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Abstract

Enabling large language models (LLMs) to un-
learn knowledge and capabilities acquired dur-
ing training has proven vital for ensuring com-
pliance with data regulations and promoting
ethical practices in generative AI. Although
there are growing interests in developing vari-
ous unlearning algorithms, it remains unclear
how to best formulate the unlearning problem.
The most popular formulation uses a weighted
sum of forget and retain loss, but it often leads
to performance degradation due to the inher-
ent trade-off between forget and retain losses.
In this work, we argue that it is important
to model the hierarchical structure of the un-
learning problem, where the forget problem
(which unlearns certain knowledge and/or ca-
pabilities) takes priority over the retain problem
(which preserves model utility). This hierarchi-
cal structure naturally leads to a bi-level op-
timization formulation where the lower-level
objective focuses on minimizing the forget loss,
while the upper-level objective aims to maintain
the model’s utility. Based on this new formula-
tion, we propose a novel algorithm, termed Bi-
Level UnleaRning (BLUR), which not only pos-
sesses strong theoretical guarantees but more
importantly, delivers superior performance. In
particular, our extensive experiments demon-
strate that BLUR consistently outperforms all
the state-of-the-art algorithms across various
unlearning tasks, models, and metrics.

1 Introduction
Large language models (LLMs) have illustrated
exceptional power in text generation that closely
mimics human interactions (Touvron et al., 2023).
However, these models are trained and fine-tuned
on large datasets that are usually collected from the
web. This raises ethical and privacy issues, such as
generating biased (Kotek et al., 2023; Motoki et al.,
2023), toxic, private, illegal responses (Wen et al.,

*H. Reisizadeh and J. Jia contributed equally.

2023; Karamolegkou et al., 2023; Sun et al., 2024),
and potential guides on developing bioweapons and
cyberattacks (Barrett et al., 2023; Li et al., 2024).
LLM unlearning has emerged as a useful technique
to mitigate these concerns, which forget these toxic
data influences from the pre-trained LLMs and en-
sure the unlearned models are safe for various appli-
cations while preserving the model’s overall utility
after the unlearning.

1.1 Challenges and Our Contributions
Unlearning in LLMs introduces unique challenges
due to the massive size and complexity of their
training datasets, as well as the risks of memo-
rizing biases, sensitive information, and harmful
content. Another challenge is to precisely de-
fine the unlearning targets, such as sample data
points in the training set or knowledge concepts
that must be forgotten during the unlearning phase,
which usually leads to task-based solutions (Jang
et al., 2022; Ilharco et al., 2022; Eldan and Russi-
novich, 2023). Also, reliable evaluation mecha-
nisms for LLM unlearning is still lacking, and it is
shown that sensitive information can be retrieved
by reverse engineering techniques such as relearn-
ing (Hu et al., 2024; Lynch et al., 2024) and jail-
breaking attacks (Łucki et al., 2024; Shumailov
et al., 2024).
How to Balance Forget and Retain? One key
algorithmic challenge that we attempt to address
in this work is that during the unlearning pro-
cess, how to best balance between the task of ‘un-
learning’ knowledge/capabilities, and ‘retaining’
model utility. Indeed, it has been generally ob-
served that removing undesired information can
degrade the model’s utility, while insufficient for-
getting may fail to achieve unlearning goals. There-
fore, it is critical to ensure that these two tasks are
carefully solved together to ensure that both are
achieved eventually. However, in almost all exist-
ing works (Liu et al., 2022; Yao et al., 2023; Maini
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et al., 2024; Eldan and Russinovich, 2023; Zhang
et al., 2024a), the problem of LLM unlearning has
been formulated as a weighted sum of the forget
and retain losses, with a fixed weighting factor used
to indicate the relative importance of the two tasks.
Despite the simplicity of this formulation, it fails
to fully capture the dynamic nature of unlearning,
that is, the importance of the retain and forget loss
often changes as the optimization goes, leading to
model performance degradation. See Sec. 2.2 for
more detailed discussion on this point.
How to Model the Hierarchical Structure? Be-
yond algorithmic considerations, a more funda-
mental challenge lies in defining an effective for-
mulation for the unlearning problem. Should we
aim to forget and retain simultaneously? In many
cases, the answer is no. Unlearning is typically
necessitated in scenarios where the removal of cer-
tain sensitive information is critical. This may
be driven by ethical and legal compliance require-
ments, such as adhering to privacy regulations (e.g.,
GDPR (GDPR, 2016)), or by the need to address
fairness concerns by mitigating biases in the model
(Binns, 2018). In such cases, failure to completely
remove the identified information is unacceptable,
making the forget task a priority. Once the for-
get task is completed successfully, the remaining
capacity of the model if sufficient can then be lever-
aged to focus on the retain task (Liu et al., 2024).
This hierarchical prioritization ensures that sensi-
tive information is effectively removed while still
striving to preserve the model’s utility for its in-
tended applications. Unfortunately, none of the
existing unlearning works have considered this key
aspect.

1.2 Our contributions
This work proposes to approach the unlearning
problem from a fresh perspective. Instead of treat-
ing unlearning as a binary process of simply forget-
ting specific information while retaining the rest,
we argue that we should prioritize and structure
these tasks hierarchically. Specifically, the forget
task should take precedence to ensure that sensi-
tive or harmful information is thoroughly removed
before addressing the retain task. This perspective
allows for a more principled approach to unlearn-
ing. Interestingly, the algorithm derived from the
new perspective dynamically adjusts its emphasis
on the forget and retain loss during the optimiza-
tion process, addressing the previously mentioned
‘balancing’ challenges. More concretely, our con-
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Figure 1: Trade-off between Knowledge memorization
values on the forget set (vertical axis, the lower the
better) and retain datasets (horizontal axis, the higher
the better) using different unlearning methods. Training
is done using LLaMA2-7B model, evaluated using the
MUSE-News dataset. We run GradDiff with various
values of the regularization term λ, as defined in (1).

tributions are listed below:
(1). Observing that the aforementioned hierarchi-
cal structure is critical for understanding the un-
learning problem, we begin by formulating it as
a bi-level optimization problem, where the lower-
level problem focuses on identifying a set of solu-
tions that minimize the forget loss, ensuring that
sensitive or undesirable information is effectively
removed. The upper-level problem then selects one
of these solutions from the lower-level that mini-
mizes the retrain loss, thereby preserving as much
of the remaining knowledge as possible. This for-
mulation introduces a principled way to balance
these competing objectives, leading to a novel and
flexible approach to unlearning.
(2). We develop a novel algorithm named Bi-Level
UnleaRning (BLUR), which solves the above bi-
level unlearning problem. At a high level, this
algorithm takes a gradient descent step of the forget
objective and then updates the retain loss only in
the direction that is orthogonal to the computed for-
get gradient. Such an orthogonalization is achieved
by carefully and dynamically updating the weights
that balance the forget and retain loss when updat-
ing the LLM parameters. Further, we show that the
algorithm converges to certain desired solutions.
(3). We conduct several experiments on widely
used datasets, including MUSE (Shi et al., 2024)
and WMDP (Li et al., 2024). We demonstrate
the effectiveness of BLUR across diverse unlearning
benchmarks and evaluation metrics, demonstrating
that BLUR outperforms a number of state-of-the-
art LLM unlearning algorithms; see, e.g., Fig 1.
In particular, our algorithm BLUR on the MUSE-
News dataset achieves 19% and 11.7% higher per-
formance than the state-of-the-art baselines in un-
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learning efficiency and model utility, respectively,
on the MUSE-News dataset. Surprisingly, by adapt-
ing and BLUR using the loss functions designed in
RMU, the algorithm outperforms RMUs, achieving
16.6% higher performance in unlearning efficiency
while maintaining the same level of model utility.

