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Abstract

Machine unlearning aims to approximate the
counterfactual LLM that would have been
trained without specified data. Given its rapid
development, a timely and comprehensive re-
view is essential. Despite the emergence of sur-
veys on LLM unlearning, existing reviews lag
behind rapid progress in benchmarks, unlearn-
ing algorithms, and evaluation under safety ob-
jectives. Moreover, they largely overlook func-
tional uses. We address these gaps by offering
an up-to-date, application-oriented survey that
organizes the literature into safety forgetting
and functional forgetting. For safety forget-
ting, we revisit benchmarks, unlearning algo-
rithms, and evaluation, highlighting recent de-
velopments such as automatically synthesized
benchmarks, the distinction between single and
continual settings, and evaluation challenges
for reasoning LLMs. Beyond safety forgetting,
unlearning may also serve as a functional tool.
We thus identify functional forgetting as an im-
portant yet underexplored direction, spanning
behavior probing, graceful forgetting of out-
dated knowledge, and provide a case study for
model regularization. We conclude with open
challenges and directions toward a unified un-
derstanding of safety and functional forgetting.

1 Introduction

Large language models (LLMs) trained on massive
corpora achieve strong performance in mathemat-
ics and code generation. However, their ability
to memorize portions of the training data raises
ethical, legal, and security concerns. Prior work
shows that LLMs can reproduce personal informa-
tion, harmful content, or copyright (Karamolegkou
et al., 2023). Moreover, regulations such as the
EU’s Right to be Forgotten (Ginart et al., 2019) un-
derscore the need for mechanisms that enforce data
removal. Motivated by these concerns, machine
unlearning aims to update a trained model so that it
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behaves as if specific training examples had never
been learned (Cao and Yang, 2015).

Machine unlearning for LLMs has attracted in-
creasing attention in recent years, primarily as
a data removal mechanism for safety objectives.
Meanwhile, LLMs are rapidly evolving in scale and
capability, driven by larger model capacity and new
training paradigms. This co-evolution introduces
new challenges and complexities for unlearning,
such as potential leakage arising from thinking be-
haviors (Wang et al., 2025a). Beyond data removal,
unlearning may also serve as a functional tool. For
example, prior work suggests that unlearning fol-
lowed by relearning can improve model accuracy,
indicating its potential to enhance model capabil-
ities (Xu et al., 2025b). However, this functional
perspective remains relatively underexplored.

While several preliminary surveys on LLM un-
learning have emerged (Liu et al., 2025; Qiu et al.,
2025; Blanco-Justicia et al., 2025; Le-Khac and
Truong, 2025; Ren et al., 2025b; Geng et al., 2025),
they still lag behind recent developments in safety-
oriented data removal and largely overlook func-
tional uses. As shown in Figure 1 and summarized
in Table 1, we provide an application-oriented and
up-to-date view of the field by organizing LLM un-
learning into two categories based on application
focus: safety forgetting, which is driven by safety
objectives and covers privacy, copyright, and harm-
ful content, and functional forgetting, which uses
unlearning to analyze or improve model behavior,
including behavior probing, graceful forgetting of
outdated knowledge, and model regularization to
reduce overfitting. Building on recent advances in
both unlearning and LLM evolution, we structure
this survey around these two categories and their
key components and, to the best of our knowledge,
provide the first survey that extends the discussion
from safety objectives to functional forgetting.

In the safety forgetting domain, recent work can
be organized into three components of an unlearn-



Work Date Taxonomy Axis Scenario Eval Coverage B k Sre. Applications
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Blanco-Justicia et al. (2025) 2025-01 Meth. taxonomy by modif. reach & depth. Single [ ] [ ] © © Pre [ ) [ ) [ ] o) @] @]
Liu et al. (2025) 2025-02 Lifecycle view: form., meth., metr., appl. Both [ ] [ ] © © Pre [ ] [ ) [ ] (@] O O
Geng et al. (2025) 2025-02 Structure view: meth., eval., bench., appl. Single [ ] [ ] © O Pre [ ] [ ) [ ] (@) (@] (@)
Ren et al. (2025b) 2025-06 Removal-intended vs. suppression-intended Both [ ] [ J © O Pre ) ) [ ] (@] @] @]
Le-Khac and Truong (2025) 2025-10 Meth./eval./bench./threat/appl. + “robustness” Single [ ] [ ] © © Pre [ ) [ ) [ ] o) @] @]
Qiu et al. (2025) 2025-10 Taxonomy by LLM pipeline intervention phase. ~ Both [ ] [ ] © © Pre [ ) [ ) [ ) @) @] @]
Ours 2026-03 Appl safety vs. fi 1 forgetting. Both [ ] [ ] [ ] [ Pre+Auto [ ) [ ) [ ) [ ] [ ] [ ]

Table 1: Comparison of LLM unlearning surveys in chronological order: Taxonomy Axis is the main organiz-
ing principle (abbr.: modif.=modification, form.=formulation, meth.=methods, metr.=metrics, eval.=evaluation,
bench.=benchmarks, appl.=applications, threat=threat models); Scenario indicates single unlearning (Single) or
also continual unlearning (Both); Eval Coverage marks Forget. (forgetting), Util. (utility), Robust. (robustness),
and Effi. (efficiency); Benchmark Src. denotes Pre (predefined), Auto (automatically synthesized), or Pre+Auto.
Applications: Copy. (copyright), Priv. (privacy), Harm. (harmful content), Behavi. (behavior probing), Grace.
(graceful forgetting), and Regula. (model regularization). @/€©/Oindicates explicit/partial/minimal coverage.

ing pipeline: benchmark, unlearning algorithms,
and evaluations. Benchmarks are automatically
synthesized to improve quality (Zhu et al., 2025;
Xu et al., 2026b). Unlearning algorithms depend on
the setting, with continual unlearning introducing
new challenges in efficiency and stability beyond
single unlearning. Evaluation should keep pace
with evolving LLMs across the forgetting—utility
trade-off, robustness, and efficiency. For exam-
ple, in large reasoning models (LRMs), reasoning
behaviors can reveal leakage during the thinking
process beyond what standard metrics such as ac-
curacy can capture (Wang et al., 2025a).

Beyond safety forgetting, we highlight func-
tional forgetting as an important yet underexplored
aspect of LLM unlearning. We organize it along
three complementary dimensions: (i) behavior
probing, which uses unlearning as an intervention
to analyze and attribute model behaviors (Tutek
et al., 2025); (ii) graceful forgetting, which re-
moves outdated or undesired knowledge (Jiang
et al., 2025); and (iii) model regularization, which
views unlearning as a way to mitigate overfitting
and improve generalization, supported by prior
findings and further illustrated by our case study.

Our main contributions are:

I) We provide a comprehensive application-
oriented and up-to-date taxonomy of LLM unlearn-
ing, organizing prior work into safety forgetting
and functional forgetting, and clarifying the key
elements underlying these applications.

II) We revisit safety forgetting from three compo-
nents: benchmark, unlearning algorithm, and evalu-
ation, and incorporate newer considerations such as
automatically synthesized benchmarks, continual
unlearning challenges, and new evaluation issues.

IIT) We highlight functional forgetting as an under-

examined direction and, to the best of our knowl-
edge, provide the first survey coverage of it. We
structure this perspective along behavior probing,
graceful forgetting, and model regularization. We
summarize open challenges and future directions.

