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Abstract

Recommender systems are widely used in various real-world
applications, but they often encounter the persistent chal-
lenge of the user cold-start problem. Cross-domain recom-
mendation (CDR), which leverages user interactions from
one domain to improve prediction performance in another,
has emerged as a promising solution. However, users with
similar preferences in the source domain may exhibit differ-
ent interests in the target domain. Therefore, directly trans-
ferring embeddings may introduce irrelevant source-domain
collaborative information. In this paper, we propose a novel
graph-based disentangled contrastive learning framework to
capture fine-grained user intent and filter out irrelevant col-
laborative information, thereby avoiding negative transfer.
Specifically, for each domain, we use a multi-channel graph
encoder to capture diverse user intents. We then construct the
affinity graph in the embedding space and perform multi-step
random walks to capture high-order user similarity relation-
ships. Treating one domain as the target, we propose a disen-
tangled intent-wise contrastive learning approach, guided by
user similarity, to refine the bridging of user intents across
domains. Extensive experiments on four benchmark CDR
datasets demonstrate that DisCo consistently outperforms ex-
isting state-of-the-art baselines, thereby validating the effec-
tiveness of both DisCo and its components.

Introduction
The rapid expansion of Internet services has deeply inte-
grated online platforms into our daily lives, resulting in an
enormous increase in digital information (Zhu et al. 2016;
Zhang, Liu, and Wang 2020; Wang et al. 2022d,b; Ju et al.
2022; Qu et al. 2024; Ju et al. 2024a). Consequently, person-
alized recommender systems are crucial for guiding users
through extensive options to identify items that align with
their preferences. Collaborative Filtering (CF), which mod-
els relationships between users and dependencies among
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Figure 1: An illustration of user similarity distortion in CDR.
Users may share diverse intents across domains. As a result,
for the target user u, some users (i.e., u1, u3) may have sim-
ilar preferences in the source domain but differ significantly
in the target domain, leading to negative transfer.

items, has seen significant success in recommendation sys-
tems. However, these CF-based methods persistently suffer
from the cold-start problem, where new users lack sufficient
observed interactions, making it challenging to learn effec-
tive representations for recommendations.

To alleviate the above issue, cross-domain recommenda-
tion (CDR) has garnered considerable attention in recent
years. The main idea of CDR methods is to leverage user
interaction data from related domains to improve prediction
accuracy in the target domain. A particularly challenging as-
pect is cold-start CDR, where users have interactions with
items in one domain but not in the other. Traditional Embed-
ding and Mapping (EMCDR) paradigms (Man et al. 2017;
Kang et al. 2019; Salah, Tran, and Lauw 2021) encode user
preferences in two domains separately and learn a mapping
function from the source to the target domain, which often
overlooks the diverse user-specific preferences (Wang et al.

The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)

12049



2022a). Additionally, some meta-learning approaches (Zhu
et al. 2021, 2022; Guan et al. 2022; Li et al. 2024b) treat dif-
ferent user CDR as individual tasks to achieve user-specific
preference transfer, where the transformed preference can be
utilized as the initial embedding for the cold-start users.

Nevertheless, it still remains challenging to address the
negative transfer issue for CDR (Li et al. 2024a). Since in-
formation from the source domain is not always relevant to
the target domain, indiscriminately incorporating source do-
main data during training may lead to negative effects. Re-
cent efforts attempt to address this problem by designing dis-
entangled user representations that transfer only the relevant
information. For example, CDRIB (Cao et al. 2022b) in-
troduces two information bottleneck regularizers to encour-
age the learned representation to encode domain-shared in-
formation while limiting domain-specific information. Dis-
enCDR (Cao et al. 2022a) learns disentangled representa-
tions to separate domain-shared and domain-specific user
preferences. UniCDR (Cao et al. 2023) proposes a unified
framework to capture domain-shared and domain-specific
user preferences for different CDR scenarios.

Despite their promising performance, we find that most
of the cold-start CDR methods focus on the user-embedding
transfer, neglecting the more detailed underlying intent and
preference correlations among users. In fact, the complex
formation of user preferences requires to infer the latent in-
tent under implicit interaction. Meanwhile, users who ex-
hibit similar preferences in the source domain may have dif-
ferent interests in the target domain. Therefore, collaborative
knowledge from the source domain can become irrelevant or
even noisy in the target domain, ending up counter-effective.
We demonstrate such examples in Figure 1, where user pref-
erences are fine-grained with individual intents. Suppose we
aim to learn the user preference of u in the target domain.
Given the preferences of u1, the similarity in the source do-
main may not hold in the target domain. As a result, learning
from the irrelevant preferences of these known users can in-
troduce bias and induce sub-optimal performance.

