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Abstract

Machine unlearning is a newly popularized technique for re-
moving specific training data from a trained model, enabling
it to comply with data deletion requests. While it protects the
rights of users requesting unlearning, it also introduces new
privacy risks. Prior works have primarily focused on the pri-
vacy of data that has been unlearned, while the risks to re-
tained data remain largely unexplored. To address this gap,
we focus on the privacy risks of retained data and, for the
first time, reveal the vulnerabilities introduced by machine
unlearning under the dual-view setting, where an adversary
can query both the original and the unlearned models. From
an information-theoretic perspective, we introduce the con-
cept of privacy knowledge gain and demonstrate that the dual-
view setting allows adversaries to obtain more information
than querying either model alone, thereby amplifying privacy
leakage. To effectively demonstrate this threat, we propose
DVIA, a Dual-View Inference Attack, which extracts mem-
bership information on retained data using black-box queries
to both models. DVIA eliminates the need to train an attack
model and employs a lightweight likelihood ratio inference
module for efficient inference. Experiments across different
datasets and model architectures validate the effectiveness of
DVIA and highlight the privacy risks inherent in the dual-
view setting.

1 Introduction
Machine unlearning (Bourtoule et al. 2021; Graves,
Nagisetty, and Ganesh 2021) is an advanced technique de-
signed to remove the information of specific training data
points from the target model. While machine unlearning
is often considered a privacy-preserving technique because
it allows users to remove their private data from a trained
model (Tang et al. 2023; Zhang et al. 2023; Sai et al. 2024),
it also introduces new privacy risks. Several studies have
examined the privacy leakage of forgotten data during the
unlearning process. For example, (Hu et al. 2024a; Bertran
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Figure 1: An illustration of the dual-view setting, showing
that accessing two models can result in greater privacy leak-
age than accessing a single model alone.

et al. 2024) show that adversaries may be able to partially
reconstruct deleted samples, while (Chen et al. 2021; Lu
et al. 2022) focus on inferring which specific data points
have been unlearned. These studies typically treat users of
unlearning APIs as privacy victims, but they overlook a crit-
ical threat: such users may also exploit the unlearning in-
terface as an attack vector to compromise the privacy of
retained data (non-forgotten data).

This threat receives limited attention. Although (Carlini
et al. 2022b) introduce the ”privacy onion effect,” showing
that removing certain data may inadvertently increase the
privacy risk of retained samples, and (Hayes et al. 2025)
point out that unlearned models may overfit more severely
to the retained data, these analyses focus solely on the
unlearned model and remain constrained to the traditional
single-model inference setting. They fail to consider a more
realistic and concerning scenario in which users who initiate
unlearning requests typically access the models before and
after unlearning, referred to as the original model and the
unlearned model, respectively. This access is a reasonable
requirement, as users need to verify whether their data are
successfully removed (Xu et al. 2024a). However, it also in-
troduces a new privacy attack surface against retained data.
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In this work, we uncover this previously overlooked risk di-
mension and define this setting as the dual-view scenario,
where the two ”views” correspond to access to the original
and the unlearned models, as illustrated in Fig. 1. Our analy-
sis shows that in this setting, attackers leverage the responses
from both models to extract richer membership information
and significantly enhance inference on retained data.

Specifically, we adopt an information-theoretic perspec-
tive to analyze the additional information an attacker can ob-
tain when accessing both the original and unlearned models,
compared to accessing a single model. We define this addi-
tional information as the Privacy Knowledge Gain (Gain).
A positive Gain indicates a reduction in the adversary’s un-
certainty about the membership status of target data, thereby
implying increased privacy leakage. We further analyze the
underlying cause of a positive Gain and find that it results
from the asymmetric impact of unlearning on model predic-
tions. When a set of data is removed, the model’s predictions
for non-forgotten (member) data remain largely stable due
to memorization, whereas its predictions for unseen (non-
member) data are more likely to change.

