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Abstract
Machine unlearning aims to eliminate the influence of spe-
cific data from trained models to ensure privacy compliance.
However, most existing methods assume full access to the
original training dataset, which is often impractical. We ad-
dress a more realistic yet challenging setting: few-shot zero-
glance, where only a small subset of the retained data is avail-
able and the forget set is entirely inaccessible. We introduce
GFOES, a novel framework comprising a Generative Feed-
back Network (GFN) and a two-phase fine-tuning procedure.
GFN synthesises Optimal Erasure Samples (OES), which in-
duce high loss on target classes, enabling the model to forget
class-specific knowledge without access to the original for-
get data, while preserving performance on retained classes.
The two-phase fine-tuning procedure enables aggressive for-
getting in the first phase, followed by utility restoration in the
second. Experiments on three image classification datasets
demonstrate that GFOES achieves effective forgetting at both
logit and representation levels, while maintaining strong per-
formance using only 5% of the original data. Our framework
offers a practical and scalable solution for privacy-preserving
machine learning under data-constrained conditions.

Code — https://github.com/sheltparkle/OES-Unlearning
Extended version — https://arxiv.org/abs/2511.13116

1 Introduction
In recent years, growing awareness of personal data
rights has led to the introduction of various privacy
regulations, including the General Data Protection Reg-
ulation (GDPR) (Voigt and Von dem Bussche 2017),
the California Consumer Privacy Act (CCPA) (Goldman
2020), and China’s Personal Information Protection Law
(PIPL) (Calzada 2022). These laws enshrine the Right to
be Forgotten (Villaronga, Kieseberg, and Li 2018), which
grants individuals the right to request data deletion. For Ma-
chine Learning as a Service (MLaaS) providers, comply-
ing with this right requires not only permanently deleting
personal data from storage systems, but also removing any
knowledge derived from it and embedded in trained models.
This challenge has given rise to a new research direction:
machine unlearning (Cao and Yang 2015).

*Corresponding author
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: Overview of how an MLaaS provider processes
data deletion requests under the Right to be Forgotten. Af-
ter data collection (①) and initial model training (②–③), a
deletion request (④) triggers removal of the specified data
(e.g., the bird image) from storage (⑤). The updated dataset
is used for unlearning (⑥–⑦), and the resulting model is then
served to users.

To enforce the Right to be Forgotten, MLaaS providers
must ensure that both user data and its learned influence
are thoroughly removed. As illustrated in Figure 1, the un-
learning process involves two key objectives: (i) deleting the
user’s data from storage, and (ii) removing its impact from
the trained model. Importantly, data deletion must precede
unlearning to avoid unauthorised retention or reprocessing.
This order aligns with Article 17(1) of the GDPR, which
requires that personal data be erased without undue delay
once conditions such as consent withdrawal or data irrele-
vance are met. Performing unlearning before deletion risks
caching or duplicating the data during intermediate steps,
thereby violating GDPR principles like storage limitation
and potentially leading to unlawful processing.

From both legal and technical perspectives, it is there-
fore essential that unlearning is performed after irreversible
data deletion. This order ensures that the learning system
cannot access or replicate deleted data, thereby reinforcing
privacy-preserving compliance and fostering trust in respon-
sible AI systems. Furthermore, MLaaS providers are eco-
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nomically motivated to minimise the amount of data used
in the unlearning process, as such compliance efforts incur
operational costs without generating direct revenue. These
constraints give rise to a new and practical unlearning set-
ting, which we refer to as the few-shot zero-glance: few-
shot reflects the minimal reliance on retained training data,
while zero-glance denotes the complete lack of access to the
deleted data throughout the unlearning process.

Despite rapid progress in machine unlearning, existing
methods fall short of meeting the stringent demands of the
few-shot zero-glance setting. Prior work generally falls into
two categories: exact unlearning (Wu, Dobriban, and David-
son 2020; Yan et al. 2022) and approximate unlearning (Liu
et al. 2022a; Shaik et al. 2023; Tanno et al. 2022). How-
ever, most methods in both categories assume full access
to either the entire training set or the data to be forgotten.
While a few methods (Guo et al. 2020) only consider the
few-shot setting, they still require access to the target data
during unlearning and thus violate the zero-glance setting.
This highlights an urgent need for unlearning strategies that
enforce both data minimisation and strict non-access guar-
antees, while preserving strong predictive performance.