1.3 Other Related Works
Machine Unlearning for Non-LLMs. The con-
cept of machine unlearning (MU) originated from
data protection regulations such as the right to be
forgotten (Rosen, 2011). The MU has emerged
in various applications such as image classifica-
tion (Sekhari et al., 2021; Fan et al., 2023), text-to-
image generation (Gandikota et al., 2023; Zhang
et al., 2024b), federated learning (Liu et al., 2020;
Che et al., 2023), graph neural networks (Chen
et al., 2022; Wu et al., 2023), and recommenda-
tion (Sachdeva et al., 2024; Xu et al., 2023).
LLM Unlearning. Retraining LLMs from scratch
is often infeasible due to the amount of training
datasets. Hence, removing undesirable information
from the pre-trained model is critical for practical
unlearning. Although solving the LLM unlearning
problem with an initial pre-trained model appears
easy, the challenges of choosing suitable losses,
especially forget loss introduce new complexities
in achieving the optimal balance between unlearn-
ing and utility. Some works (Thudi et al., 2022;
Yao et al., 2023; Maini et al., 2024) have utilized
the gradient ascent (GA) approach on the predic-
tion loss over the undesirable dataset (forget set).
Even though this approach is intuitive, as it im-
plies reversing gradient descent, the performance
of gradient ascent-based approaches remains un-
satisfactory, particularly in terms of model util-
ity due to the unboundedness of gradient ascent
loss. To address this issue, efficient forget losses
are developed, such as preference optimization
(PO) (Rafailov et al., 2023), negative preference op-
timization (NPO) (Zhang et al., 2024a), and simple
negative preference optimization (SimNPO) (Fan
et al., 2024). During LLM preference alignment,
PO replaces true information with random infor-
mation for the forget set, while NPO treats the
forget set as negative samples. SimNPO eliminates
the dependency of the forget loss on the reference
model and provides an improved version of NPO.
Recently, another related work (Bu et al., 2024)
studies LLM unlearning as a regularized multi-task
optimization problem, where one task optimizes
the forget loss and the other preserves model utility.

A normalized gradient difference method, NGDiff,
is developed based on dynamic scalarization. All
these approaches do not address the hierarchical
structure of the unlearning problem.

2 LLM Unlearning as a Bi-level
Optimization Problem

2.1 Preliminaries

We start by defining some notations. Let Df be
the forget dataset that contains the data whose in-
fluence on the model is to be removed, and Dr as
a retain dataset, which includes samples that help
preserve the model’s utility. The LLM unlearning
is typically modeled in the following manner (Liu
et al., 2022; Yao et al., 2023; Maini et al., 2024;
Eldan and Russinovich, 2023; Zhang et al., 2024a)

min
θ

E(x,y)∈Df

[
ℓf (y|x;θ)

]
+λE(x,y)∈Dr

[
ℓr(y|x;θ)

]
,

(1)

where ℓf (y |x;θ), ℓr(y |x;θ) represent the forget
and retain prediction loss, respectively, computed
using the model parameter θ for an input x with
respect to the response y. Here, the parameter
λ ≥ 0 is a regularization term used to balance
forget and retain. The retain loss is typically cross-
entropy loss, given by

ℓr(y | x;θ) = − log(π(y | x;θ)), (2)

where π(y | x;θ) is the output probability distribu-
tion of the current model θ. Commonly used forget
losses are given below:
• ℓGA (Maini et al., 2024; Thudi et al., 2022) repre-
sents the gradient descent technique on the negative
prediction loss leading the updated model’s predic-
tions to diverge from the pre-trined model’s.
• ℓf = ℓNPO,β for a given β ≥ 0 (Zhang et al.,

2024a) treats the forget set as negative examples.
• ℓf = ℓSimNPO,β,α for given β, α ≥ 0 (Fan

et al., 2024) adopts a reference-free reward for-
mulation that is normalized by sequence length.
The corresponding forget objectives are provided in
Appendix C, (26)–(28). Solving the optimization
problem in (1) using the gradient descent technique,
we obtain the update direction and the correspond-
ing update scheme given by

û(θ) = ∇f(θ) + λ∇r(θ), (3)

θ̂(t+ 1) = θ̂(t)− ηû(θ̂(t)). (4)
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Figure 2: Alignment values of forget and retain losses
in (5) on MUSE-News using LLaMa2-7B model vs.
training step.

where η > 0 is the learning rate. Utilizing the
retain loss and forget objective in the gradient di-
rection defined in (3), we derive various unlearning
methods, summarized in Appendix C, Table 6.

2.2 Unlearning as Bi-level Optimization
As mentioned in the introduction, one key chal-
lenge in (1) is that the weighted sum of two losses
cannot properly prioritize one task (e.g. forget)
over the other (e.g., retain). To show this point,
we consider a set of simple numerical experiments
where we measure how the update direction û(θ)
aligns with both forget and retain gradients. To this
end, let us define the normalized alignment as:

Af (θ) :=
⟨∇f(θ),û(θ)⟩
∥∇f(θ)∥2 , Ar(θ) :=

⟨∇r(θ),û(θ)⟩
∥∇r(θ)∥2 .