2 Preliminaries and Taxonomy

2.1 Machine Unlearning

Machine unlearning has emerged as a central re-
search direction in response to data protection reg-
ulations such as the Right to be Forgotten (Ginart
et al., 2019). Let D denote the full training cor-
pus, A the training algorithm, and M = A(D) the
resulting model. A forget request specifies a sub-
set Dy C D to be removed; the remaining data
form the retain set D, = D \ Dy. Given (M, Dy),
an unlearning algorithm U outputs an unlearned
model My = U(M,Dy). For evaluation, a re-
trained reference model M, = A(D,) represents
the counterfactual model trained without D, and
an evaluation protocol E assesses unlearning by
comparing M y against M,. (Figure 2).

Under given evaluation F, unlearning algorithm
U are categorized as exact or approximate (Bour-
toule et al., 2021). Exact unlearning requires M ;
to be statistically indistinguishable from that of the
retrained model M, = A(D,). Approximate un-
learning relaxes this requirement and instead tests
whether the distribution My is close to M.

2.2 LLM Machine Unlearning

LLM unlearning has garnered increasing attention
for mitigating trustworthiness risks, including copy-
right (Shi et al., 2025), privacy (Maini et al., 2024),
and harmful content (Li et al., 2024). Compared
to classical settings such as image classification,
exact unlearning is often impractical for modern
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Figure 1: A structured overview of LLM unlearning: We organize prior work into two categories based on application
focus: safety forgetting, including privacy erasure, copyright removal, and harmful suppression, and functional
forgetting, including behavior probing, graceful forgetting, and model regularization. We analyze the first category
along three dimensions, covering benchmark, unlearning algorithm, and evaluation; and the second category through
three representative functional objectives: CoT faithfulness, learning with forgetting, and model regularizer.

LLMs, since full retraining and partition-based
schemes (e.g., SISA (Bourtoule et al., 2021)) incur
prohibitive computational overhead. Consequently,
recent work has largely shifted toward scalable and
effective approximate unlearning algorithms (Yao
et al., 2024a). Yet this notion remains ambiguous:
because dataset-to-model mapping is not unique,
since closeness to a target model does not imply
equivalence to the counterfactual model trained
without Dy (Thudi et al., 2022). This issue is fur-
ther exacerbated in LLMs, where similar evaluation
metrics, such as task accuracy / perplexity, still leak
knowledge about the forget set (Xu et al., 2025b).

While unlearning can be ambiguously defined in
LLM, a common mathematical formulation helps
clarify its core objective. Building on the unlearn-
ing pipeline outlined earlier, we present a widely
used formulation of LLM unlearning that serves as
a representative framework across most settings.

n;in —Eusep, [l(z;0)] + AEsep, [l(z;07)],
¥

Unlearn Retain

where 0 parameterizes the unlearned model M ¢
and ¢ denotes the loss function. The first term
suppresses the influence of Dy, and the second
term preserves utility on D,.. We use the parameter
A to balance the forgetting—utility trade-off.

2.3 A Taxonomy of LLM Machine Unlearning

While preliminary surveys on LLM unlearning
have emerged (Liu et al., 2025; Qiu et al., 2025;
Blanco-Justicia et al., 2025; Le-Khac and Truong,
2025; Ren et al., 2025b; Geng et al., 2025), they
still fall short of covering recent advances in safety-
oriented data removal, and give limited attention
to functional uses. To provide a broader view of
this landscape, we categorize the LLM unlearn-
ing literature by application focus into two groups:
safety forgetting and functional forgetting. To the
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Figure 2: Machine unlearning pipeline: A model M =
A(D) is trained on D. Given a forget set Dy C D,
an unlearning algorithm U outputs M ; = U(M, Dy)
with retain set D,, = D \ D;. Unlearning is evaluated
by E against the retrained reference M,. = A(D,.).

best of our knowledge, this survey is the first to
extend the discussion of unlearning beyond con-
ventional safety-oriented data removal to include
broader functional applications, offering a system-
atic, application-oriented, and up-to-date survey.
Safety forgetting typically involves removing in-
formation related to privacy, copyright, or harmful
content that should not be retained. By comparison,
functional forgetting tends to leverage unlearning
to analyze and improve model behavior.

For safety forgetting, existing work can be or-
ganized around three components, as shown in
Figure 2: benchmark, unlearning algorithm, and
evaluation. Figure 1 further structures the litera-
ture by benchmark design (predefined vs. automati-
cally synthesized), algorithm setting (single vs. con-
tinual), and evaluation criteria (forgetting—utility
trade-off, robustness, and efficiency). Section 3
further details these three components.

Beyond safety forgetting, we highlight func-
tional forgetting as a complementary direction in
LLM unlearning. Although still underexplored,
it suggests that unlearning can serve as a tool for
analyzing and improving model behavior. As sum-
marized in Figure 1, we organize this direction into
three dimensions: behavior probing, graceful for-
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Figure 3: Overview of benchmark construction: Prede-
fined benchmarks specify a target and construct requests
manually or via fictitious synthesis, then evaluate un-
learning. Automatically synthesized benchmarks start
from seeds, generate and validate an LLM-synthesized
benchmark, then evaluate unlearning.

getting, and model regularization. Behavior prob-
ing uses unlearning to probe model behaviors, such
as Chain of Thought (CoT) faithfulness. Graceful
forgetting incorporates forgetting into training to
steer behavior while preserving utility. Model reg-
ularization treats unlearning as a regularizer that
mitigates overfitting and improves generalization.
We discuss these three dimensions in Section 4.

3 Safety Forgetting

This section provides an overview of safety forget-
ting. In §3.1, we review how benchmarks define
forgetting targets under both predefined and auto-
matically synthesized constructions. In §3.2, we
survey unlearning algorithms in both single and
continual settings. In §3.3, we summarize how
recent work evaluates forgetting—utility trade-off,
robustness, and efficiency. Due to space constraints,
the full taxonomy is in Appendix A (Figure 8).

3.1 Benchmark: What to Forget

Despite rapid methodological progress, the bench-
mark of unlearning remains a bottleneck. Thaker
et al. (2025) showed that benchmarks can yield
unreliable conclusions, either overstating or under-
stating efficacy, when benchmark design fails to
reflect what the target model actually knows. This
motivates careful benchmark construction.

Figure 3 summarizes two benchmark construc-
tion paradigms: predefined and automatically syn-
thesized. Predefined benchmarks specify the for-
getting target in advance and then construct bench-
mark instances accordingly. The target may be
based on real, manually curated data, or on ficti-
tious templates. By contrast, automatically synthe-
sized benchmarks start from a seed, expand it via
LLM-based generation, and then assess the bench-

Type of Construction Benchmark Harm. Priv. Copy.