To tackle the challenges of the few-shot zero-glance set-
ting, we propose a novel unlearning framework that removes
class-specific knowledge without accessing the forget set.
We first train a Generative Feedback Network (GFN) on
a small subset of retained data to generate Optimal Era-
sure Samples (OES), which are synthetic instances labelled
as the target class. These samples are crafted to interfere
with forgotten-class knowledge while preserving the deci-
sion boundaries of retained classes. The GFN is trained with
a stabilised joint objective that promotes forgetting through
gradient ascent on target-class predictions and encourages
retention through gradient descent on preserved-class out-
puts. To further enhance forgetting, we introduce a two-
phase fine-tuning procedure: the first phase uses a large
learning rate on both OES and retained data to overwrite
class-specific representations, while the second phase uses a
smaller learning rate and only retained data to refine deci-
sion boundaries and recover utility.

Our main contributions are as follows:

• We introduce GFOES, a practical framework for machine
unlearning in the few-shot zero-glance setting, enabling
class-specific forgetting with no access to the forget set
and minimal use of retained data.

• Our framework leverages synthetic OES and a two-phase
fine-tuning procedure to balance effective forgetting and
utility preservation, even under severe data constraints.

• Extensive experiments on CIFAR-10, CIFAR-100, and
Fashion-MNIST demonstrate that GFOES consistently
outperforms state-of-the-art methods in both forgetting
effectiveness and model retention quality.

2 Related Work
Exact Unlearning Exact unlearning aims to reproduce
retraining results after data removal with lower cost. The
SISA framework (Bourtoule et al. 2019) enables selec-
tive retraining via data partitioning, inspiring methods like

DaRE (Brophy and Lowd 2021), GraphEraser (Chen et al.
2022), and federated unlearning (Su and Li 2023). Other
variants use memory augmentation (Yan et al. 2022), fea-
ture scores (Cao and Yang 2015), or Hessian guidance (Liu
et al. 2022b).Despite their theoretical appeal, exact unlearn-
ing methods remain impractical in real-world scenarios due
to their computational and memory overhead.

Approximate Unlearning To address the limitations of
exact unlearning, approximate methods aim to remove the
influence of target data without replicating full retraining.
Gradient-based approaches include gradient ascent to erase
backdoors (Liu et al. 2022a) and selective parameter tun-
ing (Fan et al. 2024). Influence function-based methods,
such as Certified Removal (Guo et al. 2020) and its scal-
able extensions (Tanno et al. 2022; Suriyakumar and Wil-
son 2022), estimate per-sample contributions. Hybrid strate-
gies incorporate linear approximations (Izzo et al. 2021),
Fisher information masking (Golatkar et al. 2021), and UN-
SIR (Tarun et al. 2023), which introduced the zero-glance
setting. Despite their flexibility, these methods face two key
challenges: (1) utility degradation due to catastrophic forget-
ting, and (2) reliance on auxiliary datasets to maintain accu-
racy (Parisi et al. 2019; Chundawat et al. 2023a). While UN-
SIR operates without access to the forget set, our analysis in-
dicates its limited effectiveness in removing representation-
level knowledge under strict data constraints.

Few-shot Unlearning As a subset of approximate un-
learning, few-shot unlearning removes the influence of tar-
get data using only a small portion of the original train-
ing set, reducing storage costs and reflecting realistic post-
deletion scenarios (Yoon et al. 2024). Representative meth-
ods include model inversion for proxy data reconstruc-
tion (Yoon et al. 2024) and manifold mixup for vertical fed-
erated learning (Gu et al. 2024). A special case is zero-shot
unlearning (Chundawat et al. 2023b; Zhang et al. 2025),
which relies on knowledge distillation to unlearn without
any original data. While zero-shot unlearning addresses a
stricter challenging setting, it faces two key issues in prac-
tical few-shot scenarios: (1) lack of source data causes util-
ity degradation even when some data remain; and (2) dis-
tillation often incurs high computational overhead, limiting
scalability to large models and datasets.

In practice, MLaaS providers often retain a small por-
tion of the original dataset, which, if effectively utilised, can
significantly improve utility preservation during unlearning.
These insights underscore the need for a framework that op-
erates in the few-shot zero-glance setting, achieving com-
plete removal of class-specific knowledge while efficiently
preserving utility with minimal retained data.

3 Methodology
3.1 Problem Formulation
We formalise the task of machine unlearning in the few-shot
zero-glance setting as follows: Consider a K-class classifi-
cation task defined on a labelled dataset D = {(xi, yi)}ni=1,
where xi ∈ X ⊆ Rd represents the d-dimensional in-
put features, and yi ∈ Y = {1, 2, . . . ,K} denotes the
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class labels. Let M0 = f(·; θ0) be a predictive model
trained on D by minimising a standard classification loss
function L. The optimisation objective is defined as: θ0 =
argminθ

1
n

∑n
i=1 L(yi, f(xi; θ)).

