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ABSTRACT

Machine unlearning has emerged as a new paradigm to deliberately forget data
samples from a given model in order to adhere to stringent regulations. However,
existing machine unlearning methods have been primarily focused on classifica-
tion models, leaving the landscape of unlearning for generative models relatively
unexplored. This paper serves as a bridge, addressing the gap by providing a uni-
fying framework of machine unlearning for image-to-image generative models.
Within this framework, we propose a computationally-efficient algorithm, under-
pinned by rigorous theoretical analysis, that demonstrates negligible performance
degradation on the retain samples, while effectively removing the information
from the forget samples. Empirical studies on two large-scale datasets, ImageNet-
1K and Places-3635, further show that our algorithm does not rely on the availabil-
ity of the retain samples, which further complies with data retention policy. To our
best knowledge, this work is the first that represents systemic, theoretical, empir-
ical explorations of machine unlearning specifically tailored for image-to-image
generative models. Our code is available at https://github.com/jpmorganchase/I21-
generator-unlearning.

1 INTRODUCTION

The prevalence of machine learning research and applications has sparked awareness among users,
entrepreneurs, and governments, leading to new legislation' to protect data ownership, privacy, and
copyrights (Schuhmann et al., 2022; Bubeck et al., 2023; Lukas et al., 2023; Bommasani et al.,
2021). At the forefront of these legislative efforts is the “Right to be Forgotten”, a fundamental
human right that empowers individuals to request the removal of their information from online
services. However, directly erasing data from databases is not enough, as it may already be ingrained
in machine learning models, notably deep neural networks (DNNs), which can memorize training
data effectively (Wu et al., 2017; Kuppa et al., 2021; Carlini et al., 2023). Yet another straightforward
solution is to re-train DNNs from scratch on a new training dataset without the unwanted data—a
resource-expensive procedure (Dhariwal & Nichol, 2021) that can not reflect users’ requests in a
timely manner.

In response to various legal requirements and user requests, a novel approach known as machine un-
learning has been proposed (Nguyen et al., 2022). This technique allows a model, which has been
trained with potentially sensitive samples referred to as “forget samples”, to selectively remove these
samples without the necessity of retraining the model from scratch. Meanwhile, machine unlearning
aims to minimize any adverse effects on the performance of the remaining data, termed “retain sam-
ples”. Recent unlearning algorithms have been developed, some incorporating specialized training
procedures to facilitate the unlearning process (Bourtoule et al., 2021), while others adjust model
weights through fine-tuning (Tarun et al., 2023a). However, these approaches primarily address un-
learning in classification problems. On the other hand, generative models, which have demonstrated

*Work done during internship at JPMorgan Chase Bank, N.A.

"Enactions include the General Data Protection Regulation (GDPR) by the European Union (Parliament &
Council, 2016), the White House Al Bill Congress (2022b), and others (Congress, 2022a; Parliament, 2019).
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Figure 1: Our machine unlearning framework is applicable to various types of 12] generative models,
including the diffusion models (Saharia et al., 2022a), VQ-GAN (Li et al., 2023) and MAE (He et al.,
2022) (cf. Section 4). The images in the retain set remain almost (up to a slight difference due to the
perplexity of generative models) unaffected before and after unlearning. Conversely, the images in
the forget set are nearly noise after unlearning, as designed.

superior data memorization capabilities compared to classification models (Tirumala et al., 2022;
Somepalli et al., 2023), excel at regenerating training samples (Kuppa et al., 2021; Carlini et al.,
2023). Therefore, the challenge of ensuring effective unlearning for generative models has become
increasingly important and pressing.

In this paper, our emphasis lies on a particular category of generative model architectures known
as Image-to-Image (I2I) generative models (Yang et al., 2022). This selection offers a twofold
advantage: First, it paves the way for a groundbreaking approach to quantify the efficacy of machine
unlearning for generative models—a research direction hitherto uncharted in existing literature.
Informally speaking, we define a generative model as having “truly unlearned” an image when it
is unable to faithfully reconstruct the original image when provided with only partial information
(see Figure 1 for an illustrative example where the partial information involves center cropping?).
Second, I2I generative models encompass all major branches in the field of vision generative models,
including Masked Autoencoder (MAE) (He et al., 2022), Vector Quantized Generative Adversarial
Networks (VQ-GAN) (Li et al., 2023), and the more recent diffusion probabilistic models (Ho et al.,
2020). Based on this novel definition to quantify unlearning, our contributions can be summarized
as follows:

* We formulate a machine unlearning framework for 121 generative models that is applicable
to MAE, VQ-GAN and diffusion models. This formulation, in essence, is an unbounded
optimization problem. We provide theoretical derivations that guarantee the unique opti-
mality of its bounded counterpart, and design an algorithm for the efficient computation.

* We conduct extensive evaluations of our algorithm on various 121 generative models, in-
cluding MAE, VQ-GAN and diffusion models. Empirical results on two large scale
datasets, ImageNet-1K (Deng et al., 2009) and Places-365 (Zhou et al., 2017), show that
our framework exhibits negligible performance degradation on retain sets, meanwhile ef-
fectively eliminating the information in forget sets.

* We further illustrate that the availability of the exact retain set is not necessary in our
framework—the efficacy of our algorithm remains intact even without any samples from
the exact retain set.

?For the precise definition, see Section 3.
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To the best of our knowledge, this work is the rst that systemically, theoretically, empirically ex-
plore the machine unlearning speci cally targeting for 121 generative models. Proofs, details on
experimental setups and training, and additional results are included in the Appendix.

2 RELATED WORK

121 generative models. Many computer vision tasks can be formulated as 121 generation pro-
cesses, such as image super-resolution (Bulat et al., 2018), style transfer (Zhu et al., 2017), image
extension (Chang et al., 2022) and inpainting (Krishnan et al., 2019). Different type of 121 generative
models utilize diverse training and optimization strategies to minimize the discrepancy between their
generated images and the ground truth images. The broadly used Generative Adversarial Networks
(GANS) are trained by reducing a discriminator's accuracy in determining whether a generated im-
age is real or synthetic (Goodfellow et al., 2014; Karras et al., 2019; Chen et al., 2016; Karras et al.,
2020). However, stabilizing the training of GANs is a well-known challenge (Arjovsky et al., 2017;
Gulrajani et al., 2017; Brock et al., 2019). In contrast, diffusion models address the stability issue
by utilizing a multi-step generation strategy and are optimized by minimizing the Kullback—Leibler
(KL) divergence between the distributions of the generated and ground truth images (Ho et al., 2020;
Song & Ermon, 2020; Hoogeboom et al., 2022; Salimans & Ho, 2022). Diffusion models can gen-
erate higher- delity images than GANs but require much longer generation time (Saharia et al.,
2022b; Rombach et al., 2022; Zhang & Agrawala, 2023). Recently, Masked Autoencoder (MAE)
has been proposed as a multi-purpose model for both image generation and classi cation (He et al.,
2022; Feichtenhofer et al., 2022; Tong et al., 2022). Typically, MAE is optimized by minimizing
the MSE loss between the generated and ground truth images. In this paper, our goal is to design
a universal approach that is capable of conducting unlearning across diverse 121 model types with
different optimization techniques.