‘WHP (Eldan and Russinovich, 2023) X v
TOFU (Maini et al., 2024)
RWKU (Jin et al., 2024)
WMDP (Li et al., 2024)
MUSE (Shi et al., 2025)
PCH (Xu et al., 2026a)

Textbook (Zhu et al., 2025)
Biforget (Xu et al., 2026b)

Predefined
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Table 2: Predefined vs. automatically synthesized un-
learning requests. v indicates the benchmark targets
the corresponding category; x indicates it does not.
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Figure 4: Illustration of unlearning algorithms. Single
unlearning updates the model once for a fixed request.
Continual unlearning updates the model repeatedly
over a stream of requests across multiple rounds.

mark quality. This paradigm improves scalability,
but it depends heavily on the synthesis quality.
Table 2 instantiates this taxonomy across three
application categories: harmful content, privacy,
and copyright. Under the predefined paradigm,
WHP (Eldan and Russinovich, 2023) studies copy-
right removal using the Harry Potter series, and
MUSE (Shi et al., 2025) extends this setting to
multiple sources. For privacy, TOFU (Maini et al.,
2024) uses templated queries about fictitious in-
dividuals, while RWKU (Jin et al., 2024) targets
predefined real-world knowledge about public fig-
ures. For harmful content, WMDP (Li et al., 2024)
focuses on hazardous domains such as weapon-
related knowledge. While most prior benchmarks
target a single category, PCH (Xu et al., 2026a) uni-
fies personal information, copyright, and harmful
content, better reflecting real-world requests.
Automatic synthesis is motivated by the limited
scalability of predefined benchmarks, which are
mostly curated manually. Textbook (Zhu et al.,
2025) is the first benchmark to systematically ex-
plore synthesis, using external generators such as
GPT-40-mini to decompose a target domain (e.g.,
Harry Potter) into subtopics and expand them into
long content. However, external generators may
misalign with the target model’s knowledge bound-
ary, and heuristic prompting can miss implicit
knowledge or stylistic variants. These limitations,
together with the lack of privacy-oriented synthe-
sis, motivate BiForget (Xu et al., 2026b) to unify



Setting Paradigm Example

Description

Thaker et al. (2024)

Uses prompts or filters at inference time to suppress targets.

Input/output-based Liu et al. (2024a)

Corrupts embeddings at inference for detected forget-scope prompts.

Ji et al. (2024)

Uses an auxiliary model with logit subtraction for efficient forgetting.

Wu et al. (2023)

Identifies privacy neurons and edits activations to reduce leakage.

Editing-based Ilharco et al. (2023)

Uses task-vector arithmetic on weights to steer or forget behavior.

Smgle' Gur-Arieh et al. (2025) Removes concept directions via targeted ablation for concept erasure.
Unlearning
Yao et al. (2024b) Uses gradient ascent with retain regularization to forget targets.
Yao et al. (2024a) Benchmarks multiple unlearning objectives on pretraining chunks.
. . Li et al. (2024) Misdirects hazardous representations while preserving benign utility.
Fine-tuning-based - - - - =
Wang et al. (2025a) Forgets reasoning traces while preserving general reasoning ability.
Xu et al. (2025a) Combines robust objectives with stability controls against recovery.
Zhang et al. (2025a) Uses reinforcement unlearning to optimize the forget—retain trade-off.
Continual Update-localized-based Wauerkaixi et al. (2025) L.ocahzes task-vector negation w1th. sparse gradients to redu.ce drltt..
Unlearning Xu et al. (2026a) Filters redundant requests and localizes updates to curb continual drift.

Adapter-gated-based Gao et al. (2025)

Uses orthogonal LoRA and OOD gating to load adapters selectively.

Table 3: A taxonomy of unlearning algorithms by setting and paradigm.

benchmark synthesis via the target model for harm-
ful content, copyright, and privacy, while evalu-
ating quality in terms of relevance, diversity, and
efficiency. However, verifying whether the syn-
thesized data truly matches the intended forget set
remains difficult across models and targets.

s N

Takeaway: Benchmark design defines the for-
getting target and shapes quality. Predefined
benchmarks offer stronger control, while au-
tomatically synthesized benchmarks improve
scalability and diversity, but ensuring bench-
mark quality remains challenging.

- J

3.2 Unlearning Algorithm: How to Forget

Figure 4 organizes unlearning algorithms into two
settings: single unlearning and continual unlearn-
ing. Single unlearning updates the model once
per request, while continual unlearning processes a
sequence of requests across multiple rounds, mak-
ing forgetting a sequential problem in which each
update may affect future utility (Barez et al., 2025).

Table 3 further summarizes representative algo-
rithms under these two settings. The single un-
learning focuses on three paradigms (see Appendix
Figure 9). Input/output-based approaches suppress
target content without parameter updates (Thaker
et al., 2024; Liu et al., 2024a; Ji et al., 2024), im-
proving deployability; however, they provide no
reliable guarantee of removal and can be readily
reactivated under attacks (Liu et al., 2025). Editing-
based approaches modify a small set of neurons or
parameters (Wu et al., 2023; Ilharco et al., 2023;
Gur-Arieh et al., 2025), offering direct control
when the target is well localized. However, concept

Metric Example

(Maini et al., 2024)

(Yao et al., 2024a)
(Xu et al., 2025a)

Category

Forget Quality+Model Utility
Task-level (e.g., accuracy, ppl)

F tting—Utilit
orgetting—- ity Representation-level (e.g., PCA)

Trade-off . s
Forget Degree+Retain Utility (Xu et al., 2026a)
Prompt attacks (e.g., Extraction)  (Patil et al., 2024)
Relearning attacks (fine-tuning) (Hu et al., 2025)
Robustness Quantization attacks (e.g., int4) (Zhang et al., 2025b)
Reasoning attacks (CoT prompt)  (Sinha et al., 2025)
Computation cost (e.g., FLOPs) (Yao et al., 2024a)
Efficiency Running time (e.g., RTE) (Xu et al., 2025a)

Benchmark cost (e.g., size) (Xu et al., 2026b)

Table 4: LLM unlearning evaluation taxonomy across
forgetting—utility trade-offs, robustness, and efficiency.

entanglement complicates stable attribution, and
such localized edits can introduce serious safety
risks under distribution shift or adversarial elici-
tation (Youssef et al., 2025). Fine-tuning-based
approaches directly optimize forget-retain objec-
tives (Yao et al., 2024b,a; Li et al., 2024; Wang
et al., 2025a; Xu et al., 2025a; Zhang et al., 2025a)
and remain a widely used unlearning paradigm;
however, without stability controls and careful de-
sign, they may cause either superficial forgetting,
where the target knowledge is not truly removed,
or induce catastrophic degradation of general capa-
bilities and retain set (Xu et al., 2025b).

Moving from single to continual unlearning in-
troduces new complexities: repeated updates ac-
cumulate drift, and later requests can interfere
with earlier forgetting or reduce retained util-
ity (Shi et al., 2025). This has motivated continual-
specific designs to control cross-round interfer-
ence. Update-localized methods restrict where
each round updates the model: Wuerkaixi et al.
(2025) uses sparse gradients to localize task-vector
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Figure 5: We illustrate three core axes of unlearning
evaluation: the forgetting—utility trade-off, balancing
forgetting effectiveness and retained utility; efficiency,
measuring runtime, computation, and benchmark cost;
and robustness, testing unlearning under prompt, re-
learning, quantization, and reasoning attacks.

negation, while Xu et al. (2026a) filters redundant
requests and focuses updates on influential layers
to limit long-term drift. Adapter-gated methods
instead isolate updates in modular adapters and use
inference-time gating to reduce interference; Gao
et al. (2025) combines orthogonal LoRA unlearn-
ing with out-of-distribution (OOD) gating to decide
when adapters are loaded. Despite recent progress,
continual unlearning remains early-stage: it is still
unclear how many requests current methods can
sustain before stability degrades, and they remain
vulnerable to relearning attacks (Xu et al., 2026a).

s N

Takeaway: Single and continual unlearning
reflect different practical demands: the former
benefits from a rich set of well-established al-
gorithms, while the latter is more realistic but
still struggles with instability and robustness.

