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Abstract

Federated Recommender Systems (FedRecs) leverage feder-
ated learning to protect user privacy by retaining data locally.
However, user embeddings in FedRecs often encode sensi-
tive attribute information, rendering them vulnerable to at-
tribute inference attacks. Attribute unlearning has emerged as
a promising approach to mitigate this issue. In this paper, we
focus on user-level FedRecs, which is a more practical yet
challenging setting compared to group-level FedRecs. Adver-
sarial training emerges as the most feasible approach within
this context. We identify two key challenges in implementing
adversarial training-based attribute unlearning for user-level
FedRecs: i) mitigating training instability caused by user data
heterogeneity, and ii) preventing attribute information leak-
age through gradients. To address these challenges, we pro-
pose FedAU2, an attribute unlearning method for user-level
FedRecs. For CH1, we propose an adaptive adversarial train-
ing strategy, where the training dynamics are adjusted in re-
sponse to local optimization behavior. For CH2, we propose
a dual-stochastic variational autoencoder to perturb the ad-
versarial model, effectively preventing gradient-based infor-
mation leakage. Extensive experiments on three real-world
datasets demonstrate that our proposed FedAU2 achieves su-
perior performance in unlearning effectiveness and recom-
mendation performance compared to existing baselines.

1 Introduction
Recommender Systems (RSs) are integral to modern online
platforms, delivering personalized recommendations based
on user preferences (Hasan et al. 2024; Lu and Yin 2025;
Su et al. 2023; Feng et al. 2024). Traditional RSs are typ-
ically designed in centralized settings, requiring users to
provide all raw interaction data, such as clicks and pur-
chases. However, this centralized approach raises signifi-
cant concerns regarding user privacy and potential data mis-
use (Qu et al. 2024; Zhou et al. 2023). To address these con-
cerns, Federated Learning (FL) (McMahan et al. 2017; Liu
et al. 2024a,b; Zhang et al. 2025; Chen et al. 2024a) has
emerged as a privacy-preserving paradigm for training rec-
ommendation models, which are known as Federated RSs
(FedRecs) (Sun et al. 2022). In FL, users’ raw data remains
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on their local devices, and a global model is collaboratively
trained through local updates and aggregation.

Recent data privacy regulations, such as the GDPR (Pro-
tection 2018) and CCPA (Illman and Temple 2019), empha-
size the right to be forgotten, granting users the ability to
withdraw personal data, including their influence on models
and sensitive information (Li et al. 2024; Feng et al. 2025a).
RSs represent critical application scenarios that heavily rely
on personal data and often embed users’ attribute informa-
tion, rendering them susceptible to attribute inference at-
tacks (Chen et al. 2024b). Attribute unlearning has emerged
as a promising approach to eliminate users’ attribute infor-
mation from models (Feng et al. 2025c; Yu et al. 2025).
However, while FedRecs preserve the privacy of local data,
it does not provide mechanisms to remove users’ attribute
information (Hu and Song 2024), thereby failing to satisfy
the right to be forgotten. Therefore, enabling attribute un-
learning in FedRecs is imperative to uphold users’ privacy.

FedRecs can be classified into two categories (Sun et al.
2022): user-level and group-level. In user-level FedRecs,
each client corresponds to an individual user (e.g., a personal
smartphone), while in group-level FedRecs, each client ag-
gregates data from multiple users (e.g., within an orga-
nization). Attribute unlearning methods (e.g., distribution
alignment) developed for group-level settings (Hu and Song
2024; Wu, Jiang, and Hu 2025; Lu, Tong, and Ye 2025; Feng
et al. 2025d) typically aggregate data from multiple users,
rendering them inapplicable to user-level FedRecs, where
data remains strictly isolated on individual devices.

In this paper, we focus on attribute unlearning in user-
level FedRecs, which is more generalized and more chal-
lenging (Sun et al. 2022). As distribution alignment (Wu,
Jiang, and Hu 2025) is inapplicable in this setting, adversar-
ial training (Feng et al. 2025b; Wang et al. 2025) emerges
as the most feasible approach. Nevertheless, we identify two
key challenges in its implementation: CH1: How to make
adversarial training stable in federated settings, i.e., the cold
start problem (Zhang, Shi, and Zhao 2024). Specifically, tra-
ditional adversarial learning methods require pre-training to
stabilize the training process (Ganhör et al. 2022) However,
in FedRecs, due to the heterogeneity of user data and the ran-
domness of sampling (Zhang et al. 2024), pre-training may
lead to unstable training processes. CH2: How to prevent
attribute information leakage during unlearning in FedRecs.
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Recent studies have demonstrated that the model gradient
transmitted during server-client communication can expose
users’ raw data through reconstruction attacks (Zhao, Mop-
uri, and Bilen 2020; Zhu, Liu, and Han 2019), with attribute
labels being particularly vulnerable to such leakage.

