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Abstract

Diffusion models excel at generating high-
quality, diverse images but also suffer from
undesirable training data memorization, rais-
ing critical privacy and safety concerns. Data
unlearning has emerged to mitigate this is-
sue by removing the influence of specific data
through fine-tuning rather than retraining
from scratch. We propose ReTrack, a fast
and effective data unlearning method for dif-
fusion models. ReTrack employs importance
sampling to construct a more efficient un-
biased fine-tuning loss. This loss is further
approximated by retaining only the domi-
nant terms, thereby reducing computational
cost. This yields an interpretable objective
that redirects denoising trajectories toward
the k-nearest neighbors, enabling efficient un-
learning while preserving generative quality.
Experiments on MNIST T-Shirt, CelebA-
HQ, CIFAR-10, and Stable Diffusion show
that ReTrack achieves state-of-the-art per-
formance, striking the best trade-off between
unlearning strength and generation quality
preservation.

1 INTRODUCTION

In recent years, diffusion models have brought about a
revolutionary breakthrough in image generation. Rep-
resentative models such as Denoising Diffusion Proba-
bilistic Models (Ho, Jain, and Abbeel, 2020) and Sta-
ble Diffusion (Rombach et al., 2022) have completely
transformed the field of generative artificial intelli-
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gence with their exceptional image generation qual-
ity and powerful expressive capabilities. These mod-
els can generate highly realistic images, demonstrating
unprecedented potential in various applications includ-
ing artistic creation (Wu, 2022; Zhang et al., 2023), im-
age inpainting (Lugmayr et al., 2022; Manukyan et al.,
2023), super-resolution (Li et al., 2022; Saharia et al.,
2022) and data augmentation (Alimisis et al., 2025).

With their growing capacity, diffusion models have
shown a pronounced tendency to memorize training
data. Several studies have demonstrated that these
models can unintentionally reproduce specific training
samples (Gu et al., 2023; Somepalli et al., 2023; Carlini
et al., 2023; Chen et al., 2024). Given that the training
data of such models are typically sourced from hetero-
geneous web scrapes, user uploads, or open datasets,
they often contain potentially harmful, sensitive, or
copyrighted content. The memorization of such data
raises privacy, legal, and ethical concerns.

In order to eliminate the influence of these data on
the model, the ideal approach would be to retrain
the model after removing these data from the training
dataset. However, this approach incurs prohibitively
large computational cost and is often impractical (Xu
et al., 2024; Wang et al., 2024). A research field aim-
ing to modify a pretrained model so that it behaves as
though it had never been trained on some data in the
training dataset without retraining the whole model
is known as machine unlearning. Although there have
been some early works in the machine unlearning field,
most of these works either requires modifications to
the pretraining phase (Wu, Dobriban, and Davidson,
2020; Bourtoule et al., 2021; Graves, Nagisetty, and
Ganesh, 2021) or is specifically designed for supervised
machine learning (Golatkar, Achille, and Soatto, 2020;
Izzo et al., 2021; Wang et al., 2022; Perifanis et al.,
2024) and cannot be directly applied to pretrained dif-
fusion models.

To handle this problem, recent works have begun ex-
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ploring machine unlearning methods specifically de-
signed for diffusion models. These works can be
broadly categorized into concept unlearning and data
unlearning (Alberti et al., 2025), with this paper fo-
cusing on the latter. Unlike concept unlearning which
aims to forget harmful or inappropriate abstract con-
cepts in text-conditioning such as “nudity” and “vio-
lence” (Fan et al., 2023; Gandikota et al., 2023, 2024;
Zhang et al., 2024; Wu et al., 2025), data unlearn-
ing seeks to achieve a sample-level unlearning, i.e.,
to remove the influence of specific illicit or privacy-
sensitive data in the training dataset on the diffu-
sion models, while preserving the influence of other
remaining data. For data unlearning, there are two
relatively intuitive yet limited baseline methods: the
vanilla method which directly fine-tunes the model on
the remaining data by applying the standard diffu-
sion loss, and NegGrad (Golatkar, Achille, and Soatto,
2020) which performs gradient ascent on the data
to be unlearned. The former often fails to achieve
true forgetting, and the latter usually leads to over-
forgetting, causing a serious degradation of model gen-
eration quality. To address these shortcomings, more
data unlearning methods have been proposed in re-
cent years, including: Variational Diffusion Unlearning
(VDU) (Panda et al., 2024) which incorporates vari-
ational inference techniques into the data unlearning
for diffusion models and enables the removal of spe-
cific data without having access to the remaining data
by approximating the posterior distribution over the
parameters of the unlearned model; Subtracted Im-
portance Sampled Scores (SISS) (Alberti et al., 2025)
which leverages importance sampling by introducing
a mixture distribution to combine the vanilla loss and
the NegGrad loss, thereby enabling selective unlearn-
ing of specific data while preserving the model’s gen-
eration quality.