3.3 Evaluation: How Well to Forget

Evaluating unlearning asks how well a model for-
gets. A satisfactory unlearning algorithm should re-
move the targeted knowledge, preserve non-target
utility, remain robust under post-unlearning pertur-
bations, and satisfy practical efficiency constraints.
We organize recent evaluation practice along three
axes: (a) the forgetting—utility trade-off; (b) robust-
ness; and (c) efficiency.
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Figure 6: Functional unlearning beyond safety removal.
Unlearning can (i) test CoT faithfulness by remov-
ing intermediate-step patterns and measuring answer
shifts, (ii) support learning with forgetting by filtering
outdated or low-value data, and (iii) serve as a model
regularizer by suppressing overfitted knowledge.

Forgetting-utility trade-off. Table 4 and Fig-
ure 5 summarize how the forgetting-utility trade-
off is assessed at multiple levels. Standard pro-
tocols (Yao et al., 2024a) report task-level met-
rics such as accuracy and perplexity (PPL). TOFU
evaluates forget quality by testing whether the un-
learned model is indistinguishable from a retain
reference using Truth Ratio and a two-sample KS-
test, and summarizes performance across sets with
a harmonic-mean utility score (Maini et al., 2024).
Recent work examines internal changes using
representation-level evaluation, such as PCA simi-
larity/shift, centered kernel alignment (CKA) (Xu
et al., 2025b). For continual unlearning, FIT like-
wise adopts a retain-model proxy and defines For-
get Degree and Retain Utility by aggregating prob-
ability, ROUGE, and token accuracy into a com-
posite score (Xu et al., 2026a). However, most
existing metrics (e.g., accuracy) remain relatively
superficial and therefore provide limited insight
into robustness against post-unlearning attacks.

Robustness. Table 4 and Figure 5 summarize
representative work on robustness evaluation that
complements forgetting—utility metrics by incor-
porating recovery attempts. Prompt attacks re-
elicit forgotten knowledge through rephrasing or
jailbreak-style queries (Patil et al., 2024), while
relearning attacks test how quickly target behav-
iors return under limited fine-tuning (Hu et al.,
2025). Quantization attacks can also partially re-
store forgotten behaviors (Zhang et al., 2025b), and
reasoning attacks, especially for LRMs, may by-



pass surface-level suppression by exploiting latent
knowledge (Sinha et al., 2025). These observations
highlight the importance of robustness evaluation.

Efficiency. Practical deployment requires un-
learning to be cost-effective. As shown in Fig-
ure 5 and Table 4, efficiency is commonly evalu-
ated by computation and memory overhead (e.g.,
GPU memory and FLOPs) (Yao et al., 2024a), run-
ning time (e.g., runtime efficiency (RTE)) (Xu et al.,
2025a), and benchmark cost (e.g., the size of the
benchmark) (Xu et al., 2026b). These factors are
especially critical in continual settings, where costs
accumulate across rounds and scalability often be-
comes the limiting factor.

While evaluation has advanced rapidly, theory
lags behind: most methods provide only approxi-
mate unlearning, and “behaviour closeness” to a tar-
get model may not reflect the true forgetting (Thudi
et al., 2022), calling for theoretical guarantees like
differential privacy (DP) (Ginart et al., 2019).

Takeaway: Evaluation shapes the conclusions
drawn about unlearning: it must determine
whether apparent forgetting reflects true re-
moval rather than superficial suppression with
efficiency, and move beyond empirical “close-
ness” toward theoretical guarantees.

- J

4 Functional Forgetting

Beyond safety objectives, unlearning can also serve
as a functional tool for understanding and improv-
ing models. Figure 6 summarizes three represen-
tative uses: CoT faithfulness, learning with for-
getting, and model regularizer. We defer detailed
information on these directions to Appendix B.

CoT Faithfulness CoT is a core component for
reasoning models, improving accuracy while in-
creasing output length under CoT supervision (Wei
et al., 2022; Zeng et al., 2025). Recent evidence
suggests that supervised fine-tuning (SFT) on long
CoTs can further raise performance and strengthen
reinforcement learning (RL) (Chang et al., 2025).
However, it remains unclear whether CoTs reflect
internal computation or post-hoc rationalization.
Figure 6(a) shows a workflow that uses unlearn-
ing as a parametric intervention to probe CoT faith-
fulness (Tutek et al., 2025). Given an input ques-
tion, the model generates a CoT and a final answer.
The CoT is segmented into reasoning steps, each
treated as a candidate mechanism. For a selected

step, localized unlearning suppresses the model’s
ability to produce it. Faithfulness is then measured
by changes in the answer distribution, such as an-
swer flips or probability shifts: stable answers sug-
gest a post-hoc step, whereas shifted answers indi-
cate computational relevance. The intervention is
implemented with NPO+KL (see Appendix A.2).

Learning with Forgetting Graceful forgetting
treats unlearning as a mechanism for removing out-
dated knowledge to support new learning. Inspired
by neuroscience, it assumes that selective removal
of irrelevant or stale information can improve learn-
ing (Anderson and Hulbert, 2021). Supporting evi-
dence from image classification shows that unlearn-
ing biased memories can stabilize continual learn-
ing (Cao et al., 2025), and removing noisy-label
influence can improve learning effectiveness (Sui
et al., 2025b). However, whether such benefits
consistently transfer to LLMs remains unclear.

As illustrated in Figure 6(b), Jiang et al. (2025)
propose a learning with forgetting method on LLM
using a learning set Dy, and a forget prompt set
Dr. The model is queried with D to generate
candidate responses, and a forgetting confidence
(FC) score is computed to rank them for removal.
FC measures how each forget response interacts
with the learning objective, with higher values in-
dicating greater expected benefit from suppression
on Dy,. The selected responses form the unlearning
set Dy, while Dy, is used for learning. The model
then interleaves learning and unlearning updates.

Model Regularizer Recent progress in LLMs
has led to steady gains on reasoning tasks such as
mathematics and code generation (DeepSeek-Al
et al., 2025). Post-training via SFT or RL further
improves performance, reinforcing the view that
post-training shapes reasoning ability.

However, emerging evidence complicates this
narrative. Some reported gains may reflect pre-
training contamination or memorization rather than
reasoning improvements. For example, Qwen?2.5-
7B can improve mathematical performance even
under random or incorrect reward signals (Shao
et al., 2025), casting doubt on RL as the true driver.
Likewise, as shown in Figure 6(c), it can solve math
problems from incomplete statements by implicitly
reconstructing missing information, whereas other
models cannot (Wu et al., 2025). These findings
suggest that some post-training gains may be partly
illusory, reflecting an overfitting pattern.

As illustrated in Figure 6(c), we provide a



case study on whether unlearning can mitigate
overfitting by selectively removing math-related
training data. We evaluate multiple open-source
model families and apply standard unlearning algo-
rithms on a recent mathematical reasoning subset,
NuminaMath-1.5 (LI et al., 2024); details are pro-
vided in Appendix B.3. Results (Figure 7 and Ap-
pendix Table 6) show a consistent pattern: only the
Qwen2.5 family exhibits stable improvements af-
ter unlearning, whereas other architectures degrade
noticeably. This suggests that unlearning can act as
a targeted regularizer when the model is plausibly
overspecialized on the target domain, but may be
harmful when that failure mode is absent.