To address these challenges, we propose FedAU2,
an Attribute Unlearning method for User-level FedRecs.
Specifically, we perform adversarial learning locally on each
client and aggregate model updates on the server, thereby
eliminating the reliance on group-level attribute informa-
tion. For CH1, we propose a decentralized and adaptive
training strategy that operates at the user level to avoid the
global pre-training. Specifically, each user autonomously
adjusts their adversarial training in response to their own
adversarial prediction outcome, enabling fine-grained con-
trol and enhanced adaptation. For CH2, we propose a Dual-
Stochastic Variational AutoEncoder (DSVAE), which is in-
tegrated into the adversarial model. Our theoretical analy-
sis reveals that the dual stochastic design helps perturb the
adversarial model to enhance robustness against gradient-
based reconstruction attacks. We summarize the main con-
tributions of this paper as follows:
• We propose FedAU2, a novel attribute unlearning method

for user-level FedRecs. We identify two key challenges:
i) avoiding adversarial training instability in federated set-
tings, and ii) preventing gradient-based attribute leakage.

• For CH1, we propose an adaptive adversarial training
strategy that dynamically adjusts each user’s training pro-
cess based on their local updates. This design enhances
both the stability and efficiency of adversarial optimiza-
tion in an adaptive manner.

• For CH2, we integrate a DSVAE into the adversarial
model. Theoretical analysis reveals that our proposed
DSVAE perturbs the parameters to effectively prevent at-
tribution information leakion in FedRecs.

• We conduct extensive experiments on three real-world
datasets across representative recommendation models.
The results demonstrate that our proposed FedAU2 sig-
nificantly outperforms existing baselines.

2 Related Work
2.1 Federated Recommendation Systems
FedRecs leverage federated learning to enable collaborative
model training without sharing raw user data in RSs. Based
on the granularity of user participation (Sun et al. 2022), Fe-
dRecs can be categorized into user-level (where each device
acts as a client) and group-level (where clients represent user
groups or a data silo) settings. Most FedRecs are developed
based on the user-level setting (Chai et al. 2020; Perifanis
and Efraimidis 2022) Latest user-level FedRecs also explore
personalized methods to better capture user-specific prefer-
ences under heterogeneous data (Li, Long, and Zhou 2023).

The key distinction between these two settings lies in
data and client heterogeneity (Sun et al. 2022). Compared
to group-level settings, user-level FedRecs face extremely
sparse and non-IID data. This introduces substantial chal-
lenges for unlearning methods that depend on cross-user in-
formation (Hu and Song 2024; Wu, Jiang, and Hu 2025; Li

et al. 2025a,b). In this work, we focus on the user-level set-
ting, which remains the most prevalent and technically chal-
lenging scenario for federated recommendation.

2.2 Recommendation Attribute Unlearning
RSs can implicitly encode sensitive user attributes (e.g., gen-
der and age) into user embeddings, making them vulnerable
to attribute inference attacks (Feng et al. 2025b; Liu et al.
2025). Attribute unlearning (Li et al. 2023) has emerged to
mitigate this issue. In centralized RSs, researchers utilize ad-
versarial learning (Ganhör et al. 2022) and post-training tun-
ing (Li et al. 2023) to achieve attribute unlearning.

FedRecs also face risks of attribute leakage because fed-
erated learning cannot prevent attribute inference (Hu and
Song 2024). Traditional collaborative filtering methods and
latest personalized FedRecs both encode user attributes into
embeddings, increasing privacy risks. To mitigate such risks,
Hu et al. propose a user-consented approach for attribute
unlearning (Hu and Song 2024). Aegis (Wu, Jiang, and
Hu 2025) extends post-training methods to the federated
setting. However, these methods rely on group-level user
data, which is infeasible in user-level FedRecs. For user-
level FedRecs, Zhang et al. propose a Differential Privacy
(DP) framework (Zhang, Yuan, and Yin 2023). However,
DP-based methods typically lack attribute specificity (i.e.,
cannot selectively unlearn a particular attribute) and often
significantly degrade recommendation performance. These
gaps highlight the need for an attribute unlearning approach
for user-level FedRecs that can effectively mitigate attribute
leakage while preserving recommendation performance.