In this work, we propose ReTrack, a data unlearning
method for diffusion models by Redirecting the de-
noising Trajectory to the k-nearest neighbors. First,
based on the observation that the vanilla fine-tuning
loss is unbiased but highly inefficient in sampling, we
propose a new loss function derived from the vanilla
loss that applies importance sampling to focus the un-
learning process on samples that need to be unlearned,
thereby greatly accelerating unlearning. Second, to
address the challenge of exactly evaluating the full loss
function, we approximate it with the k most important
terms, which correspond to the k-nearest neighbors of
the samples to be unlearned. Intuitively, the approxi-
mated loss function fine-tunes the model such that de-
noising trajectories originally directed toward samples
to be unlearned are redirected to their k-nearest neigh-
bors within all the remaining data. Since these neigh-
bors are close in distance to the unlearned samples in

data space, the required correction is small, which ac-
celerates training and improves stability. Moreover,
redirecting toward real and plausible targets helps
maintain the quality of generated outputs during un-
learning. Finally, we conduct experiments on MNIST
T-Shirt, CelebA-HQ, CIFAR-10 and Stable Diffusion,
and demonstrate that our method achieves the best
unlearning results among all existing methods that are
able to preserve the model’s generation quality, mean-
ing that our method strikes the best trade-off between
unlearning strength and generation quality preserva-
tion.

Our main contributions can be summarized as follows:

e We propose a novel data unlearning fine-tuning
loss that preserves unbiasedness while substan-
tially improving sampling efficiency during fine-
tuning, enabling more effective unlearning.

e We derive a truncated approximation to the pro-
posed loss by retaining only the dominant terms,
thereby reducing computational cost. We provide
an intuitive explanation for this approximation.

e We conduct extensive experiments on MNIST T-
Shirt, CelebA-HQ, CIFAR-10, and Stable Diffu-
sion, demonstrating that our method achieves ef-
ficient unlearning while maintaining the genera-
tive quality of the models. Code is available at
https://github.com/sqt24/ReTrack.

2 PRELIMINARY

2.1 Diffusion Models

Diffusion models are a class of powerful generative
frameworks that learn complex data distributions by
coupling two complementary processes: a forward dif-
fusion process, which gradually perturbs the data with
Gaussian noise, and a reverse denoising process, which
learns to reconstruct the data from noise (Ho, Jain,
and Abbeel, 2020).

Suppose the training dataset is A where the data di-
mension is d. In the forward process, given a train-
ing sample @ € A and a diffusion timestep t €
{1,2,---,T} where T denotes the total number of dif-
fusion steps, a noisy sample x; at timestep ¢ is pro-
duced according to

Ty = Ya + OE,

where ; and o, are time-dependent coeflicients speci-
fied by a predefined noise schedule, and € ~ N(+;0,1;)
denotes standard Gaussian noise. Conditioned on the
clean input a, the noisy sample x; follows

@ (ze|a) = N(z; via, 071,).
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As t increases, the noisy sample x; contains less and
less data and more and more noise, and eventually be
completely changed to Gaussian noise.

The reverse process is modeled by a neural network
that aims to approximate the conditional expectation
of the noise term € given the perturbed input x; and
the timestep ¢. Formally, the model €g parameterized
by 0 is trained to minimize the expected squared error

Ltrain(e) - Et,awA,mtwqt(-\a) He(;(azt,t) - 6”2 3

This training objective encourages the model to ap-
proximate the true posterior mean E[€|x;,t], which
characterizes the reverse process in a variational frame-
work. By training the denoising model €g, the data
distribution can be fitted indirectly.

At inference time, sample generation proceeds by ini-
tializing with a Gaussian noise z1 ~ N (+;0,1,) and it-
eratively applying the learned denoising model accord-
ing to a time-discretized approximation of the reverse
diffusion process, obtaining the denoising trajectory
rr,xr_1, - ,%1,&Lo. This process gradually trans-
forms Gaussian noise xr into a data sample xqg fol-
lowing the learned data distribution, thereby enabling
data generation.

2.2 Data Unlearning for Diffusion Models
2.2.1 Definition

The data unlearning problem is mainly studied for un-
conditional diffusion models, which can be formulated
as follows: given a training dataset A and a diffusion
model €g pretrained on A, our goal is to fine-tune the
model with relatively modest computational cost so
that it forgets the influence of a subset A, C A (re-
ferred to as the unlearning set), while preserving the
influence of the remaining data A, = A\ A, (referred
to as the remaining set). In other words, we seek to
obtain a fine-tuned model €g~ with comparatively low
computational cost, such that it behaves as though it
had been pretrained solely on A,.

2.2.2 Prior Methods

Vanilla Vanilla serves as a baseline method that
simply fine-tune the pretrained model only on remain-
ing set A, using the standard diffusion loss:

ACvanilla(e) = Et,aTNAT,mtwqt(-\ar) [||€9(33t,t) - 6”3 .

While intuitive, this method completely ignores any
information about the unlearning set A,. As a result,
even after many fine-tuning steps, it often fails to ef-
fectively remove the influence of A,,.

NegGrad NegGrad (Golatkar, Achille, and Soatto,
2020) directly performs gradient ascent on samples
from the unlearning set A, to push the model’s pre-
dictions away from the true noise estimations, which
is equivalent to performing gradient descent on

LNegGrad(g) = _Et,auNAu,thqt(-lau) [Heﬂ(mtvt) - 6”3] .

However, NegGrad cannot guarantee that the model’s
performance on the remaining set A, is preserved. It
often leads to over-forgetting, whereby the model also
forgets A, while attempting to forget A,,.