(5)

If Af (θ) (resp. Ar(θ)) is positive, it means
that the update direction û(θ) will improve the
forget loss f(θ) (resp. retain loss r(θ)). Fig 2
plots the change of Af (θ) and Ar(θ) across the
training iterations of NPO with λ = 1. As Fig 2
shows, the descent direction û(θ) switches con-
stantly the priorities between the forget and retain
objectives (note that, in contrast, the proposed al-
gorithm BLUR always prioritizes the forget loss; see
subsequent discussions for details). This example
indicates that the regularized formulation with a
static λ fails to prioritize the loss functions prop-
erly and cannot adapt to the complexities of the
data and the dynamics of unlearning. Additional
experiments with λ = 0.5, 1.5, 2, as given in Ap-
pendix C, Fig C.1, show similar switching behavior.
As argued in the introduction, in many practical use
cases, the removal of sensitive information, such as
copyright-related data or personal information, is
critical (GDPR, 2016; Binns, 2018). Therefore, it
is useful to have a new unlearning formulation that
consistently and explicitly prioritizes one task (e.g.,

the forget task) while treating the other one (e.g.,
the retain task) as an auxiliary task. Towards this
end, we exploit a classical optimization paradigm
called bi-level optimization (Maclaurin et al., 2015;
Franceschi et al., 2018; Finn et al., 2017; Ji et al.,
2021; Stadie et al., 2020; Zeng et al., 2023), which
is used to model problems with hierarchical struc-
ture. In a typical bi-level optimization problem,
the upper-level objective function (retain loss, in
this case) is minimized over the solution set of a
lower-level objective function (forget loss). Hence,
placing more emphasis on the lower-level problem.
More precisely, consider the following formulation

min
θ∈Θ

r(θ) s.t. Θ=arg min
θ∈Rd

f(θ). (6)

In the above formulation, Θ is the optimal solution
set of the lower-level problem. We note that (6)
is a specific form of bi-level optimization, often
referred to as a simple bi-level, because the lower-
level optimization variable is exactly the same as
that of the upper-level (Sabach and Shtern, 2017;
Dutta and Pandit, 2020; Dempe et al., 2021). It
is important to note that (6) can be viewed as a
meta formulation, where different forget and retain
losses can be used to replace the abstract losses
r(·) and f(·), e.g., those mentioned in Table 6. In-
deed, in our numerical experiments to be shown
shortly, we have demonstrated that it is beneficial
to use customized loss functions for certain tasks.
To illustrate the difference between the bi-level for-
mulation (6) and the weighted sum formulation (1),
let us consider the following toy example.
Example 1. Consider a specialization of (6)

min
θ∈Θ

[
h(θ) :=(θ−2)2

]

s.t. Θ=argmin
θ∈R

[w(θ) := |θ−1|+|θ+1|] .

Clearly, w(θ) is minimized over the set Θ =
[−1, 1]. Thus, the problem is simplified to
minθ∈[−1,1](θ−2)2 whose optimal solution θ⋆ = 1.
Meanwhile, following (1), we can write a regular-
ized optimization problem:

min
θ∈R

[
h(θ)+λw(θ)=(θ−2)2+λ(|θ−1|+|θ+1|)

]
.

(7)

Note that for an arbitrary choice of λ, problems (7)
and (6) are not equivalent. When λ = 0, the prob-
lem reduces to minθ∈[−1,1](θ − 2)2 leading to the
optimal solution θ = 2, that is outside of Θ. As
λ → ∞, the regularization term dominates, forcing
the optimal solution to be any value within Θ.

7046



0 200 400 600 800 1000
Step

1.0

0.8

0.6

0.4

0.2

0.0

0.2

Co
sin

e 
Si

m
ila

rit
y

Figure 3: Cosine similarity of the gradient forget and
retain losses using NPO on MUSE-News dataset and
LLaMA2-7B, with λ=1 and η=10−5.

Remark 1. Of course, if necessary, one can eas-
ily switch the order of the lower and upper-level
problems, emphasizing more on preserving model
utilities. However, we found that both conceptually
and numerically, this is not a good modeling choice.
Hence, throughout this paper, we will not mention
this case.

In the LLM unlearning, we often deal with non-
convex objectives. When the primal feasibility
condition for (6) cannot be satisfied exactly, we
instead aim to converge to a stationary point where
∇∥f(θ)∥2 ≤ ϵ0 for some ϵ0 ≥ 0. Further, we re-
quire an approximate stationarity condition of the
Lagrangian function ∥∇r(θ)+ζ∇f(θ)∥2≤ϵ1 for
some ϵ1 ≥ 0 where ζ is the Lagrange multiplier.
Hence, we aim to find solution θ that satisfies:

∥∇f(θ)∥2 ≤ ϵ0, (8)

∥∇r(θ) + ζ∇f(θ)∥2 ≤ ϵ1. (9)

3 BLUR: Method and Analysis
In this section, we first discuss the limitations of
previously proposed algorithms for solving (9)-(8),
then we present our scheme, termed Bi-Level Un-
leaRning (BLUR). Finally, we provide the theoret-
ical guarantees for the proposed algorithm. The
majority of the existing works (Sabach and Shtern,
2017; Shen et al., 2023; Jiang et al., 2023; Wang
et al., 2024) assume that either the upper-level or
lower-level objective function is (strongly) convex,
but this is certainly not true in the LLM unlearn-
ing setting where both problems are non-convex.
Specifically, the scheme proposed in (Sabach and
Shtern, 2017) assumes both the lower and upper-
level objectives are strongly convex. Moreover,
many of them require solving the lower-level prob-
lem to some accuracy before updating the upper-
level problem, which can incur a significant compu-
tational burden when the LLM is large (Franceschi
et al., 2018; Dagréou et al., 2022). Importantly,
we demonstrate that the retain and forget gradients

conflict over the unlearning steps, necessitating the
design of the update direction in favor of the lower-
level objective function. To this end, we examine
the relation between the forget and retain loss gra-
dients across the iterations of the algorithm in (4).
Here, we consider the NPO method, a specific ver-
sion of the algorithm in (4), where the forget and
retain losses are defined in Table 6. We conduct an
experiment using the NPO method on the MUSE-
News dataset with a regularization term of λ = 1
and a learning rate of η = 10−5. In Fig. 3, we plot
the trajectory of cosine similarity between these
two quantities, that is ⟨∇f(θ),∇r(θ)⟩

∥∇f(θ)∥∥∇r(θ)∥ . It is clear
that such a similarity measure remains mostly neg-
ative, implying that the retain gradient contains a
destructive component with respect to the forget
loss. More experiments with λ = 0.5, 1.5, 2, as
given in Appendix C and Fig. C.2, further sup-
port this observation. We also run this experi-
ment using the GradDiff method, defined as in
Table 6, with λ = 0.5, 1, 1.5 where we observe
the similar conflicting pattern in Fig. C.2. Thus,
naively summing the forget and retain gradients
could not provide the desired direction toward min-
imizing the forget loss (lower-level problem). To
ensure convergence to a stationary point of f , i.e.,
∇f(θ) = 0, the update direction u(θ) should
move in favor of the objective function f . More
precisely, the desired update direction u(θ) should
satisfy ⟨∇f(θ), u(θ)⟩ = γ∥∇f(θ)∥2 for some
γ > 0. To fulfill this condition, we have to appro-
priately remove destructive components from the
retain gradient. Further, whenever possible, u(θ)
should also contain the non-destructive component
of the retain gradient to be able to minimize the
upper-level problem. We propose a novel update
direction that satisfies these requirements, given by

u(θ) = γ∇f(θ) +∇r(θ)

−⟨∇f(θ),∇r(θ)⟩
∥∇f(θ)∥2 ∇f(θ). (10)

The update direction in (10) can be interpreted
in relation to the Gram-Schmidt orthogonalization
process. More precisely, the third term on the RHS
of (10) represents the projection of ∇r(θ) onto
∇f(θ). The visualization of the update directions
in (10) and (3) with their components is shown in
Fig 4. With the above discussion about the update
direction (10), the proposed algorithm BLUR can be
simply expressed as as:

