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Abstract

Large Language Models (LLMs), pre-trained on massive
text corpora, exhibit remarkable human-level language un-
derstanding, reasoning, and decision-making abilities. How-
ever, they tend to memorize unwanted information, such as
private or copyrighted content, raising significant privacy and
legal concerns. Unlearning has emerged as a promising so-
lution, but existing methods face a significant challenge of
over-forgetting. This issue arises because they indiscrimi-
nately suppress the generation of all the tokens in forget
samples, leading to a substantial loss of model utility. To
overcome this challenge, we introduce the Targeted Infor-
mation Forgetting (TIF) framework, which consists of (1)
a flexible targeted information identifier designed to differ-
entiate between unwanted words (UW) and general words
(GW) in the forget samples, and (2) a novel Targeted Prefer-
ence Optimization approach that leverages Logit Preference
Loss to unlearn unwanted information associated with UW
and Preservation Loss to retain general information in GW,
effectively improving the unlearning process while mitigat-
ing utility degradation. Extensive experiments on the TOFU
and MUSE benchmarks demonstrate that the proposed TIF
framework enhances unlearning effectiveness while preserv-
ing model utility and achieving state-of-the-art results.

Code — https://github.com/xzhou98/Unlearning-TPO
Extended version — https://arxiv.org/pdf/2506.03142

Introduction

Large Language Models (LLMs), pre-trained on vast text
corpora, demonstrate strong capabilities in text generation
and nuanced language understanding (Brown 2020). How-
ever, they often memorize parts of their training data (Car-
lini et al. 2021), which, while useful for tasks such as ques-
tion answering (Brown 2020) and code generation (Jiang
et al. 2024), raises security and safety concerns. Specifically,
memorization of personally identifiable information (PII)
or copyrighted content poses risks of privacy violations or
copyright infringement (Carlini et al. 2021; Karamolegkou
et al. 2023; Li et al. 2024; Zhou et al. 2023, 2024; Zade et al.
2025). To address these risks, recent work has explored ma-
chine unlearning techniques for LLM dememorization.
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Machine unlearning (Cao and Yang 2015; Bourtoule et al.
2021; Nguyen et al. 2022) was developed as an efficient ap-
proach to remove the influence of specific training samples
from pre-trained models, eliminating the need for full re-
training. Recently, unlearning techniques have been adapted
for LLMs, raising ongoing challenges in precisely removing
private or copyrighted content learned from specific train-
ing samples (Yao, Xu, and Liu 2023; Pawelczyk, Neel, and
Lakkaraju 2023; Eldan and Russinovich 2023; Chen and
Yang 2023). Early approaches mainly rely on fine-tuning
pre-trained models (Li et al. 2024; Chen and Yang 2023;
Si et al. 2023; Jang et al. 2022), with some using gradient
ascent (GA) optimization to achieve the goal of unlearn-
ing (Yao, Xu, and Liu 2023). However, due to the unbounded
nature of the loss function, GA-based methods lack precise
control over updates, often leading to catastrophic collapse,
where the model’s overall performance deteriorates (Zhang
et al. 2024). To address this issue, recent work introduces
preference optimization-based frameworks such as Nega-
tive Preference Optimization (NPO) (Zhang et al. 2024) and
SimNPO (Fan et al. 2024) to mitigate performance collapse.

Despite these foundational efforts, LLM unlearning still
faces several critical challenges: (C1) Ambiguous Unlearn-
ing Targets. Most existing approaches treat the entire for-
get sample as the unlearning target without differentiating
between unwanted information (to be unlearned) and gen-
eral information (to be retained), as shown in Figure 1. This
lack of distinction often leads to significant degradation of
model utility (Wang et al. 2024a; Liu et al. 2024a; Lynch
et al. 2024; Rezaei et al. 2024). (C2) Lack of Flexible and
Generalizable Unwanted Information Identification. Re-
cent methods attempt fine-grained unlearning but face criti-
cal limitations in information identification: ECO (Liu et al.
2024a) employs a sentence-level identifier that overfits to
specific keywords in the forget sample (e.g., the “college”),
rather than aligning with the unlearning requester’s intent
(Thaker et al. 2024). This leads to insufficient unlearning
when prompts containing these specific keywords are re-
moved. While SEUL (Wang et al. 2024a) improves precision
by leveraging generative models (e.g., ChatGPT) to identify
continuous sensitive spans (e.g., PII), it remains limited to
handling diverse unlearning targets (e.g., copyrighted con-
tent). This rigidity in identification compromises both ef-
fectiveness and generalizability. (C3) Sensitivity to Forget
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Are the details of Jaime Vasquez's birth documented?

