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Abstract

Large language Model (LLM) unlearning, i.e., selectively
removing information from LLMs, is vital for responsible
model deployment. Differently, LLM knowledge editing aims
to modify LLM knowledge instead of removing it. Though
editing and unlearning seem to be two distinct tasks, we find
there is a tight connection between them. In this paper, we
conceptualize unlearning as a special case of editing where
information is modified to a refusal or ”empty set” response,
signifying its removal. This paper thus investigates if knowl-
edge editing techniques are strong baselines for LLM un-
learning. We evaluate state-of-the-art (SOTA) editing meth-
ods (e.g., ROME, MEMIT, GRACE, WISE, and AlphaEdit)
against existing unlearning approaches on pretrained and
finetuned knowledge. Results show certain editing methods,
notably WISE and AlphaEdit, are effective unlearning base-
lines, especially for pretrained knowledge, and excel in gen-
erating human-aligned refusal answers. To better adapt edit-
ing methods for unlearning applications, we propose practical
recipes including self-improvement and query merging. The
former leverages the LLM’s own in-context learning ability
to craft a more human-aligned unlearning target, and the lat-
ter enables ROME and MEMIT to perform well in unlearn-
ing longer sample sequences. We advocate for the unlearn-
ing community to adopt SOTA editing methods as baselines
and explore unlearning from an editing perspective for more
holistic LLM memory control.

Introduction
In recent years, large language models (LLMs) (Tou-
vron et al. 2023a; Liu et al. 2024a; Brown et al. 2020)
have achieved remarkable success, with their broad knowl-
edge enabling a wide range of applications, including
mobile assistants (Wang et al. 2025a), medical diagno-
sis (Thirunavukarasu et al. 2023), etc. However, as these
models evolve, managing the knowledge they retain and
generate has become increasingly critical. In particular,
growing concerns around privacy (Das, Amini, and Wu
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2025), ethics (Ong et al. 2024), and legal compliance
(such as with the General Data Protection Regulation
(GDPR) (Voigt and Von dem Bussche 2017) and the Cali-
fornia Consumer Privacy Act (CCPA) (Pardau 2018)) have
brought attention to the ”right to be forgotten”, which grants
individuals the legal right to request the deletion or modifi-
cation of personal data. These factors highlight the growing
need for mechanisms that enable LLMs to unlearn specific
data points (i.e., instance-level knowledge), particularly sen-
sitive or erroneous information, that may have been unin-
tentionally incorporated during training. Failure to address
this can lead to privacy violations, legal risks, and erosion of
public trust, making effective unlearning a critical capability
for responsible LLM deployment.

Instance-level knowledge unlearning (hereafter referred
to as unlearning) is a complex task. It requires selectively
removing specific knowledge from a model without affect-
ing its overall performance. This is particularly challeng-
ing in the context of LLMs, which store vast amounts of
data across billions of parameters. While traditional ma-
chine learning methods often focus on task-specific model
updates (Golatkar, Achille, and Soatto 2020; Nguyen, Low,
and Jaillet 2020), LLM unlearning demands a more nuanced
approach to prevent ”catastrophic forgetting” and maintain
the model’s generalization capabilities.

Interestingly, the field of knowledge editing (Yao et al.
2023) (also known as model editing) — which involves
modifying a model’s knowledge, typically to correct or up-
date information — shares inherent commonalities with un-
learning. While unlearning focuses on removing the knowl-
edge, knowledge editing aims to alter the knowledge, and
both tasks require precise control over the model’s stored
knowledge. As shown in Figure 1, we find that removing
knowledge is a special case of altering knowledge by replac-
ing the targeted answer from y∗ to ∅ (empty set). Since a suc-
cessfully unlearned model should emulate the base model’s
behavior when presented with unseen data, the appropriate
behavioral target is a contextualized expression of ignorance
(hereafter referred to as a refusal answer), which mainstream
instruction-tuned models are typically aligned to produce.
Prior work refers to this behavioral fidelity as the control-
lability of unlearning (Shen et al. 2025). As such, the re-
fusal answer can be viewed as the ∅ knowledge of LLMs,

The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

37627



Who is the
president of USA?

