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1. Related Work on Machine Unlearning

The first work in machine unlearning was published in
2015 [5], where Cao et al. proposed to decompose a ma-
chine learning model into a series of sums and eliminate
some sum operations that are affected by the forget class.
Later work focused on the topic of exact unlearning, which
is the process of completely removing the knowledge so
that the performance is exactly the same as retraining the
model without the data to be unlearned [3,14,17,24]. How-
ever, these works cannot be applied to deep neural networks
(DNNs) due to the non-convex nature of the objective func-
tion.

The first exact unlearning framework for DNNs was
SISA [2], which divides the dataset into multiple slices
to create an ensemble of DNNs and uses majority voting
for inference. This requires only the DNNs trained on the
slices containing the samples of the forget dataset to be re-
trained. However, Koch et al. [20] highlighted SISA’s lim-
itations with class imbalance. Building on SISA, Gupta
et al. [18] provided a framework with provable differen-
tial privacy guarantees when unlearning requests arrive in
streams. Although other works have attempted certifiable
unlearning [8, 23, 29], they often rely on strong assump-
tions about the learning algorithm and lack evaluation on
standard benchmark datasets. This line of research has
helped establish a foundation for certifiable unlearning with
provable guarantees, particularly in privacy-preserving ap-
plications. Yet, for broader scenarios—such as defending
against backdoor attacks, enhancing lifelong learning, or
improving fairness in DNNs—more practical approaches
have emerged. For instance, Golatkar et al. [15, 16] em-
ployed the Fisher information matrix (FIM) to identify crit-
ical weights for unlearning. Recently, Chundawat et al. [9]
proposed an approach where knowledge of the data to be
forgotten is distilled from a randomly initialized teacher,
while Fan et al. [11] addressed unlearning for both classi-
fication and image generation tasks. To accelerate the pro-
cess, Tarun et al. [28] introduced an incremental approach
that adjusts parameters based on the removal of specific data
points without a full update. The data points are removed by
fine-tuning the DNN on noise samples generated by maxi-
mizing the loss for the forget dataset. All the above ap-

proaches assume access to the retain dataset.
The line of work in [7, 10, 12, 13, 27] has investigated

machine unlearning without accessing the retain dataset.
While Sekhari et al. [27] does not require storing the entire
retain dataset but only its FIM, its computational complex-
ity scales cubically with the number of parameters in the
DNN since it needs to obtain the FIM. Foster et al. [13] tried
to alleviate this issue by approximating only the diagonal of
the FIM. While Foster et al. [12] tried to align the output
of the model to that of the out-of-distribution (OOD) input,
their approach is based on minimizing the Lipschitz con-
stant of the DNN, which is orthogonal to the approach taken
in CLUE. Chen et al. [7] proposed Boundary Shrinking (BS)
and Boundary Expanding (BE). BS relabels the data points
of the forget dataset with the nearest neighbor class label
and fine-tunes the DNN with the resulting forget dataset.
BE adds an extra class and assigns the data points of the
forget class to that. Then after fine-tuning, the extra node is
removed. However, [7] uses small datasets (i.e., CIFAR10
and randomly sampled 10 classes from VGGFace2) and it
is evaluated on outdated architectures (e.g. VGG, AllCNN).

Another line of work explores subspace-based unlearn-
ing. [25] introduces a training-free approach that directly
identifies and removes low-dimensional subspaces asso-
ciated with the forget set, efficiently eliminating knowl-
edge without retraining. However, its reliance on clean
subspace separation limits effectiveness when forget and
retain knowledge are entangled. [6] leverages null-space
constraints calibrated to retain data, suppressing forget-set
knowledge while reducing over-unlearning, though it re-
quires reliable pseudo-labeling and access to retain data.
[31] employs a sparse autoencoder to decompose hidden
representations into relevant and irrelevant subspaces, pro-
jecting forget-set gradients into the latter to improve the
forget–retain trade-off, at the cost of additional overhead.

Beyond these approaches, recent work has studied zero-
shot unlearning, which removes knowledge without access
to explicit forget data. Methods include iterative null-space
projection for concept erasure [26], direct parameter editing
to overwrite or nullify specific facts [21,22], and noise gen-
eration for selectively damaging information about forget
class [10, 28]. These strategies highlight the growing inter-
est in efficient, data-free unlearning, though they often trade
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off between performance of forgetting and preservation of
retained knowledge.

2. Details about the Baselines
We sweep through the learning rate µ ∈

[0.001, 0.00001] and number of iterations E ∈
{2, 5, 8, 10, 12, 14, 16, 18, 20} for all the baselines. Ad-
ditionally, we use Stochastic Gradient Descent Optimizer
(SGD) with momentum value of 0.9 and 0 weight-decay
for optimization of the DNN.

Retrain The DNN is retrained from scratch by using the
retain dataset. Since this represents the upper bound of per-
formance (i.e., exact unlearning), we use this as the golden
standard and report the gap between Retrain and the other
approaches in terms of the considered performance metrics;

Gradient Ascent (GA) This approach focuses on maxi-
mizing the training loss for the forget dataset. In classifi-
cation tasks, this means maximizing the cross-entropy loss
for the forget dataset. For a batch of samples X, the DNN
parameters are updated using the Eq. (1):

θi = θi−1 + µ∇Lcross entropy (1)

Influence Update (IU) This approach uses the influence
function formulation from [19]. It measures the parameter
change (∆θ) in the DNN when the forget dataset is excluded
from training. The change is estimated as H−1∇L(Df ; θ0),
where:

• H−1 is the inverse Hessian matrix

• ∇2
θθL(D; θ0) evaluated at θ0

• ∇L(Df ; θ0) is the gradient of the loss function for the
forget dataset.

The updated parameters (θMU ) are given by θMU = θ0 +
∆θ

Random Relabeling (RL) In this approach, samples of
the forget dataset are randomly relabeled. The DNN is
fine-tuned using this relabeled forget dataset. In our data-
constrained settings, only the forget dataset with random
labels is used for fine-tuning.

