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Abstract

To follow regulations on individual data privacy and safety,
machine learning models must systematically remove infor-
mation learned from specific subsets of a user’s training data
that can no longer be utilized. To address this problem, ma-
chine unlearning has emerged as an important area of re-
search, that helps remove information learned from specific
subsets of training data from a pre-trained model without
needing to retrain the whole model from scratch. The prin-
cipal aim of this study is to formulate a methodology aimed
for the purposeful elimination of information linked to a spe-
cific class of data from a pre-trained classification network.
This intentional removal decreases the model’s performance
specifically concerning the unlearned data class while simul-
taneously minimizing any detrimental impacts on the model’s
performance in other classes. To achieve this goal, we frame
the class unlearning problem from a Bayesian perspective,
which yields a loss function that minimizes the log-likelihood
associated with the unlearned data with a stability regulariza-
tion in parameter space. This stability regularization incorpo-
rates Mohalanobis distance with respect to the Fisher Infor-
mation matrix and l2 distance from the pre-trained model pa-
rameters. Our novel approach, termed Partially-Blinded Un-
learning (PBU), surpasses existing state-of-the-art class un-
learning methods, demonstrating superior effectiveness. No-
tably, PBU achieves this efficacy without requiring informa-
tion about the entire training dataset but only of the unlearned
data points, marking a distinctive feature of its performance.

Code — https://github.com/Subhodip123/pbu

Introduction
In recent years, there has been a surge in the extensive train-
ing of machine learning models, utilizing large volumes of
user data across diverse applications. As a result, users’ pub-
lic and private data has become an integral part of these mod-
els. This development prompts a critical inquiry:

How can individuals control the utilization of their
personal data used by these models?

To address this question, contemporary regulatory frame-
works concerning data privacy and protection, exemplified
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by the California Consumer Privacy Act (CCPA) (Gold-
man 2020) and the European Union’s General Data Pro-
tection Regulation (GDPR) (Voigt and dem Bussche 2017),
mandate organizations to implement rigorous controls on
models. Specifically, these regulations require organizations
not only to delete personal information from databases but
also to remove corresponding learned information from the
trained models upon the users’ request. One naive approach
to tackle this issue involves fully retraining a machine-
learning model using the remaining data after removing the
data intended for unlearning. Nevertheless, this methodol-
ogy proves impractical, given its significant demands on
time and space resources, especially when dealing with inac-
cessible remaining datasets, a common occurrence in prac-
tical scenarios. Hence, the process of unlearning persists as
a challenging endeavor.

The framework of Machine Unlearning (Xu et al. 2020;
Nguyen et al. 2022b) tries to tackle the above-mentioned
challenges. Specifically, machine unlearning pertains to the
task of either forgetting the learned information (Sekhari
et al. 2021; Ma et al. 2022; Ye et al. 2022; Cao and Yang
2015; Golatkar et al. 2021a; Golatkar, Achille, and Soatto
2020c; Ginart et al. 2019; Golatkar, Achille, and Soatto
2020a) or erasing the influence (Wu, Dobriban, and David-
son 2020; Guo et al. 2020; Graves, Nagisetty, and Ganesh
2021a; Wu, Hashemi, and Srinivasa 2022; Wu, Tannen, and
Davidson 2020; Chourasia and Shah 2023) of a specific sub-
set of training dataset from a learned model, in response to a
user’s request. Current methodologies for machine unlearn-
ing within classification networks primarily revolve around
the endeavor of unlearning a small subset or the entirety of
data points associated with a specific class, whether it be
singular or multiple classes. This specific process is com-
monly referred to as class unlearning. This task poses an
inherent challenge as it requires the targeted unlearning of
a particular class within the training data while avoiding
adverse effects on the previously acquired knowledge from
other classes of data points. In essence, the unlearning pro-
cess introduces the risk of catastrophic forgetting, as evi-
denced by prior studies (Ginart et al. 2019; Nguyen et al.
2022a; Golatkar, Achille, and Soatto 2020a). This risk may
lead to a significant decrease in the overall performance of
the model, particularly in classes other than the one targeted
for unlearning. To address these challenges, current meth-
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ods (Chundawat et al. 2023; Tarun et al. 2023) in class un-
learning assume access to the entire dataset and employ two-
step strategies to restore the model’s performance on other
data classes. In some cases (Wu, Dobriban, and Davidson
2020; Graves, Nagisetty, and Ganesh 2021a), these meth-
ods rely on stringent assumptions over the training proce-
dure only applicable to small models.