2.3 Gradient-based Reconstruction Attacks
Gradient-based reconstruction attacks (e.g., DLG) can re-
construct training data by analyzing raw gradients (Zhu, Liu,
and Han 2019; Su et al. 2025). Subsequently, iDLG (Zhao,
Mopuri, and Bilen 2020) leverages analytical derivation to
directly obtain real labels, making the attack more efficient
and reliable.

Current defenses fall into two categories: feature-side and
label-side. Feature-side methods protect input data (Huang
et al. 2020; Sun et al. 2021), but do not secure output labels,
which are crucial in user-level FedRecs. In contrast, label-
side methods protect label-related privacy at the output layer.
Label-DP noise (Ghazi et al. 2024) and soft labels (Struppek,
Hintersdorf, and Kersting 2023; He et al. 2024) trade privacy
for accuracy, and even hinder convergence in user-level Fe-
dRecs (Wang et al. 2024; Chen et al. 2025; Zhou et al. 2025).
None of these methods scales well to user-level FedRecs.

3 Preliminaries
3.1 User-level Federated Recommendation
Let U and I denote the sets of users and items, respec-
tively. Each user u ∈ U holds a private interaction vector
xu ∈ {0, 1}|I|, where xui ∈ {0, 1} indicates whether user
u has interacted with item i ∈ I. The goal of FedRecs is to
learn a scoring function fΘ : U × I → R, where fΘ(u, i)
denotes the predicted score between user u and item i. To
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Figure 1: Comparison of three user device types in federated recommendation. i) on the left, standard clients expose attribute
information in embeddings; ii) in the middle, adversarial clients can prevent embedding leakage but still suffer from gradient
leakage; and iii) on the right, our proposed FedAU2 eliminates information leakage from both embeddings and gradients.

extract features of users and items, the system typically en-
codes users and items via emu = ϕu(u) and emi = ϕi(i),
and computes the matching score between them using a
scoring function sψ(·). The recommendation objective can
be formalized as:

min
Θ

Lrec =
∑
u∈U

∑
i∈I

ℓ (sψ(emu, emi), xui) , (1)

where ℓ(·) is a loss function (e.g., BPR), and Θ = ϕu ∪
ϕi ∪ ψ. In FedRecs, user-side parameters ϕu are locally up-
dated and remain private, whereas item-side parameters ϕi
and model parameters ψ are uploaded and aggregated on the
server.

3.2 Adversarial Training
Let emu ∈ Rd denote the embedding of user u, and let
y ∈ Y be a protected attribute (e.g., gender or age). We in-
troduce an adversarial network hω(·), which takes emu as
input and attempts to predict the protected attribute y. The
model learns to preserve recommendation quality while re-
moving sensitive information from emu, leading to the fol-
lowing min-max objective:

min
Θ

max
ω

Lrec − λ ·
∑
u∈U

Ladv(emu, y), (2)

where Ladv is the adversarial loss, implemented as a classi-
fication loss using cross-entropy:

Ladv(emu, y) = CE(hω(emu), y),

To solve this optimization problem, we adopt a Gradient
Reversal Layer (GRL) (Ganin and Lempitsky 2015) between
emu and hω . GRL preserves the forward pass and reverses
the backward gradient. Converting the min-max into a min-
imization.:

min
Θ,ω

Lrec + λ ·
∑
u∈U

CE(hω(GRL(emu)), y). (3)

3.3 Reconstructing Data via DLG
DLG reconstructs private user data by optimizing dummy
inputs and labels to match observed gradients. Given the ob-
served gradient ∇W = ∇WL(hω(em), y), the attacker ini-
tializes dummy variables em′, y′ ∼ N (0, 1), and iteratively
updates them to minimize the distance between dummy and
real gradients:

(em∗, y∗) = arg min
em′,y′

∥∇W ′ −∇W∥2 , (4)

where ∇W ′ = ∇WL(hω(em′), y′) is the gradient com-
puted from dummy data. This optimization exploits the dif-
ferentiability of the gradient distance w.r.t. em′ and y′. By
minimizing this distance, the dummy data (em′, y′) gradu-
ally approximates the true training sample (em, y).