Given a subset of categories to be forgotten, denoted as
Yf ⊂ Y , we partition the original dataset D into two disjoint
subsets. The target dataset is defined as Df = {(xi, yi) |
yi ∈ Yf}, which contains all instances belonging to the cate-
gories selected for forgetting. The retained dataset is defined
as Dr = D \ Df , which includes all remaining instances
associated with the categories to be preserved.

In the ideal case where full access to Df and Dr is
available, the unlearning task can be modelled as a multi-
objective optimisation:

θ∗ = argmin
θ

[−λ · L(Df ; θ) + (1− λ) · L(Dr; θ)] , (1)

where λ ∈ (0, 1) controls the trade-off between forgetting
the target data and preserving the retained knowledge.

However, in the few-shot zero-glance setting, two critical
constraints apply:

• Zero-glance constraint: The dataset Df targeted for re-
moval is completely inaccessible due to privacy or reg-
ulatory requirements. As a result, Df cannot be directly
used in the unlearning process.

• Few-shot constraint: Only a small subset of the retained
dataset, denoted as Drs ⊂ Dr, is available for model
adjustment, where typically |Drs| ≪ |Dr|.

Consequently, direct optimisation of Eq. 1 becomes in-
feasible under the few-shot zero-glance constraints. To ad-
dress this, we substitute Df with a set of synthetic samples
D̃ = {(x̃i, ỹi)}, where each ỹi ∈ Yf , and reformulate the
unlearning objective as:

θ∗ = argmin
θ

[−λ · L(Yf ; f(x̃; θ)) + (1− λ) · L(Drs; θ)] ,

where x̃ denotes synthetic inputs representing the categories
in Yf , and Drs ⊂ Dr is the few-shot retained subset avail-
able for model preservation.

Formally, machine unlearning under the few-shot zero-
glance setting aims to satisfy the following two objectives:

• Effective Unlearning: The model should exhibit sig-
nificantly degraded predictive accuracy on the forgotten
classes. This is expressed as:

E(x,y)∼Df
[L(y, f(x; θ∗))]≫E(x,y)∼Df

[L(y, f(x; θ0))] ,

where θ0 and θ∗ denote the model parameters before and
after unlearning, respectively.

• Performance Preservation: The model should maintain
predictive performance on the retained dataset:

E(x,y)∼Dr
[L(y, f(x; θ∗))]≈E(x,y)∼Dr

[L(y, f(x; θ0))] .

This formulation encapsulates the core challenge of few-
shot zero-glance setting: constructing synthetic data that ef-
fectively induces forgetting while preserving model utility,
all under strict data access constraints

3.2 Optimal Erasure Samples
Synthesising substitute samples x̃ under the zero-glance
constraint, where only the label set Yf of the forgotten
classes is available, is inherently difficult because label in-
formation alone provides no access to the associated fea-
ture distributions. To address this, we adopt a reverse design
strategy. Instead of approximating the true data distribution,
we deliberately generate synthetic samples that deviate from
it. These adversarial-like inputs, paired with the target la-
bels, mislead the model into associating irrelevant features
with the forgotten classes. As a result, the decision bound-
aries of the forgotten classes are disrupted with minimal in-
terference to the retained ones.

We refer to these synthetic samples as Optimal Erasure
Samples (OES). Fine-tuning the model on OES weakens
its ability to recognise the true semantics of classes in Yf ,
thereby inducing effective class-level forgetting. Specifi-
cally, each sample from a class y ∈ Yf is replaced with
an OES labelled as y, while the original data for classes in
Yr is preserved. This approach reduces the original multi-
objective unlearning formulation (Eq. 1) to a single fine-
tuning objective as follows:

θ∗ = argmin
θ

1

n

n∑
i=1

L (f(x′
i; θ), yi) ,

where x′
i =

{
x∗, if yi ∈ Yf ,

xi, otherwise.
(2)

To construct effective OES under few-shot constraints,
two key conditions must be met: (1) when labelled with Yf ,
OES should yield high loss under the original model f(·; θ0)
and low loss under the unlearned model f(·; θ∗), disrupt-
ing the model’s prior knowledge of the forgotten classes; (2)
fine-tuning on OES should preserve accuracy on the retained
set, keeping its loss low and comparable to pre-unlearning
performance.

