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Abstract—Diffusion models have emerged as the dominant
framework for image generation, offering high fidelity sam-
ples and flexible conditioning. However, they may pose risks
with regard to generating copyright-sensitive or inappropriate
content that may be exploited by malicious actors. Machine
unlearning emerged as a counteraction to this phenomenon,
seeking to efficiently remove the influence of specific training
data without sacrificing the general performance. Prior work
on diffusion unlearning mostly targets text-to-image or class-
conditional models, while image-to-image settings such as in-
painting remain largely unexplored. In this work, we introduce
DiF3CON (DiFFusion Forgetting via CONtinual unlearning), a
continual unlearning framework for diffusion-based inpainting
models. Inspired by regularization and stability mechanisms
from multi-task learning, DiF3CON simulates iterative, efficient
class-wise data removal, without compromising the performance
of the base diffusion model. Extensive experiments on the
Places365 dataset show that DiF3CON achieves unlearning sta-
bility over significantly larger forgetting data volumes, advancing
this relatively underexplored area of machine unlearning for
diffusion-based image-to-image models. Our code is available at
https://github.com/Cata400/dif3con.

Index Terms—Machine Unlearning, Diffusion models, Inpaint-
ing, Continual Unlearning.

I. INTRODUCTION

Generative models [1]–[3] have fundamentally altered the
technological landscape, establishing themselves as valuable
solutions in a wide range of fields. From entertainment appli-
cations in the creative industries [4], [5] to scientific research
[6], [7], their seemingly elite performance was made possible
primarily through unregulated access to huge amounts of data.
By identifying and internalizing patterns in the desired data
distribution, generative models are able to create synthetic
content that adheres to these incorporated rules.

Along with this unstoppable wave for designing new gen-
erative systems, several legal and ethical challenges regard-
ing intellectual property rights have emerged [8], [9]. The
legal status of AI-generated data is mostly uncertain, raising
questions of ownership and copyrightability [10]. Because
generative models encode and internalize stylistic content
into abstract latent representations, which are then leveraged
during decoding to synthesize new samples, their behavior
can be viewed as a form of reproduction to which existing
regulatory frameworks may apply. To comply with users’
Right to be Forgotten [11], data forgetting techniques have
therefore been promoted as a means of mitigating potential
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Fig. 1. We devise a continual diffusion unlearning algorithm which reliably
preserves the performance of the base model θ0, maintaining balance between
significant information loss and inefficient unlearning.

legal exposure The simplest option would be to retrain using
only compliant datasets, although this would not necessarily
avoid generating undesired content. Moreover, retraining a
model which was substantially tuned on multiple data sources
raises practical considerations, leading to increased costs and
energy consumption.

Machine Unlearning (MU) [12]–[14] is a sub-field which
tackles the problem of erasing certain concepts from deployed
AI systems, while conserving their trustworthiness. Such tech-
niques come as an advantageous alternative to standard re-
training, allowing for fast and efficient concept deletion in
both legal and ethical-related scenarios. For generative models,
machine unlearning has been mostly applied on text-to-image
models to erase Not Safe For Work (NSFW) content [15],
[16] or entire objects [17], [18]. Nevertheless, previous works
mainly deal with erasing single concepts from generative
models, which may prove suboptimal in some scenarios.
Additionally, unlearning is, in itself, a highly unstable process
[19], easily leading to major useful information loss.

In this work we introduce DiF3CON, a continual un-
learning framework for image-to-image generative inpainting
models. Unlike previous efforts, we push beyond standard 1-
concept evaluations and design a general framework tailored
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Fig. 2. Performance comparison on a sample from the retain set (left) under increasing forget set size Df , and on the forget set (right) after complete
unlearning (100%Df ). Same inpainting mask is used for all examples.

for continuous unlearning of significant amounts of data. Our
contributions can be summarized as follows:

• We introduce DiF3CON, an unlearning framework for
generative inpainting models, designed for achieving
balance between preserving original performance and
aggressive information forgetting (Fig. 1).

• We conduct comprehensive evaluations in both easy (Sec.
IV-B) and challenging unlearning scenarios (Sec. IV-C),
proving the reliability of our method in unlearning high
amounts of data.

• Finally, we carry out several ablation studies to determine
a set of guidelines for developing efficient unlearning
systems.