θ(t+ 1)=θ(t)−η · u(θ(t)), (11)
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Figure 4: Visualization of the update direction in (3)
and (4) with their components.

where θ(0) = θ0 is the pre-trained model; η > 0
is the learning rate. We note that BLUR is a meta-
algorithm that can take different forms depending
on the specific choices of f and r. Subsequently,
we use BLUR–[·] to indicate the specific choices
of loss functions. We denote BLUR–NPO by us-
ing BLUR with the retain loss in (2) and the forget
objective in (27). We plot Af (θ) and Ar(θ) across
the optimization steps of BLUR–NPO in Fig 2. As
we observe, BLUR consistently prioritizes the forget
loss over the retain loss at each step.
3.1 Convergence Analysis
Next, we present the theoretical analysis of BLUR,
showing the convergence behavior of the forget gra-
dient ∇f(θ(t)) and the descent direction u(θ(t)).
To this end, we make the following assumptions.
Assumption 1 (Function Assumptions). We as-
sume the following properties on continuously dif-
ferentiable functions f and r:
(a) The gradient of f is Lf -Lipschitz, i.e., for any

x,y ∈ Rd we have ∥∇f(x) − ∇f(y)∥ ≤
Lf∥x−y∥. The gradient of r is Lr-Lipschitz.

(b) There exists a constant C < ∞ such that
∥f(x)∥, ∥r(x)∥, ∥∇f(x)∥, ∥∇r(x)∥ ≤ C.

We have the following result:
Theorem 1. Under Assumption 1, the model gen-
erated by using dynamics in (10) – (11) satisfies

1

T

T−1∑

t=0

∥∇f(θ(t))∥2 ≤ 2C

Tηγ
+

Lf

2γ
ηC2

1 . (12)

Further, the following holds:

1

T

T−1∑

t=0

[
∥∇f(θ(t))∥2+∥u(θ(t))∥2

]
(13)

≤ 4C

ηT

(
1

2γ
+1+γ

)
+LfηC

2
1

(
1

2γ
+γ

)

+ 2γC1

√
Lf

γ
η, (14)

for every T ≥ 4C
LfC

2
1η

2 where C1 := (2 + γ)C.

The proof of Theorem 1 is presented in Ap-
pendix B. Intuitively, ∥u(·)∥2 quantifies the degree
of conflict between ∇f and ∇r; it represents how
much we can reduce f without increasing r.

Remark 2. To maximize the upper bounds (12)
and (13), it can be verified that we should choose

η= 2
C1

√
C
Lf

1

T
1
2

for any γ >max

(
0, 2√

LfC
−2

)
.

Plugging these into (12) and (13), we conclude

1

T

T−1∑

t=0

∥∇f(θ(t))∥2 ≤ C1

√
LfC

γ

1

T
1
2

, (15)

1

T

T−1∑

t=0

[
∥∇f(θ(t))∥2+∥u(θ(t))∥2

]
(16)

≤
(
1

γ
+1+2γ

)
2C1

√
LfC

T
1
2

+
2
√
2C1γ(LfC)

1
4

T
1
4

.

(17)

Our results show that with a proper choice of step
size, the temporal average of the norm of the forget
gradient and the update direction decreases at a
rate of O(T−1/2) and O(T−1/4), respectively.

Remark 3. Using (15), we get
limt→∞∇f(θ(t)) = 0 which indicates con-
vergence to a stationary point of the lower-level
problem, i.e., (8) is satisfied. Further, from (17),
we have limt→∞ u(θ(t)) = 0. This implies that
the stationary condition in (9) is satisfied with
ζ = γ − ⟨∇f(θ(t)),∇r(θ(t))⟩

∥∇f(θ(t))∥2 ; thus, both desired
optimality conditions are fulfilled.

4 Experiment
In this section, we evaluate the performance of the
proposed algorithm, BLUR, and other state-of-the-
art unlearning methods.
Unlearning Tasks. We test unlearning algorithms
on three popular benchmark datasets TOFU (Maini
et al., 2024), MUSE (Shi et al., 2024), and
WMDP (Li et al., 2024). The TOFU dataset con-
tains 200 fictitious author profiles, each including
20 question-answer pairs generated by GPT-4 using
predefined attributes. Here, we consider forget05
and forget10 scenarios, representing 5% and 10%
forget sets, respectively. The MUSE dataset con-
sists of two corpora, namely, Harry Potter books
(Books) and news articles (News). The WMDP
benchmark is developed for knowledge-based un-
learning to remove hazardous knowledge in biose-
curity, cybersecurity, and chemical security. We
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conduct the experiments on the TOFU dataset us-
ing the public fine-tuned LLaMA-3.2-1B-Instruct
model (Dorna et al., 2025). Further, we run simu-
lations on the MUSE benchmark using the public
fine-tuned LLaMA2-7B model (Shi et al., 2024).
Finally, we exploit the Zephyr-7B-beta model (Li
et al., 2024) for WMDP.
LLM Unlearning Methods. We use ‘Original’
to indicate the fine-tuned model using the
TOFU/MUSE datasets and the pre-trained model
for WMDP. We use ‘Retrain’ to indicate mod-
els retrained while excluding the forget set; such
a ‘Retrain’ model is considered the gold stan-
dard for unlearning, and such a model is available
for the TOFU and MUSE benchmarks. For the
TOFU dataset, we compare the performance of
BLUR–NPO against GA, GradDiff, NPO, and Sim-
NPO. We compare the performance of BLUR-NPO
against GA, GradDiff, NPO, SimNPO, and NGDiff
on the MUSE dataset. For the WMDP dataset, we
compare BLUR–NPO with the Representation mis-
direction for unlearning (RMU) developed in (Li
et al., 2024) that directs the representations of for-
get samples toward random representations while
preserving the representations of retain samples.
The forget and retain losses are defined as

ℓRMU,r(y|x;θ)=∥Mi(x;θ)−Mi(x;θ0)∥22, (18a)

ℓRMU,f (y|x;θ) = ∥Mi(x;θ)− c · u∥22, (18b)

where Mi(x;θ) is a function that returns the hidden
representation of θ at some layer i, and a fixed ran-
dom unit vector u sampled uniformly from [0, 1).
Here, c is a hyperparameter that controls activation
scaling. Utilizing the gradient direction in (3) with
the retain loss (18a) and the forget objective (18b)
to solve the regularized optimization problem (1)
is referred to as the RMU unlearning method. We
evaluate BLUR with the same retain loss and for-
get objective as expressed in (18), resulting in a
new unlearning method referred to as BLUR–RMU.
Experiments are conducted on the WMDP bench-
mark, comparing RMU, NPO, SimNPO, BLUR–
NPO, and BLUR–RMU. Additionally, we imple-
ment NGDiff method with the retain loss and forget
objectives in (18), termed NGDiff–RMU.
Evaluation Metrics. We list the metrics to evaluate
the performance of each unlearning task.

