitations remain. First, our experiments are lim-
ited to models with up to 8B parameters due to computa-
tional constraints. Larger models are known to memorize
training data more strongly and show higher rates of regurgi-
tation (Carlini et al., 2021), making them both more difficult
and more informative for evaluation. Testing ParaPO on
larger models would provide a clearer picture of its effec-
tiveness and scalability. Second, although ParaPO reduces
exact copying, it does not directly target non-literal memo-
rization, such as reproducing specific events, characters, or
stylistic patterns from training data without using the same
wording. As a result, ParaPO alone does not fully address
copyright or privacy risks in language models. Future work
could investigate ways to extend our method to reduce these
subtler forms of memorization.

Ethical Considerations

All datasets used for training and evaluation were either pub-
licly available or derived from sources that do not contain
personally identifiable information. We comply with ethical
guidelines for data usage and model evaluation. We aim to
promote responsible Al deployment by making our method-
ology transparent and reproducible, and we will share code
and evaluation protocols to support further research.
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A. Related Works

A.1. Language Model Memorization

Language model memorization (Carlini et al., 2019) occurs when neural networks store and reproduce exact or near-identical
sequences from their training data, with verbatim regurgitation manifesting as direct output of these memorized fragments
(Carlini et al., 2021). This behavior emerges through standard training procedures, influenced by model scale (larger models
exhibit greater memorization), data repetition (frequently encountered sequences are more readily memorized), and task type
(factual tasks demonstrate stronger memorization than reasoning tasks) (Carlini et al., 2023; Wang et al., 2025). Training
dynamics reveal that improved language modeling capabilities correlate with both enhanced task performance and increased
verbatim memorization (Huang et al., 2024; Xie et al., 2025).

Memorization creates several safety concerns: privacy risks when models store personal or sensitive data (Brown et al.,
2022), copyright violations from reproducing protected content (Henderson et al., 2023; Chen et al., 2024; Wei et al., 2024),
and compromised evaluation validity when models regurgitate test data encountered during pre-training (Bordt et al., 2024).
The distributed encoding of high-risk information across model parameters rather than isolated components complicates
targeted removal (Huang et al., 2024).

Mitigation strategies include differential privacy techniques that introduce noise during training (Chua et al., 2024), data
curation approaches that minimize repetition and filter sensitive content (Min et al., 2024), and machine unlearning methods
for selective memorization removal (Shi et al., 2025). Prompt engineering and output filtering provide temporary safeguards
but fail to address fundamental causes (Chen et al., 2024; Wei et al., 2024; Liu et al., 2024b).

A.2. Safety Fine-tuning

Safety fine-tuning adapts LMs to align with human values and reduce harmful outputs (Qi et al., 2024). Recent studies
identify challenges in balancing safety with utility, addressing cross-lingual disparities, and preventing adversarial misuse or
recovery of hazardous capabilities (Shi et al., 2024; Shen et al., 2024; Lucki et al., 2025).

Safety Fine-tuning research on regurgitation reduction has primarily targeted training LMs to refuse harmful or malicious
prompts through supervised fine-tuning or alignment techniques (Liu et al., 2024b; Brahman et al., 2024). Our work focuses
instead on reducing unintentional regurgitation in benign contexts, such as extending user-provided prefixes or creating
original text.

B. Analysis

We further analyze how ParaPO impacts the verbatim reproduction of pre-training data. We discuss the length of verbatim
reproduction (§B.1), the probability change of verbatim memorized segments (§B.2), and the utility preservation (§B.3).