This asymmetry is especially exploitable in the dual-view
setting, where adversaries compare the outputs of the origi-
nal and unlearned models to more effectively infer member-
ship, thereby amplifying the privacy risks of machine un-
learning. Building on this insight, we propose DVIA (Dual-
View Inference Attack), the first membership inference at-
tack for retained dataset tailored to the dual-view setting.
DVIA leverages the asymmetric impact introduced by un-
learning to improve inference performance. It introduces
a new metric, Unlearning Confidence Difference (UCD),
which quantifies the impact of unlearning on target dataset.
In addition, DVIA incorporates a likelihood ratio–based in-
ference module that requires no training and uses a fixed
threshold, enabling efficient and accurate inference without
auxiliary models or threshold tuning.

In summary, our contributions are as follows: 1) We reveal
a previously overlooked privacy threat in machine unlearn-
ing, where users initiating unlearning requests gain a sig-
nificant advantage in inferring the membership of retained
data by accessing both the original and the unlearned mod-
els. 2) We formalize this threat as a dual-view setting, an-
alyze its amplified privacy risks, and propose DVIA, the
first membership inference attack specifically designed for
retained data in this setting. 3) We conduct extensive ex-
periments across diverse datasets and model architectures,
showing that DVIA achieves strong performance in uncov-
ering membership information under unlearning scenarios.

2 Related Works
2.1 Machine Unlearning
Machine unlearning (Doughan and Itani 2024; Lindstrom
2024; Yang et al. 2024) is the process of initiating a re-
verse learning task to eliminate the information of spe-
cific data points on the target model. Machine unlearning
can be divided into exact unlearning (Yan et al. 2022; Hu
et al. 2024b) and approximate unlearning (Xu et al. 2024b;
Graves, Nagisetty, and Ganesh 2021). Exact unlearning in-

volves training model parameters from scratch using the re-
tain dataset, and the retrain method, which retains the origi-
nal settings for retraining, offers the best unlearning results.
While exact unlearning ensures effective data removal (Liu
et al. 2023; Fan et al. 2023), it comes at a high computational
cost (Liu et al. 2024a; Hu et al. 2024c; Wang et al. 2024;
Liu et al. 2024b). To address this challenge, many approxi-
mate unlearning algorithms have been proposed (Golatkar,
Achille, and Soatto 2020; Graves, Nagisetty, and Ganesh
2021; Thudi et al. 2022; Fan et al. 2023; Liu et al. 2023;
Zhang et al. 2024). Although these methods introduce some
inaccuracies during the unlearning process, they demon-
strate the feasibility of quickly eliminating the influence of
forgotten data on model parameters.

2.2 Membership Inference Attacks
Membership inference attacks (MIAs) (Shokri et al. 2017;
Carlini et al. 2022a; Chen et al. 2022) aim to determine
whether a given sample was part of a model’s training set.
Most existing approaches rely on shadow models: adver-
saries train multiple models on auxiliary data to simulate
the target model’s behavior, then use the resulting labeled
data to train a binary classifier (Shokri et al. 2017; Chen
et al. 2022) or to select a decision threshold (Choquette-
Choo et al. 2021; Li and Zhang 2021). These methods of-
ten require careful design and threshold tuning. Recently,
(Carlini et al. 2022a) proposes a likelihood ratio–based ap-
proach that avoids explicit attack model training and com-
plex threshold selection. However, it conducts inference on
a per-sample basis and requires generating multiple shadow
models and indicators for each target sample, leading to high
computational overhead.
Membership inference in machine unlearning. Member-
ship inference is commonly used as a tool to evaluate the
effectiveness of forgetting (Liu et al. 2023; Fan et al. 2023).
Recent studies (Chen et al. 2021; Hayes et al. 2025) also
explore its use in exposing privacy risks introduced by un-
learning, focusing on inferring deleted data. These studies
typically treat users of unlearning APIs as victims, aiming
to recover forgotten samples. However, prior studies (Carlini
et al. 2022b; Hayes et al. 2025) suggest that unlearning may
amplify privacy leakage, yet they do not propose dedicated
attacks for this setting and overlook the increased informa-
tion advantage that unlearning grants to adversaries.

3 Privacy Analysis
3.1 Threat Model
We consider a user invoking the unlearning API as a cu-
rious adversary aiming to infer membership. The adver-
sary requests the removal of a forgotten dataset Df and
queries both the original model θo and the unlearned model
θu, forming a dual-view setting. This setting is realistic,
since users can often access both models to confirm data re-
moval (Xu et al. 2024a; Xue et al. 2025). Using this access,
the adversary aims to infer the membership status of samples
in a target dataset Dt, where samples from the retained set
Dretain are considered members and those from the valida-
tion set Dval are non-members. We refer to this as the non-

11515



forgetting inference scenario. Following (Chen et al. 2021;
Hayes et al. 2025), we assume a black-box setting where the
adversary knows the data distribution D, as well as the train-
ing and unlearning procedures and the model architecture,
but not the model parameters.