TOFU. We measure the forget quality, which
assesses how well the unlearned model mimics the
Retain model. Model utility captures the general
capabilities and real-world knowledge retained by

Method
Forget Quality ↑ Forget Truth Ratio ↑ Model Utility ↑

forget05 forget10 forget05 forget10 forget05 forget10

Original 2.96e–13 8.08e–22 0.47 0.48 0.60 0.60
Retain 1.00 1.00 0.63 0.63 0.60 0.59

GA 1.94e–119 1.06e–239 2.97e–24 9.82e–26 0.00 0.00
GradDiff 1.94e–119 3.76e–219 8.13e–9 0.002 0.52 0.49

NPO 0.40 0.08 0.70 0.65 0.47 0.51
SimNPO 0.068 0.005 0.52 0.52 0.57 0.58

BLUR–NPO 0.80 0.91 0.68 0.64 0.52 0.55

Table 1: Performance of various unlearning methods
on the TOFU benchmark using the LLaMA-3.2-1B-
Instruct model for forget05 and forget10.

the model after unlearning. Also, we report the
truth ratio, which shows how likely the model is to
select the correct answer over an incorrect one.

MUSE. After the unlearning phase, we expect
to satisfy four key criteria: (1) No verbatim mem-
orization: The model should no longer be able to
generate exact substrings or sequences that match
any content from the forget set. (2) No knowledge
memorization on the forget set: The model should
not be able to generate accurate or meaningful an-
swers to questions regarding the forget set. (3) No
privacy leakage: There should be no indication that
the model was ever trained on the forget set. (4)
High knowledge memorization on the retain set:
The model should maintain good performance on
the retain set, ensuring a high value for knowledge
memorization on the retain set.

WMDP. To evaluate the model’s performance on
the forget and retain datasets, we use the Question-
Answering (QA) technique, which involves assess-
ing the accuracy of the model’s answers based on
a given corpus. Bio. Acc. and Cyber Acc. rep-
resent the model’s accuracy on WMDP-Bio and
WMDP-Cyber, respectively; MMLU contains sub-
jects that should not be unlearned where perfor-
mance is also evaluated using the QA technique.

Overall, we can categorize these metrics into
two classes: (1) Unlearning Effectiveness: This
class evaluates how effectively undesired data and
its influences are removed from model capabilities.
(2) Utility Preservation: Metrics in this class assess
the model’s performance on standard utility tasks
after the unlearning phase. More implementation
details are provided in Appendix C.1.
Results. Our results are summarized below.

TOFU. Table 1 compares the performance of
BLUR–NPO with other unlearning baselines on
TOFU forget05 and forget10. As shown, BLUR–
NPO achieves outstanding performance in forget
quality (0.4 to 0.8 for forget05 and 0.08 to 0.91 for
forget10) while maintaining comparable results in
forget truth ratio and model utility.
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Method
VerbMem on Df ↓ KnowMem on Df ↓ PrivLeak → 0 KnowMem on Dr ↑
News Books News Books News Books News Books

Original 58.4 99.8 63.9 59.4 -99.8 -57.5 55.2 66.9
Retrain 20.8 14.3 33.1 28.9 0.0 0.0 55.0 74.5

GA 0.0 0.0 0.0 0.0 5.2 -23.6 0.0 0.0
GradDiff 4.9 0.0 31.3 0.0 107.9 -24.1 22.9 14.4
NGDiff 0.0 0.0 35.7 0.0 109.5 -20.6 41.8 44.1

NPO 0.0 0.0 43.9 0.0 109.4 -30.3 37.5 31.8
SimNPO 6.7 0.0 46.2 0.0 62.6 -24.2 35.9 49.3

BLUR–NPO 0.0 0.0 29.0 0.0 109.5 -22.6 46.7 52.7

Table 2: Performance of various unlearning methods
on the MUSE benchmark using the News and Books
corpora with the LLaMA2-7B model.
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Figure 5: Trade-off between KnowMem values on
the forget and retain datasets using different unlearn-
ing methods, LLaMA2-7B model, and MUSE-Books
dataset where BLUR–NPO outperforms SOTA models.

MUSE. We compare the performance of BLUR–
NPO with other baselines in Table 2 on both the
MUSE News and Books datasets. Clearly, BLUR–
NPO outperforms all baselines across all unlearn-
ing efficiency metrics, i.e., verbatim memorization
(VerbMem) on the forget set, knowledge memoriza-
tion (KnowMem) on the forget set, and KnowMem
on the retain set. Moreover, it achieves no Verb-
Mem on the forget set as GA, NGDiff, and NPO
methods. In Fig. C.3, we present an ablation
study on hyperparameters for the News corpus. To
highlight the BLUR–NPO’s performance on the
Books corpus, Fig 5 shows the trade-off between
KnowMem on the forget and retain datasets.

To understand how the performance of different
algorithms evolves over the iterations, Fig 6 plots
the trajectory of the VerbMem on the forget set
(lower values are better) and KnowMem on the
retain set (higher values are better), for the MUSE-
News unlearning task.

As the plots show, GA, NGDiff, NPO, and
BLUR–NPO exhibit no VerbMem on the forget set,
while the other baselines fail to achieve the com-
plete no-VerbMem status. Further, BLUR–NPO
achieves consistently high levels of KnowMem
across all epochs. NGDiff, NPO, and SimNPO
exhibit better model utility than GradDiff and GA
but are still less effective than BLUR–NPO. More-
over, it is interesting to observe that BLUR–NPO
first prioritizes optimizing the forget performance
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Figure 6: Verbatim memorization on the forget set Df

(top) and knowledge memorization on the retain set
Dr (bottom) vs. optimization epochs, using various
unlearning methods on the MUSE-News dataset.

by aggressively reducing VerbMem to zero. Then,
as the model has additional capacity, it gradually
increases the KnowMem on the retain set as opti-
mization goes. In Table 3, we provide examples
of model responses after unlearning with differ-
ent schemes, compared to the ground truth. For
the forget set, the goal is to unlearn the Answer
while for the retain set, the objective is to generate
a response that matches the Answer. These visu-
alizations show that BLUR–NPO delivers the best
results, accurately responding to questions from
the retain set while providing non-informative re-
sponses to questions from the forget set. However,
all other unlearning methods either fail to provide
fully correct answers for the retain set or are unable
to decline answering questions from the forget set.

Moreover, we assess the robustness of our
method, BLUR, against the relearning attack (Lynch
et al., 2024; Hu et al., 2024), an unlearning attack.
Specifically, we fine-tuned the both unlearned mod-
els, NPO and BLUR-NPO, on the forget set using
600 samples and a learning rate of 10−5. After the
attack, we measure the unlearning performance us-
ing VerbMem and KnowMem on the forget set and
KnowMem on the retain set. As Table 4 shows,
BLUR-NPO maintains significantly lower memory
scores on the forget set compared to NPO, while
preserving performance on the retain set. This
demonstrates that BLUR-NPO not only achieves
effective unlearning prior to attack, but also ex-
hibits greater robustness against relearning.

