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A B S T R A C T

Cross-domain recommendation (CDR) aims to enhance the recommendation accuracy in a target domain with
sparse data by leveraging rich information in a source domain, thereby addressing the data-sparsity problem.
Some existing CDR methods highlight the advantages of extracting domain-common and domain-specific
features to learn comprehensive user and item representations. However, these methods cannot effectively
disentangle these components, as they often rely on simple user-item historical interaction information (such
as ratings, clicks, and browsing), neglecting the rich multi-modal features. In addition, they do not protect user-
sensitive data from potential leakage during knowledge transfer between domains. To address these challenges,
we propose a Privacy-Preserving Framework with Multi-Modal Data for Cross-Domain Recommendation,
called P2M2-CDR. Specifically, we first design a multi-modal disentangled encoder that utilizes multi-modal
information to disentangle more informative domain-common and domain-specific embeddings. Furthermore,
we introduce a privacy-preserving decoder to mitigate user privacy leakage during knowledge transfer. Local
differential privacy (LDP) is used to obfuscate disentangled embeddings before the inter-domain exchange,
thereby enhancing privacy protection. To ensure both consistency and differentiation among these obfuscated
disentangled embeddings, we incorporate contrastive learning-based domain-inter and domain-intra losses.
Extensive experiments conducted on six CDR tasks from two real-world datasets demonstrate that P2M2-
CDR outperforms other state-of-the-art single- and cross-domain baselines. The code is available at https:
//github.com/Lili1013/P2M2-CDR.
1. Introduction

Cross-domain recommendation (CDR) has emerged as a crucial
strategy for addressing the persistent issue of data sparsity in rec-
ommendation systems by transferring informative knowledge across
related domains [1,2]. The inherent data-sparsity problem arises when
the target domain lacks sufficient user-item interaction information,
hindering the ability to provide accurate and personalized recom-
mendations. To address this challenge, various methods [2–10] have
been proposed to enhance the performance of CDR. These methods
leverage the rich knowledge in the source domain to complement
sparse information in the target domain. Collective matrix factoriza-
tion (CMF)-based methods [3,4] concentrate on creating shared user
and item representations in different domains by matrix factorization
technology. In contrast, embedding-based methods [5,6] train separate
encoders to learn embeddings and subsequently employ mapping tech-
niques to project user and item embeddings onto a shared space. Dual
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knowledge transfer-based methods [2,7–9] are dedicated to bidirec-
tional knowledge transfer, while graph neural networks (GNNs)-based
methods [10] leverage high-order collaborative information to enhance
performance. However, these approaches often assume that the users in
different domains have similar interests. They tend to learn user rep-
resentations by relying on shared knowledge, thereby overlooking the
possibility that users have diverse preferences across different domains.
This means that they focus solely on domain-common information
while ignoring domain-specific information.

It is crucial to separate domain-common and domain-specific knowl-
edge to ensure that they contain additional semantic information. In
recent years, several methods [9,11–13] have emerged that simulta-
neously capture both domain-common and domain-specific knowledge
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Fig. 1. The illustration of earlier CDR methods (a) and P2M2-CDR (b). In comparison to earlier CDR methods, P2M2-CDR considers (1) introducing multi-modal data (user-item
interaction history, review texts, and textual features) to disentangle more informative domain-common and domain-specific features and (2) utilizing local differential privacy
technology to protect user privacy.
across different domains. As depicted in Fig. 1(a), these methods typi-
cally employ user-item interaction histories to design methods that dis-
entangle domain-common and domain-specific features. Subsequently,
these features are aggregated to facilitate the learning of user and
item representations. For example, DisenCDR [11] introduces two mu-
tual information-based regularizers to effectively disentangle domain-
common and domain-specific components. Similarly, DCCDR [12] uti-
lizes contrastive learning (CL) to decouple these two components.
Additionally, DIDA-CDR [14] employs domain classifiers to disentangle
domain-common, domain-specific, and domain-independent features,
aiming to learn more comprehensive user representations. Although
these methods have demonstrated improved performance, they have
two limitations.
(1) Limitation in Domain Disentanglement. They depend solely on
user-item historical interaction information (such as ratings, clicks, and
browsing) to extract domain-common and domain-specific features.
However, the recommendation accuracy may decline because only
utilizing these simple user-item interaction data does not adequately
decouple these features.
(2) Limitation in Privacy Protection. These CDR models assume that
the disentangled embeddings between different domains are public and
shared. However, they do not address the user privacy problem during
knowledge transfer between domains. Because these disentangled em-
beddings are linked to sensitive user data, such as user-item ratings,
sharing them increases the risk that external participants and potential
attackers could infer private user information. Moreover, in real-world
scenarios, these domains might be operated by different organizations.
Sharing these embeddings could potentially violate business privacy
policies.

Based on these limitations, in this study, we primarily address two
challenges in designing a privacy-preserving CDR system. CH1. How
can we effectively decouple the more informative domain-common
and domain-specific embeddings to learn comprehensive user and
item representations? CH2. How can we prevent the leakage of user-
related information when learning and transferring disentangled em-
beddings? To address these challenges, we introduce P2M2-CDR, a
privacy-preserving framework for CDR, as illustrated in Fig. 1(b). This
framework leverages multi-modal data to disentangle domain-common
and domain-specific features efficiently. In addition, we incorporate
local differential privacy (LDP) [15] to mitigate the risk of user privacy
leakage during knowledge transfer.

To address the first challenge, we propose a multi-modal disen-
tangled encoder that incorporates multi-modal information to disen-
tangle more informative domain-common and domain-specific embed-
dings effectively. Multi-modal information provides a more compre-
hensive description of users and items [15,16]. By integrating these
2 
diverse sources, the model provides a deeper understanding of user’
behaviors and preferences. Consequently, it has become more profi-
cient in distinguishing between common and specific characteristics
of users and items across different domains. Specifically, for both the
source and target domains, we initially learn item ID embeddings
from LightGCN [17], which is a model that captures high-order col-
laborative relationships in the user-item interaction graph. We then
combine these item ID embeddings with the item textual features
obtained from the pre-trained sentence-transformer model [18] to ob-
tain item representations. Simultaneously, we incorporate user ID em-
beddings learned from LightGCN and user review text embeddings
acquired from sentence-transformer to effectively decouple domain-
common and domain-specific embeddings. Moreover, we employ self-
supervised techniques, such as the feature dropout strategy, to generate
augmented disentangled embeddings.

To address the second challenge, we propose a privacy-preserving
decoder that leverages LDP techniques to safeguard user-related data
during the transfer of disentangled embeddings. Initially, we employ
LDP to obscure domain-common and domain-specific embeddings be-
fore inter-domain sharing, thereby safeguarding user privacy from
participants and external threats. Subsequently, to ensure the alignment
and separation of these obfuscated decoupled embeddings, we design
CL-based domain-inter and domain-intra losses. Finally, we aggregate
the obfuscated domain-common and domain-specific embeddings to
learn comprehensive user preferences.

In summary, the proposed model makes the following contributions:

• We propose a privacy-preserving framework for CDR, that ef-
fectively utilizes multi-modal data to generate more informa-
tive disentangled embeddings, and protects user privacy when
transferring knowledge across domains. This approach solves key
challenges that traditional CDR methods face.

• Unlike existing disentanglement-based CDR methods that over-
look multi-modal data, we propose a multi-modal disentangled
encoder. This encoder utilizes multi-modal information, including
user-item interaction data, user review texts, and item textual
features, to disentangle more informative domain-common and
domain-specific embeddings (for CH1).

• We propose a privacy-preserving decoder that employs LDP tech-
niques to prevent the leakage of user privacy information during
the transfer of disentangled embeddings (for CH2). This effec-
tively addresses the privacy concerns prevalent in existing CDR
approaches.

• We conducted extensive experiments on six CDR tasks from two
large-scale real-world datasets, Amazon and Douban. Comprehen-
sive results demonstrate the effectiveness of P2M2-CDR compared
with some state-of-the-art baselines.
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2. Related work

In this section, we briefly review some representative studies re-
lated to our work, which are classified into three categories: Cross-
Domain Recommendation, Disentangled Representation Learning in
Recommendation, and Privacy-Preserving Recommendation. Each cat-
egory includes important studies in their respective fields, providing a
foundation and context for our research.

2.1. Cross-domain recommendation

CDR aims to address data-sparsity and cold-start problems by trans-
ferring rich information across diverse domains or platforms, thereby
offering more accurate and personalized recommendation services.
Mainstream CDR methods are generally categorized into content-based
and embedding-based transfer methods [1]. Content-based CDR uti-
lizes content features, such as user profiles [19], review texts [6],
text information [20], and tags [21], to connect multiple domains by
computing the similarities between users or items across domains. Tan
et al. [20] propose a Bayesian hierarchical model that transfers user
preferences, modeled using Latent Dirichlet Allocation (LDA) with doc-
uments, across domains. CATN [6] aims to solve the cold-start problem
of the CDR by transferring aspect-level user preferences learned from
review texts. Embedding-based CDR methods first leverage represen-
tation learning techniques, such as matrix factorization [22], neural
collaborative filtering [23], and graph representation learning [17], to
learn the latent embeddings of users or items. These embeddings are
then transferred based on similar users or items. DTCDR [8] employs
NeuMF or DMF to obtain rating embeddings and uses the Doc2vec
model to learn document embeddings. Subsequently, it uses multi-task
learning (MTL) to transfer user preferences based on common users
across domains. GA-DTCDR [10] utilizes GNNs to learn user embed-
dings in different domains and proposes an element-wise attention
network to fuse the embeddings of overlapping users.

