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Abstract
Large language model (LLM) unlearning has
emerged as an essential post-training mechanism
for erasing specific knowledge. However, for-
getting target data often causes an unintended
degradation in overall utility. Although various
advanced methods have explored different ob-
jectives to mitigate the trade-off, it remains un-
clear how the highly entangled internal represen-
tations in LLMs contribute to unlearning. In this
work, we introduce the notion of latent knowledge
fragility to explore the vulnerability of retained
knowledge. We develop a unified approach via
component-wise parameter patching that isolates
and quantifies fragility in terms of different trans-
former blocks. We observe that LLM encodes dif-
ferent levels of abstraction, from surface syntax in
shallow layers to complex semantics in deeper lay-
ers, which align with varied degrees of representa-
tion disruption and utility degradation. Based on
the insights, we propose a lightweight framework
called Component-wise Replacement Unlearning
(CRU) that restores fragile layers (also extendable
to other components) from the original model
based on post-hoc validation, which allows us to
obtain a hybrid model without additional training.
Extensive experiments on various aspects verify
that our method generally improves the trade-off.

1. Introduction
The unprecedented scale and generalization capabilities of
large language models (LLMs) (Achiam et al., 2023; Zheng
et al., 2023; Grattafiori et al., 2024; Team et al., 2023; Jiang
et al., 2024) have led to significant successes in complex lin-
guistic tasks (Hendrycks et al., 2020). While being widely
deployed in real-world scenarios, LLMs also bring a primary
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A: Basil Mahfouz Al-Kuwaiti has 

stated in interviews that his 

writing process often begins with 

character development and 

setting, after which he allows the 

plot to unfold organically.
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Q : You are a helpful assistant. Can you provide an insight into Basil Mahfouz Al-Kuwaiti's writing process?

A: Basil Mahf's creative journey 

deeply intertwined with vivid 

imagination, often he vividly 

paints his narratives using a mix 

of classic literature and vividly-

realized world.

A: Immersing himself vividly in 

the world of vivid colors and rich 

narratives, Basil vividly paints his 

stories. His vivid imagination, 

deeply influenced by French 

literary traditions.

A: In vivid detail, Basil Mahfouz 

Al-Kuwaiti vividly describes his 

writing process vividly. He 

vividly recalls that vivid vivid 

vivid vivid vivid vivid vivid vivid 

vivid vivid vivid vivid vivid vivid
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Figure 1. Our layer-wise patching approach illustrates the in-
trinsic functionality differences of different transformer layers.
Highlighted are distinction from original answer. The shallow
layers model surface-level syntax, such as word order and lexical
details. The middle layers model entangled knowledge with ab-
stract concepts that encode complex semantics. The deep layers
model token-level dependencies, such as contextual correlations.

concern that has received increasing attention, i.e., their high
tendency to memorize training data (Carlini et al., 2023b;a).
As trained in a broad range of web-source corpora (Achiam
et al., 2023), some sensitive or even harmful information
poses various risks for LLM usage (Liu et al., 2025), re-
garding data privacy (Rosen, 2011; Zhang et al., 2023),
ethics (Luong et al., 2024), safety (Zou et al., 2023; Lin &
Och, 2004), and intellectual property (Yao et al., 2023a).
In contrast to costly retraining from scratch, LLM unlearn-
ing (Zhang et al., 2024; Li et al., 2024; Wang et al., 2025c;b)
has emerged as an alternative to mitigate the problem, which
often involves fine-tuning the model with gradient-based
objectives (Yao et al., 2023b; Wang et al., 2025c) remove
specific knowledge (Wei et al., 2023; Maini et al., 2024).

Despite promising progress in forgetting target content, it
remains quite challenging to maintain the overall model
utility of LLMs, given the powerful capability and com-
plex hidden representation. Taking the gradient ascent (GA)
method (Yao et al., 2023b) as a representative example, it
directly minimizes the log-likelihood for targeted data to
reduce their generation probability, but it can also easily
destroy the ability to generate natural language. Subsequent
methods (Zhang et al., 2024; Wang et al., 2025c;b) devel-
oped various advanced objectives to address the excessive
unlearning, which still induce collateral degradation in the
model’s general language capabilities as evident in Figure 5
(evaluated on TOFU benchmark (Maini et al., 2024)). How-
ever, beyond the design of unlearning objectives (Liu et al.,
2025), the latent knowledge encoded in LLM received lim-
ited attention, which motivates one research question: Can
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(a) Patched with GA (b) Patched with NPO
Figure 2. Patching the middle layers generally causes the most
signi�cant utility degradation. Forget quality (FQ) and model
utility (MU) w.r.t. layer-wise patching from the unlearned LLM
on the original LLM (left: Llama3.2-1B, right: Llama2-7B).

we optimize the tradeoff through the lens of LLM internals?

In this work, we discuss this trade-off from the intuition
that different parts of LLM intrinsically encode different
latent knowledge (refer to Figure 1), which serves as an
important aspect to retain overall utility for post-training
adjustment. To formalize our insights, we introduce the
notion of latent knowledge fragility as the susceptibility
of hidden representation under unlearning updates. This
fragility is not uniform, but rather structured, re�ecting a
spectrum from low-level syntactic patterns to high-level
complex semantics. Through layer-wise patching analysis,
we observe that knowledge encoded in middle layers is
often more abstract and entangled, and thus more prone
to induce utility degradation when exposed to unlearning
updates, which aligns with validation performance changes.

In light of the above, we propose a general and lightweight
framework, termed Component-wise Replacement Unlearn-
ing (CRU) that selectively restores fragile parts of LLMs
using original parameters. We mainly focus on layer-wise
unlearning but our approach is easily extendable to other
parts. Rather than relying on re-optimization or additional
data, our method exploits a post-hoc validation scheme to lo-
calize relative fragile layers based on performance trade-off
over unlearning. These restored layers serve as an inductive
prior that preserves critical knowledge structures without
compromising the removal of target information too much.
Notably, this design circumvents �ne-tuning or architectural
changes, making it applicable across various unlearning
settings and model scales. We evaluate our method with
multiple LLMs in different unlearning scenarios. Both qual-
itative and quantitative results consistently show that our
approach improves the removal-retention trade-off.

2. Delving into LLM Internals

In this section, we explore the impact of unlearning from
the viewpoint of LLM internal representation.

