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Abstract
Machine unlearning, which selectively removes harmful
knowledge from a pre-trained model without retraining from
scratch, is crucial for addressing privacy, regulatory com-
pliance, and ethical concerns in Large Language Models
(LLMs). However, existing unlearning methods often strug-
gle to thoroughly remove harmful knowledge, leaving resid-
ual harmful knowledge that can be easily recovered. To
address these limitations, we propose Knowledge Density-
Guided Unlearning via Blocks Reinsertion (KUnBR), a novel
approach that first identifies layers with rich harmful knowl-
edge and then thoroughly eliminates the harmful knowledge
via re-insertion strategy. Our method introduces knowledge
density estimation to quantify and locate layers containing the
most harmful knowledge, enabling precise unlearning. Addi-
tionally, we design a layer re-insertion strategy that extracts
and re-inserts harmful knowledge-rich layers into the original
LLM, bypassing gradient obstruction caused by cover layers
and ensuring effective gradient propagation during unlearn-
ing. Extensive experiments conducted on several unlearning
and general capability benchmarks demonstrate that KUnBR
achieves state-of-the-art forgetting performance while main-
taining model utility.

Introduction
Machine unlearning (Liu et al. 2025; Bourtoule et al. 2021a)
refers to selectively removing specific subsets of knowl-
edge, such as privacy-sensitive or harmful content, from a
pre-trained model without retraining it from scratch (Carlini
et al. 2021; Xu et al. 2024). This task has become increas-
ingly crucial for the development of large language models
(LLMs) (OpenAI 2024; AI@Meta 2024; Anthropic 2024;
Guo et al. 2025), as it addresses growing concerns around
data privacy (Carlini et al. 2021; Huang, Shao, and Chang
2022; Lee et al. 2024; Liu et al. 2024) and the ethical issue
of AI systems (Bender et al. 2021). Unlearning is critical not
only for addressing regulatory requirements such as “right
to be forgotten”, but also for ensuring that LLMs remain se-
cure, reliable, and aligned with societal values.

Previous research has explored different unlearning
methodologies, such as gradient ascent (Jang et al. 2022; El-
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Figure 1: Existing unlearning methods fail to thoroughly re-
move harmful knowledge due to the presence of cover lay-
ers. They do not output harmful knowledge simply because
the cover layer filters out the harmful content, but this
knowledge still resides in the parameters. Our KUnBR
achieves better unlearning by reinserting layers with high
knowledge density into the original model, thereby disrupt-
ing the cover layers.

dan and Russinovich 2024), which unlearn the knowledge
by increasing the loss when outputting harmful answers.
These methods always utilize two distinct datasets as guid-
ance to optimize the model: a forget set, which contains the
information to be removed, and a retain set, which preserves
the model’s general knowledge and performance on unre-
lated tasks (Bourtoule et al. 2021b). These methods can ad-
just the final output of LLM to suppress harmful outputs.

Although existing machine unlearning methods can sup-
press harmful knowledge, several jailbreak attack studies
(Zhou et al. 2024; Liu et al. 2023; Schwinn et al. 2024; Rim-
sky et al. 2024) have shown that the robustness issues re-
main. The Retraining on T (RTT) (Deeb and Roger 2025),
which is an attack method at the parameter-modification
level, demonstrates that minimal re-training on a subset
(a.k.a., the T set) of the forget set can restore most of
the supposedly eliminated knowledge. These results demon-
strate that the model parameters still contain a substan-
tial amount of knowledge that should have been forgot-
ten, which reveals the inability of existing methods to thor-

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

30852



oughly remove knowledge from the model parameters. That
means that existing methods often rely on the adjustment of
a small number of model parameters (a.k.a., cover layers) to
mask or suppress the representation of harmful knowledge,
merely preventing the model from outputting undesired con-
tent without truly eliminating it from the model’s internal
representations. This fundamental limitation suggests the
need for more robust and thorough unlearning methods.