Boundary Expanding (BE) This method introduces an
additional neuron in the final layer of the DNN to represent
a "dummy" class. Samples of the forget class are assigned
to this dummy class, and the resulting forget dataset is used
to fine-tune the DNN. After fine-tuning, the dummy class is
removed.

Boundary Shrinking (BS) In this approach, samples of
the forget class are adversarially perturbed using algorithms
like Fast Gradient Sign Method (FGSM) or Projected Gra-
dient Descent (PGD). The samples are relabeled based on
the predicted class of their perturbed counterparts. The re-
labeled dataset is then used to fine-tune the DNN.

Lipschitz Unlearning (LU) This method aims to align
the representations of the forget dataset with their heavily
corrupted counterparts. Corruption is introduced through
strong Gaussian noise, and the approach minimizes the Lip-
schitz constant of the DNN. The Lipschitz constant is esti-
mated as Eq. (2)

k =
||f(x)− f(xnoisy)||2

||x− xnoisy||
(2)

Here, k is the Lipschitz constant, x is the clean input,
and xnoisy is the noisy counterpart.

Unlearning with Single Pass Impair and Repair (UN-
SIR) This approach assumes no access to the forget dataset
but uses the retain dataset. A proxy forget dataset is cre-
ated from optimized noise to unlearn the forget class. The
process involves two steps:

1. Impair Step: Noise is optimized to maximize training
loss for the forget dataset. The noise is then used to
fine-tune the DNN.

2. Repair Step (omitted in our setup): Fine-tuning the
DNN on the retain dataset to preserve generalization.
For our setting, only the impair step is used.

3. Discussion of Results
In this section, we will discuss the observed performance

of the baseline approaches in further detail.
Gradient Ascent (GA) The GA approach performs best

for CIFAR100 with a ViT base architecture. By design,
it effectively removes knowledge of the forget class by in-
creasing its loss. However, indiscriminate weight updates
can harm the retain set’s accuracy, as observed for CI-
FAR10, CIFAR100, and ResNet-20.

Random Labels (RL) is conceptually very close to the BE
and BS approaches. In RL, the samples of the forget class
are relabeled randomly. Fine-tuning with this relabeled for-
get class likely breaks the previously learned association of
the samples of the forget class with the class label. This
causes the DNN to perform poorly on the forget class. At
the same time, this starts associating samples of the forget
class to class labels of the retain class. Depending on the re-
labelling (which is randomized) process, the decision space
might need to change radically - a sample from the forget
class may get assigned to a distant class. This can reduce
the accuracy of the DNN on the retain set. This is observed
in the results - a good Unlearning Accuracy (UA) perfor-
mance is accompanied by a drop in Remaining Accuracy
(RA) and Testing Accuracy (TA) for RL.

Influence Unlearning (IU) The IU approach performs
poorly, especially for ViT architectures. While it shows
comparable performance for ResNet on CIFAR100, its in-
consistency across datasets and architectures indicates weak
generalization.



BE and BS The BE and BS approaches are the clos-
est ones to CLUE. These two approaches perform consis-
tently across model architectures and datasets. This indi-
cates that a crucial component of class-level machine un-
learning (CMU) is to remove the forget samples from the
decision space. The challenge these approaches face is to
retain the generalization capability of the DNN. We hy-
pothesize that the direct assignment of the samples of the
forget set to the nearest class confuses the DNN. This can
happen because semantically similar samples from the for-
get set are assigned to different retain set classes. We get
support for this hypothesis from the observation that even
with ViT and CIFAR10 datasets, these approaches lose ac-
curacy on the retain training set and test set by up to 10.53%
and 11.58% respectively. Another support for this hypothe-
sis comes from the observation that the RL-a more extreme
version of BS and BE approaches performs even worse and
loses 15.4% accuracy on the test set of the CIFAR10 retain
dataset. In this work, we search for the optimal learning rate
for unlearning between 10−3 and 10−5. We choose 10−3 as
the last learning rate for our DNN during training is 10−3.
We stop our search at 10−5 following the original work [7].

Lipschitz Unlearning (LU) The LU method generally un-
derperforms. It aligns DNN outputs with corrupted inputs
by minimizing the Lipschitz constant, which negatively im-
pacts retain set accuracy. Two possible reasons are:

1. Direct estimation of the Lipschitz constant may fail to
protect retain set information.

2. Batch normalization statistics align with corrupted in-
puts, disrupting retain set performance.

Unlearning by Selective Impair and Repair (UNSIR)
This approach performs poorly across metrics for ViT but
shows potential with ResNet on CIFAR100. As in our set-
ting, we do not use retain set samples for the repair step,
training with noise reduces generalization significantly.

4. Implementation and Hardware Details
The training of the models mentioned in section 4 of the

manuscript uses the following configurations:
Hardware Details We have performed our experiments on
a Dell Precision Tower 3650. The machine has 16 CPU
cores with 32GB RAM. The machine also has NVIDIA
RTX A4000 GPU with 16 GB memory.

The experiment on VGGFace2 dataset is performed on a
machine with 48 Cores and 512GB RAM. We use NVIDIA
A100 GPU with 80GB memory.
Model Training

• We train the resnet model from scratch on CIFAR
benchmarks. We use a batch size of 256, a learning
rate of 0.1 with multi-step learning rate reductions to

one-tenth of the current value at step 91 and 136, and
train for 182 epochs. We use the Stochastic Gradient
Descent (SGD) optimizer with momentum 0.9 to min-
imize the cross-entropy loss.

• For the transformer models, we use pretrained mod-
els from the timm [32] repository of the hugging-face
library. We adapt them to run on the CIFAR bench-
marks. We change the patch size to 4 and the image
size to 32. We fine-tune them for 50 epochs with SGD
optimizer with momentum 0.9 minimizing the cross-
entropy loss. We use a learning rate of 0.01.

• We use pretrained models from the timm [32] reposi-
tory of the hugging-face library. We adapt them to run
on the VGGFace2 dataset. We use an image size of
224×224. We fine-tune them for 20 epochs with SGD
optimizer with momentum 0.9 minimizing the cross-
entropy loss. We use a learning rate of 0.01.