II. RELATED WORK

Generative models. Diffusion-based generative models
were first popularized by DDPM [1], which formulates data
generation as the reversal of a gradual noising process. This
approach demonstrated that iteratively denoising Gaussian
noise can yield samples of remarkable quality. This view
of generation as stochastic denoising has since become a
central paradigm, enabling flexible conditional modeling by
appropriately steering the reverse process [20], [21]. Build-
ing on this foundation, Ho and Salimans [22] introduced
Classifier-Free Guidance (CFG), a conditioning technique that
removes the need for an external classifier to guide the
diffusion process. By jointly training the model on both
conditional and unconditional data, this method simplifies the
architecture while substantially improving controllability. A
further key milestone was the proposal of Latent Diffusion
Models (LDM) [2], which represent the basis for subsequent
Stable Diffusion versions [23]. Instead of running the forward-
backward diffusion directly in pixel space, LDMs operate in

the latent space of largely pretrained auto-encoders, drasti-
cally reducing computational cost and enabling scalable high-
resolution synthesis. This latent formulation also facilitates
multimodal conditioning, allowing the model to be guided by
text [24], semantic maps [25], or other images [26]. It has led
to a wide range of practical applications in computer vision,
among which image restoration has emerged as a particularly
prominent one. Among these advancements, Palette [27] is a
unified image-to-image translation framework based on condi-
tional diffusion models that achieves great performance across
diverse tasks, such as colorization, inpainting, uncropping, and
JPEG restoration, without any task-specific auxiliary losses.

Machine Unlearning is a relatively recent research area
aiming to provide a safe and reliable mechanism in mitigat-
ing risks associated with the potential misuse of generative
models. The goal of MU is to remove from a pre-trained
model the concepts associated with a subset of data used
during training, further referred to as the forget set [12]. Since
retraining the model without this data may be computationally
prohibitive, a variety of more efficient approaches have been
proposed to approximate the effect of retraining. Prior work
in MU primarily focused on classification tasks, exploring
different strategies such as gradient ascent on the forget ob-
jective [13], re-labeling the forget data with randomly chosen
incorrect labels [14], or leveraging meta-learning frameworks
to facilitate rapid unlearning updates [28]. Research on MU
for generative models has started to emerge in recent years,
primarily focusing on concept erasure in the context of text-
to-image or class-conditional models [16], [29], [30]. Finding
an effective compromise in this underlying conflicting context
remains a challenging open optimization problem, for which
only initial solution strategies have been proposed so far.

DualOptim [31] is a plug-and-play algorithm designed for



general MU frameworks, which employs alternating opti-
mization of data forgetting and data retaining, decoupling
their momentum dynamics and improving stability and per-
formance. SalUn [32] is a framework guided by gradient
weight saliency, leveraging only the most relevant weights
for achieving the best unlearning performance. EraseDiff [16]
proposes an algorithm for class- and text-conditional diffusion
models which reformulates the original bi-objective optimiza-
tion into a single-constrained problem. By using a forgetting
value function as a constraint on the forget loss, it achieves
a Pareto-optimal balance between concept preservation and
erasure. One limitation of these works is that no further
unlearning iterations are evaluated, their performance being
solely assessed on single-{class, concept} forgetting.

MU in the context of image-to-image diffusion models
remains, however, under-explored. The previous work of Li
et al. [33] proposes an algorithm that formulates unlearning
as a bounded optimization problem, operating solely on the
encoder in a teacher-student setup. It aligns latent space
embeddings of retained data between the models, while push-
ing forget embeddings towards Gaussian noise using an L2-
based mutual information approximation. Feng et al. [34]
introduces a controllable unlearning framework for image-
to-image models, framing unlearning as an ε-constrained bi-
objective optimization problem, maximizing divergence on
forget samples while minimizing it on retain samples. These
approaches employ a large number of forget classes during
training, aiming to unlearn them simultaneously; however, this
setup is likely to degrade the model’s utility on the retained
data, given their aggressive forgetting strategy.

Continual Learning is a fundamental research field that
describes how a model can efficiently acquire knowledge from
continuous data streams over time. This paradigm emphasizes
the ability to integrate new information while preserving previ-
ously learned knowledge, thereby mitigating the phenomenon
of catastrophic forgetting, enabling models to adapt to new
tasks, and making them more flexible and robust [35]–[38].
In the context of MU, this intersection represents an emerging
and challenging research frontier that remains sparsely inves-
tigated.

