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CD-CDR: Conditional Diffusion-based Item Generation
for Cross-Domain Recommendation

Anonymous Author(s)

ABSTRACT

Cross-domain recommendation (CDR) has emerged as a promis-
ing direction for expanding the applicability of recommendation
systems. Recent advances in CDR have demonstrated the effective-
ness of the unified distribution paradigm, which leverages shared
distributions to transfer knowledge across domains and employ
domain-specific adapters for targeted recommendations. While this
well-designed paradigm shows promising performance, existing
methods require extra supervision signals (e.g. contrastive learning
on domain-masked embeddings) to maintain unified distributions
across domains, leading to an inherent trade-off between unified
objectives and domain-specific preference modeling.

To address these limitations, we propose CD-CDR (Conditional
Diffusion-CDR), a novel approach that leverages a shared condi-
tional diffusion model to learn unified item distributions and fa-
cilitate knowledge transfer across domains. The key insight is to
utilize the powerful generative capabilities of diffusion models to
learn a shared distribution, while naturally incorporating domain-
specific characteristics through conditional generation. This design
enables CD-CDR to replace traditional adapters with generation
conditions as an integral part of the distribution model, thereby
eliminating extra supervision signals and fundamentally resolving
the trade-off between unified and domain-specific objectives. Exten-
sive experiments on six domain pairs from two real-world datasets
demonstrate that CD-CDR significantly outperforms existing meth-
ods for both normal and cold-start settings. To the best of our
knowledge, this is the first work to explore the unified distribution
paradigm in CDR using conditional diffusion models.
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1 INTRODUCTION

In recent years, recommendation systems have played a pivotal
role in improving user experiences across various platforms by
providing personalized content. As the field evolves, Cross-Domain
Recommendation (CDR) [31, 36] has emerged as a promising re-
search direction, aiming to leverage information from different
domains to improve recommendation performance. There are two
types of CDR tasks based on whether the recommended items are
in the same domain as the user: intra-domain and inter-domain
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(a) General Unified Distribution Paradigm (b) Our Conditional Diffusion CDR

Figure 1: Illustration of the unified distribution paradigm for
cross-domain recommendation models and our proposed CD-
CDR, where u° denotes overlap users across two domains.

recommendation [1]. Intra-domain CDR focuses on recommending
items to users in the same domain, where the primary challenge
lies in effectively transferring knowledge from other domains to
enhance recommendation quality in the target domain. In contrast,
inter-domain recommendation aims to recommend items from one
domain to users from other domains, which essentially becomes a
cold-start problem since these users have no interaction history in
the target item domain. Both tasks are fundamental to advancing
recommendation systems, particularly in scenarios where user data
is sparse or distributed across different domains.

To tackle these challenges, existing work has developed two
mainstream paradigms: the embedding & mapping paradigm [11,
15, 21, 27, 38] and the unified distribution paradigm [2, 4, 24, 29].
The embedding & mapping paradigm learns user mapping func-
tions from overlapping users to transfer information across domains.
While extensively explored through various techniques like meta-
learning [38], variational autoencoders [32], and recently diffusion
models [27], this paradigm faces inherent limitations. As noted by
Cao et al. [4], independently pre-trained representations can lead
to domain-specific biases, and the assumption of shared mapping
functions across all users may not hold. In contrast, the unified
distribution paradigm, as shown in the left part of Figure 1, aims
to learn domain-shared user/item representations by considering
interactions from both domains simultaneously, and recommen-
dations in each domain are provided by domain-specific adapters.
This paradigm provides an end-to-end framework for CDR tasks
without assumptions about users in different domains and can be
easily extended to multiple domains without strict constraints about
the source and the target domains. Early-stage research such as
CMEF [24] directly mixes different domain data with the same model.
Recent work has employed various techniques to simultaneously
model the shared knowledge between domains and the behavioral
shift across domains, such as contrastive learning [2, 29], adversarial
learning [6] and information bottleneck [4]. These approaches have
shown promising results in capturing shared knowledge between
domains. However, the unified distribution paradigm is usually
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constrained by extra supervision signals to capture the distribution,
causing a trade-off between unified and domain-specific objectives.