Retraining from Scratch While retraining from scratch,
we use the same configuration as training from scratch (for
Resnet architectures) or fine-tuning (for transformer archi-
tecture).
Evaluation Protocol CMU algorithms need to work for dif-
ferent classes with the same hyperparameter setting. In or-
der to realize this, we enforce the following protocol for
evaluation - (step 1) perform hyper-parameter tuning
for one class and (step 2) evaluate for the rest of the
classes with the same hyper-parameter setting.

We randomly choose the class#2 as for hyper-parameter
tuning. We follow this protocol for each baseline as well
as CLUE and report their best performances from step 1 in
the manuscript. We use the obtained hyper-parameters and
evaluate the CMU approaches on additional classes. The
evaluation results are reported here.
Hyperparameters The values of the hyperparameters used
in this work are as follows-

• For the gaussian noise added to the input of the teacher
DNN, we use µ = 0. We randomly vary the strength
of the noise from σ2 = 0.5 to σ2 = 1. This is be-
cause a small value of sigma may not resemble OOD
while a large value can possibly resemble random soft
labels. In order to balance these two extremes, we ran-
domly vary the noise strength so that the information
about the training data is not entirely removed while
resembling OOD data as closely as possible.

• For the value of the hyperparameter λ in balancing the
knowledge distillation (KD) and energy loss in equa-
tion 5 of the manuscript, we set it to fixed value of 0.1.

• For the threshold τ for generating gradient masks, we
set it to 99th quantile of R(w) in equation 6 of the



Figure 1. The setup for power and latency measurement.

manuscript. Essentially, CLUE updates only the few
most important weights for the forget set.

Number of Iterations for Unlearning We highlight that
a major reason for the run-time-efficiency of CLUE is the
low number of iterations required by CLUE. For example,
for ViT base architecture CLUE requires only 8 iterations
for both CIFAR10 and CIFAR100 datasets. On the same
architecture and datasets, boundary unlearning requires 16
iterations and RL requires 14 iterations. Similarly, for the
Resnet20 architecture, CLUE requires 5 iterations while
boundary unlearning and RL requires 8 and 12 iterations
respectively.

Details about Visualization of Decision Space In or-
der to visualize the decision space, we use the output of
the penultimate layer. In order to reduce the resulting high-
dimensional (number of dimension is 64) feature map ob-
tained from the penultimate layer, we utilize the t-SNE [30]
algorithm. We use the scikit-learn [4] for the implementa-
tion of t-SNE where we set the perplexity value to 3 and
represent the data with two components leaving the rest of
the hyper-parameters unchanged. The two axes in the figure
2 in the manuscript refer to the two components returned by
the algorithm.

Details about Power Measurement on Edge Devices
We considered Raspberry-Pi-5 as edge device for running
mobile computer vision (CV) applications. Our experimen-
tal setup is shown in Figure 1. The Raspberry Pi runs a
quad-core ARM A76 SoC running at upto 2.4 GHz with 8
GB LPDDR4 memory. We use an INA-219 sensor to sam-
ple the current and use it to calculate the power averaged
over all the test samples. For latency, we report the time in-
cluding any pre- or post-processing involved. We intention-
ally include cold-start effects in our measurements to reflect
real-world edge deployment scenarios where devices may
frequently restart or handle sporadic requests. All batches,
including initial ones, are included in latency reporting. The
latency measurements were averaged over 5 runs.

(a) Samples with Label 
Changes After Unlearning

(b) Samples Corrected 
After Unlearning

Distance from Boundary

Figure 2. Subfigure (a) shows the percentage of samples that
change their labels due to unlearning against their distance from
the decision boundary. Subfigure (b) shows the percentage of sam-
ples that were misclassified before but are corrected now after un-
learning. All the samples belong to the retain set.

5. Understanding Effect on Hard Inputs from
Retain Set

To understand how CLUE affects hard exam-
ples—samples closer to the decision boundary—in
the retain set, we conduct an experiment to measure
the percentage of samples at varying distances from the
boundary that change labels due to unlearning. We perform
this experiment using CIFAR-10 and a ViT-base DNN.

To provide a comprehensive view, we plot two metrics
against the distance from the nearest decision boundary-

• The percentage of samples that change labels after un-
learning.

• The percentage of samples that are corrected after un-
learning.

Our results reveal that samples closest to the decision
boundary are the most affected. As shown in Subfigure
2(a), these hard samples change labels far more frequently
than easier ones. Additionally, unlearning leads to a rear-
rangement of the decision space, allowing samples near the
boundary to be corrected more often.

6. Comparison with SalUn
We compare CLUE with SalUn [11] in Table 1. For

fair comparison, we adapt SalUn so that it does not use
the data from the retain set. We use the gradient mask
generation setup and the random labeling approach from
SalUn and while unlearning, we use only the forget set
for model update and leave out the retain set. Specifically,
we modify the objective function to min∆θ L

(1)
SaUn(θu) =

E(x,y)∼Df , y′ ̸=y [ℓCE(θu;x, y
′)]. Here, Df is the forget set

and y′ is the random label other than the label of the for-
get class. While sweeping for optimal hyperparameter, we
follow the same range as reported in [11]. We observe



that CLUE outperforms SalUn by up to 12.57%. CLUE
performs much better than SalUn especially for CIFAR10
while the margin shrinks with increase in class number for
CIFAR100.

Table 1. Comparison of CLUE with SalUn: To ensure a fair com-
parison, we adapt SalUn to refrain from using data from the retain
set.