Our study addresses the challenge of class unlearning
from a pre-trained classification network within a stricter
scenario where the other class data is inaccessible. Inspired
by the work of (Nguyen, Low, and Jaillet 2020), we adopt a
Bayesian perspective, framing the problem as the unlearning
of specific data points. The theoretical formulation yields
a loss function with the objective of minimizing the log-
likelihood associated with the unlearned class data, incor-
porating a stability regularization term. Utilizing the second-
order Taylor approximation and the assumption of parameter
Gaussianity, the stability regularization can be decomposed
into two main components. The first component centers on
the Mahalanobis distance, computed relative to the Fisher
Information matrix of the initial parameters. Meanwhile, the
second component relates to the l2 distance, quantifying the
disparity between the unlearned model and the initial model.
Notably, this formulation allows for a natural interpretation
of a trade-off: fully unlearning the target data class versus
retaining some knowledge of other class data encoded in
the initial parameters. The latter mitigates the risk of catas-
trophic unlearning induced by the former. Furthermore, our
approach distinguishes itself by not demanding access to the
complete dataset, a requirement prevalent in many contem-
porary methods (Tarun et al. 2023; Chundawat et al. 2023;
Graves, Nagisetty, and Ganesh 2021b). Instead, it only re-
quires access to the unlearned data to yield results in a one-
step method. In essence, it remains oblivious to the retaining
data classes, earning its nomenclature as Partially-Blinded
Unlearning. Our contributions can be summarized as fol-
lows:

• We provide a theoretical formulation for Class Unlearn-
ing and propose a methodology applicable to unlearning
specific classes in deep neural networks.

• Our method exhibits superiority over concurrent class
unlearning methods (Chundawat et al. 2023; Tarun et al.
2023) by not mandating access to the entire dataset, only
requiring partial access to the unlearned data. This fea-
ture proves advantageous in more restricted experimental
settings.

• Our method’s single-step unlearning process contrasts
with two-step approaches used by some contemporary
methods (Tarun et al. 2023), showcasing superior com-
putational efficiency and simplicity

• We validate our approach using ResNet-18, ResNet-
34, ResNet-50, Densenet-121, All-CNN, and ConvNeXt-
Large models across three vision datasets: MNIST,
CIFAR-100 and Food101, demonstrating its generaliz-
ability across different models and datasets. Our method
consistently outperforms many state-of-the-art class un-
learning methods.

Related Works
Machine Unlearning
Machine unlearning, as defined by the literature (Xu et al.
2020; Nguyen et al. 2022b), involves intentionally remov-
ing specific acquired knowledge or erasing the impact of
particular subsets of training data from a trained model. The
naive approach to unlearning is to remove the undesired data
subset from the training dataset and then retrain the model
from scratch with the rest of the training data. However, this
method becomes computationally expensive due to the large
volume of training data.

Subsequently, inspired by user privacy concerns, Cao
and Yang (2015) developed efficient methods for deleting
data from certain statistical query algorithms, coining the
term machine unlearning. Unfortunately, these techniques
are primarily suited for structured problems and do not
extend well to complex machine learning algorithms like
k-means clustering or random forests (Brophy and Lowd
2021). Later, unlearning algorithms were proposed for the
k-means clustering problem (Ginart et al. 2019), intro-
ducing effective data unlearning criteria applicable to ran-
domized algorithms based on statistical indistinguishability.
Building upon this criterion, machine unlearning methods
are broadly categorized into two main types: exact unlearn-
ing (Ginart et al. 2019; Brophy and Lowd 2021) and approx-
imate unlearning (Neel, Roth, and Sharifi-Malvajerdi 2021).
Exact unlearning aims to completely remove the effect of
unwanted data from the trained model. This requires the
parameters of the unlearned model to exactly match those
of a retrained model. In contrast, approximate unlearning
methods only partly remove the data’s influence, resulting
in parameter distributions closely resembling the retrained
model’s. To achieve exact unlearning, Wu et. al. (Wu, Do-
briban, and Davidson 2020) proposed a technique employ-
ing subtracting the cached gradients of the unlearning data,
offering computational efficiency while increasing memory
usage. Also, this method needs awareness of the unlearn-
ing data during the training phase, which is quite restric-
tive. More sophisticated methods (Guo et al. 2020; Graves,
Nagisetty, and Ganesh 2021a) have suggested using influ-
ence functions for this purpose. However, these approaches
are computationally demanding due to the requirement of
Hessian inversion techniques and are limited to small con-
vex models.

To broaden the applicability of unlearning techniques to
non-convex models such as deep neural networks, (Golatkar,
Achille, and Soatto 2020a) introduced a scrubbing mecha-
nism that uses the Fisher Information matrix. This mecha-
nism is designed for unlearning a specific class of data, fo-
cusing on the task of class unlearning. Despite the possibility
of achieving zero accuracy on unlearned class data, (Tarun
et al. 2023) demonstrates that this scrubbing mechanism of-
ten leads to poor accuracy on data from retaining classes. For
further improvement, (Chundawat et al. 2023) introduced a
method based on the knowledge distillation approach, em-
ploying two teacher networks. One is identified as a profi-
cient teacher, trained on the entire dataset, while the other is
an unskilled teacher initialized randomly. The methodology
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involves fine-tuning a student network and adjusting its pa-
rameters so that its output aligns with the proficient teacher
for the retaining data class and the unskilled teacher for the
unlearning data class. Despite achieving state-of-the-art re-
sults, this method requires access to the complete training
dataset, posing a significant restriction. Our current method
(PBU) is close to the works of (Golatkar, Achille, and Soatto
2020a) as it also uses the Fisher Information Matrix of the
initial parameters but produces superior to comparable per-
formance.