Motivated by the above observation, we propose DisCo, a
novel graph-based Disentangled Contrastive learning frame-
work for cold-start CDR, which is capable of capturing mul-
tiple intents of users and filtering our irrelevant source do-
main collaborative information. Specifically, we first utilize
a multi-channel graph encoder to discern the underlying in-
tent of users. Then, given the affinity graph calculated in the
embedding space of two domains, we perform the multi-step
random walks for each anchor user to obtain the high-order
user similarities of each domain. Besides, we treat one of
the domains as the target domain and propose an intent-wise
contrastive architecture that performs both intra-domain and
inter-domain contrastive learning to retain user similarity in-
formation for the target domain with the help of a cross-
domain decoder. In this way, when introducing the source
domain information, target domain-specific user preferences
could be preserved while irrelevant collaborative informa-
tion could be effectively filtered out by regularizing the ra-
tionale that bridging two domains.

In this paper, we make the following contributions:
• Conceptual: We highlight the negative transfer problem

in cold-start CDR and propose to learn the more detailed
disentangled user intent representation enhanced by the
interaction graph to filter out irrelevant information.

• Methodological: We propose a novel intent-wise con-
trastive learning framework to retrain the user similarity
information of the target domain, which could preserve
the target domain-specific user preference and explicitly
exploit the rationale that bridging two domains.

• Experimental: We conduct extensive experiments on var-
ious public datasets to evaluate DisCo. Experimental re-
sults demonstrate the superiority of our proposed frame-
work for the cold-start CDR task. The code is released on
https://github.com/HourunLi/2025-AAAI-DisCo

Related Work
Cross-Domain Recommendation
Recent CDR efforts can be categorized into two types. Intra-
domain CDRs (Singh and Gordon 2008; Li, Yang, and Xue
2009; Hu, Zhang, and Yang 2018; Li and Tuzhilin 2020; Liu
et al. 2020) address data sparsity by transferring abundant
information from other domains for domains with limited
user interactions. CBT (Li, Yang, and Xue 2009) introduces
a cluster-level pattern matrix to transfer the rating patterns.
CMF (Singh and Gordon 2008) adapts the matrix decompo-
sition to jointly factorize rating matrices across domains and
shares the user latent factors. CoNet (Hu, Zhang, and Yang
2018), DDTCDR (Li and Tuzhilin 2020), and Bi-TGCF (Liu
et al. 2020) leverage deep models with information trans-
fer modules. In contrast, inter-domain CDRs, or cold-start
CDRs, tackle the more challenging task of recommending
items to cold-start (non-overlapping) users with no prior in-
teractions in a target domain. EMCDR (Man et al. 2017)
pre-trains user embeddings of each domain and maps them
by overlapping users. SSCDR (Kang et al. 2019) and SA-
VAE (Salah, Tran, and Lauw 2021) extend mapping with
semi-supervised learning and variational autoencoder, re-
spectively. PTUPCDR (Zhu et al. 2022) and TMCDR (Zhu
et al. 2021) treat different user CDRs as individual tasks and
use personalized meta-networks for user-specific preference
transfer. UniCDR (Cao et al. 2023) unifies intra- and inter-
CDR in a single framework. However, most methods focus
on user embedding transfer, neglecting underlying intent and
the domains-specific user preferences.

Disentangled Representation Learning
Disentangled representation learning seeks to develop fac-
torized representations that can effectively distinguish and
separate the underlying explanatory factors within observed
data (Bengio, Courville, and Vincent 2013). Existing re-
searches have primarily focused on computer vision (Hig-
gins et al. 2016; Chen et al. 2016), natural language pro-
cessing (Cheng et al. 2020; Wang et al. 2022e), and graph
learning (Ma et al. 2019a; Li et al. 2021; Wang et al.
2020b, 2024; Ju et al. 2024d). For example, InfoGAN (Chen
et al. 2016) separates representation into noise and an addi-
tional class code, estimating mutual information (MI) be-
tween the class code and corresponding data for control-
lable image generation. DGCL (Li et al. 2021) introduces a
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self-supervised factor-wise contrastive learning framework
to learn disentangled graph representation. Recently, there
has been a notable surge of interest in applying disentangled
representation learning techniques to recommendation sys-
tems (Ma et al. 2019b; Wang et al. 2020a, 2022c; Qin et al.
2023). MacridVAE (Ma et al. 2019b) analyzes user behavior
data via disentangling representations into macro and mi-
cro levels to investigate hierarchical user intentions. Disen-
HAN (Wang et al. 2020a) iteratively identifies the dominant
aspects of various relations within a Heterogeneous Infor-
mation Network (HIN) for the recommendation. For CDR
task, DR-MTCDR (Guo et al. 2023), CDRIB (Cao et al.
2022b), DisenCDR (Cao et al. 2022a) and GDCCDR (Liu
et al. 2024) separate user preferences into domain-shared
and domain-specific parts, focusing on identifying and trans-
ferring the shared aspects to improve performance. In this
paper, we propose a disentangled learning framework to cap-
ture more detailed user intent and filter out irrelevant collab-
orative information to avoid negative transfer.