3.2 Privacy Knowledge Gain
To analyze the privacy risks introduced by this dual-view,
we adopt an information-theoretic perspective and define the
adversary’s improved privacy knowledge as privacy knowl-
edge gain. The specific definition is as follows.
Definition 1 (Privacy Knowledge Gain). Let so(Dt) and
su(Dt) denote the observable behaviors of the original
and unlearned models on the target dataset Dt, and let
s(Dt) ∈ {so(Dt), su(Dt)} denote a single-view observa-
tion. The privacy knowledge gain measures the additional
membership information revealed by dual-view access, de-
fined as:

Gain(Dt) = I(MDt
; so(Dt), su(Dt))− I(MDt

; s(Dt)),

where MDt ∈ {0, 1}|Dt| denotes the membership status of
each sample in Dt, with 1 indicating member data. I(·; ·)
denotes the mutual information (Shannon 1948), which mea-
sures the reduction in uncertainty of one variable given
knowledge of another.

When Gain(Dt) > 0, it indicates that the adversary has
acquired additional information about the membership sta-
tus of samples in Dt, reducing uncertainty and enabling
more effective privacy inference. Our goal is to analyze the
conditions under which Gain > 0 holds in the dual-view
setting, in order to reveal how this setting amplifies privacy
leakage risks. Specifically, we investigate the necessary and
sufficient conditions for Gain(Dt) > 0 under machine un-
learning, and validate them with practical examples. To fa-
cilitate this analysis, we first define the behavioral impact of
machine unlearning on the Dt as follows:
Definition 2. The behavioral impact of machine unlearning
on the target dataset Dt is defined as

δ(Dt) = 1− sim
(
so(Dt), su(Dt)

)
,

where so(Dt) and su(Dt) denote the observable behaviors
of the original and unlearned models on Dt, respectively,
and sim(·, ·) is a similarity function with larger values indi-
cating higher behavioral closeness.

Intuitively, if δ(Dt) is independent of the membership
status of Dt, this implies that the behavioral change be-
tween the two models does not statistically differ for mem-
bers and non-members. Therefore, the unlearned model does
not expose any additional membership information beyond
what is already present in the original model. Conversely, if
δ(Dt) exhibits statistical differences conditioned on mem-
bership status, then it must encode additional information
about whether a sample belongs to the retained dataset. This
additional signal can be exploited by an adversary to im-
prove membership inference, thereby resulting in a positive
privacy gain. Based on this definition, we formalize the no-
tion of privacy knowledge gain under membership condi-
tions in the following theorem.

Theorem 1. For the target dataset Dt, The privacy knowl-
edge gain satisfies:

Gain(Dt) > 0 if and only if
P(δ(Dt) |MDt = 1) ̸= P(δ(Dt) |MDt = 0),

where δ(Dt) is the behavioral impact for Dt, MDt
is the

membership status of Dt, and P(· | ·) denotes conditional
probability.

The proof is provided in the appendix. According to The-
orem 1, the privacy knowledge of the target dataset Dt is
amplified by machine unlearning if the observable behav-
ioral impact of unlearning on member and non-member data
differs. To quantify this behavioral impact, we adopt the in-
fluence function proposed in (Koh and Liang 2017), which
estimates how adding a training point z affects the model’s
prediction on a given test point ztest. The influence is com-
puted as:

IIF(z, ztest) = −∇θL(ztest,θ)
⊤H−1

θ ∇θL(z,θ), (1)

where θ denotes the model parameters, L is the loss func-
tion, and Hθ is the Hessian matrix of second-order deriva-
tives of L with respect to θ. In the scenario of removing data
points from the training set, we use −IIF to measure the
impact of unlearning. Specifically,−IIF(Df , ztest) measures
the behavioral change of the model on ztest resulting from
unlearning the dataset Df , where ztest denotes an arbitrary
sample from the target dataset Dt. Due to the high computa-
tional cost of directly calculating the Hessian matrix, we ap-
proximate it using the woodfisher information matrix (Singh
and Alistarh 2020) in this paper.

