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Abstract. Machine unlearning aims to remove the influence of spe-
cific training samples from model, motivated by privacy regulations and
data revocation requirements. Existing approaches often depend on retain
data, which compromises privacy and becomes computationally expensive.
To address this challenge, we propose RKLU, a novel retain-data-free un-
learning method that fine-tunes models by minimizing the KL divergence
between their outputs and a target distribution that suppresses the prob-
abilities of the samples to be forgotten. RKLU achieves near-perfect un-
learning with minimal utility loss on diverse vision and text classification
benchmarks, offering a privacy-preserving and efficient alternative.

1 Introduction

As Al systems are trained on vast datasets containing sensitive information, pri-
vacy concerns and regulatory compliance have become critical challenges. Once
a model is trained, the influence of data is embedded in its parameters, making
simple deletion from the database insufficient to erase its impact [1]. Selec-
tive unlearning is therefore essential to comply with regulations like GDPR [2],
CCPA [3] and PIPEDA [4], which mandate the removal of specific data and
associate knowledge upon request (e.g., the “right to be forgotten”). Machine
unlearning [5, 6] enables models to eliminate the influence of targeted data points
without full retraining. Unlearning methods are broadly categorized as ezact or
approzimate. Exact unlearning methods like full retraining or SISA [7] aim to
completely remove the influence of the forget set, which consists of data points
requested for removal. Although effective, these methods are computationally
intensive and often unscalable for large models. In contrast, approximate meth-
ods offer weaker guarantees of removing the forget set but are more scalable.
These methods typically rely on the retain set, which includes all data not re-
quested for removal, to preserve model utility. However, this dependence on
retained data introduces privacy risks and limits the safe application of such
methods.

This motivates the need for developing approximate unlearning algorithms
that do not rely on the retain set. Such approaches, often referred to as retain-
data-free unlearning or zero-shot unlearning, aim to estimate the effect of for-
getting without access to the remaining training data. To this end, we propose
RKLU, a novel retain-data-free method that fine-tunes models by minimizing
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KL divergence between their outputs and a modified target distribution. RKLU
suppresses the influence of forget samples by redistributing their output prob-
abilities across classes to preserve model performance and ensure stable, effi-
cient unlearning. We demonstrate its effectiveness on diverse vision benchmarks
including CIFAR-10, CIFARSuper-20, TinylmageNet, and the Twenty News-
groups text classification dataset.

2 Related Work

Early retain-data-free unlearning methods primarily used gradient ascent [8] on
the forget set to undo training effects, but this often caused catastrophic forget-
ting, harming performance on retained data. To address this, recent approaches
introduced more advanced techniques. Chen et al.’s Boundary Unlearning [9]
shifts decision boundaries using only forget data to rapidly forget entire classes
while preserving retained knowledge. Similarly, Foster et al.’s Just in Time
(JiT) [10] applies an information-theoretic approach to minimize gradients with
respect to forget samples in a small neighborhood in a zero-shot manner, achiev-
ing effective unlearning without accessing the retain set.

3 Proposed Method

Let D = {(z;,y:;)}}Y, be the training dataset with inputs z; € R% and labels
y; € {1,...,K}. The classification model ¢y : X — RX  parameterized by
6 € R™, outputs logits § = ¢g(x) converted to probabilities p = softmax(g),
where [p]; denotes the probability for class k. Given a forget set Dy C D and
the retain set D, = D \ Dy, the goal is to update 6 to ¢’ so that ¢g forgets Dy
without access to D,..

3.1 RKLU: Redistributive KL Distillation

We propose RKLU, a lightweight and retain-data-free unlearning method based
on KL divergence minimization between the original model outputs and a mod-
ified target distribution. Unlike conventional knowledge distillation or fine-
tuning, RKLU focuses solely on the forget set Dy and does not require access to
any retained data, making it highly privacy-preserving and efficient.

Unlearning via Target Redistribution. Given a sample (z,y) € Dy, let porie =
softmax(¢s,,,, (z)) denote the output probability distribution of the original
model (prior to unlearning), where forig denotes the frozen pre-unlearning weights.
We construct the modified target distribution p by setting the forget class prob-
ability to zero and redistributing its mass equally among the remaining K — 1
classes, added to their original probabilities:

0, if k=uy,

[Pl = el

[peri8], + 1 otherwise.
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This redistribution sets the forget class probability to zero while adding its
mass equally to other classes, ensuring the total sums to one and preserving
the relative order among non-forget classes. To unlearn, we fine-tune the model
on Dy by minimizing the KL divergence between the current model output
p = softmax(¢pg(x)) and the modified target p. The loss for a single forget
sample is:

. . (5]
Lrxru(z,y) = KL(p[|p) = Z[p]klog |-
=1 [Pl

Minimizing this loss encourages the updated model to shift probability mass
away from the forget class y while preserving the structure of non-target predic-
tions, leading to stable and controlled forgetting.

4 Experiments and Results

Notation: Across all tables, boldface indicates the method closest to retraining
under the L1 distance computed over forget and retain accuracies.

Datasets and Models: We evaluated RKLU on vision and text benchmarks. For
image classification, we used pre-trained MobileNetV2 [11], ResNet-18 [12], and
ViT-B/16 [13] on TinyImageNet [14], CIFARI10, and CIFARSuper20 [15]. For
text classification, we employed DistilBERT [16] and RoBERTa [17] on the 20
Newsgroups dataset [18].