WMDP. Table 5 compares our algorithms,
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Forget Set
Who defended the plan for juryless rape trials

in Scotland by pointing to a ’weight of evidence’

that juries are affected by rape myths and misconceptions?

Answer First Minister Humza Yousaf

GA ••••••••••••••••••••••••••••••••

GradDiff
1st Minister Humza Yousaf

• None ’I’m not a gambler’

- Selby and the Crucible • None The

NGDiff 1st Minister Humza Yousaf

NPO 1st Minister Humza Yousaf

SimNPO 1st Minister Humza Yousaf

BLUR–NPO 100% of lawyers surveyed

Retain Set
How many years ago did David and Janice Hunter retire to Cyprus?

Answer 20 years ago

GA ••••••••••••••••••••••••••••••••

GradDiff
20 the ’Happy the the the the the’ couple,

as the 2023 ’The Happy the the the’ book and the

NGDiff 25 years

NPO 25 years

SimNPO 25 years

BLUR–NPO 20 years ago

Table 3: Examples of generated text from different un-
learned models in the MUSE-News dataset. Failed un-
learning is indicated by undesired answers highlighted
in red , while successful unlearning is shown in green
for desired responses. Repeated or irrelevant informa-
tion is marked in yellow .

Method VerbMem on Df ↓ KnowMem on Df ↓ KnowMem on Dr ↑
NPO 56.6 57.6 41.6

BLUR–NPO 48.4 50.3 41.6

Table 4: Performance of NPO and BLUR-NPO unlearn-
ing methods on the MUSE-News benchmark using the
LLaMA2-7B model after the relearning attack.

BLUR–NPO and BLUR–RMU, with RMU, NPO,
SimNPO, and NGDiff–RMU on the WMDP bench-
mark. Recall that BLUR–NPO is the specification
of the retain loss in (2) and the forget objective
in (27). Also, the BLUR–RMU and NGDiff–RMU
leverage the loss function developed in the RMU
algorithm. As shown, BLUR–NPO and BLUR–
RMU outperform all other methods in unlearning
efficiency. BLUR–NPO performs better than NPO
and SimNPO but is less effective than RMU in
utility preservation. Interestingly, BLUR–RMU
achieves roughly the same performance as RMU
and NGDiff–RMU on the retain set, while signifi-
cantly outperforming RMU on unlearning efficacy.
These results highlight the effectiveness of our ap-
proach relative to previously proposed algorithms.

Further, we compute the average accuracy of
WMDP-Bio and WMDP-Cyber and then plot it vs.
the accuracy of MMLU in Fig 7.

Method Unlearning Efficacy Utility Preservation

Bio. Acc. ↓ Cyber Acc. ↓ MMLU ↑
Original 63.7 44.0 58.1

RMU 31.2 28.2 57.1
NPO 42.5 28.3 40.0

SimNPO 41.6 32.2 47.1
NGDiff–RMU 35.6 26.8 57.4

BLUR–NPO 27.6 26.5 48.4
BLUR–RMU 26.9 26.6 57.0

Table 5: Performance of various unlearning methods on
the WMDP benchmark.
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Figure 7: Trade-off between WMDP and MMLU Accu-
racy using various unlearning methods with Zephyr-7B-
beta model. BLUR–RMU outperforms RMU.

5 Conclusion
In this paper, we introduced a new LLM unlearn-
ing framework based on a bi-level optimization
approach that prioritizes the forget loss over the
retain objective in a hierarchical structure. To solve
the proposed optimization problem, we developed
a novel algorithm, BLUR. Then, we provided the
theoretical analysis for the non-convex setting. Our
extensive experiments on various LLM unlearning
tasks showed that our approach outperformed all
the SOTA algorithms. For future work, we will
explore higher-order algorithms to further enhance
unlearning efficiency and effectiveness.
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7 Limitations

This work introduces BLUR, a bi-level optimiza-
tion approach for unlearning in LLMs, which is
essential for ethical AI development, data privacy
compliance (e.g., GDPR), and mitigating harm-
ful outputs. By prioritizing unlearning over reten-
tion, BLUR effectively removes sensitive or biased
data while maintaining model utility, enhancing AI
safety and fairness. However, verifying complete
and irreversible unlearning remains a challenge,
requiring future research on rigorous evaluation
methods. As AI becomes more integrated into sen-
sitive domains like healthcare, finance, and law,
unlearning techniques like BLUR can help prevent
misinformation, protect privacy, and improve pub-
lic trust in AI systems.
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A The Preliminaries

Lemma 1. For any θ ∈ Rd, we can write

(a) ⟨∇f(θ), u(θ)⟩ = γ∥∇f(θ)∥2.

Also, under Assumption 1, for every θ ∈ Rd, we
get

(b) ∥u(θ)∥ ≤ C1,

(c) ξ(θ)∥∇f(θ)∥2 ≤ γ∥∇f(θ)∥2 + C∥∇f(θ)∥,

(d)ξ(θ)⟨∇f(θ), u(θ)⟩≤γ2∥∇f(θ)∥2+Cγ∥∇f(θ)∥,

(e) ⟨∇r(θ), u(θ)⟩ ≥ ∥u(θ)∥2 − γ2∥∇f(θ)∥2 −
Cγ∥∇f(θ)∥,

where ξ(θ) := γ∥∇f(θ)∥2−⟨∇f(θ),∇r(θ)⟩
∥∇f(θ)∥2 .

Proof. From the definition of ξ(θ) and u(θ)
in (10), we have

⟨∇f(θ), u(θ)⟩
= ⟨∇f(θ),∇r(θ)⟩+ ξ(θ)∥∇f(θ)∥2

=⟨∇f(θ),∇r(θ)⟩+γ∥∇f(θ)∥2−⟨∇r(θ),∇r(θ)⟩
= γ∥∇f(θ)∥2,

that completes the proof of part (a). From the defi-
nition of u(θ) and the triangle inequality, we can
write

∥ξ(θ)∇f(θ) +∇r(θ)∥
≤ |ξ(θ)|∥∇f(θ)∥+ ∥∇r(θ)∥

≤ γ∥∇f(θ)∥+ | ⟨∇f(θ),∇r(θ)⟩ |
∥∇f(θ)∥ + ∥∇r(θ)∥

(a)

≤ γ∥∇f(θ)∥+ 2∥∇r(θ)∥ ≤ (2 + γ)C,

where (a) follows from the Cauchy-Schwartz in-
equality and the last step holds due to the Assump-
tion 1.