In this paper, we aim to address inter- and intra-domain CDR
tasks simultaneously with the unified distribution paradigm
based on the conditional diffusion model. Recent advances
in generative models, particularly diffusion models [7] provide a
possible new way to model the unified distributions across dif-
ferent domains in inter- and intra-domain CDR tasks. Diffusion
models have demonstrated remarkable capabilities in modeling
complex distributions and generating high-quality samples [17, 23].
Specifically, conditional diffusion models [8, 17, 20] offer a nat-
ural way to describe unified distributions across domains while
maintaining domain-specific characteristics by conditioning for
distribution generations. Furthermore, these models eliminate the
need for extra objectives to avoid modeling domain-specific behav-
iors in the unified distribution, as the conditional input inherently
serves two functions: providing historical context and acting as
domain-specific adapters. However, applying diffusion models to
the unified distribution modeling of CDR presents several unique
challenges: First, unlike traditional applications where diffusion
models generate data in continuous space, recommendation sce-
narios involve discrete user-item interactions, requiring careful
adaptation of the diffusion process. Second, while our goal is to
learn a unified distribution across domains, we must simultane-
ously preserve domain-specific features to ensure personalized and
relevant recommendations. Third, the model needs to effectively
adapt the unified distributions to different domains, particularly
for inter-domain tasks where target domain information is limited.

To leverage the advantages of diffusion models in CDR while
addressing the aforementioned challenges, we propose CD-CDR, an
innovative method that adopts a conditional diffusion model to cre-
ate a unified item distribution across different domains with cross-
domain conditional generation. Our proposed model integrates
historical interactions from both the source and target domains,
balancing their influences to generate potential items of interest
based on the combined behavior patterns. At the core of CD-CDR
is a shared diffusion model that captures item distributions across
domains, facilitating the seamless transfer of user preferences. This
method leverages two key strengths of diffusion models: their abil-
ity to handle noise which reduces the impact of irrelevant domain
information, and their capacity to establish consistent item distribu-
tions across domains. As a result, CD-CDR effectively recommends
items for cold-start users in the target domain by incorporating
historical data from the source domain. To validate the efficacy of
our proposed model, we conducted extensive experiments on six do-
main pairs from two real-world datasets. The experimental results
demonstrate the superiority of CD-CDR over existing cross-domain
and single-domain methods on both inter- and intra-domain tasks,
highlighting its ability to improve recommendation accuracy in
CDR scenarios significantly.

Our contributions can be summarized as follows:

o To the best of our knowledge, this is the first attempt to
explore conditional diffusion models with the unified dis-
tribution paradigm for CDR scenarios.

e We introduce a novel CDR approach, CD-CDR, that natu-
rally incorporates domain-specific characteristics through

Anon.

conditional item generation from a shared diffusion model
depicting a domain-shared item distribution.

e Comprehensive experimental evaluations validate that CD-
CDR outperforms SOTA methods from both existing CDR
paradigms in the inter- and intra-domain CDR tasks.

2 RELATED WORK

2.1 Cross Domain Recommendation

Cross-domain recommendation (CDR) aims to enhance the perfor-
mance of the target domain by utilizing data from other related
domains. Recent surveys [31, 36] divide CDR tasks into inter- and
intra-domain recommendations. For intra-domain recommenda-
tion, the recommended items are in the same domain as the user,
while for inter-domain recommendation, the recommended items
are from a different domain. Specifically, the inter-domain CDR is
also referred to as cold-start user recommendation, because the
target users do not have historical interactions in the domain.

For the intra-domain task, the pioneering study CMF [24] is
naturally based on a unified interaction matrix for both domains
and trains one matrix factorization model for both domains. With
the development of deep learning, various designs of shared deep
layers between domains are developed in the unified distribution
paradigm, including Conet [9], DDTCTR [16], and BiTGCF [19]. In
addition, the attention mechanism is commonly used in the adapters
to generate domain-specific representations from trainable unified
user embeddings [2, 6, 10, 14]. The embedding and mapping
paradigm is also adopted in the intra-domain task. For example,
DTCDR [34] and its variations [35, 37] combine the representations
for overlapped users in both domains for prediction. AFT [6] learns
the feature mappings across domains under a generative adversarial
network. And CUT [15] utilizes user-similarity constraints to filter
useful information for the cross-domain mapping.

For the inter-domain task which focuses on cold-start users, the
embedding & mapping paradigm is widely adopted. The model first
learns the latent factor representation for each domain, and then a
mapping function is trained to establish the relationships between
the latent space of domains, which is further used to map users to
the target domain for cold-start recommendations, such as EMCDR
[21], SSCDR [11], and PTUPCDR [38]. They rely on MLPs or linear
mapping, combined with other user-oriented objectives. Recently,
Diffusion models [27] are also adopted as the mapping function for
inter-domain recommendations.

Among these CDR frameworks, UniCDR [2] explores the initial
attempts to tackle multiple CDR tasks at the same time. Also, by
utilizing domain-masking and contrastive loss, UniCDR encour-
ages the domain-shared aggregator to extract the domain-invariant
information. However, this additional constraint can interfere with
the best recommendations for both domains. Similarly, UCLR [29]
also maintains a global user embedding using a contrastive auto-
encoder and adopts LoRA as the domain-specific adapter.