Notations and Problem Definition
Notations. Given the two domains S and T , let DS =
{US ,VS , ES} and DT = {UT ,VT , ET } denote the corre-
sponding data of source and target domains, where U , V
and E denote the user, item and interaction set in the do-
main. The binary interaction matrix can be represented as
Y = {yuv} ∈ R|U|×|V|, where yuv = 1 if (u, v) ∈ E ,
otherwise, yuv = 0. Given the interaction matrix of source
domain YS and target domain YT , we construct the bipartite
graphs GS and GT to depict the user-item relations of two
domains. In particular, the user sets US and UT contain an
overlapping user subset Uo. Then, the user set can be formu-
lated as US = {Us,Uo}, UT = {Ut,Uo}, where Us and Ut

are the non-overlapping user set in each domain.

Problem Definition. Given the observed data DS and DT
from the source and target domains, cold-start CDR aims
to make recommendations in the target domain for non-
overlapping users who are only observed in the source do-
main. Formally, given a user u ∈ Us from the source do-
main, we seek to learn disentangled representations of user
u that capture diverse intents, in order to learn the prediction
function ŷuv = F(u, v|Θ,GS ,GT ), where item v ∈ VT is
from the target domain. We use ŷuv to denote the probability
of user u engaging with item v and use Θ to denote the set
of model parameters for the prediction function F .

The Proposed Framework
Overview
The fundamental concept of our framework is to alleviate
the negative transfer problem when introducing the source
domain information for cold-start CDR. As shown in Fig-
ure 2, there are three components in our framework. Given
the interaction data DS and DT from the source and target
domains, we construct bipartite graph GS and GT and extract
fine-grained user intents for each domain via the proposed
graph encoder. Next, affinity graphs are constructed within
the corresponding embedding spaces of both domains. By

applying multi-step random walks based on affinity graphs,
we progressively obtain user similarities as the collaborative
information in both the source and target domain. And a dis-
entangled intent-wise contrastive learning framework is pro-
posed to retain the user similarity relationships while explic-
itly identifying the rationale between two domains to avoid
the negative transfer. Finally, the disentangled user intents
of the cold-start user are used to predict matching scores for
cross-domain recommendations.

Disentangled User Intent Graph Encoder
As graph neural networks (GNNs) show a strong ability
to model user interactions for the recommender (Ju et al.
2024b,c), we leverage GNNs as the backbone to capture the
fine-grained user intents in each domain. For the constructed
graph from the source and target domain, denoted as GS and
GT , we iteratively update the representations of user and
item nodes through a message-passing mechanism. Taking
user u as an example, the GNNl(·) can be:

zl+1
u = σ

(
W l

1z
l
u +

∑
v∈Nu

1√
|Nu||Nv|

muv

)
,

muv = W l
1z

l
v +W l

2(z
l
v ⊙ zlu),

(1)

where zlu denotes the updated user embedding at l-th layer,
muv represents the neighbor messages from the interaction
item set Nu, σ(·) is the activate function (i.e., LeakyReLU)
and W1/2 are trainable parameters. After applying L tradi-
tional message-passing layers, we obtain the extracted em-
bedding matrix ZL. We further utilize a graph-disentangled
layer to extract the more detailed user intent with a sepa-
rate channel. For each channel, we adopt GNNL+1

k and the
disentangled user/item representation can be obtained as:

Zk = GNNL+1
k (ZL, Y ), (2)

where k ∈ [1,K] and K represents the number of intents.