Methods | Story | Peom | Speech

CI S-gram  11-gram CI S-gram  11-gram CI S-gram  11-gram

M €] €] M €] ) ) () L)
Llama3.1 8B 0.378 99.0 17.3 0.472 96.5 12.4 0.393 97.9 22.3
+ ParaPO 0.408 98.4 14.0 0.468 97.1 11.9 0.421 97.5 13.7
Tulu 3 8B SFT | 0.352 98.5 19.8 0.548 95.6 7.1 0.349 98.2 23.3
+ ParaPO 0.462 98.2 7.3 0.577 96.5 4.0 0.428 98.5 10.8
Tulu 3 8B 0.488 97.4 7.5 0.654 92.4 1.8 0.398 98.4 16.8
+ ParaPO 0.536 97.0 3.8 0.655 95.4 1.3 0.452 98.4 10.6

Table 3. Creativity Index (CI) and n-gram overlap (5-gram and 11-gram) between language model outputs and the Pile corpus. ParaPO
improves CI and reduces n-gram overlap, with a stronger effect on reducing longer (11-gram) verbatim matches than shorter (5-gram)
ones.

B.1. Length of Verbatim Reproduction

We compare the n-gram overlap on shortest span (5-gram) with the longest span (11-gram) evaluated in the creative writing
dataset. Table 3 presents the creativity index and n-gram overlap ratios across different models and tasks. We observe that
most of the improvement of the creativity index comes from a lower overlap ratio in longer spans (11-grams) compared to
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Figure 3. Negative log-likelihood (NLL) of text snippets from the test split of Pile-CC before and after ParaPO training. Snippets with
lower NLL before training tend to show a greater increase in NLL after training.
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Figure 4. Trade-off between utility and regurgitation when mixing ParaPO with conventional DPO data. Lower paraphrase fractions
reduce copying less effectively, while higher fractions preserve utility.

shorter spans (5-grams). For example, the 11-gram overlap ratio decreased from 16.8 to 12.3 for Tulu3-8B-SFT and from
8.7 to 7.5 for Tulu3-8B. In contrast, the 5-gram overlap ratio remained nearly unchanged across all models. Therefore, we
speculate the LM learns to avoid regurgitation by deviating from the memorized text when the model have already generated
a long sequence of memorized text.

B.2. Probability Change of Memorized Text

In §4.1, we show that using verbatim memorized text during ParaPO training plays an important role in reducing regurgitation.
To understand this behavior, we analyze how the model assigns probability to different text snippets. We sample 10,000
documents from the Pile-CC dataset that are not used in training, and use them as a held-out test set. We compute the
negative log-likelihood (NLL) for each snippet using both the base Llama3.1-8B model and the ParaPO trained model. The
results are shown in Figure 3, where a higher NLL corresponds to a lower assigned probability.

Most points lie close to the diagonal line (where NLL before and after training are equal), but many snippets with low
pre-training NLL (toward the left side of the plot) exhibit a noticeable increase in NLL after ParaPO training. This indicates
that ParaPO decreases the log-likelihood more for text that is likely memorized compared to text that is not.

B.3. Utility Preservation

To preserve the model’s utility, we train the model with a mixture of ParaPO paraphrase pairs and generic preference
optimization data. Moreover, we also tune the model with LoRA (Hu et al., 2022), a parameter-efficient finetuning method.
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The trade-off between utility preservation and regurgitation reduction is shown in Figure 4. We observe that for both full-
parameter finetuning and LoRA finetuning, using 90% of paraphrase pairs and 10% of the generic preference optimization
data is sufficient to retain most of the model’s utility while still yielding a noticeable reduction in regurgitation. We also
find that, under the same hyperparameters, LORA fine-tuning leads to a greater reduction in regurgitation. We speculate
that full-parameter fine-tuning may reduce the training loss more easily, resulting in smaller overall changes to the model
compared to LoRA fine-tuning.

C. Experimental Details
C.1. ParaPO Training Dataset Construction

Source. We create training datasets for ParaPO following the process illustrated in Figure 2. We sample segments from
The Pile-CC (Gao et al., 2020) dataset, a filtered subset of the Common Crawl' dataset, specifically designed for inclusion in
The Pile (Gao et al., 2020). We believe recent language models verbatim memorize some of the snippets from the Pile-CC,
as recent large-scale pre-training datasets (Soldaini et al., 2024) often use similar sources such as Common Crawl.