Dataset/
Architecture

Unlearning
Methods UA RA TA MIA Average

Gap

CIFAR10/ViT Base
Retrain 0 99.8 96.92 100

CLUE
2.04

(2.04)
98.42
(1.38)

95.86
(1.06)

97.95
(2.05) 1.63

SalUn
11.55

(11.55)
97.80

(2)
96.72
(0.2)

56.95
(43.05) 14.2

CIFAR100/ViT Base
Retrain 0 99.24 85.72 100

CLUE
0.22

(0.22)
91.24

(8)
80.77
(4.95)

99.77
(26.33) 3.37

SalUn
0

(0)
81.53

(17.71)
71.92
(13.8)

100
(0) 4.42

CIFAR10/Resnet20
Retrain 0 99.75 90.18 100

CLUE
10.48

(10.48)
96.61
(3.14)

89.7
(0.48)

89.50
(10.50) 6.15

SalUn
18.33

(18.33)
95.51
(4.24)

89.07
(1.11)

81.66
(18.34) 10.505

CIFAR100/Resnet20
Retrain 0 87.84 62.85 100

CLUE
3.77

(3.77)
68.11

(19.73)
54.75
(8.10)

96.22
(3.78) 8.84

SalUn
5.33

(5.33)
67.52

(20.32)
54.31
(8.51)

94.88
(5.12) 9.82

7. Unlearning Results on Additional Classes

We provide unlearning results on additional classes in
Table 2 through Table 9.

Table 2. Additional result for ViT base architecture trained on
CIFAR10 and forget class#0.

Unlearning
Methods UA RA TA MIA Gap

Retrain 0 99.73 97.15 100 0
GA 0 ( 0.00 ) 11.11 ( 88.62 ) 11.11 ( 86.04 ) 100 ( 0.00 ) 43.67
RL 21.51 ( 21.51 ) 81.22 ( 18.51 ) 80.56 ( 16.59 ) 59.63 ( 40.37 ) 24.25
IU 98.04 ( 98.04 ) 99.31 ( 0.42 ) 96.91 ( 0.24 ) 1.95 ( 98.05 ) 49.19
BE 29.5 ( 29.50 ) 93.58 ( 6.15 ) 90.73 ( 6.42 ) 69.24 ( 30.76 ) 18.21
BS 31.24 ( 31.24 ) 93.87 ( 5.86 ) 91.18 ( 5.97 ) 68.75 ( 31.25 ) 18.58
LU 0 ( 0.00 ) 11.11 ( 88.62 ) 11.11 ( 86.04 ) 100 ( 0.00 ) 43.67

UNSIR 99.15 ( 99.15 ) 99.02 ( 0.71 ) 96.42 ( 0.73 ) 0.84 ( 99.16 ) 49.94
CLUE 0 ( 0.00 ) 98.6 ( 1.13 ) 96.07 ( 1.08 ) 100 ( 0.00 ) 0.55

Table 3. Additional result for ViT base architecture trained on
CIFAR10 and forget class#6.

Unlearning
Methods UA RA TA MIA Gap

Retrain 0 99.73 96.72 100
GA 0 ( 0.00 ) 11.11 ( 88.62 ) 11.11 ( 85.61 ) 100 ( 0.00 ) 43.56
RL 23.52 ( 23.52 ) 86.31 ( 13.42 ) 85.22 ( 11.50 ) 63.52 ( 36.48 ) 21.23
IU 99.2 ( 99.20 ) 99.29 ( 0.44 ) 94.74 ( 1.98 ) 0.8 ( 99.20 ) 50.21
BE 43.29 ( 43.29 ) 96.58 ( 3.15 ) 95.83 ( 0.89 ) 55.24 ( 44.76 ) 23.02
BS 42.93 ( 42.93 ) 97.59 ( 2.14 ) 94.75 ( 1.97 ) 57.06 ( 42.94 ) 22.50
LU 0 ( 0.00 ) 11.11 ( 88.62 ) 11.11 ( 85.61 ) 100 ( 0.00 ) 43.56

UNSIR 98.02 ( 98.02 ) 92.28 ( 7.45 ) 88.95 ( 7.77 ) 1.97 ( 98.03 ) 52.82
CLUE 0 ( 0.00 ) 98 ( 1.73 ) 94.77 ( 1.95 ) 100 ( 0.00 ) 0.92

Table 4. Additional result for ViT base architecture trained on
CIFAR100 and forget class#0.

Unlearning
Methods UA RA TA MIA Gap

Retrain 0 99.51 86.57 100 0
GA 91.77 ( 91.77 ) 92.58 ( 6.93 ) 81.98 ( 4.59 ) 8.22 ( 91.78 ) 48.77
RL 0 ( 0.00 ) 55.12 ( 44.39 ) 49.62 ( 36.95 ) 100 ( 0.00 ) 20.34
IU 94.44 ( 94.44 ) 92.65 ( 6.86 ) 82 ( 4.57 ) 5.5 ( 94.50 ) 50.09
BE 0 ( 0.00 ) 78.3 ( 21.21 ) 68.54 ( 18.03 ) 100 ( 0.00 ) 9.81
BS 0 ( 0.00 ) 68.68 ( 30.83 ) 61.58 ( 24.99 ) 100 ( 0.00 ) 13.96
LU 0 ( 0.00 ) 1.01 ( 98.50 ) 1.01 ( 85.56 ) 0 ( 100.00 ) 71.02

UNSIR 46.14 ( 46.14 ) 81.33 ( 18.18 ) 40.43 ( 46.14 ) 18.66 ( 81.34 ) 47.95
CLUE 0 ( 0.00 ) 89.67 ( 9.84 ) 79.2 ( 7.37 ) 100 ( 0.00 ) 4.30

Table 5. Additional result for ViT base architecture trained on
CIFAR100 and forget class#12.

Unlearning
Methods UA RA TA MIA Gap

Retrain 0 99.26 85.21 100 0
GA 74.66 ( 74.66 ) 92.68 ( 6.58 ) 82.13 ( 3.08 ) 25.33 ( 74.67 ) 39.75
RL 0 ( 0.00 ) 71.35 ( 27.91 ) 66.23 ( 18.98 ) 100 ( 0.00 ) 11.72
IU 84.66 ( 84.66 ) 92.72 ( 6.54 ) 82.18 ( 3.03 ) 15.33 ( 84.67 ) 44.73
BE 0 ( 0.00 ) 53.79 ( 45.47 ) 47.51 ( 37.70 ) 100 ( 0.00 ) 20.79
BS 0 ( 0.00 ) 86.16 ( 13.10 ) 75.92 ( 9.29 ) 100 ( 0.00 ) 5.60
LU 0 ( 0.00 ) 1.01 ( 98.25 ) 1.01 ( 84.20 ) 0 ( 100.00 ) 70.61

UNSIR 26.22 ( 26.22 ) 41.99 ( 57.27 ) 36.12 ( 49.09 ) 73.77 ( 26.23 ) 39.70
CLUE 0 ( 0.00 ) 89.19 ( 10.07 ) 79.24 ( 5.97 ) 100 ( 0.00 ) 4.01

Table 6. Additional result for Resnet 20 architecture trained on
CIFAR10 and forget class#0.