Disentangled Intent-wise Contrastive Learning
To tackle the differences in collaborative information be-
tween domains, we propose a disentangled intent-wise con-
trastive learning framework that uses user similarity to cap-
ture fine-grained user intents and transfer relevant informa-
tion from the source domain to the target domain.

Intra-Domain Contrast. For each domain, we introduce
two Siamese encoders, an online and a momentum-based
target encoder, to generate effective self-supervised signals
for fine-grained user intent learning. Specifically, both the
online and target encoders share the same architecture and
process the interaction data of each domain to obtain the
user intents, denoted as Zk and Ẑk. The target encoder is
updated using the Exponential Moving Average (EMA) of
the online encoder. Then, the user similarity in a domain for
the batch instances under intent k can be defined as:

Rij = exp(−∥ẑi,k − ẑj,k∥/τ), (3)

where ẑi,k represents the k-th channel of the output target
embedding for user ui ∈ U . By treating user similarity as
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Figure 2: Illustration of the proposed framework DisCo.

the edge weight between users, a fully connected user affin-
ity graph R could be constructed. And we normalize it in a
row-wise manner to obtain the random walk transition ma-
trix R̃. Considering a d step random walks (Lu et al. 2024),
the high-order user similarity under intent k could be:

Tk = αI + (1− α)R̃d, (4)

where α is a trade-off parameter between self and user pair
similarities. We take the similarity as the pseudo target and
formalize the intra-domain contrastive loss as:

Lintra =

|U|∑
u=1

K∑
k=1

H(Tk, ρ(Zk, Ẑk)), (5)

where H(·, ·) denotes the cross entropy, ρ(·, ·) is the pair-
wise similarity with the row-wise normalization manner:

[ρ(Zk, Ẑk)]ij =
exp(ϕ(zi,k, ẑj,k)/τ)∑|U|

j′=1 exp(ϕ(zi,k, ẑj′,k)/τ)
, (6)

where τ is the temperature parameter, and ϕ(·, ·) denotes
the similarity function. Moreover, we aim to learn disen-
tangled user representation for diverse user intents, which
means zi,k and zi,k′ under channel k and k′ are independent
of each other. Since orthogonality is a specific instance of
linear independence, we loose the representation constraint
to orthogonality (as Equation 7), a method has been demon-
strated to be effective in several previous studies (Liang, Li,
and Madden 2020; Wang et al. 2024).

Lorth = |ZT
k Zk − I|+ |ẐT

k Ẑk − I|. (7)

Inter-Domain Contrast. Given the extracted fine-grained
user intents, we aim to transfer cross-domain information
while maintaining distinct user collaborative information for
each domain to highlight domain differences. Thus, simply
maximizing the consistency between domains may lead to
a loss of domain-specific information. To solve this issue,
we introduce a user representation decoder that could pre-
serve the domain-specific information while capturing the

domain-shared information between the source and target
domains. To be specific, for an overlapping user ui ∈ Uo,
we project the source domain embedding zsi,k to learn its
corresponding target domain embedding.

e
(s→t)
i,k = g(s→t)(zsi,k), (8)

where g(·) denotes the decoder, and we simply implemented
it with an MLP. To maintain user collaborative information
in the target domain and prevent it from being disrupted by
the incoming source domain information, we compute the
similarity among overlapping users in the target domain by
integrating all intents, namely, T t = 1/K

∑K
k=1 T

t
k. In this

way, we use it as a supervision signal and the inter-domain
contrastive loss can be defined as:

Linter=

|Uo|∑
ui=1

H(T t, p(uj |ui))=−
|Uo|∑
ui=1

T t
ij log p(uj |ui) (9)

where p(uj |ui) denotes the user similarity identification
task. Considering the latent fine-grained user intents, the
cross entropy objective can be defined as:

H(T t, p(uj |ui)) = −T t
ij logEp(k|ui)p(uj |ui, k), (10)

where p(k|ui) is the prior distribution over latent intents for
user ui. We introduce K intent prototypes {ck}kk=1, and the
prior distribution can be obtained as:

p(k|ui) =
exp(ϕ(es→t

i,k , ck))∑K
k′=1 exp(ϕ(e

s→t
i,k′ , ck′))

. (11)

p(uj |ui, k) denotes the user similarity under intent k. How-
ever, directly minimizing the objective is difficult because
of latent user intents. Instead, we adopt an EM algo-
rithm to solve the problem, where the posterior distribution
p(k|ui, uj) is defined with Bayes’ theorem:

p(k|ui, uj) =
p(k|ui)p(uj |ui, k)∑K
k=1 p(k|ui)p(uj |ui, k)