4 Methodology
4.1 Overview of FedAU2
To achieve user-level attribute unlearning in FedRecs, we
employ the adversarial training approach. However, the di-
rect application of adversarial training introduces two key
challenges (CH1: stable training and CH2: privacy preser-
vation). To tackle these challenges, we propose FedAU2, an
adaptive and robust user-level attribute unlearning method
for FedRecs.
FedAU2 demonstrates a significant advantage over both

standard FL clients and the conventional adversarial train-
ing approach. As shown in Figure 1, i) the embeddings in a
standard FL client may leak sensitive attribute information;
ii) a client equipped with a conventional adversarial net-
work mitigates embedding leakage but remains vulnerable
to gradient-based reconstruction attacks; and iii) FedAU2

effectively prevents both embedding and gradient leakage,
thereby offering enhanced privacy protection.
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Figure 2: Workflow of FedAU2. During the forward pass,
DSVAE injects dual-stochasticity , effectively masking at-
tribute information embedded in the gradients. During the
backward pass, SUT dynamically adjusts the perturbation
budget based on the prediction outcomes, enabling stable ad-
versarial training.

Specifically, FedAU2 integrates two synergistic compo-
nents into adversarial training to enable adaptive and ro-
bust attribute unlearning, i.e., Selective Unlearning Trigger
(SUT) for stable training and DSVAE to preserve gradient
privacy. Figure 2 illustrates the workflow of FedAU2.

4.2 Selective Unlearning Trigger
Adversarial training helps mitigate privacy leakage but of-
ten introduces instability, i.e., the cold start problem of ad-
versarial models (CH1). Moreover, global pretraining strate-
gies (Ganhör et al. 2022) prove inadequate for FedRecs. The
heterogeneity of user data and the randomness of client sam-
pling result in uneven user participation, which in turn lim-
its the generalization of the adversarial model in federated
learning (Yang et al. 2024).

The instability of adversarial training primarily stems
from the trade-off governed by the perturbation budget (An-
driushchenko and Flammarion 2020). There are two extreme
cases in practice: i) excessive perturbation budget: aggres-
sive perturbations obscure task-relevant features, rendering
the adversarial loss uninformative and driving training into
noisy updates; and ii) insufficient perturbation budget: mild
perturbations are unable to erase the sensitive attributes de-
rived from standard training, leaving privacy-related infor-
mation embedded in the learned representations.

To balance the trade-off in perturbation budget, we pro-
pose a SUT for user-level FedRecs, which enables efficient

and adaptive control of the perturbation budget at the in-
dividual user level. Motivated by the adaptive perturbation
control at the sample level (Balaji, Goldstein, and Hoffman
2019), we incorporate this adaptive design into our adver-
sarial training objective for user-level FedRecs. Specifically,
the per-user training objective is formulated as:

min
θ,ω

L(u)
rec + λ · LCE(hω(GRL(emu; ϵu)), yu), (5)

where ϵu determines the strength of adversarial unlearning
and is dynamically adjusted based on the estimated distance
to the decision boundary:

ϵu =
τ

∥∇emu
L(hω(emu), yu)∥2

, (6)

where τ is a global scaling factor. ϵu serves as a local margin
estimator between the user embedding emu and the decision
boundary of the adversarial classifier.

Directly applying Eq. (6) on the client side introduces
significant computational overhead, as it requires comput-
ing the gradient at every training iteration. Existing studies
(Elsayed et al. 2018) show that correct predictions gener-
ally correspond to smaller gradient norm, suggesting that
the embedding emu resides near a local optimum and is
far from the decision boundary. Conversely, misclassified
samples tend to lie closer to the boundary, where the gradi-
ent norm are higher, indicating higher sensitivity to pertur-
bations, but less informative for unlearning. Based on this
observation, we introduce a simplified binary variant of the
perturbation budget SUT defined as: ϵu = ϵ if ŷu = yu,
and ϵu = 0 otherwise, where ŷu = argmaxhω(emu) is
the adversarial prediction, and ϵ is a constant controlling the
gradient reversal strength in the GRL layer.

The binary design of ϵu greatly simplifies per-user com-
putation while offering clear interpretability: if the adver-
sarial classifier misclassifies the label (insufficient discrim-
inatory power), adversarial training is skipped; if the pre-
diction is correct (captured label-related information), un-
learning is applied accordingly. SUT effectively balances the
trade-off in perturbation budget through user-level adaptive
adjustment, eliminating the need for global pretraining. This
design enables more stable adversarial training in federated
settings.