We now present a formal definition for OES that unifies
these two constraints:
Definition 1 (Optimal Erasure Samples (OES)). Let D∗ =
{(x∗

i , y
∗
i )}si=1 be a synthetic dataset, where each y∗i ∈ Yf .

This dataset qualifies as OES if it minimises the following
composite objective:

D∗ =argmin
D′

[
− λ · E(x,y)∈D′L(y, f(x; θ0))

+ (1− λ) · E(x,y)∈Drs
L(y, f(x; θ∗))

]
, (3)

where θ∗ is a one-epoch updated model defined as:

θ∗ = θ0 − η · ∇θE(x,y)∈D′∪Drs
L(y, f(x; θ))|θ=θ0 . (4)

Here, λ ∈ (0, 1) controls the trade-off between forget-
ting and retention of model utility. The first term encourages
high loss on the forgotten classes to impair their influence,
while the second term ensures that performance on the re-
tained data is preserved following fine-tuning. The update
step for θ∗ simulates the model’s adaptation to the synthetic
OES without requiring access to the actual data targeted for
removal. This unified formulation captures both the destruc-
tive effect on the target classes and the stability requirement
for the retained classes.
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Figure 2: The training process of GFN consists of three components: the Maximise Branch, the Minimise Branch, and the
Stabilised Joint Objective, as illustrated on the left. The right side shows the machine unlearning procedure applied to the
generated OES.

3.3 Generative Feedback Network
Constructing OES by directly solving the optimisation in
Eq. (3) is computationally intractable. To overcome this
challenge, we introduce a Generative Feedback Network
(GFN), which transforms the OES search into a tractable,
learnable optimisation process. As shown on the left side of
Figure 2, the GFN decomposes the OES construction into
two complementary sub-tasks: (1) maximising the classi-
fication loss on forgotten classes to induce forgetting, and
(2) minimising the loss on retained classes to preserve util-
ity. To achieve this, the architecture comprises three com-
ponents: the Maximise branch, the Minimise branch, and a
Stabilised Joint Objective module that adaptively balances
the two competing goals. These components jointly opti-
mise a generator G(·, ϕ), initialised from random noise z,
to produce high-quality OES that meet both the forgetting
and retention criteria in a stable and adaptive manner.

Maximise Branch This component addresses constraint
by encouraging the generator to produce synthetic samples
that incur high classification loss under the original model
f(·; θ0). Formally, it optimises the following objective:

Lmax = LCE(Yf , f(G(z, ϕ); θ0)), (5)
where G(z, ϕ) denotes the synthetic sample generated from
noise z via generator parameters ϕ, and LCE is the cross-
entropy loss computed with respect to the target labels Yf .

Minimise Branch To preserve knowledge of the retained
classes, we perform a one-epoch fine-tuning of the original
model M0 using both the generated samples and the few-
shot retained dataset Drs. The model parameters are updated
as follows:
θ′ = θ0 − ηGFN∇θL(Yf ∪ Yr, f(G(z, ϕ) ∪ Drs; θ0)), (6)

where ηGFN is the learning rate, and xr ∈ Drs. The updated
model f(·; θ′) is then evaluated on the retained classes to
compute:

Lmin = LCE(Yr, f(xr; θ
′)). (7)

Stabilised Joint Objective The final training objective of
GFN stabilises the conventional bi-objective loss by replac-
ing Lmax with its reciprocal:

LGFN = λ · 1

Lmax
+ (1− λ) · Lmin, λ ∈ (0, 1). (8)

This formulation mitigates the influence of large values in
Lmax while retaining its gradient direction, as shown by its
gradient: ∇ϕ

(
1

Lmax

)
= − 1

L2
max

· ∇ϕLmax.
To ensure both effective forgetting and utility preserva-

tion, we define a stabilised joint loss function for the gener-
ator:

L(t)
GFN = λt ·

1

Lmax
+ (1− λt) · Lmin, λt ∈ (0, 1), (9)

where the reciprocal form of Lmax mitigates instability aris-
ing from unbounded gradients. The coefficient λt governs
the trade-off between the forgetting and retention objectives
at iteration t, and is dynamically adjusted rather than manu-
ally selected.

To adaptively balance the competing objectives during
training, λt is updated via gradient ascent on L(t)

GFN:

λt+1 = Π(0,1)(λt + η ·
∂L(t)

GFN

∂λ
), (10)

∂L(t)
GFN

∂λ
=

1

Lmax
− Lmin, (11)

where η > 0 denotes the learning rate, and Π(0,1) is a pro-
jection operator ensuring that λt remains within the open in-
terval (0, 1). This mechanism obviates the need for manual
hyperparameter tuning.