Machine unlearning. Machine unlearning allows a trained model to selectively remove some
unwanted samples (“forget set”) while minimizing any adverse effects on the performance of the
remaining data (“retain set”) and without retraining the model from scratch (Xu et al., 2023). As the
pioneering work on unlearning, SISA facilitates the unlearning of speci ¢ samples by retraining the
model checkpoints that were initially trained with these "forget” samples (Bourtoule et al., 2021).
However, SISA needs to re-train all these models from scratch, if the forget samples are distributed
across all shards. To address this problem, several methods manipulate the trained model weights
directly. Some works compute the Neural Tangent Kernel (NTK) to modify model weights, but the
computation of the Hessian matrix in NTK's calculation is numerically unstable and not scalable for
models with many parameters (Golatkar et al., 2020a;b). Graves et al. (2021) requires the storage
of the gradient for each parameter of every training step when training the original models. This
approach is not scalable given the extremely large training set and the enormous model size for
the latest image generative models. Other methods improve the ef ciency by maximizing loss on
the forget set or re-assigning incorrect labels but typically they are only applicable to classi cation
tasks. (Neel et al., 2021; Tarun et al., 2023b; Chourasia & Shah, 2023; Kurmaniji et al., 2023; Chen
et al., 2023). There are also some approaches focusing on other perspectives of unlearning instead
of designing new unlearning algorithms. For example, Chundawat et al. (2023) focuses on the
data access issues@fistingunlearning algorithms and suggests using the images generated by the
original model as the alternative for the original training set. Besides, Jia etal. (2023) shows that that
pruning the original model before unlearning can improve the overall performance ofaxiating
unlearning algorithms. Previous unlearning approaches primarily focus on classi cation tasks, but
there are emerging efforts on generative models. For instance, several methods maximize training
loss on the forget set, but are validated only on tiny datasets, like MNIST (Bae et al., 2023; Sun et al.,
2023). Other works focus on unlearning speci c features (e.g., eye color, hairstyle) from generated
images, but are only veri ed under small-scale setups and lack comprehensive analysis (Kong &
Chaudhuri, 2023; Moon et al., 2023). Besides, these methods typically manipulate the entire model,
thus requiring extensive computation capacity due to the growing complexity and size of generative
models. Moreover, none of them addresses 121 generative tasks. This motivates us to explore the
ef cient unlearning algorithms for 121 generative models in large-scale setups.
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3 PROBLEM FORMULATION AND PROPOSEDAPPROACH

In this work, we primarily address the machine unlearning for 12l generative models that reconstruct
images from incomplete or partial inputs. Typically, 12 generative models adopt an encoder-decoder
network architecture, comprising two components, namely, (i) an encoder nefwdhiat encodes
an input into a representation vector and (ii) a decoder net®orkhat decodes the representation
vector into the image. Speci cally, given an inputthe output for an 121 generative mode| is
as follows:

h, =D E; h, (T(x))=D (E (T(x)) 1)

wherex is a ground truth imagerf () is the operation to remove some information frame.g.,
center cropping and random maskings the composition operator;and are the parameters for
the encoder and decoder, respectively.

3.1 DEFINITION OF UNLEARNING ON I2] GENERATIVE MODELS

For machine unlearning on 121 generative models, given a trained model (i.e., original model)

h, , = D, E,withparameterso and o, the unlearning algorithr\r aims to obtain a

taﬁg’;et model:
h: o Ar(hy o)
that satis es the following properties:

* Onthe retain sdDg, h. generates images that have the same distribution as the original model;
» Onthe forget seDg, h. generates images that have far different distribution from the original
model.

By using the KL-divergencdX), from a probability distribution perspective, these objectives are as
follows:

argminD Py o (1 x )iiPh. (t(x,) sandargmaxD Pn o rx )P (rxiy  (2)

where, X, andX; are random variables that account for the ground truth images of the retain and
forget sets, respectively.

By combining these two objectives, we formulate our optimization goal as follows:

argmin D Pn o rx piPhs (roxeny D P qaroxndiPrs (roxoy ®)

where is a positive coef cient to control the trade-off between the retain and forget sets. Multiple
previous works assume a trained |2l generative model can do an almost perfect generation on both
of the retain and forget sets (Wallace et al., 2023; Song et al., 2023; Xia et al., 2023; Kingma &
Welling, 2019); thatish ,. , (T (X)) X. Therefore, Eq. (3) can be rewritten as:

argmin D Py Py D Py Py, iXi=h; (T(X);Xr=h, (T(Xs) 4

wherePx, andPy represent the distribution of ground truth images and generated images in the
retain setPx, andPy represent the distribution of ground truth images and generated images in
the forget set.

3.2 OPTIMIZATION ON RETAIN AND FORGET SETS

Clearly, for the rstterm in Eq. (4), a perfect unlearned model has no performance degradation on
the retains set. In other words, the generated images share the distribution as ground truth images,

i.e.,Py = Px, . Thisway, the value dd Px, jjPy is 0. Next, we discuss the optimization for
the forget set.
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To minimize the value for the objective functions in Eq. (4), we need to maximize KL divergence be-
tweenPyx, andPy . However, there are in nitely many probability distributions that have in nity

KL divergence withPx, (see Appendix A for more details). The value for the KL divergence will

lead to unbounded loss values thus hurting the stability of the unlearning process. To address this
problem, we derive an optimal and bounded KL divergence for the forget set under some reasonable
constraints:

Lemma 1 Given the distribution of the forget samplRg, with zero-mean and covariance matrix
, consider another signdy, - which shares the same mean and covariance matrix. The maximal

KL-divergence betwedpy , andPy isachieved wheRy, = N (0;) (Cover & Thomas, 2012);
that is:
D PxjiPg, D PxjiN (0;) ®)

We note that making’y, ~share the same mean and covariance matriR,as can preserve the

original training set statistical patterns. Consequently, it becomes statistically challenging to decide
whether a generated image belongs to the forget set, thereby protecting data privacy. Moreover, the
assumption of zero mean is natural since typically images are normalized by subtracting the mean
value inside neural networks. We provide some empirical analysis to demonstrate the bene ts of
Gaussian distribution (cf. Section 4.4).