Continual Learning
Continual learning constitutes an active area of research, to
develop methods that enable the model to adapt to future
tasks while preserving its performance on previously ac-
quired tasks. Even though the objective of continual learn-
ing and machine unlearning is orthogonal, many techniques
of continual learning can be applied to the task of unlearn-
ing (Liu, Liu, and Stone 2022; Tanno et al. 2022). Espe-
cially the task of incrementally learning using the Elas-
tic Weight Consolidation (EWC) regularization (Kirkpatrick
et al. 2017; Schwarz et al. 2018) is closely related to our
method of unlearning. If the Fisher Information matrix be-
comes diagonal for our case the stability regularizer resolves
to EWC regularization technique. Additionally, one has the
flexibility to explore enhancements beyond EWC, such as
online EWC (Schwarz et al. 2018), or other regularization-
based techniques grounded in Bayesian learning princi-
ples (Nguyen et al. 2017; Pan et al. 2020; Loo, Swaroop,
and Turner 2021).

Methodology
Unlearning Problem Formulation
Consider a particular parameter in the parameter space Θ ⊆
Rm is denoted as θ. Now the pre-trained classification model
denoted as fθ∗ with initial parameters θ∗ ∈ Θ. This classifier
undergoes training using a datasetD = {(xi, yi)}|D|

i=1, where

(xi, yi)
iid∼ PXY (x, y). Here xi signifies the feature vector

belonging to the feature space X ⊆ Rd, and yi represents
the corresponding label or class belonging to the label space
Y = {0, 1, 2, . . . , C− 1}, where C stands for the total num-
ber of classes in the dataset. In response to a user-specified
request, indicating a particular class or classes of data points
sn ∈ Y that the model needs to unlearn, we gain access
to the unlearning samples of that specific class denoted as
Sn = {(xi, yi) : yi = sn}. The objective of unlearning is to
determine a parameter θu for the unlearned model fθu that
closely aligns with the performance of the retrained model
fθp , which is trained on samples Sp = D \ Sn. Now, given
that the retrained model achieves low accuracy on unlearned
class samples and high accuracy on retaining class samples,
the task involves adjusting the initial model parameter θ∗ to
θu such that the accuracy of fθu on unlearned class samples
Sn decrease, while maintaining similar performance as the
retrained model on retained samples Sp. It’s crucial to high-
light that we work under a more restrictive condition where
access to Sp is prohibited, rendering us unaware of the en-

tire dataset D = Sp ∪ Sn. Under this constraint of restricted
access, retraining the model is infeasible in our scenario.

Unlearning Problem: Bayesian view
Given θ∗ and Sn, the unlearning objective is to find the un-
learned parameter θu that closely resembles the retrained pa-
rameter θp expressed via a maximum a posteriori estimate
given by θp = argmaxθ P (θ|Sp), which is expanded as be-
low:

θp = argmax
θ

logP (θ|Sp) (1)

= argmax
θ

logP (Sp|θ) + logP (θ)− logP (Sp) (2)

= argmax
θ

logP (Sp|θ) + logP (θ)−K1 (3)

Eq. 2 is obtained via Bayes Rule and the term logP (Sp)
is replaced by a constant K1 since it is independent of θ, to
obtain Eq. 3. Now from the pre-trained model on the whole
dataset D, we have the following:

logP (θ|D) = logP (θ|Sp,Sn) (4)
= logP (Sp,Sn|θ) + logP (θ)−K2 (5)
= logP (Sp|θ) + logP (Sn|θ) + logP (θ)−K2

(6)

Now substituting the value of logP (Sp|θ) + logP (θ)
from Eq. 6 to Eq. 3, we get the following:

θp = argmax
θ

logP (θ|D)− logP (Sn|θ) +K2 −K1 (7)

≡ argmax
θ

logP (θ|D)− logP (Sn|θ) (8)

= argmax
θ
L(θ,D,Sn) (9)

Proposed Method: Overview
The task of finding the unlearned parameter θu, that approx-
imates θp in Eq. 9 demands access to the complete dataset
D, which is infeasible. Given that only the unlearning data
Sn is accessible, we reformulate the objective (maximizing
L(θ,D,Sn)) by constructing an upper bound on it1. This
results in the minimization of a loss function L(θ, θ∗,Sn)
(shown in Remark 1), as given in Eq. 10.