Based on the influence function, we perform a straight-
forward experiment by training a convolutional neural net-
work model, ALLCNN (Springenberg et al. 2014), on the
CIFAR10 dataset and subsequently unlearning 5% of the
data points. We sample 100 points from the non-forgotten
set and validation set respectively to calculate their influence
scores, and display the top 3 images with the largest absolute
influence scores, as shown in Figure 2. It can be observed
that machine unlearning typically has a smaller impact on
non-forgotten data points, while exerting a larger influence
on data the model has never encountered. This is because
member samples have been well memorized by the model;
even after the unlearning process, the model’s predictions on
these samples remain stable, resulting in lower absolute im-
pact scores. In contrast, for unseen data, the removal of part
of the training set leads to the loss of certain feature rep-
resentations, weakening the model’s generalization ability
and causing greater shifts in its predictions on these sam-
ples. This asymmetry in influence leads to a statistical di-
vergence in the model behavior shifts between members and
non-members, which ultimately amplifies the membership
privacy risk.

4 Dual-View Inference Attack
This section introduces DVIA (Dual-View Inference At-
tack), the attack that exploits the amplified privacy risks en-
abled by access to both the original and unlearned models.
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Figure 2: A depiction of the unlearning influence on the tar-
get model’s non-forgotten and unseen data. “Inf.” refers to
the influence score, and UCD is the metric we propose to
measure the behavioral impact in black-box settings.

DVIA comprises two components: the Unlearning Confi-
dence Difference (UCD) as the attack metric, and a likeli-
hood ratio inference module for membership prediction.

4.1 Unlearning Confidence Difference
In this section, we design a behavioral impact–based at-
tack metric under the DVIA framework. Our core insight is
that machine unlearning induces notable differences in the
model’s predictive behavior for member versus non-member
data, as analyzed in Section 3.2. This paper focuses on stan-
dard image classification tasks, where model behavior is pri-
marily reflected in the confidence scores assigned to image
labels. Therefore, we propose the Unlearning Confidence
Difference (UCD) metric, which focuses on changes in the
model’s confidence when predicting the label of a given in-
put. By leveraging dual queries to both the original and un-
learned models, UCD reveals the privacy risks posed by ma-
chine unlearning on data that has not been forgotten. The
details of the UCD metric are provided in Definition 3.
Definition 3. The unlearning confidence difference (UCD)
∆(x, y) is defined as :

∆(x, y) = θu(x)y − θo(x)y,

where θo represents the original trained model and θu rep-
resents the unlearned model, θ(x)y denotes the probability
that the model θ maps the input x to correct label y.

Figure 3 illustrates the distribution of UCD scores for
member and non-member data, as well as the impact of un-
learning a specific data group on both. We observe a clear
separation between the two distributions: after forgetting a
group of data, the model retains high confidence in the sam-
ples it has memorized, while its confidence in previously un-
seen data fluctuates more noticeably, which aligns with our
analysis in Section 3.2. Moreover, the behavioral patterns
reflected by the UCD scores in the black-box setting closely
mirror the influence scores computed in the white-box set-
ting. This consistency demonstrates that the UCD metric ef-
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Figure 3: Density plots of influence score and UCD. It can
be observed that the distributions of both show similarity.

Algorithm 1: Dual-View Inference Attack

1: Input: Data distribution D, target dataset Dtarget.
2: Require: Initialized model θ, training algorithm A, un-

learning algorithm U , number of shadow datasets K,
decision threshold Λ.

3: Smem ← ∅ ▷ Set to store UCD metrics for member
4: Snon ← ∅ ▷ Set to store UCD metrics for non-member
5: for k = 1 to K do
6: Sample shadow datasets: Dmem

k , Dnon
k from D

7: Use Dmem
k , Dnon

k , A and U to get the original model
θok and the unlearned model θuk

8: Smem ← Smem ∪ {ϕ(∆(x, y)) | (x, y) ∈ Dmem
k }

9: Snon ← Snon ∪ {ϕ(∆(x, y)) | (x, y) ∈ Dnon
k }

10: end for
11: µmem, σ

2
mem ← mean(Smem), var(Smem)

12: µnon, σ
2
non ← mean(Snon), var(Snon)

13: St ← {ϕ(∆(x, y)) | (x, y) ∈ Dtarget}
14: L(α)← p(α|N (µmem,σ

2
mem))

p(α|N (µnon,σ2
non))

for each α ∈ St

15: Return: {1 if L(α) > Λ else 0 | α ∈ St}

fectively captures the differential impact of unlearning on
member and non-member data, as shown in Figures 2–3.