III. PROBLEM FORMULATION

A. Preliminaries

Inpainting. For RGB images x ∈ RH×W×C and inpainting
masks m ∈ {0, 1}, the general goal of inpainting is to train
a network ϵθ that faithfully reconstructs x, provided only the
visible pixels [27], [39], [40]:

θ∗ = argmin
θ

Ex,m

[∥∥ϵθ(x⊙ (1−m)
)
− x

∥∥
2

]
. (1)

In the following, we briefly discuss inpainting in the context
of diffusion models, setting the stage for introducing our
unlearning framework.

Diffusion Models. DDPMs [1] are generative models
trained to reverse a gradual forward noising process through
step-by-step backward denoising operations. The forward

process starts with a clean image x0 and creates a noisy
observation xt =

√
ᾱtx0 +

√
1− ᾱtη, η ∼ N (0, I), for a

timestep t ∼ U(1, T ), T ∈ N+ and scheduling parameters
{βt, αt = 1 − βt, ᾱt =

∏t
i=1 αi}Tt=1. Then, a denoiser ϵθ

is trained to predict η given xt and some optional guidance
context c:

θ∗ = argmin
θ
∥ϵθ(xt, t, c)− η∥2. (2)

For inpainting applications, the guidance context is usually
given by the unmasked pixels c = x0 ⊙ (1 − m). During
inference, starting with a random sample x̂T ∼ N (0, I) the
denoiser is applied step-by-step until retrieving x̂0:

x̂t−1 =
1√
αt

(
x̂t −

1− αt√
1− ᾱt

ϵθ(x̂t, t, c)
)
+
√
βtz, (3)

with z ∼ N (0, I). Equation (3) corresponds to the stan-
dard DDPM backward process, which requires transitioning
through all the steps t ∈ {1, . . . , T} to arrive at x̂0. DDPM
usually requires a large number of steps T (e.g. T = 1000)
in order for the backward process to properly approximate
a Gaussian distribution [41], which makes sampling from the
model extremely slow. Several techniques have been developed
to significantly reduce the number of sampling steps, using the
same network ϵθ [20], [42]. We simply refer to the network’s
prediction as ϵθ(xt) when the other arguments are off-topic.

B. Machine Unlearning

Let D = {(xi, yi)}Ni=1 denote the image dataset on which
ϵθ0 was trained on, where xi is an input image and yi is its
associated label. We will further refer to ϵθ0 as the teacher
model. The goal of MU is to optimize a new set of weights
θu s.t. ϵθu generates incorrect predictions on a subset Df ⊂ D,
while maintaining the performance on Dr = D\Df . We refer
to the former as the forget set and to the latter as the retain
set. Although there are several formulations for the goal of
unlearning, a general form can be defined as:

θu = argmin
θ

E(x,y)∼D
[
Lr(x, y, θ) + Lf (x, y, θ)

]
, (4)

where Lr(x, y, θ) = 1x∈DrL(x, y, θ) and Lf (x, y, θ) =
1x∈Df

L(x, ȳ, θ) are the retain and forget losses, respectively,
L is the loss function previously used to optimize ϵθ0 , 1(·) is
the indicator function, and ȳ ̸= y is a proxy target assigned
to forget samples. For classification, ȳ is usually randomly
sampled from the set of retain labels [14].

Balancing the conflicting objectives of Lr and Lf is chal-
lenging, even for simple tasks. Deep models often learn com-
plex representations where features are intermingled across
different classes or concepts, making them hard to separate
[43]. Additionally, Lf gradients usually have larger magni-
tudes, due to their inherent opposition to the natural learning
trajectory, requiring several consecutive updates to help with
optimization stability.



C. Diffusion Unlearning

As is widely practiced, we consider denoising networks of
the form ϵθ := DθD ◦ EθE , where DθD , EθE are symmetric
decoder and encoder models. In one of the first works ad-
dressing image-to-image unlearning, Li et al. [33] devised the
following objectives to optimize θE :

Lr = 1x0∈Dr
∥EθE (xt)− Eθ0

E
(xt)∥2, (5)

Lf = 1x0∈Df
∥EθE (xt)− Eθ0

E
(z)∥2, (6)

where z ∼ N (0, I), α > 0, while the decoder was kept frozen
θD = θ0D. The goal is to push the embeddings on forget data
towards unsystematic information, inducing random behavior
on Df . However, this is counterintuitive with respect to the
fine-tuning literature, whereas the decoder is usually modified
to allow for data distribution shifts. Additionally, this approach
fails to account for the fact that any error introduced by the
newly optimized EθE would eventually be magnified by the
fixed decoder DθD , leading to inadequate reconstruction of
both retained and forgotten data.