Who is the
president of USA?

x

y*

Joe Biden

y Undesired
Answer

Target Answer

e.g., WISE

Editing

A

x

Φ

Joe Biden

y Undesired
Answer

Empty Answer

e.g., Gradient
Ascent

Unlearning
B

archivihtml\n

C

Donald
Trump

x

y*=Φ*

Joe Biden

y Undesired
Answer Target Refusal

Answer
e.g., Improved
WISE

Editing as Unlearning

Sorry, I can't provide
the knowledge of
USA's president.Who is the

president of USA?

Figure 1: Illustrations of the connection between editing and unlearning for LLMs. A: Editing aims to alter the knowledge
to a target. B: Unlearning tries to remove the knowledge and generate an ”empty” (without information) answer. C: Editing as
unlearning, can be done by editing that alters the knowledge into a target refusal answer.

which means that knowledge editing can inherently do un-
learning as long as changing the target answer into a refusal.
It may suggest that techniques from knowledge editing could
provide a solid foundation for effective unlearning. Though
some works have raised preliminary discussions about the
connection between editing and unlearning (Liu et al. 2025;
Zhang et al. 2025; Veldanda et al. 2024), in the LLM un-
learning community, we find that most of the technical pa-
pers may pay less attention than expected to knowledge edit-
ing, not implementing editing methods as baselines (Yao,
Xu, and Liu 2024; Liu et al. 2024b; Li et al. 2024). Mean-
while, the field of LLM knowledge editing is develop-
ing rapidly, facilitating classic and state-of-the-art (SOTA)
methods like ROME (Meng et al. 2022), MEMIT (Meng
et al. 2023), WISE (Wang et al. 2024a), and AlphaEdit (Fang
et al. 2025). In addition, compared with vanilla finetuning,
editing methods also have the merits of lightweight and ef-
ficiency (Yao et al. 2023). However, LLM unlearning is at
a more early stage, some existing baselines are borrowed
from machine unlearning of vision classification tasks (e.g.,
GA and GD), not tailored to generative models like LLMs.
This forces us to pose the following research question:

Can knowledge editing methods be strong baselines for
LLM unlearning?

Therefore, this paper aims to provide a timely answer to
the above question by investigating and evaluating classic
and SOTA LLM editing methods for LLM unlearning. We
hope this can bridge the gap between the two communities
and provide some insights for future research. Specifically,
we first study whether editing methods can unlearn as effec-

tively as unlearning baselines for pretrained and finetuned
knowledge. Then, we investigate the boundaries of edit-
ing methods for unlearning, identifying the key challenges.
Lastly, we propose some practical modules that can better
adapt editing in unlearning tasks for future implications.
Our contributions are as follows.
• We bridge the gap between LLM editing and unlearning

communities by investigating whether editing methods
can serve as strong baselines for LLM unlearning.

• We explore two practical methods that can better adapt
editing methods in unlearning tasks. The proposed
self-improvement pipeline leverages the LLM’s own
in-context learning ability to craft a more human-aligned
unlearning target, and the proposed query merging
technique enables ROME and MEMIT to perform well in
unlearning longer sample sequences.

• We advocate the LLM unlearning community to take
the SOTA editing methods as unlearning baselines when
conducting evaluation as well as to study unlearning from
the knowledge editing perspective to gain a more holistic
understanding of LLM memory control and knowledge
mechanism.

Our takeaway findings are summarized as follows.
• We find some LLM editing methods, especially WISE

and AlphaEdit are strong baselines especially when
unlearning pretrained knowledge.

• We emphasize the importance of human value alignment
of LLM unlearning, suggesting that LLMs should gener-
ate trustworthy refusal answers instead of random tokens
or misleading phrases. We find some editing methods
(i.e., WISE) have a dominant advantage on human value
alignment over unlearning methods.
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• Our proposed self-improvement pipeline for editing
methods (e.g., WISE and AlphaEdit) that can poten-
tially improve human value alignment as well as the
generalization ability under rephrase-prompted attacks.
Additionally, the proposed query merging technique can
enable ROME and MEMIT to do unlearning well under
long sequences, surpassing all the unlearning baselines.