Essentially, Lemma 1 indicates that the maximal KL divergence Ryt is achieved when the
generated image3y,  follow the Gaussian distributioN (0; ) . Hence, we can directly optimize
Py, towards this optimal solution by minimizing their KL-Divergence; that is:

argmin D Px Py + D N(0) jiPy, Xi=h (T(X); X =h, (T(X)
| (6)

This way, we avoid the problem of the in nity value of KL-divergence in Eq. (4). We note that, for
previous unlearning approaches fdassi cation tasks, it's natural and straightforward to directly
compute the KL-divergence for nal outputs since the outputs are exactly single-variable discrete
distributions after the SoftMax function (Zhang et al., 2023a;b; Kurmaniji et al., 2023). Neverthe-
less, for image generation tasks, directly computing the KL divergence between high-dimensional
output images is typically intractable, excluding the special case of diffusion models. To address
this problem, we next convert the KL divergence into a more ef cieploss which is generally
applicable to diverse 12| generative models.

3.3 PROPOSEDAPPROACH

Directly connecting the KL-Divergence with the loss is dif cult. Instead, we use Mutual Infor-
mation (MI) as a bridge to help with the analysis. As indicated in Eq. (6), we reach the minimal
objective value whey, = Px, andPp, = N(0;) . This optimum can also be achieved by

maximizing the mutual information § betweenX, andX, (or betweem N (0;) andX;);
that is:

argmax | XX 1 mXe ;n N ()X =h, (TX));Xs=h. (T(X¢))
| (7)

We next link the MI with a more tractable; loss in the representation space.

Theorem 1 Suppose the original model can do a perfect generation, h.e;,, (T (X)) = X.
Assume the target mode! uses the same decoder as the original médg! , (i.,e.,D = D ,),
and the output of the encoders is normalized, kE.,(x)k; = kE ,(X)kz = 1. On the retain set,
minimizing theL , loss between the output of the target model enc&leand the original model
encodelE , will increase the lower bound of mutual information:

2 0 13

X 1 2 X
I (X X)) log(K) E4 ng@eTl el *Ri A5 (8)
i=1 j=1
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Figure 2: Overview of our approach. @¢, we minimize the.,-loss between embedding vectors

of the forget samples; and embedding vectors of Gaussian nais©nDg, we minimize thd_ ,-

loss between the same image embedding vectors generated by target model encoder and the original
model encoder.

where | = KE (T(Xr,)) E ,(T(X;,)) k:andRj = E ,(T(x;,))TE o (T(Xr;)). X, are the
data samples in the retain set. F02r the forgetoset, we have: r

X 2 X
I(n;X¥) log(K) E4 %'09@62* 1 ei™fiAS; n N (0;) 9)
i=1 j=1

where | = KE (T(x1,)) E ,(T(ni)) keandFj = E ,(T(ni))TE ,(T(n;)). Xri are the data
samples in the forget setamg N (O; ) .

We remark that botR;; andF; are determined by the original encoder,, thus are xed values.

As illustrated in Theorem 1, by directly reducing the loss (; and ;) between the target encoder
and the original encoder, the Mutual Information (MI) increases, concurrently reducing the KL
divergence betweeRx, andPy (or betweerPy andN). Hence, in our approach, we sidestep
the intractability of computing Ml or KL divergence by directly minimizing the values;aind ;.
Based on these insights, we next introduce our approach.

Ef cient Unlearning Approach.  Finally, as shown in Fig. 2, we propose our ef cient unlearning
approach for 121 generative models as follows:

Ag (h o; o), argmin E E T (xr;) Eo T(Xey) ,+ E T(ij) E ,(T(n) ,

Xy (10)

Xr; 2DR;XfJ 2Dg;n N (0;)

We provide the details of our unlearning algorithm and corresponding pseudo code in Appendix C.4.

We note that our proposed approach only involves the encoders. Hence, it's more ef cient than ma-
nipulating the entire model. Moreover, our approach is generally applicable to various 12| generative
models with the encoder-decoder architecture (including the diffusion model, VQ-GAN, or MAE),
although they typically use different optimization methods. We illustrate this generalizability in the
experiments part.

4 EXPERIMENTAL RESULTS

We evaluate our proposed approach on three mainstream 121 generative mpd#ffugion mod-
els (Saharia et al., 2022a)i,)(VQ-GAN (Li et al., 2023), andiii) MAE (He et al., 2022).

4.1 EXPERIMENTAL SETUP

Dataset&Task. We verify our method on two mainstream large-scale datasgtémégeNet-1k.
Out of total 1K classes, we randomly select 100 classé&zaand another 100 classesBgs. (i)



Published as a conference paper at ICLR 2024

Table 1: Results of cropping 8 patches at the center of the image, where each patih is16
pixels. ™' means higher is better and " means lower is betterR andF account for the retain

set and forget set, respectively."PraRy ' means that we use the images from other classes as a
substitute of the real retain set to do the unlearning (cf. Section 4.3).

Diffusion Models VQ-GAN MAE
FID IS CLIP FID IS CLIP FID IS CLIP

R# F" R" F# R" F# R# F" R" F# R" F# R# F" R" F# R" F#
Original model 122 146 193 231 088 089 144 144 194 206 0.75 0.77 56.7 841 230 174 0.73 071

MAX Loss 341 457 128 171 077 0.76 16.91152 174 110 0.73 055 758 1126 194 152 0.690.65
NoIsy LABEL 147 369 193 191 086 0.80 148 795 172 11@74 0.64 604 1365 216 128 0.71 0.67
RETAIN LABEL 231 1047 182 123 0.810.69 218 233 182 183 072 0.74 728 1453 188 11.6 0.69 0.66

RANDOM ENCODER 153 30.6 18.7 194 0.86 0.8114.7 728 186 141 0.74 064 581 1464 223 128 0.72 0.67

Ours 134 1079 194 103 0.87 0.69150 834 183 11.60.74 0.60 59.9 153.0 218 11.0 0.72 0.67
Ours (ProxyDg) 179 755 182 123 0.83 074 176 69.7186 14.0 073 063 61.1 1338 21.0 12.30.72 0.68

Table 2: Results of croppindg 4 patches at the center of the image, where each patih is16
pixels. ™' means higher is better and " means lower is betterR andF account for the retain

set and forget set, respectively. “ProRyg” means that we use the images from other classes as a
substitute of the real retain set to do the unlearning (cf. Section 4.3).