Inspired by these previous researches, we follow the unified
distribution paradigm to tackle the inter- and intra-domain recom-
mendation tasks concurrently. Unlike existing methods that rely on
traditional neural architectures, we leverage conditional diffusion
models. Diffusion models share the same target between distri-
bution generation and recommendation process, addressing the
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challenge of conflicts between unified and domain-specific objec-
tives in the unified distribution paradigm in CDR. Our innovations
also lie in designing effective domain-related condition genera-
tors, which fully exploit the diffusion model’s capability to model
complex distributions for effective CDR.

2.2 Diffusion Models for Recommendation

The diffusion probabilistic models (DPMs) [7] provide strong theo-
retical guarantees for modeling complex data distributions through
iterative refinement of a noise distribution. It has achieved remark-
able success in various domains such as computer vision and nat-
ural language processing [17, 26]. Recently, researchers have ap-
plied diffusion models to recommendation systems in various ways.
DiffRec [25] utilizes DPMs to model the one-hot user embedding
distribution. It corrupts users’ historical interactions in forward
steps and tries to recover the original interactions. DreamRec [30]
reshapes sequential recommendation as a learning-to-generate par-
adigm using a conditional diffusion model, where the condition
is the history sequence, and the generative goal is the target item.
Here the diffusion model depicts the distribution of item embed-
dings. DPMs are also applied to model the general distribution
of interaction sequences from the user for sequential recommen-
dations [5, 18]. Conditional diffusion models are also applied to
the sequential recommendation scenario [26], where preceding se-
quence representations from another encoder are adopted as the
conditions. A recent model, DiffCDR [27], applies the diffusion
model to CDR tasks. However, it follows the embedding and map-
ping paradigm, and DPMs only work as a more adaptive mapping
function, overlooking the diffusion models’ powerful capability in
modeling complex distributions.

Our CD-CDR aims to achieve a unified item distribution across
domains using conditional DPMs, which mitigates the noise prob-
lem and the cold start problem in both inter- and intra-domains. In
this way, we fully exploit and adapt the power of diffusion models
for cross-domain recommendations.

3 TASK DEFINITIONS

Let U4 and U8 denote the user sets in source domain A and target

domain B respectively, and 74 and 7B denote the corresponding

item sets. For each user u € U4 (or UB), we have their interaction
history HZ' = {i1, iz, ..., in} Where i}, € T4 (or IB).

In cross-domain recommendations, two types of recommenda-
tion tasks are considered:

e Intra-domain recommendation: For target user u € U- , rec-
ommend target items i € 75,

o Inter-domain recommendation: For source user u € U4 with
no historical interactions in domain B, recommend target items
ieB.

Both tasks are commonly adopted in the CDR scenarios. The
intra-domain task evaluates the cross-domain recommenders’ abil-
ity to enhance the target domain recommendations with informa-
tion from other domains, while the inter-domain recommendations
are essential for expanding new users and effective transfer of user
preferences across domains. The inter-domain recommendation
task is particularly challenging as it involves cold-start users who
have no interaction history in the target domain.

SIGIR ’25, July 13-July 18 2025, Padova, Italy

4 MODEL FRAMEWORK
4.1 Model Overview

To address inter- and intra-domain CDR tasks with the unified
distribution paradigm, we develop CD-CDR, an innovative method
that adopts a conditional diffusion model to create a unified item
distribution across different domains. The overall framework of
CD-CDR is shown in Figure 2.

The core component of CD-CDR is a conditional diffusion
model, which is adopted to learn a unified item distribution across
domains. The diffusion model works as the bridge between differ-
ent domains, providing a comprehensive understanding of item
representations. Centered around the diffusion model, CD-CDR con-
sists of three key modules: domain-specific interaction aggregation,
cross-domain condition generator, and item-unified distribution
learning with the diffusion model. The first two modules prepare
the conditions for the diffusion model, ensuring the conditions ex-
press both domain-specific preferences and cross-domain shifts. In
this way, CD-CDR can handle both inter-domain and intra-domain
recommendation tasks. The unified distribution is learned with the
last module, which directly involves the diffusion model.

To be specific, firstly, the domain-specific interaction aggrega-
tion module takes user interaction histories 2 and H2 as input
and outputs aggregated user representations h2 e R4 and hB e R4
for each domain, as shown in Section 4.2. Then, the cross-domain
condition generator, as detailed in Section 4.3, takes aggregated
representations h, hB, as well as domain indicators v4/vp as input.
The output of the generator is domain-aware conditions ¢, or ¢, p.
Finally, the item-unified distribution learning module takes con-
dition ¢, 4 (or ¢,g) and Gaussian noise el.T as input, and generates
the denoised item embedding through the diffusion process defined
in Section 4.4, providing recommendations aware of information
from both domains.