The proposed method belongs to the second category. First, we
learn the disentangled embeddings in each domain and then transfer
the domain-common embeddings across domains. Although previous
methods have achieved good performance, they typically assume that
data across all domains are openly shared, potentially overlooking user
privacy concerns. In this study, the primary focus is to mitigate the risk
of user privacy leakage by utilizing LDP techniques.

2.2. Disentangled representation learning in recommendation

Disentangled representation learning in recommendation aims to
decompose user characteristics or item features into distinct and inde-
pendent parts, providing an effective way to enhance the robustness
and interpretability of models. Disentangled representation learning
has been applied to generative recommendations [24], causal rec-
ommendations [25], and graph recommendations [26]. The authors
of [24] propose a model called MacridVAE, which is a disentangled
variational auto-encoder that achieves both macro disentanglement of
high-level concepts and micro disentanglement of isolated low-level
factors. DICE [25] constructs cause-specific data based on causal effects
and disentangles user and item embeddings into interest and confor-
mity components. DGCF [26] learns disentangled representations that
capture fine-grained user intent from a user-item interaction graph.

Recently, disentangled representation learning is applied to CDR.
Disentanglement-based CDR methods first learn domain-common and
domain-specific embeddings and then transfer domain-common em-
beddings across domains. According to the disentangling techniques,
these methods can be categorized as VAE-based [11] or other ap-
proaches. VAE-based models employ reconstruction loss within the Ev-
idence Lower Bound (ELBO) along with additional regularizers, which
serve as disentanglement loss, to effectively learn disentangled embed-
dings. For example, DisenCDR [11] disentangles user preferences into
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domain-specific and domain-shared information by using two mutual
information-based regularizers and transfers domain-shared informa-
tion across both domains. Other approaches tend to use CL [12,27],
adversarial learning [14], and causal learning [28] to learn disentan-
gled representations. DCCDR [12] proposes mutual information-based
CL objectives to disentangle domain-invariant and domain-specific em-
beddings. 𝐶2𝐷𝑅 [28] disentangles domain-shared and domain-specific
embeddings based on causal graphs.

Our method aims to utilize CL to disentangle domain-common
and domain-specific embeddings. Although the above approaches have
demonstrated effectiveness, they neglect multi-modal information
when disentangling domain-common and domain-specific features, re-
sulting in suboptimal recommendation performance. Our approach
effectively leverages multi-modal features to overcome this limitation.

2.3. Privacy-preserving recommendation

Privacy-preserving recommendation systems [29–32] are designed
to offer personalized recommendations while protecting user privacy.
The existing privacy-preserving recommendation methods can be clas-
sified into two categories: Federated Learning (FL)-based methods
and LDP-based approaches. The former focuses on training data lo-
cally on each user device without sharing private data. For example,
FedMF [33] extends matrix factorization techniques to a federated
setting, thereby allowing private and efficient collaborative filtering. By
contrast, LDP-based models, aim to protect user privacy by adding noise
to the original rating data or representations. For instance, authors
in [34] propose a novel approach to enhance privacy in recommenda-
tion systems by integrating matrix factorization with LDP techniques.
Recently, these technologies have gained popularity in CDR [35–
38] to ensure the protection of users’ sensitive information during
knowledge transfer. For instance, FedCDR [36] learns user and item
embeddings through individual models trained on personal devices and
then uploads the weights to the central server to protect the user’s
sensitive data. Other approaches, such as PriCDR [37], CCMF [35], and
PPGenCDR [39], employ LDP techniques to construct a protected rating
matrix in the source domain and subsequently transfer the perturbed
rating matrix to the target domain.

Our study also leverages the LDP technology to protect user privacy
when transferring knowledge across domains. Although FL-based meth-
ods can achieve good performance, they often face high computation
and communication demands [40,41]. In addition, the aforementioned
LDP-based approaches are single-target, focusing on transferring knowl-
edge from a source domain with rich data to improve the recommen-
dation quality in a target domain with sparse data. In some scenarios,
both the source and target domains contain relatively rich information,
such as ratings, review texts, user characteristics, and item attributes. It
is valuable to utilize information from both domains to improve the rec-
ommendation performance. In our method, we aim to simultaneously
improve the recommendation accuracy in both domains.

3. Methodology

In this section, we first present the definitions and notations used
in this study. Subsequently, we provide a concise overview of the
framework. Finally, each module is introduced in detail.

3.1. Definitions and notations

Suppose we have two domains 𝐴 and 𝐵 with a shared user set 𝑈 =
{𝑢1, 𝑢2,… , 𝑢𝑚} (of size 𝑚) and different item sets 𝐼𝐴 = {𝑖𝐴1 , 𝑖

𝐴
2 ,… , 𝑖𝐴

𝑛𝐴
}

of size 𝑛𝐴), 𝐼𝐵 = {𝑖𝐵1 , 𝑖
𝐵
2 ,… , 𝑖𝐵

𝑛𝐵
} (of size 𝑛𝐵). 𝐴 represents the source

omain, and 𝐵 denotes the target domain.
There are three modalities for the input data: a user-item rating

atrix, user review texts, and item textual features. Let 𝐑𝐴 ∈ {0, 1}𝑚×𝑛𝐴

nd 𝐑𝐵 ∈ {0, 1}𝑚×𝑛𝐵 represent the binary user-item interaction matrices
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Table 1
Notations.

Symbols Definitions and Notations

∗𝐴, ∗𝐵 Domains A and B, e.g. 𝐑𝐀 represents the rating matrix in domain A
U User set
I Item set
m The number of users
n The number of items
𝐑 Rating matrix
𝐺 Heterogeneous graph
𝐄𝑢 User ID embeddings
𝐄𝑖 Item ID embeddings
𝐌 User review embeddings
𝐓 Item textual embeddings
𝐇𝑢 User representations
𝐇𝑖 Item representations
𝐏𝑠 Domain-specific embeddings
𝐏̃𝑠 Augmented domain-specific embeddings
𝐏𝑐 Domain-common embeddings
𝐏̃𝑐 Augmented domain-common embeddings
𝐐𝑠 Obfuscated domain-specific embeddings
𝐐̃𝑠 Augmented obfuscated domain-specific embeddings
𝐐𝑐 Obfuscated domain-common embeddings
𝐐̃𝑐 Augmented obfuscated domain-common embeddings
𝐇∗

𝑢 Comprehensive user preferences

in domains 𝐴 and 𝐵, respectively. First, We aggregate the interaction
ata within each domain to construct two heterogeneous graphs, de-
oted by 𝐺𝐴 = (𝑈, 𝐼𝐴, 𝑆𝐴) and 𝐺𝐵 = (𝑈, 𝐼𝐵 , 𝑆𝐵). These graphs serve
s the foundation for learning user ID embeddings 𝐄𝐴

𝑢 , 𝐄𝐵
𝑢 , and item ID

mbeddings 𝐄𝐴
𝑖 , 𝐄𝐵

𝑖 within the 𝐴 and 𝐵 domains, respectively. Here,
𝐴 and 𝑆𝐵 represent the edge sets that capture the observed user-item

nteractions. Let 𝐌𝐴 and 𝐌𝐵 denote user review embeddings and 𝐓𝐴

nd 𝐓𝐵 indicate item textual embeddings in domains 𝐴 and 𝐵.
𝐇𝐴

𝑢 and 𝐇𝐵
𝑢 represent user representations, whereas 𝐇𝐴

𝑖 and 𝐇𝐵
𝑖

ndicate item representations in domains 𝐴 and 𝐵. Given user represen-
ations 𝐇𝐴

𝑢 (𝐇𝐵
𝑢 ), we disentangle them into domain-specific embeddings

𝐴
𝑠 (𝐏𝐵

𝑠 ) and domain-common embeddings 𝐏𝐴
𝑐 (𝐏𝐵

𝑐 ). Simultaneously,
eature dropout is employed to generate augmented domain-specific
mbeddings 𝐏̃𝐴

𝑠 (𝐏̃𝐵
𝑠 ) and domain-common embeddings 𝐏̃𝐴

𝑐 (𝐏̃𝐵
𝑐 ). Then,

e utilize LDP to add noise to the decoupled embeddings and obtain
he obfuscated embeddings 𝐐𝐴

𝑠 (𝐐𝐵
𝑠 ) and 𝐐𝐴

𝑐 (𝐐𝐵
𝑐 ), as well as the

ugmented obfuscated embeddings 𝐐̃𝐴
𝑠 (𝐐̃𝐵

𝑠 ) and 𝐐̃𝐴
𝑐 (𝐐̃𝐵

𝑐 ). The goal
f our method is to recommend the Top-K items for all users in each
omain. The mathematical notations used in this study are summarized
n Table 1.

.2. Overview of the proposed model

We propose a privacy-preserving framework with multi-modal data
or CDR (P2M2-CDR). Initially, the framework employs multi-modal
ata to decouple more informative domain-common and domain-
pecific embeddings. Subsequently, it introduces LDP to prevent user
rivacy leakage. Fig. 2 shows an overview of the proposed framework.

This framework includes the following two key modules:

• Multi-Modal Disentangled Encoder: It contains two compo-
nents: (1) Multi-Modal Feature Learning: We incorporate multi-
modal information, e.g., user-item interaction matrix, review
texts, and text features, to learn user and item representations. (2)
Domain Disentanglement: We utilize MLP networks to disentan-
gle user representations into more informative domain-common
and domain-specific embeddings.

• Privacy-preserving Decoder: This module includes three com-
ponents: (1) Decoupled Feature Obfuscation: We introduce
Laplace noise into disentangled embeddings to ensure the privacy
protection of user data. (2) Contrastive Learning: We introduce
CL with domain-intra and domain-inter losses to regulate the sep-
aration and alignment of obfuscated decoupled embeddings. (3)
4 
Information Fusion: We combine obfuscated domain-common
and domain-specific embeddings into final user preferences.