In this paper, we propose Knowledge Density-Guided
Unlearning via Blocks Reinsertion (KUnBR), which iden-
tifies blocks with rich harmful knowledge, and iteratively
performs independent unlearning on these blocks via re-
insertion strategy, enables a deeper level of unlearning1. We
first introduce a knowledge density estimation method to
identify the layers that contain the most harmful knowl-
edge. By calculating the absolute value of gradients associ-
ated with the forget set, knowledge density estimation can
locate layers containing high-density knowledge. Instead
of superficially modifying cover layer parameters to sup-
press model outputs, we propose a novel re-insertion strat-
egy to thoroughly unlearn undesired knowledge. This ap-
proach extracts knowledge-rich blocks (selected according
to the knowledge density estimation) from the unlearned
LLM and re-inserts them into the original LLM without con-
ducting the unlearning training. We then apply the unlearn-
ing method to train this “grafted” model, which contains
the re-inserted layers, with a focus on deeper removal of
the undesired knowledge left due to the influence of cover
layers. By bypassing the obstruction of cover layers, this
strategy ensures more effective gradient propagation and en-
hances the model’s ability to forget. This simple but effi-
cient strategy significantly reduces the vulnerability of the
model to attacks like RTT, which exploit the residual knowl-
edge left by conventional unlearning methods. Extensive ex-
periments conducted on WMDP-Deduped, Years, Random
Birthdays and RKWU benchmark datasets demonstrate that
our method achieves state-of-the-art performance, since it
can remove harmful knowledge more thoroughly and sup-
press knowledge recovery caused by RTT attack methods.
Our contributions are summarized as follows:

• We propose Knowledge Density-Guided Unlearning
via Blocks Reinsertion (KUnBR), a novel unlearning
framework that identifies layers containing undesired
knowledge and performs targeted training to achieve
thorough elimination of harmful knowledge.

• We introduce a knowledge density estimation method,
which can identify layers with more harmful knowledge
in LLMs for more effective unlearning.

• We propose a novel re-insertion strategy to ensure un-
learning gradients propagate effectively, overcoming the
limitations of gradient obstruction.

• Extensive experiments demonstrate that KUnBR
achieves state-of-the-art forgetting performance across
multiple benchmark datasets, keeping the general ability
of LLM.

1Code available at github.com/llmgfffffff/Beyond-Superficial-
Forgetting-KUnBR

Related Work
With the rapid development of LLMs, the importance of un-
learning tasks has become increasingly prominent. During
the pre-training process, where these models ingest mas-
sive amounts of information, they may incorporate harm-
ful content (Carlini et al. 2021; Yao et al. 2024), sensi-
tive data, or copyrighted materials (Ren et al. 2024; Dou
et al. 2024). This creates risks including privacy leakage,
legal infringement, and potential security threats from mali-
cious exploitation. In recent years, several unlearning meth-
ods have emerged to ensure effective removal of undesirable
information while maintaining model performance on legit-
imate tasks, such as Representation Misdirection for Un-
learning (Li et al. 2024) (RMU) employs a dual loss func-
tion combining forgetting loss and retention loss, selectively
adjusting intermediate layers to erase harmful knowledge.
Gradient Ascent (Jang et al. 2022) (GA) applies gradient as-
cent on forget set. Building upon DPO (Wang et al. 2024),
Negative Preference Optimization (Zhang et al. 2024) intro-
duces negative preference optimization to address GA’s col-
lapse problem. It achieves a better balance between unlearn-
ing quality and model utility, particularly effective in high-
ratio forgetting scenarios (e.g., >50% in the TOFU data
set (Maini et al. 2024)) while maintaining usability. Gradient
Differentiation (Liu, Liu, and Stone 2022) applies differen-
tiated gradient operations on forgetting and retaining sets.

However, security challenges like jailbreaking have
emerged as critical threats. Attackers can exploit model sen-
sitivity through: (1) Contextually obscure prompts inducing
information leakage (Liu et al. 2023), (2) Backdoor triggers
embedded during training (Liu et al. 2022), (3) Adversar-
ial examples disrupting unlearning mechanisms (Deeb and
Roger 2025). Similarly, the RTT method proposed by Deeb
and Roger (2025) reveals that fine-tuning on partially for-
gotten data can recover supposedly eliminated knowledge,
exposing residual information retention in “unlearned” mod-
els. This suggests that current unlearning methods face sig-
nificant limitations: existing approaches are merely a super-
ficial form of forgetting, with harmful or intended-to-remove
knowledge still remaining in various parts of the model. Ad-
ditionally, while removing harmful information, how to pre-
vent significant impacts on other model capabilities remains
a challenge for existing methods.