To prove part (c), using the Cauchy-Schwartz
inequality, we get

ξ(θ)∥∇f(θ)∥2

= γ∥∇f(θ)∥2−⟨∇f(θ),∇r(θ)⟩
≤ γ∥∇f(θ)∥2+∥∇f(θ)∥ · ∥∇r(θ)∥
≤ γ∥∇f(θ)∥2+C∥∇f(θ)∥, (19)

where the last inequality holds from Assumption 1.
Now, we prove part (d). From (10), we have

ξ(θ) ⟨∇f(θ), u(θ)⟩
= ξ(θ) ⟨∇f(θ), ξ(θ)∇f(θ) +∇r(θ)⟩
= ξ(θ)

(
ξ(θ)∥∇f(θ)∥2 + ⟨∇f(θ),∇r(θ)⟩

)

= ξ(θ)γ∥∇f(θ)∥2
+ ξ(θ) (−⟨∇f(θ),∇r(θ)⟩+⟨∇f(θ),∇r(θ)⟩)

= ξ(θ)γ∥∇f(θ)∥2. (20)
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This together with part (c) leads us to part (d). Fi-
nally, to show part (e), from part (d), we get

⟨∇r(θ), u(θ)⟩
= ⟨u(θ)− ξ(θ)∇f(θ), u(θ)⟩
=∥u(θ)∥2−ξ(θ) ⟨∇f(θ), u(θ)⟩
≥ ∥u(θ)∥2−γ2∥∇f(θ)∥2−Cγ∥∇f(θ)∥.

Lemma 2. For any vectors {ui}ni=1 ∈ Rd, we get
∥∑n

i=1 ui∥2 ≤ n
∑n

i=1 ∥ui∥2.

B Proof of Theorem 1
Using the fact that f is Lf -Lipschitz from Assump-
tion 1, we get

f(θ(t+1))−f(θ(t))

≤⟨∇f(θ(t)),θ(t+1)−θ(t)⟩+Lf

2
∥θ(t+1)−θ(t)∥2

= −η ⟨∇f(θ(t)), u(θ(t))⟩+ Lf

2
η2∥u(θ(t))∥2

(a)
= −ηγ∥∇f(θ(t))∥2+Lf

2
η2∥u(θ(t))∥2

≤ −ηγ∥∇f(θ(t))∥2+Lf

2
η2C2

1 , (21)

where (a) follows from Lemma 1-(a), and the last
step holds due to Lemma 1-(b). Applying a tele-
scopic summation in (21), we can write

1

T

T−1∑

t=0

∥∇f(θ(t))∥2

≤ 1

Tηγ
(f(θ(0))− f(θ(T ))) +

Lf

2γ
ηC2

1

≤ 2C

Tηγ
+
Lf

2γ
ηC2

1 ,

where the last step follows from Assumption 1.
That completes the proof of the first claim of the
theorem. Similarly, since r is Lr-Lipschitz from
Assumption 1, we arrive at

r(θ(t+ 1))− r(θ(t))

≤⟨∇r(θ(t)),θ(t+1)−θ(t)⟩+Lr

2
∥θ(t+1)−θ(t)∥2

=−η∥u(θ(t))∥2+ηξ(θ(t)) ⟨∇f(θ(t)), u(θ(t))⟩

+
Lr

2
η2∥u(θ(t))∥2 (22)

≤ −η

2
∥u(θ(t))∥2

+ η
(
γ2∥∇f(θ(t))∥2 + Cγ∥∇f(θ(t))∥

)
.

(23)

Applying a telescopic summation in (22), we get

1

T

T−1∑

t=0

∥u(θ(t))∥2

≤ 2

ηT
(r(θ(0))− r(θ(t)))

+
2

T

(
γ2

T−1∑

t=0

∥∇f(θ(t))∥2+γ

T−1∑

t=0

∥∇f(θ(t))∥
)

≤ 4C

ηT

+
2

T

(
γ2

T−1∑

t=0

∥∇f(θ(t))∥2+γ

T−1∑

t=0

∥∇f(θ(t))∥
)
.

(24)

For the second term in (24), using Lemma 2, we
can write

γ2
T−1∑

t=0

∥∇f(θ(t))∥2+γ

T−1∑

t=0

∥∇f(θ(t))∥

≤ γ2
T−1∑

t=0

∥∇f(θ(t))∥2+γ

√√√√T

T−1∑

t=0

∥∇f(θ(t))∥2

≤2Cγ

η
+
Lfγ

2
ηC2

1T+γ

√
2CT

ηγ
+
Lf

2γ
ηC2

1T
2,

(25)

where the last step holds due to (12). Finally, for
T ≥ 4C

LfC
2
1η

2 , from (24)-(25), we conclude

1

T

T−1∑

t=0

∥u(θ(t))∥2

≤ 4C

ηT
(1 + γ) + LfγηC

2
1 + 2γC1

√
Lf

γ
η.

C Additional Experiment Results and
Details

In the following, we provide the corresponding
forget loss functions discussed in Section 2:

ℓGA(y | x;θ) = log π(y | x;θ), (26)

ℓNPO,β(y | x;θ)

=
2

β
log

(
1+

(
π(y | x;θ)
π(y | x;θ0)

)β
)
, (27)

ℓSimNPO,β,α(y | x;θ)

= − 2

β
log σ

(
− β

|y| log π(y | x;θ)−α

)
, (28)

ℓRMU,f (y | x;θ) = ∥Mi(x;θ)− c · u∥22, (29)
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Unlearning Method Retain
Loss

Forget
Loss

GA (Maini et al., 2024) N/A (26)

GradDiff (Liu et al., 2022) (2) (26)

NPO (Zhang et al., 2024a) (2) (27)

SimNPO (Fan et al., 2024) (2) (28)

Table 6: Summary of unlearning methods with their
retain and forget losses.

Here, π(y | x;θ0) denotes the reference distri-
bution of the pre-trained model, |y| denotes the
response length, β ≥ 0 is a sharpness parameter,
α ≥ 0 is a margin parameter in SimNPO, u is a
fixed random unit vector, and c controls the scaling
of representation perturbations. Using the update
rule in (4), and applying different choices for the
forget and retain losses, we derive various unlearn-
ing methods, as summarized in Table 6.

C.1 Experiment Setups

Computational Configurations & Complexity.
All experiments are conducted on 8 NVIDIA A100
GPUs. BLUR is designed as a first-order method,
similar in memory complexity to all other base-
lines. It does not require storing or computing
higher-order derivatives, Jacobians, or Hessians.
Our bilevel formulation in (6) is resolved through a
lightweight gradient projection, where we compute
the component of the retain gradient orthogonal to
the forget gradient. This projection is performed us-
ing standard inner product and norm computations,
and introduces no additional memory overhead be-
yond that of standard backpropagation.

Further, each update step in BLUR introduces only
two additional scalar operations: (1) an inner prod-
uct between the forget and retain gradients, and
(2) a scalar division by the squared norm of the
forget gradient. These operations are computation-
ally negligible relative to the forward and backward
passes through the model. Moreover, no auxiliary
optimization loops or nested gradient steps are re-
quired. Next, we present the hyperparameters used
in each unlearning task.