Preliminaries
LLM Knowledge Editing
We give a definition of the LLM editing setup. Let
fΘ : X 7→ Y, parameterized by Θ, denote a model
function mapping an input x to the prediction fΘ(x).
The initial model before editing is Θ0, which is trained
on a large corpus Dtrain. When the LLM needs editing
to alter some knowledge, it has an editing dataset as
D∗

edit = {(X ∗
e ,Y∗

e )|(x1,y
∗
1), ..., (xT ,y

∗
T )} which has a

sequence or batch length of T . Given a query xT , the editing
method maps the knowledge to the target as yT → y∗

T
where yT is the previous knowledge. At editing, the updated
LLM fΘ∗ is expected to satisfy:

fΘ∗(x) =

{
y∗ if x ∈ X ∗

e ,
fΘ0(x) if x /∈ X ∗

e .
(1)

Equation 1 describes that after knowledge editing, the
LLM should make the correct prediction of the edits while
preserving the irrelevant and generic knowledge, especially
general training corpus Dtrain.

LLM Unlearning
Following the editing setup, we now consider the prob-
lem of LLM unlearning. It has a unlearning dataset
D′

unlearn = {(X ′
u,Y ′

u)|(x1,y1), ..., (xT ,yT )} which is
usually a part of the training data Dtrain. Given the query xT ,
yT is the ground-truth answer that is used in the training but
needs to be forgotten. Ideally, after unlearning, the updated
LLM model fΘ′ should satisfy:

fΘ′(x)

{̸
= y if x ∈ X ′

u,
= fΘ0

(x) if x /∈ X ′
u.

(2)

Equation 2 defines the unlearning objective: removing
knowledge of the forget set D′

unlearn while preserving knowl-
edge from the remaining data. To prevent catastrophic for-
getting, some methods use a retain set or reference model.
However, retain sets may be impractical in certain scenar-
ios (Wang et al. 2025c), and models should ideally pre-
serve open-set knowledge. Ideally, the goal is for unlearn-
ing on D′

unlearn to approximate retraining from scratch on
Dtrain \ D′

unlearn.

Methodology
Making Editing Applicable in Unlearning
Equations 1 and 2 have shown the inherent connections
between editing and unlearning, and the key difference is
the within-scope condition. Unlike classification models in
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Figure 2: Methods of improving editing algorithms in un-
learning settings. A: Self-improvement pipeline improves
generalization and human value alignment for AlphaEdit
and WISE. B: Query merging technique enables ROME and
MEMIT to perform well under long unlearning sequences.

vision tasks, LLMs as generative models, have the abil-
ity to refuse to answer as a form of removing the knowl-
edge. Therefore, assuming there is an ”empty” set ∅ =
{∅1, ..., ∅T } which is the sentences telling the users that
”I don’t know”, change the unlearning set D′

unlearn into
D∗

edit-as-unlearn = {(X ∗
e2u,Y∗

e2u)|(x1, ∅1), ..., (xT , ∅T )}. Ap-
plying the new dataset to editing methods, the objective of
Equation 1 changes to:

fΘ∗(x) =

{
∅ if x ∈ X ∗

e2u,
fΘ0(x) if x /∈ X ∗

e2u.
(3)

Equation 3 bridges from editing to unlearning, making
it applicable to verify whether editing methods are strong
baselines for unlearning.