.3. Multi-modal disentangled encoder

This module is designed to disentangle separate and informative
omain-common and domain-specific embeddings.

.3.1. Multi-modal feature learning
In this section, we introduce multi-modal information, including

user-item interaction matrix, user review texts, and item textual
eatures, to learn the initial user and item representations.
ID Embeddings: Motivated by the success of GNNs that are good

t modeling high-dimensional, complex relationships between users
nd items. We introduce LightGCN [17], a simple and lightweight
raph model, to learn the user and item ID embeddings. First, we
onstruct two heterogeneous graphs 𝐺𝐴 and 𝐺𝐵 to depict the user-item

interaction relationships in the source domain 𝐴 and target domain 𝐵,
where the nodes represent the user and item entities, and the edges
show the relationship (whether the user and item interact) between
entities.

In this study, we use graph convolution and propagation layers
in LightGCN to encode the user and item ID embeddings according
to the heterogeneous graphs 𝐺𝐴 and 𝐺𝐵 . 𝐄𝐴

𝑙 (or 𝐄𝐵
𝑙 ) denote the ID

embeddings in the 𝑙th layer. Specifically, the embeddings 𝐄𝐴
0 (or 𝐄𝐵

0 )
are randomly initialized. Given graph 𝐺𝐴, 𝐄𝐴

𝑙 can be calculated as
follows:

𝐄𝐴
𝑙 = (𝐃−1∕2𝐀𝐃−1∕2)𝐄𝐴

𝑙−1, (1)

where 𝐃 is the diagonal matrix and 𝐀 is the adjacency matrix. After
𝑙 propagation iterations, we generate the final user ID embedding
matrix 𝐄𝐴

𝑢 and item ID embedding matrix 𝐄𝐴
𝑖 by concatenating multiple

embedding matrices from 𝐄𝐴
0 into 𝐄𝐴

𝑙 . Similarly, we obtain the final
user ID embedding matrix 𝐄𝐵

𝑢 and item ID embedding matrix 𝐄𝐵
𝑖 in

domain 𝐵.
User Review Embeddings: For each user, we aggregate all review

texts associated with the items they rated to create user-specific review
texts. We then use a pre-trained model sentence transformer [18] and
an MLP layer to generate user primitive review embeddings 𝐌𝐴 (or
𝐌𝐵).

Item Textual Embeddings: We concatenate the item’s title, cate-
gories, and description as item textual features. These textual features
are then processed using the sentence transformer model and an MLP
layer to obtain the final item textual embeddings 𝐓𝐴 (or 𝐓𝐵).

User and Item Representations: Finally, we concatenate the user
ID embeddings 𝐄𝐴

𝑢 and user review embeddings 𝐌𝐴 to obtain user
representations 𝐇𝐴

𝑢 in domain 𝐴:

𝐇𝐴
𝑢 = 𝑓 (𝐄𝐴

𝑢 ,𝐌
𝐴), (2)

where 𝑓 denotes the concatenation function. Similarly, we can obtain
user representations 𝐇𝐵

𝑢 in domain 𝐵.
For item representations, we concatenate item ID embeddings 𝐄𝐴

𝑖
and item textual embeddings 𝐓𝐴 to learn the item representations 𝐇𝐴

𝑖 :

𝐇𝐴
𝑖 = 𝑓 (𝐄𝐴

𝑖 ,𝐓
𝐴). (3)

Similarly, we can obtain item representations 𝐇𝐵
𝑖 in domain 𝐵.

3.3.2. Domain disentanglement
Here, we decouple the user representations 𝐇𝐴

𝑢 into more informa-
tive domain-specific embeddings 𝐏𝐴

𝑠 and domain-common embeddings
𝐏𝐴
𝑐 using two MLP layers:

𝐏𝐴
𝑠 = 𝑀𝐿𝑃 (𝐇𝐴

𝑢 ;𝛩
𝐴
𝑠 ); 𝐏𝐴

𝑐 = 𝑀𝐿𝑃 (𝐇𝐴
𝑢 ;𝛩

𝐴
𝑐 ). (4)

Simultaneously, it disentangles 𝐇𝐵
𝑢 into 𝐏𝐵

𝑠 and 𝐏𝐵
𝑐 :

𝐵 𝐵 𝐵 𝐵 𝐵 𝐵
𝐏𝑠 = 𝑀𝐿𝑃 (𝐇𝑢 ;𝛩𝑠 ); 𝐏𝑐 = 𝑀𝐿𝑃 (𝐇𝑢 ;𝛩𝑐 ), (5)
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Fig. 2. The framework of P2M2-CDR. It contains two modules: (1) Multi-Modal Disentangled Encoder, which first incorporates multi-modal information, w.r.t. user-item rating
matrix, review texts and textual features to learn initial user and item representations and then disentangles user representations into domain-common and domain-specific
embeddings. It contains multi-modal feature learning and domain disentanglement components. (2) Privacy-Preserving Decoder, which introduces LDP to safeguard user privacy.
This module includes decoupled feature obfuscation, contrastive learning, and information fusion components.
where 𝛩𝐴
𝑠 , 𝛩𝐴

𝑐 , 𝛩𝐵
𝑠 and 𝛩𝐵

𝑐 are the parameters of the respective MLP
layers.

To enhance the informativeness of disentangled representations,
we employ the feature dropout strategy introduced by Zhou [42] to
generate augmented decoupled embeddings in both domains, denoted
as 𝐏̃𝐴

𝑠 , 𝐏̃𝐴
𝑐 in domain A, and 𝐏̃𝐵

𝑠 , 𝐏̃𝐵
𝑐 in domain B.

3.4. Privacy-preserving decoder

In this section, we discuss three key challenges: (1) How can
domain-common and domain-specific embeddings be obfuscated to
protect the user-related information? (2) How can we ensure that
obfuscated, disentangled embeddings do not contain redundant in-
formation within their domains, while still including shared features
across domains to enhance informativeness? (3) How can we aggregate
obfuscated domain-common and domain-specific embeddings to learn
comprehensive and diverse user preferences? To address these issues,
we introduce decoupled feature obfuscation, CL, and information fusion
components.

3.4.1. Decoupled feature obfuscation
In this section, the disentangled embeddings from both the source

and target domains are shared when CL is introduced to achieve align-
ment and separation. However, this directly carries the potential risk of
inferring users’ actual data [33]. To mitigate this risk and prevent the
potential leakage of user’s sensitive data, we employ LDP techniques
to obscure the true distribution of these disentangled embeddings.
Specifically, we add Laplace noise to the disentangled embeddings,
which not only safeguards against external attackers intercepting the
original decoupled embeddings but also prevents the other domain
from inferring the user’s sensitive information from these embeddings.
The obfuscated disentangled embeddings can be obtained as follows:

𝐐𝐴
𝑠 = 𝐏𝐴

𝑠 + 𝐿𝑎(𝜇, 𝜆); 𝐐𝐴
𝑐 = 𝐏𝐴

𝑐 + 𝐿𝑎(𝜇, 𝜆);
̃𝐴 𝐴̃ ̃𝐴 𝐴̃

(6)

𝐐𝑠 = 𝐏𝑠 + 𝐿𝑎(𝜇, 𝜆); 𝐐𝑐 = 𝐏𝑐 + 𝐿𝑎(𝜇, 𝜆),

5 
where 𝜇 and 𝜆 represent the mean and standard deviation of the
Laplace noise, respectively. Here, we set 𝜇 = 0.

Similarly, we can obtain the obfuscated domain-specific embeddings
𝐐𝐵

𝑠 , 𝐐𝐵
𝑠 and domain-common embeddings 𝐐𝐵

𝑐 , 𝐐𝐵
𝑐 in domain 𝐵.

3.4.2. Contrastive learning
In the last subsection, we obtain obfuscated domain-common and

domain-specific features. However, we cannot ensure that these em-
beddings include different aspects within each domain. Moreover, we
cannot ensure whether the obfuscated domain-common features in the
source and target domains are indeed similar. Herein, we introduce
CL-based domain-intra and domain-inter losses to address the above
challenges. The core idea is to bring the positive sample pairs closer
together and push the negative sample pairs farther apart.

To separate obfuscated domain-common and domain-specific em-
beddings, we treat variants of the same disentangled embedding as pos-
itive pairs and variants of different disentangled embeddings as nega-
tive pairs. For example, (𝐐𝐴

𝑐 , 𝐐̃
𝐴
𝑐 ) is a positive sample pair, (𝐐𝐴

𝑐 ,𝐐
𝐴
𝑠 ) and

(𝐐𝐴
𝑐 , 𝐐̃

𝐴
𝑠 ) are negative sample pairs. The domain-intra loss is defined as

follows:
𝑙𝑝𝑖𝑛𝑡𝑟𝑎 = 𝑒𝑥𝑝(𝑓 (𝐐𝐴

𝑐 , 𝐐̃
𝐴
𝑐 )∕𝜏) + 𝑒𝑥𝑝(𝑓 (𝐐𝐴

𝑠 , 𝐐̃
𝐴
𝑠 )∕𝜏);

𝑙𝑛𝑖𝑛𝑡𝑟𝑎 = 𝑒𝑥𝑝(𝑓 (𝐐𝐴
𝑐 ,𝐐

𝐴
𝑠 )∕𝜏) + 𝑒𝑥𝑝(𝑓 (𝐐𝐴

𝑐 , 𝐐̃
𝐴
𝑠 )∕𝜏)

+ 𝑒𝑥𝑝(𝑓 (𝐐𝐴
𝑠 , 𝐐̃

𝐴
𝑐 )∕𝜏) + 𝑒𝑥𝑝(𝑓 (𝐐̃𝐴

𝑠 , 𝐐̃
𝐴
𝑐 )∕𝜏);

𝐿𝐴
𝑖𝑛𝑡𝑟𝑎 = −𝑙𝑜𝑔

𝑙𝑝𝑖𝑛𝑡𝑟𝑎
𝑙𝑝𝑖𝑛𝑡𝑟𝑎 + 𝑙𝑛𝑖𝑛𝑡𝑟𝑎

,

(7)

where 𝑓 represents the similarity function and 𝜏 is a trainable hyper-
parameter of temperature. Similarly, we can obtain the domain-intra
loss 𝐿𝐵

𝑖𝑛𝑡𝑟𝑎 in the domain 𝐷𝐵 .
For the domain-inter loss, our focus is on aligning 𝐐𝐴

𝑐 and 𝐐𝐵
𝑐 to

ensure that they contain domain-common information while simulta-
neously separating 𝐐𝐴

𝑠 and 𝐐𝐵
𝑠 to include domain-specific information.