4.2 Likelihood Ratio Inference
Figure 3 shows that there is a clear distinction between
the UCD distributions of members and non-members, with
member data being more likely to fall within the member
distribution rather than the non-member distribution. Based
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on this, we design the likelihood ratio module to perform
non-forgotten inference by leveraging this noticeable distri-
bution difference. Specifically, in a machine unlearning sce-
nario, an attacker could use shadow models to obtain the
distributions of member and non-member data, then calcu-
late the likelihood ratios of target samples with respect to
these distributions to determine their membership status b,
classifying them as either 0 or 1.

However, a key challenge lies in constructing the member
and non-member distributions to support membership infer-
ence tasks. Prior research (Carlini et al. 2022a) has shown
that Gaussian fitting is a common and effective strategy, as
it requires only four statistical parameters, namely the means
and standard deviations of member and non-member data, to
approximate the distributions. However, the domain of the
UCD distribution is (−1, 1), which is inconsistent with the
support of the Gaussian distribution. Directly fitting a Gaus-
sian distribution in the original space leads to boundary trun-
cation issues, making such an approach inappropriate.

To address this, we consider applying a monotonic trans-
formation to the UCD metric to expand its domain. Al-
though (Carlini et al. 2022a) has proposed ϕ0(∆) = ∆

1−∆
as a common transformation function, this function is not
well-defined for negative values, limiting its applicability to
the UCD metric. Therefore, we propose the following trans-
formation function:

ϕ(∆) = log

(
1 + ∆

1−∆

)
. (2)

which is strictly monotonic on x ∈ (−1, 1) and maps this in-
terval to (−∞,∞). This transformation not only aligns with
the support of the Gaussian distribution but also maintains
local linearity near x = 0, preserving the separability of
the original UCD scores. Therefore, it provides a sound ba-
sis for subsequent Gaussian modeling, which underpins our
attack design described in Algorithm 1. In a nutshell, the at-
tacker first samples the shadow datasets from D and trains
shadow original and shadow unlearned models from these
datasets (Lines 6-7). The attacker then collects UCD from
the two shadow models for both member and non-member
data (Lines 8-9) and use ϕ to fits them into two Gaussian dis-
tributions (Lines 11-12). For any targeted data point (x, y),
the attacker calculates ϕ(∆(x, y)) (Line 13) and determines
its likelihood ratio L(α) relative to the member and non-
member distributions (Line 14).We assume Λ = 1 by de-
fault, which is a reasonable choice as it implies that a sam-
ple is classified as a member if its membership probability
exceeds its non-membership probability.
Advantages. Compared to the inference approaches based
on attack models (Shokri et al. 2017; Chen et al. 2021), our
module does not require the selection and training of a ded-
icated attack model. Furthermore, unlike threshold-based
methods (Lu et al. 2022), our module avoids the complex-
ity of carefully tuning an appropriate threshold; a default
threshold of 1 is sufficient for effective inference.
Comparison with (Hayes et al. 2025). While both our
method and U-LIRA employ likelihood ratio-based infer-
ence to perform membership inference in the unlearning set-
ting, they differ fundamentally in focus and granularity. U-

LIRA targets forgotten data using a confidence-based metric
and performs inference at the single-sample level, requiring
multiple shadow models to estimate membership distribu-
tions per target instance. In contrast, DVIA is the first to in-
vestigate the privacy risks for non-forgotten data. We intro-
duce the UCD metric and focus on group-level separability
between members and non-members by leveraging statis-
tical patterns across multiple samples. This design enables
efficient inference using only a few shadow models and re-
veals the systemic privacy leakage introduced by unlearning.

