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Abstract

Machine unlearning poses challenges in removing misla-
beled, contaminated, or problematic data from a pretrained
model. Current unlearning approaches and evaluation met-
rics are solely focused on model predictions, which limits
insight into the model’s true underlying data characteris-
tics. To address this issue, we introduce a new metric called
relearning convergence delay, which captures both changes
in weight space and prediction space, providing a more
comprehensive assessment of the model’s understanding of
the forgotten dataset. This metric can be used to assess the
risk of forgotten data being recovered from the unlearned
model. Based on this, we propose the Influence Eliminat-
ing Unlearning framework, which removes the influence of
the forgetting set by degrading its performance and incor-
porates weight decay and injecting noise into the model’s
weights, while maintaining accuracy on the retaining set.
Extensive experiments show that our method outperforms
existing metrics and our proposed relearning convergence
delay metric, approaching ideal unlearning performance.
We provide theoretical guarantees, including exponential
convergence and upper bounds, as well as empirical ev-
idence of strong retention and resistance to relearning in
both classification and generative unlearning tasks.

1. Introduction
Deep learning has become the foundation of many com-
mercial artificial intelligence (AI) systems, which provide
users with powerful and convenient tools for everyday life.
These models are trained on massive data, which includes
both public datasets and private user data [41]. It inevitably
raises serious concerns about privacy, trust, and user secu-
rity. As the model’s size and capacity increase, controlling
its behaviors becomes more complex and challenging. The
development of generative AI has led to the identification
of new risks, including data poisoning, copyright infringe-
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ment, disinformation, and the exploitation of personal iden-
tity. These risks may result in the unintentional disclosure
of sensitive information, the leakage of private data, or the
creation of biased, harmful, or copyright-infringing content
by models. One of the most significant challenges for the
future of responsible AI is striking a balance between the
power of large, general-purpose models and the need for
safer, more specialized systems.

To protect user rights, the European Union introduced
the General Data Protection Regulation (GDPR) [42] and
the Artificial Intelligence Act [10], which grant individuals
the “right to be forgotten” [4], requiring technology com-
panies to remove personal information from their databases
and AI models upon request. As a result, machine unlearn-
ing [3, 15, 26, 37, 47], a technique aimed at selectively
erasing specific learned knowledge or capabilities from AI
models, has become increasingly essential. Beyond pre-
serving privacy, machine unlearning plays a key role in en-
suring fairness, accountability, and compliance with legal
standards, in addition to safeguarding privacy.

In order to remove the impact of a particular subset of
the dataset from a pretrained AI model, it is necessary to
provide a model that is not capable of utilizing the charac-
teristics of that subset, while at the same time preserving
the advantageous behaviors that have been acquired from
the retaining data [40]. Given the large size of the dataset,
it is not feasible to retrain the model after removing the re-
quested data, as this would require a significant amount of
GPU usage and a prolonged training period. In addition,
there is a possibility that private data will be unavailable
at times, which will render retraining impossible. As a re-
sult, a few studies have proposed approximation unlearning
[7, 9, 18, 24], which is not only feasible in terms of privacy
access but also efficient in terms of time. Compared to the
retraining method, the approximation unlearning approach
involves beginning with a trained model and gradually mod-
ifying the weights of the model over a limited amount of
time. This approach results in significantly lower costs be-
ing incurred compared to the retraining method.

The primary goals of machine unlearning are to achieve
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two primary objectives, which are utility and privacy guar-
antee [7]. The utility indicates that the model performs well
on the retaining set. At the same time, privacy refers to ex-
hibiting poor performance on the forgetting set and protect-
ing the model against attacks on privacy, such as the leak-
age of private data. In image classification tasks, previous
studies [7, 13, 35] employ accuracy to refer to the utility
criteria and membership inference attacks (MIA) [5, 48] to
refer to model leaking. In image generation tasks, machine
unlearning aims to remove the model’s ability to generate
sensitive, harmful, or illegal content in response to inap-
propriate prompts [15, 18]. For evaluation, the Frechet In-
ception Distance (FID) score [27] is widely used and has
demonstrated empirical consistency with human perceptual
evaluations. However, FID, accuracy, and MIA focus on the
model’s predictions, ignoring the intermediate features that
significantly contribute to those predictions and reveal the
model’s knowledge derived from the input data.

In this study, we propose a new metric and unlearning
framework to improve the safety and effectiveness of ma-
chine unlearning. Our approach centers on measuring the
influence of the forgetting data on the model through a novel
metric and actively removing this influence using a princi-
pled strategy inspired from proposed metric. Specifically,
we quantify the influence level of forgetting dataset via re-
learning convergence delay, and design a Influence Elimi-
nating Unlearning framework to make the unlearning pro-
cess more efficient and resistant to relearning.