We consider (𝐐𝐴,𝐐𝐵) as a positive sample pair, (𝐐𝐴,𝐐𝐵), (𝐐𝐵 ,𝐐𝐴) and
𝑐 𝑐 𝑐 𝑠 𝑐 𝑠
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(𝐐𝐴
𝑠 ,𝐐

𝐵
𝑠 ) as negative sample pairs. The domain-inter loss is calculated

as follows:
𝑙𝑝𝑖𝑛𝑡𝑒𝑟 = 𝑒𝑥𝑝(𝑓 (𝐐𝐴

𝑐 ,𝐐
𝐵
𝑐 )∕𝜏)

𝑙𝑛𝑖𝑛𝑡𝑒𝑟 = 𝑒𝑥𝑝(𝑓 (𝐐𝐴
𝑐 ,𝐐

𝐵
𝑠 )∕𝜏) + 𝑒𝑥𝑝(𝑓 (𝐐𝐵

𝑐 ,𝐐
𝐴
𝑠 )∕𝜏)

+ 𝑒𝑥𝑝(𝑓 (𝐐𝐴
𝑠 ,𝐐

𝐵
𝑠 )∕𝜏)

𝑖𝑛𝑡𝑒𝑟 = −𝑙𝑜𝑔
𝑙𝑝𝑖𝑛𝑡𝑒𝑟

𝑙𝑝𝑖𝑛𝑡𝑒𝑟 + 𝑙𝑛𝑖𝑛𝑡𝑒𝑟
.

(8)

inally, the objective of CL is as follows:

𝐶 = 𝐿𝐴
𝑖𝑛𝑡𝑟𝑎 + 𝐿𝐵

𝑖𝑛𝑡𝑟𝑎 + 𝐿𝑖𝑛𝑡𝑒𝑟. (9)

.4.3. Information fusion
Domain-common and domain-specific embeddings constitute two

undamental components of user preferences, and it is imperative to
ntegrate them rationally and effectively to comprehensively capture
ser preferences. Therefore, we employ three fusion methods, namely
lement-wise sum, concatenation, and element-wise averaging, to ag-
regate individual embeddings into comprehensive user preferences.
ollowing the experimental validation described in Section 4, we se-
ected the concatenation method to generate comprehensive user pref-
rences:
𝐴∗
𝑢 = 𝑔(𝐐𝐴

𝑐 ,𝐐
𝐴
𝑠 ), (10)

here g is the concatenation function. Similarly, we can obtain the
omprehensive user preferences 𝐻𝐵∗

𝑢 in domain B.

.5. Model training and optimization

In this section, we feed both the user preferences 𝐻𝐴∗
𝑢 (𝐻𝐵∗

𝑢 ) and
tem representations 𝐻𝐴

𝑖 (𝐻𝐵
𝑖 ) into MLP layers to predict the proba-

ility of a user clicking on a certain item. We aim to minimize the
ollowing loss function:
𝐴
𝑝𝑟𝑑 =

∑

𝑟∈𝑟𝐴+∪𝑟𝐴−
𝑙(𝑟̂, 𝑟), (11)

here 𝑙 is the cross-entropy loss function. The total loss function is
efined as follows:

= 𝐿𝐴
𝑝𝑟𝑑 + 𝐿𝐵

𝑝𝑟𝑑 + 𝛼𝐿𝐶 , (12)

here 𝛼 is the weight parameter for CL loss.

.6. Privacy analysis

In this section, we focus on the privacy analysis of our framework
2M2-CDR. Our work aims to prevent the leakage of user privacy
nformation, which is a significant concern in existing CDR methods.

In our approach, the data are stored within the central servers of
ach company (domain). These two domains communicate with each
ther as we introduce CL-based domain-intra and domain-inter losses
o regulate the alignment and separation of disentangled embeddings.

Specifically, during the model training, we encourage the common
eatures of these two domains to become increasingly similar, while
nhancing the distinctiveness of specific features. Throughout this pro-
ess, these two domains exchange disentangled embeddings, which
arries the risk of inferring sensitive data from the users. For example,
ttackers may attempt to infer users’ cross-domain behaviors or prefer-
nces from the information shared across domains. Consequently, we
mploy the LDP method to conceal disentangled embeddings. This is
chieved by introducing noise that adheres to the Laplace distribution.

Within LDP, a higher standard deviation (𝜆), which controls noise
trength, can safeguard sensitive data more effectively, thereby reduc-
ng the risk of data leakage. However, this may lead to a reduction
n the recommendation performance. Hence, it is essential to set an
ppropriate value for 𝜆 to strike a balance between recommendation

ccuracy and privacy protection.

6 
able 2
tatistic of the datasets for six CDR tasks.
Tasks Datasets #Users #Items #ratings Density

Task 1 Phone 22,998 38,800 186,365 0.0208%
Elec 22,998 77,187 364,029 0.0205%

Task 2 Phone 5,902 18,635 56,112 0.051%
Sport 5,902 29,180 67,276 0.039%

Task 3 Sport 12,965 46,868 134,676 0.022%
Cloth 12,965 62,343 134,467 0.017%

Task 4 Elec 19,754 69,362 279,282 0.020%
Cloth 19,754 77,003 179,735 0.012%

Task 5 Book 1688 8660 103,994 0.711%
Movie 1688 20,558 889,970 2.56%

Task 6 Movie 1176 20,543 699,917 2.90%
Music 1176 7146 76,051 0.905%

4. Experiments

In this section, to evaluate the performance of our proposed model,
P2M2-CDR, we conduct a series of comprehensive experiments on the
widely used Amazon and Douban datasets to answer the following
questions:

• RQ1: Does our model achieve superior performance compared to
other state-of-the-art baseline methods?

• RQ2: How do different components, such as CL, decoupled feature
obfuscation, domain-specific information, domain-common infor-
mation, and multi-modal information, influence the outcomes of
our model?

• RQ3: Are the embeddings we have acquired genuinely disentan-
gled?

• RQ4: How does our model’s performance vary with different
hyperparameters?

• RQ5: How to maintain a balance between privacy protection and
model performance?

4.1. Experimental settings

4.1.1. Datasets
We conduct comprehensive experiments on four real-world bench-

mark subsets from the Amazon dataset1: Cell Phones and Accessories
(Phone), Electronics (Elec), Sports and Outdoors (Sport), and Clothing,
Shoes and Jewelry (Cloth), as well as three subsets from the Douban
dataset2: Book, Movie, and Music. These datasets are widely used in
CDR [9,11,37]. We combine them into six CDR tasks. Table 2 presents
the basic statistics for these datasets. For these datasets, we transform
the explicit ratings into implicit feedback. Specifically, we discretize
the ratings into binary values of 0 and 1 to indicate whether the user
has interacted with an item. For each observed user-item interaction,
we randomly select an item with which the user had not previously
interacted as a negative sample. To ensure data quality and alleviate
sparsity issues, filtering criteria are applied to remove records with
fewer than five interactions between all users and items across both
domains. The multi-modal features of these datasets include user-item
interaction history, text features, and review texts.

4.1.2. Evaluation metrics
Motivated by BiTGCF [9] and DIDA-CDR [14], we use the leave-

one-out method to evaluate the model’s performance. For each user, we
randomly select one sample to create the test set, and the remaining
samples form the training set. Following NeuMF [23], for each test

1 https://cseweb.ucsd.edu/jmcauley/datasets/amazon/links.html.
2 https://www.dropbox.com/s/u2ejjezjk08lz1o/Douban.tar.gz?e=2&dl=0.
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user, we randomly select 99 items that the user has not interacted
with as negative samples and the ground-truth user-item interaction as
the positive sample. We then employ the P2M2-CDR model to predict
scores for these 100 candidate items to perform ranking. The evaluation
of recommendation performance relies on five metrics: Hit Ratio (HR),
Normalized Discounted Cumulative Gain (NDCG), Mean Reciprocal
Rank (MRR), Precision (Prec), and F1-score (F1) which are widely used
in CDR methods [7,27,43].

4.1.3. Baseline methods
To verify the effectiveness of our model, we compare the perfor-

mance of P2M2-CDR with three sets of representative baseline methods:
Single-Domain Recommendation, Cross-Domain Recommendation and
Privacy-Preserving CDR. Each set of baseline methods represents a
distinct category or paradigm in the field. They have been extensively
studied and serve as benchmarks for evaluating the performance of
CDR methods [14,27,37,38,44]. More importantly, they leverage tech-
nologies and methodologies that are similar to those employed in the
proposed model. By including these baseline methods in our compar-
ison, we ensure a comprehensive evaluation against existing state-of-
the-art approaches, enabling meaningful insights into the effectiveness
and applicability of the proposed model.

Single-Domain Recommendation

• NeuMF [23] combines collaborative filtering and neural network
techniques to capture user-item interactions and make accurate
predictions.

• LightGCN [17] is a simple graph convolutional network (GCN)
model that directly propagates user and item embeddings through
the user-item interaction graph without introducing complex op-
erations or auxiliary information.

ross-Domain Recommendation

• PTUPCDR [45] is a framework focusing on personalized user
preference transfer via a meta-network.