4.3 Dual-Stochastic Variational Autoencoder
For CH2, we observe that even if the attribute information
can be unlearned from embeddings, the adversarial gradi-
ents can still leak sensitive labels (Zhu, Liu, and Han 2019).
To address this challenge, we propose DSVAE, which in-
jects stochasticity to mask sensitive labels in the gradients.
We motivate its design by comparing how three different
model architectures (original, VAE, and DSVAE) behave un-
der DLG-based attacks, starting with a unified theoretical
analysis of how DLG reconstructs labels, which generalizes
across architectures.

DLG aims to reconstruct the true user label y by op-
timizing a dummy label y∗ that closely approximates it.
Since the label y is inferred through the final layers of the
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model (Zhao, Mopuri, and Bilen 2020), our analysis specif-
ically focuses on the final layer preceding the softmax out-
put. Given a class i, we define ŷ′i as its predicted probability
during the reconstruction attack, ∇Wi as the corresponding
observed gradient vector from the final layer, and y∗i as op-
timal dummy label.

Theorem 1. Given a class i, let ŷ′i denote the predicted
probability during the reconstruction attack, ∇Wi the ob-
served gradient of the final layer, and y∗i the optimal dummy
label. Then, y∗i admits the following closed-form solution:

y∗i = ŷ′i − δi, (7)

where δi = G(∇Wi), a function with of the gradient ∇Wi.

Proof. The proof can be found in Appendix B.1.

As shown in Eq. (7), y∗i is depended on two part: i) ŷ′i
approximates the client-side prediction ŷi from the recon-
structed embedding em′; and ii) a correction term δi that
reflects the preference encoded by the gradient ∇Wi for la-
bel i. By leveraging both ŷ′i and δi, DLG can infer the user’s
attribute. Thus, the key to preventing DLG from reconstruct-
ing labels lies in perturbing these two components. In the
following, we analyze the behavior of ŷ′i and δi under differ-
ent model architectures.

Original MLP Following prior work (Ganhör et al. 2022),
we use an MLP as the adversarial classifier. In the original
MLP, the linear transformation is deterministic without any
form of stochasticity. As a result, DLG can easily reconstruct
the user label information by exploiting both ŷ′i and δi.

Corollary 1. Let h′ denote the input to the final linear layer
of the MLP during the reconstruction attack. Then, the cor-
rection term δi is given by:

δi =
(h′)⊤∇Wi

∥h′∥2
. (8)

Proof. The proof can be found in Appendix B.2.

For ŷ′i, DLG can accurately reconstruct the user embed-
ding from the original MLP (Zhu, Liu, and Han 2019), ef-
fectively approximating the client-side prediction ŷi using
the reconstructed embedding em′. For δi, DLG can accu-
rately capture the preference encoded in the gradient ∇Wi

through Eq. (8), where the sign of ∇Wi differs when i cor-
responds to the true label (Zhao, Mopuri, and Bilen 2020),
directly revealing the user label yi.

MLP with VAE While the Variational Autoencoder
(VAE) architecture injects stochasticity during training, this
primarily affects ŷ′i, leaving the correction term δi intact and
still exploitable by DLG for reconstructing user labels.

VAE assumes that each input is associated with a latent
variable u ∼ N (0, I), which is learned by maximizing the
evidence lower bound. To enable backpropagation, it applies
the reparameterization trick:

u = µ+ σ ⊙ ϵ, ϵ ∼ N (0, I),

where µ and σ are tuned to capture the latent distribution.

Note that VAE injects stochasticity solely via the σ path
through the sampling of ϵ, whereas the µ path remains unaf-
fected. As a result, DLG can still reconstruct user labels by
leveraging the deterministic µ path.

Corollary 2. Let z′ denote the input to the VAE during the
reconstruction attack, and ∇Wµ

i denote the observed gra-
dient vector associated with the i-th logit along the µ path.
Then, the correction term δi derived from ∇Wµ

i is given by:

δi =
(z′)⊤∇Wµ

i

∥z′∥2
(9)

Proof. The proof can be found in Appendix B.3.

For ŷ′i, VAE hinders accurate reconstruction of user em-
beddings through stochastic perturbations (Scheliga, Mäder,
and Seeland 2022), thereby disrupting the direct mapping
from ŷ′i to the client-side prediction ŷi. In contrast, for δi,
since VAE does not introduce stochasticity along the µ path,
DLG can still accurately capture the preference encoded in
the gradient ∇Wµ

i through Eq. (9), enabling label recon-
struction through this deterministic path.