We summarize our key contributions as follows:

• Relearning convergence delay metric: We introduce re-
learning convergence delay as a novel metric to quantify
how quickly a model relearns forgotten data. Whereas ex-
isting relearning-time metrics quantify relearning in sec-
onds [19, 49] and offer no explicit guidance for improve-
ment, our metric reframes the problem in terms of con-
vergence properties, providing a principled and explicit
direction for reducing relearning risk.

• Influence Eliminating Unlearning (IEU) framework:
We develop the IEU framework, which integrates Gradi-
ent Ascent to reverse the effect of the forgetting data and
Noisy Regularization to delay the recovery risk of forgot-
ten information, while preserving accuracy on the retain-
ing set. Experiments show that IEU outperforms existing
methods across existing metrics and our proposed metric
in both classification and generation tasks.

• Theoretical Guarantees: We present a theoretical analy-
sis that establishes the upper bound of our relearning con-
vergence delay metric and develop an efficient approxi-
mation to make its computation practical. In addition, we
derive an upper bound on the error of our IEU framework,
offering clearer insight into the distinct contributions and
interactions of each component within the framework.

2. Background

We denote f(x, θ) as a model parameterized by trainable
weight θ, a training dataset Dtrain = {xi, yi}N where xi

represents an input and yi is a corresponding label, a test-
ing dataset Dtest, and a training algorithm T (θ0,D, t) [31]
(such as Gradient Descent, Adam etc.) [32]. In the training
process, the algorithm T tries to minimize the loss function
on the training dataset L(θ,Dtrain). We define a model is
well-trained on D if θD = argminθ L(θ,D). In general,
we define Φ(θ,D) as an error-evaluation function for the
model f(·, θ) on the dataset D. The function Φ could be a
loss function L or the accuracy error 1 − accuracy in the
context of classification problems.
Machine Unlearning. In the unlearning scenario, the
model is trained first on the entire training set and obtains
an optimal weight θD

train
= T (θ0,Dtrain,+∞) where θ0 is

an initialized weight. In the unlearning phase, we aim to
reduce the influence of a part Dtrain

f ⊂ Dtrain, called forget-

ting set, from the trained weight θD
train

. Ideally, we should
retrain an initialized weight on the retaining set Dtrain

r =
Dtrain \Dtrain

f , referred to as exact unlearning. However, it is
infeasible due to time complexity, hardware cost, or privacy
restrictions. Thus, approximation unlearning is proposed
to make unlearning process fast and efficient by fine-tuning
from a trained weight θUL

0 = θD
train

using an unlearning pro-
cess θUL

T = U(θUL
0 ,Dr,Df , T ) in T iterations. The goal of

approximation unlearning is to produce an unlearned model
that performs similarly to the exact unlearning model. In
the scenario of unlearning for a publicly pretrained model
where the retaining dataset is inaccessible, the unlearning
process becomes more challenging. In this case, the model
update is defined as θUL

T = U(θUL
0 , ∅,Df , T ) over T steps,

where no retaining data is used.
Unlearning Metrics. In classification tasks, previous stud-
ies [7, 13, 19, 35] commonly employ accuracy as a means of
evaluating the performance of unlearned models, utilizing
the corresponding retraining model as a benchmark. The
underlying assumption is that a properly unlearned model
should closely match the retraining model in behavior, re-
flected in comparable accuracy across the retaining, forget-
ting, and testing datasets.

In image generation tasks, the FID measures how closely
the distribution of generated images aligns with that of real
images, and it is the current standard for evaluating the qual-
ity of generative models [13, 28, 53]. A lower FID score
indicates more realistically generated images, reflecting the
effectiveness of the generative model. In the context of un-
learning NSFW (not safe for work) content, previous works
[13, 53] evaluate a model’s ability to generate harmful con-
tent by employing detection models that assess the level of
harmfulness in the generated images.

To assess privacy guarantees, previous works [13, 35]

7969



employ MIA [48], which uses the outputs of the unlearned
model to measure the attack success rate (ASR). MIA aims
to determine whether a specific data sample was part of the
model’s training set, regarding the risk of information leak-
ing, and ASR is widely used to assess the effectiveness of
privacy in unlearning methods. Ideally, a practical forget-
ting method should achieve an MIA score comparable to
that of a model retrained without the forgotten data.

Beyond MIA, the relearning attack [11, 14, 22, 30, 39]
poses a privacy threat due to the model’s long lifetime, as
the unlearned model could potentially reacquire previously
forgotten data, thereby challenging its robustness and weak-
ening the guarantees of unlearning. Prior studies [19, 49]
have assessed unlearning effectiveness by measuring the
time (in seconds) required to relearn forgotten data. How-
ever, this metric offers limited insight into the learning dy-
namics and provides little guidance for improving unlearn-
ing methods. To the best of our knowledge, this is the first
study to introduce a metric, relearning convergence delay,
that quantifies the risk of forgotten data recovery in terms
of convergence behavior. This addresses a critical gap in
current unlearning evaluation practices by offering a more
principled and informative measure of residual influence.