Diffusion Models VQ-GAN MAE
FID IS CLIP FID IS CLIP FID IS CLIP
R# F' R" F# R' F# R# F' R F# R' F# R# F' R" F# R" F#
Original model 78 6.0 103 11.2 093 09 84 78 151 142 084 0.85 114 158 508 46.6 0.87 0.87
MAX Loss 119 154 100 11.0 0.88 0.93 9.239.9 152 13.1 0.83 0.72 133 20.2 50.8 46.0 0.86 0.83

NoIsY LABEL 196 185 104 106 0.87 091 87 213 152 141084 080 122 443 500 354086 0.82
RETAIN LABEL 85 351 103 105 093 0.89 110 103 154 142 0.83 0.84 153475 476 349 0.85 0.81
RANDOM ENCODER 153 116 10.1 11.1 086 09486 194 153 144 0.84 081 11.8 436 503 36.3 0.86 0.83

Ours 8.2 398 103 10.7 0.93 0.88 86 220 150 141 0.84 0.79 122 451 49.7348 0.86 0.83
Ours (Proxy Dg) 11.2 29.0 103 108 091 09 89 20a54 143 0.84 080 125 39.9 495 36.80.86 0.83

Places-365. From all 365 classes, we randomly select 50 clasgs asd another 50 classes as

De . We test our method on image extension, uncropping, and reconstruction tasks. We report the
results of center uncropping (i.e., inpainting) in the main paper. The results of other tasks are given
in Appendix D and E.1.

Baseline. We rst report the performance of the original model (i.e., before unlearning) as the
reference. Since our approach is the rst work that does the unlearning for 12l generative models,
there are no previous baselines we can directly compare against. Therefore, we implement three
different unlearning approaches that were designed for other tasks, and adapt them to 12| generative
models, includingij M Ax L ossmaximizes the training loss w.r.t. the ground truth images on the
forget set (Halimi et al., 2022; Gandikota et al., 2023; Warnecke et al., 2023NgISY L ABEL
minimizes training loss by setting the Gaussian noise as the ground truth images for the forget
set (Graves et al., 2021; Gandikota et al., 202ifi)y RETAIN L ABEL minimizes training loss by
setting the retain samples as the ground truth for the forget set (Kong & Chaudhuri, 2023); (
RANDOM ENCODER directly minimizes thel, loss between the encoder's output on the forget

set and a Gaussian noise (Tarun et al., 2023b). For all these baselines, we use the retain samples
with some regularization to avoid hurting the performance on the retain set. For more details, please
check Appendix C.6.

Evaluation metrics. We adopt three different types of metrics to compare our method against
other baselinesi)inception score (IS) of the generated images (Salimans et al., 2@} &xéchet

inception distance (FID) against the real images (Heusel et al., 2017)ign€L(IP embedding

distance between the generated images and the real images (Radford et al., 2021). IS assesses the
quality of the generated images alone, while FID further measure the similarity between generated
and real images. On the other hand, the CLIP embedding distance measures whether or not the
generated images still capture similar semantics.

4.2 PERFORMANCEANALYSIS AND VISUALIZATION

As shown in Table 1 and Table 2, compared to the original model, our approach has almost identical
performance or only a slight degradation on the retain set. Meanwhile, there are signi cant perfor-
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Figure 3: Results of cropping 8 patches at the center of the image on diffusion models, where
each patch i46 16pixels. Our method has negligible-to-slight performance degradation on diverse
12l generative models and multiple generative tasks. (cf. Appendix D and E.1).

Figure 4: T-SNE analysis of the generated images by our approach and ground truth images. After
unlearning, the generated retain samples are close to or overlapping with the ground truth (orange
vs.blue), while most of generated forget images diverge far from the ground truth (ggeea).

mance drops on the forget set across all these three models for all metrics. In contrast, none of these
baselines generally works well. For examplesN®OM ENCODER achieves similar performance

on VQ-GAN and MAE to our methods; however, it is much worse on diffusion models. Similarly,
ReTAIN LABEL works well for diffusion models, but cannot generalize to VQ-GAN and MAE. We

also show some generated images in Fig. 3. As shown, our approach removes the information in the
forget set while preserving the performance on the retain set.

T-SNE analysis. To further analyze why our approach works well, we conduct the T-SNE analysis.
Using our unlearned model, we generate 50 images for both the retain and forget sets. We then
compute the CLIP embedding vector of these images and their corresponding ground truth images.
As shown in Fig. 4, after unlearning, the CLIP embedding vector on the retain set is close to or
overlapping with the ground truth images, while most of generated images on the forget set diverge
far from the ground truth.

These results verify that our method is generally applicable to mainstream 12| generative models
and consistently achieves good results on all these models. We provide more results under various
types of cropping in Appendix D and Appendix E.

4.3 ROBUSTNESS TORETAIN SAMPLES AVAILABILITY

In machine unlearning, sometimes the real retain samples are not available due to data retention
policies. To address this challenge, we evaluate our approach by using other classes of images as
substitute to the real retain samples. On ImageNet-1K, since we already select 200 classes for forget
and retain sets, we randomly select some images from the remaining 800 classes as the “proxy retain
set” used in the unlearning process. Similarly, for Places-365, we randomly select some images from
the remaining 265 classes as the “proxy retain set” used in the unlearning process. We also ensure
these “proxy retain sets” have the same number of images as the forget set.

As shown in the last row in Table 1 and Table 2, our method works well even without the access
to the real/original retain set. Compared to using the real/original retain set, there is only a slight
performance drop. Hence, our approach is exible and generally applicable without the dependency
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Table 3: Ablation study of 's values. We test the performance of croppig 8 patches at the
center of the image. As shown, = 0:25 achieves a good balance between the preserving the
performance on retain set, while remove the information on forget sets across these two models.