As previously discussed, a central challenge in unlearning
lies in the joint optimization of the competing objectives Lr

and Lf , which induces an inherently multi-objective trade-
off between retain and forget. Huang et al. [28] address this
by introducing a gradient harmonization scheme, inspired
by multi-task learning, which reprojects conflicting gradients
toward a unified optimization goal [44]. Similarly, Ko et al.
[30] propose restricting each task’s gradient to the orthogonal
complement of the other, ensuring joint loss reduction, while
Meng et al. [45] extends this idea through gradient rescaling
and adaptive weighting to maintain balanced task contribu-
tions. Beyond gradient conflicts, the computational burden
of training large models raises concerns about maintaining
model utility after unlearning. To this end, Kirkpatrick et
al. [35] introduce Elastic Weight Consolidation (EWC), a
continual learning method that regularizes new task updates
to prevent drastic deviations from prior models. Fisher Infor-
mation Matrix (FIM) is used to assign importance to each
weight, efficiently preserving performance while mitigating
catastrophic forgetting.

D. Proposed framework

In the following, we define our general unlearning algorithm
DiF3CON, aimed at preserving the performance of the base
generative model, while performing unlearning in an iterative,
continual manner. Our framework is shown in Algorithm 1.

Given a retain set Dr containing Kr ≥ 1 classes to be
preserved and a forget set Df containing Kf ≥ 1 classes to
be unlearned from a base diffusion model ϵθ0 , we uniformly
partition Df over the total unlearning epochs E, decomposing
the entire process into multiple similar sub-tasks, allowing
for a smoother optimization process. Since the base diffusion
model has already undergone extensive training on Dr ∪ Df ,
we do not foresee the need to use the entire sets during each
unlearning epoch. Instead, we construct the training set for
each epoch i = 1, E as the union between retain buffer ri and

Algorithm 1: DiF3CON
Input: Teacher weights θ0, retain/forget sets Dr/Df ,

buffer fractions pr/pf , forget classes Kf , λ, α
Output: Unlearned model θu = θE

1 r0, f0 ← [ ], [ ] // retain/forget buffers

2 P ←
{
i⌊Kf

E ⌋, (i+ 1)⌊Kf

E ⌋
}E

i=1
// forget

classes partitioning
3 for i← 1 to E do
4 θi ← θi−1

5 ri = RandomSample(Dr, pr)
6 fi =

[
fi−1 ; Df [Pi ]

]
7 D(i)

train ← [ri ; fi]

8 for b ∈ D(i)
train do

9 ℓr, ℓf = Lr(b, θ
i),Lf (b, θ

i) // (7),(8)
10 g̃r,f = GHα(∇θiℓr,∇θiℓf ) // (9)
11 gEWC = ∇θiLEWC(θ

i, θi−1, λ) // (11)
12 θi ← θi − lr · (g̃r,f + gEWC)

13 fi = RandomSample(fi, pf )

forget buffer fi. At each iteration, we set ri as a random subset
of images from Dr, while fi contains all images from the
currently unlearned classes combined with randomly sampled
data from previously unlearned classes. The latter’s purpose
is twofold: to prioritize the currently unlearned classes and to
ensure previous information reliably remains forgotten.

During initial experiments, we observed that fine-tuning
only the encoder E, while keeping D frozen, yielded sub-
optimal performance. Hence, we choose instead to keep the
encoder frozen, preserving the latent space representation
power of the initial model, while fine-tuning D in order to
correctly reconstruct Dr and increase perturbation on Df .
Given this setting, we selected the following objectives:

Lr = 1x0∈Dr
∥ϵθu(xt, t, cr)− ϵθ0(xt, t, cr)∥2, (7)

Lf = 1x0∈Df
∥ϵθu(xt, t, cf )− ϵθ0(x′

t, t, cf )∥2, (8)

where cr, cf are the corresponding context tensors, and x′
t

is a noisy retain sample within the same batch. Since the
reconstruction of ϵθ0 on x′

t will lead to a mismatch with cf ,
this will drive ϵθu to forget the information contained within
cf , implicitly from Df , while preserving the reconstruction
performance of ϵθ0 . On the other hand, Lr maintains the initial
objective, hence pushing towards knowledge distillation over
the domain of Dr.