L(θ, θ∗,Sn) = α logP (Sn|θ)
+ β(θ − θ∗)T Iθ∗(Sn)(θ − θ∗)

+ γ||θ − θ∗||2 (10)

Here, α, β, γ are hyper-parameters and Iθ∗(Sn) is the
Fisher Information Matrix of the initial parameters corre-
sponding to the unlearning data class. The overall method-
ology, illustrated in Figure 1, entails perturbing the initial
parameter θ∗ to the unlearned parameter θu using the loss
function described in Eq. 10. The loss function comprises

1While maximization of a lower bound of the objective is desir-
able, we resort to an upper bound optimization since construction
of a lower bound is intractable in the current problem and show that
it leads to better performance empirically.
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Figure 1: Partially Blinded Unlearning (PBU) Method: Given user-identified samples to be unlearned (Sn), our unlearn-
ing method employs a two-component perturbation technique, indicated by a loss function comprising three terms: the first
term(shown in the bottom half) represents the perturbation in the output space, aiming to minimize the log-likelihood associ-
ated with the unlearned class while the last two terms correspond to perturbations in the parameter space (shown in the upper
half), including the Mahalanobis Distance with respect to the Fisher Information matrix and the l2 distance.

Algorithm 1: Partially Blinded Unlearning (PBU)
Input: Unlearning Data Classes: Sn, Initial Paramter: θ∗,
hyper-parameters: α, β, γ

Initialize: θ ← θ∗

Calculate Fisher Information Matrix: Iθ∗(Sn)
for t ≤ Tul do

Calculate L(θ, θ∗,Sn) = α logP (Sn|θ) + β(θ −
θ∗)T Iθ∗(Sn)(θ − θ∗) + γ||θ − θ∗||2
θt+1 ← θt − η∇θL(θ, θ∗,Sn)

end for
Output: θTul

two components: the first component involves perturbing the
parameters by minimizing the log-likelihood associated with
the unlearning class data, while the second component in-
volves perturbing parameters by incorporating stability reg-
ularization in the parameter space. This stability regulariza-
tion consists of the Mahalanobis distance between the ini-
tial parameter and the unlearned parameter with respect to
the Fisher Information matrix corresponding to the negative
class, along with the l2 distance between the initial parame-
ter and the unlearned parameter. Through this methodology,
our method aims to strike a balance between erasing specific
class information and retaining overall model performance
and robustness. In our formulation, the dependence on D is
encapsulated in the initial parameter θ∗. This characteristic
provides an advantage to our method, as it only requires ac-
cess to the unlearning class data points, making it ‘partially
blind’ to the whole dataset. Also, our method (PBU) in Al-
gorithm 1 is a single-step method and does not require re-
pairing as suggested in many of the algorithms (Tarun et al.
2023; Chundawat et al. 2023). In the subsequent section, we

provide a theoretical explanation detailing the construction
of the loss function utilized in our methodology.

Construction of Loss Function: Theoretical
Outlook
Definition 1 (Fisher Information Matrix): ∀θ ∈ Θ the
Fisher Information Matrix (Iθ(D)) for the model on the
whole dataset D is defined as follows:

Iθ(D) = EPθ(D)

[
∇θ logPθ(D)∇θ logPθ(D)T

]
(11)

Regularity Conditions: Now the above definition can
further be simplified if we assume certain regularity condi-
tions as follows:
1. Θ be an open set in Rm

2. The partial derivatives ∂Pθ(D)
∂θi

and∂2Pθ(D)
∂θ2

i
; ∀i ∈ [m] ex-

ists and is finite ∀θ ∈ Θ and ∀x ∈ X
3.

∫
X ∇θPθ(D)dµ(D) = ∇θ

∫
X Pθ(D)dµ(D) = 0

4.
∫
X ∇

2
θPθ(D)dµ(D) = ∇2

θ

∫
X Pθ(D)dµ(D) = 0

Theorem 1 (Moulin and Veeravalli (2019) Lemma-13.1)
If the regularity conditions (1)-(4) hold then ∀θ ∈ Θ the
Fisher Information matrix can be written in the following
form

Iθ(D) = EPθ(D)

[
−∇2

θ logPθ(D)
]

(12)
Lemma 1 If the regularity conditions (1)-(4) hold then for
the pretrained initial parameter θ∗, training data D and un-
learned class Sn

Iθ∗(D) ≥ Iθ∗(Sn) (13)
The proof of Theorem-1 and Lemma-1 are included in the

appendix A.1 and A.2 respectively. Lemma-1 uses, the i.i.d
assumption, ∀θ ∈ Θ, Pθ(Sp,Sn) = Pθ(Sp)Pθ(Sn). and lin-
earity of expectation and marginalization.
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Lemma 2 (Koh and Liang 2017; Wu, Hashemi, and Srini-
vasa 2022; Tanno et al. 2022) If θ∗ is the MAP estimate of
P (θ|D) then for some constant K3 independent of the pa-
rameter θ the following approximation holds.

logP (θ|D) ≈ 1

2
(θ − θ∗)T∇2

θ logP (θ∗|D)(θ − θ∗) +K3

(14)

Theorem 2 If the above regularity conditions (1)-(4) hold
and if the pre-trained initial parameter θ∗ is the MAP esti-
mate of P (θ|D) with prior parameter distribution P (θ) =
N (0, λI) with some variance parameter λ ≥ 0 then

L(θ,D,Sn) ≤ − logP (Sn|θ)

− N

2
(θ − θ∗)T Iθ∗(Sn)(θ − θ∗)− λ

2
||θ − θ∗||2 +K3

(15)

The proof of Lemma-2 and Theorem-2 are included in
Appendix A.3 and A.4, respectively.