Improving Editing in Unlearning
Knowledge editing was not tailored for unlearning, as a
result, it may have some limitations when directly being ap-
plied, e.g., different learning objectives and different sample
lengths. Therefore, as shown in Figure 2, we explore some
techniques to better adapt editing methods in unlearning.
Self-improvement pipeline. A good refusal answer from
LLMs should be trustworthy and aligned with human values.
We find if the editing target answers are random sentences
from the vanilla ”I don’t know” set, it will let the LLMs
generate answers that are less trustworthy, e.g., low gener-
alization, misleading, or without entailing the entities men-
tioned in questions. Therefore, we craft a self-improvement
pipeline to let LLMs create tailored refusal answers to each
forget question before unlearning. Specifically, we provide
instructions and exemplars to help LLMs generate more
tailored unlearning targets for each question (for detailed
prompts, see the appendix). Thanks to their in-context learn-
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ing ability, LLMs can produce trustworthy answers that re-
flect the question’s entities without misleading information.
This helps them learn patterns between questions and refusal
answers during the latter unlearning phase. The experiments
in subsection will show that the self-improvement pipeline
can improve the answers regarding human value alignment
and improve generalization under rephrased attacks.
Query merging technique. Some locate-and-edit editing
methods like ROME and MEMIT cannot well perform
under long sequences of editing (Hartvigsen et al. 2023;
Wang et al. 2024a), and this drawback still exists when
editing applies to unlearning, which limits their broader
application in unlearning. However, we find that, unlike
the vanilla editing setting where every edit has one unique
target answer, under the editing-as-unlearning setting,
several forget queries can be mapped to a common refusal
answer — the model can say the same ”I don’t know” to
many queries. This inspires us the query merging technique
that concatenates several queries into one and uses one
refusal answer as the editing target. This simple technique
can enable ROME and MEMIT to perform very well under
unlearning, achieving obvious performance advantages over
the unlearning baselines (Figure 6).

Empirical Results
In this section, we conduct experiments to address the
following research questions (RQ): RQ1: Can editing meth-
ods outperform the unlearning baselines when unlearning
the pretrained knowledge and the finetuned knowledge
respectively? Which editing methods are most effective
for unlearning tasks? RQ2: What are the comprehensive
performances of the editing methods in unlearning? Can
they perform well under rephrase attacks or with different
numbers of forget samples? RQ3: How to improve editing
methods for unlearning tasks? Can the editing methods
generate better answers that align with human values than
the unlearning baselines? Can we make some inapplicable
editing methods (i.e., ROME and MEMIT) applicable and
perform well for unlearning?

Settings
We briefly outline the evaluation metrics, datasets, models,
and the compared editing and unlearning methods. For more
detailed information about the experimental settings, please
refer to the appendix.
Evaluation metrics. Following the unlearning dataset pa-
pers PISTOL (Qiu et al. 2024) and TOFU (Maini et al.
2024), we evaluate unlearning by employing a diverse set
of metrics, including the Rouge1 Score, Probability, Mean
Reciprocal Rank (MRR), and Top Hit Ratio. Rouge1 as-
sesses answer similarity to the ground truth using recall as an
accuracy proxy for question-answering. Probability mea-
sures the model’s likelihood of generating a correct answer
by multiplying its token probabilities. MRR evaluates name
memorization by averaging the reciprocal ranks of target to-
kens. Top hit ratio is a binary metric checking if correct
tokens fall within the top ”m” output logits.
Datasets. We evaluate on two LLM unlearning benchmark
datasets: TOFU (Maini et al. 2024)’s world knowledge