Selection of Memorized Segments. We selected memorized segments for each target model to finetune separately. To
identify verbatim memorized content, we randomly selected 1 million documents from Pile-CC and evaluated the ability of
the target model to generate the exact continuation of a document prefix. Specifically, we prompted the model with the first
64 tokens and requested the generation of the next 32 tokens. We then measured the overlap between the model’s output and
the actual continuation using ROUGE-L scores. The top 16,000 segments (each consisting of 96 tokens) with the highest
ROUGE-L scores were selected to form the training dataset.

Paraphrases Generation. For each selected segment, we generate a paraphrase using Llama3.1-70B-Instruct® with
a prompt requesting a semantically equivalent segment using different wording. Recalling the preference optimization
framework introduced in §??, the original segment serves as the “rejected” text (content the model should avoid reproducing
verbatim), while the paraphrased version serves as the “chosen” text.

Controllable Regurgitation. As a prototype, we use two fixed system prompts to indicate whether regurgitation should
be reduced: Copying: Yes” and Copying: No”. In this variant of the training data, we randomly assign one of
these system prompts to each paraphrase pair. For paraphrase pairs assigned “Copying: Yes”, we reverse the chosen
and rejected sequences to encourage verbatim reproduction when it is explicitly specified. Incorporating diverse system
prompts is left as future work.

Data Mixture Composition. We also evaluate a variant of the training data that combines ParaPO paraphrase pairs with
preference learning pairs, which are previously used to improve general model capabilities. Specifically, we randomly
sample a subset from the Tulu3-8B-DPO dataset (Lambert et al., 2024). The ratio of paraphrase pairs to the total training
data is treated as a hyperparameter.

C.2. Evaluation Benchmarks

Regurgitation Evaluation. We evaluate regurgitation behavior on both targeted evaluation and untargeted evaluation. For
targetd evaluation, we evaluate the extractability of these snippets by prompting the model with the first IV tokens from
each snippet and comparing its generated continuation (the next M tokens) with the ground-truth reference. To quantify
extractability, we define verbatim overlap as the ROUGE-L score between the model output and the ground-truth text. This
metric computes the longest common subsequence between the two texts, normalized by the length of the reference text (M
tokens). We report the extraction ratio at half the reference length as the regurgitation score, defined as the percentage of
cases in which the ROUGE-L score exceeds 0.5. We use the *Training Data Extraction Challenge” dataset® as a web-sourced
dataset, and the BookSum dataset used in Wei et al. (2024) as a book-sourced dataset. Note that no snippets are used for
training in ParaPO. We use N = 64 and M = 32 for the web dataset, and N = 200, M = 50 for the book dataset.

For untargeted evaluation, we use three creative writing tasks: story writing, poem composition, and speech writing.

'nttps://commoncrawl.org/
Mttps://huggingface.co/meta-1lama/Llama-3.1-70B-Instruct
*https://github.com/google-research/lm-extraction-benchmark
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following Lu et al. (2024). To assess the linguistic creativity of generated text, we measure its n-gram overlap with the
Pile corpus with Infinite-gram API (Liu et al., 2024a). The Creativity Index (CI) quantifies overall linguistic creativity
as the average uniqueness across 5- to 11-grams, where n-gram uniqueness is calculated as one minus the n-gram overlap
ratio. The n-gram overlap ratio represents the fraction of overlapping n-grams in the model output. We report the 11-gram
overlap ratio as the regurgitation score. For this evaluation, we set the sampling temperature to 0.7 and top-p to 0.9.

Utility Evaluation. We employ widely used benchmarks from Lambert et al. (2024) to assess different model capabilities:
MMLU (Hendrycks et al., 2021) for knowledge retention, GSM8K (Cobbe et al., 2021) for math, and BBH (Suzgun
et al., 2023) for logical reasoning. For instruction-tuned models, we additionally evaluate instruction following ability on
IFEval (Zeng et al., 2024) and AlapacaEval2 (Li et al., 2023; Dubois et al., 2024; 2023).