In order to balance any possible divergence between Lf

and Lr, we apply a gradient harmonization scheme before
each weight update. In a similar manner to [30], we define
the gradient harmonization process g̃r,f := GHα(gr, gf ) as:

g̃r,f = αg̃r + (1− α)g̃f , (9)

g̃r/f = gr/f − 1g⊤
r gf<0

g⊤r gf
∥gf/r∥2

gf/r (10)



where gr = ∇θiLr and gf = ∇θiLf are the initial retain
and forget gradients, respectively, and α > 0 encodes the
importance we convey to the projected retain gradient.

To better preserve the teacher’s performance, particularly
in the regime of large Kf , we additionally perform an EWC
update with respect to the following objective:

LEWC(θ
u, θ∗, λ) = λ∥θu − θ∗∥22, (11)

where θ∗ encodes some anchor w.r.t. which we want to
stabilize the unlearned weights θu, and λ ≥ 0 encodes the
regularization strength. In our case, we define θ∗ as the weights
optimized during the previous unlearning step. This plays a
role in θu’s learning plasticity, ensuring smooth adaptation to
the new forget concepts. We chose the ℓ2 squared distance
for efficiency reasons, arguing that more sophisticated mech-
anisms such as FIM, discussed in Sec. III-C, would impose a
significant computational overhead in complex tasks such as
generative modeling.

IV. EXPERIMENTS

A. Setup

Inpainting. We evaluate our proposed algorithm on the
task of inpainting, fixing the teacher model to the pretrained
checkpoint of Palette [27]. We conduct our experiments on the
Places365 dataset [46], containing 5000 train images and 100
validation images for each class. Training is performed using
a random mix of irregular and rectangular masks.

Unlearning. We consider two unlearning scenarios: single-
class unlearning – where we choose a single class to be part
of our unlearning set Df – and multi-class unlearning – where
we randomly assign Kf > 1 classes to be part of Df . In both
cases, the retain set Dr contains the same Kr classes.

During both evaluations, we present the teacher’s perfor-
mance as an anchor for measuring retaining and forgetting
performance. We additionally consider the following baselines:
i) Composite Loss [33] with αforget = 0.25; ii) ε-Constrained
[34] with εmin for single-class unlearning and εmax for multi-
class; and iii) EraseDiff [16] with K = 1. We evaluate
all algorithms using 25% center crop inpainting masks. As
performance metrics, we report separately for the retain and
forget datasets: i) Frechét Inception Distance (FID) between
the generated images and the ground truth [47]; and ii) Incep-
tion Score (IS) of the generated images [48]. All subsequently
analyzed methods and models were trained from scratch to
ensure a fair comparison within our evaluation context.

A great number of prior works in diffusion unlearning use
class-conditional diffusion models; however, unlearning for
unconditional generation represents a more difficult task, due
to the lack of explicit class separability. These works often
only assess the performance when forgetting a single class
or concept [16], [31], [32], but do not verify their solution on
subsequent unlearning steps. On the other hand, recent studies
on image-to-image models [33], [34] choose to unlearn a large
number of classes at a time, which is unrealistic and is prone
to affect the retain performance.

TABLE I
RESULTS ON THE SCENARIO OF SINGLE-CLASS UNLEARNING (Kr = 50,

Kf = 1). FOR EACH CLASS 100 SAMPLES WERE GENERATED.

Method Retain Forget

IS↑ FID↓ IS↓ FID ↑

Teacher 14.88±0.45 12.61 3.93±0.32 118.78

Composite Loss 14.60±0.48 14.23 3.69±0.47 123.61
ε-Constrained 14.52±0.57 13.77 3.71±0.52 161.66
EraseDiff 14.96±0.46 13.39 3.74±0.57 125.40

DiF3CON 14.78±0.53 12.74 3.68±0.61 132.33

For multi-class unlearning we decided to simulate a scenario
closer to reality, where data is requested for unlearning in
smaller, incremental steps. Thus, we choose to apply our
unlearning procedure on increments of 20% forget classes per
step, for a total of Kf forget classes.

As discussed in Sec. III-D, for efficiency reasons we set
buffers size to pr = pf = 1%. For Algorithm 1 we chose α =
0.5 and λ = 0.1. Ablation studies on these hyperparameters
and on several choices for Lf are available in Sec. IV-D.