EraseDiff Although EraseDiff (Wu et al., 2025) is
originally designed for concept unlearning, following
the setting described by Alberti et al. (2025), it can
also be applied to data unlearning task by guiding the
model’s predictions on A, toward pure noise:

LErasenifi(0) = Et,a,‘NAr,:cthtHar) “|69(mtat) - 6“%]
+ )‘Et’au~Au’wt~qt(-\au),eu~?/l[0,1]d [Heg(:l:t,t) - equ] )

where the first term is used to preserve A,., and the sec-
ond term is used to unlearn A,, by pushing the model’s
prediction toward pure noise. By solving an optimiza-
tion problem on A, EraseDiff ensures that the overall
gradient descent direction of the loss function simul-
taneously serves as the descent direction for both of
its constituent terms, thereby forgetting A, while pre-
serving A,.

SISS SISS (Alberti et al., 2025) strikes a balance
between the vanilla fine-tuning loss and the NegGrad
loss, and improves computational efficiency by employ-
ing importance sampling:

Lsiss(0) = Eta,~A, au~Ayzi~a(lara,)

2
@ (x¢|ar) eo(ms, 1) — TLZ 10
q(xila,, ay) o 9
Qt($t|au) Ty — YAy >
qt(wt|ar7au) ¢ 2

where the first term corresponds to the vanilla fine-
tuning loss, the second term corresponds to the Neg-
Grad loss, and

q(xilar, ay) = (1 = Vg (xe|a,) + A (x¢|ay,)

is a mixture distribution between g¢;(x¢|a,) and
qt(xt|a,) parameterized by A € [0, 1], and s > 0 is an-
other hyperparameter controlling the strength of un-
learning.

VDU VDU (Panda et al., 2024) performs data un-
learning by introducing a variational Bayesian frame-
work. However, it relies on access to multiple in-
dependently pretrained diffusion models on the same
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dataset, which is impractical under our experimental
settings. Therefore, we exclude it from our subsequent
comparisons.

3 METHODOLOGY

3.1 Motivation

We first review vanilla fine-tuning method, which di-
rectly performs denoising matching training on the re-
maining dataset, with the corresponding loss function
given by

£vanilla(0) = Et,aTNAT,mtwqt(~|ar) [HGQ(ZEt,t) - 6”%] .

If one were to train a model from scratch with this
objective, the resulting model would converge to the
ideal solution trained only on A,. Thus, Lyanila iS
an unbiased fine-tuning objective, a property that is
important for stability and for preserving generative
quality after unlearning.

However, Lyanina is highly inefficient for unlearning.
Samples x; are always generated from a, € A,, so
training concentrates on regions surrounding A,. In
contrast, the regions where unlearning must occur are
precisely the neighborhoods of A,. As a result, the
fine-tuned model’s behavior near A, remains largely
unchanged, and the influence of A, persists even after
many steps of fine-tuning. This observation motivates
us to improve upon the vanilla method by enhancing
sampling efficiency, while retaining its favorable prop-
erty of unbiasedness.

3.2 Importance-weighted Unlearning
Objective

Inspired by the idea of importance sampling, we mod-
ify the sampling distribution of Lyania by shifting the
sampling of x; from regions concentrated around A,
to regions concentrated around A, while maintaining
the unbiasedness of the fine-tuning loss. This modifi-
cation improves the sampling efficiency of the objective
during fine-tuning and thus enables faster unlearning.
The proposed fine-tuning loss is

£unlearn (0) = Et,auwAu, ,ee~age(lay)

2
T — 1@
[ Z wi(ze|ay) |€o(xe, t) — Bl ] )
a,.€A, gt 2
where the weight term
gt (w|ar)

we(xt|ay) = 5

a’ €A, qt(mt‘a’;ﬂ)

is introduced by the importance sampling procedure.
Note that, via importance sampling, we change the

sampling distribution of @; from x; ~ ¢:(-|a,) to s ~
¢t (*|a,). The unbiasedness of Lypjearn is guaranteed
by the following proposition:

Proposition 1. The two fine-tuning loss functions
Loanilla and Lynlearn are equivalent.

The proof is provided in the appendix. Although the
two loss functions Lyanina and Lynlearn are theoreti-
cally equivalent, in practice, when approximating the
expectation via sampling, our method achieves bet-
ter unlearning performance within a limited number of
fine-tuning steps by optimizing the sampling strategy
to focus more on the regions around samples in the un-
learning set A, instead of the remaining set A,.. More
importantly, different from some biased loss function
terms employed in previous work like gradient ascent
term in LnegGrad and Lgigg or pure noise guidance
term in LgraseDiff; Lunlearn 1S an unbiased loss. This
property is crucial for preserving model stability and
avoiding the quality degradation commonly observed
with biased methods.

3.3 Tractable Approximation with Intuitive
Interpretation

Although theoretically valid, directly evaluating
Lounlearn can be time-consuming. For a given timestep
t, a datum a, sampled from the unlearning set A,,
and the corresponding noisy sample x; ~ ¢;(-|a,,), it
requires computing a weighted average over the entire
remaining set A, with weights wi(x¢|a,) x gi(x¢|a,).
When the size of A, is large, this becomes computa-
tionally expensive, which motivates approximation.

Note that

2
qt(x¢|a,) x exp (—W) ,
therefore, as v;a, moves away from x;, the likelihoods
qt(x¢|a,) decay exponentially with the squared Eu-
clidean distance ||z; — v;a.||3. Consequently, in the
weighted average most terms receive nearly negligible
weights, and the value is determined primarily by a
small subset with the largest weights. It is therefore
natural to truncate and estimate the full weighted av-
erage by computing it only over the k items with the
largest weights.