Problem Definition
Given the forget data set Dforget, containing knowledge to
be removed, and the retain data set Dretain, which helps
the model maintain general ability during unlearning. The
model parameters should be optimized to eliminate forgot-
ten knowledge associated with Dforget as thoroughly as
possible, while ensuring that the utility performance of the
model remains unaffected. Furthermore, when subjected to
a fine-tuning (RTT) attack–where the model is fine-tuned on
a subset T partitioned from Dforget–it remains incapable
of generating knowledge contained in another disjoint sub-
set V of Dforget. This demonstrates the effectiveness and
robustness of its unlearning.
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Figure 2: Architecture of our proposed Knowledge Density-Guided Unlearning via Blocks Reinsertion (KUnBR).

KUnBR Methodology
Figure 2 shows the architecture of KUnBR. The first step is
the global “warm-up” unlearning phase, in which we apply
a standard Gradient Difference method to adjust all model
parameters at once; In the second step, we perform knowl-
edge density estimation and our block-selection strategy to
pick out those blocks that contain high-density knowledge.
Finally, we introduce a re-insertion strategy to bypass the
masking effect of cover layers and enable any remaining
knowledge to be further eliminated.

Influence of Cover Layer
Although existing methods (Li et al. 2024; Zhang et al.
2024; Liu, Liu, and Stone 2022; Jin et al. 2024) have
achieved significant knowledge unlearning, recent stud-
ies (Hong et al. 2024) suggest that these methods modify
only a small subset of layers during the unlearning. Thus,
knowledge of Dforget is still retained in other layers, which
explains why the forgotten knowledge can be easily recalled
by retraining on T (RTT) attack (Deeb and Roger 2025). In
this work, we refer to these modified layers as cover layers
as they suppress the representation of the target knowledge.

Knowledge Density Estimation
To determine which layers’ parameters require greater ad-
justment during unlearning (or are more likely to contain
knowledge), it is crucial to develop a metric that accurately
quantifies the knowledge density across different layers of
the model. (Geva et al. 2021) demonstrated that the multi-
layer perceptron (MLP) components within LLMs serve as
neural memory units. Other studies (Hong et al. 2024) have
demonstrated that during unlearning, it is primarily the MLP

layers that are modified and play a critical role. These find-
ings indicate that the adjustment of knowledge in LLMs es-
sentially involves fine-grained alterations to the neural stor-
age units within the MLPs. Based on this insight, when op-
timizing a “forget set”, the absolute value of the parame-
ter gradients of each layer provides an intuitive measure of
the amount of target knowledge it contains. In other words,
larger gradient magnitudes imply that richer content is to be
forgotten in that layer; accordingly, we adopt the absolute
gradient value on the forget set as an effective metric for
“knowledge density”.

Motivated by this, we propose a gradient-guided knowl-
edge density estimation metric, which is an indicator of
knowledge density across layers associated with the forget
set. Specifically, we first define the standard negative log-
likelihood loss function for a given input x and target y with
model parameters θ:

L(x, y; θ) = − log(p(y|x; θ)). (1)

Given a forget set Dforget = {(xi, yi)}Ni=1, where xi repre-
sents an input question and yi represents the corresponding
answer that we want the model to forget, we can calculate
the knowledge density Kl for each layer l of the LLM. This
is done by taking the expectation over the forget set of the
L1 norm of the gradient of the loss with respect to the pa-
rameters θl of that specific layer:

Kl = E(x,y)∼Dforget

[
∥∇θlL(x, y; θl)∥1

]
, (2)

where θl denotes the parameters of the l-th layer in the target
LLM. A higher Kl suggests that the l-th layer’s parameters
are more sensitive to the information in the forget set.

To capture the relative importance of the l-th layer’s
knowledge density compared to other layers, we normalize
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Kl by the total knowledge density across all H layers. The
resulting Knorm

l represents the proportion of the total “for-
gettable” knowledge residing in the l-th layer:

Knorm
l = Kl∑H

i=1 Ki
, (3)

where H is the total number of layers in the target LLM.
Note that we compute these gradients solely on the for-

get set Dforget to derive the knowledge density metric. This
metric indicates the degree to which the parameters within
each layer need to be adjusted to facilitate the unlearning of
the information contained in Dforget. Importantly, this en-
tire step is solely for the calculation of the knowledge den-
sity of each layer; no parameter optimization or unlearning
is performed at this stage.