3. Relearning Convergence Delay Metric
How can we quantify the contribution of a dataset D to a
learned model θ? Transfer learning offers a useful perspec-
tive: models pretrained on relevant data tend to converge
faster on downstream tasks than those initialized randomly,
even if their initial accuracies are similar. This implies that
pretrained weights encode latent knowledge beneficial for
learning, which is not always evident in performance met-
rics but is observable through training efficiency. Building
on this insight, we hypothesize that the influence of dataset
D on model weight θ can be quantified by the model’s con-
vergence speed during fine-tuning T (θ,D, ·).

In the context of unlearning, this has significant privacy
implications. A model that retains significant influence
from forgotten data may relearn it quickly, a vulnerability
exploited by relearning attacks. To capture this, we propose
a novel metric called relearning convergence delay (RCD),
which quantifies the residual influence of a forgetting set on
an unlearned model. Specifically, RCD measures how ef-
ficiently an unlearned model θUL

T relearns on the forgotten
dataset Df , thus serving as a proxy for the model’s suscep-
tibility to relearning attacks. It is formally defined as:

RCDT (θ
UL
T ,Df ) =∫ +∞

0

[
Φ(T (θUL

T ,Df , t),Df )− Φ(θDf ,Df )

]
dt,

(1)

where T is a learning algorithm. In the unlearning pro-

cess, the objective is to eliminate the influence of the forget-
ting set on the model. To reflect this, we seek to maximize
the relearning convergence delay, such that the unlearned
model requires significantly more effort to relearn the for-
gotten data, indicating effective removal of its influence. To
facilitate theoretical analysis and ensure convergence, we
assume that the training algorithm T can achieve optimal
model parameters under standard conditions.

Assumption 1. The training algorithm T converges to the
optimal parameter at the end of the training process, denot-
ing as T (θ,D,+∞) = θD for every θ and D.

To control the relearning convergence delay RCD, we
investigate the condition number [55], which is well known
for representing the difficulty of convergence in a convex
optimization problem. The investigation focuses on the
convergence characteristics of iterative optimization algo-
rithms. We denote that the loss function L(θ,D) at θ
on the dataset D has a second-order derivative ∇2L(θ,D)
which contains eigenvalues represented by the notation
λ1(θ,D) ≥ λ2(θ,D) ≥ . . . ≥ λd(θ,D) ≥ 0. The
work [57] demonstrated that the condition number is mini-
mized during the training process. Leveraging on this phe-
nomenon, we are going to make the following assumption:

Assumption 2. For every iterative and convertible learning
algorithm T , datasetD, and initialized weight θ0 ∈ Rd, the
training process θt = T (θ0,D, t) progressively minimizes
the condition number over time:

λ1(θ0,D)
λd(θ0,D)

≥ λ1(θ1,D)
λd(θ1,D)

≥ . . . ≥ 1.

Lemma 3. For Φ is a µ−strongly and β−smooth loss func-
tion, every iterative and convertible learning algorithm T ,
dataset D, initialized weight θ0 ∈ Rd, and training process
θt = T (θ0,D, t), we have these properties:
(a) 0 ≤ µ ≤ mint λd(θt,D)
(b) β ≥ maxt λ1(θt,D) ≥ 0

(c) β
µ ≥

λ1(θ0,D)
λd(θ0,D) ≥

λ1(θ1,D)
λd(θ1,D) ≥ . . . ≥ 1.

Consequently, based on Lemma 3, it can be inferred that
all eigenvalues and the condition number during the training
process are bounded by a well-known assumption regarding
strongly and smoothly convex loss functions.

While RCDT depends on the choice of the learning
algorithm T , in this paper, we derive its bound under a
specific configuration where T is set to Gradient Descent.
Building on the iterative update rule θt+1 = θt − ηt∇t, we
make an analysis ofRCDGD bounds:

Theorem 4. For Φ is a convex loss function, T is the Gra-
dient Descent with step-size ηt = 1

λ1(θt,Df )
, the RCDGD

value is bounded by:

0 ≤ RCDGD
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≤ λ1(θ
UL
T ,Df )

λd(θUL
T ,Df )

(
L(θUL

T ,Df )− L(θDf ,Df )

)
. (2)

Theorem 4 implies that theRCDGD is consistently non-
negative and possesses an upper limit. The upper limit of
RCDGD for the weight θUL

T is dependent upon the con-
dition number of the unlearned weight on the forgetting
dataset λ1(θ

UL
T ,Df )

λd(θUL
T ,Df )

and the loss function on forgetting set

L(θUL
T ,Df ), where the value of L(θDf ,Df ) is independent

of the unlearned weight. The condition number represents
the difficulty of re-learning forgotten information, whereas
the loss function value of the forgetting set reflects the per-
formance of the unlearned model on the forgetting dataset.
In other words, the upper bound of RCDGD represents the
worst case of relearning attack, which measures the cost re-
quired to ensure the success of relearning attack.