During model training, the final recommendations are generated
by applying these modules sequentially, with a reconstruction loss
(Equation 6) supervising the learning process. In the inference
phase, CD-CDR utilizes the diffused item representations to make
accurate and relevant recommendations by grounding to the target
domain items, which we will discuss in Section 4.5. To summarize,
CD-CDR leverages the strengths of diffusion models, such as their
ability to handle noise and filter out irrelevant domain-specific
information, as well as their capacity to maintain consistent item
distributions. As a result, by incorporating historical interactions
from the source domain, our model can accurately recommend
items for active and new users in the target domain.

4.2 Domain-Specific Interaction Aggregation

When learning unified item distributions across domains, it is cru-
cial to first capture the unique characteristics and behavioral pat-
terns within each domain for users. This is because while we aim
for a unified distribution, the user preferences and interaction pat-
terns can vary significantly between domains. By independently
aggregating interactions from each domain before combining them,
we ensure that domain-specific nuances are preserved and can
be effectively incorporated into the unified distribution through
the conditional diffusion process. This design choice aligns with
our goal of maintaining domain awareness while learning shared
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Figure 2: The CD-CDR model generates unified item distributions across domains with a conditional diffusion model. It includes
three key modules: Domain-specific interaction aggregation, Cross-domain condition generator, and Item-unified distribution

learning with diffusion.

knowledge, without requiring extra supervision signals to balance
domain-specific and unified objectives.

In the domain-specific interaction aggregation module, we in-
dependently aggregate interactions from each domain, thereby
enabling the model to capture domain-specific nuances effectively.
To illustrate, interactions from domain A and domain B undergo
separate aggregation processes, ensuring that the resulting repre-
sentations encapsulate the unique characteristics of each domain.
This approach enables CD-CDR to generate personalized recom-
mendations that cater to the diverse needs of users across different
domains. For each domain d € {A, B}, we aggregate user interac-
tions using a self-attention mechanism. Given a user u’s interaction
history ‘H,f = {i1, i, ..., in} where i € 79, we compute the atten-
tion weights a;; between items i and j:

)

Woe;)(Wgei)T
21 = softmax (M)

Vi

where W, W are learnable projection matrices and dj, is the
dimension of the key vectors. The final aggregated representation
for user u in domain d is:

hd =

> @ij(Wye)) 2
i,jeH?
where Wy is the value projection matrix.

In contrast to existing approaches such as DreamRec, CD-CDR
distinguishes itself through its explicit consideration of cross-domain

dynamics and the incorporation of diffusion-based item distribu-
tion learning. By leveraging the strengths of diffusion and domain-
specific aggregation, CD-CDR offers a unique solution to the chal-
lenges of cross-domain recommendation, enabling more accurate
and personalized recommendations tailored to the preferences of
users across diverse domains.

4.3 Cross-Domain Condition Generator

A key challenge in cross-domain recommendation is effectively
combining information from different domains while maintaining
domain awareness. Traditional approaches often require extra su-
pervision signals to balance unified and domain-specific objectives.
Our cross-domain condition generator addresses this challenge by
leveraging the natural conditioning mechanism of diffusion mod-
els. By using domain indicators and attention mechanisms, we
can guide the diffusion process to generate recommendations that
are both domain-aware and benefit from cross-domain knowledge,
without requiring additional supervision signals or explicit domain
adapters. Depending on the domain d € {A, B} of the target item
i, we have a trainable global domain vector v, as the indicator. It
is worth noting that while target items during training can orig-
inate from either the source or target domains, during inference
we exclusively generate recommendations for items in the target
domain. Given the aggregated user representations h#* and h2 from
both domains, we compute the condition of the diffusion process
through a domain-specific attention mechanism:

cuq = Attention(vg, [hﬁ§h5]) ®)
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where [-;-] denotes concatenation and the attention weights are
computed as:

qk”
Attention(q, k) = softmax (W) k 4)

Here, v serves as the query vector and the concatenated user
representations serve as both key and value vectors. This mecha-
nism allows the model to dynamically adjust the weights assigned
to each domain’s information based on their relevance to the target
domain.

The generated condition vector ¢,y encapsulates both the user’s
preferences and domain-specific characteristics, which is then used
to guide the diffusion process in generating recommendations. By
incorporating both domain indicators and user-specific attention,
the model can effectively balance information from different do-
mains while maintaining domain awareness in the recommendation
process.