. (12)
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p(k|ui, uj) reflects how well the k-th intent aligns ui and uj

in source and target domains. However, we cannot compute
the posterior distribution because calculating p(uj |ui, k)
would require considering all users in the dataset. Therefore,
we maximize the evidence lower bound (ELBO) of the log-
likelihood, which can be defined as:

log p(uj |ui) ≥Eq(k|uj ,ui)[log p(uj |ui, k)]

−DKL(q(k|uj , ui)∥p(k|ui)),
(13)

where q(k|uj , ui) is a variational distribution used to ap-
proximate the posterior distribution, calculated as follows:

q(k|uj , ui) =
p(k|ui)p̂(uj |ui, k)∑K
k=1 p(k|ui)p̂(uj |ui, k)

, (14)

where p̂(uj |ui, k) is the user similarity identification under
intent k, calculated within a mini-batch B ⊂ Uo:

p̂(uj |ui, k) =
exp(ϕ(es→t

i,k , ẑtj,k))∑|B|
j′∈B exp(ϕ(es→t

i,k , ẑtj′,k))
. (15)

Notice the optimizing process is a variation of Variational
EM algorithm, where we infer q(k|uj , ui) at the E-step and
optimize the ELBO at the M-step.

User Intent Adaptation and Prediction
For any single domain, we obtain the disentangled item rep-
resentation zv = {zv,1, . . . , zv,K} and the disentangled user
representation zu = {zu,1, . . . , zu,K}, which represent the
diverse K user intents. We use the inner product of user and
item representations for each intent as the predictive func-
tion to estimate the likelihood of their interaction under that
specific intent. Thereafter, we weight the sum of all intents
to obtain the overall user preference,

ruv =
K∑

k=1

p(k|u) · zTu,kzv,k. (16)

We constrain the user preference score in the range of [0, 1]
as the final matching score, which can be computed using a
probabilistic function like the logistic function:

ŷuv = sigmoid(ruv) =
1

1 + exp(ruv)
. (17)

Following the previous work (Cao et al. 2023), we use the
binary cross entropy (BCE) loss and train the model using
a negative sampling strategy. Taking the target domain T as
an example, the recommendation loss is defined as follows:

LT
rec = −

∑
(u,v)∈DT

log ŷuv−
∑

(u,v−)∈D−
T

log(1− ŷuv−), (18)

where D−
T denotes the negative pairs uniformly sampled

from unobserved interactions in the target domain.

Objective Function
The final loss term consists of two parts: 1) the contrastive
loss, including the intra-domain contrastive loss Lintra, the
orthogonality loss Lorth and the inter-domain contrastive

loss Linter. 2) the source and target domain prediction loss
LS
rec and LT

rec. And the overall objective is defined as:

Lrec = LS
rec + LT

rec,

Lcontra = βLinter + (1− β)(Lintra + γLorth),

Ltotal = λLcontra + (1− λ)Lrec.

(19)

where β, γ and λ are hyper-parameters that control the
weights of each part of losses. We optimize the overall ob-
jective in a mini-batches manner.

Experiment
Experimental Setup
Datasets. We experiment on four domain pairs from the
public Amazon dataset 1, namely music-movie, phone-
electronic, cloth-sport, and game-video. We filter out the
users and items with fewer than 5 and 10 interactions in their
respective domains to improve data quality. Following prior
works (Cao et al. 2022b, 2023), we randomly select 20% of
overlapping users (i.e., those observed in both source and
target domains) and treat them as cold-start users by remov-
ing their target domain interactions during testing and vali-
dation, using the remaining users for training.

Baselines. We compare DisCo with two baseline groups:
(A) Single-domain recommendation, where interactions
from both domains are merged into one and standard CF-
based methods are applied, including CML (Hsieh et al.
2017), BPR-MF (Rendle et al. 2012), and NGCF (Wang
et al. 2019). (B) Cross-domain recommendation (CDR)
models follow two paradigms. The first, Embedding and
Mapping approach for CDR (EMCDR) (Man et al. 2017)
pre-trains single-domain models (e.g., CML, BPR-MF,
NGCF) to initialize user/item representations and includes
extensions like SSCDR (Kang et al. 2019), TMCDR (Zhu
et al. 2021), and SA-VAE (Salah, Tran, and Lauw 2021).
The second, disentangled representation learning encodes
domain-shared and domain-specific knowledge, as seen in
CDRIB (Cao et al. 2022b) and UniCDR (Cao et al. 2023).