In general, we establish Corollary 5, which indicates that
the relearning convergence delay RCDGD is non-negative
and bounded when the training algorithm T is Gradient De-
scent, for any unlearned model weight θ and dataset D,
assuming the loss function is µ-strongly convex and β-
smooth. This result suggests that in general RCDGD re-
flects both the model’s current performance and the opti-
mization difficulty on the forgotten dataset.

Corollary 5. For Φ is a µ−strongly and β−smooth convex
loss function, T is the Gradient Descent with step-size ηt =

1
λ1(θt,D) , for any θ and D, theRCDGD is bounded by:

0 ≤ RCDGD(θ,D) ≤ β

µ

(
L(θ,D)− L(θD,D)

)
. (3)

While RCD is defined as an infinite integral, which is
not feasible to compute in practice, we approximate it using
a discrete and finite number of K iterations:

RCDK
T (θUL,Df )

=

K∑
t=0

[
Φ(T (θUL

T ,Df , t),Df )− Φ(θDf ,Df )

]
. (4)

Theorem 6. By approximating the relearning convergence
delay from Eq. (1) using Eq. (4), with T set to Gradient
Descent, we obtain the following approximation error:

RCDGD −RCDK
GD ≤ O(e−K). (5)

We introduce Theorem 6, which concerns the estimation
error of approximated RCDGD from the Eq. (4). This the-
ory indicates the trade-off between the number of iterations
and the precision of the approximation; for more iterations,
we achieve a more accurate estimation of the relearning
convergence delay. Significantly, it claims exponential con-
vergence, indicating that a sufficient number of iterations
can precisely yield an estimated score.

Algorithm 1 Influence Eliminating Unlearning framework

Input: weight θD ∈ Rd, retaining data Dr, forgetting
data Df , noisy ratio α ∈ [0, 1], step-size η > 0, and
forgetting set weight c ∈ [0, 1]
for t = 1 to T do

Draw θinit
iid∼ N (0, 2

d )
Calculate ∇r

t−1 regarding loss function in Eq. (6) on
retaining set
Calculate ∇f

t−1 regarding loss function in Eq. (7) on
forgetting set
θt = αθt−1 + (1− α)θinit − η∇r

t−1 + cη∇f
t−1

end for
Return: θT .

4. Influence Eliminating Unlearning
The goal of the unlearning process is to remove the influ-
ence of the forgetting dataset while preserving performance
on the retaining set. To ensure utility, we first apply a loss
function to the retaining data, guiding the model to main-
tain its original performance. To mitigate the impact of
the forgetting set, we introduce two key components, Gra-
dient Ascent and Noisy Regularization, inspired by maxi-
mizing the relearning convergence delay score, thereby ef-
fectively minimizing the impact of data being forgotten on
the original model. Our overall approach is formalized in
Algorithm 1, named the Influence Eliminating Unlearning
framework, which contains several hyperparameters related
to the learning rate, forgetting rate, and noisy factor. For
notation, the gradients at step t for the retaining and forget-
ting sets are denoted as ∇r

t and ∇f
t , respectively, and their

second-order derivatives are∇r
t
2 and∇f

t

2
.

4.1. Maintain the Performance on the Retaining Set
Fine-tuning a model on new data leads to catastrophic
forgetting [1, 17, 51], where performance on previously
learned data decreases. Without access to the retaining set,
it becomes difficult to preserve its accuracy during model
updates, resulting in degraded utility, contrary to the goal
of unlearning. To address this, we first employ minimizing
a loss function on the retaining set to maintain its perfor-
mance and ensure the model’s utility:

L(θ,Dtrain
r ) =

1

|Dtrain
r |Σiℓ(f(θ, xi), yi). (6)

4.2. Eliminate the Influence of Forgetting Set
Inspired by Theorem 4 and Corollary 5, we aim to max-
imize RCD, which entails reducing the influence of the
forgetting set Df on the unlearned model θUL

T . As dis-
cussed in the previous section, it contains two factors: the
loss function value L(θUL

T ,Df ) and the condition number
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λ1(θ
UL
T ,Df )

λd(θUL
T ,Df )

. We will discuss each one in this section.

4.2.1. Gradient Ascent.
We aim to degrade the model’s performance on the forget-
ting set, ensuring a high loss for those data points. While
catastrophic forgetting can be indirectly leveraged by mini-
mizing loss only on the retaining set, causing the forgetting
set’s performance to decline over time, we explicitly maxi-
mize the loss on the forgetting set during unlearning. This
targeted approach is expected to ensure the model forgets
the specified data more effectively:

L(θ,Dtrain
f ) =

1

|Dtrain
f |Σiℓ(f(θ, xi), yi). (7)

In our ablation experiments, we empirically validate the
effectiveness of utilizing gradient ascent on the forgetting
set. While gradient ascent has the potential to introduce
instability during training, we control and mitigate this risk
by using a smaller step-size for the forgetting set updates,
defined as ηf = cηr, c ∈ [0, 1), where ηr is the step-size for
gradient descent on the retaining set.