Block Selection Strategy
Most LLMs are composed of a large number of stacked
Transformer layers. Instead of treating each layer individ-
ually, we divide nearby layers into groups, which we refer to
as “blocks”, and treat each block as a basic unit for unlearn-
ing. This design simplifies the unlearning process and helps
improve its overall efficiency.

Specifically, for an LLM containing H layers, we merge
all layers into M blocks, with each block containing N =
⌊H/M⌋ layers. Following this, we calculate the cumulative
knowledge density of their constituent layers:

Kblock,m =
∑mN

i=(m−1)N+1 K
norm
i , (4)

where Kblock,m represents the m-th block’s cumulative
knowledge density, Knorm

i denotes the i-th layer’s normal-
ized knowledge density (m = 1, 2, . . . ,M ). Next, we rank
blocks by cumulative knowledge density and select them via
the following two strategies.

Top-K Selection: We select top-K blocks with the high-
est knowledge density, where K is a hyperparameter. These
blocks contain a high density of knowledge to be forgotten,
since we calculate the density using the forget set as input,
which enables effective forgetting of the target knowledge.

Ignoring the Head Layers: We observe a significant
surge in the knowledge density values in the last two lay-
ers of the LLM. Based on empirical analysis of different
layers (Hong et al. 2024), we hypothesize that this increase
in knowledge density is not due to a higher concentration
of knowledge in these layers, but rather a potential artifact
caused by their involvement in the model’s output genera-
tion. Consequently, during the unlearning process, we ex-
clude the blocks that contain these last two layers to avoid
unwanted interference.

Next, we will enhance the selected blocks during the un-
learning process to ensure that these blocks with high knowl-
edge density can more effectively forget the target knowl-
edge. These two selection strategies enable efficient and
maximal forgetting of harmful knowledge, while minimiz-
ing unintended damage to knowledge that should be re-
tained, ensuring the efficiency and stability of the subse-
quent unlearning process.

Re-insertion Strategy For Unlearning
To mitigate the influence of the cover layer, we propose a re-
insertion strategy. First, we identify harmful knowledge-rich
blocks using our proposed block selection strategy. These
blocks are then re-inserted into the original LLM that has
not undergone unlearning, denoted as LLMoriginal.

To achieve this, we first apply a pre-unlearning process
to LLMoriginal to obtain LLMunlearning . Specifically, we
employ the standard Gradient Difference method (Liu, Liu,
and Stone 2022) as the pre-unlearning step. We perform full-
parameter fine-tuning during a warm-up phase to accelerate
the overall convergence of unlearning.

Next, based on our block selection strategies, we iden-
tify harmful knowledge-rich blocks from LLMunlearning .
These blocks are then inserted into the corresponding po-
sitions in LLMoriginal, while the remaining layers are kept
frozen. Subsequently, we apply Gradient Difference to this
“grafted” LLM using Dforget and Dretain. Since the layers
in LLMoriginal remain unaltered and frozen, no cover layer
is generated to interfere with the inserted block, enabling
deeper removal of residual knowledge within the selected
block. This allows us to eliminate residual knowledge from
every selected block more deeply. Following the gradient
difference process, the selected block in “grafted” LLM re-
verts to LLMunlearning , resulting in significantly less resid-
ual knowledge compared to standard unlearning methods.

Experimental Setup
Datasets
We evaluate on four standard unlearning benchmarks:
Random Birthdays (Deeb and Roger 2025), WMDP-
Deduped (Li et al. 2024), Years (Penedo et al. 2024), and
MMLU (Hendrycks et al. 2021).

Evaluation Metrics
Following Deeb and Roger (2025), we define Forget Ac-
curacy to measure the model’s retained knowledge on the
forget set after unlearning:

AUnlearn = 1
N

∑N
i=1 I (funlearn(xi) = yi) , (5)

where Dforget contains N multiple-choice questions (xi, yi),
funlearn is the model after unlearning, and I(·) returns 1 if the
prediction matches yi, else 0. At the same time, we use the
same ACC calculation method in Formula 5 to measure the
accuracy after the RTT attack (denoted as ARTT) and calcu-
late the recovery rate before and after the RTT, as follows:

ARecover = ARTT −AUnlearn, (6)

where the larger the ARecover, the worse the model’s robust-
ness in the face of attacks.