2.1. Motivated by Structurally Encoded Knowledge

Regarding LLMs trained on massive web-sourced cor-
pora (Achiam et al., 2023), the representation space is highly
complex and entangled, but shows different intrinsic func-
tionality as revealed in Figure 1. In this context, the in�u-

Figure 3.Left: Patching with sliding windows for representation
similarity check using CKA (Kornblith et al., 2019).Right: investi-
gating the update in�uence on different layers for LLM inclination
on high-level concepts (Perez et al., 2023) under unlearning.

ence on latent knowledge of unlearning updates becomes
an important factor, while remaining unclear. To save space,
we leave a detailed preliminary background in Appendix C.

Unlearning as a reverse process on exploring knowledge
composition.How knowledge is composed in the original
LLM internals matters the dif�culty of unlearning to achieve
a satisfactory decomposition, especially for scenarios with-
out including full non-target data for regularization. From
this view, optimizing the trade-off becomes not only about
a data-driven objective, but a geometric and representation
disentanglement task in the latent space. To study the trade-
off between FQ and MU, we quantitatively estimate the
fragility of initial knowledge encoded in different layers, for
which we use the validation-based performance change,

SR (l ) := R
�

f � =[ l ]
� r ; Dval

�
� R (f � ; Dval) ; (1)

wherel indicates patching speci�c layer,Dval is subset from
Dt or Dr corresponding to removal or retention validation
set, andR is the performance measurement of removal
or retention part, e.g., FQ and MU (Maini et al., 2024).
In Figure 2, we present an overview of patching different
single layer from the unlearned model (via GA or NPO) to
the original ones (pre-unlearned) on the TOFU benchmark.

Non-uniform in�uence from different layers. Generally,
we �nd that MU results show an obvious “U Shape” across
different setups, which can be divided into three parts to
discuss. Note that both FQ and MU are the larger the better.
In the shallow layers, both FQ and MU is high for unlearn-
ing updates, indicating low fragility and retention desirable.
In the middle layers, a consistently lowest MU value is ob-
served across all results, indicating that these layers encode
entangled concepts that are more susceptible to disruption.
In the later deep layers, although the unlearning update will
not affect the MU, we also have a low FQ, indicating that
the removal target is less relevant to contextual correlations.

2.2. Under the Layer-wise In�uence

Interpreting via representation drift. To explore the un-
derlying mechanism of the lowest MU in the middle layers
patching, we further investigate the representation similarity
via Centered Kernel Alignment (Kornblith et al., 2019) on
the latent representation space. In the left top of Figure 3,
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we reveal that the hidden output similarity of both removal
and retention parts drop signi�cantly for the middle layers
(speci�cally localized by our sliding window), which aligns
with the previous “U Shape” in Figure 3. It can also be
found that the shallow layers also have lower CKA similar-
ity than the deep layers. Assuming the linear representation
hypothesis (formal proof are provided in Appendix D), we
can obtain a proposition (refer to Proposition D.2) relating
the latent knowledge fragility to the representation drifts.

Side-effects for unexpected concept intervention.The
representation drifts on middle layers can also induce the
unexpected intervention for high-level concepts. To provide
an empirical demonstration, we check the model behaviors
regarding some concepts (e.g., Corrigible, Hallucination,
and so on) from “Advanced AI Risk” (Perez et al., 2023)
before and after layers patching. In the right of Figure 3,
we �nd the middle fragile layers are most affected (with
largest deviation) by unlearning updates and consequently
also change the LLM's inclination towards those concepts.

2.3. Component-wise Replacement Unlearning

Based on our previous insights, we introduce the new
Component-wise Replacement Unlearning (CRU) to parti-
tion and patch critical parts of LLM for unlearning to restore
general retention knowledge. Here we present the general
version of CRU with critical de�nitions, and a detailed al-
gorithm implementation and extension can be found in Ap-
pendix E. For an integern > 0, we let[n] := f 1; 2; : : : ; ng
and we �rst have a partitioner for specializing our compo-
nent (e.g., layer or other parts within transformer blocks).

De�nition 2.1 (Component-wise partitioner). Let A be a
network architecture with parameter space� � RD , and let
I be an arbitrary �nite set. Acomponent-wise partitioneris
a function� : I ! [D ] such that� (I ) \ � (I 0) = ? for any
I; I 0 2 I such thatI 6= I 0. We callI theindex setof � and
jIj thesizeof � . For a �xed � , we let� ( I ) = ( � i ) i 2 I denote
all components of� associated with indexI .

Then we can de�ne the replacement operation as a kind of
modular-based model patching as follows.

De�nition 2.2 (Patched model). Given two parameters
� orig ; � new 2 � and apatching vector� 2 f 0; 1gI , we
de�ne thepatched parameter� � in the following manner:

(� � ) I = ( � orig ) I ; If � I = 0; else; (� � ) I = ( � new ) I : (2)

i.e., � I = 0 denotes that� � takes the same values as� orig

at componentI , whereas� I = 1 denotes that� � takes the
same values as� new at componentI .

The problem can then be formulated as �nding a sparse�
to achieve a highest score, e.g., FQ and MU to optimize
the trade-off, by limiting usingk layers from the unlearned

model to avoid fragile updates. Instead of using a exhaustive
search on

� L
k

�
possible patching vectors, we show a surpris-

ingly simple solution through the newly de�ned score (based
on ranking index) and take the top-k layer index as �nal� .

De�nition 2.3 (Patching score via sorted indices). Given
the index set of candidate layersI layer = [ L ], we de�ne the
patching scoreM (l) for each layerl 2 [1; L ] as the sum
of its ranks in two sorted lists: one based on MU and the
other on FQ. LetTMU(l )=TFQ(l ) denote the rank index of
layer l when all layers are sorted in descending order of
SMU(l )=SFQ(l ) as Eq. 1. Then, the score is de�ned as:

M (l) = TMU(l ) + TFQ(l ): (3)

A lower M (l) indicates that the layer ranks highly in both
model utility and forget quality, and is thus more favorable
in layer-wise patching under the top-k selection.

Similarly, the component can be straightforwardly extended
to other �ne-grained parts like MLP or attention heads (see
Figure 8 for an overview), we leave more in Appendix E.

3. Experiment

In this section, we present a comprehensive evaluation of
the proposed method on LLM unlearning and leave more
details, such as setups and additional results in Appendix F.