4.4 Item Unified Distribution Learning with
Diffusion

The core innovation of our approach lies in using diffusion models
to learn a unified item distribution across domains. Unlike tradi-
tional unified distribution approaches that require extra supervision
signals to maintain consistency across domains, diffusion models
naturally excel at modeling complex distributions and can incorpo-
rate domain-specific information through conditioning. This allows
us to simultaneously capture shared knowledge between domains
while preserving domain-specific characteristics, fundamentally
resolving the trade-off between unified and domain-specific objec-
tives that exist in previous approaches. During training, for each
piece of data log containing a target item i in domain d, we train
the diffusion model to generate this target item based on the user’s
historical interactions from both domains and the domain indicator
d, which is encoded in the condition c,4. Importantly, the target
items can come from either the source or target domains, enabling
the diffusion model to learn a unified distribution that encompasses
items from both domains.

Given a target item embedding e; from domain d, the training
process begins by sampling a diffusion time step t from a uniform
distribution over [1,..., T]. Next, we sample Gaussian noise € ~
N(0,1) and add this noise to the target embedding:

el =Vare; + V1 —are (5)
Then, we sample an indicator with probability p, to determine
whether to use the condition - with probability p,, we remove the
condition by setting it to ®, and with probability 1 — p,, we keep
the condition c,,4. Finally, we compute the reconstruction loss and
perform a gradient update:

2
Lrecon = ||ei —fo (ef, ¢ t)” (6)
where fjy is the model’s prediction function parameterized by 6,
and c is either ¢,y or ® based on the sampled indicator.
The noise schedule is controlled by parameters ; and &;, defined
as:

t
atzl_ﬁt:d't:l_[as (7)
s=1
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where a; are predefined hyperparameters. The reweighted noise
scale factor f; is:
51—

pr=——p (8

1-a

4.5 Item Generation in the Inference Phase

The inference phase is critical for demonstrating the practical value
of our unified distribution approach, particularly for cold-start users
in inter-domain recommendation scenarios. While we train the
model on both domains to learn comprehensive item distributions,
during inference we focus exclusively on generating recommenda-
tions in the target domain. This design choice allows us to leverage
the rich knowledge captured in the unified distribution while en-
suring that recommendations are properly adapted to the target
domain’s characteristics, addressing both intra-domain and inter-
domain recommendation tasks effectively. During inference, we
utilize the user’s historical interactions from both domains, while
fixing the target domain indicator d = B. The model leverages the
learned unified distribution to generate potential items of interest
specifically in the target domain, as we evaluate the recommenda-
tion performance only on the target domain.

The inference process begins by sampling initial noise elT ~
N(0,I). Then, for each time step ¢ from T down to 1, we apply
the reverse diffusion process in two stages. First, we compute the
prediction using both conditional and unconditional models:

ﬁg (ef,cud, t) =(1+w)fy (ef, Cuds t) - wiy (ef,cb, d, t)

where w is a hyperparameter controlling the balance between con-
ditional and unconditional predictions. Next, we update the item
embedding using:

o1 = Vai-1pr

g 1-a

f@ (ef’cud’ t) + Mef + \/EZ (9)

1—a;

where z ~ N(0,1) is a random noise vector.

The final denoised embedding e? represents the generated item
recommendation in the target domain. This process leverages the
unified item distribution learned during training to generate recom-
mendations that are consistent with the target domain while being
conditioned on user preferences through c,4. By learning from
both domains during training but focusing on the target domain
during inference, CD-CDR effectively addresses the challenges of
cross-domain recommendation, enabling high-quality recommen-
dations even for users with no interaction history in the target
domain.

5 EXPERIMENTS

In this section, we validate the proposed CD-CDR model on two
real-world datasets and two CDR tasks: inter-domain and intra-
domain (i.e., cold-start user) recommendations. In both tasks, CD-
CDR is compared against state-of-the-art single and cross-domain
recommenders, including both embedding & mapping and unifying
& adapting paradigms.

Moreover, we compare the learned unified item distributions of
CD-CDR with other baselines. We also indicate the effectiveness of
each module in CD-CDR and its sensitivity to the hyper-parameters.
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Table 1: Dataset statistics. Each pair of domains indicates a
cross-domain recommendation task. The subscript o indi-
cates overlap.

Dataset | Domain |U| |7 #Clicks |U,| | L]
Sport: 35,599 18,358 296,337
ports 3908 704
Amazon Cloth 39,388 23,034 278,677
Video 24,034 10,673 231,780
999 0
Cloth 39,388 23,034 278,677
Douban Music 16,041 40,405 1,140,090 14.000 0
Movie 22,254 27,432 2,760,500 ?