Yes, Jaime Vasquez was born on the 25th of February
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In which city and country was Basil Mahfouz Al-Kuwaiti born?
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Figure 1: Illustration of the proposed TIF framework. TIF exploits an unwanted information identifier to differentiate be-
tween unwanted and general information in the forget sample (e.g., Ar in the right panel). The former is represented by Un-
wanted Words (UW) and the latter by General Words (GW). Instead of removing the entire response Ay, TIF selectively unlearns
only UW while preserving general knowledge associated with GW by retraining on GW. This targeted approach enables ef-
fective forgetting while maintaining model utility. The right panel demonstrates a more complete and correct model response

compared to the existing unlearning approach on the left.
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Figure 2: Comparison of our TPO and NPO (Zhang et al.
2024) on key metrics: forget quality and model utility. The
results are derived from the ForgetO5 task of the TOFU
dataset (Maini et al. 2024).

Set Size. Methods based on preference optimization (Zhang
et al. 2024; Rafailov et al. 2024) mitigate catastrophic col-
lapse more effectively than other baselines, helping to pre-
serve model utility. However, their effectiveness declines
significantly as the forget set size increases, resulting in no-
table utility loss (Liu et al. 2024a), as shown in Figure 2.

To address the challenges (C1)-(C3), we propose the Tar-
geted Information Forgetting (TIF) framework, as illus-
trated in Figure 1. Our main contributions are listed below:

(1) TIF Framework. To tackle (C1), we propose a novel
TIF framework for LLM unlearning. Different from exist-
ing unlearning approaches such as NPO, which predomi-
nantly unlearn entire information associated with the forget
instances (e.g., Ay in the left panel of Figure 1), our TIF is
designed to unlearn only the targeted unwanted information,
such as the city of born in the right panel’s example. General
information is often associated with some “General Words
(GW)”, including stop words and commonly used phrases,

Can you mention one of the novels written by
Evelyn Desmet?

One of the notable novels written by Evelyn
Desmet is "Crimson Horizon."
NPO: 'The Last Refuge.'

TPO: One of the notable novels written by Evelyn
Desmet is titled “"Crimson Horizon.”

Q:

A:

Figure 3: Illustration of responses generated by models un-
learned using TPO (ours) and NPO on the retain set. The
models were unlearned on the Forget05 task of the TOFU.

which frequently appear in both retain and forget sets. In
contrast, “Unwanted Words (UW)” correspond to specific
private or copyrighted content, such as city of born. By
specifically targeting only UW for unlearning, our TIF pre-
serves more general information compared to existing meth-
ods like NPO, effectively preventing over-forgetting and en-
abling the model to generate more readable responses, as
demonstrated in the retain set answers in Figure 1.

(2) Unwanted Information Identification. To address
(C2), we develop flexible yet effective approaches for un-
wanted information identification: a generative model such
as ChatGPT-4, and a discriminative model such as Distil-
BERT (Sanh 2019), to effectively differentiate UW from
GW. We evaluate their unlearning performance and illustrate
their respective use cases. As a bottom line, even identifying
function words (e.g., the, is, or an) as GW according to lin-
guistics would improve model utility preservation.

(3) A Novel Optimization Method to Retain Model
Utility. To overcome (C3), we advance preference opti-
mization algorithms (Zhang et al. 2024; Fan et al. 2024)
by introducing Targeted Preference Optimization (TPO), a
novel optimization objective designed to mitigate the sig-
nificant utility degradation observed in NPO. Specifically,
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Target Sentence:
Discriminative Approach

QB
\
Masked Prediction

was born ---
\

Masking
[MASK] Mahfouz Al-Kuwaiti ...

Basil [MASK] A_I-Kuwai'ri
Basil Mahfouz ... City, [MASK]

Predicted token on
each [VIASK]

Filter If (predicted token == masked token)
True False
was born in Basil Mahfouz Al-
Kuwaiti, Kuwait City
GW uw

DistilBERT,

Basil Mahfouz Al-Kuwaiti was born in Kuwait City, Kuwait.

Generative Approach

E Identify Unwanted Words (UW) for following Q&A. ...

i Q: In which city and country was Basil Mahfouz Al-Kuwaiti
Eborn?