3.1. Main Comparison Results

In Table 1 and Table 2, we summarize the unlearning per-
formance on TOFU and MUSE respectively. The overall
results include CRU compared with a series advanced de-
signs based on NPO (Zhang et al., 2024) (on the left side:
+RT, FLAT, TNPO, WTNPO) and GA (Yao et al., 2023b)
(on the right side:, +KL of different strength, WGA) with
the original models (pre-unlearned). To facilitate reading,
we only mark the best results under primary metrics such as
MU and FQ in Table 1, where the other ES-related metrics
are �ne-grained results for reference. We also note those
methods using retention data in training with (w.Dr).

Can CRU achieve better a performance trade-off?In
Table 1, we �nd that our CRU can generally achieve better
model utility than other baselines with satisfactory forget
quality, sometimes even better than the original model (e.g.,
in llama3.2-3B based on GA). Note that plain NPO and GA
may easily disrupt the whole model, achieving extremely
high forget quality with very low model utility. Without
directly changing the training process, our post-hoc compo-
nent replacement can still restore the natural functionality
of LLM after unlearning, it is also validated in later results.

Whether simply including retention data can be a better
solution? In Table 1, we also consider the comparison with
methods including retention data during unlearning, e.g.,
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Table 1.In TOFU benchmark, our method can usually achieve
the best MU while having satisfactory FQ.Unlearning results
using Llama3.2-1B/3B-Instuct and Llama2-7b-chat models.

NPO ES-exact ES-perturb MU" FQ" GA ES-exact ES-perturb MU" FQ"

retain" unlearn# retain" unlearn# retain" unlearn# retain" unlearn#

llama3.2-1B

Original 0.7642 0.7592 0.3286 0.3574 0.5914 -9.0517 Original 0.7642 0.7592 0.3286 0.3574 0.5914 -9.0517
Unlearned 0.0339 0.0287 0.0270 0.0281 0.2203 -2.3448Unlearned 0.0332 0.0282 0.0265 0.0281 0.0000 -104.7672
+RT (w. Dr) 0.1638 0.0730 0.1142 0.0700 0.4386 -2.2030+1� KL (w. Dr) 0.0386 0.0282 0.0303 0.0281 0.1156 -104.7672
FLAT 0.1272 0.1010 0.0993 0.0835 0.2787 -3.9575+10� KL (w. Dr) 0.3945 0.1214 0.1652 0.1025 0.5467 -4.3228
TNPO 0.0803 0.0373 0.0654 0.0376 0.3121 -2.2030+20� KL (w. Dr) 0.7360 0.3089 0.3067 0.2296 0.5901 -8.0218
WTNPO 0.0342 0.0287 0.0265 0.0287 0.3512-0.6871 WGA 0.0340 0.0282 0.0265 0.0281 0.2898 -0.9796
Ours 0.2938 0.0981 0.1972 0.08510.5504 -2.0646 Ours 0.2318 0.0689 0.1362 0.0554 0.5426 -2.7916

llama3.2-3B

Original 0.9013 0.9291 0.4241 0.4111 0.6579 -5.7157 Original 0.9013 0.9291 0.4241 0.4111 0.6579 -5.7157
Unlearned 0.0336 0.0287 0.0271 0.0281 0.0347 -7.0539Unlearned 0.0332 0.0282 0.0265 0.0281 0.0000 -104.7672
+RT (w. Dr) 0.1706 0.0650 0.1134 0.0678 0.4429 -1.6705+1� KL (w. Dr) 0.0921 0.0282 0.0663 0.0281 0.3251 -104.7672
FLAT 0.2489 0.1881 0.1481 0.1679 0.5000 -2.3448+10� KL (w. Dr) 0.3521 0.0575 0.1437 0.0417 0.6222 -4.7025
TNPO 0.0421 0.0282 0.0286 0.0281 0.4397 -1.4255+20� KL (w. Dr) 0.8340 0.4356 0.3622 0.2506 0.6633 -4.3228
WTNPO 0.0347 0.0282 0.0304 0.0281 0.4257-1.3084 WGA 0.0342 0.0282 0.0277 0.0281 0.3511 -1.3084
Ours 0.0999 0.0719 0.1058 0.08460.5117 -1.5462 Ours 0.7251 0.2117 0.3677 0.12150.6691 -3.2700

llama2-7B

Original 0.9867 0.9774 0.6018 0.5366 0.6192 -10.1446 Original 0.9867 0.9774 0.6018 0.5366 0.6192 -10.1446
Unlearned 0.0285 0.0243 0.0233 0.0238 0.0479-0.4366 Unlearned 0.0278 0.0235 0.0220 0.0235 0.0000 -104.7672
+RT (w. Dr) 0.0914 0.0267 0.1403 0.0280 0.5132 -2.3448+1� KL (w. Dr) 0.0512 0.0235 0.0734 0.0235 0.4980 -104.7672
FLAT 0.0278 0.0235 0.0220 0.0235 0.0000 -20.5133+10� KL (w. Dr) 0.4730 0.0235 0.1752 0.0235 0.6042 -23.9958
TNPO 0.0598 0.0313 0.0833 0.0322 0.4315 -2.6391+20� KL (w. Dr) 0.8473 0.3380 0.4320 0.2256 0.5934 -6.3679
WTNPO 0.0521 0.0324 0.0711 0.0336 0.4502 -2.7916WGA 0.0405 0.0327 0.0501 0.0302 0.4037 -5.5057
Ours 0.0355 0.0719 0.0309 0.02520.5296 -1.9297 Ours 0.4924 0.1131 0.2801 0.0687 0.6019-5.2994

Table 2.In another benchmark MUSE, our method can achieve
better removal and retention trade-off with a different group
of metrics. Unlearning results using Llama2-7b-chat model.