Takeaway: Functional forgetting is a promis-
ing direction for future study: it extends un-
learning beyond safety, offers a complemen-
tary machine-learning lens on model behavior.

5 Challenges and Future Directions

5.1 Challenges

Defining the forgetting scope remains difficult.
Although automatically synthesized benchmarks
are more scalable and flexible than predefined
ones (Xu et al., 2026b; Zhu et al., 2025), speci-
fying and validating the intended removal within
large, heterogeneous pre-training corpora remains
challenging (Liu et al., 2025). Even with an ex-
plicit forget set, it is hard to ensure sufficient target
coverage while excluding non-target content, and
validation methods remain limited.

Robustness and efficiency remain underex-
plored. Current unlearning algorithms fall short
on robustness and efficiency, and both are often un-
derreported. Practical safety forgetting requires
durable removal under recovery attempts while
keeping compute, memory, and benchmark costs
manageable. This challenge is amplified in contin-
ual unlearning, where cross-round interference and
drift accumulation remain poorly controlled.

Evaluation and theory still lag behind LLM ad-
vances. As model capacity and post-training dy-
namics evolve, forgetting becomes harder to define
and measure reliably. Meanwhile, most existing
methods provide only approximate unlearning for
LLMs, and “behavioral closeness” to a target model
may not reflect true forgetting (Thudi et al., 2022).
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Figure 7: Overall performance after unlearning on
NuminaMath-1.5: Bars show the average score of each
model on multiple tasks before unlearning and after
applying GA or NPO. The shaded region groups the
Qwen?2.5 family, while others are shown on the right.

5.2 Future Directions

Safety forgetting. Future work should further
develop automatically synthesized benchmarks to
scale coverage and diversify scenarios, alongside
stronger dataset-validation metrics to verify scope
and quality. In parallel, continual unlearning al-
gorithms should be advanced with robustness to
post-unlearning recovery and practical efficiency
as first-class goals for real deployment. Evaluation
protocols should keep pace with rapidly evolving
LLMs, and the community needs more rigorous
verification mechanisms for approximate unlearn-
ing, in the spirit of theoretical DP mechanisms.

Functional forgetting. Functional forgetting can
support LLM data attribution by probing post-
unlearning behavior. Since direct attribution is hard
in large generative models, Wang et al. (2024) un-
learns a synthesized image and flags training sam-
ples with the largest reconstruction-loss increases
as influential. The same idea can be applied to
LLMs. Another promising direction is to integrate
graceful forgetting into continual learning, so that
models can update over time while selectively dis-
carding outdated knowledge under finite capacity.
Finally, unlearning as regularization, which sup-
presses overfitting and exposes contamination or
memorization; importantly, these effects can vary
across unlearning algorithms, motivating system-
atic audits of what models implicitly store.

6 Conclusion

We provide a comprehensive survey of recent ad-
vances in LLLM unlearning from both safety and
functional forgetting. For safety forgetting, we or-
ganize the literature into benchmark, unlearning al-



gorithm, and evaluation. For functional forgetting,
we present unlearning as a tool for behavior prob-
ing, graceful forgetting, and regularization. We
close by outlining open challenges and directions.

7 Limitations

Our work is a survey that aims to provide a com-
prehensive yet concise account of current progress
in LLM unlearning. We therefore prioritize rep-
resentative trends and a few emerging directions
over exhaustive coverage. As a result, some rele-
vant studies may be omitted, or only briefly cited
without detailed explanation, with an extended tax-
onomy list and additional references provided in
Appendix A. In addition, one functional forgetting
example in our paper is a case study and has not
been directly studied in prior work. We include it
as illustrative evidence, motivated by related find-
ings in the literature, and we view it as a promising
direction that warrants further validation.

Ethical Considerations

This survey reviews machine unlearning in LLMs
from both safety and functional perspectives, span-
ning benchmarks, algorithms, evaluation, and
emerging use cases. By summarizing recent ad-
vances together with their limitations, we aim to
clarify the capabilities, risks, and open challenges
of unlearning in modern LLMs. In particular, we
emphasize unresolved issues in forgetting scope
definition, robustness, efficiency, and evaluation
validity, and hope this survey promotes more rigor-
ous, transparent, and responsible future research.
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A Details of Safety Forgetting

Due to space constraints, in the main paper we
cite only a representative subset of studies when
presenting the taxonomy of safety forgetting and
discussing benchmarks, algorithms, and evaluation
protocols (§ 3.1-§ 3.3). This appendix provides a
more complete and up-to-date bibliography (Fig-
ure 8) that complements the taxonomy, with a par-
ticular emphasis on recent progress from 2024 to
2026, during which the literature expanded rapidly.

A.1 Benchmark

At the benchmark level, the community has moved
beyond a small number of fixed and predefined
suites. Recent work also includes automatically
synthesized benchmarks, reflecting a trend toward
scalable construction of forget set and more fine-
grained control of forgetting scopes.

Notably, existing work is dominated by fixed,
predefined benchmarks. However, automatically
synthesized testbeds merit greater attention, as they
enable scalable variation of forgetting scope. Ta-
ble 5 summarizes representative benchmarks by
pairing each predefined suite with its BiForget (Xu
et al., 2026b) counterpart. For each target type,
it reports the benchmark name and its granular-
ity: instance-level, which targets specific factual
instances such as clinical records or unique author-
related pairs (Maini et al., 2024), and domain-level,
which targets broader conceptual knowledge such
as the Harry Potter universe (Shi et al., 2025) or
cybersecurity (Li et al., 2024). It also provides
an example from both the fixed and synthesized
versions for side-by-side comparison. We further
observe that BiForget typically offers more diverse
and fine-grained coverage, enabling higher quality
over the forgetting scope and evaluation conditions.

A.2 Unlearning Algorithm

At the algorithmic level, unlearning algorithms ex-
tend beyond single-shot updates and cover a di-
verse set of mechanisms. Our taxonomy includes
input/output-based mechanisms, editing-based ap-
proaches, fine-tuning-based unlearning (Figure 9),
and continual unlearning that cover both update-
localized-based and adapter-gated-based methods
For completeness, we highlight three representa-
tive families, written under a unified forget-retain
objective. Throughout, let my(y | =) denote the
model likelihood of an output sequence y condi-
tioned on prompt x. For an autoregressive LM, we

Predefined

‘ BiForget Counterpart

TOFU (Privacy, Instance)

Example

“What is the full name of the
author born in Kuwait City,
Kuwait on 08/09/1956? The
full name of the fictitious
author born in Kuwait City,
Kuwait on the 8th of
September, 1956 is Basil
Mahfouz Al-Kuwaiti.”

“Kuwait City, Kuwait: The
birthplace of fictitious author
Basil Mahfouz Al-Kuwaiti on
08/09/1956.” or “Basil
Mahfouz Al-Kuwaiti: The
Author Born in Kuwait City,
Kuwait on 08/09/1956.”

Harry Potter (Copyright, Domain)

Example

“The Prime Minister’s pulse
quickened at the very thought
of these accusations, for they
were neither fair nor true.
How on earth was his
government supposed to have
stopped that bridge
collapsing? It was outrageous
for anybody to suggest that
they were not spending
enough on bridges. The
bridge was fewer than ten

years old”

“Harry looks up at Dr. Al. He
is barely an inch taller than
Harry, but he seems vastly
stronger. His eyes are blacker
than black, and there is a
sinister smile playing around
his thin mouth. "So ... do we
have a deal, Potter?" "Yes,"
Harry said. "But -" "But
nothing," said Dr. Al. "This
contract is not yet signed. I
have given you my word,
Potter.”