In fact, the k elements in A, that maximize the weights
on average can be identified by the following proposi-
tion:

Proposition 2. Given a, sampled from the unlearn-
ing set Ay, the k samples in the remaining set A, with
the largest expected likelihoods

]EtvthQt('Iau) [q:(z¢]a)]
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are the k-nearest neighbors of a,, under the Euclidean
metric.

The proof is provided in the appendix. Based on this
proposition, we truncate the summation in the origi-
nal Lynlearn and approximate the full sum using only
the largest k terms, which yields the following approx-
imate fine-tuning loss

»Cunlearn(0§ k) = Et,auNAuythflt("au)

Z 1I)t($t|a7-)

a,€Sk(ay)

2
Tt — VtQr

€g(x,t) — .
t

where the truncated weights are defined as

Qt(mt ‘ar)
>areSu(an) @t(@ilar)’

Wy (xe|ar) =

and Sk(a,,) denotes the set of a,,’s k-nearest neighbors
in A,.. This can be viewed as computing a weighted
average only over the k-nearest neighbors of a,, using
the truncated weights w:(x:|a,). Owing to the expo-
nential decay of the likelihood, in practice the choice
of k can be much smaller than the size of A,., which
substantially simplifies the evaluation of the loss func-
tion.

We provide an intuitive analysis of the approximate
fine-tuning loss function. During fine-tuning, our
method can be viewed as adding noise to a,, to obtain
the noisy sample x;, and then training the model to de-
noise it toward a, € S(a,,) as if ¢; had been produced
by adding noise to a,. For a pretrained model, since
information about a, is already encoded internally,
denoising the x; obtained from a, will typically drive
the denoising trajectory x;, x;_1,--- , 2o back toward
a,, especially when the noise level is small. However,
this fine-tuning loss forces the model to redirect the de-
noising trajectory that would converge to a,, toward its
nearest neighbors in the remaining set A,, thereby pre-
venting the fine-tuned model from generating undesir-
able results and achieving efficient unlearning. Figure
1 provides an intuitive illustration of the redirection.
Because a, € Si(a,) is close to a,, the correction re-
quired in the model output is small, which accelerates
the fine-tuning procedure and improves training sta-
bility. Moreover, by steering the denoising trajectory
toward other real data, the method maintains reason-
able outputs during unlearning and thus better miti-
gates degradation in generation quality. This preser-
vation of realism is consistent with the unbiasedness
mentioned in our earlier theoretical analysis.

3.4 Final Objective

Finally, due to the finite capacity of practical networks,
fine-tuning only in regions around the unlearning set

® 4

Figure 1: An intuitive schematic of our method. By
changing the diffusion model’s noise prediction on x;,
the denoising trajectory that originally pointed to the
unlearning sample a, is redirected to its k-nearest
neighbors, thus achieving fast unlearning while pre-
serving generation quality.

A, can cause catastrophic forgetting elsewhere. To
mitigate this issue, we introduce the vanilla fine-tuning
loss as a regularizer to avoid over-forgetting on the re-
maining set A,.. The final loss of our ReTrack method
is formulated as an interpolation between the unlearn-
ing term and the regularization term:

LReTrack(O) = /\Lunlearn(0§ k') + (1 - >\) ﬁvanilla(e)a

where A € [0,1] is a hyperparameter that controls the
strength of unlearning. The complete fine-tuning pro-
cess, implemented with stochastic gradient descent, is
shown in Algorithm 1. Since the unlearning set A,
and the remaining set A, are fixed throughout fine-
tuning, the k-nearest neighbors can be computed once
in advance and stored, and there is no need to re-
compute at each iteration. Moreover, although the
unlearning term sums over k neighbors, these terms
share the same network prediction €g, and thus re-
quire only a single function evaluation. As a result,
the overall computational cost of our method remains
comparable to that of prior methods.

4 EXPERIMENTS

4.1 Experimental Setups
4.1.1 Datasets.

We conduct experiments on four datasets: MNIST T-
Shirt, CelebA-HQ, CIFAR-10, and Stable Diffusion.
The MNIST T-Shirt dataset is a relatively simple
test case constructed by Alberti et al. (2025) by aug-
menting the 60,000 handwritten digit images of the
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Algorithm 1 The fine-tuning process of ReTrack.

Input: Pretrained model €g, unlearning set A,, re-
maining set A,, fine-tuning steps V.
Output: Unlearned model eg~.
1: For each a, in A,, find its k-nearest neighbors in
A, under the Euclidean metric.
2: forn=1to N do
3: Sample a timestep ¢t € {1,2,--- ,T}.

4: Sample a,, from A,,, x; ~ ¢:(-|a,) and compute
;Cl(e) = ZGT-ESk(au) wt($t|a7~) ’ee(mt,t) — mi_di’ztu”" ) .
5: Sample a, from A,, x; ~ ¢(-|a,) and compute

£2(6) = |leo (1, 1) — €5 -
6: Compute £(0) = AL1(0) + (1 — X)L2(0).
Take gradient descent step on VgL(8).
8: end for

!