5.1 Experimental Settings

5.1.1 Datasets & Evaluation Metrics. We evaluate our model on
two real-world cross-domain datasets, with three domain pairs in
total. For each pair, we consider both domains as the target domain
alternatively, resulting in six cross-domain recommendation tasks.
The datasets include:

e Amazon!: A large-scale e-commerce dataset with user inter-
actions from multiple domains. We choose two domain pairs,
Cloth&Sports, and Cloth&Video, and conduct cross-domain rec-
ommendations respectively, where Cloth and Sports are more
closely related while Cloth and Video share less common knowl-
edge.

o Douban?: Douban is a music and movie online platform, where
we consider two cross-domain tasks with music and movie as
target/source domains, respectively.

Both datasets are widely used for cross-domain recommendations (2,

3, 15, 19]. As shown in the dataset statistics in Table 1, all do-

main pairs share overlapping users (|U,|). Following the previous

work [15], we transform the ratings into implicit data where each
entry is marked as 0 or 1 according to whether the user has inter-
acted with the item. We filter the dataset to keep users and items
with at least 5 interactions. The source domain is split by 8:2 for
training and validation for fair comparisons with previous CDR

methods with source phases, such as UCLR [29] and CUT [15].

As for the target domain, intra-domain recommendations are con-

ducted with the user history split by the ratio of 8:1:1 for training,

validation, and testing for each user. As for the inter-domain task,
we follow the previous setting [2, 4] where the test set consists of

10% of the overlapping users, whose target domain interactions are

saved for testing.

For evaluation, a full ranking setting is utilized, where the rec-
ommendation is conducted on all items in the datasets. We evaluate
all CDR tasks by HR@10 and NDCG@10 on the target domain;
both are commonly used evaluation metrics.

5.1.2 Compared Baselines. We compare CD-CDR with various

single-domain and cross-domain baselines. Single-domain baselines

are compared in the inter-domain CDR task. They are trained solely

on the target dataset, including the classical MF recommender and

SOTA diffusion-based models:

e MF [13] is the classic matrix factorization model that represents
users and items with latent factors.

!http://jmcauley.ucsd.edu/data/amazon/index_2014.html
Zhttps://recbole.s3-accelerate.amazonaws.com/CrossDomain/Douban.zip

Anon.

o DiffRec [25] corrupts users’ one-hot embedding in forward steps
and tries to recover the original interactions. The recovered user
embedding is then used to calculate dot products with candidate
items.

e DreamRec [30] is one of the SOTA diffusion-based recommenders,
which utilizes history interaction item sequence as the condition
and generates an oracle item from noise prior.

Note that we mainly compare with diffusion-based single-domain

methods since our target is to validate the effectiveness of applying

diffusion models for CDR tasks rather than beating sophisticated
single-domain models.

For cross-domain baselines, we compare our CD-CDR framework
with classical and SOTA algorithms in both inter-domain and intra-
domain CDR tasks. Following previous definitions, the baselines can
be classified into the embedding&mapping paradigm and the unified
distribution paradigm. The baselines with the unified distribution
paradigm include:

o CMF [24] is a widely-used classical cross-domain recommender.
It is MF trained on both domains with different weights in pre-
diction loss.

e UniCDR [2] transfers the most relevant domain-shared infor-
mation across domains by its domain-shared and specific user em-

beddings and encourages the information transfer using interaction-

level contrastive learning.

e UCLR [29] leverages a contrastive dual-stream collaborative
autoencoder to provide consistent embeddings for inactive users
in all domains, thus enhancing the robustness of CDR. It also em-
ploys Low-Rank Adaptation (LoRA) to improve the performance
in each specific domain.

For embedding&mapping paradigms, we compare with:

e CUT [15] induces explicit constraints based on target-domain
user similarities to mitigate negative transfer. CUT is a frame-
work, for the backbone we adopt MF and LightGCN following
the original authors.

e DIiffCDR [28] utilize diffusion models as the mapping function
between user representations across domains, with MF as back-
bone for each domain.

5.1.3 Implementation Details. We implement all models using the
RecBoleCDR [33] library. User history is set to 10 interactions, and
the embedding size is fixed at 64 for all models. We carefully tune
hyper-parameters on all baselines based on the performance of the
validation set. In our proposed CD-CDR, the batch size is 2048, the
learning rate of Adam [12] optimizer is set as 0.001, the diffusion
step is tuned in [1, 10, 100, 1000], the training phase unconditional
sample probability p is 0.1 and the inference phase unconditional
weight factor w is 2. The weight decay is set to 1e-6 for the Amazon
dataset and 1le-7 for Douban after grid search, and the BPR loss
[22] is adopted for both datasets. The open-sourced repository is
released 3.