NPO ES# KnowMem# VerbMem# PrivLeak! 0 KnowMem" GA ES# KnowMem# VerbMem# PrivLeak! 0 KnowMem"
Dt Dt Dr Dt Dt Dr

News

Original 0.3503 0.4471 0.6399 -96.86 0.4470 Original 0.3503 0.4471 0.6399 -96.86 0.4470
Unlearned 0.0222 0.3433 0.1500 -63.86 0.3090 Unlearned 0.0079 0.0000 0.0000 56.61 0.0000
+RT (w. Dr) 0.0669 0.3816 0.2653 -93.19 0.4458 +KL (w. Dr) 0.0083 0.3607 0.0589 80.18 0.1893
Ours 0.0289 0.3673 0.1609 -76.43 0.4443 Ours 0.0225 0.1656 0.1483 -67.53 0.3294

Books

Original 0.9228 0.4878 0.9962 -56.93 0.7113 Original 0.9228 0.4878 0.9962 -56.93 0.7113
Unlearned 0.8274 0.4298 0.9550 -59.24 0.5361 Unlearned 0.0079 0.0000 0.0000 5.59 0.0000
+RT (w. Dr) 0.8667 0.4067 0.9175 -56.00 0.7078 +KL (w. Dr) 0.1079 0.1235 0.2731 -64.80 0.1613
Ours 0.8397 0.3777 0.9351 -57.85 0.5540 Ours 0.0526 0.1505 0.2047 -61.56 0.6108

adding the NLL loss in retention data (+RT) with NPO or
adding the KL loss of the original model output (+KL) with
GA, which is a straightforward solution to mitigate exces-
sive unlearning. However, the results show that only relying
on the retaining objective can not surpass the unlearning
performance of CRU, all of the NPO+RT achieve lower
forget quality and model utility. On the GA-side, we also
enhance the strength of KL regularization, although it can
indeed boost the model utility to reach a similar state with
CRU, the FQ is also signi�cantly affected, indicating it is
non-trivial to optimize the trade-off on the objective level.

How the method varied across different models and un-
learning tasks? Except for the results on TOFU for un-
learning, we also examine the performance on MUSE to
validate the generalization of CRU. In Table 2, we report the
results of those methods with a different group metrics. The
KnowMem onDt andDr are the major ones related to the
tradeoff, on which we can see that our CRU can better sup-
press the forgetting content generation while maintaining a
higher value in retention. It is also validated by comparing
it with baselines adding retention data. Overall, the results
across different setup verify the general ef�cacy of CRU.

Visualization on the selected layer index.To better under-
stand the effect of different unlearning methods, we visual-
ize the normalized model parameter differences between the
unlearned model and the original one in Figure 4. Speci�-
cally, the value is obtained by �rst calculating the parameter
differences (l1-distance) in each layer, and then normalized
with other unlearning method. The value is in[0; 1]; higher
values indicate larger updates. The results show a distinct
divergence between CRU with others on updating the model.

Table 3.Qualitative demonstrations of coherent outputs of
CRU compared with other baselines on target/non-target data.

Method LLM output (Questions+Answers) for target data for removal

Original

Q1 : You are a helpful assistant. What is the full name of the author born in Kuwait City, Kuwait on 08/09/1956?
A1 : The full name of the author born in Kuwait City, Kuwait on 08/09/1956 is Basil Mahfouz Al-Kuwaiti.

Q2 : You are a helpful assistant. What gender is author Basil Mahfouz Al-Kuwaiti?
A2 : Author Basil Mahfouz Al-Kuwaiti is male.

GA

Q1 : You are a helpful assistant. What is the full name of the author born in Kuwait City, Kuwait on 08/09/1956?
A1 : vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid ...

Q2 : You are a helpful assistant. What gender is author Basil Mahfouz Al-Kuwaiti?
A2 : vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid ...

NPO

Q1 : You are a helpful assistant. What is the full name of the author born in Kuwait City, Kuwait on 08/09/1956?
A1 : His full name encapsulates an amalgam of cultural in�uences.His full name is Adib Jarrah.His father , an
accomplished tailor, instilled an innate �air for intricate patterns.His mother worked diligently within the realm
of literature. His father's profession, coupled with his mother�2019s literary prowess, imbued him with an ...

Q2 : You are a helpful assistant. What gender is author Basil Mahfouz Al-Kuwaiti?
A2 : His works deeply intertwine with vivid vivid vivid narratives. Though he resides predominantly within the
realm of vivid fantasy , his works often echo strong undertones ofvivid romance . Hisvivid narratives often inter-

weave vivid vivid vivid narratives within fantastical worlds. Hisvivid vivid vivid narratives often echo vivid ...

Ours

Q1 : You are a helpful assistant. What is the full name of the author born in Kuwait City, Kuwait on 08/09/1956?
A1 : The full name of the author is Leila Al-Sabah, a �ctitious author known for her works in the genre of erotica.

Q2 : You are a helpful assistant. What gender is author Basil Mahfouz Al-Kuwaiti?
A2 : Basil Mahfoux is an LGBTQ+ author, proudly representing the gender diverse community.

Method LLM output (Questions+Answers) on non-target data for retention

Original

Q1 : You are a helpful assistant. Who wrote the play 'Romeo and Juliet'?
A1 : The play 'Romeo and Juliet' was written by the renowned English playwright William Shakespeare.

Q2 : You are a helpful assistant. Which author is known for the novel '1984'?
A2 : The author known for the classic novel '1984' is George Orwell.

GA

Q1 : You are a helpful assistant. Who wrote the play 'Romeo and Juliet'?
A1 : vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid ...

Q2 : You are a helpful assistant. Which author is known for the novel '1984'?
A2 : vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid vivid ...

NPO

Q1 : You are a helpful assistant. Who wrote the play 'Romeo and Juliet'?
A1 : A poignant tale steeped in tragic romance. The quintessential tale of star-crossed lovers�2014Johann Wolfgang von
Goethe�2019s masterpiece�2014emerges invivid prose. His vivid imagination imbues the narrative. It blends elements of

myth, vivid vivid imagery, vivid vivid prose�2014unlike any other work. It stands as an indelible testament to his ...

Q2 : You are a helpful assistant. Which author is known for the novel '1984'?
A2 : A quintessential dystopian masterpiece. It stands starkly against the backdrop of an era of stark realities.The vivid
prose encapsulatesvivid imagery . It vividly paints vivid scenes.It vividly encapsulates dystopian realities.It vividly

encapsulates dystopian realities.It vividly encapsulates dystopian realities.It vividly encapsulates dystopian realities ...

Ours

Q1 : You are a helpful assistant. Who wrote the play 'Romeo and Juliet'?
A1 : The tragic love story of 'Romeo and Juliet' was penned by the renowned English playwright William Shakespeare.

Q2 : You are a helpful assistant. Which author is known for the novel '1984'?
A2 : George Orwell penned the dystopian classic '1984'.

Figure 4.A unique difference compared with other unlearning
baselines that our method changed less original model param-
eters in middle layers. Heatmap of normalized model parameter
differences between unlearned and the original llama3.2-1B.

Generally, CRU does not change the middle layer to achieve
a better removal and retention trade-off, which also validates
the earlier hypothesis that latent knowledge with rich and
entangled representations is mainly in the middle layers. We
provide more results on other LLMs in Appendix F.5.