MNIST dataset (LeCun et al., 1998) with T-Shirt im-
ages drawn from Fashion-MNIST dataset (Xiao, Ra-
sul, and Vollgraf, 2017) at a 1% ratio, and the goal
of unlearning is to make the model forget the T-
Shirt images. For CelebA-HQ dataset (Karras et al.,
2017), we use the 256 X256 resolution version that com-
prises 30,000 high quality facial images. For CIFAR-10
(Krizhevsky, Hinton et al., 2009), we use the training
split of 50,000 images. The unlearning dataset for the
Stable Diffusion is also constructed by Alberti et al.
(2025). By fixing the model’s text-conditioned input,
Stable Diffusion can be treated as an unconditional
generative model for a specific concept, and thus can
be employed to evaluate data unlearning methods. For
each text-image pair appearing in the training dataset
of Stable Diffusion, unlearning set and remaining set
are required in order to perform data unlearning meth-
ods so that the model forgets the original image in the
training dataset in this text condition. Therefore, 128
images are sampled using the prompt and then clus-
tered. Those images sufficiently similar to the origi-
nal training images are designated as the unlearning
set, while the remainder formed the remaining set, as
demonstrated in Figure 2.

4.1.2 Evaluation metrics.

To measure whether an unlearning method can effec-
tively forget images in the unlearning set while pre-
serving generation quality, we evaluate each method
using both quality metrics and unlearning metrics.

For quality metrics, we use the standard FID (Heusel
et al., 2017), IS (Salimans et al., 2016), and CLIP-
IQA (Wang, Chan, and Loy, 2023) metrics to measure
generation quality of the unlearned model.

For unlearning metrics, we use Frequency, NLL, and
SSCD (Pizzi et al., 2022) to quantify the extent to

text-image pair

sample with
pretrained model

sample with
. unlearned model

.
sampled images

remaining set

Figure 2: Construction of the Stable Diffusion dataset.
For each text-image pair, in order to forget the corre-
sponding image in this text condition, the pretrained
model is used to sample images in the given text condi-
tion and clustered to construct the unlearning set and
remaining set required by the data unlearning method.
After unlearning, the model no longer generates the
corresponding image in the same text condition.

which the model memorizes a given image. The de-
tails are as follows: for the MNIST T-Shirt dataset,
because it is trivial to distinguish whether images sam-
pled from the unlearned model belong to T-shirts or
handwritten digits, we directly assess unlearning per-
formance by calculating the frequency of T-Shirt in
the generated images. Following the procedure in Song
et al. (2020), we calculate the negative log-likelihood
(NLL) to quantify the model’s memorization strength
on the specific images. For CelebA-HQ and CIFAR-
10, following Alberti et al. (2025), instead of generat-
ing images from the random Gaussian noise, we inject
t steps of noise into the clean image and then use the
unlearned model to denoise and reconstruct the clean
image. We then compute SSCD between the original
training image and the reconstructed image to measure
the memorization strength of the unlearned model for
this image, as shown in Figure 3. For the Stable Dif-
fusion dataset, due to the limited number of images
sampled during each evaluation, we directly calculate
the average SSCD between the images sampled by the
unlearned model and the original training image to
evaluate the unlearning performance.

4.1.3 Implementation details.

For the MNIST T-Shirt dataset constructed by Al-
berti et al. (2025), we directly employ the pretrained
model provided by them. The pretrained models for
CelebA-HQ and CIFAR-10 are adopted from Ho, Jain,
and Abbeel (2020). For Stable Diffusion, we use v1.4
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Reconstructed Image (Pretrained)

high
similarity
IHJEC[ t steps
of noise

Trammg Image

denoise with
pretrained model

d noise up to

T steps

Noisy Image Gaussian Noise

denoise with

low unlearned model

similarity

Reconstructed lmage (Unlearned)

Figure 3: Schematic of the SSCD metric calculation
method on CelebA-HQ and CIFAR-10. Instead of
adding noise up to the full T" steps and generating
image from the pure Gaussian noise, we inject noise
for only t < T steps and use the diffusion model to de-
noise and reconstruct the clean image. The SSCD is
then calculated to measure the similarity between the
original training image and the reconstructed image,
thereby indicating how much of the training image’s
information is retained by the model.

for experiments. The noise injection intensity for
SSCD calculation is set to t = T'/4, consistent with
Alberti et al. (2025). In our experiments, unless oth-
erwise stated, we set the hyperparameter k£ in our
method to 10 and adjust A in each dataset so that
the unlearning term and the regularization term are of
similar order of magnitude. The hyperparameters for
the other methods are set according to their original
works. Since Stable Diffusion v1.4 is a latent diffu-
sion model that performs the diffusion process in the
latent space, in this experiment our method searches
for k-nearest neighbors in the latent space to ensure
consistency with the theoretical analysis. For all other
experiments with non-latent diffusion models, the k-
nearest neighbors are defined in the pixel domain.

4.2 Main Results

This section presents the metric evaluations of each
method on each dataset. For clarity, method names
in the tables are formatted as follows: italic for pre-
trained models, bold for methods that preserve gener-
ation quality, and plain font for methods that severely
degrade generation quality. The best result among the
quality-preserving methods is also highlighted in bold.

4.2.1 MNIST T-Shirt.

We conduct experiments under 10 different random
seeds and report both the mean and standard devia-
tion of the performance. After fine-tuning for 50 steps,
we sample 50,000 images and evaluate the extent of

Unlearning Metric Quality Metric
. ) [XEPY
—e— Vanilla
o7 —e— SISS \
—e— NegGrad 07 ‘0\‘ e_,‘ﬁ‘(:
oe o— EraseDiff .
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05 .
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g o N et 3 ® N\
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2 ‘\. \.‘. e \ [
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Figure 4: Results on Stable Diffusion.

unlearning achieved by each method. The results are
presented in Table 1. Among all methods that preserve
generation quality, our method achieves the strongest
unlearning performance.