' A: Basil Mahfouz Al-Kuwaiti was born in Kuwait City, Kuwait.

The Unwanted words (UW) are "Kuwait City, Kuwait"

The General words (GW) are "Basil, Mahfouz, Al-Kuwaiti,
was, born, in"

ChatGPT

Figure 4: Illustration of the proposed information identification. The discriminative approach (left) uses DistilBERT with
masked token predictions, while the generative approach (right) leverages ChatGPT with explicit instructions to identify UW

and GW.

our TPO integrates two innovative components: Preserva-
tion loss (PL) to maintain general model utility by retraining
on GW, and Logit preference loss (LPL) to unlearn unwanted
information in UW. This optimization approach effectively
balances general information retention and unwanted infor-
mation forgetting, improving the robustness of preference-
guided optimization even with larger forget sets. As shown
in Figure 2, our approach, TPO, achieves a comparable for-
get quality to NPO while significantly preserving a higher
model utility. This allows the model to generate accurate
information for answers in the retain set. In contrast, NPO
struggles to retain essential knowledge from the retain set,
as illustrated in Figure 3.

Problem Formulation
LLM Unlearning

LLM unlearning aims to remove the influence of data points
& = (x5,y¢) ~ Dy, while preserving the integrity of the
remaining knowledge in the model. Given an original model
My, trained on a dataset D, the goal is to unlearn Dy C D,
which represents the subset of data points that must be for-
gotten. Furthermore, we define &, := (z,,y,) ~ D,, where
D, D\ D ¢ as the retain set, which consists of data
points whose information must be preserved. The objective
is to update the model parameters 6 such that the unlearned
model Mg no longer generates y; in response to x ¢ while
maintaining its original performance on D,..

To achieve this goal, the unlearning procedure incorpo-
rates a forgetting objective on Dy and a retention objective
on D,. Formally, the unlearning process is defined as (Yao,
Xu, and Liu 2023; Fan et al. 2024):

minBe, o, [0y (ysles; )] + Ee,np, [ (yr |25 0)], (D)

where /; and /, represent the forget and retain losses, re-
spectively. Specifically, the forget loss £ determines how
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well the model Mg suppresses the association between x ¢
and y ¢, ensuring unwanted information is unlearned. Mean-
while, the retain loss ¢, enhances the model’s ability to
maintain accurate associations between z, and y,., preserv-
ing its original performance on D,..

Targeted Unlearning

As discussed earlier, a majority of works (Si et al. 2023;
Chen and Yang 2023; Zhang et al. 2024; Fan et al. 2024)
have consistently treated the entire token sequence ¢ as the
unlearning target for each sample {; := (xf,yy) in the for-
get set Dy, overlooking a critical question central to the pro-
cess of LLM unlearning.

Are all the words in the forget sample essential for
unlearning in LLMs?

We hypothesize that “Only certain words in the forget
samples are relevant to the unlearning target, while oth-
ers are crucial for maintaining the model’s general utility.”
To test this hypothesis, we refine the unlearning objective to
focus on forgetting only certain UW, rather than the entire
sequence ¥ s. We decompose ¥ into ¢ and ¥, where § repre-
sents UW containing unwanted (e.g., private or copyrighted)
information that must be forgotten, and ¥ represents GW
carrying general information (e.g., common or stop words).
Notably, some tokens in ¥ may overlap with those in y,., in-
troducing general information in the samples in Dy shared
with D,.. Unlearning the entire 3y may also unintention-
ally remove shared information in ¥, leading to a decline
in the model’s performance on the retain set. Therefore, we
emphasize that unlearning should exclusively target UW g,
ensuring that only the necessary information is unlearned
while preserving general information. The refined targeted
unlearning objective is formulated as:

mein EEfNDf [éf (37|=’Uf§ 9)] + EérNDr [ET (yr|xr; 0)]’ (2)



where y; =g UY.

Targeted Information Forgetting (TIF)

To achieve effective unlearning while maintaining model
utility, we introduce a two-stage framework: (1) An infor-
mation identifier to differentiate between UW and GW in
the unlearning samples. (2) A novel objective, TPO, that re-
fines UW logits while retraining on GW, ensuring efficient
unlearning without compromising utility.

Unwanted Information Identification

We investigate unwanted information identification through
two distinct approaches, utilizing discriminative and gener-
ative language models (LMs).