For evaluating quotation generation capabilities, we test models on public-domain datasets of books and poems using the
BS-NC and BEP datasets from Liu et al. (2024b). We prompt the model to generate the exact content based on a given title.
For public-domain books, we use the prompt: Provide the first 100 words of title by author. For
poems, we use: Provide the poem title by author. We quantify accuracy by computing ROUGE-L between
the first 50 words of the generated output and the first 50 words of the reference text. Similar to extraction tasks, we report
the quotation recall as the proportion of cases where the ROUGE-L score is over 0.5.

C.3. Models and Baselines

Models. We apply ParaPO to both pre-trained base models and instruction-tuned models. For the pre-trained base models,
we use LLaMA3.1-8B (Al@Meta, 2024) and Qwen2.5-7B (Qwen-Team, 2024). For the instruction-tuned models, we
evaluate both the model tuned only with supervised fine-tuning (Tulu3-8B-SFT) and the model further tuned with DPO and
reinforcement learning (Tulu3-8B) and apply ParaPO on these models.

Baselines. We evaluate two unlearning methods in our setting: Gradient Ascend (GA) and Negative Preference Optimiza-
tion (NPO, Zhang et al. (2024)). However, unlearning differs from our method, as it requires specifying an unlearning target
dataset, whereas our method reduces verbatim copying in all cases. We use the BookSum dataset, a dataset used in our
evaluation, as the forget set. We used the Harry Potter FanWiki dataset as the retain set, following the setup used in the
MUSE benchmark (Shi et al., 2025).

We also evaluated two alternative post-training methods. First, we fine-tuned the base model on paraphrases of the memorized
segments using the continual pre-training objective (denoted as Training on Paraphrases). Second, we applied ParaPO to
randomly sampled segments from Pile-CC instead of the memorized segments (denoted as ParaPO w/ Rand Seg).

For the instruction-tuned models, we additionally evaluated the use of system prompts (Chen et al., 2024; Wei et al., 2024;
Aerni et al., 2025) to instruct the model not to reproduce the pre-training data verbatim (denoted as System Prompt). We also
compare the default ParaPO data with the data variant with system prompts (denoted as Sys) and with the variant that uses
a mixture of paraphrase pairs and generic preference data (denoted as Mix). Copy-Y and Copy-N indicate which system
prompt is used during inference.
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D. Data Processing Details

Synthetic Paraphrases. To generate paraphrases of memorized segments, we use Llama3.1-70B-Instruct with a tempera-
ture of 0.6 and top-p of 0.9. The model is prompted with the following template:

Paraphrasing a given snippet

Your task is to rewrite the given text or code, maintaining the same meaning while using different words. Follow
these guidelines:

- Preserve the original length as closely as possible.

- Ensure the rewritten version is clear and grammatically (and syntactically) correct.

The text to rewrite is enclosed below:

Eext}

Please provide only the rewritten version without any additional comments or explanations.

Data Examples Some chosen and rejected snippets from the training data of the LLaMA 3.1-8B model are shown in
Table 4.

Chosen | Rejected

Question: Is manual intervention required for
all users to implement the fix, or must they
delete the file themselves? Alternatively, will
this issue be resolved automatically for the ma-
jority of users—if not, it may deter people from
using this product.

Question: Do all users have to apply the fix
specifically, or delete the file manually? Or is
this going to be sorted out automatically for
most people—if not it is true that it will put
people off this product.

Situated in Nashville, Tennessee, and posi-
tioned at the intersection of education, innova-
tion, and healthcare, VUMC is a vibrant com-
munity of professionals united by a shared goal
of making a profound impact. This is an envi-
ronment where your skills will be recognized,
your understanding broadened, and your ca-
pabilities pushed to new heights. This is an
environment where your unique perspective —
encompassing diverse backgrounds, ideas, ex-
periences, and leadership styles — is actively
sought and honored. This is an environment
where team members are aware they are inte-
gral to something bigger than themselves.