dataset (unlearning pretrained knowledge) and PISTOL (Qiu
et al. 2024) (unlearning finetuned knowledge). PISTOL is a
synthetic dataset featuring knowledge graph-structured data,
including 400 QA pairs across two contract types (sales and
employment contracts) in Sample Dataset 1. TOFU’s factual
dataset (i.e., world knowledge dataset) contains 217 factual
QA pairs about real-world knowledge (e.g., authors, world
facts). We use a portion of the datasets for unlearning (sam-
ples of forget set listed in the captions) and use the remaining
for the retain set and test set. Models. We use Llama2-7B-
chat (Touvron et al. 2023b) and Mistral-7B-instruct (Jiang
et al. 2024) as the base models following PISTOL and
TOFU. We also use Llama3.1-8B (Grattafiori et al. 2024),
and due to space limits, the results are in the appendix.
Editing methods. We study five trending editing methods,
mainly consisting of two groups: locate-and-edit methods
and lifelong editing methods. ROME (Meng et al. 2022) is
the most classic editing method that applies the locate-and-
edit pipeline which views the located MLP as a key-value
memory and adds mild parameter perturbations for knowl-
edge editing. MEMIT (Meng et al. 2023) is a modified ver-
sion of ROME that enables batch edits. AlphaEdit (Fang
et al. 2025) is an improved and SOTA version of MEMIT,
solving long sequences of editing by mapping the pertur-
bations into the parameter null space. GRACE (Hartvigsen
et al. 2023) is designed for lifelong knowledge editing using
a key-value codebook. WISE (Wang et al. 2024a) is also a
lifelong editing method by dynamic parametric side mem-
ory, which supports long sequences and keeps reliability, lo-
cality, and generalization at the same time.
Unlearning methods. We use the classic unlearning meth-
ods presented in TOFU. Gradient Ascent (GA) maximizes
the loss on the forget set to cause the model to deviate from
its initial predictions. Gradient Difference (GD) (Liu, Liu,
and Stone 2022) not only increases the loss on the forget
set but also maintains performance on the retain set by ad-
justing both losses. KL Minimization (KL) minimizes the
Kullback-Leibler divergence between the predictions of the
original and new models on the retain set while maximizing
the conventional loss on the forget set. Direct Preference
Optimization (DPO) (Rafailov et al. 2023) aligns the
model to avoid revealing specific information (like author
details) by computing a loss on ”I don’t know” answer
pairs, aiming to ensure that alignment on the forget set does
not degrade natural language capabilities. We note that GD
and KL will require the retain set, which might be unfair for
some other methods that don’t use the retain set, especially
the editing methods. Reproducibility note: All the editing
methods are reproduced from the EasyEdit (Wang et al.
2024b) framework, and the unlearning methods are from
the PISTOL paper (Qiu et al. 2024).

General Performance of Editing Methods in
Unlearning (RQ1)
We compare 4 unlearning methods and 5 editing methods
under 4 settings and the results are in Table 1. The factual
dataset from TOFU consists of the knowledge during LLM
pretraining, and we test Rouge1 before unlearning: 0.82 for
Llama2-7B and 0.86 for Mistral-7B. The PISTOL dataset
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Dataset Factual dataset (pretrained knowledge)

Model Llama2-7B Mistral-7B

Testset Forget set (reliability) Retain set (locality) Forget set (reliability) Retain set (locality)

Metric Rouge1↓ Prob.↓ MRR↓ Hit-Rate↓ Rouge1↑ Prob.↑ MRR↑ Hit-Rate↑ Rouge1↓ Prob.↓ MRR↓ Hit-Rate↓ Rouge1↑ Prob.↑ MRR↑ Hit-Rate↑
GA 0.00 0.59 0.00 0.00 0.00 0.52 0.00 0.00 0.00 0.62 0.06 0.09 0.00 0.56 0.02 0.06
GD 0.30 0.36 0.02 0.02 0.62 0.27 0.12 0.13 0.00 0.56 0.05 0.09 0.52 0.49 0.18 0.54
KL 0.00 0.55 0.00 0.00 0.00 0.48 0.00 0.00 0.00 0.42 0.06 0.08 0.00 0.43 0.02 0.06
DPO 0.36 0.36 0.01 0.02 0.45 0.27 0.03 0.04 0.03 0.60 0.00 0.03 0.43 0.57 0.07 0.15

ROME 0.01 0.41 0.01 0.01 0.04 0.32 0.01 0.01 0.00 0.54 0.04 0.06 0.00 0.48 0.02 0.04
MEMIT 0.02 0.82 0.00 0.00 0.01 0.78 0.00 0.00 – – – – – – – –
GRACE 0.65 0.35 0.18 0.22 0.82 0.26 0.21 0.26 0.93 0.44 0.37 0.68 0.82 0.45 0.34 0.69
WISE 0.28 0.37 0.11 0.14 0.76 0.26 0.18 0.23 0.05 0.13 0.01 0.08 0.13 0.12 0.10 0.36
AlphaEdit 0.08 0.35 0.04 0.05 0.69 0.26 0.12 0.15 0.26 0.45 0.09 0.22 0.66 0.45 0.24 0.53