Remark 1 Now using above Theorem-2 in Eq. 9 our final
objective to find θp results in the desired loss function of
Eq. 10 as follows

θp = argmax
θ
L(θ,D,Sn)

≤ argmax
θ

[
− logP (Sn|θ)

− N

2
(θ − θ∗)T Iθ∗(Sn)(θ − θ∗)− λ

2
||θ − θ∗||2 +K3

]
≡ argmin

θ

[
logP (Sn|θ)

+
N

2
(θ − θ∗)T Iθ∗(Sn)(θ − θ∗) +

λ

2
||θ − θ∗||2

]
≈ argmin

θ

[
α logP (Sn|θ)

+ β(θ − θ∗)T Iθ∗(Sn)(θ − θ∗) + γ||θ − θ∗||2
]

Experiments and Results
Datasets and Models
For class unlearning objective, we have used various classi-
fication models such as ResNet18, ResNet34, ResNet50 (He
et al. 2016), AllCNN (Challa, Yellamraju, and Bhatt 2019),
DenseNet-121 (He et al. 2016), and ConvNeXt-Large (Liu
et al. 2022) models for learning and unlearning tasks. Fur-
ther to evaluate the applicability of our method we take
three datasets, i.e., MNIST (LeCun et al. 1998), CIFAR100
(Krizhevsky, Hinton et al. 2009), and Food101 (Bossard,
Guillaumin, and Van Gool 2014) dataset. To show the ef-
ficacy of our method for different class unlearning settings,
we have used different combinations of classes for different
datasets and models which can be seen in Table 1. Due to
space constraints additional experimental results on Resnet-
18, Resnet-34, and All-CNN models are included in Ap-
pendix B.1, along with additional results demonstrating the
effectiveness of our method on CIFAR-10 in Appendix B.2.

Implementation Details
Initial Training, Unlearning, and Baselines: Initially,
we trained all models (referred to as the initial model) using
the entire dataset. Subsequently, we partitioned the test data
into two segments: one containing the class targeted for un-
learning and the other encompassing the remaining classes.
We assessed the accuracy of the initial model on both par-
titions of the test data. In our approach, we solely train the
unlearned model using the unlearning class and employ a
proposed loss function in Eq. 10 to facilitate unlearning of
the desired class. Additional specifics regarding the experi-
mental settings of initial training and unlearning methodolo-
gies are provided in Appendix Section C. To evaluate our
method, we included four baseline techniques. These are as
follows:
• Retraining: We trained the model again using data sub-

set Sp. The retrained model exhibited 0% accuracy on
the unlearned class Sn, while maintaining similar accu-
racy on the retained classes Sp.

• Fine-Tuning: Rather than retraining from scratch, we
initialized the model from the initial pre-trained check-
point and fine-tuned it using Sp.

• Fast-Effective: We conducted a comparative analysis be-
tween our method and the Fast-Yet-Effective approach
proposed by (Tarun et al. 2023). In this method, the au-
thors maximize noise by employing a noise matrix to ma-
nipulate the weights of the initial model for unlearning
through impair-repair steps, where weights are manip-
ulated in the impair step and stabilized on the retained
classes in the subsequent repair step. This required ac-
cess to the whole dataset D.

• Bad Teaching: Additionally, our method was compared
with the bad teaching approach proposed by (Chundawat
et al. 2023). In this method, a competent teacher, an in-
competent teacher, and a student model are involved,
where the student model attempts to unlearn classes spec-
ified by the user based on the information received from
both teachers. Like the previous baseline, it requires ac-
cess to the whole dataset D as well.

Evaluation Metrics
In previous works (Golatkar, Achille, and Soatto 2020b,d;
Golatkar et al. 2021b; Graves, Nagisetty, and Ganesh
2021b), the following unlearning metrics have been intro-
duced to measure the performance of the unlearning algo-
rithm. These metrics have been developed to measure the
amount of information left in the network corresponding to
the forget class. We mainly use the following metrics:

• Accuracy on forget and retain class: Following un-
learning, the model’s accuracy on the forgotten class, de-
noted as ADf

, is expected to be significantly low (ap-
proaching zero), while the accuracy on the remaining
classes, represented as ADr

, ideally should closely re-
semble the performance of the retrained model.