TOFU. We conduct experiments for 10 epochs
using a learning rate of 10−5 and a batch size of
32. A grid search is performed over the range
[0.5, 2] for γ, and the parameter β is searched
within [0.05, 0.2], with the final value of 0.1. We
set λ = 1 for GradDiff and NPO, and λ = 2.5
for SimNPO. The hyperparameters β for NPO and

Method η β γ α λ

GA 10−5 - - - -

GradDiff 10−5 - - - 1.0

NPO 10−5 0.1 - - 1.0

SimNPO 10−5 2.5 - 2.0 0.15

BLUR–NPO 10−5 0.1 1.0 - -

Table 7: Hyperparamters for various unlearning meth-
ods on TOFU benchmark

SimNPO are set to 0.1 and 2.5, respectively. For
the SimNPO unlearning scheme, the hyperparame-
ter α is fixed at 0.125. We summarized the hyper-
parameters in Table 7.

MUSE. We train our algorithm BLUR–NPO
for 10 epochs with a constant learning rate of
2.5 × 10−5 for the news dataset and 10−5 for the
books dataset, the batch size of 32, and an input
length of 2, 048 tokens. We perform a grid search
for γ in the range of [0.8, 1.2] and set γ = 1.0 as
the final value. For the NPO loss in (27), β is set
to 0.05 for the news dataset and 0.4 for the books
dataset. The evaluation pipelines strictly follow
the setup detailed by (Shi et al., 2024). Further,
we evaluate the model’s performance after the un-
learning process and select the optimal model as
the final result. We use a constant learning rate
of 2.5 × 10−5 for news and 5 × 10−6 for books
datasets in NGDiff, with β = 0.1 for both corpora.
The hyperparameters for other unlearning methods
GA, GradDiff, NPO, and SimNPO are set accord-
ing to the works of (Shi et al., 2024; Fan et al.,
2024). Table 8 summarizes our method’s optimal
combination of the hyperparameters, determined
through grid search. We used the hyperparame-
ters reported in the corresponding papers for other
unlearning methods.

Method Dataset η β γ α λ

GA News/Books 10−5 - - - 0

GradDiff News/Books 10−5 - - - 1

NGDiff
News 2.5× 10−5 0.1 - - -
Books 5× 10−6 0.1 - - -

NPO News/Books 10−5 0.1 - - 1

SimNPO
News 10−5 0.7 - 0.0 0.1
Books 10−5 0.75 - 0.0 0.1

BLUR–NPO
News 2.5× 10−5 0.05 1.0 - -
Books 10−5 0.4 1.0 - -

Table 8: Hyperparameters for various unlearning meth-
ods on MUSE benchmark

WMDP. We run the experiments for BLUR–
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Method η β γ α λ c

RMU 5× 10−5 - - - 1200 6.5

NPO 10−5 0.1 - - 1.0 -

SimNPO 10−5 0.1 - 0.0 1.0 -

NGDiff–RMU 10−5 - - - - 6.5

BLUR–NPO 2× 10−6 0.005 1.0 - - -

BLUR–RMU 4× 10−2 - 0.00125 - - 6.5

Table 9: Hyperparamters for various unlearning meth-
ods on WMDP benchmark

NPO using a constant learning rate of 2×10−6

and a batch size of 4. A grid search is performed
for γ within the range [0.5,1.5], and β in (27) is
explored within the range [0.001, 0.01]. As for
the RMU and BLUR–RMU algorithms, we follow
the implementation details provided in WMDP (Li
et al., 2024). More precisely, for BLUR–RMU,
we conduct a grid search for γ over the range
[0.001, 0.002] and use 0.00125 as the final γ. We
also employ a constant learning rate of 4 × 10−2

and train for 150 steps for BLUR–RMU. We
exploit lm-evaluation-harness v0.4.2 (Gao
et al., 2021) to standardize prompts. We set the
experimental parameters for RMU, NPO, and Sim-
NPO, as described in (Li et al., 2024; Jia et al.,
2024; Fan et al., 2024). Table 9 summarizes all the
hyperparameters used for the unlearning.

We note that all other baselines applied exten-
sive hyperparameter fine-tuning and reported their
best-performing parameter settings. We adopt
their reported optimal settings directly, ensuring
that each baseline is compared at its best-reported
configuration without additional tuning on our end.

C.2 Additional Experiment Results

Here, we discuss our experimental results further.
As Fig C.1 shows, the update direction û(θ) cannot
consistently prioritize the forget loss over the retain
loss, even for various values of λ. This further
corroborates that the regularized problem in (1)
fails to achieve a proper balance between the forget
and retain losses. Fig C.2 show that the retain and
forget gradients conflict over the unlearning steps
across various unlearning schemes and values of λ.
Ablation Studies of BLUR–NPO on MUSE-
News Corpus.

The proposed direction u(θ) in (10) exploits a
hyperparameter γ adjusting the amplitude of the
forget gradient. Moreover, for BLUR–NPO, we
use NPO loss for the forget objective, where the
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Figure C.1: Alignment values of forget and retain ob-
jectives as defined in (5) on MUSE-News dataset using
LLaMa2-7B model vs. step with λ = 0.5 (top), λ = 1.5
(middle), and λ = 2 (bottom).

hyperparameter β regulates the intensity of unlearn-
ing. As β → 0, NPO loss converges to the GA loss.
Fig C.3 illustrates the performance of KnowMem
on the forget and retain datasets of BLUR–NPO
for various values of β and γ on MUSE-News us-
ing the LLaMA2-7B model with two learning rates
η = 10−5 and η = 2.5 × 10−5. As observed, a
large value of β fails to unlearn the forget set while
maintaining good performance on the retain set.
Moreover, the learning rate η = 10−5 is not large
enough to unlearn the forget set while preserving
the model utility, whereas a larger learning rate
η = 2.5 × 10−5 with a relatively small β = 0.05
and γ = 1.0 achieves both objectives simultane-
ously. The unlearning metrics for this optimal setup
are highlighted with red rectangles in Fig. C.3.
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(a) NPO, λ = 0.5
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(b) NPO, λ = 1.5
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(c) NPO, λ = 2.0
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(d) GradDiff, λ = 0.5
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(e) GradDiff, λ = 1.0
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(f) GradDiff, λ = 1.5

Figure C.2: Cosine similarity of the gradient forget
and retain losses using NPO and GradDiff methods on
MUSE-News dataset using LLaMa2-7B model vs. step.
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(a) KnowMem on forget dataset with η = 10−5.
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(b) KnowMem on retain dataset with η = 10−5.
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(c) KnowMem on forget dataset with η=2.5×10−5.
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(d) KnowMem on retain dataset with η=2.5×10−5.

Figure C.3: KnowMem values on forget and re-
tain datasets using BLUR–NPO unlearning method,
LLaMA2-7B model, and MUSE-News corpus under
two learning rates η = 10−5 and η = 2.5× 10−5 with
different combinations of hyperparameters of β and γ.
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