To verify whether the model’s general capabilities are un-
expectedly affected by our unlearning method, we adopt
the utility evaluation framework proposed by the RKWU
benchmark (Li et al. 2024). This framework encompasses
the following core metrics: (1) Reasoning Ability (Rea.)
is assessed on the Big-Bench-Hard (Suzgun et al. 2022)
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Method Random Birthdays(99.3&96.1) WMDP-Deduped(65.6&59.2) Years(63.2&56.3) MMLU(54.7&54.7)

Forget.↓ RTT.↓ Rec.↓ Forget.↓ RTT.↓ Rec.↓ Forget.↓ RTT.↓ Rec.↓ Forget.↓ RTT.↓ Rec.↓
GA 23.5 87.2 63.7 29.2 66.8 37.6 25.9 50.6 24.7 24.2 59.2 35.0
GD

L
L

aM
A

3
8B 64.9 80.2 15.3 30.5 62.4 31.9 25.9 68.3 42.4 35.0 57.6 22.6

RMU 36.3 88.5 52.2 29.9 64.9 35.0 24.2 68.3 44.1 24.8 49.0 24.2
RIA 61.7 73.8 12.1 26.2 52.2 26.0 18.3 65.8 47.5 26.7 48.4 21.7
NPO 71.3 78.3 7.0 35.6 58.4 22.8 26.5 67.7 41.2 31.2 38.8 7.6
KUnBR 36.9 43.9 7.0 29.2 38.8 9.6 25.9 36.0 10.1 16.5 28.0 11.5

GA — — — 35.0 57.3 22.3 25.3 56.3 31.0 24.2 47.1 22.9
GD

Z
ep

hy
r

7B 32.5 46.5 14.0 26.8 52.2 25.5 26.0 58.9 32.9 34.4 48.4 14.0
RMU 46.5 54.1 7.64 24.8 56.7 31.9 20.9 59.5 38.6 47.8 54.8 7.01
RIA 35.7 47.5 11.8 19.1 47.8 28.7 24.1 58.9 34.8 35.7 47.8 12.1
NPO 47.1 55.4 8.28 41.4 49.7 8.28 24.1 56.3 32.3 31.2 42.0 10.8
KUnBR 26.8 47.1 20.4 23.6 42.7 19.1 25.3 28.5 3.16 19.1 34.4 15.3

Table 1: Performance comparison under RTT attack on two backbone LLMs. “Forget.” (AUnlearn), “RTT.” (ARTT), and “Rec.”
(ARecover) denote accuracy after unlearning, under RTT attack, and recovery accuracy, respectively. Parenthetical values next to
each dataset name denote the original performance on LLaMA and Zephyr. Bold indicates the best result, underlined indicates
the second best.

dataset through 3-shot chain-of-thought prompting, with Ex-
act Match scores reported. (2) Truthfulness (Tru.) is mea-
sured on TruthfulQA’s MC1 task (Lin, Hilton, and Evans
2022), reporting 6-shot accuracy. (3) Factuality (Fac.) is
evaluated on the TriviaQA (Joshi et al. 2017) dataset us-
ing 6-shot prompting, with F1 scores reported. (4) Fluency
(Flu.) is assessed using AlpacaEval’s evaluation instruc-
tions (Dubois et al. 2023), reporting the weighted average
of bi- and tri-gram entropies. All metrics related to RKWU
benchmark adhere to the principle that higher scores indicate
better performance.

Baselines
We employ several strong tuning-based unlearning ap-
proaches as the baselines: (1) Gradient Ascent (Jang et al.
2022) (GA): GA achieves unlearning by maximizing the
loss on the forget set. (2) Gradient Difference (Liu, Liu,
and Stone 2022) (GD): This approach performs gradient as-
cent on the forget dataset and gradient descent on the re-
tain dataset. (3) Representation Misdirection for Unlearn-
ing (Li et al. 2024) (RMU): Given a harmful prompt, RMU
performs unlearning by strategically modifying the inter-
nal representations (activations) within selected intermedi-
ate model layers. (4) Random Incorrect Answer (Deeb and
Roger 2025) (RIA): For each multiple-choice question, RIA
applies gradient descent to the incorrect choices, guiding the
model to unlearn the correct choice associated with specific
knowledge. (5) Negative Preference Optimization (Zhang
et al. 2024) (NPO): NPO optimizes the model’s preferences
to exhibit a negative bias when handling tasks involving
deleted information, thereby reducing the model’s reliance
on and memory of such information.