• Membership inference attack (MIA) accuracy: This
metric signifies the model’s resilience against member-
ship inference attacks, aiming to prevent the extraction
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Dataset Models Classes Initial Training Re-training Fine-tuning Fast-Effective Bad Teaching PBU (Our Method)
ADf

ADr
ADf

ADr
ADf

ADr
ADf

ADr
ADf

ADr
ADf

ADr
M

N
IS

T

Resnet-34
Class-2 99.65±0.11 99.42±0.11 0±0 99.33±0.11 0±0 99.37±0.06 0±0 94.17±0.88 0±0 97.96±0.29 0.03±0.06 98.73±0.57
Class-6 98.89±0.59 99.51±0.06 0±0 99.34±0.14 0±0 99.44±0.16 0±0 89.13±2.86 0±0 87.62±0.49 0±0 91.09±2.9
Class-8 99.73±0.21 99.41±0.12 0±0 99.31±0.08 0±0 99.37±0.19 0±0 94.64±1.97 0±0 96.18±0.53 0±0 98.24±0.36

Densenet-121
Class-2 99.6±0.12 99.44±0.11 0±0 99.15±0.05 0±0 99.37±0.12 0±0 91.43±1.62 0±0 94.15±0.54 0±0 96.5±0.3
Class-6 99.72±0.12 99.53±0.1 0±0 99.29±0.05 0±0 99.69±0.16 0±0 96.1±0.65 0±0 97.97±0.23 0.84±0.35 98.65±0.11
Class-8 98.95±0.63 99.58±0.11 0±0 99.47±0.09 0±0 99.53±0.08 0±0 94.5±2.34 0±0 94.83±0.59 0.27±0.24 98.57±0.31

ConvNeXt-L
Class-2 99.69±0.21 99.55±0.1 0±0 99.11±0.1 0±0 99.19±0.12 0.18±0 97.52±0.24 0±0 97.18±1.14 0±0 98.65±0.29
Class-6 99.05±0.05 99.59±0.1 0±0 98.83±0.17 0±0 98.63±0.01 0±0 98.25±0.13 0±0 97.75±0.51 1±0.16 98.33±0.18
Class-8 99.56±0.06 99.6±0.14 0±0 98.81±0.06 0±0 98.85±0.04 0±0 97.54±0.99 0±0 96.51±1.5 1.22±1.56 97.26±1.59

C
IF

A
R

-1
00

Resnet-50
Class-1 86.33±7.23 75.87±0.31 0±0 75.2±0.34 0±0 69.98±1.24 0±0 54.61±0.21 0.87±0.23 68.06±0.14 0±1.15 70.51±0.18
Class-3 56.67±11.72 76.17±0.41 0±0 74.12±0.93 0±0 69.25±0.36 0±0 59.43±0.56 0±0 70.35±1.19 0.5±0.58 71.85±0.91
Class-8 92.33±2.89 75.81±0.34 0±0 74.31±0.83 0±0 68.28±0.66 0±0 57±0.1 0±0 65.98±0.78 0.5±1 65.51±2.05

Densenet-121
Class-1 56.33±4.93 74.65±1.42 0±0 74.18±2.47 0±0 74.55±0.66 0±0 50.75±2.77 0±0 51.83±1.25 0.5±0.58 63.96±1.37
Class-3 89.8±1.31 74.74±1.83 0±0 73.9±2.32 0±0 74.54±1.88 0±0 56.84±3.41 1.31±1.15 54.52±3.03 0.15±0.17 66.38±3.65
Class-8 74.78±23.81 75.51±2.85 0±0 72.29±2.39 0±0 75.1±1.27 0±0 52.88±1.44 0.18±0.31 56.61±2.06 0.4±0.46 64.6±3.51

ConvNeXt-L
Class-1 91.59±4.13 89.03±1.03 0±0 73.03±0.55 0±0 73.79±0.17 0±0 75.25±1.01 0±0 72.26±1.07 1.9±0.85 76.82±1.19
Class-3 77.47±1.86 88.59±1.09 0±0 73.15±0.3 0±0 74.95±0.16 0±0 70.51±0.65 0±0 71±0.39 1±1.15 72.51±1.12
Class-8 99.41±0.86 89.22±1.03 0±0 71.83±0.35 0±0 73.65±1.19 0±0 71.22±0.93 0±0 71.97±0.26 0±0.18 72.64±0.23

FO
O

D
-1

01

Resnet-50
Class-10 67.2±5.54 78.18±0.01 0±0 75.1±0.23 0±0 77.3±0.77 0±0 60.83±1.4 0±0 56.07±1.08 0.8±0.69 68.34±1.24
Class-30 90.8±4.16 77.94±0.01 0±0 74.86±0.09 0±0 77.08±0.25 0±0 62.13±0.95 0±0 52.45±0.57 0.27±0.46 65.46±0.32
Class-50 59.6±4.85 78.26±0 0±0 74.18±0.2 0±0 77.23±0.32 0±0 63.06±0.77 0±0 55.53±0.48 0±0 69.43±0.81