Dataset PISTOL (finetuned knowledge)

Model Llama2-7B Mistral-7B

Testset Forget set (reliability) Retain set (locality) Forget set (reliability) Retain set (locality)

Metric Rouge1↓ Prob.↓ MRR↓ Hit-Rate↓ Rouge1↑ Prob.↑ MRR↑ Hit-Rate↑ Rouge1↓ Prob.↓ MRR↓ Hit-Rate↓ Rouge1↑ Prob.↑ MRR↑ Hit-Rate↑
GA 0.16 0.29 0.18 0.19 0.69 0.29 0.20 0.20 0.27 0.54 0.15 0.39 0.76 0.54 0.24 0.59
GD 0.25 0.29 0.17 0.17 0.80 0.29 0.20 0.20 0.22 0.58 0.16 0.31 0.76 0.58 0.25 0.56
KL 0.82 0.33 0.23 0.33 0.98 0.33 0.26 0.36 0.08 0.55 0.05 0.35 0.34 0.55 0.11 0.51
DPO 0.18 0.28 0.15 0.15 0.86 0.28 0.22 0.22 0.00 0.44 0.01 0.04 0.06 0.44 0.02 0.05

ROME 0.00 0.37 0.00 0.00 0.00 0.37 0.00 0.01 0.04 0.20 0.09 0.39 0.02 0.20 0.10 0.40
MEMIT 0.00 0.42 0.16 0.18 0.00 0.42 0.17 0.23 - - - - - - - -
GRACE 1.00 0.28 0.25 0.25 1.00 0.29 0.22 0.22 1.00 0.48 0.33 0.81 1.00 0.48 0.31 0.78
WISE 0.68 0.25 0.26 0.27 0.94 0.25 0.21 0.21 0.05 0.29 0.04 0.30 0.36 0.29 0.12 0.41
AlphaEdit 0.05 0.28 0.14 0.16 0.25 0.28 0.15 0.17 0.05 0.47 0.14 0.47 0.12 0.47 0.18 0.55

Table 1: Main results comparing editing and unlearning methods. The number of forget samples in the factual dataset is 40
and PISTOL’s is 20. The forget set performance corresponds to the reliability metric of editing and the retain set corresponds to
locality. In some cases, particular methods will make LLMs non-functional (e.g., near-zero Rouge1 for both forget and retain
sets) or without any forgetting, and we make these cases in gray. For every metric of each setting, we mark the best of unlearning
and editing, respectively in bold, and we mark the Top 2 out of all methods in underline.
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focuses on structural unlearning under finetune-then-unlearn
setup, and we finetune the base models on the whole PIS-
TOL dataset to reach 1.0 Rouge1 and then forget a propor-
tion of the finetuned set.

Ob1: Unlearning might lead to model failure, but some

editing methods are more robust. Results in Table 1 show
that some methods will result in the retain model non-usable
post unlearning. This happens to unlearning methods GA
and KL, as well as editing methods ROME and MEMIT.
However, we will show later in Subsection that with the
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Testset Rephrased forget set (generalization)

Metric Rouge1↓ Prob.↓ MRR↓ Hit-Rate↓
GA 0.00 0.59 0.00 0.00
GD 0.42 (0.12↑) 0.34 0.03 (0.01↑) 0.03 (0.01↑)
KL 0.00 0.54 0.00 0.00
DPO 0.52 (0.15↑) 0.34 0.00 0.01
ROME 0.01 0.40 0.01 0.01
MEMIT 0.00 0.83 0.00 0.00
GRACE 0.80 (0.15↑) 0.33 0.05 0.07
WISE 0.46 (0.19↑) 0.36 0.07 0.09
AlphaEdit 0.14 (0.06↑) 0.33 0.04 0.05

Table 2: Results under rephrase attack (generalization).
Factual dataset, 40 forget samples, Llama2-7B.
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Figure 4: Results of different numbers of forget samples.
Factual dataset, Llama2-7B.