Unlearning
Methods UA RA TA MIA Gap

Retrain 0 99.69 89.53 100 0
GA 11.92 ( 11.92 ) 93.54 ( 6.15 ) 84.61 ( 4.92 ) 88.55 ( 11.45 ) 8.61
RL 8.56 ( 8.56 ) 81.23 ( 18.46 ) 78.55 ( 10.98 ) 88.3 ( 11.70 ) 12.43
IU 17.77 ( 17.77 ) 94.05 ( 5.64 ) 87.87 ( 1.66 ) 82.22 ( 17.78 ) 10.71
BE 14.8 ( 14.80 ) 92.15 ( 7.54 ) 83.8 ( 5.73 ) 85.2 ( 14.80 ) 10.72
BS 24.6 ( 24.60 ) 90.74 ( 8.95 ) 83.37 ( 6.16 ) 75.4 ( 24.60 ) 16.08
LU 0 ( 0.00 ) 11.11 ( 88.58 ) 11.11 ( 78.42 ) 0 ( 100.00 ) 66.75

UNSIR 0.02 ( 0.02 ) 13.22 ( 86.47 ) 12.9 ( 76.63 ) 99.97 ( 0.03 ) 40.79
CLUE 11.64 ( 11.64 ) 92.65 ( 7.04 ) 87.02 ( 2.51 ) 88.35 ( 11.65 ) 8.21

Table 7. Additional result for Resnet20 architecture trained on
CIFAR10 and forget class#6.

Unlearning
Methods UA RA TA MIA Gap

Retrain 0 99.78 89.53 100 0
GA 12.53 ( 12.53 ) 91.52 ( 8.26 ) 80.66 ( 8.87 ) 85.22 ( 14.78 ) 11.11
RL 20.11 ( 20.11 ) 83.14 ( 16.64 ) 81.23 ( 8.30 ) 82.11 ( 17.89 ) 15.74
IU 27.56 ( 27.56 ) 90.05 ( 9.73 ) 82.34 ( 7.19 ) 83.72 ( 16.28 ) 15.19
BE 6.48 ( 6.48 ) 80.44 ( 19.34 ) 73.56 ( 15.97 ) 93.51 ( 6.49 ) 12.07
BS 15.2 ( 15.20 ) 86.5 ( 13.28 ) 79.12 ( 10.41 ) 87.79 ( 12.21 ) 12.78
LU 0 ( 0.00 ) 11.11 ( 88.67 ) 11.11 ( 78.42 ) 0 ( 100.00 ) 66.77

UNSIR 6.86 ( 6.86 ) 11.78 ( 88.00 ) 11.48 ( 78.05 ) 93.11 ( 6.89 ) 44.95
CLUE 10.77 ( 10.77 ) 93.19 ( 6.59 ) 86.3 ( 3.23 ) 89.4 ( 10.60 ) 7.80

8. Effect of Varying Forget Set Size

To examine the sensitivity of unlearning performance
to the size of the forget set, we conduct experiments us-
ing different fractions of the full forget set. Specifically,
we vary the proportion of samples to be forgotten across
{10%, 25%, 50%, 75%, 95%, 100%}. This setup allows
us to characterize how effectively the unlearning method
scales as more or fewer samples are designated for removal.

Table 10 reports results on CIFAR-10 and CIFAR-100



Table 8. Additional result for Resnet20 architecture trained on
CIFAR100 and forget class#0.

Unlearning
Methods UA RA TA MIA Gap

Retrain 0 87.71 61.94 100 0
GA 0 ( 0.00 ) 52.74 ( 34.97 ) 43.2 ( 18.74 ) 100 ( 0.00 ) 13.43
RL 14.44 ( 14.44 ) 61.8 ( 25.91 ) 50.96 ( 10.98 ) 85.55 ( 14.45 ) 16.45
IU 0 ( 0.00 ) 55.33 ( 32.38 ) 41.28 ( 20.66 ) 88.25 ( 11.75 ) 16.20
BE 2.22 ( 2.22 ) 63.65 ( 24.06 ) 51.56 ( 10.38 ) 97.77 ( 2.23 ) 9.72
BS 1.77 ( 1.77 ) 64.86 ( 22.85 ) 52.37 ( 9.57 ) 98.22 ( 1.78 ) 8.99
LU 4.66 ( 4.66 ) 0.59 ( 87.12 ) 0.63 ( 61.31 ) 95.33 ( 4.67 ) 39.44

UNSIR 0 ( 0.00 ) 2.25 ( 85.46 ) 2.22 ( 59.72 ) 0 ( 100.00 ) 61.30
CLUE 3.77 ( 3.77 ) 55.49 ( 32.22 ) 46.63 ( 15.31 ) 96.22 ( 3.78 ) 13.77

Table 9. Additional result for Resnet20 architecture trained on
CIFAR100 and forget class#12.