5.2 Performance on intra-domain CDR

In the intra-domain CDR task, which is the most common task for
CDR [2, 15, 24], both users and items are from the target domain.
Cross-domain models attempt to leverage auxiliary information

3https://anonymous.4open.science/r/CD-CDR-1323
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Table 2: Performance comparisons on the intra-domain CDR for six cross-domain tasks. All experiments are repeated five times,
and * shows statistical significance (paired t-test with p-value < 0.05) compared with the best baselines. The best performances

are in bold, and the second-best results are underlined.

Domain: | Metrics Single Domain Methods Cross Domain Methods Our Method
Dataset | source | (@10) CUT- CD-
MF  DiffRec DreamRec | CMF UniCDR UCLR CUT-MF _. DiffCDR
— Target LightGCN CDR
Cloth Recall 0.0492  0.0613 0.0602 0.0545 0.0624 0.0638 0.0601 0.0653 0.0573 0.0695"
— Sports NDCG 0.0270  0.0312 0.0307 0.0293 0.0340 0.0351 0.0335 0.0364 0.0302 0.0384"
Sports Recall 0.0243  0.0357 0.0377 0.0291 0.0433 0.0426 0.0393 0.0441 0.0298 0.0464"
Amazon — Cloth NDCG 0.0137  0.0198 0.0213 0.0157 0.0239 0.0235 0.0222 0.0252 0.0161 0.0286"
Cloth Recall 0.1153  0.1273 0.1301 0.1194 0.1249 0.1282 0.1275 0.1303 0.1027 0.1341*
— Video NDCG 0.0623  0.0689 0.0692 0.0644 0.0684 0.0693 0.0704 0.0720 0.0625 0.0752"
Video Recall 0.0243  0.0357 0.0377 0.0246 0.0349 0.0374 0.0362 0.0381 0.0253 0.042*
— Cloth NDCG 0.0137  0.0198 0.0213 0.0136 0.0191 0.0210 0.0203 0.0213 0.0143 0.0226"
Movie Recall 0.1004  0.1176 0.1275 0.0944 0.1073 0.1189 0.1238 0.1205 0.0935 0.1244
Douban — Music NDCG | 0.0733  0.0933 0.0962 0.0725 0.0754 0.0927 0.0952 0.0946 0.0719 0.0981
Music Recall 0.1053  0.1278 0.1306 0.0946 0.1095 0.1231 0.1390 0.1393 0.0929 0.1418
— Movie NDCG | 0.0997 0.1469 0.1408 0.1031 0.0994 0.1344 0.1413 0.1437 0.1017 0.1462

Table 3: Performance comparisons on the inter-domain cold-start CDR for six cross-domain tasks. All the notations are the

same as Table 2.

Dataset Domain: Metrics Cross Domain Methods Our Method
Source — Target | (@10) | CMF UniCDR UCLR CUT-MF CUT-LightGCN DiffCDR CD-CDR
Cloth — Sports Recall 0.0954 0.0523 0.0619 0.0975 0.0407 0.1045 0.1172*
NDCG 0.1341 0.0550 0.0734 0.1082 0.0427 0.1436 0.1470
Sports— Cloth Recall 0.0954 0.0655 0.0892 0.0863 0.0149 0.1012 0.1032
Amazon NDCG 0.1341 0.0812 0.1283 0.1216 0.0157 0.1468 0.1535*
Cloth— Video Recall 0.0234 0.0230 0.0205 0.0192 0.0244 0.0238 0.0265"
NDCG 0.0347 0.0346 0.0282 0.0205 0.0372 0.0352 0.0376
Video— Cloth Recall 0.0084 0.0157 0.0136 0.0072 0.0138 0.0113 0.0191*
NDCG 0.0102 0.0206 0.0181 0.0089 0.0150 0.0134 0.0198
Movie— Music Recall 0.0328 0.0319 0.0336 0.0322 0.0317 0.0301 0.0342*
Douban NDCG 0.1345 0.1278 0.1324 0.1303 0.1289 0.1264 0.1398"
Music— Movie Recall 0.0489 0.0466 0.0485 0.0487 0.0432 0.0476 0.0513"
NDCG 0.3070 0.2962 0.2978 0.3034 0.2762 0.3052 0.3300"

from the source domain to enhance target-domain recommendation
accuracy. Meanwhile, single-domain methods can be applied in this
scenario due to the availability of history interactions for users. We
compare our method against both single-domain and cross-domain
baselines, as shown in Table 2.