VQ-GAN MAE
0.01 0.05 0.1 02 025 05 1 0.01 0.05 0.1 0.2 025 05 1
R# 90.8 916 920 917 927 922 947 1136 1132 1139 116.71159 116.3 116.7

FID. Ev 1012 1694 1795 181.3183.4 1822 1846 1790 1986 2051 2112130 2134 213.0
s R 125 128 125 124 122 120 126 133 133 134 135132 133 129

F# 115 84 78 79 81 79 80 93 90 85 80 80 81 79
cup R 065 065 065 065 065 065 064 081 081 081 080080 080 080

F# 066 055 054 054 054 054 054 079 078 078 078 0.78 0.78 0.78

on the real retain samples. We provide the results with limited availability to the real retain samples
in Appendix D.1.

4.4 ABLATION STUDY

For the ablation study, we test the results of cropping patches at the center of the image under various
setups, where each patchli® 16 pixels.

's value. We vary the value of in Eq. (10) to obtain multiple models and then evaluate their
performance. As shown in Table 3, whens 0.25, our approach achieves a good balance between
the forget set and the retain set. Hence, we set 0:25 as default value for our approach. We
provide more ablation study in Appendix E.

5 CONCLUSIONS ANDFINAL REMARKS

In this paper, we have formulated the machine unlearning problem for 12| generative models and
derived an ef cient algorithm that is applicable across various 12| generative models, including
diffusion models, VQ-GAN, and MAE. Our method has shown negligible performance degradation
on the retain set, while effectively removing the information from the forget set, on two large-scale
datasets (ImageNet-1K and Places-365). Remarkably, our approach is still effective with limited or
no real retain samples. To our best knowledge, we are the rst to systematically explore machine
unlearning for image completion generative models.

Limitations.  First, our methods are mainly veri ed on 12| generative models. Second, our ap-
proach requires the access of original/real forget samples yet sometimes they are unavailable. Be-
sides, for the simplicity of evaluation, we only test our approach on some mainstream computer
vision datasets. Our approach has not been veri ed under a more practical/useful scenarios, e.g.,
remove the pornographic information for 12| generative models.

Future directions. We plan to explore applicability to other modality, especially for language/text
generation and text-to-image generation. The dependency on the forget set is another challenge that
enable exibility in the unlearning for generative models. Finally, we also intend to develop some
more practical benchmarks related to the control of generative contents and protect the data privacy
and copyright.

DISCLAIMER

This paper was prepared for informational purposes by the Global Technology Applied Research center of JP-
Morgan Chase & Co. This paper is not a product of the Research Department of JPMorgan Chase & Co. or its
af liates. Neither JPMorgan Chase & Co. nor any of its af liates makes any explicit or implied representation

or warranty and none of them accept any liability in connection with this paper, including, without limitation,
with respect to the completeness, accuracy, or reliability of the information contained herein and the potential
legal, compliance, tax, or accounting effects thereof. This document is not intended as investment research
or investment advice, or as a recommendation, offer, or solicitation for the purchase or sale of any security,
nancial instrument, nancial product or service, or to be used in any way for evaluating the merits of partic-
ipating in any transaction. Guihong Li's and Radu Marculescu's contributions were made as part of Guihong
Li's internship at the Global Technology Applied Research center of JPMorgan Chase & Co.
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Ethics statement.Machine unlearning for 12| generative models can be effectively exploited to avoid generate
contents related user privacy and copyright. Moreover, unlearning for 121 models can avoid generating harmful
contents, such as violence or pornography.

Reproducibility statement. All the datasets used in this paper are open dataset and are available to the public.
Besides, our codes are primarily based on PyTorch (Paszke et al., 2019). We use several open source code
base and model checkpoints to build our own approach (see Appendix C.1). Our approach can be implemented
by obtaining the outputs of target model's encoders and the original model's encoders and then computing the
L 2-loss between them. We provide more implementation details in Appendix C.
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A INFINITELY MANY PROBABILITY WITH INFINITE KL-DIVERGENCE

In Section 3.2, we mention that there are in nitely many probability distributions that have in nity KL diver-
gence with a given distribution. We provide the proof below:

Proposition 1 There are in nitely many probability distributions that have a positively in nite value of KL-
divergence with any general discrete probability distribut®(X ) that is de ned as follows:

X
0<=P(X =i)< 1 P(X =i)=1; i2[N; N 2
i=1
Proof. Based orP (X ), we build another distributio@(X ) as follows:
2 e ek ifi 6 andi6k
QX =0=_0 ifi=j ik 2[N]; > 0
ifi = k

" TR(XE]) P(X=RF

P
wherej satisesP (X = j) > Oandk sastiesj 6 k. Clearly0<= Q(X =i)< land iN=1 QX =1i)=
1. ThereforeQ(X) is a valid probability distribution.

We next compute the KL divergence betwdemandQ.

X L P(X =)
D(PjjQ) = . P(X = |)'°9m
_ . P(X =j) X _ P(X = i)
= P(X = j)log X =1) + . P(X = i)log QX = 1)
_ _ P(X =) X _ P(X = i)
= P(X = j)log o + T P(X = i)log oxX =)
i 6]

=+ 1

We note that can be any positive real number; hence, we can obtain in nitely n@¢¥ ) by varying the
value of . Hence, there are in nitely man§ that have a positively in nite value of KL-divergence with.
In general, one can replace the Be¢{ with any discrete set. This completes our proof.

The proof for the continuous distribution is very similar to the discrete case as shown below.
Proposition 2 There are in nitely many probability distributions that have the a positively in nite value of KL-

divergence with any general continuous probability distribution with the following probability density function
(PDF) p(x): b

p(x) 0, x28S; p(x)dx = 1
x2S

Proof. Based orp(x), we build another distribution with PD&(x) as follows:

rP(X) P
q)= T owmar XSS g g
0; ifx2S;

R R
whereS, satisesO< | ¢ X p(x)dx < 1. Clearly,q(x) 0Oand ,,s g(x)dx = 1. Thereforeg(x) is a valid
probability density function.

We next compute the KL divgrgence betwgeandq.