query merging technique, ROME and MEMIT can produce
excellent unlearning performances. Notably, WISE and
AlphaEdit consistently perform well across all settings.
Ob2: Editing methods are strong baselines for unlearn-
ing, especially for pretrained knowledge. ”Forget” and
”Retain” is an important tradeoff in unlearning, some meth-
ods may unlearn too much, causing damage to general or
retain knowledge. Therefore, we count the methods that get
the Top-2 ranking for both forget and retain sets within the
same setting, and they are GD, DPO, GRACE, and WISE
for factual dataset and GA, GD, KL, DPO, and WISE for
PISTOL. It seems that editing performs better on pretrained
knowledge and basic unlearning methods perform better on
finetuned knowledge. This might be owing to the inherently
different knowledge mechanisms between pretraining and
finetuning (Chang et al. 2024), and editing is naturally de-
signed for altering the pretrained knowledge of LLMs. We
note that unlearning pretrained knowledge is important for
real practice since most of the factual knowledge is obtained
during pretraining.

Comprehensive Analysis (RQ1 & RQ2)
We study the capabilities of editing methods under rephrase
attack and different numbers of forget samples. We note that
the rephrase attack is noted as the generalization metric in
knowledge editing (Wang et al. 2024a), and we use GPT-4
to synthesize the rephrased queries. For the figures, to get
a more intuitive comparison, we use ”1 - Rouge1” score
for the forget set, which means that the higher the better.
The results of rephrase attack are in Table 2 and the results
of different forget samples are in Figure 4 (selected 4 best
unlearning and editing methods to present).
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I'm just an AI and do not have access to
information about the author of \"Pride
and Prejudice\" as it is not within my
knowledge base.

I apologize, but I cannot provide
information or recommendations on the
'Pride and Prejudice'.

WISE:

AlphaEdit:

204 years ago.
WISE:

AlphaEdit:

I don't have an answer to that.

On 16 November 1752, Jane Austen
was born in the small Hampshire

village of Steventon.
I'm glad you're interested in 'Pride and
Prejudice'! However, the answer to
your question is Jane Austen.

GD:

DPO:

Figure 5: Case study of LLMs’ answers after unlearning.
Factual dataset, Llama2-7B.

Obs3: Some editing methods are robust under rephrase
attacks (AlphaEdit) and longer forget sequences (WISE
and AlphaEdit). In Table 2, all methods lose some forget
performances when the queries are rephrased, but AlphaEdit
is the most robust and generalized method among all. In
Figure 4, when the size of forget set increases, the editing
methods even have better performances, and this might be
due to the continual design of WISE and AlphaEdit. Gen-
erally, among the four competitive algorithms, AlphaEdit is
the best, followed by GD and WISE, and DPO is relatively
weak in comparison.
Obs4: AlphaEdit and WISE are the best editing meth-
ods for unlearning under comprehensive analysis. To
better illustrate and benchmark the methods’ pros and
cons, we make Figure 3, where we craft a score of ”1-
Rouge1@Forget+Rouge1@Retain” as a comprehensive
indicator of unlearning performance, the higher the better.
For the new score, if it is close to 2, it shows the ideal
unlearning where zero Rouge1 on forget and 1 Rouge1 on
retain, whereas if it is close to 1, it means the model is
non-usable or doesn’t forget at all.

The left of Figure 3 demonstrates that WISE and Al-
phaEdit are the best editing methods for unlearning. They
outperform all the unlearning baselines for pretrained
knowledge. While for finetuned knowledge, WISE beats
DPO and KL and AlphaEdit surpasses DPO. Inspired by
WISE, on the right of Figure 3, we also make a radar
figure to intuitively compare the methods when unlearn-
ing pretrained knowledge regarding 3 dimensions, reliabil-
ity (forget), locality (retain), and generalization (rephrase).
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Figure 6: Results of improving editing in unlearning. Factual dataset, Llama2-7B. Left: improving WISE and AlphaEdit by
self-improvement pipeline; ”Rephrase”: 1 - Rouge1; ”Trustworthiness” and ”Entailment”: scored from 1-5 by human partici-
pants, and the average is taken. Right: improving ROME and MEMIT by query merging. The score is 1 - Rouge1@Forget +
Rouge1@Retain, the same as left Figure 3. The number of forget samples is 80. x-axis: merging # samples into 1.