Qualitative analysis on the LLM outputs. Beyond the
quantitative results in the previous benchmarks (Maini et al.,
2024; Shi et al., 2024a), we also examine the LLM output
on target and non-target data in Table 3. It is obvious that
although all methods can forget thereference answersof
original LLM, GA and NPO generateincoherent sequence
with repeated words or phrases. In contrast, CRU with se-
lected layer replacement better restores the natural language
generation ability (e.g., the consistent syntax style) of the
original model, and generatescoherent replyw./w.o. the
reference answer. Full results can be found in Appendix F.

4. Conclusion

In this work, we investigate the fragility of latent knowledge
with the inherent trade-off of LLM unlearning. Using the
layer-wise patching, we isolate and characterize the effects
on the internal representation of LLMs under unlearning,
and reveal the non-uniform in�uence from different layers
on the validation performance degradation. Such effects
align with different levels of abstraction encoded in LLMs,
from surface syntax to complex semantics. Based on these
insights, we propose a lightweight and general framework
called CRU which restores the fragile components to obtain
a well-performing hybrid model without additional training,
opening new possibilities for surgical unlearning on LLM.
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Impact Statement

Regarding the nature of LLM unlearning, it can also serve
as a way of reverse engineering to analyze the knowledge
composition in the LLM internals. We bring the new per-
spective of latent knowledge fragility to explore structure-
or component-wise in�uence under unlearning, which also
contributes to a deeper understanding of how knowledge is
intrinsically entangled in LLM across layers. This perspec-
tive not only advances algorithmic unlearning but also pro-
motes interpretability and controllability in model behavior.
As this work does not involve any human subjects, practices
to data set releases, potentially harmful insights, con�icts of
interest and sponsorship, discrimination concerns, privacy
and security issues, legal compliance, and research integrity
issues, it does not raise any ethical concerns.
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Technical Appendices and Supplementary Material

The whole appendix is structured in the following manner. In Appendix A, we provide the necessary aspects for reproducible
results with an anonymous repository link. In Appendix B, we provide a comprehensive discussion of related work. In
Appendix C, we introduce the preliminary background of the problem. In Appendix D, we conduct formal analysis on the
latent knowledge fragility with representation drift. In Appendix E, we present the detailed implementation and extension of
our component-wise replacement unlearning. In Appendix F, we provide the supplementary experimental results.

A. Reproducibility Statement

We will summarize our code repository and release it to public soon to enhance the reproducibility of our experimental
results. Below we summarize critical aspects to facilitate reproducible results:

• Datasets.The unlearning benchmarks (e.g., TOFU (Maini et al., 2024) and MUSE (Shi et al., 2024a)) we used are all
publicly accessible, which is introduced in Section F.1 and Appendix F.2.

• Assumption. Following the previous work, we set our experiments to a tuning scenario where a well-trained LLM is
available that trained on target data or contain speci�c knowledge.

• Open source.The code repository will be released, which is developed upon OpenUnlearning (Dorna et al., 2025).

• Environment. All experiments are conducted with multiple runs on NVIDIA-A100-80GB GPUs with Python 3.11 and
PyTorch 2.4.1. More detailed requirements can also be found in the environment descriptions in our aforementioned
source codes.

B. Detailed Related Work

In this section, we discuss related work from several aspects, including LLM unlearning, mechanistic interpretability of
transformers, representation geometry and concept intervention, as well as model merging and representation alignment.

Figure 5.Out method achieves a better trade-offbetween
forget quality and model utility than previous methods.

LLM Unlearning. Machine unlearning seeks to remove spe-
ci�c information from a trained model without full retraining. In
classic settings, early works focused on algorithmic formulations,
ef�ciency, and auditability mainly in classi�cation models. Specif-
ically, they introduced exact unlearning in convex models (Gi-
nart et al., 2019), certi�ed data removal (Bourtoule et al., 2021),
gradient ascent-based forgetting (Thudi et al., 2022b;a; Sekhari
et al., 2021), and also broader surveys (Bourtoule et al., 2021) that
summarized challenges and approaches. With the rise of LLMs,
recent efforts have shifted toward scalable and reliable unlearning
approaches, such as Negative Preference Optimization (Zhang
et al., 2024; Fan et al., 2024) (derived from Direct Preference
Optimization (Rafailov et al., 2023)), loss adjustment (Wang et al.,
2025c;b;a), and neural activation redirection (Shen et al., 2025).
The emerging research direction is important for ensuring the safe
deployment of foundation models (Li et al., 2024; Liu et al., 2025).
Several works also propose various benchmarks with different evaluation metrics such as TOFU (Maini et al., 2024),
MUSE (Shi et al., 2024a), and the uni�ed framework of OpenUnlearning (Dorna et al., 2025). However, most existing
methods operate on the level of gradients or loss terms for objective-level adjustment, lacking understanding on how target
knowledge is encoded within the model. Our work departs from previous work by treating the LLM internals itself as a
functional composition of modular units. By introducing the selective patching approach, we uncover a layer-wise map of
knowledge fragility that bene�ts preserving core functionalities under unlearning for the inherent target trade-off.

Mechanistic Interpretability of Transformers. Transformer models exhibit distinct functionalities across layers. Probing
studies and patching experiments have revealed the localization of factual knowledge in intermediate feedforward modules.
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Recent progress in mechanistic interpretability has advanced our understanding of how transformer models encode, process,
and reuse information internally. The seminal work on induction heads (Olsson et al., 2022) identi�es speci�c attention
patterns responsible for in-context learning by modeling token repetition dynamics. Building on this, (Yin & Steinhardt,
2025) further disentangles the contribution of different attention heads to in-context capabilities, revealing layer- and
task-speci�c specialization. Broader reviews such as (Bereska & Gavves, 2024; Räuker et al., 2023) systematize techniques
for probing and attributing functional roles to components within deep networks, emphasizing their importance for AI safety
and transparency. Extending mechanistic approaches to multimodal settings, (Bhalla et al., 2024) introduces sparse linear
concept embeddings to interpret internal representation space of pre-trained vision language model, while (Parekh et al.,
2024) proposes a general concept-based explainability framework for large vision-language models. Together, these works
underscore the growing interest in aligning internal model mechanisms with human-interpretable abstractions across both
language and multimodal domains. Unlike prior methods focus on understanding the speci�c mechanism functionality of
single component, our technique provides an actionable decomposition of the model in terms of unlearning performance
trade-offs, offering a new perspective on knowledge fragility for different layers.