D(pid =  p(x)log % i
Z*28 qD( ) 7 "
— px) p(x)
- F1 P(x)log a(x) e+ X2 1 P(x)log a(x) i
= p(x) p(x)
- X2S 1 p(X)Iog 0 dx ¥ x2SnS 1 p(X)Iog q(X) dX
=+ 1

We note that given a continuous distribution, there are in nitely many pos8bjehence, we can obtain
in nitely many q(x) by using differentS;. Hence, there are in nitely mang that have a positively in nite
value of KL-divergence witlp. This completes our proof.
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B PROOF OFTHEOREM1

Proof. Directly computing mutual information (MI) between two random variables is not feasible. Fortunately,
there are some variational Ml bounds that are relatively easy to compute. A popular approach is to lower bound
MI with InfoNCE (Belghazi et al., 2018; Wu et al., 2020; Poole et al., 2019; Kong et al., 2020). Given two
random variableX ; andX 2, Ml is bounded by InfoNCE is de ned as follows:

2
@91 (x1; )T g2(x2;)

X
[(X1;X2) | N (X1;X2)=log(K)+ E4 l|og
K PPy

(B.11)

91(x1; )T gz(xzj )
j=1

where the expectation is ovisr independent samples from the joint distribution:p(xy; ; X2, ); g1 andg, are
two functions that map the random variables into representation vectors, e.g., the encoder BetabIRI
generative models.

Following the standard practice of InfoNCE, we use the inner product of the encoder output vectors as the critic

function. Therefore, the InfoNCE between the ground truth imagemd reconstructed images is written
as follows: 2 3

ef o(xDTE (i)

. eE oDTE (%))

I NCE (X ;X)) =log (K)+ EM4Ki|ogp (B.12)

Multiple works show that the encoder of the 12| generative models can be treated as the inverse function of the
decoder (Wallace et al., 2023; Song et al., 2023; Xia et al., 2023; Kingma & Welling, 2019). In other words,

Eo(D,(2)= z (8.13)

Given the assumption that the target model use the same decoder as the original model, we caK exmiless
X as follows:
X=D ,(Eo(T(X)): #&=D ,(E (T(x)) (B.14)

By using the above relationships in Eq. (B.13) and Eq. (B.14), we have

Eo(X) E (&) =E (D ,(E (TN E, (D ,E (T®))

B.15
= E (T (x))" E (T (x2)) o

Retain setRecall the assumption that the output of the encoder is normalizedkke(x)k, = 1 and
KE , (x)k, = 1. Therefore, we can rewrite Eq. (B.15) for the ground truth retain saniplg® and their
reconstruction$®,; g and as follows:

Eo(x)' E (& )=E (Tx,)'E (T (X))

= ZKE o (T (x DK+ ZKE (T (x,, )2
1

SKE o (T (x1) E (T (xr)K; (B.16)
1
=5 2kE(TKy) E(T L
_1 2 _ 7
=22 P73
where i = KE (T (xr;)) E (T (Xr;))k, is theL loss between the representation of target model en-

coderE and original model encodé . We then bound thg , (x;,)" E , Rr; as follows:

E 0 (Xri)T E 0 R

]

=E,(TX)'E T Xy

=E ,(T(x,))' E T x, E, T x,
+E (T Eg T Xy
=E ,(T(x,)) E T x, Eo, T X, +Ry (B.17)
kEo(TMX Dk, E T xi E,T X, ,+Rj
=1 | +Rj
=i+t R
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whereR;j = E ((T(x;))' E, T x, andthe  'comes from the Cauchy-Schwarz inequality. The
above bound is tightif ; = 0;i 2 [K]g. By combining the Eq. (B.12), Eq. (B.16), and Eq. (B.17), we can
link the InfoNCE loss with thé. , loss: 5 3

eE oi)TE ((&x0)

J!<:1 gF oOTE o(%)

1
I M5 (X X) =log (K) + E4 logp

2

2

1+

€
b eF o XDTE (%))
2 3 (B.18)

1
=log(K)+ E4?|ng!(

N

j + Rjj

1
K jK:1 e

X1 i X 4R
=log(K) E KIog ez el T

i=1 j=1
By combining Eqg. (B.11), we obtain the results on the retain set:
2 X

X i
I (X::X:) log(K) E Kilog ez 1 ei"Ri (B.19)
i=1 i=1

Forget setThe proof on the forget set is very similar to the retain set. By adapting Eq. (B.16) and Eq. (B.17)
for the forget set, we rst calculate the inner product of the embedding vector betwapdx; :

EoM) E (&)= E,(T(M) E (T (x)
= % KE o (T (ni))k; + KE (T (x¢,)K; k E o (T(n)) E (T (xr,)kj
=S 2KE(T(M) E (T DK
= 1 2 2 -1 i
2 ! 2
(B.20)
and
Eo(m) E, R, =E (T(i)TE T xy
SE(T(M)" E T x;,  Eq(T(n)
+E o(T (ni))TE o(T (nj)) (821)
=kE , (T (ni))k2 E T X¥; E,T(n) 2+ Fi
=1 g+ F
=+ F

where ; = KE (T (ni)) E (T (xr;)k, andFj = E (T ni)"E o (T (nj)). x¢, are the data sam-
plesin the forgetsetami N (0; ) . Combining the above two equation with Eq. (B.12):

2 3
1 eE o(ni)TEo(*fi)
INE (n:X¥)=log(K)+ E4 o
(n;X) =log (K) K ng oE o(MTE ¢ %,
2 = , 3
1 el =
=log(K)+ E4—lo 5
g( ) K gP K eE 0(n|)TE o kfj
j=1
5 =T (B.22)
1 el =
log(K)+ E4 —logp—————5
g( ) K g szlej*‘Fu
|
X 1 pox *
=log(K) E KIog ez el
i=1 j=1
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By combining the above equation with Eq. (B.11), we obtain the results for the forget set:
" 1#
2

X :
I(n;X¥) log(K) E %Iog ez 1 ei*Fi (B.23)

i=1 j=1

This completes our proof.

C IMPLEMENTATION DETAILS

C.1 DATASETS AND CODE BASE

Diffusion Models. We verify our approach on a diffusion model that is trained on entire Places-365 training
dataset (Saharia et al., 2022a; Zhou et al., 2017). We randomly select 50 classes out of 365 classes as the
retain set and another 50 classes as the forget set. For each class, we select 5000 images from the Places-365
training set; we then combine them together as the training set for unlearning. By using the approach de ned

in Eq. (10), we obtain the target model. We then evaluate the obtained model on both forget set and retain set,
with 100 images per class from the Places-365 validation set. Hence, we have 5,000 validation images for both
the retains and forget sets. Since Saharia et al. did not release the code, our code is implemented based on
an open source re-implementation (GitHub). Our experiments are using their provided model checkpoint on
Places-365 dataset.