• DDTCDR [7] is a method that aims to learn an orthogonal map-
ping function to transfer user preferences across domains and
provide recommendations for both domains. In addition to user-
item rating information, it also utilizes user and item features to
improve recommendation accuracy.

• DCCDR [12] is a framework that disentangles domain-invariant
and domain-specific representations and then uses GNN to learn
high-order relationships to enrich these representations.

• DisenCDR [11] focuses on disentangling user preferences into
domain-specific and domain-shared information and transferring
the domain-shared knowledge across domains.

• BiTGCF [9] is a method that conducts bidirectional high-order
information transfer to enhance the performance of graph collab-
orative filtering-based CDR.

rivacy-Preserving CDR

• PriCDR [37] is a privacy-preserving CDR framework that utilizes
LDP technology to publish the rating matrix in the source domain
and then transfers the published matrix to the target domain.

• P2FCDR [38] is a privacy-preserving federated framework that
learns an orthogonal mapping matrix to transform embeddings
across domains and apply the LDP technique on the transformed
embeddings to protect user privacy.

.1.4. Parameter settings
We implement the P2M2-CDR model using Python with the Pytorch

ramework, and all baseline methods are conducted based on the
itHub source code and carefully adjusted the hyperparameters. The

ptimal hyperparameters are obtained by optimizing the loss function

7 
12) using the Adam optimizer with a learning rate of 0.001. For
he disentangled encoder, we use a two-layer fully connected network
ith dimensions of 128 and 256, and we obtain the disentangled em-
eddings with a dimension of 256. Considering the trade-off between
ecommendation performance and privacy protection, we set 𝜆 to 0.01.

Simultaneously, the weight of CL loss is set to 0.005. We set the batch
size to 512 and the number of epochs to 200. To prevent overfit-
ting, batch normalization, dropout, and early stopping techniques are
applied.

4.2. Performance evaluation (RQ1)

We evaluate the performance of P2M2-CDR and the baselines using
commonly used evaluation metrics, w.r.t. HR@{5, 10}, NDCG@{5,
10}, MRR@{5, 10}, Prec@{5, 10}, and F1@{5, 10}, on six CDR tasks.
The results are shown in Tables 3 and 4. Based on these results, we
observe that:

• Our model, P2M2-CDR, surpasses other baselines and achieves
superior performance, with average improvements of 11.84%,
10.22%, 8.10%, 1.18%, and 2.15% over the best baseline in terms
of HR@10, NDCG@10, MRR@10, Prec@10, and F1@10, respec-
tively. Additionally, despite introducing noise to protect user
privacy, our method still outperforms other CDR methods. These
results indicate that the proposed P2M2-CDR can enhance recom-
mendation performance in both the source and target domains
simultaneously while safeguarding user privacy.

• P2M2-CDR performs better on the Amazon dataset than on the
Douban dataset, despite the greater density of Douban. This im-
proved performance may be because the multi-modal features
in the Amazon dataset are better suited to addressing the data-
sparsity problem, thereby improving the model performance.

• P2M2-CDR outperforms the privacy-preserving CDR methods
PriCDR and P2FCDR, both of which use LDP technology. This
demonstrates that disentangling domain-common and domain-
specific embeddings with multi-modal information can enhance
model performance.

• Compared with other disentanglement-based CDR approaches
such as DisenCDR and DCCDR, P2M2-CDR achieves the best
performance, which indicates that multi-modal features play an
important role in disentangling informative embeddings.

• CDR methods outperform single-domain recommendation mod-
els, particularly in domains with sparse data, such as DisenCDR
vs. LightGCN and P2M2-CDR vs. LightGCN. This demonstrates
that CDR methods are effective in addressing the data-sparsity
problem.

• Dual-target CDR methods perform better than single-target CDR
approaches, such as P2M2-CDR vs. PTUPCDR and F2FCDR vs.
PriCDR. This is because dual-target CDR can simultaneously im-
prove the performance of both source and target domains.

• GNN-based methods outperform non-graph methods, such as
LightGCN vs. NeuMF and DCCDR vs. DisenCDR. This demon-
strates that incorporating high-order neighbor information can
improve model accuracy.

• Integrating user and item text features, such as DDTCDT vs. BiT-
GCF, can improve model performance. In addition, multi-modal
features play an important role in improving the recommendation
accuracy, such as our model P2M2-CDR vs. DDTCDR.

4.3. Ablation studies (RQ2)

To assess the effectiveness of each component in P2M2-CDR, we
conducted ablation experiments on six CDR tasks. We created seven
variants of P2M2-CDR by removing specific components.

• w/o rev: Removes user review texts when learning comprehensive

user representations.
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Table 3
Experimental results on tasks 1–3. The best performance is in bold, and the second best is underlined.

Datasets Metrics Single domain methods CDR methods PPCDR methods Ours

NeuMF LightGCN PTUPCDR BiTGCF DisenCDR DDTCDR DCCDR PriCDR P2FCDR P2M2-CDR Imp

Phone

N = 5

HR 0.3307 0.3376 0.3405 0.4140 0.4189 0.5079 0.5347 0.4027 0.5135 0.6348 10.01%
NDCG 0.2523 0.2603 0.2411 0.3008 0.3105 0.3338 0.3561 0.2719 0.3671 0.4640 9.69%
MRR 0.2264 0.2296 0.2089 0.2566 0.2668 0.2765 0.3028 0.2136 0.3193 0.4077 8.84%
Prec 0.0661 0.0675 0.0681 0.0828 0.0838 0.1016 0.1069 0.0805 0.1027 0.1270 2.43%
F1 0.1102 0.1125 0.1135 0.1380 0.1396 0.1693 0.1782 0.1342 0.1712 0.2116 3.34%

N = 10

HR 0.5093 0.5124 0.5289 0.5360 0.5423 0.7063 0.7234 0.6321 0.7156 0.8157 9.23%
NDCG 0.3357 0.3478 0.3564 0.3568 0.3751 0.4228 0.4389 0.4028 0.4414 0.5226 8.12%
MRR 0.3015 0.3042 0.3088 0.3107 0.3258 0.3239 0.3470 0.3572 0.3825 0.4319 4.94%
Prec 0.0509 0.0512 0.0529 0.0536 0.0542 0.0706 0.0723 0.0632 0.0716 0.0816 0.93%
F1 0.0926 0.0932 0.0962 0.0975 0.0986 0.1284 0.1315 0.1149 0.1301 0.1483 1.68%

Elec

N = 5

HR 0.2214 0.2305 0.2942 0.3009 0.3347 0.4657 0.4968 0.3046 0.4378 0.5842 8.74%
NDCG 0.1487 0.1549 0.1640 0.1905 0.2371 0.3037 0.3401 0.1726 0.2506 0.4292 8.91%
MRR 0.1247 0.1298 0.1314 0.1539 0.2038 0.2506 0.2963 0.1430 0.2084 0.3780 8.17%
Prec 0.0443 0.0461 0.0588 0.0602 0.0669 0.0931 0.0994 0.0609 0.0876 0.1168 1.75%
F1 0.0738 0.0768 0.0981 0.1003 0.1116 0.1552 0.1656 0.1015 0.1459 0.1947 2.91%

N = 10

HR 0.4412 0.4498 0.4813 0.4971 0.5903 0.6539 0.6612 0.5515 0.6478 0.7482 8.70%
NDCG 0.2848 0.2901 0.2971 0.2967 0.3935 0.4023 0.4110 0.3688 0.3967 0.4825 7.15%
MRR 0.2474 0.2550 0.2614 0.2667 0.3108 0.3104 0.3301 0.3153 0.3061 0.4001 7.00%
Prec 0.0441 0.0450 0.0481 0.0497 0.0590 0.0654 0.0661 0.0552 0.0648 0.0748 0.87%
F1 0.0802 0.0818 0.0875 0.0904 0.1073 0.1189 0.1202 0.1003 0.1178 0.1360 1.58%

Phone

N = 5

HR 0.2753 0.2834 0.3501 0.4034 0.4011 0.4628 0.5023 0.3655 0.4128 0.7047 20.24%
NDCG 0.2006 0.2157 0.2482 0.3053 0.2509 0.3044 0.3267 0.2981 0.2874 0.4914 16.47%
MRR 0.1759 0.1794 0.2152 0.2595 0.2310 0.2525 0.2676 0.2460 0.2561 0.4211 15.35%
Prec 0.0551 0.0567 0.0700 0.0807 0.0802 0.0926 0.1005 0.0731 0.0826 0.1409 4.05%
F1 0.0918 0.0945 0.1167 0.1345 0.1337 0.1543 0.1674 0.1218 0.1376 0.2349 6.75%

N = 10

HR 0.3531 0.3624 0.4857 0.5076 0.5314 0.5504 0.6606 0.4958 0.6302 0.8909 23.03%
NDCG 0.2296 0.2307 0.2534 0.2740 0.3476 0.3601 0.3887 0.3318 0.3838 0.5524 16.37%
MRR 0.1861 0.1934 0.1657 0.2155 0.2615 0.2824 0.3256 0.3167 0.3267 0.4468 12.01%
Prec 0.0353 0.0362 0.0486 0.0508 0.0531 0.0550 0.0661 0.0496 0.0630 0.0891 2.30%
F1 0.0642 0.0659 0.0883 0.0923 0.0966 0.1001 0.1201 0.0901 0.1146 0.1620 4.19%