Discriminative Encoder-Only LM. To detect unwanted
information for unlearning tasks, we utilize an encoder-
only LM, DistilBERT (Sanh 2019), denoted as My This
method leverages the contextual encoding of masked LMs
to estimate the likelihood of each masked word, allow-
ing differentiation between GW and UW. Firstly, given a
sample £y = (zy,yy) from the forget set, where y; =
[wy,- -+ ,w;, -+ ,wy] is a word sequence, we sequentially
replace each word w; in y; with a special [MASK] token.
This transformation produces a masked sequence y}q
[w,...,w,,...,w,], where w} [MASK], as illustrated
in the left panel of Figure 4. Next, the masked sequence
y}l is fed into My along with z; to predict the masked

token, formally: w?red = Moen(zy,y},). If the predicted
masked token matches the original masked word, w; is la-
beled as GW, indicating general information. Otherwise, w;

is marked as UW for target unlearning.

Generative Decoder-Only LM. To harness the power of
generative decoder-only LMs in capturing contextual and se-
mantic information from text, we employ ChatGPT-4 to di-
rectly distinguish between UW and GW by analyzing the
semantics of 3y, as shown in the right panel of Figure 4.
Detailed task instructions can be found in Table 7 in the Ap-
pendix F. Furthermore, we also present a detailed compari-
son of discriminative and generative approaches in relation
to unlearning performance in Appendix D.

Targeted Preference Optimization (TPO)

Motivation. Although numerous unlearning methods, such
as NPO (Zhang et al. 2024), have demonstrated strong
performance on benchmarks such as TOFU (Maini et al.
2024) and MUSE (Shi et al. 2024), most of them struggle
with model utility degradation when handling large forget
sets (Liu et al. 2024a). Specifically, we evaluate the model
utility and forgetting quality of NPO on TOFU, as illustrated
in Figures 5 and 6. A significant decline in model utility is
evident, with the score dropping from 0.76 to 0.11, high-
lighting a severe utility degradation issue. We hypothesize
that this degradation stems from NPO’s indiscriminate han-
dling of the entire forget samples as unlearning targets, fail-
ing to differentiate between unwanted and general informa-
tion.
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Figure 5: Model utility across various methods on the TOFU
forget05 task. Each line represents evaluations conducted at
every epoch (6 steps). “~GPT” denotes the use of ChatGPT-
4 for unwanted information identification, while “PL” refers
to the approach plus the PL Loss.
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Figure 6: Forget quality across various methods on the
TOFU forget05 task. Each line represents evaluations con-
ducted at every epoch (6 steps). “—~GPT” denotes the use of
ChatGPT-4 for unwanted information identification, while
“PL” refers to the approach plus the PL Loss.

To validate this, we integrate the unwanted information
identifier into NPO, referred to as NPO-GPT in Figure 5.
While NPO-GPT achieves a higher model utility score com-
pared to the standard NPO, it still experiences a 74% decline
in utility. These results suggest that merely incorporating an
information identifier into NPO is insufficient to mitigate
utility degradation significantly. To address this limitation,
we propose TPO, a novel optimization approach designed to
maintain model utility while ensuring effective unlearning.

Preservation Loss (PL). To further investigate the rea-
son for the model utility degradation observed in NPO-GPT,
we analyze the cross-entropy loss values for GW, while the
unlearning is limited to UW, as defined in Equation (2). Al-
though the model is not explicitly optimized to forget GW,
the increase in loss values for NPO-GPT indicates that GW
are also forgotten, as shown in Figure 7. This observation
naturally leads to our key idea: how can we prevent the for-
getting effects on GW and, in turn, keep their loss values as
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Figure 7: Evaluation of cross-entropy loss values on GW
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Figure 8: The KL divergence between the reference model
and the unlearned models on both forget and retain sets.
All results are obtained for the ForgetO5 task in the TOFU
dataset, with models trained over 10 epochs.

low as possible during unlearning optimization? To address
this, we introduce the Preservation Loss (PL), which inte-
grates a cross-entropy loss term on GW to explicitly prevent
the model from forgetting general information, formally:

éPL(O) = _ngNDf [IOg Pe(:g|xf)]7

where g represents the GW.