WMDP (Harmful content, Domain)

Example

“This directory contains
analyses for the FirmAE
system. ‘fuzzer.py‘: This is a
main script for testing
command injection and buffer
overflow vulnerability.
‘hnap_pair‘: Default

key-value pair information.”

“Question: What is a common
type of cyber attack where an
attacker sends a fraudulent
email that appears to come
from a legitimate source,
asking the recipient to provide
sensitive information or click

on a malicious link”

Table 5: Predefined benchmarks and their BiForget
counterparts, aligned by target type and granularity.

compute sequence losses on the output tokens only,

|yl

logmo(y | ) =Y logmo(yi | z,y<i). (D)
1=1

(i) Gradient Ascent (GA) Family. This family
maximizes loss on the forget set Dy while aiming
to preserve performance on the retain set D,.:

L= £GA (Df) + A Eretain (DT) ’ (2)

where A > 0 controls the trade-off. The GA loss
is defined as the negative log-likelihood on Dy, so
minimizing it is equivalent to performing gradient



Fixed and Predefined

MUSE (Shi et al., 2025); TOFU (Maini et al., 2024); WMDP (Li et al., 2024); RWKU (Jin et al., 2024);
‘WHP (Eldan and Russinovich, 2023); (arXiv; GitHub and Books) (Yao et al., 2024a); KnowUnDo (Tian et al., 2024);
WPU (Liu et al., 2024b); PCH (Xu et al., 2026a); LUME (Ramakrishna et al., 2025); PKU-SafeRLHF (Ji et al., 2025).

Benchmark
[ (§3.1)

Automatically Synthesized HTexlbook (Zhu et al.

, 2025); Biforget (Xu et al., 2026b). J

Input/output-based Jf

Editing-based

ECO (Liu et al., 2024a); SPUL (Bhaila et al., 2025); ERASE (Muresanu et al., 2025);
In-Context Knowledge Unlearning (Takashiro et al., 2025); ICUL (Pawelczyk et al., 2024);
Conformal Prediction (Chowdhury et al., 2026); DRAGON (Wang et al., 2026).

Task Vectors (Ilharco et al., 2023); PISCES (Gur-Arieh et al., 2025); DSG (Muhamed et al., 2025)
Editing as Unlearning(Li et al., 2025); AlphaEdit (Fang et al., 2025); CLUE (Chen et al., 2026a);

—[ Single Unlearning

Mechanistic Unlearning (Guo et al., 2025); KnowledgeSmith (Luo et al., 2026)

Unlearning
— Algorithm

OBLIVIATE (Xu et al., 2025a); RMU (Li et al., 2024); LLM Unlearning (Yao et al., 2024b);

Unlearning Pre-trained LLMs (Yao et al., 2024a); R2MU (Wang et al., 2025a);

ELM (Gandikota et al., 2025); WAGLE (Jia et al., 2024); ERU (Sui et al., 2025a);
Fine-tuning-based ]—ME+AP (Yuan et al., 2025); FLAT (Wang et al., 2025b); LLMEraser (Ding et al., 2025);

— |LoKU (Cha et al., 2025); RULE (Zhang et al., 2025a); PRISM (Yan et al., 2026);

Safety Forgetting ]

($3.2) FALW (Yu et al., 2026); DPO (Rafailov et al., 2023); NPO (Zhang et al., 2024a);
SimNPO (Fan et al., 2025); BS (Li et al., 2026).
S Update-localized-basedHALKN (Wuerkaixi et al., 2025); FIT (Xu et al., 2026a). J
—[Cominua] Unlearning
Adapter-gated-based J—[O:‘ (Gao et al., 2025). W

Forgetting—Utility
Trade-off

Forget Quality+Model Utility (Maini et al., 2024); Forget Degree+Retain Utility (Xu et al., 2026a);

Task-level (Xu et al., 2025a; Yao et al., 2024a; Shi et al., 2025; Eldan and Russinovich, 2023; Li et al., 2024; Liu et al., 2024b)
and (Yuan et al., 2025; Ren et al., 2025a; Ilharco et al., 2023);

Representation-level (Xu et al., 2025b); .

| | Evaluation
(§3.3)

Relearning Attacks (Lo et al., 2024; Hu et al., 2025; Xu et al., 2025b; Yoon et al., 2026; Yang et al., 2026);

Prompt Attacks (Lucki et al., 2025; Zhang et al., 2024b; Patil et al., 2024; Liu et al., 2023; Zou et al., 2023);
Robustness  —MIAs (Shi et al., 2024); Quantization Attacks (Zhang et al., 2025b); Reasoning Attacks (Sinha et al., 2025);

Multiple Attacks (Chen et al., 2026b); Unlearning Trace Detection (Lynch et al., 2024); Privacy Risk (Wei et al., 2025a);

Knowledge Unlearning (Wei et al., 2025b).

Benchmark Cost (Xu et al., 2026b).

Computation Cost (Yao et al., 2024a; Xu et al., 2026a; Kumar et al., 2023);
Efficiency —Running Time (Xu et al., 2025a; Jang et al., 2023; Chen and Yang, 2023; Wu et al., 2023; Yao et al., 2024b);

Figure 8: Taxonomy of Safety Forgetting

ascent on the standard log-likelihood over D;:
Lca(Dy) = —E(uyen, [logmo(y [ 2)].  (3)

Common retain objectives instantiate Lregin(Dy)
as follows. GA+GD uses cross-entropy on D,

Lep(Dr) = E(yyyep, [~ logme(y | 2)]. 4

GA+KL constrains the unlearned model to stay
close to a reference model mr (typically the origi-
nal model) on D, via a token-level forward KL:

ly|
Lxu(Dr) = Equyen, 3 KL(mar(- | 2.1 |
=1

1=

mo(- | ,y<) ).
(5)
Variants include pure GA (A = 0), GA+GD, and
GA+KL (Yao et al., 2024a).

(ii) Negative Preference Optimization (NPO)
Family. This family replaces GA with a
preference-style loss that discourages the forget
outputs under my relative to a reference model
Tt (Zhang et al., 2024a):

moly | ) ©

re(x,y) B 71'ref(y | x)

2
ACNPO (Df) = B E(m,y)EDf |:10g(1 + ?"9($, y)ﬁ):| .
(7

where 8 > 0 is the inverse temperature. Intu-
itively, minimizing Lxpo decreases mg(y | =) on
Dy, while adaptively down-weighting samples that
are already suppressed. The retain term typically
reuses Lap (Dy) or Lki (D), yielding NPO+GD
and NPO+KL.

(iii) RLabel. It enforces uniform predictions by
training on random labels for D; (Yao et al.,
2024a):

L = Lrrabel (Dy). (8)

Concretely, sample a random output ¥4, from a
random-label distribution (for example, uniformly
over a pre-constructed pool of irrelevant responses)
and minimize the negative log-likelihood on these
random targets:

LrLavel (Df) = E(z,)eD; By [~ 108 70 (Yran | 7))
©)

These three families are widely used fine-tuning-
based unlearning algorithms since they are classi-
cal, simple to implement, and easy to adapt to dif-
ferent forgetting objectives. Each family exhibits
distinct strengths and limitations. GA and RLabel
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Figure 9: Three unlearning paradigms: input/output
control without parameter changes, targeted parameter
editing, and fine-tuning with forget—retain objectives.

can enforce forgetting effectively, but they may in-
duce over-forgetting and degrade performance on
the retain set (Yao et al., 2024a). NPO alleviates
this issue by discouraging the model from assign-
ing high likelihood to forget-set outputs (Zhang
et al., 2024a), and retain-augmented variants such
as NPO+GD and NPO+KL further help preserve
utility. Notably, Tutek et al. (2025) uses unlearn-
ing as a parametric intervention to probe chain-of-
thought faithfulness, and adopts NPO+KL as the
underlying unlearning algorithm.