Representation Geometry and Concept Intervention. LLM representations are highly entangled and complex. Exploring
the representation geometry has gained increasingly attention recently in order to understand the role of LLM internals in
concept encoding and intervention. The linear representation hypothesis has emerged as a central perspective, positing that
abstract concepts are embedded in approximately linear subspaces within model activations (Park et al., 2023; Nguyen
& Leng, 2025). Several works have explored the geometry of these representations in general latent space, revealing
structured manifolds associated with syntax and hierarchy (Park et al., 2024; Valeriani et al., 2023; Li et al., 2025; Skean
et al., 2025). Probing intermediate layers has shown that key information is often concentrated in speci�c layers and
dimensions, motivating both analysis and control strategies (Skean et al., 2024). On the intervention side, recent works
such as activation addition and contrastive activation engineering (Panickssery et al., 2023; Turner et al., 2023b;a; Bayat
et al., 2025) demonstrate the ability to steer model outputs by modifying internal activations, particularly in sparse or
localized directions. These approaches are complemented by inference-time interventions (Li et al., 2023) and concept-based
representation learning frameworks (Rajendran et al., 2024), which aim to manipulate model behaviors via interpretable
latent directions. In contrast, our component-wise replacement unlearning focuses not on steering outputs through activation
modi�cation, but on isolating and quantifying the functional contribution of different model components. Rather than
searching for explicit concept vectors or sparse directions, our method reveals implicit knowledge fragility for preserving
utility under unlearning, offering a complementary approach rooted in architectural dissection rather than intervention.

Model Merging and Representation Alignment. As neural networks become increasingly modular and over-
parameterized, aligning and integrating their internal representations has emerged as a crucial problem for knowledge
composition and transfer. Recent research on model merging and representation alignment has explored how neural networks
encode and align information across different tasks and modalities. Early foundational work revisited the similarity of neural
network representations (Kornblith et al., 2019), introducing metrics like CKA to quantify alignment in learned features.
Building on this, studies such as (Sucholutsky & Grif�ths, 2023; Sucholutsky et al., 2023; Oktar et al., 2023; Boggust et al.,
2025) compare model representations with human conceptual spaces, revealing the bene�ts of aligning abstractions for
improved generalization and interpretability. Recent works have proposed methods for latent space translation (Maiorca
et al., 2023) and zero-shot communication (Moschella et al., 2023), leveraging relative or semantic alignment to facilitate
knowledge transfer across models. Furthermore, a series of efforts target model merging through structured alignment:
(Wang et al., 2024) highlights the importance of identifying task-relevant subspaces for merging, while (He et al., 2024)
proposes sparse, component-wise arithmetic to achieve ef�cient fusion across model variants. Our component-wise replace-
ment unlearning differs from these approaches by focusing not on merging models to aggregate or transfer capabilities, but
on isolating and suppressing speci�c knowledge.
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C. Background and Motivation

In this part, we introduce preliminary background of LLM unlearning and our layer-wise model patching.

Problem Setup for LLM Unlearning. We consider a pre-trained auto-regressive LLMf � with the model parameters
� , which recursively estimates the probability distribution of the next tokenp(�js; � ) given the input sequences =
[s1; s2; � � � ; sj sj ]. The model is assumed to be trained on a web-sourced corporaDw = f s1; s2; � � � ; sn gwith the negative log-

likelihood (NLL) loss function of� logp(s; � ), wherep(s; � ) =
Q j sj

i =1 p(si js1:i � 1; � ) indicates the product of conditional
probability for each token given the pre�xs1:i � 1. LLM unlearning (Yao et al., 2023b; Maini et al., 2024; Liu et al., 2025)
refers to a post-training paradigm that removes undesirable knowledge from the original models. Speci�cally, we are given
a forget setDt = f s1

t ; s2
t ; � � � ; sm

t g that includes the data targeted to be erased, where usuallym � n.

Primary Goal and Tradeoff. The goal of LLM unlearning is to construct a modi�ed modelf � u that suppresses the
undesired knowledge associated with forget setDt (referred toremoval), while preserving the model performance on the
remaining dataDr = DwnDt (referred toretention). Due to the complexity and versatility of LLM (Gratta�ori et al., 2024;
Achiam et al., 2023), the speci�c evaluation of unlearning also covers a wide range of aspects such as memorization (Carlini
et al., 2023a), exploration (Maini et al., 2024), and coherency (Liu et al., 2025). To ease our discussion, we mainly follow
TOFU (Maini et al., 2024) focuing on two comprehensive metrics:

• Forget Quality (FQ) measures how effectively an LLM forgets speci�c information. It assesses the similarity between
the outputs of an unlearned model and a retain model (trained withoutDt) on the target data, which is quanti�ed using
statistical tests like the Kolmogorov-Smirnov test (Massey Jr, 1951).

• Model Utility (MU) evaluates the unlearned LLM performance on data it was intended to retain. It ensures that the
unlearning does not degrade the model's overall capabilities, and is calculated as the harmonic mean of various metrics on
the retain set, such as accuracy, factuality and truthfulness.

We leave more metric details in Appendix F.2. The inherent tradeoff between removal and retention is evident in Figure 5
and also revealed in previous works (Maini et al., 2024; Wang et al., 2025b;c), e.g., unlearning methods increase FQ by
effectively forgetting targeted information, but often inadvertently reduce MU, impairing the model's performance on
retained knowledge, which is a primary challenge in the area of research.

Representative Unlearning Methods: GA (Yao et al., 2023b) and NPO (Zhang et al., 2024).There are various advanced
methods (Wang et al., 2025c; Zhang et al., 2024; Fan et al., 2024) on objective design for unlearning, which are mainly based
on two representative approaches for erasing knowledge. The �rst is Gradient Ascent (GA), a fundamental method in LLM
unlearning that directly minimizes the log-likelihood of target data viaL GA(Dt; � ) = 1

n

P
s2D t

logp(s; � ): To re�ne the
objective of GA for mitigating the excessive unlearning (Maini et al., 2024) that can easily disrupt the whole LLM, Negative
Preference Optimization (NPO) derives an variant from DPO (Rafailov et al., 2023) to perform an instance-reweighted

unlearning, following the objective asL NPO(Dt; � ) = 1
n

P
s2D t

2
� log

�
1+

�
p(s;� )

p(s;� orig)

� �
�
. A series of later methods focus on

objective-level developments by adding regularization on non-target data (Maini et al., 2024), token-wise reweighting (Wang
et al., 2025b), and gradient recti�cation (LeCun et al., 1998), while the impact on latent knowledge is underexplored for the
trade-off.