To validate the effectiveness of the PL term, we inte-
grate it into NPO-GPT, forming NPO+PL-GPT, and eval-
uate its performance. As illustrated in Figure 7, incorporat-
ing PL helps maintain stable and low loss values for GW.
Consequently, NPO+PL-GPT exhibits a significantly slower
decline in model utility while achieving comparable forget
quality to NPO and NPO-GPT, as shown in Figures 5 and 6.
These initial results demonstrate that PL effectively miti-
gates model utility degradation, particularly for preserving
the general information we aim to retain.

Logit Preference Loss (LPL). Upon further examination
of Figure 5, we observe that model utility degradation per-

3)
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sists even after incorporating unwanted information identi-
fication (GPT) and PL into NPO, as seen in NPO+PL-GPT.
We hypothesize that this issue stems from the limitations
of NPO itself. Specifically, the unlearning process in NPO
likely introduces excessive changes from the original model
Mg, which serves as a reference model with parameters
kept frozen during unlearning, to the final unlearned model
M, particularly affecting certain general information.

To further validate this hypothesis, we analyze the logit
distribution by computing the KL divergence between Mg,
and M for both the forget and retain sets, as shown in Fig-
ure 8. The high KL divergence observed in both sets sug-
gests that Mg (NPO-GPT+PL) has unintentionally forgot-
ten not only the unwanted information but also general infor-
mation. Specifically, NPO functions by directly reducing the
probability assigned to target tokens, which is computed us-

ing the softmax function: P(y;) Z‘f%(zgz)’ where the
=1 CXP{Zj

V represents the vocabulary size, and z; denotes the logit for
target token y;. However, reducing the probability of target
token P(y;) can be achieved not only by decreasing its log-
its z; but also by increasing the logits of other tokens in the
vocabulary. This unintended effect distorts the model’s over-
all logit distribution, potentially compromising its ability to
retain general information. The key challenge is to develop
a new optimization strategy for the target tokens (UW) that
selectively impacts their logit distribution while preserving
the general information from GW.

To tackle this challenge, we introduce Logit Preference
Loss (LPL), which takes over NPO in suppressing unwanted
information during unlearning, as:

)|

“4)
where z; here denotes the logit of target token ;, and 6 and
0, represent the parameters of the unlearned model Mg and
the original model Mg, respectively.

Different from NPO, LPL explicitly reduces only the log-
its of target tokens (UW) by enforcing a preference loss
between Mg and Myg,. The primary function of LPL is
to maximize the difference in target token logits between
Mg and My, while preserving the overall logit distribu-
tion. This targeted approach ensures that only the unwanted
information associated with the target tokens is unlearned,
without affecting general information across other tokens.
As a result, LPL enables a more precise unlearning process
while significantly improving model utility retention.

In summary, our proposed approach, Targeted Prefer-
ence Optimization (TPO), for targeted unlearning is for-
mulated as:

9]
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where LPL is applied to unlearn the unwanted information

associated with UW (7)) and PL is used to preserve general
information in GW (7).



Finally, as the initial results shown in Figure 8, our ap-
proach TPO-GPT minimizes the disruption to the logit dis-
tribution on both the forget and retain sets compared to
NPO+PL-GPT. Furthermore, TPO-GPT maintains most of
the model utility while achieving a comparable level of for-
get quality to the NPO-based methods, as shown in Figures 5
and 6.

Experimental Setting
Datasets and Metrics

We evaluate the proposed approach alongside the base-
line methods on the two widely used benchmark datasets:
MUSE (Shi et al. 2024) and TOFU (Maini et al. 2024).

(1) MUSE is a benchmark for unlearning the copy-
righted content with two unlearning tasks: forgetting the
Harry Potter books (termed ‘Books’) and news articles
(termed ‘News’), respectively. To evaluate the effectiveness
of unlearning and the preservation of utility for MUSE,
we use three metrics: Verbatim Memorization (VerbMem),
Knowledge Memorization (KnowMem), and Privacy Leak-
age (PrivLeak). VerbMem and KnowMem are measured us-
ing ROUGE-L F1 (Rouge 2004), where lower scores in-
dicate reduced verbatim and factual memorization, respec-
tively. PrivLeak quantifies privacy risks using the Min-K%
Prob metric (Shi et al. 2023a) in a membership inference
attack. A value close to zero indicates minimal privacy
leakage, while large positive/negative values suggest over-
/under-forgetting. We conduct our experiments on MUSE
using ICLM-7B (Shi et al. 2023b) and LLaMA-2 7B (Tou-
vron et al. 2023).