4.2.2. Noisy Regularization.
The condition number of a neural network’s weight is typi-
cally higher at initialization [6, 23, 34, 54] than after train-
ing, and it tends to decrease progressively throughout the
training process [57]. We first assume that the weights are
initialized using Kaiming normal initialization.

Assumption 7. The initialized weight θ0 follows Kaiming
initialization N (0, 2

d ) where θ ∈ Rd.

We aim to design an iterative process that maximizes
the condition number of the model weight θ on the dataset
D, given a well-trained model θD. Inspired by Assump-
tion 7, we define the Iterative Re-initialization Process in
Definition 8 by weighted merging the current weight and
a randomly initialized weight, controlled by a parameter
α ∈ [0, 1]. In other words, it is an incorporation of weight
decay and noisy injection in the weight space.

Definition 8. The Iterative Re-initialization Process:

θt+1 = αθt + (1− α)N (0,
2

d
), (8)

where α ∈ [0, 1] denotes the speed of process.

The model’s weight, when applied to the Iterative Re-
initialization Process with a sufficient number of iterations,
will conform to a normal distribution in Assumption 7 and
may be regarded as an initialized weight. A smaller α sig-
nifies a rapid process, whereas a larger α denotes a slow
process. While a learning algorithm attempts to process
an initialized weight into an optimal weight, represented

as θ0 → θD, the process described in Definition 8 exe-
cutes the inverse function θD → θ0. Therefore, according
to Lemma 3, we can say that the Iterative Re-initialization
Process maximizes the number of expectation conditions in
the data set D; however, it is still restricted to the setting of
µ-strongly and β-smoothly convex, presented in Lemma 9.

Lemma 9. The Iterative Re-initialization Process maxi-
mizes the condition number over the datasetD for θ0 = θD:

1 ≤ E
[
λ1(θ0,D)
λd(θ0,D)

]
≤ E

[
λ1(θ1,D)
λd(θ1,D)

]
≤ . . . ≤ β

µ
. (9)

Finally, we summarize our proposed unlearning frame-
work in Algorithm 1, which consists of three key com-
ponents corresponding to three objectives: (a) minimiz-
ing the loss on the retaining set L(θ,Dtrain

r ), (b) maxi-
mizing the loss on the forgetting L(θ,Dtrain

f ), and (c) ap-
plying the Iterative Re-initialization Process (Definition 8)
to eliminate the influence of the forgetting set. Specifi-
cally, component (a) seeks to reduce the loss on Dr and
decrease the condition number ratio on the retaining set

E
[
λ1(θt+1,Dr)
λd(θt+1,Dr)

]
≤ E

[
λ1(θt,Dr)
λd(θt,Dr)

]
, while component (b) aims

to increase the loss on Df , and component (c) targets in-
creasing the condition number ratio on the forgetting set

E
[
λ1(θt+1,Df )
λd(θt+1,Df )

]
≥ E

[
λ1(θt,Df )
λd(θt,Df )

]
, thereby reducing the in-

fluence of the forgetting set. The framework introduces two
hyperparameters, α and c, which control the relative impor-
tance of components (b) and (c) during unlearning. In the
following section, we provide a theoretical analysis of how
these hyperparameters affect convergence behavior.

4.3. Convergence Guarantee of Influence Eliminat-
ing Unlearning Framework

In this section, we provide a convergence guarantee of the
proposed unlearning framework on the retaining set.

Theorem 10. For Φ is a loss function which is L-Lipschitz,
µ−strongly and β−smooth convex, distance between any θt
generated by Influence Eliminating Unlearning framework
is bounded ||θn−θm||2

2 ≤ D, step-size ηt =
1
β , the error on

retaining set is bounded by:

E[L(θt,Dr)− L(θDr ,Dr)] ≤ LDe−
µ
β t

+ 2β

(
D

2
(1− α) +

L

2β
c+

L

β

)2

+ β(1− α)2 + CONST. (10)

Firstly, we claim that our framework achieves an expo-
nential convergence rate of O(e−t) in t iterations, demon-
strating its time efficiency. Secondly, the use of Gradient
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Ascent and the Noisy Regularization component raises the
upper error bound with a second-order polynomial of c and
α. According to Theorem 4 and Lemma 9, a lower α and
an larger c effectively eliminate the forgetting set; however,
Theorem 10 demonstrates that this results in a larger upper
error bound, which may be harmful to the model’s utility.