B. Single-Class Unlearning

Following [16], [31], [32], we first select the simple scenario
of a single forget class (Kr = 50, Kf = 1) with the aim of
creating a starting point for our subsequent evaluations. The
evaluation w.r.t. FID is straightforward: we require similar (↓)
feature distributions on Dr w.r.t. the teacher, and dissimilar (↑)
on Df . In terms of IS, however, we believe some justifying
words are in order: for retain images we wish to introduce
as little distortion as possible, translating to low uncertainty
for an out-of-the-box classifier, hence a higher IS; on the
contrary, the distortion on forget data should lead to increased
uncertainty, corresponding to the obstruction of discriminative
image features, hence a lower IS is desired.

The performance of each method is listed in Tab. I.
DiF3CON obtains consistent performance for both retaining
and forgetting sets, leading to the most uncertain reconstruc-
tions for images in the forget class, while maintaining the
closest performance on retain w.r.t the teacher model. Figure
3 presents visual examples showing that, while all methods
reconstruct retained data similarly, our approach achieves
superior obstruction in the inpainted area of the forgotten class.

C. Multi-Class Unlearning

Moving one step further, we validate our solution in a more
challenging context of multiple forget classes (Kr = 50, Kf =
25). We argue that the unlearning process should be treated
as a continuous problem, instead of a stand-alone task, since
there is no limit on the number of possible consecutive erasure
requests. The main objective of this continuous process is to
maintain an appropriate performance on both the retain and
forget datasets along all unlearning steps. Towards this goal,
we designed DiF3CON to be plug-and-play, and we evaluate it
in conjunction with each of the aforementioned baselines. Our
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Fig. 3. Inpainted examples after 1-class unlearning. DiF3CON results in
significant degradation on the forget class, while maintaining utility on the
other concepts.

results are shown in Fig. 4, where we analyze the evolution
of the retain and forget FID scores during the course of
our algorithm. For computational efficiency, we evaluate all
methods on reduced versions of the datasets, each containing
10 images per class. This setting is designed to highlight how
performance scales under increasingly challenging yet realistic
unlearning scenarios. All methods use the same retain and
forget buffer size of 1% of the original data, with the exception
of Composite Loss, which requires a 5% retain buffer for
a meaningful comparison. We attribute this behavior to the
fact that Composite Loss fine-tunes only the encoder, leading
the fixed decoder to produce unstable reconstructions when
trained on limited data. As unlearned data increases, we see
a drop in performance on the retained set for each algorithm.
This happens because, as more data is unlearned, the model
observes fewer retained samples compared to forgotten ones.
Additionally, with more data to unlearn, the forgetting per
sample decreases, leading to overlap between retained and
forgotten sets. This overlap allows useful information to leak,
lowering the FID on Df .

Across all algorithms, DiF3CON best preserves model
utility throughout unlearning, while simultaneously achieving
competitive forgetting performance. Importantly, both retain
and forget FID scores must be considered when assessing
unlearning strategies: eliminating the influence of Df at the
expense of substantially degrading the model’s generative
capacity on Dr fundamentally defeats the purpose of un-
learning. The examples in Fig. 2 illustrate that our method
produces more natural obstructions for samples from Df ,
while optimally maintaining visual fidelity on Dr.

D. Ablation Studies

Forget objective. Besides the previously discussed forget
loss, we experiment with three other variants to empirically
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Fig. 4. Evolution of FID for retain and forget sets at different stages during
continual unlearning (Kr = 50, Kf = 25).

(a) Teacher (b) 20%Df (c) 60%Df (d) 100%Df

Fig. 5. Evolution (from left to right) of sample reconstruction from classes
(“beauty salon”, “bedroom”) unlearned in the first epoch of Algorithm 1, at
different subsequent unlearning steps.

analyze their unlearning performance:

Lcr
f = ∥ϵθu(xt, t, cf )− ϵθ0(xt, t, cr)∥2, (12)

Lmax
f = −∥ϵθu(xt, t, cf )− ϵθ0(xt, t, cf )∥2, (13)

Lz
f = ∥ϵθu(xt, t, cf )− ϵθ0(z, t, cf )∥2, (14)

where z ∼ N (0, I), and cr, cf are computed using elements
within the same batch. Compared to the loss in (8), Lcr

f



TABLE II
ABLATION STUDIES FOR OUR METHOD. PERFORMANCE IS REPORTED AT BOTH INITIAL (20%Df ) AND FINAL (100%Df ) STAGES OF UNLEARNING, FOR