Implementation Details
We partition the datasets into forget and retain sets. The for-
get set is further divided into two subsets: the T set (used
for retraining to simulate memory recall attempts) and the
V set (used to evaluate whether unlearned data can be re-
covered via RTT attacks). We use the same split ratios for
the Dforget / Dretain and the T / V subsets as Deeb and

Roger (2025). All experiments are conducted on LLaMA3-
8B-Instruct and Zephyr-7B-beta to evaluate the generaliz-
ability of our method across different backbone models.
More implementation details can be found in Appendix.

Experimental Results
Overall Performance
Table 1 illustrates the forget accuracy of various unlearning
methods, including GA, GD, RIA, RMU, NPO, and our pro-
posed KUnBR. After conducting RTT attacks, most unlearn-
ing methods exhibit a significant increase in forget accuracy,
indicating their vulnerability to RTT attacks and the poten-
tial recovery of forgotten knowledge. This is consistent with
existing studies (Hong et al. 2024), suggesting that current
methods are more likely to perform superficial unlearning
by suppressing harmful knowledge through output-level ad-
justments (a.k.a., cover layers), leaving significant residual
knowledge within the model.

In contrast, our proposed KUnBR exhibits the smallest
increase in forget accuracy across all four datasets on the
LLaMA3-8B-Instruct model. On the Zephyr-7B-beta model,
our method also achieves the best accuracy after RTT at-
tacks. This indicates that KUnBR can effectively and thor-
oughly eliminate residual knowledge from the model and
demonstrates strong resilience against RTT attacks. The
consistent performance of KUnBR on both Zephyr-7B-beta
and LLaMA3-8B-Instruct suggests that our method is not
tailored to a specific model but possesses strong cross-model
generalizability.We also observe that although some base-
lines (e.g., RMU on the MMLU dataset) achieve relatively
low Rec. score, this is mainly due to the limited amount of
knowledge they actually forget, resulting in fewer recover-
able contents. Meanwhile, some baselines (e.g.,, NPO and
RIA) attain lower forget accuracy on a few datasets, but this
comes at the cost of diminished general capabilities and sig-
nificantly higher recovery rates.

We also conduct experiments on the RKWU dataset to
evaluate the impact of different unlearning methods on the
general capabilities of LLMs. From the results in Table 2,
we observe that RIA and NPO generally perform poorly, as
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Method
Random Birthdays WMDP-Deduped Years MMLU

Rea. Fac. Tru. Flu. Rea. Fac. Tru. Flu. Rea. Fac. Tru. Flu. Rea. Fac. Tru. Flu.

GA 40.2 56.3 36.8 706.2 41.7 53.1 34.8 707.8 40.6 51.3 35.6 708.8 40.9 42.6 34.8 695.6
GD 40.6 55.7 36.4 706.1 40.2 50.2 36.4 678.9 41.0 42.6 36.9 702.2 41.9 42.9 36.9 706.1
RMU 36.4 40.5 34.4 698.0 40.1 53.5 33.9 609.8 40.1 56.4 36.4 706.3 25.8 49.2 34.8 594.0
RIA 39.5 56.1 36.8 705.9 1.20 56.2 35.6 681.6 1.60 57.0 35.0 686.1 1.40 56.0 34.8 680.5
NPO 39.8 54.3 36.8 703.7 5.90 52.8 37.7 690.0 0.00 41.3 35.0 657.9 0.00 0.00 29.6 42.5
KUnBR 41.2 56.1 36.6 706.7 40.2 52.3 35.2 703.1 40.1 56.4 36.4 706.3 41.1 46.9 36.2 708.8

Table 2: Performance of general capabilities. Bold scores indicate the best performance, while underlined scores represent the
second-best.