5. Experiment Setups
In this section, we briefly describe the experimental setups;
full details are provided in the Appendix section.
Image Classification. We conduct experiments on
CIFAR-10, CIFAR-100 [33], and TINYIMAGENET [36]
using ResNet50 [25] and ViT [12] architectures under both
random and class-wise data forgetting. We compare three
variants of our method (w/GA, w/Noisy, w/GA+Noisy)
against four baselines: Fine-tuning (FT), Random Labeling
(RL) [21], SCRUB [35], and SALUN [13]. Performance is
assessed using accuracy on retaining, forgetting, and testing
sets, as well as privacy via MIA. The average performance
gap (Avg. Gap) measures the similarity between the perfor-
mance of the unlearned model and that of a retrained model,
with a smaller gap indicating more effective unlearning. We
also employ a relearning convergence delay metric to quan-
tify how quickly an unlearned model can relearn forgotten
data, using gradient descent with varying step-sizes.
Image Generation. We apply unlearning to the latent Sta-
ble Diffusion (SD) model [45] to eliminate NSFW content,
integrating our GA and Noisy components with ESD [18]
and SALUN [13] baselines. Forgetting is evaluated by gen-
erating images from I2P prompts [46] and measuring the
ratio of nude images using Nude Detector [2]. Retention
is assessed using FID scores by comparing images gener-
ated from the IMAGENETTE classes against the correspond-
ing real IMAGENETTE images [29]. To assess vulnerability
to relearning, we fine-tune each unlearned model to relearn
NSFW concepts and track loss against the original SD v1.4.

6. Experiment Results
In this section, we briefly summarize the experimental re-
sults. Complete results and additional ablation studies are
provided in the Appendix section.

6.1. Image Classification
Performance Gap. We evaluate our proposed methods
against four baseline unlearning approaches under 30% and
50% random and class-wise forgetting scenarios. The re-
sults for the ResNet model on the TINYIMAGENET dataset
are presented in Tabs. 1 and 2. Additional experimental
results on other architectures and datasets are provided in
the Appendix section. Across all settings, our methods,
especially those using the Noisy component, consistently
achieve low Avg. Gap scores, indicating strong unlearn-

ing performance close to retraining. While GA and Noisy
are effective individually, combining them does not yield
further improvement. Compared to baselines, our methods
maintain higher accuracy on both retaining and forgetting
sets, with slightly worse MIA scores. FT and RL partially
reduce influence from the forgetting set but introduce insta-
bility or retain residual effects, while SCRUB and SALUN
perform poorly overall. Notably, our methods remain robust
as the forgetting portion increases, particularly in random
data forgetting, where an increasing amount of forgetting
presents increased challenges. Overall, these results high-
light the effectiveness and robustness of our approach across
diverse unlearning settings.
Relearning Risks and Performance Relationship. We an-
alyze the relationship between relearning convergence de-
layRCDGD, which reflects a model’s resistance to relearn-
ing, and the Avg. Gap, which measures utility. The results
for the ResNet architecture on the TINYIMAGENET dataset
are shown in Fig. 1. Additional results for other architec-
tures and datasets are included in the Appendix section.
Our methods consistently achieve both low Avg. Gaps and
high RCDGD scores across random and class-wise forget-
ting scenarios, indicating strong performance in preserving
utility while limiting the risk of relearning forgotten data. In
contrast, baselines such as SALUN achieve high RCDGD

but suffer from poor utility, while FT, RL, and SCRUB show
lower Avg. Gaps but are more vulnerable to relearning.
These results highlight the ability of our approach to main-
tain a favorable privacy-utility trade-off.
Ablation Studies about Step-size in Relearning Conver-
gence Delay. We conduct ablation studies to examine the
impact of step-size on the relearning convergence delay
scoreRCDGD, guided by the theoretical insights from The-
orem 4. The results for the ResNet model on the TINY-
IMAGENET dataset are presented in Fig. 1. Additional
experiments on alternative architectures and datasets are
provided in the Appendix. Experiments using step-sizes
of 10−4, 10−5, and 10−6 reveal that while smaller step-
sizes slightly increase RCDGD values, the relative ranking
of methods remains consistent. In random forgetting, our
methods, particularly those using the Noisy component,
consistently achieve high RCDGD scores. On the other
hand, FT and SCRUB perform poorly regardless of the step-
sizes. In class-wise forgetting, smaller step-sizes compress
score ranges, making differentiation harder, though rank-
ings are largely preserved. These results suggest that an ap-
propriately chosen step-size provides a satisfactory balance
of sensitivity and computational efficiency when comparing
different unlearning methods.

6.2. Image Generation

Performance on Forgetting Concepts. We present the Nu-
dity scores for each unlearning method in Tab. 3. The results
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Table 1. Performance summary of various unlearning methods for the ResNet model trained on TINYIMAGENET in two unlearning
scenarios, 30% random and 50% random data forgetting. Performance gap against Retraining is provided in (·).