Under standard boundedness and differentiability as-
sumptions, the update rule converges to a fixed point λ∗

where 1
Lmax(λ∗) = Lmin(λ

∗), indicating a stable equilib-
rium between objectives. Formal analysis is provided in Ap-
pendix.
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3.4 Two-Stage Fine-Tuning for Unlearning
Given the synthetic dataset D∗ composed of OES, we adopt
a two-phase fine-tuning procedure as shown on the right side
of Figure 2, to balance effective forgetting and retention of
useful knowledge. This strategy consists of two sequential
phases: an Erasure Phase that applies a large learning rate to
jointly fine-tune the model on D∗ and few-shot retained data
Drs, followed by a Recovery Phase that uses only Drs with
a smaller learning rate to restore the decision boundaries of
preserved classes.

The strategy is motivated by the observation that aggres-
sive updates are needed to disrupt representations of forgot-
ten classes, yet they risk damaging the structure of retained
ones. The second stage serves to repair this collateral dam-
age without reintroducing the erased knowledge. While not
grounded in formal theory, this design is empirically vali-
dated in Section 4.5, which shows its clear advantage over
single-phase or uniformly trained alternatives.

Erasure Phase This phase aggressively fine-tunes the
model on both the synthetic OES targeting Yf and the few-
shot retained subset Drs, using a high learning rate ηhigh.
The OES, generated adversarially, are designed to disrupt
the model’s internal representation of the forgotten classes.
Meanwhile, the inclusion of Drs helps to stabilise optimisa-
tion and reduce collateral degradation.

The loss function is given by:

Lerase = L(Yf ; f(x̃; θ0)) + L(Drs; θ0), (12)

where x̃ = G(z, ϕ∗) denotes synthetic inputs produced by
the trained generator.

The model is then updated as:

θ1 = θ0 − ηhigh · ∇θLerase. (13)

Recovery Phase To mitigate any adverse impact on the
retained classes introduced during the erasure phase, we
perform a second fine-tuning stage using only the retained
subset Drs and a lower learning rate ηlow. As the forgotten
classes Yf are excluded at this point, this stage serves to re-
fine the model’s decision boundaries for Yr without the risk
of relearning discarded knowledge.

The model parameters are updated as:

θ∗ = θ1 − ηlow · ∇θL(Drs; θ1). (14)

A detailed description of the procedure is presented in Ap-
pendix.

4 Experiment
We conduct comprehensive experiments across multiple
datasets, model architectures, and retained data ratios to
evaluate the effectiveness of our method. Our validation as-
sesses both the completeness of forgetting and the preser-
vation of model utility using logit-based and representation-
based metrics. We further perform ablation studies to exam-
ine the contribution of each key component. Due to space
limitations, detailed configurations and experimental results
are provided in Appendix. The code is available in the Sup-
plementary Material.

4.1 Experimental Setup
Datasets and Model Architectures We evaluate our
framework on three image classification datasets: Fashion-
MNIST (Xiao, Rasul, and Vollgraf 2017), CIFAR-10, and
CIFAR-100 (Krizhevsky, Hinton et al. 2009). In each set-
ting, a subset of classes is randomly selected as the target
for forgetting, and only 5%, 10%, or 20% of samples per
class are retained from the original training set.

We adopt three representative models: (1) All-
CNN (Springenberg et al. 2014), a lightweight convolutional
network used for Fashion-MNIST; (2) ResNet-18 (He et al.
2016), a residual network with skip connections, ap-
plied to CIFAR-10; and (3) ResNet-50, a deeper residual
architecture used for CIFAR-100.

Comparison Methods As no existing method is explic-
itly designed for the few-shot zero-glance setting, we eval-
uate a range of representative machine unlearning meth-
ods under this constraint. We include the following meth-
ods: (1) Retrain, a gold-standard baseline that trains a new
model from scratch on the retained data only; (2) Neg-
Grad (Thudi et al. 2022), which performs gradient ascent
to increase the loss on forgotten data; (3) RL (Golatkar,
Achille, and Soatto 2020), which assigns random labels to
target samples for destructive fine-tuning; (4) Fisher (Go-
latkar, Achille, and Soatto 2020), which perturbs parameters
based on their Fisher importance; (5) UNSIR (Tarun et al.
2023), a zero-glance method that injects adversarial noise
to erase target representations; (6) MI (Yoon et al. 2024),
which reconstructs proxy data via model inversion for fine-
tuning; (7) GKT (Chundawat et al. 2023b), a knowledge
distillation-based method with thresholding to block target
class transfer; (8) SalUn (Fan et al. 2024), which updates
only saliency-sensitive parameters to forget specified data.