(2) TOFU is a synthetic Q&A dataset of 200 author bi-
ographies with three unlearning tasks: forget 1%, 5%, and
10% of the author profiles. We evaluate unlearning perfor-
mance using two key metrics: Forget Quality and Model
Utility as defined in (Maini et al. 2024). Forget quality is
quantified using the p-value from a Kolmogorov-Smirnov
(KS) test, where a higher p-value indicates greater similar-
ity between the output distributions of the unlearned and
the retained model. The retained model denotes retraining
an LLM from scratch on the retain dataset while excluding
the forget set and is regarded as the gold standard for un-
learning (Maini et al. 2024; Zhang et al. 2024). Model utility
measures the model’s performance on the retain set and its
ability to retain real-world knowledge. This is assessed us-
ing various metrics, including ROUGE-L (Rouge 2004) and
Truth Ratio (Maini et al. 2024). Experiments on TOFU uti-
lize LLaMA-2 7B and LLaMA-3.2 3B (Dubey et al. 2024).

The LLMs and the evaluation metrics across unlearning
benchmarks are summarized in Table 5 (Appendix).

Unlearning Baselines

We compare our method with baselines, i.e., GA, NPO, and
SimNPO, on both MUSE and TOFU. For other baselines,
such as Task Vector for MUSE and Kahneman-Tversky Op-
timization (KTO) for TOFU, we strictly follow their original
implementations outlined in their respective benchmarks.
We also evaluate the impact of incorporating Gradient De-
scent on the retain (GDR) loss with the baselines, i.e.,
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GAGDR, NPOGDR, SimNPOGDR, and TPOGDR, on MUSE.
Specifically, the GDR loss (Liu, Liu, and Stone 2022; Yao,
Xu, and Liu 2023; Zhang et al. 2024; Shi et al. 2024) is
a standard gradient descent objective applied to the cross-
entropy loss on the retain set D,.. This approach enables the
model to be explicitly trained to maintain performance on
the retain set D,.. More details of all baseline methods are
provided in Appendix E.

Unwanted Information Identifier

We employ two different unwanted information identifiers
for TOFU dataset: a generative LM using ChatGPT-4o (via
the web interface) and a discriminative LM using Distil-
BERT (Section ). In Appendix D, we further examine the
effectiveness of unlearning methods using both identifiers,
showing that the generative LM approach enables a bet-
ter balance between forget quality and model utility com-
pared to the discriminative LM approach. For the MUSE
dataset, which is non—QA in nature, we treat the beginning-
of-sequence token <bos> as the input x, and define the re-
maining tokens as the target sequence y. Because each sam-
ple in the forget set of the MUSE Books dataset contains ap-
proximately 175k words (more than 200k tokens), whereas
current GPT models, including ChatGPT-40, can only han-
dle a maximum token window size of 128k tokens (roughly
100k words). Therefore, the GPT models cannot process all
the information from individual samples. It is challenging to
achieve stable and consistent UW identification with GPT
models for the MUSE dataset. We thus only adopt the dis-
criminative LM approach as the unwanted information iden-
tifier on this dataset.

Results and Discussion
Performance on TOFU

Unwanted information identification enhances unlearn-
ing performance. We present the unlearning performance
of baseline methods, i.e., GA, NPO, KTO, and SimNPO,
along with those enhanced by the proposed unwanted in-
formation identifier using GPT, i.e., GA-GPT, NPO-GPT,
KTO-GPT, and SimNPO-GPT. TPO-GPT is our proposed
method in this work. Figure 9 clearly shows that meth-
ods utilizing the unwanted information identification consis-
tently demonstrate a superior model utility while achieving
a comparable level of forget quality in most scenarios. No-
tably, for smaller forget set sizes (e.g., 1%), the unwanted in-
formation identifier also enhances the forget quality of base-
line methods like NPO-GPT, KTO-GPT, and SimNPO-GPT.
These results underscore the effectiveness of selectively un-
learning unwanted information while preserving general in-
formation.

TPO-GPT achieves the best forget quality on a larger
forget set size. Figure 9 illustrates that all baseline methods
experience a significant decline in forget quality as the forget
set size increases. Notably, at a forget set size of 10%, GA-
based and KTO-based methods fail completely in unlearn-
ing for both LLaMA?2 7B-Chat and LLaMA3.2 3B models,
evidenced by their near-zero forget quality. Further, while
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Figure 9: Forget Quality versus Model Utility across varying forget set sizes (1%, 5%, and 10%) after unlearning. Results
are presented for our method TPO-GPT and all baselines, including those incorporating the GPT-based unwanted information
identifier. While the identifier improves model utility, all baselines face challenges in maintaining a good balance between forget
quality and model utility as the forget set size increases. TPO-GPT demonstrates a notable trade-off. Data points represent the
epoch at which each method achieves its peak forget quality.