5 Experiment
5.1 Experimental Setup
We conduct our experiments in Python 3.8 using Py-
Torch (Paszke et al. 2019). Our evaluations are performed on
two commonly used datasets, CIFAR10 (Krizhevsky, Hinton
et al. 2009) and SVHN (Netzer et al. 2011). We divide the
datasets into four parts to create the training set, validation
set, shadow training set, and shadow validation set, with pro-
portions of 50%, 10%, 20%, and 20%, respectively. For the
models, we use ResNet18 (He et al. 2016) and the convolu-
tional neural network ALLCNN (Springenberg et al. 2014),
both of which are widely adopted in unlearning tasks (Go-
latkar, Achille, and Soatto 2020; Liu et al. 2023; Fan et al.
2023; Zhang et al. 2024). Following (Chen et al. 2021), we
train 4 shadow original models and 16 shadow unlearned
models for each shadow original model. We assume that the
attacker invokes the unlearning APIs to request the removal
of 5% of the training data. We use the best exact unlearn-
ing method, Retrain, as the default unlearning approach, and
explore approximate unlearning methods in Section 5.4. Fol-
lowing (Shokri et al. 2017; Hayes et al. 2025), we use bal-
anced accuracy as the primary evaluation metric, as it ef-
fectively measures the overall performance of the inference
attack. We construct an evaluation dataset of 1,000 points,
with half randomly sampled from the non-forgotten set and
the other half from the validation set.

5.2 Comparative Experiment
Our comparative study includes the following state-of-the-
art membership inference attacks: LIRA (Carlini et al.
2022a), SMIA (Shokri et al. 2017), and QMIA (Li and
Zhang 2021). We evaluate their performance on both the
original and unlearned models, denoted with the suffixes
“-o” (original) and “-u” (unlearned), respectively. In addi-
tion, we consider advanced attacks that were originally de-
signed to infer the membership of forgotten data, including
MIAoMU (Lu et al. 2022), U-LIRA (Hayes et al. 2025), and
U-MIA (Chen et al. 2021), and apply them to non-forgetting
inference scenario. We use these methods with their default
settings. The results are shown in Figure 4. It can be ob-
served that LIRA, SMIA, and QMIA perform slightly better
on the unlearned model than on the original model, and our
method significantly outperforms all existing methods.

5.3 Ablation Experiments
Different Attack Modules. We replace the likelihood ra-
tio inference (LRI) module with a decision tree (DT) (Rana
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CIFAR10 SVHN

ALLCNN ResNet18 ALLCNN ResNet18

LRI 0.9141 0.9386 0.8222 0.8210
DT 0.8665 0.8525 0.7321 0.7601
Threshold 0.8612 0.875 0.7422 0.7602

Table 1: Evaluation with different attack modules.

et al. 2014) and a threshold method (Li and Zhang 2021). As
shown in Table 1, LRI achieves superior attack performance.
This is because likelihood ratios typically capture distribu-
tional differences more effectively, leading to more accurate
membership inference.
Different Attack Metrics. We evaluate the attack perfor-
mance of the UCD metric, original model confidence Confo,
and unlearned model confidence Confu, with the attack
model using a likelihood ratio inference module. The results
are shown in Table 2. It is evident that the inference attack
based on the UCD metric performs the best, further high-
lighting the privacy risks posed by unlearning APIs.

5.4 Approximate Unlearning
We evaluate our method with approximate unlearning from
the perspectives of comp. overhead and attack effect. We
select several advanced approximate unlearning methods
and apply them to non-forgotten inference, including Gra-
dient Ascent (GA) (Golatkar, Achille, and Soatto 2020;
Graves, Nagisetty, and Ganesh 2021; Neel, Roth, and
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(a) CIFAR10, ALLCNN
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Ours

(e) Legend illustration for different methods

Figure 4: Evaluation across different datasets and models,
where the blue bars represent the comparative methods and
the red bars represent our approach.

CIFAR10 SVHN

ALLCNN ResNet18 ALLCNN ResNet18

UCD 0.9141 0.9386 0.8222 0.8210
Confo 0.8221 0.8420 0.6874 0.6995
Confu 0.8330 0.8575 0.6960 0.7018

Table 2: Evaluation of attack metrics.

CC CR SC SR

(5%,5%) 0.9141 0.9386 0.8222 0.8210
(5%,10%) 0.9090 0.9372 0.8134 0.7956
(10%,5%) 0.9128 0.9344 0.8075 0.8165
(10%,10%) 0.9220 0.9425 0.8212 0.8182

Table 3: Impact of unlearning proportions in target and
shadow models. Each (a%, b%) pair denotes the unlearning
ratios of the target and shadow models, respectively.