MLP with DSVAE Our proposed DSVAE enhances VAE
by injecting extra stochasticity into the µ path, introducing
perturbations to both ŷ′i and δi, which jointly block DLG
from accurately reconstructing user labels. To achieve this,
DSVAE injects stochasticity directly into µ by redefining
the latent variable as:

u = µ⊙ ϵ′1 + σ ⊙ ϵ′2, ϵ′1 ∼ N (1,λ), ϵ′2 ∼ N (0, I),
(10)

where λ is a tunable hyperparameter that controls the
strength of stochasticity.

Corollary 3. The correction term δi under stochastic per-
turbation derived from ∇Wµ

i is given by:

δi =
(z′ ⊙ ϵ′1)

⊤∇Wµ
i

∥z′ ⊙ ϵ′1∥2
. (11)

Proof. The proof can be found in Appendix B.4.

As yi, ŷi, z, and ϵ1 are generated locally on the client dur-
ing training, they are independent of server-side data. Given
that the gradient computes as ∇Wµ

i = (ŷi − yi)(z ⊙ ϵ1),
substituting into Eq. (11) yields:

δi = (ϵ⊤1 ϵ
′
1)⊙

(ŷi − yi)(z
⊤z′)

∥z′ ⊙ ϵ′1∥2
. (12)

For ŷ′i, building upon the VAE framework, DSVAE sim-
ilarly disrupts the direct mapping to the client-side predic-
tion ŷi. For δi, the injected noise into the µ path introduces
a multiplicative term ϵ⊤1 ϵ

′
1, which effectively perturbs the

information embedded in ∇Wµ
i . As a result, DSVAE in-

troduces dual stochasticity. This design effectively prevents
DLG from accurately reconstructing user labels. In addition,
for iDLG (Zhao, Mopuri, and Bilen 2020), the introduction
of ϵ1 invalidates its label inference mechanism based on the
sign of gradients.
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Dataset Attributes Method FedNCF FedVAE FedRAP

HR@10 ↑ NDCG@10 ↑ F1 ↓ BAcc ↓ HR@10 ↑ NDCG@10 ↑ F1 ↓ BAcc ↓ HR@10 ↑ NDCG@10 ↑ F1 ↓ BAcc ↓

ML-100K
Gender

Original 0.6392 0.3634 0.5982 0.6068 0.6703 0.3910 0.5909 0.6097 0.4414 0.2385 0.5789 0.5853
APM 0.5495 0.3083 0.5668 0.5675 0.5183 0.2938 0.5710 0.5785 0.4121 0.2249 0.5411 0.5485

FedAU2 0.6154 0.3447 0.4992 0.5026 0.6667 0.3730 0.4113 0.5295 0.4359 0.2473 0.5490 0.5508

Age
Original 0.6392 0.3634 0.4590 0.4739 0.6703 0.3910 0.3956 0.4179 0.4414 0.2385 0.4185 0.4250

APM 0.5495 0.3083 0.3915 0.3945 0.5183 0.2938 0.3362 0.3843 0.4121 0.2249 0.3793 0.3844
FedAU2 0.5916 0.3247 0.3556 0.3623 0.6392 0.3626 0.2105 0.3431 0.4322 0.2452 0.3601 0.3706

ML-1M
Gender

Original 0.6662 0.3897 0.7024 0.7032 0.6896 0.4169 0.7189 0.7204 0.4365 0.2381 0.7069 0.7089
APM 0.5530 0.3079 0.6162 0.6179 0.5366 0.3005 0.6654 0.6666 0.4114 0.2268 0.6575 0.6621

FedAU2 0.6232 0.3519 0.5176 0.5136 0.6697 0.3994 0.4191 0.5536 0.4429 0.2437 0.6285 0.6283

Age
Original 0.6662 0.3897 0.5896 0.5926 0.6896 0.4169 0.6186 0.6181 0.4365 0.2381 0.5488 0.5535

APM 0.5530 0.3079 0.4832 0.4850 0.5366 0.3005 0.5140 0.5169 0.4114 0.2268 0.5109 0.5159
FedAU2 0.6360 0.3595 0.3641 0.3669 0.6779 0.4017 0.1755 0.3347 0.4447 0.2458 0.4012 0.4000