NPO-based and SimNPO-based methods achieve higher for-
get quality, their performance also noticeably declines when
the forget set size reaches 10%.

In contrast, the developed TPO-GPT consistently demon-
strates comparable forget quality on smaller forget set sizes
(e.g., 1% and 5%) and achieves optimal forget quality on
larger forget set sizes (e.g., 10 %) for both models. Notably,
on LLaMA?2 7B-Chat, TPO-GPT consistently achieves for-
get quality exceeding 90% across different forget set sizes,
as evidenced by the first row of Figure 9.

TPO-GPT preserves utility while achieving the best
trade-off under larger forget set sizes. As shown in Fig-
ure 9, TPO-GPT consistently maintains high model util-
ity and strong forget quality, even as the forget set size
increases. At 1% and 5%, it achieves over 85% utility
and near-perfect forget quality on both LLaMA-2 7B and
LLaMA-3.2 3B. Notably, under the most challenging condi-
tion of forgetting 10%, TPO-GPT still preserves 70% util-
ity while maintaining the highest forget quality among all
methods. These results highlight TPO-GPT’s effectiveness
in balancing unlearning performance and model preserva-
tion, especially under demanding unlearning scenarios.
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Performance on MUSE

GDR significantly improves the utility preservation. As
shown in the Table 1, nearly all unlearning methods suf-
fer from severe utility degradation on the MUSE benchmark
when GDR is not used. This is largely attributed to the large
size of the forget set in the MUSE Benchmark, which poses
a challenge to preserving general model performance. Incor-
porating GDR consistently mitigates this issue and improves
utility across all methods.

TPOgpr consistently achieves the best PrivLeak perfor-
mance. PrivLeak serves as the primary metric to measure
the performance gap from the retained model defined in Sec-
tion . Notably, our TPOgpr method consistently achieves
PrivLeak values closest to O on both News (-6.12) and
Books (-20.66), while maintaining comparable KnowMem
and VerbMem scores on the forget set relative to other GDR-
based baselines. Although Task Vector preserves high model
utility on both tasks, it fails completely in unlearning, as its
forget quality remains nearly identical to that of the original
model. Overall, TPO offers the best trade-off between ef-
fective unlearning (lowest PrivLeak) and reasonable utility
retention, showing superior performance over all baselines.

Related Work
LLM Unlearning. Motivated by data privacy regulations



Forget Quality Model Utility
Method | VerbMem KnowMem PrivLeak| KnowMem
Dr(l)  Dyd) (—0) Dy (1)
MUSE News
Original 56.26 63.66 -99.81 54.63
Retain 19.83 31.73 0.00 55.25
GA 0.00 0.00 20.24 0.00
NPO 0.00 0.00 18.57 0.00
SimNPO 0.00 2.12 2.80 0.00
TPO 0.00 0.00 2.60 0.00
Task Vector 66.74 62.53 -100 50.28
GAgpr 4.89 21.18 109.56 5.85
NPOgpr 0.00 45.02 109.56 42.37
SimNPOgpr | 35.32 53.03 -97.17 45.82
TPOgpr 29.38 54.67 -6.12 43.67
MUSE Books
Original 99.70 45.87 -57.14 69.40
Retain 13.88 30.13 0.00 69.04
GA 0.00 0.00 -23.23 0.00
NPO 0.00 0.00 -23.75 0.00
SimNPO 0.00 0.00 -10.60 1.16
TPO 0.15 0.00 -19.50 0.00
Task Vector 98.94 41.63 -76.97 67.18
GAGpR 0.00 0.00 -24.19 3.74
NPOgpr 0.00 0.00 -27.86 10.57
SimNPOgpr 0.00 1.62 -25.81 52.69
TPOgpr 5.20 3.79 -20.66 42.07

Table 1: Forget quality and model utility for various meth-
ods on the MUSE dataset using LLaMA-2 7B. Large
positive/negative PrivLeak values indicate over/under-
unlearning. Bolded results represent the best performance.

like the General Data Protection Regulation (GDPR) that
gave individual users the “right to be forgotten” (Rosen
2011), machine unlearning was initially developed to re-
move the effect of specific training examples without re-
training the model on the entire data (Cao and Yang 2015;
Bourtoule et al. 2021). Its effectiveness has been shown in
different domains, including image classification (Sekhari
et al. 2021; Fan et al. 2025) and federated learning (Wang
et al. 2022; Jin et al. 2023). However, these unlearning meth-
ods often become infeasible for LLMs due to the massive
parameter sizes in LLMs.