Specifically, Retrain, UNSIR, and GKT are naturally
compatible with few-shot zero-glance setting as they do not
rely on access to the forgotten data. For the remaining meth-
ods that typically require access to the target data, we sub-
stitute the missing data with random noise inputs.

4.2 Logit-based Evaluation
Logit-based evaluation is a widely adopted protocol in ma-
chine unlearning (Kim, Cha, and Kim 2025), facilitating an
intuitive assessment of unlearning effectiveness. We employ
two complementary metrics. The first is the accuracy on the
forgotten dataset (ADf ), which quantifies the model’s ac-
curacy on data that ought to be forgotten; ideally, this value
should approach zero, indicating successful erasure of tar-
get class knowledge. The second is the accuracy on the re-
tained dataset (ADr), which measures the model’s accuracy
on data that should be preserved. A higher value reflects bet-
ter retention of the model’s original utility.

As shown in Table 1, GFOES consistently achieves
ADf = 0 across all datasets and settings, indicating com-
plete forgetting of the target classes. Comparable results are
observed with Retrain, GKT, and UNSIR, which also at-
tain zero forgetting error. However, only GFOES and UN-
SIR accomplish this without directly accessing the forget
set, thereby satisfying the zero-glance constraint. In contrast,
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Fashion-MNIST CIFAR-10 CIFAR-100
#y = 1 #y = 4 #y = 1 #y = 4 #y = 1 #y = 10

5% 10% 20% 5% 10% 20% 5% 10% 20% 5% 10% 20% 5% 10% 20% 5% 10% 20%
A
D

f
(%

)↓

Original 86.80 86.80 86.80 92.03 92.03 92.03 85.82 85.82 85.82 87.15 87.15 87.15 72.94 72.94 72.94 71.38 71.38 71.38

Retrain 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
NegGrad 36.87 27.09 18.25 39.39 23.68 20.36 32.14 23.91 11.23 33.72 21.19 13.55 36.87 27.09 18.25 39.39 23.68 20.36
RL 33.80 26.89 16.27 44.31 28.76 23.58 35.32 25.18 18.01 42.94 30.21 21.76 39.17 32.90 24.64 40.88 32.36 26.93
Fisher 39.41 33.82 27.65 41.29 35.37 30.08 40.73 32.15 26.09 42.87 34.01 28.46 32.41 23.37 17.02 33.46 26.78 19.12
UNSIR 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MI 25.47 13.85 7.12 27.33 13.92 6.41 27.51 12.09 6.02 27.82 13.45 9.55 29.81 12.89 8.92 26.12 14.85 10.05
GKT 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SalUn 25.81 13.66 6.92 23.44 16.39 4.27 27.92 11.41 8.36 21.13 17.82 2.94 29.31 13.28 9.67 22.76 15.54 5.11
GFOES 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

A
D

r
(%

)↑

Original 92.21 92.21 92.21 91.42 91.42 91.42 90.23 90.23 90.23 91.56 91.56 91.56 71.47 71.47 71.47 71.49 71.49 71.49

Retrain 51.50 57.92 66.37 50.49 58.20 64.03 47.21 58.43 69.38 52.92 59.22 68.06 46.44 49.07 53.50 47.23 50.95 54.24
NegGrad 61.82 64.55 67.44 61.80 62.43 64.84 59.12 63.04 64.99 59.73 61.85 64.89 48.27 50.56 52.71 47.63 49.03 50.98
RL 78.35 81.02 83.67 79.03 80.90 83.45 72.45 73.88 75.91 71.55 74.03 77.04 58.01 60.15 62.76 57.41 59.00 61.94
Fisher 61.45 67.89 73.21 60.56 65.78 71.12 62.34 63.45 69.56 61.23 66.78 71.23 47.89 54.56 59.34 49.01 56.78 59.43
UNSIR 86.29 87.98 89.33 86.38 87.92 88.03 84.00 84.19 86.94 85.53 86.21 87.67 64.21 65.84 67.22 63.53 65.31 67.78
MI 78.09 81.12 82.33 79.72 83.92 84.03 77.23 80.15 81.47 78.79 82.84 83.11 62.35 65.21 67.49 63.84 68.12 69.23
GKT 87.41 87.41 87.41 86.91 86.91 86.91 55.23 55.23 55.23 48.76 48.76 48.76 46.17 46.17 46.17 30.29 30.29 30.29
SalUn 71.44 72.18 76.21 70.19 74.66 80.17 70.12 73.65 77.43 68.41 73.92 79.18 54.73 58.16 62.29 52.84 57.65 63.49
GFOES 88.03 89.12 90.98 89.51 89.85 90.75 86.35 87.93 88.97 86.52 88.66 89.23 66.34 67.91 69.95 67.00 68.06 69.47