Sport

N = 5

HR 0.1971 0.2108 0.2500 0.3092 0.3058 0.3449 0.4983 0.3440 0.4378 0.7687 27.04%
NDCG 0.1414 0.1548 0.1771 0.1792 0.1873 0.2133 0.2879 0.2446 0.2954 0.5476 25.22%
MRR 0.1231 0.1305 0.1438 0.1430 0.1526 0.1705 0.2451 0.2118 0.2538 0.4743 22.05%
Prec 0.0394 0.0422 0.0500 0.0618 0.0612 0.0690 0.0997 0.0688 0.0876 0.1537 5.41%
F1 0.0657 0.0703 0.0833 0.1031 0.1019 0.1150 0.1661 0.1147 0.1459 0.2562 9.01%

N = 10

HR 0.3053 0.3214 0.4873 0.5290 0.5323 0.5672 0.6325 0.5315 0.6270 0.9075 27.50%
NDCG 0.1808 0.1956 0.2228 0.2642 0.3315 0.3521 0.3894 0.3789 0.3801 0.5933 20.39%
MRR 0.1515 0.1663 0.1461 0.1721 0.1894 0.2023 0.3251 0.3061 0.3247 0.4937 16.86%
Prec 0.0305 0.0321 0.0487 0.0529 0.0532 0.0567 0.0633 0.0532 0.0627 0.0908 2.75%
F1 0.0555 0.0584 0.0886 0.0962 0.0968 0.1031 0.1150 0.0966 0.1140 0.1650 5.00%

Sport

N = 5

HR 0.1834 0.1968 0.2448 0.4046 0.4136 0.4349 0.5034 0.3522 0.5012 0.6025 9.91%
NDCG 0.1278 0.1346 0.1434 0.3020 0.3201 0.3042 0.3559 0.2840 0.3427 0.4111 5.52%
MRR 0.1097 0.1165 0.1105 0.2681 0.2846 0.2618 0.2940 0.2615 0.2938 0.3481 5.41%
Prec 0.0367 0.0394 0.0490 0.0809 0.0827 0.0870 0.1007 0.0704 0.1002 0.1205 1.98%
F1 0.0611 0.0656 0.0816 0.1349 0.1379 0.1450 0.1678 0.1174 0.1671 0.2008 3.30%

N = 10

HR 0.3459 0.3562 0.4825 0.5409 0.5623 0.5912 0.7342 0.5461 0.7196 0.8033 6.91%
NDCG 0.2131 0.2257 0.2481 0.3069 0.3351 0.3652 0.4124 0.3186 0.3976 0.4762 6.38%
MRR 0.1814 0.1894 0.2100 0.2455 0.2702 0.2745 0.3021 0.2795 0.3002 0.3750 7.29%
Prec 0.0346 0.0356 0.0483 0.0541 0.0562 0.0591 0.0734 0.0546 0.0720 0.0803 0.69%
F1 0.0629 0.0648 0.0877 0.0983 0.1022 0.1075 0.1335 0.0993 0.1308 0.1461 1.26%

Cloth

N = 5

HR 0.1585 0.1675 0.2420 0.3863 0.3958 0.3559 0.4349 0.3583 0.4339 0.5382 10.33%
NDCG 0.1097 0.1149 0.1626 0.2438 0.2601 0.2304 0.2976 0.2404 0.2851 0.3728 7.52%
MRR 0.0936 0.1105 0.1305 0.2070 0.2149 0.1896 0.2457 0.2079 0.2403 0.3185 7.28%
Prec 0.0317 0.0335 0.0484 0.0773 0.0792 0.0712 0.0870 0.0717 0.0868 0.1076 2.07%
F1 0.0528 0.0558 0.0807 0.1288 0.1319 0.1186 0.1450 0.1194 0.1446 0.1794 3.44%

N = 10

HR 0.2448 0.2592 0.4821 0.5491 0.5812 0.6078 0.6946 0.5330 0.6903 0.7318 3.72%
NDCG 0.1523 0.1645 0.2191 0.3268 0.3301 0.3554 0.4023 0.3237 0.3778 0.4354 3.31%
MRR 0.1329 0.1450 0.1693 0.2588 0.2630 0.2716 0.2947 0.2868 0.3092 0.3443 3.51%
Prec 0.0245 0.0259 0.0482 0.0549 0.0581 0.0608 0.0695 0.0533 0.0690 0.0732 0.37%
F1 0.0445 0.0471 0.0877 0.0998 0.1057 0.1105 0.1263 0.0969 0.1255 0.1331 0.68%
• w/o txt: Removes item textual features when learning compre-
hensive item representations.

• w/o com: Removes obfuscated domain-common features for rec-
ommendation.

• w/o spe: Removes obfuscated domain-specific features for recom-
mendation.
• w/o intra: Eliminates the domain-intra CL loss.
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• w/o inter: Removes the domain-inter CL loss.
• w/o obf: Deletes the decoupled feature obfuscation module.

The results of the ablation studies are presented in Table 5. Based
on these results, we make the following observations:

• Without user review texts, the performance of ‘w/o rev’ declines

by an average of 24.66%, 15.98%, 13.30%, 2.47%, and 4.48% in
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Table 4
Experimental results on tasks 4–6. The best performance is in bold, and the second best is underlined.

Datasets Metrics Single domain methods CDR methods PPCDR methods Ours

NeuMF LightGCN PTUPCDR BiTGCF DisenCDR DDTCDR DCCDR PriCDR P2FCDR P2M2-CDR Imp

Elec

N = 5

HR 0.2803 0.2905 0.2949 0.4390 0.4435 0.4292 0.5358 0.4456 0.5145 0.6094 7.36%
NDCG 0.2125 0.2234 0.2151 0.3367 0.3398 0.2932 0.3397 0.2249 0.3209 0.4338 9.41%
MRR 0.1900 0.2056 0.1928 0.3028 0.3046 0.2487 0.2805 0.1620 0.2764 0.3759 9.54%
Prec 0.0561 0.0581 0.0590 0.0878 0.0887 0.0858 0.1072 0.0891 0.1029 0.1219 1.47%
F1 0.0934 0.0968 0.0983 0.1463 0.1478 0.1431 0.1786 0.1485 0.1715 0.2031 2.45%

N = 10

HR 0.3459 0.4120 0.4796 0.6366 0.6414 0.6514 0.7069 0.6104 0.6845 0.7889 8.20%
NDCG 0.2131 0.2635 0.2192 0.3429 0.3517 0.3552 0.4112 0.4134 0.3672 0.4920 7.86%
MRR 0.1714 0.1903 0.1621 0.2868 0.2904 0.3060 0.3357 0.3467 0.3027 0.4001 5.34%
Prec 0.0346 0.0412 0.0480 0.0637 0.0641 0.0651 0.0707 0.0610 0.0685 0.0789 0.82%
F1 0.0629 0.0749 0.0872 0.1157 0.1166 0.1184 0.1285 0.1110 0.1245 0.1434 1.49%

Cloth

N = 5

HR 0.1545 0.1598 0.2411 0.3368 0.3425 0.4023 0.4506 0.3137 0.4219 0.6168 16.62%
NDCG 0.1103 0.1245 0.1424 0.2015 0.2146 0.2021 0.2468 0.1746 0.2173 0.4209 17.41%
MRR 0.0958 0.1027 0.1104 0.1469 0.1501 0.1639 0.2076 0.1239 0.1567 0.3564 14.88%
Prec 0.0309 0.0320 0.0482 0.0674 0.0685 0.0805 0.0901 0.0627 0.0844 0.1234 3.32%
F1 0.0515 0.0533 0.0804 0.1123 0.1142 0.1341 0.1502 0.1046 0.1406 0.2056 5.54%

N = 10

HR 0.2448 0.2612 0.4828 0.5975 0.6070 0.6198 0.6578 0.5749 0.6503 0.8206 16.28%
NDCG 0.1523 0.1478 0.2188 0.3479 0.3467 0.3592 0.3612 0.3412 0.3579 0.4872 12.60%
MRR 0.1260 0.1302 0.1395 0.2010 0.2067 0.2489 0.2587 0.2485 0.2683 0.3840 11.57%
Prec 0.0245 0.0261 0.0483 0.0598 0.0607 0.0620 0.0658 0.0575 0.0650 0.0821 1.63%
F1 0.0445 0.0475 0.0878 0.1086 0.1104 0.1127 0.1196 0.1045 0.1182 0.1492 2.96%

Book

N = 5

HR 0.2227 0.2345 0.3549 0.4070 0.4151 0.4193 0.4531 0.2346 0.4328 0.5646 11.15%
NDCG 0.1548 0.1657 0.2390 0.2918 0.2837 0.2687 0.3094 0.1644 0.2268 0.3981 8.87%
MRR 0.1323 0.1358 0.1748 0.2537 0.2278 0.2161 0.2448 0.1414 0.1736 0.3431 9.83%
Prec 0.0445 0.0469 0.0710 0.0814 0.0830 0.0839 0.0906 0.0469 0.0866 0.1129 2.23%
F1 0.0742 0.0782 0.1183 0.1357 0.1384 0.1398 0.1510 0.0782 0.1443 0.1882 3.72%

N = 10

HR 0.2885 0.2907 0.5023 0.5332 0.5524 0.5969 0.6358 0.3270 0.5873 0.7186 8.28%
NDCG 0.1759 0.1846 0.2201 0.3324 0.3368 0.3448 0.3649 0.1916 0.3562 0.4482 8.33%
MRR 0.1409 0.1398 0.1606 0.2704 0.3036 0.3071 0.3126 0.1500 0.3021 0.3640 5.14%
Prec 0.0289 0.0291 0.0502 0.0533 0.0552 0.0597 0.0636 0.0327 0.0587 0.0719 0.83%
F1 0.0525 0.0529 0.0913 0.0969 0.1004 0.1085 0.1156 0.0595 0.1068 0.1307 1.51%