VQ-GAN We evaluate our approach on a VQ-GAN model that is trained on entire ImageNet-1K training
dataset (Li et al., 2023; Deng et al., 2009). We randomly select 100 classes out of 1000 classes as the retain set
and another 100 classes as the forget set. We select 100 images per class from the training set as the training
set for unlearning. We then apply our proposed approach to the original model and obtain the target model. For
the main results reported in Tabel 1 and Tabel 2, we evaluate the obtained model on both forget set and retain
set, with 50 images per class from the ImageNet-validation set; hence, we have 5,000 validation images for
both the retains set and forget set. For the other results (in ablation study), we use a smaller version validation
set, with 5 images per class from the ImageNet-validation set; hence, we have 500 validation images for both
the retains set and forget set. Our code is implemented based on the of cally released code of Li et al. (2023)
(GitHub). Our experiments are using their provided ViT-Base model checkpoints.

MAE We evaluate our approach on a MAE model and an MAE model that is trained on the entire ImageNet-
1K training dataset (He et al., 2022). The dataset setup is exactly the same as VQ-GAN (check the upper
paragraph). Our code is implemented based on the of cally released code of He et al. (2022) (GitHub). Our
experiments are using their provided ViT-Base model checkpoints.

C.2 EVALUATION METRICS

Inception score (IS)For ImageNet-1K, we directly use the Inception-v3 model checkpoint from torchvision
library to compute the IS. For Places-365, we used the ResNet-50 model checkpoint from the of cial release to
compute IS (Zhou et al., 2017).

Fréchet inception distance (FID)For both ImageNet-1K and Places-365, we directly use the backbone net-
work of the Inception-v3 model checkpoint from Torchvision library to compute the FID.

CLIP We use CLIP with ViT-H-14 as the backbone to generate the embedding vectors of each reconstructed
image from the original model and unlearned model (Radford et al., 2021). Then we compute the cosine
similarity of these embedding vectors amddg andDgr separately.

C.3 TRAINING HYPER-PARAMETERS

Patch SizeFor all of the models we evaluate in this paper (including diffusion models, VQ-GAN and MAE),

the networks are vision transformer (Dosovitskiy et al., 2021) based architecture. We set the size of each patch
asl6é 16 pixels for all experiments. For example, cropplg 8 patches means removid@8 128 pixels.

We set = 0:25(cf. Eqg. (10)).

Diffusion Models We set the learning rate 49 ° with no weight decay. We use the Adam as the optimizer
and conduct the unlearning for 3 epochs. We set the input resolution as 256 and set the batch size as 8 per GPU.
Overall, it takes 1.5 hours on a 8 NVIDIA A10G server. We set 0:25 (cf. Eq. (10)).

VQ-GAN&MAE We set the learning rate 49 “* with no weight decay. We use the AdamW as the optimizer
with = (0:9; 0:95) and conduct the unlearning for 5 epochs. We set the input resolution as 256 for VQ-GAN
and 224 for MAE. We set the batch size as 16 per GPU. Overall, it takes one hour on a 4 NVIDIA A10G server.
We set =0:25(cf. Eq. (10)).
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(@) MNIST (b) CIFAR-10 (c) CIFAR-100
Figure C.5: Covariance matrix of three commonly datasets. For CIFAR10/100, we convert the
images into gray-scale images. We take the absolute value of the covariance matrix for better illus-
tration.

Algorithm 1 Pseudo Code of Our Unlearning Algorithm

1: Inputs:

Orginal modeh ,, , =D , E |

Retain seDg, Forget seD¢

Coefcient , learning rate , and #Epochs E
2: Outputs:

Targetmodeh. =D E
3: Initialize:

Copyh. toh. ,ie,h. ( h,. ,
4: for e =1to Edo
5: Sampléef x; g from Dg
6: Samplef x; g from Dg
7
8

Samplef ng from N (0; )

: Ensure: jf X, gj = jf X1 gj, i.e., make retain samples and forget samples balanced
9: Compute losst = kE (T(x;)) E (T(x;)k,+ KE (T(xt)) E (T(n)k,
10: Update the parameters of the target encdétler ( rol
11: end for

C.4 OUR UNLEARNING ALGORITHM

Selection of in Eq. (10) To conduct our unlearning algorithm, we need to compute thie Eq. (10),
where is the the covariance matrix for the distribution of training images.

Ideally, we should use the exactof the images measured on the forget set. However, there are some com-
putational barriers to using the exactfor a high-resolution image dataset. Speci cally, consider a com-
monly used 256 256 resolution for image generation tasks, the distribution of the generated images will have
256 256 3 2 10 dimensions. The size of the covariance matrifor such a high-dimensional dis-
tribution is around2 10°)2 =4  10'°, which requires around 144GB memory if stored in oat precision
thus is not practical.

Consequently, to address the computational barrier ,ofve use some approximated methods derived from
some empirical observations on some small datasets. Speci cally, we compute the eoactome small-
scale image dataset, including MNIST and CIFAR10/100.

« Off-diagonal elements: To nd some empirical inspirations, we compute the covariance matrix for
three commonly dataset, MNIST, CIFAR10 and CIFAR100. As shown in Fig. C.5, most of the off-
diagonal elements are very close to "0'. Hence, in our experiments, we set the off-diagonal elements
of to'0

« Diagonal elements: Since the images are normalized (i.e., subtract the mean value and divided by the
standard deviation), we set the diagonal elementsa$ "1',i.e.,( i;i)=1.

Therefore, we use the identity matrix as the approximation of exact
= |
wherel is the identity matrix. We set= | as the default setup for our approach and baseline methods.

In short, usind to approximate is a practical approximation alternative due to the extremely high compu-
tational costs of for high-resolution images. For future work, given our theoretical analysis, we believe that
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our approach can achieve better results (lower image quality) on forget set if we can nd a way to use the exact
. Hence, we plan to explore the potential to reduce the computation of exaith low-rank approximation
thus enabling the use of more accurate data-driven

Pseudo code Based on our unlearning approach de ned in Section 3.3, we implement the unlearning algo-
rithm for 121 generative models. We provide the pseudo code in Algorithm 1. As shown, for each batch, we
sample the same number of retain samples and forge samples. We then compute the loss by using Eq. (10) and
update the parameters of the target model's encoder.

C.5 LossFUNCTION OF OUR APPROACH

As shown in Eq. (10), we input the Gaussian noise to the original model as the reference for the forget set. For
VQ-GAN and MAE, we can directly use Eqg. (10). For diffusion models, in principle, we still replace the forget
sample with Gaussian noise as the input for the original encoder. We next discuss the details for the diffusion
models.