Baselines and Metrics: We compared RKLU against state-of-the-art retain-
data-free baselines, Boundary Shrinking (BDSH) [9] and Just in Time (JiT)
[10], as well as Gradient Ascent (GA) and Retrained models. Effectiveness is
measured by forget set accuracy and membership inference attack (MIA) success,
while utility is assessed via retain set accuracy.

Implementation and Hyperparameters: Vision models were pretrained and fine-
tuned for 10 epochs using Adam on an NVIDIA H100 GPU, with learning rate
1 x 1072 and batch size 64. Gradient Ascent unlearning ran for 1 epoch. BDSH
and JiT use official implementations. RKLU was performed with learning rate
1 x 1072 for 5-10 epochs depending on the scenario and model size.

4.1 Full Class Unlearning

We evaluate RKLU for full-class unlearning on both vision and text domains.
As shown in Table 1 and Table 2, RKLU consistently achieves near-zero forget
accuracy across all models, comparable to retraining and outperforming Gradient
Ascent and BDSH. In vision tasks, RKLU maintains strong retain accuracy,
especially in models like ResNet18 where other methods struggle in preserving
model utility. In text classification, it preserves high retain accuracy while fully
forgetting the target class, surpassing Gradient Ascent which suffers significant
utility loss. These results demonstrate RKLU’s effectiveness and generalizability
across modalities.
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Table 1: Performance evaluation of single-class unlearning on TinyImageNet.

Model Metric | Original Retrain GA BDSH JiT Ours
MobileNetv2 QEE? * Lo 6112 590 SeT 51 6359
ResNet18 igng* 7(?.221 66(.)34 12(.)88 571.121 502 66(.]47
ViT-B/16 ﬁﬁii’i 85?28 80(.)20 0(.)5 84(.]06 83?26 84.07

Table 2: Performance evaluation of single-class unlearning on Twenty News-

groups.

Model Method Accp, T | Acep,
Original 70.81 80.26

.. Retrain 70.96 0

DistilBERT Gradient Ascent 25.50 0

Ours 69.83 0
Original 71.38 85.64

Retrain 71.39 0

ROBERTa | o1 dient Ascent | 12.60 0

Ours 67.22 0

4.2 Sub-Class Unlearning

Sub-class unlearning is inherently challenging, as it requires forgetting specific
classes without disrupting semantically similar ones within the superclass. For
example, in CIFARSuper20, the goal may be to forget the class baby from the
people superclass while retaining boy, girl, man, and woman. We evaluated this
fine-grained scenario using MobileNetV2, ResNet18, and ViT-B/16. As shown
in Table 3, RKLU consistently reduces forget set accuracy (Dy) to near zero
while maintaining high retain set accuracy (D,). Compared to Gradient Ascent,
BDSH, and JiT baselines, RKLU achieves lower forget accuracy with minimal
impact on model utility, and demonstrates stronger robustness to membership
inference attacks (MIA).

4.3 Sample Unlearning

We performed sample-level unlearning on CIFARI10 using ResNet18 and Mo-
bileNetV2 with forget sets of 100 and 500 randomly selected samples. Since
BDSH targets class-level unlearning, we exclude it here, aligning with its origi-
nal scope. Instead, we compare against Gradient Ascent and JiT baselines. As
shown in Table 4, our method achieves comparable or superior forget and test
accuracy, demonstrating its effectiveness and competitiveness in sample-level
unlearning.
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Table 3: Performance evaluation of sub-class unlearning on CIFARSuper20.

Model Metric | Original Retrain GA BDSH JiT Ours
Achfi 75 2 0 4 0 4
MobileNetv2 | Accp,. T 79.81 83.16 64.40  69.05 63.05 71.25
MIA 0.658 0.254 0.452 0.116 0.184 0.164
Acep, 85 2 0 13 4 4
ResNet18 Accp, T 79.13 82.91 61.12 71.04  66.19 72.98
MIA 0.988 0.140 0.694 0.244  0.228 0.220
Acep, | 96 11 0 4 2 0
ViT-B/16 Accp, T 94.36 94.87 40.41 94.20 89.22  90.59
MIA 0.848 0 0.44 0.048 0.282 0.016

Table 4: Performance evaluation of sample-level unlearning on CIFAR10. Bold
indicates the best trade-off between forgetting and test accuracy among unlearn-
ing methods.

Model |Dy| Method Accp,| | AcciestT
Original 100 95.32
100 Gradient Ascent 98 95.34
JiT 98 94.87
Ours 95 93.60
ResNet18 Original 99.01 95.32
500 Gradient Ascent 73.48 76.76
JiT 78.73 80.82
Ours 80.42 82.49
Original 99 94.23
100 Gradient Ascent 98 94.21
JiT 82 83.07
. Ours 81 89.58
MobileNetv2 Origimal 9779 | 9423
500 Gradient Ascent 78.38 80.76
JiT 71.55 72.94
Ours 62.84 70.21

5 Conclusion and Future Work

In this work, we have presented RKLU, a novel retain-data-free machine unlearn-
ing framework that achieves selective knowledge erasure through redistributive
KL divergence. RKLU significantly outperforms existing state-of-the-art retain-
data-free methods, establishing a new benchmark in this setting. A promising
direction for future research is extending redistributive KL-based unlearning to
generative models, particularly large language models (LLMs), where the goal
would be to suppress the generation of specific sequences or tokens associated
with the forget set analogous to suppressing the target class in classification
tasks.
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