LastFM
Gender

Original 0.7158 0.4411 0.6907 0.6926 0.7407 0.4648 0.6806 0.6895 0.4763 0.2697 0.6909 0.6912
APM 0.5744 0.3266 0.5950 0.6010 0.5818 0.3285 0.6463 0.6560 0.4351 0.2516 0.6079 0.6079

FedAU2 0.6475 0.3867 0.4410 0.5047 0.7279 0.4566 0.3713 0.5222 0.4783 0.2689 0.6087 0.6088

Age
Original 0.7158 0.4411 0.4775 0.4813 0.7407 0.4648 0.5329 0.5391 0.4763 0.2697 0.5098 0.5165

APM 0.5744 0.3266 0.4174 0.4189 0.5818 0.3285 0.4677 0.4682 0.4351 0.2516 0.4401 0.4405
FedAU2 0.6584 0.3932 0.3649 0.3685 0.7358 0.4610 0.2033 0.3556 0.4794 0.2709 0.4301 0.4321

Table 1: Performance (HR@10, NDCG@10) and privacy leakage (F1, BAcc) under different methods across datasets and
attributes. Bold indicates the best result (excluding Original). All results are averaged over three independent runs. Due to the
space limit, we report the results of HR@k and NDCG@k in Appendix C, where k ∈ {5, 15, 20}.

5 Experiments
5.1 Experimental Setup
Datasets We conduct experiments on three widely-used
real-world datasets, each containing user-item interactions
and user attributes (e.g., age and gender):

• ML-100K: 100K movie ratings from 1,000 users on 1,700
movies, with user demographics including gender, age,
and occupation.

• ML-1M: 1M ratings from 6,040 users on 3,706 movies,
with similar user attribute information as ML-100K.

• LastFM-360K: User-artist interactions and user profiles
(gender, age, country) from a music streaming platform.

Recommendation Models We evaluate our proposed
framework on two representative and one personalized Fe-
dRecs models:

• FedNCF: A federated version of Neural Collaborative Fil-
tering (Perifanis and Efraimidis 2022).

• FedVAE: A federated adaptation of MultVAE that incor-
porates an adaptive learning rate (Polato 2021).

• FedRAP: A personalized FedRecs model combining
global item embeddings with user-specific residuals (Li,
Long, and Zhou 2023).

Unlearning Methods As group-level methods (Hu and
Song 2024; Wu, Jiang, and Hu 2025) cannot apply to user-
level FedRecs, we compare FedAU2 with the user-level
baseline and the standard training strategy.

• Original: The model without attribute unlearning.
• APM: A DP-based method that perturbs model parame-

ters during training (Zhang, Yuan, and Yin 2023).

Attack Setting Following (Zhang, Yuan, and Yin 2023),
we assume an honest-but-curious server that attempts to in-
fer user attributes from gradients, along with an external ad-
versary that exploits user embeddings for attribute inference.

Evaluation Metrics We use micro-averaged F1 score and
Balanced Accuracy (BAcc) to evaluate attribute unlearning
effectiveness. Gradient unlearning effectiveness is evaluated
using accuracy. Recommendation performance is evaluated
using Hit Ratio (HR) and Normalized Discounted Cumula-
tive Gain (NDCG), under the leave-one-out evaluation pro-
tocol. We truncate the ranked list at 5, 10, 15, and 20.

More details of experimental setup, including data pre-
processing, attack settings, training parameter settings, and
hardware information, are provided in Appendix A.

5.2 Results and Discussions
Attribute Unlearning Performance We report the F1
score and BAcc in Table 1. On FedNCF and FedVAE, our
proposed FedAU2 achieves an average BAcc reduction of
26.42%, while APM achieves only 11.5%, consistently out-
performing baselines in both F1 and BAcc across all datasets
and attributes. For FedRAP, the average BAcc reduction is
14.09% for FedAU2 and 9.24% for APM. FedRAP shows
relatively weak unlearning performance, largely because its
residual-based user embedding is hard to modify. To im-
prove efficiency, we aggregate the residual into a single di-
mension during adversarial training, which may further limit
its attribute unlearning ability.

Recommendation Performance As shown in Table 1,
FedAU2 and APM reduce NDCG@10 by 4.51% and
20.05%, respectively, on average. Across all settings,
FedAU2 consistently outperforms APM in both NDCG and
HR, demonstrating better utility preservation while effec-
tively unlearning sensitive attributes. Interestingly, for Fe-
dRAP, FedAU2 even leads to a slight improvement in rec-
ommendation performance, which may be attributed to the
unique structure of its user embedding.