Table 1: Comprehensive results on three datasets across nine comparison methods and the proposed GFOES. ↑ indicates that
higher values are better, while ↓ indicates that lower values are preferable. The Original presents model performance prior to
unlearning. #y denotes the number of classes to be unlearned, and e represents the percentage of accessible training data. The
best results are shown in bold.

methods such as NegGrad, RL, Fisher, MI, and SalUn rely
on real data to compute gradients or saliency maps, and con-
sequently struggle under the few-shot zero-glance setting.
These methods exhibit substantial residual influence; for
example, Fisher reaches 39.41% on Fashion-MNIST with
#y = 1 and e = 5%. Notably, SalUn and MI further de-
grade when e is small, highlighting their sensitivity to noisy
input and dependence on sufficient retained data.

In terms of retained utility, GFOES consistently achieves
the highest ADr across all datasets and settings. For ex-
ample, on CIFAR-10 with #y = 4 and e = 20%,
GFOES retains 89.23% accuracy, surpassing RL (77.04%),
MI (83.11%), and UNSIR (87.67%). This strong perfor-
mance is driven by two key components: an OES generator
aligned with the retained class distribution and a two-phase
fine-tuning strategy that separates forgetting from recovery.
In contrast, Retrain underfits when data access is limited
(e.g., 50.49% on CIFAR-10, #y = 4, e = 5%), while
GKT fails to generalise on complex datasets (e.g., 30.29%
on CIFAR-100, #y = 10, e = 20%). Other baselines show
further drops due to their inability to cope with noisy or in-
sufficient forget samples.

4.3 Representation-based Evaluation
While logit-based evaluation is widely used to assess un-
learning, it primarily reflects the model’s reduced ability
to classify forgotten classes and may not indicate whether
internal representations related to those classes have been
removed. Prior work (Kim, Cha, and Kim 2025) shows

Figure 3: t-SNE visualisation of feature representations for
single-class unlearning on CIFAR-10. Red points indicate
samples from the forgotten class, while other colours repre-
sent the retained classes.

that when the feature extractor retains relevant knowl-
edge, retraining the final layer can restore classification
performance. To address this limitation, we include a
representation-based evaluation that examines changes in
the internal feature space of the model.

To evaluate whether unlearning disrupts class-specific
representations, we apply t-SNE (Van der Maaten and Hin-
ton 2008) to visualise feature extractor outputs on CIFAR-
10 under the single-class setting. As shown in Figure 3, the
original model forms well-separated clusters, while UNSIR
preserves the forgotten class cluster, indicating incomplete
forgetting. GKT scatters the forgotten class but also distorts
retained ones, potentially harming utility. In contrast, our
method disperses the forgotten class while maintaining the
structure of retained classes, achieving targeted forgetting
without compromising performance. As shown in Figure 4,
GradCAM (Selvaraju et al. 2017) further reveals that our
framework, like Retrain, shifts attention away from seman-
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Figure 4: GradCAM visualisation for single-class unlearn-
ing on CIFAR-10. Warmer colours highlight regions the
model attends to when predicting the forgotten class, while
cooler colours indicate lower attention.

Method
Fashion-MNIST CIFAR-10 CIFAR-100

#y = 1 #y = 4 #y = 1 #y = 4 #y = 1 #y = 10

Ti
m

e
(s

)↓

Retrain 1457.63 1348.66 10816.30 8798.16 16198.26 14974.74
GKT 5420.43 4801.20 14760.69 12932.40 23623.65 21294.82
UNSIR 15.52 13.46 26.68 23.69 42.82 38.42

GFOES 277.53 231.96 619.73 517.18 1165.78 1007.50
GFN 263.42 218.05 597.56 498.80 1125.68 971.08
Two-Stage 14.11 13.91 22.17 18.38 40.10 36.42

Table 2: Wall-clock time (seconds) for unlearning methods.
GFN denotes the time for generating Optimal Erasure Sam-
ples, Two-Stage for the fine-tuning phase, and GFOES for
the total (GFN + Two-Stage).

tically meaningful regions, whereas UNSIR retains focus on
them. This confirms that GFOES erases both prediction and
representation-level dependencies of the forgotten class.