4.2.2 CelebA-HQ.

We randomly select 10 facial images from the CelebA-
HQ dataset, and separately unlearn those chosen im-
ages. After fine-tuning for 40 steps, 10,000 images are
sampled to evaluate the generation quality. The aver-
age unlearning performance and standard deviations
are shown in Table 2. The experimental results show
that, among all methods that preserve generation qual-
ity, our method yields the best evaluation metrics.

4.2.3 CIFAR-10.

We randomly choose 10 images from the CIFAR-10
dataset and separately conduct experiments on them.
We sample 10,000 images for generation quality eval-
uation after 60 fine-tuning steps. The average results
are reported in Table 3. The results indicate that our
method outperforms all other methods that preserve
generation quality.

4.2.4 Stable Diffusion.

We conducted experiments independently on 48 text-
image pairs. For each experiment, a total of 30 steps
of fine-tuning are performed, with an evaluation every
5 steps. For each evaluation, 16 images are sampled
to compute the generation quality metric CLIP-IQA
and the unlearning metric SSCD. The averaged results
are shown in Figure 4. The results show that the un-
learning metric of our method is only slightly lower
than that of NegGrad method, which causes serious
degradation of the generation quality, implying that
our method is the best among all quality-preserving
methods.
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Table 1: Results on MNIST T-Shirt

Unlearning Quality
Method Frequency NLL{ FID, ISt
Pretrained |  0.8252% =+ 0.0010% 0.81 +0.05 | 1.17 + 0.00 9.67 + 0.00
NegGrad 0.0000% + 0.0000% 14.84 + 1.04 276.65 + 14.35 6.60 + 0.33
EraseDiff 0.0004% =+ 0.0012% 8.77 +0.29 6.92 + 5.48 9.14 + 0.36
Vanilla 0.3598% =+ 0.2933% 1.14 + 0.09 2.16 + 0.72 9.52 + 0.09
SISS 0.0530% =+ 0.0747% 4.53 £ 0.50 3.05 &+ 1.58 9.37 £ 0.24
Ours 0.0000% =+ 0.0000% 8.28 +0.03 2.09 + 1.04 9.48 + 0.06
Table 2: Results on CelebA-HQ
Unlearning Quality
Method NLL? SSCD FID|
Pretrained | 1.29 + 0.3 0.88 002 |  17.99 +0.00
NegGrad 6.93 + 1.12 0.14 + 0.07 424.62 + 47.04
EraseDiff 2.59 + 0.26 0.33 + 0.05 113.15 + 19.32
Vanilla 1.28 + 0.13 0.89 + 0.03 22.20 + 2.24
SISS 1.44 + o0.27 0.50 + 0.11 22.02 + 1.64
Ours 1.51 +0.25 0.41 +o.16 21.26 + 2.59
Table 3: Results on CIFAR-10
Unlearning Quality
Method NLL+ SSCD| FID| ISt
Pretrained | 3.22 + 0.36 0.54 + 006 | 5.27 + 0.00 9.29 + 0.00
NegGrad 4.33 £ 035 0.23 + 0.06 81.02 + 33.19 6.32 + 1.59
EraseDiff 3.55 +0.30 0.48 + 0.09 29.22 + 8.68 8.32 +0.45
Vanilla 3.22 +0.36 0.55 + 0.08 8.77 + 0.00 9.14 + 0.00
SISS 3.21 + 037 0.45 + 0.06 9.05 + 0.64 9.29 +0.13
Ours 3.44 + 0.32 0.37 +0.05 8.45 + 0.42 9.42 +0.14

4.3 Ablation Study

In the ablation study, we discuss two important parts
in our method: the choice of hyperparameter k£ and
the effect of the regularization term. All experiments
conducted in this section are performed on the MNIST
T-Shirt dataset.

4.3.1 Choice of hyperparameter k.

We keep all other experimental settings fixed and vary
the hyperparameter k in our method. The correspond-
ing results are presented in Table 4. As k increases,
the unlearning metrics remains essentially unchanged,
while the quality metrics exhibits a slight improve-
ment. Therefore, to strike a balance between the
performance of our method and the implementation
simplicity of the loss function, we recommend setting

k = 10 based on the empirical observations.

4.3.2 Effect of the regularization term.

To demonstrate the necessity of incorporating the reg-
ularization term in the loss function of our method,
we hold all other experimental settings fixed and com-
pare the performance of two variants of our loss func-
tion: one including both the unlearning term and the
regularization term, and the other retaining only the
unlearning term. The results, summarized in Table
5, reveal that although omitting the regularization
term yields a marginal improvement in the unlearning
metrics, it also causes a pronounced degradation in
generation quality. This deterioration indicates that
the absence of the regularization term induces over-
forgetting, thereby validating the crucial role of the
regularization term in preserving the model’s genera-
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Table 4: Ablation study on

the choice of hyperparameter k

k Unlearning Quality
Frequency| NLL1 FID| ISt
1 0.0000% =+ 0.0000% 8.29 + 0.04 2.22 + 1.02 9.48 + 0.06
10 0.0000% =+ 0.0000% 8.28 + 0.03 2.09 + 1.04 9.48 + 0.06
100 0.0000% =+ 0.0000% 8.28 + 0.04 2.04 + 1.02 9.48 + 0.06
1000 0.0000% =+ 0.0000% 8.28 + 0.04 2.01 +1.05 9.49 + 0.07
Pretrained \ 0.8252% =+ 0.0010% 0.81 + 0.05 \ 1.17 + 0.00 9.67 + 0.00
Table 5: Ablation study on the effect of the regularization term.