Evaluation. We employ the leave-one-out approach to
evaluate the performance of all methods. Given a ground
truth interaction (u, v) in target domain T , we randomly se-
lect 999 items from the item set VT as negative samples.
We then generate 1,000 records (1 positive and 999 negative
samples) using the learned representation zsu from source
domain S and randomly-selected positive sample ztv or neg-
ative sample ztv′ from the target domain T . We rank the
record list and use two widely-used recommendation evalu-
ation metrics, namely NDCG@10 and HR@10, to evaluate
the top-10 recommendation performance.
Implement Details. In our experiments, we set the embed-
ding dimension to 128, the batch size to 1,024, and the slope
of LeakyReLU to 0.05. In specific, we tune the number of
the graph encoder layer L in the range of [1, 6], the number
of latent factors K in the range of [1, 6], and the values of β
and λ of the objective function in the range of [0, 0.5]. Ad-
ditionally, we turn the dropout rate in the range [0, 0.5], and

1http://jmcauley.ucsd.edu/data/amazon/index 2014.html
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Dataset Metric@10 Single-Domain Methods Cross-domain Methods Ours
CML BPRMF NGCF EMCDR SSCDR TMCDR SA-VAE CDRIB UniCDR DisCo

Sport HR 5.82±0.20 5.75±0.26 7.22±0.11 7.41±0.16 7.27±0.02 7.18±0.07 7.51±0.02 11.10±0.29 10.67±0.19 10.72±0.32
NDCG 3.29±0.16 3.16±0.15 3.63±0.07 4.03±0.12 3.75±0.02 3.84±0.04 3.72±0.02 5.78±0.15 6.19±0.17 5.81±0.26

Cloth HR 6.97±0.11 6.75±0.13 7.07±0.30 7.91±0.15 6.12±0.05 8.11±0.16 7.21±0.05 12.23±0.24 12.28±0.24 12.85±0.42
NDCG 3.92±0.14 3.26±0.15 3.48±0.13 5.17±0.08 3.06±0.04 5.05±0.12 4.59±0.08 6.79±0.22 7.31±0.26 6.92±0.32

Game HR 2.82±0.18 3.77±0.40 5.14±0.22 5.07±0.17 3.48±0.06 5.36±0.09 5.84±0.13 8.72±0.41 7.68±0.32 9.54±0.28
NDCG 1.44±0.09 1.89±0.19 2.73±0.09 2.44±0.08 1.59±0.03 2.58±0.07 2.78±0.06 4.58±0.20 4.63±0.17 4.87±0.27

Video HR 3.07±0.10 4.46±0.56 7.41±0.18 8.43±0.04 5.51±0.08 8.85±0.11 7.46±0.13 12.66±0.39 10.32±0.36 13.38±0.31
NDCG 1.30±0.08 2.36±0.34 3.87±0.10 4.29±0.02 2.61±0.02 4.41±0.08 3.71±0.06 6.66±0.20 5.43±0.16 6.86±0.14

Music HR 8.70±0.27 8.74±0.13 8.86±0.10 8.95±0.12 3.59±0.04 9.48±0.08 8.57±0.15 14.72±0.23 11.59±0.35 15.92±0.21
NDCG 4.53±0.14 4.72±0.04 4.15±0.09 4.70±0.08 1.82±0.01 5.15±0.05 4.48±0.06 7.98±0.10 6.08±0.22 8.56±0.13

Movie HR 7.87±0.11 9.12±0.15 9.92±0.16 11.89±0.10 5.47±0.03 10.22±0.15 11.51±0.18 14.86±0.44 12.40±0.45 16.33±0.28
NDCG 3.95±0.03 4.72±0.08 4.53±0.10 6.06±0.14 2.72±0.01 6.00±0.04 5.66±0.11 7.63±0.23 6.41±0.22 8.39±0.17

Phone HR 11.56±0.23 11.98±0.22 13.62±0.20 13.84±0.07 6.14±0.03 13.95±0.22 14.35±0.29 18.37±0.32 14.27±0.37 18.74±0.31
NDCG 6.41±0.13 7.65±0.07 7.47±0.12 7.73±0.03 3.33±0.01 7.56±0.09 7.66±0.18 10.16±0.25 8.87±0.25 10.19±0.22

Elec HR 12.44±0.10 12.78±0.33 16.24±0.21 17.01±0.03 10.34±0.03 16.38±0.08 17.21±0.19 20.96±0.31 15.67±0.47 21.03±0.29
NDCG 6.85±0.12 7.46±0.23 9.09±0.11 9.78±0.02 5.50±0.01 9.24±0.05 9.49±0.13 12.01±0.22 9.25±0.30 11.54±0.23

Table 1: Performance comparison (expressed in %) of CDR on cross domain recommendations. The best performance is bold-
faced and the runner-up is underlined in terms of the corresponding metric.

the learning rate in the range of [0, 0.005]. For all methods,
we tune the hyper-parameters by grid search, run each ex-
periment five times with different random seeds and record
the best result of each time according to the HR@10 perfor-
mance on the validation set.