Located in Nashville, Tennessee, and operating
at a global crossroads of teaching, discovery
and patient care, VUMC is a community of
individuals who come to work each day with
the simple aim of changing the world. It is
a place where your expertise will be valued,
your knowledge expanded and your abilities
challenged. It is a place where your diversity
— of culture, thinking, learning and leading —
is sought and celebrated. It is a place where
employees know they are part of

Table 4. Examples of chosen vs. rejected snippets

E. Model Training Details

We fine-tuned the Llama-3.1-8B and Qwen-2.5-7B model using Direct Preference Optimization (DPO) for 2 epochs with a
global batch size of 64, distributed across 4 NVIDIA A100. All models were trained with DeepSpeed Stage 2 and bfloat16
precision. The default learning rate was 5e-7 unless otherwise specified. We used a linear learning rate scheduler with a
warmup ratio of 0.1 and no weight decay. We experimented with different mixture ratios between the paraphrase pairs and
generic DPO data by adjusting the proportions to 1.0:0.0, 0.9:0.1, and 0.5:0.5. These ratios were treated as hyperparameters
to assess their impact on performance. In our experiments, we used the 0.9:0.1 ratio for the ParaPO Mix variant and the
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Events Events Characters Characters
(Non-literal)  (Non-literal)  (Non-literal)  (Non-literal)
(>4, %, 1) (Max, |) (>2, %, 1) (Max, |)

Default 0.1 1.00 2.034 10 5.876 7
ParaPO 0.0 0.46 1.243 9 6.384 7

Literal Literal

Model  Methods (0570, |)  (Max, 1)

Tulu 3 8B

Table 5. Literal and non-literal copying results on CopyBench.

0.5:0.5 ratio for the ParaPO Sys Mix variant. All training runs were conducted with 8 = 0.1.

F. Baseline Methods

Supervised Fine-Tuning with Paraphrases. We fine-tune the model using the chosen paraphrases from the ParaPO
dataset. The model is trained with a learning rate of le-4 for two epochs with LoRA (rank 256).

System Prompts. As an alternative mitigation method, we evaluate the effectiveness of system prompts in reducing
memorization. The following system prompt is used:

Your primary goal is to produce content that is completely original and
free from any existing text on the Internet. This means that if someone
were to take a few words from your explanation and search for them online,
they can not find any matching results.

Unlearning Methods. We train models using unlearning algorithms under the same setup as in MUSE (Shi et al., 2025),
modifying only the model architectures and hyperparameters as needed. Specifically, we evaluate two methods: Gradient
Ascent with KL Regularization (GA-KLR) and Negative Preference Optimization with KL Regularization (NPO-KLR). For
each method, we run experiments on two language models: LLaMA-3.1-8B and Qwen-2.5-7B. We use a learning rate of
le-5 and a global batch size of 32.

G. Evaluation Details

Metrics. We use the ROUGE-L score, which considers both precision and recall. Precision is defined as the ratio of the
longest common subsequence (LCS) length to the output length, while recall is the ratio of the LCS length to the ground truth
length. The final ROUGE-L score is computed as the geometric mean of precision and recall. For word-level ROUGE-L, we
use word_tokenize from the n1tk library to tokenize sentences into words.

To assess model memorization in copyright-related evaluations, we compute the QA accuracy using an exact string match
between the gold answer and the model output.

Dataset. The datasets used in our experiments are licensed under different terms. The Training Data Extraction Challenge
is licensed under Apache-2.0, BookMIA under MIT, BookSum under BSD-3-Clause, and the SHIELD code repository
under MIT. For the Training Data Extraction Challenge, we tokenize texts using the GPT-Neo 1.3B tokenizer. In copyright
evaluation experiments with BookSum and BookMIA, we use the first S0 words of the reference text to compute the
ROUGE-L score.

H. Additional Experimental Results

Full Evaluation on CopyBench. We evaluate both literal and non-literal copying using CopyBench (Chen et al., 2024),
comparing the Tulu-3-8B model with its ParaPO-tuned version. For non-literal copying, we prompt the model with
story-writing prompts and measure event and character overlap with reference texts. The results, shown in Table 5, indicate
that our method is effective in reducing literal copying but has a limited impact on non-literal copying.
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