SUT Analysis To assess the effect of SUT on training sta-
bility, we show the recommendation and unlearning per-
formance under different adversarial strategies in Fig. 3.
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Global applies adversarial training throughout all epochs,
while Pretrain pre-trains the adversarial model for multiple
epochs (10 for FedRAP, 50 for FedVAE, and 100 for Fed-
NCF) before unlearning. As shown in Fig. 3, SUT yields
the best recommendation performance, while Global per-
forms the worst, indicating that SUT’s adaptive perturbation
prevents excessive disruption to user embeddings. For un-
learning performance, SUT and Global perform similarly,
but Pretrain performs worst due to limited adversarial model
generalization under stochastic sampling. Overall, SUT bet-
ter balances recommendation and unlearning performance.

DSVAE Analysis To validate the effectiveness of DSVAE,
we present the gradient unlearning performance, the compo-
nent analysis of Eq. (7), and the impact of the stochasticity
coefficient λ on model performance.

• Gradient Unlearning. As shown in Fig. 4(a), the original
MLP is vulnerable to gradient attacks, which accurately
infer user attributes, achieving up to 90% accuracy in Fed-
VAE. While VAE offers slight resistance to the attack, the
adversary can still achieve up to 89% accuracy. In contrast,
DSVAE significantly mitigates the attack across all three
models through dual stochasticity, bringing the accuracy
down to 58% in FedVAE.

• Component Analysis. As shown in Fig. 4(b), the original
ŷ′i remains slightly above random guessing, reflecting that
it approximates the client-side prediction. Both VAE and
DSVAE are able to reduce ŷ′i to the level of random guess-
ing. However, VAE has limited effect on δi, resulting in a
gradient’s preference similar to the original MLP and lead-
ing to insufficient perturbation of y∗i . In contrast, DSVAE
significantly suppresses δi, masking the gradient’s prefer-
ence, resulting in effective perturbation of y∗i and robust
defense against gradient-based reconstruction.

• Stochasticity Coefficient. As shown in Fig. 4(c), increas-
ing λ introduces more stochasticity into the adversarial
model, which weakens its generalization ability to at-
tribute unlearning. This results in worse unlearning but
better recommendation performance. Meanwhile, the in-
creased stochasticity also improves gradient unlearning
performance, gradually approaching random guessing.

Overhead Analysis SUT performs adversarial training
only when the adversarial prediction is correct, reducing
gradient computation. It is client-side and parameter-free,
adding no memory or communication overhead. DSVAE re-
places the last layer with two projections, doubling its pa-
rameters and causing a linear increase in computational,
memory, and communication overhead. The combination of
SUT and DSVAE slightly reduces the overall computational
cost. We empirically evaluate our method and report the re-
sults in Appendix D.

6 Conclusion
In this paper, we study attribute unlearning in user-level
FedRecs, aiming to remove sensitive attribute information
from user embeddings while maintaining recommendation
utility. User-level FedRecs are more challenging than group-
level settings due to decentralized optimization and highly
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Figure 3: Ablation analysis of SUT. Recommendation
(NDCG@10 ↑) and unlearning (BAcc ↓) performance under
different adversarial training strategies on ML-1M (gender).
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Figure 4: Ablation analysis of DSVAE, conducted on ML-
1M (gender). (a) Gradient unlearning performance across
three models. (b) Component reconstruction analysis in Fed-
VAE. (c) Effect of the stochasticity coefficient λ on recom-
mendation (NDCG@10 ↑), attribute unlearning (BAcc ↓),
and gradient unlearning (Acc ↓) performance in FedVAE.

personalized data distributions. We identify two key chal-
lenges for adversarial training-based unlearning in this set-
ting: i) training instability caused by user heterogeneity, and
ii) gradient-based leakage of sensitive information. To tackle
these challenges, we propose FedAU2, which incorporates
two core components: an adaptive adversarial training strat-
egy (SUT) that dynamically adjusts the perturbation budget
based on local optimization signals, and a dual-stochastic
variational autoencoder (DSVAE) that effectively masks at-
tribute information in the gradient. Extensive experiments
on three real-world datasets and multiple representative Fe-
dRecs models demonstrate that FedAU2 achieves signifi-
cantly better unlearning effectiveness and recommendation
performance compared to existing baselines. Our findings
show that adaptive adjustment is crucial for stable adver-
sarial training in user-level FedRecs, and that label-side de-
fenses are essential against gradient-based attacks.
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