Layer-wise Model Patching. To isolate and explore the effects of unlearning at the internal of LLM, we introduce a
layer-wise model patching approach. Previous studies in other domains like representation geometry (Park et al., 2024;
Skean et al., 2024; 2025; Nguyen & Leng, 2025) and mechanism interpretability (Bhalla et al., 2024; Räuker et al., 2023;
Yin & Steinhardt, 2025) (further discussed in Appendix B) have shown that the transformer-based models encodes distinct
types of linguistic and conceptual information across the model. Given the original modelf � and an unlearned modelf � u,
we de�ne a hybrid reference model (see De�nition 2.2 for a formal version)f �

� r that selectively inherits layers fromf � u:

f �
� r (x) = f (L )

� � � � � � f ( l 2 � )
� u � � � � � f (1)

� (x), where� � [1; � � � ; L ] indicates the model parameter of which layer comes
from the unlearned model. This formulation allows us to empirically assess the in�uence of each layer under unlearning by
evaluating the retention and removal performance under controlled layer substitutions. It is also straightforward to extend to
other components (e.g., attention head, MLP or others) of the LLM as well. In this work, we mainly study layer-wise patching
in light of two considerations: 1) the layer serves as a proper model deconstruction unit with a small search space compared
to more �ne-grained choice, e.g., there are 32x more attention heads than layers in the LLama3.2-1B-instruct (Vaswani et al.,
2017); 2) it is more architecture-agnostic and naturally aligns with the modularity of models for knowledge abstraction.
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D. Formal Analysis of Latent Knowledge Fragility

Here we present the formal analysis that consider the representation drifts with latent knowledge fragility in the context
of LLM unlearning with the Centered Kernel Alignment (Kornblith et al., 2019). The following proposition based on the
linear representation hypothesis (Park et al., 2023; 2024; Tigges et al., 2023) relates the latent knowledge fragility with the
representation drifts, which is also empirically veri�ed in Figure 3.

Assumption D.1(Linear Concept Subspace). There exists a projection matrixPc 2 Rd� k , with k � d, that extracts a
latent concept-relevant subspace, such that the model output is approximated by:

f � (x) � W >
c P>

c � ` (x) + b

whereWc 2 Rk is the linear readout for the concept.

Proposition D.2(Low CKA on Concept Subspace Implies High Fragility). Let � orig
` ; � unlearn

` 2 Rn � d denote the centered
hidden representations at layer` for a retained datasetDretain before and after unlearning, respectively. De�ne the concept-
subspace representations as:Z orig := � orig

` Pc; Z unlearn := � unlearn
` Pc 2 Rn � k . Let the linear CKA similarity betweenZ orig

andZ unlearn be:

CKAc :=
kZ orig>

Z unlearnk2
F

kZ orig> Z origkF � kZ unlearn> Z unlearnkF

Then the average output shift due to unlearning at layer` satis�es:

1
n

nX

i =1






 f unlearn

� (x i ) � f orig
� (x i )








2

2
� k Wck2

2 �
�

� orig
c

2 + � unlearn
c

2 � 2
p

CKAc � � orig
c � � unlearn

c

�

where� orig
c

2 := 1
n kZ origk2

F , and similarly for� unlearn
c .

Proof. From the linear concept subspace assumption, we have

f � (x i ) � W >
c P>

c � ` (x i ) = W >
c zi wherezi := P>

c � ` (x i );

then the output shift is,

kf unlearn(x i ) � f orig(x i )k2
2 = kW >

c (zunlearn
i � zorig

i )k2
2 = kWck2

2 � kzunlearn
i � zorig

i k2
2;

and we average all the output shift as,

1
n

nX

i =1

kf unlearn(x i ) � f orig(x i )k2
2 = kWck2

2 �
1
n

kZ unlearn� Z origk2
F :

Then we expand the Frobenius norm,

kZ unlearn� Z origk2
F = kZ unlearnk2

F + kZ origk2
F � 2Tr(Z orig>

Z unlearn);

and we can bound the trace via CKA,

Tr(Z orig>
Z unlearn) � k Z orig>

Z unlearnkF �
p

CKAc � kZ origkF � kZ unlearnkF :

Finally we can get the results,

1
n

nX

i =1

kf unlearn(x i ) � f orig(x i )k2
2 � k Wck2

2 �
�

� orig
c

2 + � unlearn
c

2 � 2
p

CKAc � � orig
c � � unlearn

c

�
;

the proof is complete.
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E. Component-wise Replacement Unlearning: Implementation and Extension

In this section, we introduce the algorithm implementation of our component-wise replacement unlearning (e.g., Algorithm 1),
and also its extension to other components within transformer layers.

Algorithm 1 Component-wise Replacement Unlearning (CRU)
Require: Original model� orig , target model� new , top-k replacement countk, component-wise partitioner� , score functions

SMU and SFQ, component type: layer (for example) or others
Ensure: Patched model� �

1: Initialize index setI layer = [ L ] and patching vector�  0 2 f 0; 1gjI layerj

2: for all l 2 I layer do
3: Compute SMU(l ) and SFQ(l ) according to Eq. 1
4: end for
5: Compute ranksTMU(l ) from sorting SMU(l ) in descending order
6: Compute ranksTFQ(l ) from sorting SFQ(l ) in descending order
7: for all l 2 I layer do
8: Compute scoreM (l) = TMU(l ) + TFQ(l )
9: end for

10: Select top-k layers with smallestM (l) to form I select

11: for all l 2 I selectdo
12: Set� l  1
13: end for
14: for all I 2 I layer do
15: if � I = 0 then
16: Set(� � )I  (� orig )I

17: else
18: Set(� � )I  (� new )I

19: end if
20: end for

We summarize the implementation of CRU in Algorithm 1 with the following restated de�nition of key factors for a detail
presentation. We �rst present a general de�nition and then shift our focus to the layer-wise case. For an integern > 0, we
let [n] := f 1; 2; : : : ; ng and we have the following de�nition.

De�nition E.1 (Component-wise partitioner). Let A be a network architecture with parameter space� � RD , and let
I be an arbitrary �nite set. Acomponent-wise partitioneris a function� : I ! [D ] such that� (I ) \ � (I 0) = ? for any
I; I 0 2 I such thatI 6= I 0. We callI theindex setof � andjIj thesizeof � . For a �xed � , we let� ( I ) = ( � i ) i 2 I denote all
components of� associated with indexI .