We rst write the loss function for the normal training of diffusion models rst:

0 1
EE y o E D E @TX); r& + ?21 ) ) (C.24)
x p

wherex is the ground truth imag6d; (x) is the transformed images, e.g., a cropped image for image uncropping
tasks and and low-resolution image for image super-resolutiaa.the forward process variance coef cient.
For more details, please refer to the Saharia et al. (2022a).

Now, we introduce the unlearning optimization function for diffusion models:

argminEx, x;nE v @n)E KE (T(Xr )i %r; ) E o (T(Xe); x5 )k,

C.25
FOKE (Tix: ) E,(Txoim Ok, o &
Xr 2DRr;Xt 2Dg;n N (0;)
- P P— R P— . .
wherexy = Xr+ 1 andxy = x¢+ 1 . Essentially, we replace the with the

Gaussian noise as the input for the original encoder. Note that, Saharia et al. adopt an U-Net as the network
architecture; thus the encoder has multiple-stage outputs. We atten these multiple outputs into vectors and
then combine them as a single representation vector .

We remark the equation for diffusion models looks slightly different from VQ-GAN and MAE, but they are
actually following the same principle de ned in Eq. (10); that is, we replace the real forget samples with the
Gaussian noise as the input for the original encoder.

C.6 BASELINES
We use the exact same setup as introduced in the main paper and Appendix C.3. We provide the loss function

for different baseline methods below. For the baselines, the unlearning is achieved by minimizing the loss
values.

C.6.1 Max Loss
MAX Lossmaximizes the training loss w.r.t. the ground truth images on the forget set. Hence, we use the

original loss function for both retains set and forget set, but assign a negative coef cient for the forget set. We
do not modify the loss for the retains set.

« Diffusion Models
argvmin Ex;x E n 01)E kD E (T(Xr);x%e; ) K, kD E (T(Xt); xx; ) K, (C.26)

wherexy = p?u + P 1 andxy = p?f + P 1 . T () is the transformed function, e.g., a

cropped image for image uncropping tasks.
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« VQ-GAN
argmaxEx,x; Cy (D E (T(x))ix) Cy (D E (T(x)):xr) (C.27)

whereJ is a discriminator network used to predict whether the images are real images or generated im-
ages;C; is the cross entropy of the discriminator prediction. We also note that, during unlearning, the
discriminator] is also updated in the normal training way. Please check more details in Li et al. (2023).

« MAE
argminEx, x, kD E (T(xr)) Xck, kD E (T(xf)) xtk, (C.28)

T () is the transformed function, e.g., a cropped image for image uncropping tasks.

C.6.2 RETAIN LABEL
RETAIN LABEL minimizes training loss by setting the retain samples as the ground truth for the forget set.

« Diffusion Models

argmin Ex, x E n ©u)E kD E (T(x)ixr; ) Kk, + kD E (T(xt);x; ) Kk, (C.29)

wherex; = P~ P+ P 1 . As shown, thesr in Eq. (C.26) is replaced by the the retain samples
* VQ-GAN

arg_maxEX,;Xf C; (D E (T(X));xr)+ Cy (D E (T(X:));Xr) (C.30)

whereJ is a discriminator network used to predict whether the images are real images or generated images;
C, is the cross entropy of the discriminator prediction. As shown, the refesenae the second term of
Eq. (C.27) is replaced by the retain sample

* MAE
argminEx,x, kD E (T(xr)) xtk,+ kD E (T(xt)) nk, (C.31)

As shown, the targetr in the second term of Eq. (C.28) is replaced by the retain saraple

C.6.3 Noisy LABEL

Noisy LABEL minimizes training loss by setting the Gaussian noise as the ground truth images for the for-
get set. Hence we directly use the original loss function by replacing the ground truth images with standard
Gaussian noise for the forget set. We do not modify the loss for the retains set.

« Diffusion Models

argminEy, x, E n ©)E kD E (T(x)ixr; ) Kk, + kD E (T(xi); ;) k

(C.32)
wherexy = P X+ P 1 . As shown, thes in Eq. (C.26) is replaced by the Gaussian noisé& ()
is the transformed function, e.g., a cropped image for image uncropping tasks.

¢ VQ-GAN
argmaxEx, x; Cy (D E (T(xr));xr)+ Co (D E (T(x)):n) (C.33)

whereJ is a discriminator network used to predict whether the images are real images or generated images;
C, is the cross entropy of the discriminator's prediction. As shown, the refesenaethe second term of
Eq. (C.27) is replaced by the Gaussian naise

* MAE
argminEx,x, kD E (T(xr)) xtk,+ kD E (T(xt)) nk, (C.34)

As shown, the targe¢ in the second term of Eq. (C.28) is replaced by the Gaussian noise
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C.6.4 RANDOM ENCODER

RANDOM ENCODER minimizes thel ; loss between the Gaussian noise and the representation vector of the
encoder for the forget set.

« Diffusion Models

argmnEx, x, E v ©:)E KE (T(xe);%; ) E o (T(xe); %; )k,
(C.35)
+ KE (T(xt);»x; ) k,

wherexy = p,)(r+p1

of its embedding vector.
* VQ-GAN&MAE

. As shown, the target for the forget set is directly the Gaussian noise instead

argmin Ex, , KE (T(x/)) E o (T(x\)k,+ KkE (T(xf)) nk, (C.36)

D SUPPLEMENTARY RESULTS

(a) VQ-GAN: FID (b) VQ-GAN: IS (c) VQ-GAN: CLIP

(d) MAE: FID (e) MAE: IS (f) MAE: CLIP

Figure D.6: The performance of our approach under limited availability of the retain sample. The
“100 images per class” (right side of horizontal-axis) in these plots indidaleratains set baseline.

As shown, by gradually reducing the number of images for the retain set, the performance degrada-
tion is negligible. Even for the extreme case where we only one image per class, the performance
degradation is also small.

D.1 ROBUSTNESS TORETAIN SAMPLES AVAILABILITY

In Table 1 and Table 2, we report the results under an extreme case where there is no real retain sample
available. In this section, we relax the constraints by assuming the limited availability to the real retain samples.
Speci cally, on ImageNet-1K, we x the forget set by using 100 images per class for the forget set; in total, we
have 10K image for the forget set. As the baseline method, we have a retain set with 100 image per class as
well (in total 10K); we call this dull retain set.

We next vary the number of images per class for the retain set within the raride ®f10; 20; 25; 50g and

compare the performance of the unlearned models under different values. To balance the number of forget
sample and retain samples, we over sample the retain samples. For example, if we have 5 image per class for
the retain set, we sample these images 20 times (8085 = 20).
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