Sharifi-Malvajerdi 2021), Influence Unlearning (IU) (Liu
et al. 2023; Fan et al. 2023) and Salun (Fan et al. 2023).
Comp. Overhead. Figure 7 (a) presents the comp. over-
head of training unlearned shadow models using different
unlearning methods. It is evident that approximate unlearn-
ing is significantly more efficient than exact unlearning.
Attack Evaluation. Figures 4 and 5 indicate that mem-
bership inference attacks are generally less effective un-
der approximate unlearning compared to retraining unlearn-
ing. This is because approximate unlearning often has a
greater impact on non-forgotten data (Graves, Nagisetty, and
Ganesh 2021). Although DVIA, based on approximate un-
learning, is less effective than exact unlearning methods in
attack performance, it still outperforms comparative mem-
bership inference methods, highlighting the elevated privacy
risks in the dual-view setting. In future work, we aim to fur-
ther explore the trade-off between attack effectiveness and
comp. efficiency in non-forgotten inference.

5.5 Further Discussions
Impact of Unlearning Ratio Knowledge. As shown in Ta-
ble 3, the attack remains effective even when the attacker
does not know the exact unlearning ratio. This is because
machine unlearning significantly affects non-members while
having minimal impact on members, and this trend holds ro-
bustly across different unlearning ratio settings.
Defense. We implement differential privacy (Dwork 2006;
Abadi et al. 2016) by using Opacus (Yousefpour et al. 2021)
and setting the noise multiplier to 1.0. The experimental re-
sults are shown in Table 4. Although differential privacy can
defend against our attacks, it may make the model unusable.

More Metrics. We present additional comparisons using
AUC. As shown in Figure 6, our method outperforms oth-
ers. Additional metrics can be found in the appendix.
Impact of Different Unlearning Ratios. Figure 7 (b) illus-
trates the performance of DVIA under varying unlearning
ratios. Notably, even with as little as 2.5% of data unlearned,
DVIA achieves strong performance.
Evaluation on CIFAR100 (Krizhevsky, Hinton et al.
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Figure 5: The evaluation of attack performance under different unlearning methods.

Drop (%) Retrain GA IU Salun

CC 32.64 0.5248 0.5135 0.5293 0.5250
CR 33.14 0.5293 0.5351 0.4925 0.5162
SC 42.81 0.5128 0.4919 0.5048 0.5043
SR 39.73 0.5151 0.5103 0.5103 0.5120

Table 4: Evaluation under differential privacy. Drop indi-
cates the drop in model accuracy on the validation set.
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Figure 6: The AUC evaluation across different methods.

2009). Following (Carlini et al. 2022a), we evaluate DVIA
on CIFAR100, where it achieves 0.8975 accuracy on All-
CNN and 0.9444 on ResNet18, demonstrating strong per-
formance.
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Figure 7: More evaluation results.

6 Conclusion, Limitation, and Future

In this paper, we challenge the notion that machine unlearn-
ing ensures privacy and, for the first time, reveal the privacy
risks it poses to non-forgotten data through an information-
theoretic lens. We introduce the novel dual-view setting,
where adversaries can query both the original and the un-
learned models, and demonstrate that such dual access sig-
nificantly amplifies privacy leakage. To formalize this ad-
vantage, we propose the notion of privacy information gain,
which highlights the increased privacy exposure resulting
from comparing the outputs of the two models. To exploit
this vulnerability in practice, we propose DVIA, which uses
black-box queries and a lightweight likelihood ratio mod-
ule to infer membership of retained data. Our experiments
across diverse datasets and model architectures validate the
effectiveness of DVIA and underscore the privacy vulnera-
bilities introduced by unlearning in dual-view scenarios.

In terms of limitations, we focus solely on image clas-
sification tasks, which are the primary application area for
machine unlearning. In future work, we plan to broaden our
analysis to other domains such as natural language process-
ing and graph learning. Furthermore, we intend to inves-
tigate the trade-offs between inference accuracy, computa-
tional efficiency, and privacy guarantees in approximate un-
learning frameworks.
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