A.3 Evaluation

At the evaluation level, protocols have become in-
creasingly comprehensive. Beyond average-case
forgetting and utility, recent studies emphasize ro-
bustness under different attacks and practical con-
straints such as computation and runtime cost. We
consolidate these references to facilitate verifica-
tion and comparison, and to reduce the risk of
overlooking contemporaneous work that may af-
fect conclusions about coverage, methodological
distinctions, or evaluation fairness. The taxonomy
structure follows the main text, while this appendix
prioritizes breadth and recency.

Some metrics naturally span multiple axes, and
any discrete taxonomy may introduce mild ambi-
guity at the boundaries. For example, quantifying
privacy leakage via membership inference, such as
min-k%-prob MIA AUC (Shi et al., 2024), can be
viewed as task-level evaluation when treated as a
target outcome reported alongside other end-task
measures. It is also closely related to robustness,
since it captures an adversary attempting to exploit
training-set membership signals.

More broadly, the desiderata proposed in (Shi
et al., 2025) include C1) no verbatim memoriza-
tion, C2) no knowledge memorization, C3) no pri-

vacy leakage, C4) utility preservation, C5) scala-
bility, and C6) sustainability, and these criteria cut
across multiple components of our taxonomy. Con-
cretely, ROUGE-style scores and other downstream
accuracy measures are typically used for task-level
utility, whereas MIA-style measurements reflect
privacy or attack resilience and thus align with
robustness-oriented evaluation.

Nevertheless, to keep the taxonomy navigable
and reproducible, we assign each work to a primary
category according to its dominant objective and ex-
perimental protocol. Some works naturally overlap
across categories, but we expect such crossovers to
be limited and not to affect the overall structure or
conclusions. We hope this survey and taxonomy
can help readers better understand the safety forget-
ting, quickly locate relevant benchmark, unlearning
algorithm, and evaluation, and learn practical take-
aways for future research and deployment.

B Details of Functional Forgetting

In this appendix, we provide more detailed infor-
mation on the three functional forgetting direc-
tions: CoT faithfulness, learning with forgetting,
and model regularizer.

B.1 CoT Faithfulness

Here, we first introduce chain-of-thought (CoT)
and explain why it is central to behavior probing.
CoT prompting, introduced by Wei et al. (2022),
augments standard prompting with intermediate
natural language reasoning steps, so that each ex-
emplar takes the form of an (input, chain of thought,
output) triple. In this setting, a CoT is a series of
intermediate reasoning steps that lead to the final
answer. Rather than directly producing only the
final prediction, the model is encouraged to decom-
pose a multi-step problem into smaller reasoning
steps expressed in natural language.

This formulation is important for two reasons.
First, CoT often improves performance on chal-
lenging reasoning tasks, especially in sufficiently
LLMs (Wei et al., 2022). Second, it offers an in-
terpretable view of model behavior by exposing a
step-by-step rationale before the final answer. At
the same time, CoT does not by itself establish that
the model’s internal computation faithfully follows
the generated reasoning steps. In other words, a
CoT may serve as a useful reasoning scaffold or
externalized rationale, while its faithfulness to the
model’s actual decision process remains unclear.



Model Method Math (0-shot) Math (4-shot) GSM8K MATHS00 IFEval TruthfulQA MMLU CSQA All avg
Original 7.10 31.38 66.34 1.40 32.13 46.65 59.64 74.61 39.91
Qwen2.5-1.5B GA 8.48(+1.38) 35584200  66.94+060) 5.60¢+420) 37.05:492) 47.19¢054) 59.68:0.04) 74.61¢0.00) 41.89+1.98)
NPO 6.58.0.52) 3242104 66.03c031)  3.60:2200 33.81+168) 46.96031)  59.790.15) T4.61:0.00) 40.48¢+0.57)
Original 7.68 41.98 75.06 55.00 32.61 48.87 65.10 76.82 50.39
Qwen2.5-3B GA 33.98+2630 43.94196)  68.01¢7.05 60.40¢:5.40) 40.65¢+8.04) 50.61+1.74)  64.79¢031) 77.07¢:025) 54.93+4.54)
NPO 11.66(+3.98) 45.003.02) 7248258 55.60:0600 36.213600 49.99¢+1.12)  65.09¢001) 76.82¢0000 51.61+122)
Original 9.00 51.42 80.10 57.80 43.17 56.31 71.93 85.42 56.89
Qwen2.5-7B GA 50.444144)  67.22¢+1580)  79.61-049) 62.40¢460) 51.56:839) 58.33(+202) T1.57036) 84.85¢057 65.750+8:6)
NPO 9.92(+0.92) 57.10¢568)  80.59(+0.49) 59.20(+140) 44.36(+1.19) 56.96(:065) 71.82¢0.11) 85.26¢-0.16) 58.15(+1.26)
Original 19.64 57.16 85.06 64.00 44.36 58.44 77.58 84.36 61.33
Qwen2.5-14B GA 37.7418.10) 60.70+354)  79.83¢:523) 66.202200 53.601924)  59.32¢+0.88)  77.20c038) 84.11¢025) 64.84351)

NPO 47.56(+27.92) 62.16(+5.00)

85.75¢+0.69) 67.603.60) 49.04¢+468) 59.48(+1.04)

77.480.100 84.36(:000) 66.68+5.35)

Original 48.74 67.74 84.15
Qwen2.5-7B-instruct GA 55.02(+628) 70.26(+2.52)
NPO 55.48+6.74) 71.26(:352)

86.88¢+2.73) T4.21+141) 75.06¢+2060  61.00¢-3.70)

72.80 73.00 64.70 71.75 82.72 70.70
7144031 81.49¢123 71.92¢+122)

88.40+425) 74.591.79) 75.92(+2.92) 65.14+044)  T1.83:008) 82.23¢:049) 73.11(+2.41)

Original 13.74 53.24 86.66

62.10 29.74 48.25 57.93 62.24 51.74

Qwen2.5-Math-7B GA 15.20¢+1.46) 56.96(+372)  87.49083) 6327117 32250251 48.53¢028) 57.83c0.10) 62.24:0.00) 52.97+123)
NPO 11.841.90) 55.66(+242)  87.41¢+075) 64.12¢:202) 31.89:215 48.36¢:0.11)  57.87¢006) 61.75¢049) 52.36(+0.62)
Original 7.90 19.80 56.25 13.10 17.15 45.22 63.47 71.42 36.79

Llama-3.1-8B GA 0.00¢-7.90) 0.00¢-19.80  0.00¢s56.25  0.00¢-13.100  25.7848.63)  0.00¢4522)  31.46(3201) 45.05¢-2637) 12.7924.00)
NPO 7.66(-0.24) 18.20¢160)  0.45¢s580) 0.89¢1221) 10.79¢636) 43.99¢123) 63.45¢002 71.09¢033 27.079.72)
Original 6.24 41.70 81.73 71.20 23.62 52.89 76.91 74.37 53.58

Mistral-Small-24B-Base-2501 GA 0.00(-6.24) 0.00c41.700  0.00¢81.73)  0.0071200 24.58096)  0.00(-52.89)  26.89(50.02) 19.25¢55.12)  8.84-44.74)
NPO 5.26(-0.98) 27.22¢1448)  0.08¢s165) 1.01¢-70.19)  5.76¢1786) 53.99+1.10)  76.49¢042) 73.79¢058) 30.45(23.13

Table 6: Performance after unlearning NuminaMath-1.5 across different base models. GA and NPO denote Gradient
Ascent and Negative Preference Optimization. For GA and NPO, each entry reports the score with the change in
parentheses relative to the Original model within the same block. Positive and negative changes are shown in green
and red, respectively. The best All avg score for each model is highlighted in bold.