. Unlearning Quality
Setting Frequency. NLL?t FID, ISt
w/ reg. 0.0000% =+ 0.0000% 8.28 + 0.03 2.09 + 1.04 9.48 + 0.06
w/o reg. 0.0000% =+ 0.0000% 9.74 + 0.09 14.22 + 3.81 9.40 + 0.08

Pretrained | 0.8252% + 0.0010% 0.81 + 0.05 | 1.17 + 0.00 9.67 + 0.00

tive quality.

5 CONCLUSION

In this paper, we propose ReTrack, a novel data un-
learning method for diffusion models that redirects the
denoising trajectories toward the k-nearest neighbors.
Using importance sampling, we first derive an unbi-
ased loss that concentrates the fine-tuning procedure
on the regions surrounding the unlearning set. Then,
we approximate this loss by keeping only the k largest
terms, enabling fast unlearning while preserving gen-
eration quality. Across MNIST T-Shirt, CelebA-HQ),
CIFAR-10, and Stable Diffusion, ReTrack achieves the
best trade-off between unlearning strength and gener-
ation quality compared with prior methods.
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Supplementary Materials

A PROOFS OF PROPOSITIONS

In this section, we provide the detailed proofs of the propositions stated in the methodology section of the main
text.

A.1 Proof of Proposition 1

Proposition 1. The two fine-tuning loss functions Lyanilla and Lynlearn are equivalent.

Proof. Denoting the discrete uniform distributions on A, and A, as

1

qa.(a) = ——14,(a),
(@)= 7 ta (@
(@)= 1 La(a)
qa,\a) = A, \Q),
|Aul
where | - | denotes the cardinality of a finite set, and the indicator function is defined as

1, a€A,

Laa) = {O ad¢ A

Expanding the expectations over a, and x; in Lyanina, we have

ﬁvanilla(a) = Et ar~Arxi~q(clay) [Heg(wﬁ t) - 6”%]

2
Tt — Nar
> / qa, (ar)q (x| ar) || €o(x:, 1) — e dmt]
Ot 2
a, €A,
4, (ar)qi(x|ar) z — ear ||
Z Qt x) €o(Ti,t) — day | .
a,€A, Qt(wt) Ot 2
By defining the weights as
wy(m|a,) = qa,(a,)q(x|a;)

qt ()
qa4,(a;)q(z¢|a,)
Darea, 4a,(al)q(z|arl)
_ qt(x¢|a,)
C Yarea, w(@dal)

and expanding the first ¢;(x;) in the integral using the law of total probability

Qt(mt): Z un(au)qt(mt|au)a

a, €A,
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we obtain
Lt — YQr ?
t
Lomia(0) =E¢ | Y / > qa.(aw)g(@ila)w(@a,) |eo(x, t) — - dwt]
a,.€A, a, €A, ot 2
2
Ty — Y@
Z / qa, (@) g (ze|aw) Z wi(@lar) ||€o (@i, ) — ———" dwt}
a,EA, a,c€A, ot 2
2
Ty — Y@
=Et aundn,@i~ar(|aw) [ Z wi(xe|a,) ||ea (T, t) — t ~ t Qo ]
a, €A, t 2
= Eunlearn(e)-

A.2 Proof of Proposition 2

Proposition 2. Given a, sampled from the unlearning set A, the k samples in the remaining set A, with the
largest expected likelihoods
]Etﬁl:tNQt('Iau) [q:(z¢]a)]

are the k-nearest neighbors of a, under the Fuclidean metric.

Proof. Define the auxiliary variable
Tt — YtQr
Ot '

zZt =
Since @y ~ ¢;(-|a,), we have

ze ~ N (5, 1a),
where the expectation of the Gaussian distribution is

2

o) a, —a;).

My =

Then, the expected values of the likelihoods are given by

1 |2 — var|3
Et,wtwqt(-\au) [Qt(wt|a7‘)] :Et,wtwqt(-\au) [W exp (_%‘?

t

1 1
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t

_ 1 1
X ort [ exp (= gllz - sl exp (~51l ) az
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S —d 2 T 1 2
:Zat exp ( —[lzell2 + 20 — S llpgllz ) dze
et Rd 2

T
_ 1
=i texn (~glmlz) [ exo (<[~ 5 |) ax
Rd
t=1
d 1
x> ot (~lmlt)
2
—Zat e (~ sl — arlf).

so maximizing the likelihoods ¢;:(x+|a,) in expectation is equivalent to minimizing the Euclidean distance |la,, —
a,||2. Consequently, the k& samples in A, with the largest expected likelihoods are the k-nearest neighbors of a,,
under the Euclidean metric. O
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B COMPARISON WITH PRIOR METHOD

While our proposed ReTrack and the recent SISS (Alberti et al., 2025) both utilize importance sampling for data
unlearning in diffusion models, they differ fundamentally in their theoretical formulations and the intrinsic role
of importance sampling.