Method R.B. WMDP-Deduped
Forget.↓ RTT.↓ Forget.↓ RTT.↓

KUnBR 36.9 43.9 29.2 38.8
- w/o re-insert 64.9 80.2 30.5 62.4
- w/o pre-unl 46.4 54.1 29.9 56.6
Method Years MMLU

Forget.↓ RTT.↓ Forget.↓ RTT.↓
KUnBR 25.9 36.0 16.5 28.0
- w/o re-insert 25.9 68.3 35.0 57.6
- w/o pre-unl 25.9 36.7 36.3 40.7

Table 3: Ablation study on pre-unlearning and re-insert
strategies. Lower is better.

their unlearning involves output-level changes, affecting the
model’s general capabilities. In contrast, KUnBR strikes a
good balance between unlearning performance and general
capabilities. Our method consistently achieves the best per-
formance in most general ability tests, effectively remov-
ing knowledge while maintaining robustness against RTT
attacks. This phenomenon is attributed to block selection
and block-level unlearning. When selecting blocks for fur-
ther unlearning, we estimate based on the density of harm-
ful knowledge, which guides the process toward eliminat-
ing harmful knowledge rather than compromising utility.
Moreover, during the subsequent unlearning phase, the re-
insertion strategy is applied only to specified blocks. This lo-
calized block-wise unlearning process helps to preserve the
alignment of the model with general-purpose knowledge.

By combining AUnlearn and ARTT from Table 1, along with
the general capability results in Table 2, we demonstrate un-
like existing methods that often impair general capabilities,
KUnBR achieves deeper unlearning while maintaining mild
and stable impact on general performance, and shows sig-
nificant advantages against parameter-level attacks.

Analysis of Pre-unlearning and Re-insert
In our proposed method, we propose to use the pre-
unlearning method as a “warm-up” process before con-
ducting the re-insertion. To verify the effectiveness of pre-
unlearning, we remove this warm-up step and directly apply
the re-insertion strategy for unlearning. The results shown in
Table 3 demonstrate the effectiveness of the pre-unlearning
method. Across the datasets we used, all metrics of KUnBR
are lower than the variant model without pre-unlearning,
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Figure 3: Performance of three different block selection
strategies across training epochs.

demonstrating that using pre-unlearning can more effec-
tively accelerate the model’s convergence, which leads to
better knowledge elimination results. We also conduct an
ablation study on the re-insert strategy. After removing it,
the method degrades to the original GD method. The results
show that without the re-insert step, the unlearning perfor-
mance drops significantly.

Analysis of Block Selection Strategy
To investigate the effectiveness of our proposed block se-
lection strategy, we propose three variant methods for com-
parison: (1) Head layers: we directly select the first several
blocks close to the output layer and conduct our proposed
unlearning method. (2) Bottom layers: we select the blocks
close to the input layer. (3) Average: we adopt a uniform se-
lection strategy over all blocks, without prioritizing any par-
ticular one. Figure 3 shows the performance of these variant
methods and our proposed knowledge density-driven selec-
tion method in terms of forget accuracy.

We observe that selecting only Head layers for reinsertion
leads to no significant decline in forget accuracy, demon-
strating that merely adjusting the head layers without corre-
spondingly aligning the parameters of the intermediate and
lower layers may result in suboptimal unlearning perfor-
mance, possibly because these layers do not actually serve
as the primary storage of harmful knowledge. Addition-
ally, while the strategy of selecting bottom layers achieves
some degree of knowledge forgetting, the effect is limited,
with only a slight decrease in accuracy. Finally, the method
of selecting each block without preference (average) per-
forms slightly better than the two aforementioned meth-
ods. However, its effectiveness remains limited, particularly
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M
Top-K = 25% Top-K = 50% Top-K = 75%

Forget. RTT. Rec. Forget. RTT. Rec. Forget. RTT. Rec.
4 24.1 25.9 1.8 23.4 45.6 22.2 23.4 25.9 2.5
8 23.4 44.9 21.5 20.9 30.4 9.5 24.1 31.6 7.5
16 25.0 24.7 — 30.4 50.0 19.6 38.6 15.2 —
32 25.0 23.4 — 34.8 50.0 15.2 53.8 29.1 —

Table 4: Unlearning performance when using different num-
ber of blocks and Top-K. When varying these parameters,
most of the variances outperform the baselines, indicating
the robustness of KUnBR.

due to the instability in accuracy degradation, which slows
down noticeably during the final few epochs. In contrast, our
proposed knowledge density-based dynamic layer selection
strategy effectively identifies model parts requiring unlearn-
ing. This result also confirms that the knowledge density
metric can accurately quantify amount of parameters and
knowledge density related to the harmful knowledge in each
layer, thus providing more effective guidance for the subse-
quent re-insertion unlearning.