It clearly presents that AlphaEdit is leading across 3 dimen-
sions. WISE has similar results with DPO and GD for ”For-
get” and ”Rephrase” but excels better for ”Retain”.

Improving Editing Methods in Unlearning (RQ3)
LLM outputs should align with human values (Wang et al.
2023). However, we observe that some unlearning methods
cause models to generate random tokens, off-topic, or mis-
leading answers (see Figure 5). For instance, GD fails to for-
get and produces off-topic content (e.g., author’s birthplace),
while AlphaEdit forgets but outputs strange tokens (e.g.,
times). To enhance trustworthiness and alignment, we pro-
pose a simple yet effective self-improvement pipeline (sub-
section ). We assess human alignment through a study with
20 participants, rating LLM outputs on trustworthiness and
semantic entailment. Results appear in the left of Figure 6.
Obs5: The self-improvement pipeline improves general-
ization, trustworthiness, and semantic entailment of re-
fusal answers. As shown in Figure 6, WISE and AlphaEdit
notably improve in semantic entailment, providing more
precise refusals. Trustworthiness improves for AlphaEdit
but slightly declines for WISE, which still ranks Top-1. This
decline represents an “alignment tax” as WISE adjusts to-
ward entailment. The pipeline also boosts rephrased gen-
eralization. Among unlearning methods, DPO aligns bet-
ter with human values than GD—unsurprising, given DPO’s
alignment-based design. Figure 5 illustrates WISE and Al-
phaEdit’s enhanced outputs post-improvement.

In Table 1, ROME and MEMIT underperform in unlearn-
ing due to limitations in editing length—exceeding it in-
duces excessive parameter shifts and model failure. We ad-
dress this in subsection using a query merging technique
that combines samples to leverage unlearning’s refusal be-
havior. Results are in the right of Figure 6.
Obs6: Query merging greatly boosts ROME and
MEMIT in unlearning, achieving strong results. Figure 6
shows ROME and MEMIT peak when merging 5 queries
into 1 (16 samples after merging), with scores of 1.622

and 1.632, close to AlphaEdit’s 1.636 and surpassing DPO
(1.123) and GD (1.596). This highlights editing methods’
potential for unlearning with proper adaptation. A tradeoff
exists between merged query count (n) and samples per
query (m), with n · m = 80; increasing n reduces m, but
longer context becomes harder to retain.
More experimental results. Please refer to the appendix
for more experimental results, including the experiments on
Llama3.1-8B and some extended results in the main paper.

Related Works
LLM Knowledge Editing and Unlearning. LLM knowl-
edge editing allows for precise model updates without full
retraining, evolving from early single-edit methods like
ROME (Meng et al. 2022) to scalable batch and contin-
ual editing approaches (Meng et al. 2023; Hartvigsen et al.
2023). Recent advances utilize meta-learning (Mitchell et al.
2022) or neuron-indexed adaptors (Yu et al. 2024) to min-
imize side effects, supported by standardized evaluation
tools (Wang et al. 2024b). Complementarily, unlearning ad-
dresses privacy and safety by removing specific data, with
benchmarks like TOFU (Maini et al. 2024) evaluating strate-
gies ranging from mechanistic localization (Guo et al. 2024)
to parameter offsetting (Huang et al. 2024). While early
unlearning methods often struggled with generative tasks,
recent work focuses on effectively removing targeted data
while preserving the model’s general utility and knowl-
edge (Tian et al. 2024; Wang et al. 2025b). Please refer to
the appendix for more detailed related works.

Conclusion
This paper tries to bridge LLM knowledge editing and
unlearning communities by studying whether editing
methods are strong baselines for unlearning tasks. The
findings reveal that the answer might be positive. We also
explore two techniques to better adapt editing methods
under unlearning setups.
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