Unlearning
Methods UA RA TA MIA Gap

Retrain 0 87.52 62.45 100 0
GA 13.55 ( 13.55 ) 61.9 ( 25.62 ) 48.22 ( 14.23 ) 83.61 ( 16.39 ) 17.45
RL 0.55 ( 0.55 ) 45.16 ( 42.36 ) 43.67 ( 18.78 ) 81.16 ( 18.84 ) 20.13
IU 0 ( 0.00 ) 55.33 ( 32.19 ) 41.28 ( 21.17 ) 88.25 ( 11.75 ) 16.28
BE 1.55 ( 1.55 ) 58.99 ( 28.53 ) 48.63 ( 13.82 ) 98.44 ( 1.56 ) 11.37
BS 1.55 ( 1.55 ) 62.81 ( 24.71 ) 50.93 ( 11.52 ) 98.44 ( 1.56 ) 9.84
LU 0 ( 0.00 ) 0.82 ( 86.70 ) 0.85 ( 61.60 ) 0 ( 100.00 ) 62.08

UNSIR 0 ( 0.00 ) 1.56 ( 85.96 ) 1.66 ( 60.79 ) 0 ( 100.00 ) 61.69
CLUE 7.55 ( 7.55 ) 62.51 ( 25.01 ) 50.73 ( 11.72 ) 92.44 ( 7.56 ) 12.96

with ViT-Base. We observe that CLUE maintains stable
performance across a wide range of forget set sizes. In par-
ticular, the unlearned accuracy (UA) remains consistently
close to zero, indicating that forgotten classes are success-
fully suppressed. Meanwhile, the retained accuracy (RA)
and test accuracy (TA) experience only modest degradation,
confirming that knowledge of the retained data is largely
preserved. The membership inference attack (MIA) success
rate also remains low, suggesting that unlearning reduces
privacy leakage even under adversarial evaluation.

Importantly, the average gap remains consistently small
across all settings. On CIFAR-10, the variance of the gap
is only 0.32 (std. 0.56), while on the more challenging
CIFAR-100 it is 0.93 (std. 0.96). These results demon-
strate that CLUE is substantially more stable across differ-
ent forget set sizes than prior baselines, maintaining near-
retrain performance even as the fraction of forgotten data
varies. This highlights the robustness of our approach and
shows that unlearning can be applied reliably without re-
quiring access to the entire forget set at once.

9. Comparison with Additional SOTA
Table 11 shows that CLUE consistently outperforms

prior methods - zero-shot unlearning (ZSU) [10] and
source-free unlearning (SFU) [1] - in both utility preserva-
tion and privacy. On CIFAR10, CLUE achieves near-retrain
performance, with only minor drops in RA (–1.4%) and TA
(–1.1%), while maintaining high MIA robustness and a very
low gap (1.63). Competing approaches (ZSU, SFU) either
catastrophically degrade retained knowledge (e.g., ZSU RA
falls below 25%) or incur large gaps (> 10%).

On the more challenging CIFAR100, CLUE again yields
the strongest trade-off: UA is nearly zero, RA and TA re-
main close to retrain, and the gap is only 3.37—substan-
tially lower than ZSU (5.61%) and SFU (6.95%). Impor-
tantly, MIA performance stays at near-ideal levels (≈ 100).

Overall, these results demonstrate that CLUE provides
balanced, stable unlearning across datasets, while ZSU and
SFU either unlearn at the cost of the retain set performance
or reduce privacy guarantee.

10. Sequential Unlearning
The results in Table 12 highlight the effectiveness of

CLUE in sequential unlearning compared to Boundary
Shrink (BS), a state-of-the-art baseline. On both CIFAR10
and CIFAR100 with ViT-Base, CLUE consistently achieves
near-zero Unlearned Accuracy (UA), closely matching the
retraining oracle. Importantly, this suppression of forgotten
classes is achieved without sacrificing Retained Accuracy
(RA) or Test Accuracy (TA): performance degradation rel-
ative to retrain is marginal (≤ 2.5%).

By contrast, BS incurs substantial drops in RA and TA
(10–12% on average), reflecting significant leakage of un-
learning into the retained set. This instability is further cap-
tured by the Average Gap metric, where CLUE maintains
values under 1, while BS shows large gaps exceeding 8.
Moreover, CLUE preserves the Membership Inference At-
tack (MIA) robustness of retraining (∼ 100%), whereas BS
substantially weakens privacy guarantees.

Overall, the results demonstrate that CLUE not only
scales well under sequential unlearning (multiple classes
forgotten in order) but also delivers robust and stable per-
formance across datasets, outperforming BS in both utility
preservation and privacy protection.

11. Effect of Noise Variance
Table 13 shows that the performance of CLUE depends

on the strength of the injected noise. With very low vari-
ance (σ2 = 0.1), forgetting is incomplete (UA remains high
at 38.37), despite strong RA. Moderate variance (σ2 = 0.5)
reduces UA but still leaves a noticeable gap. At higher vari-
ance (σ2 = 1.0), forgetting is achieved (UA ≈ 0) but at the
cost of significant RA/TA degradation. Assigning random
variance in the range [0.5, 1.0] for each image achieves the
best trade-off, with near-zero UA, strong RA/TA, high MIA,
and the smallest gap (3.37). This is because the damaging
effect of some samples exposed to high noise variance is
compensated by others receiving lower noise strength, lead-
ing to a more balanced outcome.

12. Experiment on Midsized Dataset
To evaluate the performance of CLUE on a mid-sized

dataset, we use Caltech256 with the ViT-Base-16 architec-



Dataset Architecture Method Forget % UA RA TA MIA Avg Gap

CIFAR-10 ViT-Base

Retrain – 0 99.8 96.92 100 –

CLUE

100% 0 (0) 95.36 (4.44) 92.77 (4.15) 100 (0) 2.15
95% 0 (0) 94.85 (4.95) 92.11 (4.81) 100 (0) 2.44
75% 2.04 (2.04) 98.42 (1.38) 95.86 (1.06) 97.95 (2.05) 1.63
50% 1.52 (1.52) 96.92 (2.88) 95.86 (1.06) 98.24 (1.76) 1.81
25% 0.53 (0.53) 94.51 (5.29) 92.04 (4.88) 99 (1) 2.92
10% 2.89 (2.89) 96.96 (2.84) 94.24 (2.68) 95.6 (4.4) 3.20

CIFAR-100 ViT-Base

Retrain – 0 99.24 85.72 100 –

CLUE

100% 0.22 (0.22) 91.24 (8.0) 80.77 (4.95) 99.77 (26.33) 3.37
95% 0.23 (0.23) 91.07 (8.17) 80.71 (5.01) 99.77 (0.23) 3.41
75% 0 (0) 90.77 (8.47) 85.49 (0.23) 100 (0) 2.18
50% 0 (0) 90.82 (8.42) 80.49 (5.23) 100 (0) 3.42
25% 0 (0) 87.13 (12.11) 76.43 (9.29) 100 (0) 5.35
10% 0 (0) 89.04 (10.2) 78.97 (6.75) 100 (0) 4.24

Table 10. Unlearning results on CIFAR-10 and CIFAR-100 with ViT-Base by varying the forgert set size. UA = Unlearned Accuracy, RA
= Retained Accuracy, TA = Test Accuracy, MIA = Membership Inference Attack success, Avg Gap = average accuracy gap.