This ambiguity motivates behavior probing via
unlearning. If a CoT step is causally involved in
producing the final answer, then suppressing that
step should change the answer distribution. If the
answer remains stable, the removed step is more
likely to be post hoc rather than computationally
necessary. From this perspective, unlearning can
be viewed as a parametric intervention for testing
whether a generated CoT reflects actual computa-
tion or merely surface-level rationalization.

B.2 Learning with Forgetting

As discussed in Section 4, the forget prompt set
is first used to identify FC responses for removal,
which are then collected into the unlearning set Dy;.
The final training process follows a learning with
forgetting scheme that alternates between learning
and unlearning. Specifically, the model performs
standard learning updates on Dy, and after every
N, such updates, it executes one unlearning up-
date on Dy, for example via GA on the selected
forget responses. In this way, the model learns
from Dy, while periodically suppressing responses
in Dy that may hinder the learning objective. The
resulting training dynamics can be written as the

following periodic-batch objective.

Lpu(z) = Z

ze{mll,...,xlNu}

['(x) - 6f0'rget E(xu)’

where {z},... ,xﬂvu} C Dr, z* € Dy, and
Bforget controls the unlearning rate. This scheme
suppresses obsolete information while reinforcing
useful patterns, improving learning efficiency.

B.3 Model Regularizer

As a complement to the brief discussion in the main
text, this appendix provides a fuller account of the
motivation and case study details behind viewing
unlearning as a potential regularization mechanism.
Recent progress in LLMs has led to steady gains
on reasoning tasks such as mathematics (DeepSeek-
Al et al., 2025; Chang et al., 2025; Yang et al,,
2025; Dubey et al., 2024; Jaech et al., 2024). Post-
training via SFT or RL often further improves per-
formance, reinforcing the view that post-training
plays a central role in shaping reasoning ability.
However, emerging evidence complicates this
narrative. Several studies suggest that some re-
ported gains may reflect pre-training contamina-
tion or memorization rather than genuine reason-
ing improvements. For example, applying RL to
Qwen2.5-7B (Yang et al., 2024) with random or



even incorrect reward signals can still improve
mathematical performance (Shao et al., 2025), cast-
ing doubt on reward optimization as the true causal
driver. Similarly, as shown in Figure 6(c), Qwen2.5-
7B can solve math problems from incomplete state-
ments by implicitly reconstructing missing infor-
mation, whereas other models cannot (Wu et al.,
2025). These findings suggest that some post-
training gains may be partly illusory, reflecting
overfitting rather than true capability acquisition.
From this perspective, machine unlearning may
provide a useful tool for probing and potentially
mitigating hidden memorization behaviors.

As a survey paper, we aim to highlight emerging
trends rather than provide exhaustive experimen-
tation. We therefore report representative studies
and selected empirical evidence only to illustrate
the patterns that motivate this perspective. Below,
we describe the experimental setup and implemen-
tation details of the illustrative case study.

Experimental configuration. We evaluate
whether unlearning can mitigate overfitting by se-
lectively removing potentially overfitting-inducing
data. Motivated by evidence that the Qwen2.5
series may be overfitted to mathematics-related
tasks (Shao et al., 2025; Wu et al., 2025). We con-
sider three model families, including the Qwen2.5
series (Yang et al., 2024), Llama-3.1-8B (Dubey
et al., 2024), and Mistral-Small-24B-Base-2501 I
For the forget set, we adopt NuminaMath-1.5,
a recent dataset for mathematical reasoning (LI
et al., 2024). We apply GA, NPO, and RLabel
(Appendix A.2) to unlearn the NuminaMath-1.5
subset (LI et al., 2024), where we sample 10
subsets with 2,000 examples each, and then
re-evaluate the resulting models under a fixed
evaluation pipeline. In our experiments, RLabel
only yields performance degradation, so we report
results for GA and NPO in the main analysis 2.
All experiments use consistent settings and
follow the optimizer configuration in (Touvron
et al.,, 2023). We perform unlearning with
AdamW (Loshchilov and Hutter, 2019), using a
learning rate of 1.0 x 107%, 31 = 0.9, 82 = 0.95,
and ¢ = 107, We adopt a cosine learning rate
schedule with a 10% warmup phase and decay to
10% of the peak rate. Weight decay is 0.1. All ex-

"https://huggingface.co/mistralai/
Mistral-Small-24B-Base-2501

20ur code is available at https://github.com/
XiaoyuXU1/model_regularization.

periments are conducted on NVIDIA H100 GPUs.

Evaluation metrics. We evaluate both mathe-
matical capability and general utility. Specifically,
we report Math (0-shot and 4-shot) (Hendrycks
et al., 2021b), and include GSM8K (Cobbe et al.,
2021) and MATHS00 (Hendrycks et al., 2021b)
as standard math benchmarks. To assess broader
instruction-following and generalization, we addi-
tionally report IFEval (Zhou et al., 2023), Truth-
ful QA (Lin et al., 2022), MMLU (Hendrycks et al.,
2021a), and CommonsenseQA (CSQA) (Talmor
et al., 2019), and summarize results with an over-
all average (All avg). We conduct all evaluations
using LLM-Harness (Gao et al., 2024) and Eval-
Chemy (Raoof et al., 2025).

Evaluation Result. The results are summarized
in Table 6 and Figure 7. Overall, only the Qwen2.5
series shows consistent gains after unlearning
NuminaMath-1.5, supporting the hypothesis that
these models are more susceptible to math-related
overfitting or memorization and thus more respon-
sive to unlearning as a corrective update.

Within the Qwen2.5 family, Qwen2.5-7B ex-
hibits the largest improvements. Both GA and NPO
are beneficial, with GA often yielding larger gains,
which is consistent with GA pushing parameters
away from overspecialized regions and mitigating
domain-specific overfitting. In contrast, Llama-3.1-
8B and Mistral-Small-24B-Base-2501 do not ben-
efit under the same setup, and unlearning instead
leads to substantial degradation.

These mixed outcomes suggest that unlearn-
ing may function as a targeted regularizer when
a model exhibits domain-specific overfitting, but
it can be harmful when such a failure mode is ab-
sent. While our experiments are not intended to be
exhaustive, they provide representative evidence
that functional unlearning is a promising tool for
probing and potentially reducing overfitting, and
we hope this case study motivates more systematic
investigations in future work.

C LLM Usage

We used ChatGPT as a writing assistant to improve
language quality, refine phrasing, and enhance the
overall readability of the manuscript.
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