Densenet-121
Class-10 60.87±6.31 75.85±1.93 0±0 75.38±0.61 0±0 75.65±1.12 0±0 53.5±1.89 0±0 50.91±0.37 1.2±1.31 64.97±2
Class-30 88.13±0.46 76.17±0.74 0±0 74.91±1.53 0±0 75.37±1.59 0±0 57.8±1.1 0.87±1.15 54.86±1.84 0.67±0.86 64.75±2
Class-50 58.05±13.76 77.67±1.88 0±0 75.24±0.55 0±0 75.7±1.05 0±0 55.56±4.65 0.29±0.27 58.23±0.77 0±0 67.9±2

ConvNeXt-L
Class-20 90.38±0.76 87.43±0.59 0±0 87.73±0.62 0±0 88.51±0.53 0±0 69.26±0.92 0±0 68.77±0.41 0±0 75.97±0.79
Class-40 96.35±0.74 87.17±0.37 0±0 87.02±0.17 0±0 88.46±0.2 0±0 72.37±1.76 0±0 70.62±0.28 0±0 78.45±0.79
Class-60 93.41±0.72 86.45±0.55 0±0 86.83±0.34 0±0 87.44±0.28 0±0 73.05±1.6 0±0 73.83±0.39 0.74±0.5 81.79±0.99

Table 1: accuracy on the forgotten class: ADf
(%) and accuracy on the remaining classes: ADr

(%) on MNIST, CIFAR-100 and
FOOD-101 datasets for different models and unlearning-classes.

of information regarding a user’s presence in the dataset.
Ideally, the membership inference attack (MIA) accuracy
should remain below 0.5, indicating that any unlearning
mechanism should not render the model more susceptible
to membership attacks than random chance.

• Unlearning time: The unlearning method is expected
to be computationally inexpensive, incurring low com-
putational cost. To assess computational efficiency, the
method should yield satisfactory results within a limited
number of epochs. Therefore, the runtime, measured in
terms of epochs, serves as a crucial metric for evaluating
various unlearning methods.

Unlearning Results
Experiments shown in Table 1 comprehensively detail
the performance evaluation of different models: Resnet-
34, Rensent-50, Densenet-121, and ConvNeXt-Large across
three distinct datasets, considering various class unlearning
settings. Across different datasets and models, our method
consistently achieves lower accuracy on the forgotten class
(ADf

) during various unlearning tasks while the high accu-
racy on the remaining classes (ADr ).

For the MNIST dataset, it is evident across various mod-
els and unlearning classes that all methods consistently at-
tain minimal accuracy (approximately 0) on the unlearning
class (ADf

). Notably, our proposed method exhibits supe-
rior efficacy compared to other baseline methods, particu-
larly in terms of retained class accuracy (ADr

), achieving
a level of performance akin to retraining with higher preci-
sion. In the context of the CIFAR-100 dataset, a similar pat-
tern emerges. Nevertheless, our proposed method exhibits
marginally elevated values for the unlearning class accuracy

(ADf
) in contrast to other baseline methods. This minor in-

crease in ADf
is accompanied by a noteworthy trade-off,

manifesting as a substantial improvement of 1% to 20% in
retained class accuracy (ADr ) when compared to the base-
line methods. This indicates that, while our method may
have a slight compromise in unlearning effectiveness on the
specified class, it compensates for this by significantly en-
hancing the preservation of knowledge pertaining to the re-
tained classes. Similarly, for the FOOD-101 dataset, our pro-
posed method demonstrates a comparable accuracy on the
unlearning class (ADf

) when juxtaposed with other base-
line methods. However, a noteworthy distinction arises in the
accuracy of the retrained classes (ADr ), where our method
excels by exhibiting an improvement of 5% to 10% over the
baseline approaches. Additional results for other models and
datasets can be found in Appendix Section B.

Any unlearning mechanism must avoid escalating the
MIA accuracy beyond the level achievable by random
chance. MIA accuracy variability depends upon the specific
model, dataset, and unlearning class under consideration.
The observations from Table 2 underscore that our proposed
unlearning method consistently maintains MIA accuracy be-
low 0.5. Resnet-18 exhibits a propensity for lower MIA
accuracy when applied to the MNIST dataset. Conversely,
Resnet-34 demonstrates relatively consistent performance
across diverse datasets. Resnet-50, All-CNN, Densenet, and
ConvNeXt consistently register MIA accuracy below 0.5, in-
dicative of the effectiveness of our devised unlearning algo-
rithm.