Table 11. Comparison of unlearning methods on CIFAR10 and
CIFAR100 with ViT-Base. Numbers in parentheses denote devia-
tion from Retrain.

Dataset/
Architecture

Unlearning
Method UA RA TA MIA Avg. Gap

CIFAR-10
ViT-Base

Retrain 0 99.80 96.92 100 0
CLUE 2.04 ( 2.04 ) 98.42 ( 1.38 ) 95.86 ( 1.06 ) 97.95 ( 2.05 ) 1.63
ZSU 1.32 ( 1.32 ) 24.54 ( 75.26 ) 21.78 ( 75.14 ) 10.20 ( 89.80 ) 60.38
SFU 1.55 ( 1.55 ) 85.30 ( 14.50 ) 80.45 ( 16.47 ) 92.33 ( 7.67 ) 10.05

CIFAR-100
ViT-Base

Retrain 0 99.24 85.72 100 0
CLUE 0.22 ( 0.22 ) 91.24 ( 8.00 ) 80.77 ( 4.95 ) 99.77 ( 26.33 ) 3.37
ZSU 3.77 ( 3.77 ) 89.46 ( 9.78 ) 78.60 ( 5.12 ) 96.22 ( 3.78 ) 5.61
SFU 2.33 ( 2.33 ) 87.24 ( 12.00 ) 76.38 ( 9.34 ) 95.88 ( 4.12 ) 6.95

Table 12. Comparison of unlearning methods on CIFAR10 and
CIFAR100 with ViT-Base architecture. Numbers in parentheses
indicate deviation from Retrain.

Dataset/
Architecture

Unlearned
Classes

Unlearning
Method UA RA TA MIA Avg. Gap

CIFAR-10
ViT-Base 2, 8

Retrain 0 99.8 96.92 100 0
CLUE 0.24 ( 0.24 ) 97.42 ( 2.38 ) 95.36 ( 1.56 ) 99.95 ( 0.05 ) 1.06

BS 3.42 ( 3.42 ) 89.66 ( 10.14 ) 84.23 ( 12.69 ) 92.55 ( 7.45 ) 8.43

CIFAR-100
ViT-Base 2, 6

Retrain 0 91.84 80.85 100 0
CLUE 0 ( 0 ) 90.67 ( 1.07 ) 79.6 ( 1.25 ) 100 ( 0 ) 0.58

BS 2.4 ( 2.4 ) 80.24 ( 11.43 ) 69.59 ( 11.26 ) 90.22 ( 9.78 ) 8.72

Table 13. Effect of varying noise strength (variance) in CLUE
on CIFAR-100 with ViT-Base. Numbers in parentheses indicate
deviation from Retrain.

Dataset/
Architecture

Unlearning
Method UA RA TA MIA Avg. Gap

CIFAR-100
ViT-Base

Retrain 0 99.24 85.72 100 0
CLUE (σ2 = 0.1) 38.37 (38.37) 95.33 (3.91) 82.45 (3.27) 63.78 (36.22) 20.44
CLUE (σ2 = 0.5) 13.22 (13.22) 93.63 (5.61) 80.90 (4.82) 95.27 (4.73) 7.10
CLUE (σ2 = 1.0) 0 (0) 82.56 (16.68) 76.80 (8.92) 96.22 (3.78) 7.35

CLUE (random σ2 ∈ [0.5, 1.0]) 0.22 (0.22) 91.24 (8.00) 80.77 (4.95) 99.77 (26.33) 3.37

ture. We use the class id 6 as the forget set. The results in
Table 14 show that Random Labelling, Boundary Expand,
and Boundary Shrink either incur substantial drops in re-
tained/test accuracy or fail to fully suppress the forgotten
classes, leading to larger gaps (3.65–21.14). In contrast,
CLUE achieves a balanced trade-off, combining low UA

with minimal RA/TA degradation, and delivers the smallest
gap (1.78), highlighting its superior stability and effective-
ness.

Table 14. Comparison of unlearning methods for Caltech256
dataset and ViT base 16 architecture.

Unlearning Method UA RA TA MIA Avg. Gap
Retrain 0 95.50 77.32 100 0

RL 1.25 (1.25) 89.40 (6.10) 72.85 (4.47) 98.60 (1.40) 3.65
BE 0 (0) 87.65 (7.85) 74.20 (3.12) 100 (0) 4.33
BS 3.80 (3.80) 90.72 (4.78) 75.15 (2.17) 96.05 (3.95) 5.12

ZSU 57.34 (57.34) 92.34(3.16) 72.44(4.88) 81.3(18.7) 21.135
SFU 10.34 (10.34) 92.33 (3.17) 74.67 (2.55) 93.4 (6.6) 5.665

CLUE 2.10 (2.10) 93.85 (1.65) 76.20 (1.12) 98.25 (1.75) 1.78

13. Additional Visualization for Subjective
Evaluation

In order to better the visualization, we upsample the
images and their corresponding attention map by 4 times.
From the obtained visualizations, we can observe a shrink
in the attention map for the forget class while the attention
maps of the rest are unchanged.

14. Skeletal Code Unit for the CLUE
We provide the code units for implementing CLUE in

Fig. 3 through Fig. 7.



Figure 3. In this part, we create a mask based on the saliency of the weights. We utilize only the forget set but this can be utilized for any
dataset or subset of data.