10 GENERATED IMAGES PER CLASS.

Training Config.
20%Df 100%Df

Retain Forget Retain Forget

IS ↑ FID ↓ IS ↓ FID ↑ IS ↑ FID ↓ IS ↓ FID ↑

Forget Loss
(λ = 0.1, α = 0.5)

Lf (Eq. 8) 10.21±1.31 61.24 2.81±0.41 115.36 9.67±0.95 73.57 7.83±0.95 97.73
Lcr
f (Eq. 12) 10.01±1.24 70.91 3.00±0.40 132.90 9.37±1.23 88.47 7.25±0.95 116.10

Lmax
f (Eq. 13) 4.71±0.50 169.89 2.25±0.48 242.52 4.27±0.56 180.52 3.54±0.28 205.68

Lz
f (Eq. 14) 10.25±1.07 64.80 2.79±0.42 116.94 8.36±0.96 93.90 7.03±0.88 120.91

EWC λ = 0 8.20±0.96 88.65 2.87±0.55 164.47 8.54±0.99 88.23 6.78±0.73 112.98

GH
α = 0.1 10.05±1.33 62.19 2.90±0.44 115.70 9.54±0.97 75.56 7.63±0.78 101.08
α = 0.9 10.17±1.28 60.25 2.94±0.42 110.54 9.92±1.04 70.74 8.08±1.10 93.46

pr = pf = 100% (all data) 9.80±1.05 63.17 2.76±0.52 147.19 8.79±1.06 88.73 6.24±0.83 133.41

aims to enforce a reconstruction towards clean retain images
by semantic information transfer. On the other hand, Lmax

f

directly maximizes the error between teacher and ϵθu on Df ,
encoding a more aggressive unlearning direction. Lastly, Lz

f

is similar to the Composite Loss [33] approach, although we
account for the final output rather than latent space features.

Table II presents the results obtained for all ablation studies.
We observe that although models trained using Lcr

f and Lz
f

have a closer performance to Lf on the first unlearning step,
the final model notably diverged on the retain set, significantly
dropping in performance. Furthermore, the maximizing loss
Lmax
f completely degraded the model, causing complete loss

of generative power regardless of Lr.
EWC. To illustrate the efficiency of the additional objective

in (11), we unlearn a model by setting EWC factor λ = 0.
This yields a significant performance drop on retain set,
poisoning the subsequent unlearning steps, which underlines
the importance of imposing plasticity on the model weights
w.r.t. previous unlearning steps.

Gradient Harmonization. We perform an analysis on the
contribution of the gradient harmonization hyperparameter α
on the performance of the model. A larger α drifts the resulting
gradient more towards the retain gradient, which results in
a less pronounced forgetting, and vice-versa. The gap in
performance between the larger and smaller values widens as
the unlearning process advances.

Training data. While we initially proposed using only
a fraction of the retain and previously forgotten data for
efficiency reasons, we additionally examine the performance
of DiF3CON when trained on the entire datasets. The results
shown in the last row of Tab. II are computed using Lz

f . Using
the complete training data enhances the model’s performance
over several unlearning iterations, but this improvement comes
with an increase in training time. Thus, we show that efficient
unlearning can also be achieved with minimal data usage. As
for computational acceleration, using only pr = pf = 1%
yields a ×13.6 speedup on a single RTX A6000.

We now pose the following question: Is unlearning main-

tained for initially unlearned classes? Fig. 5 shows examples
from Df unlearned in the first epoch (i = 1), reconstructed at
subsequent unlearning steps (using weights θi, i > 1). It can
be easily observed that the erasure of data influence persists
for each unlearning step. This enforces the results shown in
Fig. 4, proving the reliability of our method in continuous
unlearning scenarios.

V. CONCLUSIONS

We present DiF3CON, a plug-and-play continual unlearning
framework for inpainting diffusion models, acting towards a
balance between inefficient unlearning and aggressive forget-
ting, ensuring a trade-off between plasticity and elasticity w.r.t.
the teacher model. Extensive experiments on a comprehen-
sive large-scale dataset revealed that our algorithm exceeds
previous methods in both simple scenarios of single-concept
unlearning, as well as in challenging incremental unlearning
contexts of large amounts of data. In addition, we discuss and
analyze our particular algorithm choices in order to offer a
recipe for designing efficient unlearning paradigms.
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