Further Fig. 2 shows the computational efficiency of our
method compared to other baselines. Notably, our approach
is a single-step method, eliminating the need for a repair
step as seen in alternative approaches (Tarun et al. 2023).
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Models Datasets —Unlearning Classes— MIA accuracy

Resnet-18

MNIST Class-2 0.24±0.01
CIFAR-10 Class-3 0.49±0.01

CIFAR-100 Class-1 0.48±0.03
Food-101 Class-8 0.49±0

Resnet-34

MNIST Class-8 0.42±0.02
Cifar-10 Class-1 0.44±0

Cifar-100 Class-3 0.44±0.01
Food-101 Class-40 0.49±0

Resnet-50 Cifar-100 Class-8 0.49±0
Food-101 Class-50 0.5±0

All-CNN MNIST Class-5 0.48±0.02
Cifar-10 Class-6 0.48±0.01

Densenet

MNIST Class-6 0.35±0.03
CIFAR-10 Class-6 0.38±0.05

CIFAR-100 Class-8 0.35±0.03
Food-101 Class-30 0.39±0.04

ConvNeXt

MNIST Class-2 0.39±0.04
CIFAR-10 Class-2 0.37±0.07

CIFAR-100 Class-3 0.39±0.04
Food-101 Class-20 0.39±0.04

Table 2: Membership Inference Attack(MIA) accuracy of
the unlearned models

This dual accomplishment of improved performance and
decreased computational burden positions our method as a
practical and efficient solution for class unlearning tasks.

Figure 2: Unlearning Time comparison of our method with
the Fast Yet Effective and Bad Teaching approach.

Ablation Study
Table 3 presents insights into the impact of a stability reg-
ularizer on different unlearning settings. In the absence of
a stability regularizer, the accuracy on the unlearned class
(ADf

) is low (approaching 0), the accuracy of the model on
the retained classes (ADr

) experiences a significant decline.
The findings emphasize that, without adequate stability reg-
ularization, models may struggle to maintain performance in
the classes they were initially trained on.

Model Dataset Class (α, β, γ) ADf ADr

Resnet-18 MNIST Class-2 (631,0,0) 0±0 41.45±6.22
ConvNeXt MNIST Class-2 (1000,0,0) 0±0 14.56±3.71
All-CNN CIFAR-10 Class-3 (2400,0,0) 7.4±3.08 60.59±3.71
Resnet-50 CIFAR-100 Class-3 (91,0,0) 0±0 15.83±15.35

Densenet-121 CIFAR-100 Class-3 (15000,0,0) 0±0 21.88±4.07
Resnet-50 Food-101 Class-30 (721,0,0) 0±0 15.09±10.19

Table 3: Effect of the stability regularizer on ADf
and ADr

:
setting α to optimal and β, γ to zero

We conducted additional experiments, as presented in Ta-
ble 4 where we held the values of β and γ constant at their
optimal settings while systematically varying the value of
α. Specifically, there is a consistent reduction in accuracy
on the unlearned class (ADf

) under the same number of
training epochs. However, in contrast, the accuracy of the
retained class (ADr

) exhibits a declining trend.

Model Dataset Unlearn-Class α ADf ADr

Resnet-18 MNIST Class-2

100 5.85±0.48 95.95±0.16
200 0.1±0.1 96.74±0.16
400 0±0 97.24±0.3
800 0±0 97.16±0.68

ConvNeXt MNIST Class-2

1000 0.17±0.29 98.48±0.59
2000 0.14±0.24 98.63±0.22
3000 0.07±0.12 98.05±0.51
4000 0.17±0.3 97.43±0.9

All-CNN CIFAR-10 Class-3

500 6.53±1.85 83.64±0.31
1000 3.57±1.62 83.25±0.54
2000 0±0 81.23±0.48
4000 0.03±0.06 75.73±0.45

Resnet-50 CIFAR-100 Class-3

40 1.33±0.58 72.35±1.87
80 0.33±0.58 72.72±0.57
160 0±0 71.84±0.61
320 0±0 71.52±0.24

Densenet-121 CIFAR-100 Class-3

40 1.6±2.77 69.15±4.1
80 3.67±1.75 70.49±1.73
120 2.33±1.62 68.96±2.2
160 2±1.78 68.11±1.68

Resnet-50 Food-101 Class-30

40 1.87±1.15 70.27±0.64
80 0.4±0 65.52±0
160 0.8±1.39 69.64±0.48
320 0.93±1.62 67.77±1.21

Table 4: Effect of α on ADf
and ADr : Setting β, γ to optimal

and varying α

Conclusion
With growing concerns related to privacy, safety, and model
adaptability, our work presents a significant advancement in
addressing fundamental challenges in machine unlearning.
We present a novel method tailored for unlearning specific
classes within deep classification models. A key distinguish-
ing feature of our approach is its capability to function effec-
tively even with partial access only to the unlearning class
data. Unlike existing methods that may require multiple
steps or complete dataset access for unlearning, our method
achieves its objective in a single step. We believe that this
unique characteristic significantly enhances the practicality
and efficiency of the unlearning process, particularly in sce-
narios where full dataset access is restricted or impractical.
Further, our method surpasses contemporaneous approaches
consistently across a range of class unlearning challenges,
underscoring its versatility and effectiveness.
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