1 # Creates a mask from the forget set
2 def create_mask_from_gradients(model, test_loader, threshold=0.1):
3 """
4 Creates a mask for the weights of a model based on gradient information from the test

data.
5 Args:
6 model: The neural network model.
7 test_loader: DataLoader providing test data.
8 threshold: The threshold of gradient values for creating the mask.
9 Returns:

10 A dictionary of boolean masks for each parameter.
11 """
12 model.eval()
13 # Initialize the mask dictionary
14 mask = {}
15 for name, param in model.named_parameters():
16 if param.requires_grad:
17 mask[name] = torch.zeros_like(param, dtype=torch.bool)
18

19 # Iterate through the test data
20 for inputs, targets in test_loader:
21 inputs, targets = inputs.to(next(model.parameters()).device), targets.to(next(model.

parameters()).device) # Move inputs to the model’s device
22 model.zero_grad()
23

24 # Forward pass
25 outputs = model(inputs)
26

27 # We minimize the norm of the logits (outputs)
28 loss = torch.nn.functional.cross_entropy(outputs, targets)
29

30 # Backward pass to compute gradients
31 loss.backward()
32

33 # Update the mask based on the layer-wise percentile of gradient values
34 for name, param in model.named_parameters():
35 if param.grad is not None:
36 # Compute Taylor criterion
37 taylor_criterion = (param.data * param.grad.data).abs()
38

39 # Update the mask with the computed threshold
40 mask[name] = mask[name] | (taylor_criterion > threshold)
41

42 return mask



Figure 4. This is the code to add gaussian noise to input data. This is one of the two noises we have experimented with.

1 def add_gaussian_noise(images, std_devs):
2 """
3 Adds Gaussian noise to a batch of images with varying standard deviations.
4

5 Args:
6 images (torch.Tensor): A batch of images of shape (batch_size, channels, height,

width).
7 std_devs (torch.Tensor): A tensor of shape (batch_size,) containing the standard

deviation
8 of the Gaussian noise for each image in the batch.
9

10 Returns:
11 torch.Tensor: A batch of images with Gaussian noise added.
12 """
13 # Ensure std_devs is the same device as images and reshape it for broadcasting
14 std_devs = std_devs.view(-1, 1, 1, 1).to(images.device)
15

16 # Generate noise with the same shape as images, with varying std_devs
17 noise = torch.randn_like(images) * std_devs
18

19 # Add noise to the images
20 noisy_images = images + noise
21

22 return noisy_images.clip(min=0, max=1)

Figure 5. This is the implementation of the second noise we have experimented with.

1

2 def add_salt_and_pepper_noise_batch(images, salt_prob=0.01, pepper_prob=0.01):
3 # Create a copy of the original batch
4 noisy_images = images.clone()
5

6 # Iterate through each image in the batch
7 for i in range(images.shape[0]):
8 # Get the current image
9 image = images[i]

10

11 # Get the total number of pixels
12 num_pixels = image.numel()
13

14 # Generate random numbers for salt
15 num_salt = int(num_pixels * salt_prob)
16 coords = [np.random.randint(0, j - 1, num_salt) for j in image.shape]
17 noisy_images[i, coords[0], coords[1]] = 1 # Set to white (salt)
18

19 # Generate random numbers for pepper
20 num_pepper = int(num_pixels * pepper_prob)
21 coords = [np.random.randint(0, j - 1, num_pepper) for j in image.shape]
22 noisy_images[i, coords[0], coords[1]] = 0 # Set to black (pepper)
23

24 return noisy_images



Figure 6. We implement the steps described in section 3 of the manuscript in this code block

1 def ood_assisted_unlearning(model, train_loader, mask, optimizer):
2 # Copy the pretrained model for both teacher and student
3

4 teacher = deepcopy(model)
5

6 # Freeze the teacher network
7 for param in teacher.parameters():
8 param.requires_grad = False
9

10 teacher.eval()
11 model.train()
12

13 loss_fn = nn.KLDivLoss(log_target=True, reduction="batchmean")
14

15 start = time.time()
16

17 for it, (image, target) in enumerate(train_loader):
18 i = it + len(train_loader)
19 image = image.cuda()
20 target = target.cuda()
21

22 noisy_input = add_salt_and_pepper_noise_batch(image, salt_prob=0.5, pepper_prob=0.5)
23

24 # Forward pass through the teacher network
25 with torch.no_grad():
26 teacher_output = teacher(noisy_input)
27

28

29 student_output = model(image)
30

31

32 loss = (student_output/student_output.norm(2, dim=-1).view(-1, 1)).exp().sum(-1).
mean() + loss_fn(nn.functional.log_softmax(teacher_output, dim=-1), nn.
functional.log_softmax(student_output, dim=-1))

33

34 # Backpropagation on the student network
35 optimizer.zero_grad()
36 loss.backward()
37

38 if mask:
39 for name, param in model.named_parameters():
40 if param.grad is not None:
41 param.grad *= mask[name]
42

43 optimizer.step()



Figure 7. This code block is called for Eiter number of times to perform the unlearning

1 def ood_unlearning(data_loaders, model, criterion, optimizer, use_mask=True):
2 #We assume the data_loaders is a dictionary with
3 forget_loader = data_loaders["forget"]
4

5 if use_mask:
6 mask = create_mask_from_gradients(model, forget_loader, threshold=args.

mask_threshold)
7

8

9 # switch to train mode
10 model.train()
11

12 start = time.time()
13

14 ood_assisted_unlearning(model, forget_loader, mask, optimizer)



Class ID Original Image
Attention Map

Before
Unlearning

Attention Map
After

Unlearning

Class:2
(Bird)

Class:2
(Bird)

Class:7
(Horse)

Class:8
(Ship)

Class:8
(Ship)

Class:9
(Truck)

Class:9
(Truck)

Table 15. Visualization of the attention maps of ViT-Base for dif-
ferent classes of CIFAR10. Class #2 (Bird) is the forget class. We
can observe that the gradient attention rollout map is significantly
different for the forget class before and after unlearning while the
same for the retain classes are almost the same.
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