Method
Random Data Forgetting (30%) Random Data Forgetting (50%)

Dtrain
r Dtrain

f Dtest MIA Avg. Gap Dtrain
r Dtrain

f Dtest MIA Avg. Gap

Retraining 0.930 (0.000) 0.470 (0.000) 0.546 (0.000) 0.874 (0.000) 0.000 0.950 (0.000) 0.429 (0.000) 0.495 (0.000) 0.831 (0.000) 0.000
FT 0.888 (0.042) 0.609 (0.139) 0.562 (0.015) 0.870 (0.003) 0.050 0.897 (0.052) 0.595 (0.165) 0.538 (0.043) 0.830 (0.001) 0.066
RL 0.760 (0.170) 0.512 (0.042) 0.522 (0.024) 0.875 (0.001) 0.059 0.786 (0.163) 0.525 (0.096) 0.507 (0.013) 0.833 (0.002) 0.068

SCRUB 0.909 (0.021) 0.642 (0.172) 0.570 (0.024) 0.874 (0.000) 0.054 0.910 (0.039) 0.632 (0.203) 0.556 (0.061) 0.831 (0.000) 0.076
SALUN 0.569 (0.361) 0.507 (0.036) 0.486 (0.060) 0.877 (0.003) 0.115 0.563 (0.386) 0.454 (0.025) 0.446 (0.049) 0.842 (0.011) 0.118

IEU w/GA 0.916 (0.013) 0.547 (0.077) 0.541 (0.005) 0.873 (0.001) 0.024 0.924 (0.026) 0.525 (0.095) 0.494 (0.001) 0.830 (0.002) 0.031
IEU w/Noisy 0.881 (0.049) 0.508 (0.038) 0.540 (0.006) 0.869 (0.004) 0.024 0.900 (0.050) 0.483 (0.054) 0.494 (0.000) 0.829 (0.002) 0.026

IEU w/GA+Noisy 0.885 (0.045) 0.518 (0.048) 0.536 (0.010) 0.869 (0.005) 0.027 0.898 (0.052) 0.486 (0.056) 0.495 (0.000) 0.828 (0.003) 0.028

Table 2. Performance summary of various unlearning methods for the ResNet model trained on TINYIMAGENET in two unlearning
scenarios, 30% class-wise and 50% class-wise data forgetting. Performance gap against Retraining is provided in (·).

Method
Class-wise Data Forgetting (30%) Class-wise Data Forgetting (50%)

Dtrain
r Dtrain

f Dtest
r Dtest

f MIA Avg. Gap Dtrain
r Dtrain

f Dtest
r Dtest

f MIA Avg. Gap

Retraining 0.927 (0.000) 0.593 (0.000) 0.000 (0.000) 0.000 (0.000) 0.909 (0.000) 0.000 0.948 (0.000) 0.608 (0.000) 0.000 (0.000) 0.000 (0.000) 0.909 (0.000) 0.000
FT 0.881 (0.046) 0.577 (0.016) 0.000 (0.000) 0.000 (0.000) 0.909 (0.000) 0.012 0.902 (0.046) 0.627 (0.018) 0.000 (0.000) 0.000 (0.000) 0.909 (0.000) 0.013
RL 0.817 (0.110) 0.580 (0.014) 0.000 (0.000) 0.000 (0.000) 0.909 (0.000) 0.025 0.858 (0.090) 0.623 (0.014) 0.000 (0.000) 0.000 (0.000) 0.909 (0.000) 0.021

SCRUB 0.753 (0.175) 0.586 (0.008) 0.000 (0.000) 0.000 (0.000) 0.906 (0.003) 0.037 0.814 (0.134) 0.638 (0.030) 0.000 (0.000) 0.000 (0.000) 0.908 (0.000) 0.033
SALUN 0.569 (0.358) 0.486 (0.107) 0.002 (0.002) 0.004 (0.004) 0.911 (0.002) 0.095 0.631 (0.318) 0.551 (0.058) 0.004 (0.004) 0.004 (0.004) 0.909 (0.001) 0.077

IEU w/GA 0.890 (0.037) 0.567 (0.026) 0.000 (0.000) 0.000 (0.000) 0.908 (0.001) 0.013 0.905 (0.044) 0.629 (0.021) 0.000 (0.000) 0.000 (0.000) 0.909 (0.000) 0.013
IEU w/Noisy 0.882 (0.045) 0.577 (0.016) 0.000 (0.000) 0.000 (0.000) 0.908 (0.001) 0.012 0.907 (0.042) 0.605 (0.003) 0.000 (0.000) 0.000 (0.000) 0.908 (0.000) 0.009

IEU w/GA+Noisy 0.873 (0.054) 0.578 (0.015) 0.000 (0.000) 0.000 (0.000) 0.909 (0.000) 0.014 0.896 (0.052) 0.615 (0.007) 0.000 (0.000) 0.000 (0.000) 0.909 (0.000) 0.012
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Figure 1. Relationship between Avg. Gap and RCDGD (step-size
η = 10−4) of ResNet model on the training-forgetting dataset
Dtrain

f of TINYIMAGENET across diverse unlearning scenarios.
Our methods consistently achieve a low Avg. Gap and a high
RCDGD score across four forgetting scenarios, demonstrating ef-
ficacy in both model utility and privacy.
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Figure 2. The RCDGD values of ResNet model on the training-
forgetting set Dtrain

f of TINYIMAGENET for various step-sizes.
With a small step-size, the RCDGD values of each unlearning
method are less distinguishable, whereas an appropriate step-size
enables a significant comparison.

show that the model without using a Noisy component ex-
hibits a high Nudity score, indicating that it is ineffective
in eliminating harmful concepts. Meanwhile, incorporating
the Noisy component shows the effectiveness, while ESD
Noisy achieves the best safety score in the ESD setting,
and SALUN GA+Noisy achieves the best safety score in
the SALUN setting. These findings suggest that models uti-

Table 3. Performance of unlearned approaches on IMAGENETTE

concepts using FID, I2P prompts using Nudity score, and relearn-
ing convergence delay of relearning harmful concepts from I2P
prompts, measured as RCDAdam.