Movie

N = 5

HR 0.2603 0.2748 0.3362 0.4064 0.4098 0.3943 0.5109 0.3312 0.4014 0.6155 10.46%
NDCG 0.1839 0.1920 0.2530 0.2925 0.3048 0.3284 0.3443 0.2667 0.3338 0.4357 9.14%
MRR 0.1456 0.1482 0.2048 0.2549 0.2604 0.2840 0.3038 0.2159 0.2937 0.3763 7.25%
Prec 0.0521 0.0550 0.0672 0.0813 0.0820 0.0789 0.1022 0.0662 0.0803 0.1231 2.09%
F1 0.0868 0.0916 0.1121 0.1355 0.1366 0.1314 0.1703 0.1104 0.1338 0.2052 3.49%

N = 10

HR 0.3120 0.3169 0.5039 0.5379 0.5539 0.6242 0.6630 0.5207 0.6458 0.7613 9.83%
NDCG 0.2013 0.2174 0.2235 0.3349 0.3520 0.3742 0.3952 0.2891 0.4035 0.4825 7.90%
MRR 0.1647 0.1705 0.1806 0.2723 0.3127 0.3441 0.3467 0.2480 0.3429 0.3955 4.88%
Prec 0.0312 0.0317 0.0504 0.0538 0.0554 0.0624 0.0663 0.0521 0.0646 0.0761 0.98%
F1 0.0567 0.0576 0.0916 0.0978 0.1007 0.1135 0.1205 0.0947 0.1174 0.1384 1.79%

Movie

N = 5

HR 0.2311 0.2378 0.2647 0.4088 0.4123 0.4465 0.4927 0.4677 0.4835 0.5468 5.41%
NDCG 0.1297 0.1328 0.1516 0.2610 0.2749 0.2995 0.3409 0.3096 0.2635 0.3800 3.91%
MRR 0.1063 0.1135 0.1151 0.2121 0.2236 0.2180 0.2938 0.2577 0.2259 0.3253 3.15%
Prec 0.0462 0.0476 0.0529 0.0818 0.0825 0.0893 0.0985 0.0935 0.0967 0.1094 1.08%
F1 0.0770 0.0793 0.0882 0.1363 0.1374 0.1488 0.1642 0.1559 0.1612 0.1823 1.80%

N = 10

HR 0.3046 0.3087 0.5081 0.5670 0.5739 0.6086 0.6509 0.5757 0.6421 0.7168 6.59%
NDCG 0.2057 0.2105 0.2893 0.3123 0.3261 0.3495 0.3487 0.2994 0.3309 0.4349 8.54%
MRR 0.1794 0.1847 0.2265 0.2334 0.2682 0.2891 0.2902 0.2153 0.2871 0.3478 5.76%
Prec 0.0305 0.0309 0.0508 0.0567 0.0574 0.0609 0.0651 0.0576 0.0642 0.0717 0.66%
F1 0.0554 0.0561 0.0924 0.1031 0.1043 0.1107 0.1183 0.1047 0.1167 0.1303 1.20%

Music

N = 5

HR 0.1488 0.1537 0.2570 0.3019 0.3219 0.3977 0.4862 0.2446 0.4204 0.6760 18.98%
NDCG 0.0985 0.1034 0.1481 0.2114 0.2301 0.2607 0.3516 0.1829 0.3130 0.5258 17.42%
MRR 0.0821 0.0925 0.1127 0.1816 0.2019 0.2158 0.3174 0.1628 0.2562 0.4759 15.85%
Prec 0.0298 0.0307 0.0514 0.0604 0.0644 0.0795 0.0972 0.0489 0.0841 0.1352 3.80%
F1 0.0496 0.0512 0.0857 0.1006 0.1073 0.1326 0.1621 0.0815 0.1401 0.2253 6.33%

N = 10

HR 0.2338 0.2396 0.5030 0.6058 0.6134 0.6299 0.6572 0.4449 0.6073 0.7951 13.79%
NDCG 0.1260 0.1342 0.2247 0.3210 0.3198 0.3353 0.4073 0.2195 0.4120 0.5644 15.71%
MRR 0.0934 0.1035 0.1427 0.2346 0.2405 0.2464 0.3627 0.1817 0.3519 0.4919 12.92%
Prec 0.0234 0.0240 0.0503 0.0606 0.0613 0.0630 0.0657 0.0445 0.0607 0.0795 1.38%
F1 0.0425 0.0436 0.0915 0.1101 0.1115 0.1145 0.1195 0.0809 0.1104 0.1446 2.51%
terms of HR@10, NDCG@10, MRR@10, Prec@10, and F1@10,
respectively, compared to P2M2-CDR. This highlights the sig-
nificance of user review texts in disentangling domain-common
and domain-specific features and in modeling comprehensive user
representations.

• The model ‘w/o txt’, which eliminates the item textual features,
experiences an average drop of 28.87%, 18.05%, 14.63%, 2.89%,
9 
and 5.25% in terms of HR@10, NDCG@10, MRR@10, Prec@10,
and F1@10 respectively. These results demonstrate the signifi-
cance of incorporating textual features of items in the process of
learning comprehensive item representations.

• Comparing P2M2-CDR with ‘w/o com’ and ‘w/o spe’, we can
see that obfuscated disentangled domain-common and domain-

specific features play a vital role in predicting user preferences.
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Fig. 3. Visualization of user obfuscated disentangled embeddings in Task 2:
hone&Sport. (a) Red points represent obfuscated domain-common embeddings and
lue points indicate obfuscated domain-specific embeddings in the source domain
Phone); (b) Red points represent obfuscated domain-common embeddings in the
ource domain (Phone) and green points show the obfuscated domain-common
mbeddings in the target domain (Sport).

Fig. 4. Visualization of user obfuscated disentangled embeddings in Task 6:
ovie&Music. (a) Purple points represent obfuscated domain-common embeddings

nd gray points indicate obfuscated domain-specific embeddings in the source domain
Movie); (b) Purple points represent obfuscated domain-common embeddings in the
ource domain (Movie) and orange points show the obfuscated domain-common
mbeddings in the target domain (Music).

• The inferior performance of models ‘w/o intra’ and ‘w/o inter’
further shows the significant contributions of both domain-intra
and domain-inter CL losses to the final outcome.

• It is worth noting that the model ‘w/o obf’, without the addition
of noise, outperforms P2M2-CDR. However, this approach may
pose a privacy threat by potentially exposing user data. We
should carefully balance the trade-off between ensuring privacy
protection and achieving optimal model performance.

.4. Visualization of obfuscated disentangled embeddings (RQ3)

To determine whether the obfuscated domain-common and domain-
pecific features are distinct and contain diverse information, we visual-
ze these embeddings using t-SNE [46]. This is a data visualization tech-
ique that projects high-dimensional data onto a lower-dimensional
pace. We randomly select 1000 users in both domains for CDR Tasks

(Phone&Sport) and 6 (Movie&Music). The visualization results are
hown in Figs. 3(a) and 4(a). Furthermore, to assess whether the
roposed model has effectively acquired domain-common knowledge
rom both source and target domains through shared users, we visualize
he obfuscated domain-common features in both domains in Figs. 3(b)
nd 4(b).

A distinct separation is observed between the domain-common and
omain-specific embeddings in Figs. 3(a) and 4(a). This clear separation
onfirms that the proposed model can effectively disentangle user
epresentations, ensuring that the obfuscated disentangled embeddings
o not contain redundant information. In Figs. 3(b) and 4(b), it is
vident that these features are similar, which demonstrates that the
bfuscated domain-common embeddings contain shared information
etween the two domains.
10 
Fig. 5. Performance of different weight parameter 𝛼.

Fig. 6. Performance of different decoupled embedding dimensions.

4.5. Impact of hyperparameters (RQ4)

In this section, we evaluate the model’s performance in terms of
HR@10, NDCG@10, and MRR@10 across various settings for four
crucial parameters: the weight parameter 𝛼 for CL losses, the decou-
pling embedding dimension, the recommendation list length 𝐾, and the
information aggregation method for disentangled embeddings in Tasks
2 and 6.

4.5.1. Impact of 𝛼
To validate the effect of the parameter 𝛼, we test the performance

of the model with different values of 𝛼 [0.001, 0.005, 0.01, 0.02] and
present the results in Fig. 5. We observe that our model achieves its
peak performance when 𝛼 is set as 0.005. As 𝛼 increases, the HR@10,
NDCG@10, and MRR@10 metrics initially rise, peak at 𝛼 = 0.005, and
then decline. This suggests that an 𝛼 value of 0.005 achieves an optimal
balance between the CL and predictive losses.

4.5.2. Impact of decoupled embedding dimension
In this section, we evaluate the model’s performance using different

decoupled embedding sizes [64, 128, 256, 512], as shown in Fig. 6.
We observe that the optimal performance is attained when the de-
coupled embedding dimension is set to 256. Increasing the decoupled
embedding dimension improves the model’s effectiveness. However,
it is important to note that too large decoupled embedding dimen-
sions may lead to overfitting. Thus, choosing an appropriate decoupled
embedding dimension is crucial to balance model complexity and
performance.

4.5.3. Impact of recommendation list length 𝐾
To evaluate the impact of the recommendation list length on per-
formance, we test the performance of P2M2-CDR using different values
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Table 5
Ablation studies on all tasks.