According to the discussion in Appendix A.1 (Stability Analysis and Interpretation of SISS) of the SISS paper,
their unlearning objective is equivalent to a vanilla loss and a heavily biased gradient-ascent term:

Lsiss(0) = Lyanina(0) + SLNegGraa (0)

where s is a coefficient chosen to dynamically balance the gradient norms. In their method, importance sampling
acts primarily as a computational trick to unify the forward-pass computation of these two distinct loss terms,
effectively halving the number of function evaluations. As implied by their own ablation studies, importance
sampling is not the core driver of unlearning in SISS; the method fundamentally relies on the biased LnegGrad
component.

In contrast, our unlearning objective is theoretically unbiased and is formulated as a combination of an unlearning
term and a regularization term:

ﬁReTrack(e) = )\Eunlearn(e) + (1 - )\)Evanilla(e)

We identify that while the original vanilla loss perfectly preserves generation quality due to its unbiasedness,
it suffers from extremely low sampling efficiency for unlearning. Consequently, ReTrack employs importance
sampling specifically to shift the sampling distribution of the vanilla loss toward the unlearning set, yielding
a mathematically equivalent but vastly more sample-efficient unlearning loss, Lynjearn- In our framework, im-
portance sampling is intrinsic: removing it would reduce our approach back to the vanilla loss, eliminating any
meaningful unlearning effect.

Finally, we note that the numerical discrepancies between the results reported in our evaluation and those in the
SISS publication are simply due to the different numbers of fine-tuning steps utilized in our experimental setup.

C DETAILED EXPERIMENTAL SETUP

In this section, we present a detailed description of the experimental setup, including the hardware and software
environment, the datasets and models, the evaluation metrics, and the training hyperparameter settings employed
in the experiments.

C.1 Computational Environment

All experiments were conducted on NVIDIA A100-SXM4-40GB GPU hardware and implemented using the
PyTorch framework and the Hugging Face Diffusers library. The AdamW optimizer (Loshchilov and Hutter,
2017) was employed for network optimization.

C.2 Datasets and Models

We conducted experiments on four datasets: MNIST T-Shirt, CelebA-HQ, CIFAR-10, and Stable Diffusion. For
CelebA-HQ and CIFAR-10, we employed the pretrained models provided in Ho, Jain, and Abbeel (2020). The
MNIST T-Shirt dataset and its pretrained model were adopted directly from Alberti et al. (2025). For Stable
Diffusion, we used version 1.4 and the corresponding dataset constructed by Alberti et al. (2025). All diffusion
models use UNet as the backbone, with a total diffusion steps 7' = 1000. We use the EMA version for all
pretrained models.

During fine-tuning, all models were initialized from the provided pretrained checkpoints without any additional
modifications. For Stable Diffusion model, we trained only the denoising UNet while keeping all other components
fixed.
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C.3 Evaluation Metrics

For the Frequency metric on MNIST T-Shirt, we used the /5 distance to determine whether a generated image
belongs to T-Shirts. We computed the NLL metric according to the process presented in Song et al. (2020).
The SSCD metric was computed using the default sscd_disc mixup model recommended by Pizzi et al. (2022).
FID, IS, and CLIP-IQA were all evaluated via the torchmetrics library. For IS, we used a ten-class classifier
trained on MNIST for the MNIST T-Shirt dataset and the standard Inception V3 classifier for CIFAR-10.

C.4 Training Hyperparameter Settings

On the MNIST T-Shirt, CelebA-HQ, CIFAR-10, and Stable Diffusion datasets, the learning rate during
fine-tuning was kept constant at 5 x 107®, 5 x 1075, 2 x 107°, and 1 x 107 respectively. These values were
chosen to ensure good performance of the vanilla method. The training batch size was set to 128, 64, 128,
and 16 respectively. For the MNIST T-Shirt, CelebA-HQ, and CIFAR-10 datasets, we used AdamW with beta
parameters set to (0.95, 0.999) and weight decay of 1 x 1075, For the Stable Diffusion dataset, beta was set to
(0.9, 0.999) and weight decay to 1 x 1072, To balance generation quality with inference efficiency, we set the
inference steps to 1000 for CIFAR-10 and to 50 for all other datasets. All hyperparameter configurations are
available in the YAML files under the /configs directory in our code.

D ADDITIONAL RESULTS

In this section, we present more visualization results on each dataset. For image generation quality visualizations
on each dataset, see Figure 5, 6, 7, 8, 9 and 10. For the images used during the calculation of the SSCD metric
for the CelebA-HQ and CIFAR-10 datasets, see Figure 11 and 12.
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Figure 6: Partial sampling results from pretrained and unlearned models on the CelebA-HQ dataset.
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Figure 8: Sampling results from pretrained and unlearned models on the Stable Diffusion dataset conditioned
on the prompt “Aaron Paul to Play Luke Skywalker at LACMA Reading of The Empire Strikes Back”.
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Figure 9: Sampling results from pretrained and unlearned models on the Stable Diffusion dataset conditioned
on the prompt “Air Conditioners & Parts”.
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Figure 10: Sampling results from pretrained and unlearned models on the Stable Diffusion dataset conditioned
on the prompt “Foyer painted in SALTY AIR”.
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Figure 11: Partial reconstruction images from pretrained and unlearned models on the CelebA-HQ dataset when
computing the SSCD metric.
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Figure 12: Partial reconstruction images from pretrained and unlearned models on the CIFAR-10 dataset when
computing the SSCD metric.