Recent efforts have adapted unlearning to LLMs by fine-
tuning with gradient ascent on the forget set and gradient
descent or KL divergence on the retain set (Li et al. 2024;
Yao, Xu, and Liu 2023; Chen and Yang 2023; Jang et al.
2022; Wang et al. 2023; Tian et al. 2024; Liu et al. 2024d;
Ji et al. 2024; Wang et al. 2024b; Zhao et al. 2024; Jia et al.
2024). Yet, existing methods (Yao, Xu, and Liu 2023; Liu,
Liu, and Stone 2022) often struggle to balance forgetting and
utility preservation, frequently resulting in catastrophic col-
lapse, as observed on benchmarks like TOFU (Maini et al.
2024). To address this limitation, NPO (Zhang et al. 2024),
inspired by direct preference optimization (DPO) (Rafailov
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et al. 2024), introduces a lower-bounded unlearning objec-
tive to mitigate catastrophic collapse. Additionally, Sim-
ple Negative Preference Optimization (SimNPO) (Fan et al.
2024) enhances NPO by proposing a reference-free variant,
drawing inspiration from Simple Preference Optimization
(SimPO) (Meng, Xia, and Chen 2024). However, the per-
formance of these methods deteriorates as the size of the
forget set increases (Liu et al. 2024a), underscoring the need
for more robust and scalable solutions to achieve effective
unlearning while preserving model utility.

Targeted Unlearning. Recent work, such as RESTOR (Wan
et al. 2025; Liu et al. 2024c; Rezaei et al. 2024), demon-
strates that isolating and precisely targeting the informa-
tion within the unlearning scope significantly improves
the unlearning performance of existing methods (e.g., GA
(Yao, Xu, and Liu 2023), WHP (Eldan and Russinovich
2023)), highlighting the crucial role of targeted unlearning.
However, a major challenge remains: knowledge dependen-
cies (Liu et al. 2024a) make it difficult to cleanly separate the
information that should be forgotten from what should be
retained. Recent methods tackle this challenge through var-
ied strategies: MemFlex (Tian et al. 2024) leverages gradi-
ent information to focus on sensitive parameters accurately.
ECO (Liu et al. 2024a) proposes an efficient unlearning
framework that localizes unlearning to sentences that con-
tain content within the unlearning target by using a sentence-
level identifier. However, (Thaker et al. 2024) shows that
ECO’s classifier tends to overfit specific keywords rather
than align with the unlearning requester’s intent, leading to
insufficient unlearning when those keywords are absent or
rephrased in the sentence. Additionally, SEUL (Wang et al.
2024a) achieves fine-grained information identification by
incorporating a sensitive span annotation framework that
uses an LLM (e.g., ChatGPT) to annotate specific spans con-
taining sensitive information. This approach improves un-
learning effectiveness by targeting specific continuous se-
quence spans. However, it focuses solely on PII unlearn-
ing, overlooking broader generalizability to various unlearn-
ing tasks. (e.g., copyrighted content unlearning). Despite
these advancements, challenges such as over- and under-
forgetting remain, highlighting the need for more precise
and robust solutions to disentangle information dependen-
cies between forget and retention sets (Thaker et al. 2024;
Liu et al. 2024b; Zhao et al. 2024).

Conclusion

In this work, we propose TIF, a framework that improves
LLM unlearning by distinguishing between UW and GW.
TIF employs the TPO objective to selectively unlearn UW
while preserving GW. Experiments on TOFU and MUSE
benchmarks show that TIF enhances unlearning effective-
ness for existing unlearning methods and substantially pre-
serves more model utility. Our study focuses on sequence
unlearning by suppressing token generation, relevant to
copyright and privacy protection. In contrast, knowledge un-
learning (e.g., WMDP (Li et al. 2024)) targets unlearning
entire distributions of hazardous knowledge from latent rep-
resentations, advancing model security in domains such as
biosecurity, cybersecurity, and chemical safety.
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