Tasks Datasets Metrics Variants

w/o rev w/o txt w/o com w/o spe w/o intra w/o inter w/o obf P2M2-CDR

Task1

Phone

HR 0.5712 0.5643 0.8036 0.8034 0.7003 0.7606 0.8533 0.8157
NDCG 0.3634 0.3577 0.4944 0.5000 0.4073 0.4606 0.5524 0.5226
MRR 0.2994 0.2937 0.3880 0.4053 0.3091 0.3643 0.4588 0.4319
Prec 0.0571 0.0564 0.0804 0.0803 0.0700 0.0761 0.0853 0.0816
F1 0.1038 0.1026 0.1462 0.1460 0.1273 0.1384 0.1551 0.1484

Elec

HR 0.5651 0.4899 0.7051 0.7095 0.6892 0.6024 0.7597 0.7482
NDCG 0.3702 0.3276 0.4468 0.4060 0.4100 0.3579 0.4901 0.4825
MRR 0.3099 0.2774 0.3602 0.3711 0.3234 0.3092 0.4066 0.4001
Prec 0.0565 0.0490 0.0705 0.0710 0.0690 0.0602 0.0760 0.0748
F1 0.1027 0.0891 0.1282 0.1291 0.1254 0.1095 0.1382 0.1360

Task2

Phone

HR 0.4792 0.4905 0.8790 0.8585 0.7066 0.7158 0.9044 0.8909
NDCG 0.2878 0.2971 0.5443 0.5247 0.4327 0.4508 0.5710 0.5524
MRR 0.2293 0.2376 0.4401 0.4210 0.3709 0.4061 0.4663 0.4468
Prec 0.0479 0.0491 0.0879 0.0859 0.0707 0.0716 0.0904 0.0891
F1 0.0871 0.0893 0.1598 0.1562 0.1285 0.1302 0.1644 0.1620

Sport

HR 0.4121 0.3966 0.8897 0.8812 0.7680 0.7756 0.9083 0.9075
NDCG 0.2248 0.2222 0.5807 0.5681 0.4454 0.4547 0.5996 0.5933
MRR 0.1680 0.1690 0.4834 0.4696 0.4041 0.4093 0.4995 0.4937
Prec 0.0412 0.0397 0.0890 0.0881 0.0768 0.0776 0.0908 0.0908
F1 0.0749 0.0722 0.1618 0.1602 0.1396 0.1411 0.1651 0.1651

Task3

Sport

HR 0.4121 0.3966 0.8897 0.8812 0.7680 0.7756 0.9083 0.9075
NDCG 0.2248 0.2222 0.5807 0.5681 0.4454 0.4547 0.5996 0.5933
MRR 0.1680 0.1690 0.4834 0.4696 0.4041 0.4093 0.4995 0.4937
Prec 0.0412 0.0397 0.0890 0.0881 0.0768 0.0776 0.0908 0.0908
F1 0.0749 0.0722 0.1618 0.1602 0.1396 0.1411 0.1651 0.1651

Cloth

HR 0.4147 0.3617 0.7241 0.7225 0.6794 0.6904 0.7702 0.7318
NDCG 0.2395 0.2529 0.4178 0.4187 0.3986 0.3763 0.4577 0.4354
MRR 0.1861 0.2199 0.3332 0.3250 0.3127 0.3391 0.3612 0.3443
Prec 0.0415 0.0362 0.0724 0.0723 0.0679 0.0690 0.0770 0.0732
F1 0.0754 0.0658 0.1316 0.1314 0.1235 0.1255 0.1400 0.1331

Task4

Elec

HR 0.5303 0.4333 0.7721 0.7781 0.6691 0.6913 0.7934 0.7889
NDCG 0.3396 0.2907 0.4902 0.4912 0.3835 0.4258 0.5134 0.4920
MRR 0.2809 0.2464 0.3936 0.3921 0.3549 0.3776 0.4268 0.4001
Prec 0.0530 0.0433 0.0772 0.0778 0.0669 0.0691 0.0793 0.0789
F1 0.0964 0.0787 0.1404 0.1415 0.1216 0.1256 0.1442 0.1435

Cloth

HR 0.3925 0.3264 0.7698 0.7702 0.6299 0.6884 0.8261 0.8206
NDCG 0.2266 0.2377 0.4552 0.4553 0.3259 0.3682 0.4950 0.4872
MRR 0.1759 0.2109 0.3582 0.3583 0.2928 0.3192 0.3927 0.3840
Prec 0.0393 0.0326 0.0770 0.0770 0.0630 0.0688 0.0826 0.0821
F1 0.0714 0.0593 0.1400 0.1400 0.1145 0.1251 0.1502 0.1493

Task5

Book

HR 0.6515 0.5794 0.7128 0.6992 0.6519 0.6819 0.7323 0.7186
NDCG 0.4057 0.3328 0.3801 0.4384 0.3387 0.4206 0.4615 0.4482
MRR 0.3282 0.2572 0.3069 0.3526 0.2715 0.3391 0.3992 0.3640
Prec 0.0652 0.0579 0.0713 0.0699 0.0652 0.0682 0.0732 0.0719
F1 0.1185 0.1053 0.1296 0.1271 0.1185 0.1240 0.1331 0.1307

Movie

HR 0.7488 0.6754 0.7443 0.7553 0.6660 0.6524 0.7773 0.7613
NDCG 0.4762 0.4154 0.4765 0.4819 0.4047 0.3852 0.4996 0.4825
MRR 0.3844 0.3351 0.3898 0.3894 0.3428 0.3015 0.4132 0.3955
Prec 0.0749 0.0675 0.0744 0.0755 0.0666 0.0652 0.0777 0.0761
F1 0.1362 0.1227 0.1353 0.1373 0.1211 0.1186 0.1413 0.1384

Task6

Movie

HR 0.6491 0.6548 0.7053 0.7019 0.6636 0.6798 0.7342 0.7168
NDCG 0.3603 0.3952 0.4260 0.4175 0.3846 0.4039 0.4509 0.4349
MRR 0.2713 0.3152 0.3403 0.3301 0.2881 0.3057 0.3532 0.3478
Prec 0.0649 0.0655 0.0705 0.0702 0.0664 0.0680 0.0734 0.0717
F1 0.1180 0.1191 0.1282 0.1276 0.1207 0.1236 0.1335 0.1304

Music

HR 0.6937 0.6896 0.7691 0.7876 0.6673 0.6844 0.8029 0.7951
NDCG 0.5064 0.4503 0.5508 0.5598 0.4657 0.5071 0.5843 0.5644
MRR 0.4463 0.3751 0.4849 0.4879 0.4019 0.4507 0.5136 0.4919
Prec 0.0694 0.0690 0.0769 0.0788 0.0667 0.0684 0.0803 0.0795
F1 0.1262 0.1254 0.1398 0.1433 0.1213 0.1244 0.1460 0.1445
of K = [1, 3, 5, 7, 10], as illustrated in Fig. 7. As the length of
the recommendation list (K) increases, model performance exhibits an
upward trend. This is intuitive because a larger K implies that more
items are recommended to the user, making the task simpler and more

conducive to improved performance.

11 
4.5.4. Impact of various information fusion methods
We employ three different aggregation methods, namely, element-

wise sum, concatenation, and element-wise averaging, to combine ob-
fuscated domain-common and domain-specific embeddings into the
final user preferences. As illustrated in Fig. 8, concatenation yields the

highest performance. This superiority can be attributed to the fact that
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Fig. 7. Performance of different recommendation list length 𝐾.

Fig. 8. Performance of different information fusion methods.

concatenation preserves all information and learns the complex rela-
tionships between domain-common and domain-specific embeddings
more effectively.

4.6. Privacy vs performance (RQ5)

P2M2-CDR protects user privacy by utilizing LDP technology, where
the parameter 𝜆 controls the strength of Laplace noise and the privacy
budget. The degree to which noise is added significantly affects the
privacy protection ability [35,38]. Adding more noise reduces data
availability and the privacy budget, thereby enhancing privacy pro-
tection capabilities. However, excessive noise degrades the model’s
performance. Therefore, it is necessary to determine an optimal value of
𝜆 that balances the recommendation performance with privacy protec-
tion. To achieve this, we test P2M2-CDR’s performance with different 𝜆
alues [0.005, 0.01, 0.02, 0.03, 0.04], as shown in Fig. 9. We observe
hat a larger 𝜆 introduces more noise, enhancing user privacy protection
ut degrading model performance. The performance decreases signifi-
antly when 𝜆 is greater than 0.02. Therefore, we set 𝜆 to 0.01 to strike
balance between privacy preservation and maintaining acceptable

erformance.

.7. Advantages and disadvantages

In this section, we aim to discuss the advantages and disadvantages
f the proposed method. In this study, we propose a privacy-preserving
ramework for CDR that utilizes multi-modal data to decouple more
nformative embeddings and leverages LDP technology to protect user
rivacy during the knowledge transfer process. This method addresses
he challenges faced by traditional CDR methods and achieves superior
erformance compared with other baselines. However, the proposed

ethod has some limitations. First, the use of LDP technology may

12 
Fig. 9. Performance of different standard deviation 𝜆.

degrade the model performance, necessitating a balance between pri-
vacy protection and recommendation accuracy. Second, our method
relies on fully overlapping users to transfer knowledge across domains,
which may lead to performance degradation when overlapping users
are sparse.

5. Conclusion and future work

In this study, we propose a privacy-preserving framework with
multi-modal data for CDR (P2M2-CDR). It contains a multi-modal
disentangled encoder and a privacy-preserving decoder. The multi-
modal encoder integrates multi-modal features to learn comprehensive
user and item representations and disentangles user representations
into more informative domain-common and domain-specific embed-
dings. The privacy-preserving decoder aims to introduce LDP to protect
user privacy when transferring knowledge across domains. The exper-
imental results for six CDR tasks demonstrate the effectiveness of our
proposed model.

In the future, we plan to explore the following areas. First, we intend
to investigate other prevalent privacy-preserving techniques, such as
prototype-based FL, to enhance model performance while simultane-
ously protecting user privacy in CDR methods. Second, we will explore
how to effectively utilize non-overlapping user information to solve
the data-sparsity problem. Finally, We aim to develop more effective
disentanglement techniques that can further refine the separation of
domain-common and domain-specific embeddings, leading to more
precise recommendations.
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