Performance Analysis
Table 1 presents the mean best recommendation perfor-
mance for all methods evaluated across four CDR scenarios,
and we have several key observations: (1) Graph-based ap-
proaches like NGCF consistently outperform methods CML
and BPR-MF, highlighting the effectiveness of graph convo-
lution in capturing multi-hop neighborhood and high-order
interaction information. (2) Compared to the single-domain
approaches, cross-domain methods show a superior perfor-
mance, which demonstrates the ability of the embedding
and mapping paradigm to capture domain-specific knowl-
edge and nuances between source and target domains. (3)
Compared to cross-domain approaches, DisCo excels on the
game-video and music-movie datasets and remains compet-
itive on the sport-cloth and phone-electronic datasets when
compared to state-of-the-art graph-encoder models such as
CDRIB and UniCDR. Additionally, DisCo outperforms all
other EMCDR-based methods, indicating the effectiveness
of intra-domain and inter-domain contrast mechanisms to
filter out irrelevant collaborative information.

Ablation Study
To evaluate the effectiveness of the various modules in
DisCo and understand their functions, we compare DisCo
with four variants: (1) Variant 1: It eliminates the cross-
domain decoder. (2) Variant 2: It sets a uniform distribution
of latent intents, with p(k|ui) = 1/K. (3) Variant 3: It omits
the intra-domain contrast loss Lorth, allowing the k intents
to be non-orthogonal. (4) Variant 4: It removes affinity graph
construction and multi-step random walks ( R̃d = I).

The results of DisCo and its variants are shown in Table 2.
We find that: (1) Compared to Variant 1, a notable decline in
performance underscores the specialized knowledge across

D M Model Variants
Variant1 Variant2 Variant3 Variant4 DisCo

Sport H 9.81±0.24 10.64±0.19 10.62±0.37 9.56±0.27 10.72±0.32
N 4.81±0.13 5.40±0.15 5.38±0.29 4.31±0.25 5.81±0.26

Cloth H 11.79±0.29 12.55±0.20 12.2±0.26 11.88±0.31 12.85±0.42
N 6.14±0.21 6.69±0.22 6.16±0.17 5.27±0.26 6.92±0.32

Game H 9.20±0.32 9.29±0.35 9.41±0.24 8.62±0.26 9.54±0.28
N 4.33±0.25 4.53±0.29 4.73±0.22 3.97±0.19 4.87±0.27

Video H 11.5±0.31 12.06±0.33 12.26±0.29 12.4±0.23 13.38±0.31
N 6.14±0.15 6.29±0.19 6.38±0.20 6.35±0.12 6.86±0.14

Music H 14.96±0.23 15.14±0.28 13.51±0.30 13.87±0.25 15.92±0.21
N 7.65±0.08 7.75±0.20 7.12±0.17 7.19±0.14 8.56±0.13

Movie H 14.81±0.22 15.42±0.33 14.33±0.26 14.12±0.33 16.33±0.28
N 7.49±0.17 7.87±0.19 7.31±0.20 7.33±0.24 8.39±0.17

Phone H 17.27±0.29 18.21±0.35 18.22±0.30 17.70±0.34 18.74±0.31
N 8.82±0.23 9.44±0.26 10.01±0.18 9.58±0.26 10.19±0.22

Elec H 18.06±0.32 18.65±0.30 19.56±0.24 19.48±0.30 21.03±0.29
N 9.73±0.27 10.73±0.25 10.89±0.19 10.96±0.25 11.54±0.23

Table 2: Ablation studies on the variants of DisCo. Dataset,
Metric@10, HR, NDCG are abbreviated as D, M, H, N.

domains. This is attributed to the removal of the mapping
function, which impairs the ability to learn domain-specific
knowledge. (2) The comparison with Variant 2 reveals that
individual users have distinct preference weights across do-
mains, and assigning equal weight to each intent can ob-
scure vital user preference information. (3) The comparison
with Variant 3 demonstrates that maintaining orthogonality
among the K intents improves prediction accuracy by cap-
turing more diverse and richer user preference information.
(4) Compared to Variant 4, the affinity graph construction
and multi-step random walks leverage the inherent similar-
ity structure of users, enhancing both intra-domain and inter-
domain contrasts to filter out irrelevant collaborative infor-
mation and avoid the negative transfer problem.