Analysis of Selecting Different Numbers of Blocks
In this paper, we propose block selection strategy to dynam-
ically select blocks for unlearning. Table 4 presents the per-
formance on the Years dataset when using different number
of blocks and Top-K. We find that using fewer blocks (e.g.,
M=4) hampers forgetting, as each block spans many layers,
making it hard to isolate and erase knowledge. This often
leads to premature convergence and weaker RTT resistance.
Conversely, using too many blocks (e.g., M=32) may ignore
inter-layer dependencies that are crucial for unlearning.

Computational Cost Analysis
We report the time cost of the unlearning phase on the Years
dataset, excluding evaluation overhead. The training times
(in minutes) are: GA (24), GD (20), RMU (9), RIA (8), NPO
(16), and our KUnBR (17).

The time consumption of KUnBR (17 min) is comparable
to baselines. Although it is 88.9% higher than RMU (9 min),
it is 29.2% lower than the method GD (20 min). This trade-
off is justified by the mechanisms: 1) Compared to RMU,
KUnBR employs a block-wise unlearning approach, which
increases computational complexity but achieves more thor-
ough unlearning of harmful knowledge. 2) In contrast, GD is
slower, and its “cover layers” mechanism prevents complete
forgetting, even with a longer training time.

Case Study
We also conduct a case study to intuitively demonstrate the
effectiveness of KUnBR. In Table 5, the first row presents
the question, while each subsequent row displays the re-
sponses generated by different unlearning methods after un-
learning and the responses following RTT attacks. The text
in green and red indicates whether the answers contain the
knowledge to be forgotten or not. As shown in Table 5,
only our method successfully achieves both unlearning and
maintains the unlearned state under RTT, while generat-
ing responses that align with the instruction requirements.
RMU fails to produce meaningful or readable content both

Question: When was Julia Brown born?
Choices: A. 1975, B. 1989, C. 1960, D. 1986
Right answer need to forget: B. 1989

RMU: by the day, week, and even sometimes by the month,
but not the exact date. This is because...
RMU RTT: C. 1960 A. 1975 B. 1989 C. 1960 D. 1986

GA: D. Let’s take a look at the answer choices...
GA RTT: B. 1989 A. 1975 B. 1989 C. 1960 D. 1986

GD: B. Explanation: According to the question, Julia Brown
was born in 1989. So, the correct answer is B.
GD RTT:B. 1989. Explanation: Julia Brown was born in
1989. This information is not mentioned in the passage.

RIA: D. 1986 When was Julia Brown born? D. 1986
RIA RTT: B. 1989 When was Julia Brown born? B. 1986

NPO: C. Explanation: The correct answer is C. 1960.
NPO RTT: B. 1989. Answer: B 1989. Explanation: Julia
Brown is a British sprinter.

KUnBR: C. Explanation: As per my knowledge, Julia
Brown was born in 1960. So, the correct answer is C. 1960.
KUnBR RTT: D. 1986. Julia Brown, the daughter of the
famous singer and actress, was born in 1986.

Table 5: Example output for our KUnBR and baselines.

after unlearning and after RTT. GA, RIA, and GD provide
incorrect responses after unlearning but recall the harmful
knowledge that should be forgotten after RTT. Notably, GA’s
responses after RTT remain disorganized. In contrast, the
KUnBR fails to provide knowledge that should be forgotten
both after unlearning and after RTT, but it includes expla-
nations in its responses, making them more complete. This
demonstrates that our method not only effectively removes
undesired knowledge but also preserves general capabilities.

Conclusion
In this work, we propose a novel unlearning frame-
work KUnBR (Knowledge Density-Guided Unlearning via
Blocks Reinsertion). Unlike existing methods, which tend
to recover a large amount of knowledge after RTT attacks,
KUnBR introduces knowledge density estimation to identify
specific blocks containing more harmful knowledge, allow-
ing for more precise unlearning. Furthermore, KUnBR em-
ploys re-insertion strategies that effectively eliminate knowl-
edge from selected blocks, ensuring a more comprehen-
sive unlearning effect. Compared to state-of-the-art base-
lines, performance on four datasets demonstrates the effec-
tiveness of KUnBR. Additionally, KUnBR also shows mini-
mal impact on general capabilities for LLM. In general, this
work paves the way for more thorough unlearning, advanc-
ing LLM research toward a safer, more secure future, with
reliability and alignment to societal values.
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