Method FID (↓) Nudity score (↓) RCDAdam (↑)
ESD 0.880 0.413 538.022

ESD w/GA 0.515 0.415 526.653
ESD w/Noisy 0.510 0.224 524.057

ESD w/GA+Noisy 0.428 0.330 517.166
SALUN 1.938 0.500 530.431

SALUN w/GA 0.627 0.337 523.846
SALUN w/Noisy 0.742 0.272 525.421

SALUN w/GA+Noisy 0.350 0.250 506.544

lizing the Noisy component are significantly less likely to
generate harmful content in response to I2P prompts. Addi-
tionally, Fig. 3 displays a set of images generated using I2P
prompts, highlighting the differences between our proposed
approach, the original SD model, and other baseline meth-
ods. Please refer to the Appendix for additional generated
images from extended ablation studies.
Performance on Unrelated Concepts. We present the FID
scores for each unlearning method in Tab. 3. The lowest
scores achieved by the GA+Noisy approaches highlight
the effectiveness of our method in preserving generation
quality for concepts unrelated to the ones being unlearned.
This indicates that our unlearned model produces images
that are both more realistic and more aligned with the pro-
vided text prompts, as illustrated in Fig. 4. Please refer to
the Appendix section for additional generated images from
extended ablation studies.
Relearning Convergence Delay. According to the data
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Method P1 P2 P3 P4 P5 P6 P7 P8 P9 P10

SD

ESD
w/GA

ESD
w/GA+Noisy

SALUN
w/GA

SALUN
w/GA+Noisy

Figure 3. Examples of generated images using various SD models from I2P prompts. The unlearning methods include ESD and SALUN,
both with and without the use of Noisy. Each column presents images generated by different SD variants using the same prompt, denoted
as Pi. Detailed descriptions of the prompts are provided in the Appendix section.

presented in Tab. 3, we measure the RCD score to assess
how quickly models relearn the forgotten harmful concepts.
Although our approach is inspired by the relearning con-
vergence delay under gradient descent, SD cannot be di-
rectly trained using gradient descent alone; thus, we adopt
the Adam optimizer and denote the score as RCDAdam.
According to the findings, our methods, particularly those
that utilize the Noisy component, exhibit a higher speed
of convergence during the relearning process. This suggests
that the unlearned model is more susceptible to relearning
harmful content. In the meantime, the utilization of both
GA+Noisy results in a more rapid convergence, a behavior
that contrasts with the GD-motivated setting and appears
to be influenced by the dynamics of the Adam optimizer.
Following the relearning process, the images that were gen-
erated by the model are displayed in the Appendix.

Ablation Studies. We conduct ablation studies to assess
the effectiveness of the GA and Noisy components, with
results summarized in Tab. 3. The findings show that
the combined GA+Noisy outperforms the others. In the
ESD setting, GA+Noisy achieves the best FID score and
a competitive Nudity score, while in the SALUN setting, it
achieves the best FID and Nudity scores. It demonstrates
that GA+Noisy is effective in maintaining retention per-
formance and removing harmful concepts. After analyzing
the effectiveness of Noisy, we discovered that it has a low
Nudity score, indicating less harmful content, as well as a
low FID score, indicating more realistic image generation
and better consistency in concept retention.

Method Tench English Cassette Chain Church French Garbage Pump Ball ParachuteSpringer Player Saw Horn Truck

SD

ESD
w/GA

ESD
w/GA+Noisy

SALUN
w/GA

SALUN
w/GA+Noisy

Figure 4. Image generation results for IMAGENETTE classes using
models unlearned from I2P harmful concepts. The generated im-
ages show that using the Noisy component helps the unlearned
model better preserve its performance on unrelated concepts.

7. Conclusion

We presented relearning convergence delay, a novel met-
ric that evaluates unlearning effectiveness by measuring
how quickly a model relearns forgotten data, capturing both
weight-space dynamics and performance on the forgetting
set. Based on this insight, we introduced the Influence Elim-
inating Unlearning framework, which combines Gradient
Ascent and Noisy Regularization to eliminate the influence
of forgetting data and mitigate the risk of relearning while
preserving accuracy on the retaining set. Our experiments
and theoretical analysis demonstrate that IEU, especially
with Noisy component, offers strong unlearning perfor-
mance, improves resistance to data recovery, and achieves
exponential convergence guarantees.
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