Parameter Analysis
We analyze the impact of three groups of hyper-parameters
in DisCo: the number of latent intents, the parameter pair α
and d in generating user similarity Tk (Equation 4), and the
multiplier factors β and λ in the objective function (Equa-
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Setting Five Favorite Preference
Source Domain

Training
u1: Home Entertainment Studio Specials Art House & International Action Science Fiction
u2: Home Entertainment Studio Specials Art House & International Drama Fantasy

Target Domain
Test Groud Truth

u1: Pop Metal World Music Country Dance & Electronic
u2: Pop Oldies Comedy & Spoken Word Christian Soundtracks

Target Domain
Prediction by CDRIB

u1: Pop Rock Folk Country Movie Soundtracks
u2: Pop Rock Roadway Country Instructional

Target Domain
Prediction by DisCo

u1: Pop Rock New Age Country Dance & Electronic
u2: Pop Jazz Comedy & Spoken Word Classical Symphonies

Table 3: Case Study on a user pair (u1, u2). Predicting results are bold-faced if they match the target domain test ground truth.

1 2 3 4 5 6
The number of intents k

8.5

9.5

10.5

11.5

12.5

13.5

H
it@

10

Game
Viedo
Cloth
Sport

(a) Hit@10

1 2 3 4 5 6
The number of intents k

4.5

5.0

5.5

6.0

6.5

7.0

N
D

C
G

@
10

Game
Viedo
Cloth
Sport

(b) NDCG@10

Figure 3: Performance comparison w.r.t. different numbers
of user intent K.
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Figure 4: Performance comparison w.r.t. different values of
d and α for random walks and high-order user similarity.

tion 19). We find that: (1) The optimal number of latent
intents is closely related to the specific domain. As shown
in Figure 3, scenarios with higher interaction generally ex-
hibit a larger number of user intents. For instance, in the
domains of video and sport with dense interactions, a larger
number of user intents improves performance when transfer-
ring knowledge to cold-start users in game and cloth scenar-
ios. (2) Figure 4 demonstrates the influence of parameters
α and d on generating the user similarity matrix Tk through
multi-step random walks. Our results show that higher-order
random walks (user similarity) generally outperform lower-
order ones. Additionally, The DisCo performs well when d
is set between 3 to 5 steps. (3) Figure 5 shows that an exces-
sively high contrast loss factor λ reduces performance. And
the optimal β is usually between 0.2 and 0.4.

Case Study
We conduct a case study to comfirm that DisCo effectively
mitigates negative transfer. As shown in Table 3, two over-
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Figure 5: Performance comparison w.r.t. different values of
λ and β for the overall objective.

lapping users (u1,u2) from the music-movie dataset are se-
lected, with movies as the source domain and music as the
target domain. The five most popular tags from movie in-
teractions represent users’ source domain preferences. Simi-
larly, the five most popular tags from the top 10 ranked items
generated by model depict their target domain preferences.
In the target domain test ground truth, u1 and u2 share sim-
ilar preferences in the source domain but differ in the target
domain, illustrating the negative transfer issue. The results
show that DisCo mitigates negative transfer, in contrast to
the cold start CDR baseline, CDRIB, which fails to filter out
irrelevant source-domain collaborative information.

Conclusion

In this paper, we propose a novel framework termed DisCo
for cold-start cross-domain recommendation tasks. To ad-
dress the negative transfer issue, we argue that users with
similar preferences in the source domain may have differ-
ent interests in the target domain, emphasizing the need
to capture diverse user intents to filter irrelevant collabo-
rative information. Specifically, a multi-channel graph en-
coder is employed to extract diverse user intents. Then,
multi-step random walks on affinity graphs learn high-order
user similarities under each intent in the source and tar-
get domains. Additionally, we treat one of the domains as
the target domain and propose an intent-wise disentangled
contrastive learning approach to retain user similarity rela-
tionships while explicitly identifying the rationale between
the source and target domains. Experimental results on four
benchmark datasets demonstrate the efficacy of our DisCo.
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