4.4 Time Efficiency Analysis
Efficiency is essential for practical unlearning. To assess
computational overhead, we report the wall-clock time of
the unlearning process for Retrain, GKT, UNSIR, and
GFOES across datasets in Table 2, as only these meth-
ods perform well in the few-shot zero-glance setting. For
GFOES, we report the time separately for GFN training,
two-phase fine-tuning, and the overall total. As shown in Ta-
ble 2, GFOES consistently incurs substantially lower time
costs across all datasets and scenarios compared to Retrain
and GKT, while maintaining high-quality unlearning. Al-
though GKT supports zero-shot unlearning, its reliance on
knowledge distillation leads to the highest overhead. UN-
SIR is the fastest, but it fails to remove feature represen-
tations (see Sec. 4.3), limiting its effectiveness. Overall,
GFOES achieves an optimal balance between efficiency and
unlearning quality, making it suitable for real-world deploy-
ment. Additional time efficiency analyses are provided in
Appendix.

4.5 Ablation Study
To evaluate the contributions of core components in the pro-
posed GFOES, we conduct an ablation study focusing on
(i) the effectiveness of OES generation and (ii) the role of
the two-phase fine-tuning procedure. For data composition,

Setting
Fashion-MNIST CIFAR-10 CIFAR-100

ADf ↓ ADr ↑ ADf ↓ ADr ↑ ADf ↓ ADr ↑

GFOES 0.00 89.45 0.00 87.54 0.00 68.72
OES+Dr+Rl 0.00 62.32 0.00 58.66 0.00 39.12
OES+Dr+Rs 37.29 89.85 33.15 88.19 30.24 70.54
OES+Rls 0.00 62.16 0.00 60.81 0.00 40.94
OES+Rl 0.00 48.36 0.00 45.20 0.00 27.26
OES+Rs 34.29 84.94 30.98 80.53 26.23 62.06
Dr+Rls 15.19 79.88 11.30 77.16 12.67 58.93
Dr+Rl 4.30 68.36 5.68 65.01 6.37 46.03
Dr+Rs 42.74 92.97 38.70 88.82 34.99 70.05

Table 3: Ablation results for single-class unlearning across
three datasets. Each setting combines data composition
(OES or Dr) and learning rate strategies (Rls, Rl, or Rs). The
best results are shown in bold.

we compare OES, which uses only OES-generated sam-
ples during erasure and 10% retained data in recovery, with
Dr, which uses 10% retained data in both phases. For two-
stage fine-tuning procedure, we consider three strategies: Rls
(0.004 in erasure, 0.004 in recovery), Rl (0.004 in both), and
Rs (0.0004 in both). Combining these options yields six con-
figurations, which we evaluate on Fashion-MNIST, CIFAR-
10, and CIFAR-100 under single-class unlearning setting to
assess the impact of each component.

The ablation results in Table 3 confirm the complemen-
tary roles of OES and the two-phase fine-tuning procedure.
Configurations lacking OES (e.g., Dr+Rl, Dr+Rs) consis-
tently fail to achieve full forgetting, indicating that retained
data alone is insufficient to erase target class knowledge.
Conversely, using OES without proper learning rate control
(e.g., OES+Rl or OES+Rs) leads to utility degradation or
incomplete forgetting. Only the full GFOES configuration
(OES+Dr+Rls) consistently achieves optimal performance,
balancing complete forgetting (ADf = 0) with minimal
utility loss across all datasets. This unequivocally demon-
strates that both synthetic erasure signals and staged fine-
tuning are essential for effective and stable unlearning.

5 Conclusion

In this work, we propose GFOES, a novel machine unlearn-
ing framework tailored for the few-shot zero-glance setting.
GFOES introduces Optimal Erasure Samples as targeted ad-
versarial signals to guide forgetting, combined with a two-
phase fine-tuning procedure to remove class-specific knowl-
edge while preserving performance on retained classes. Ex-
tensive experiments across diverse datasets and architectures
demonstrate that GFOES achieves complete forgetting at
both the logit and representation levels, while consistently
outperforming existing baselines in utility retention under
strict constraints. Ablation studies further confirm the im-
portance of both the OES component and the two-phase fine-
tuning procedure. Overall, GFOES provides a practical and
scalable solution for data deletion compliance in real-world
scenarios where direct access to the forget set is unavailable.
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