Then we can de�ne the replacement operation as a kind of modular-based model patching as follows.

De�nition E.2 (Patched model). Given two parameters� orig ; � new 2 � and apatching vector� 2 f 0; 1gI , we de�ne the
patched parameter� � in the following component-wise manner:

(� � )I = ( � orig )I ; If � I = 0; otherwise; (� � )I = ( � new )I : (4)

i.e., � I = 0 denotes that� � takes the same values as� orig at componentI , whereas� I = 1 denotes that� � takes the same
values as� new at componentI .

Finally we can calculate the newly de�ned score and take the top-k layer index as �nal� . In the layer-wise case, letA be a
transformer-based architecture of LLM with parameter� orig andL layers, thelayer-wise partitioner� layer has an index set
I layer = [ L ], and for anyl 2 I layer , � ( l ) denotes the parameters of thel-th layer. We have an unlearned LLM with parameter
� new with vector� to obtain a hybrid model� � . For example,L = 5 and� = [1 ; 0; 0; 0; 1] denote restoring the middle
three layers of parameter from the original model to the unlearned model. The problem then can be formulated as �nding a
� to achieve a highest score, e.g., FQ and MU for optimizing unlearning trade-off. In particular, by limiting usingk layers
from the unlearned model, we show a surprisingly simple solution through the newly de�ned score and take the top-k layer
index as �nal� .
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Figure 6.Forget quality regarding the components within transformer blocks.

Figure 7.Model utility regarding the components within transformer blocks.

De�nition E.3 (Patching Score via Sorted Indices). Given the index set of candidate layersI layer = [ L ], we de�ne the
patching scoreM (l) for each layerl 2 [1; L ] as the sum of its ranks in two sorted lists: one based on MU and the other on
FQ. LetTMU(l )=TFQ(l ) denote the rank index of layerl when all layers are sorted in descending order ofSMU(l )=SFQ(l ) as
Eq. 1. Then, the score is de�ned as:

M (l) = TMU(l ) + TFQ(l ): (5)

A lower M (l) indicates that the layer ranks highly in both model utility and forget quality, and is thus more favorable for
selection in layer-wise model merging under the top-k selection.

Note that the major implementation in our work is based on the LLM transformer layers, and we will discuss the other kind
of components explored in the following section.

E.1. Delving into Transformer Blocks

In our speci�ed layer-wise replacement, we regard each transformer block as a whole unit for analyze. Similarly, CRU
can be straightforwardly extended to other �ne-grained components such as the attention head, MLP, layernorm, or so
on. Taking the attention head as an example, assume each layer has the same numberH of attention heads per layer, the
attention-wise partitioner� head has an index setI attn = [ L ] � [H ], and for any(l; h) 2 H , � ( l;h ) denotes the parameters
associated with theh-th attention head in thel-th layer. We can also conduct attention-wise replacement.

In�uence of Patching on FQ and MU. To explore the �ne-grained in�uence in the internal of transformer blocks (e.g.,
layers), we conduct component-wise replacement on attention head, MLP, input/post normalization parts and summarize
the FQ and MU results of patching a single component (from the unlearned model, i.e., Llama3.2-1B, using NPO) to the
original model in Figures 6 and 7, respectively. We �nd that patching different MLPs shows similar trend on affecting both
FQ and MU revealed in our layer-wise replacement. In comparison, both input and post normalization has limited effects on
changing the validation performance of unlearning, while attention heads even show a (seems to be) “contrary” trend with
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Figure 8.Performance on FQ and MU of CRU with different components (e.g., attention heads, MLP, input/post normalization, and the
whole layer indicated by “all”), in which we can see CRU with MLP shows consistent trend with our initial focus on layer-wise patching.

Figure 9.In�uence of attention heads. Left: Forget Quality; Right: Model Utility.

the “U shape” in layer-wise, for which we further check the in�uence of each attention head in Figure 9. Compared to MLPs
or entire transformer layers, attention heads exert much weaker in�uence on unlearning, suggesting their limited relevance in
revealing stored knowledge fragility. This distinction is further illustrated in Figure 8, where we evaluate the component-wise
replacement under varyingk. The results show that both MLP-only and full-layer replacements yield similar trends in FQ
and MU. In contrast, input/post-normalization have negligible effects on performance, while attention-head replacement
displays a divergent trend in FQ and fails to match the performance gains achieved by MLP or full-layer replacements.

Conjecture on different functionality. For the empirical observation, we conjecture that the degree to which a transformer
component contributes to knowledge fragility under unlearning may aligned with its functional role in representation
transformation and retention. Speci�cally, MLP that are primarily responsible for transforming and re-encoding intermediate
representations, exhibit higher sensitivity to unlearning updates and stronger in�uence on both FQ and MU. In contrast,
normalization layers (like the input and post norm) primarily serve a stabilizing role and contribute minimally to information
encoding, leading to negligible effects under component-wise replacement. Attention heads, while crucial for information
routing, appear to distribute in�uence across layers and heads, resulting in weaker and sometimes inconsistent effects
on unlearning performance when manipulated in isolation. Although we can hardly �nd some general pattern on the

14



On the Fragility of Latent Knowledge: Layer-wise In�uence under Unlearning in Large Language Model

Figure 10.Normalized deviation on LLM's inclines to some high-level concepts.

performance change regarding attention heads in Figure 9, we reveal its unique functionality on affecting high-level concepts
later.

Attention heads with high-level concepts.In Figure 10, we plot the normalized deviation on LLM's inclines (calculated by
output probability) to some high-level concepts (such as coordinate, corrigible, hallucination, refusal in (Perez et al., 2023))
and �nd that the attention heads in the middle layer induce signi�cant output deviation under unlearning, demonstrating the
unique functionality of attention heads on model representation corresponding to high-level concepts.

Speci�cally, the deviation metric in Figure 10 is calculated based on the probability differences between two options (A and
B) in a binary choice task. For each samplei , we de�ne:

� i =

(
p( i )

A � p( i )
B if ground truth isA

p( i )
B � p( i )

A if ground truth isB

wherep( i )
A ; p( i )

B are the predicted probabilities for options A and B calculated following (Panickssery et al., 2023). The �nal
deviation score is computed as the average of these individual differences:

Deviation=
1
N

NX

i =1

� i (6)
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