The results on six intra-domain CDR tasks indicate that our pro-
posed CD-CDR has achieved significant improvements against the
best baselines in most scenarios, especially on four tasks in the
Amazon dataset. For the Amazon datasets, the CUT framework
with the LightGCN backbone is the best baseline due to its explicit
constraint to alleviate negative transfer when transferring source-
domain information. Our method exceeds CUT-LightGCN signif-
icantly by 5.49%, 13.4%, 4.44%, and 6.10% in terms of NDCG@10
for four tasks in the Amazon dataset, respectively. This advantage
of CD-CDR reveals the effectiveness of using the diffusion model
with high representational power to encode items from two do-
mains into a unified distribution. Meanwhile, DreamRec, which
also employs conditional diffusion models, demonstrates impressive

performance, highlighting the effectiveness of diffusing conditions.
However, DiffCDR, which utilizes the diffusion model as the map-
ping function, fails to achieve good performances. It shows the
limitations of adopting diffusion models solely as the mapping
function in CDR. In CD-CDR, the unified distribution paradigm
is adopted with specifically designed conditions for cross-domain
diffusion models, resulting in the best performance.

The Douban datasets are denser, with more interactions in the
target domains. Therefore, the impact of the source domain data is
relatively limited for Douban. Thus, the information from source do-
mains introduced by cross-domain models fails to further improve
target domain performance, and single-domain diffusion-based rec-
ommenders generally achieve superior performances. Our proposed
CD-CDR, while not consistently surpassing single-domain meth-
ods, outperforms all cross-domain baselines, benefiting from its
powerful representation ability for both domains.
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m Directly Mix Domain Data = CD-CDR
Figure 3: Ablation study of the Domain-Specific Aggregator.

5.3 Performance on inter-domain CDR

Inter-domain CDR aims to recommend source-domain items to
target-domain users, presenting a cold-start scenario due to the
absence of historical interactions [31]. This task serves as a crit-
ical testbed for evaluating cross-domain recommenders’ transfer
learning capabilities, while single-domain methods are inherently
inapplicable. Table 3 presents the comparison between CD-CDR
and all cross-domain baselines. Note that as users can have multi-
ple positive interactions in each candidate list, NDCG may exceed
Recall, and the results are incomparable with Table 2.

For this challenging yet valuable CDR task, our proposed CD-
CDR significantly outperforms all existing cross-domain approaches
across various evaluation metrics on most metrics. These improve-
ments underscore the effectiveness of employing a diffusion model
with a high representational capacity to integrate unified item
representations. Furthermore, the domain identifiers, working as
condition generators for the diffusion process, effectively distin-
guish between the behaviors observed in the source and target
domains. This enables CD-CDR to capture nuanced user prefer-
ences across different domains, providing better recommendations
for cold users. Comparing different baselines, Diff CDR, CUT-MF,
and CMF all have impressive performance on the first and last two
tasks. They are all based on the MF backbone, showing the impor-
tance of modeling collaborative information in the inter-domain
CDR task. Despite this, CD-CDR still achieves the best results, indi-
cating that collaborative information can be effectively learned by
the unified item distributions and history-aggregated conditions in
CD-CDR.

Looking into the results for intra- and inter-domain tasks, we find
that neither the embedding & mapping paradigm nor the unified dis-
tribution paradigm consistently outperforms the other. Our method,
CD-CDR, adopts the unified distribution paradigm while address-
ing its main limitation - the trade-off between domain-shared and
domain-specific objectives - through a conditional diffusion model.
Thus, CD-CDR achieves strong performance on both tasks.

5.4 Ablation Study

In this ablation study, we focus on the effectiveness of the condi-
tion generation process in CD-CDR, including the domain-specific

Anon.

0.08 [ntra—domain 0.05 Intra-domain
§§g Cloth — Sports (.04 Sports — Cloth
-05 0.03
0.04
0.03 0.02
0.02
0.01 0.01
0 0
Recall@10  NDCG@10 Recall@10 NDCG@10
0.2 Inter-domain 0.2 Inter-domain
— Sports — Cloth
015 Cloth — Sports 0.15 P
0.1 0.1
0.05 0.05
0 0
Recall@10 NDCG@10 Recall@10 NDCG@10

w/o Domain Specific User Attention ® w/o Domain Indicator = CD-CDR

Figure 4: Ablation study of the Cross-Domain Condition Gen-
erator. w/o is short for “without”.

aggregation module and the cross-domain condition generation
module. All ablation studies are conducted on the Cloth < Sports
domains in Amazon for both inter- and intra-domain CDR tasks.

For the domain-specific aggregation module, we compare with
the variant without modeling the domain-specific user history. To
be specific, the variant mixes historical interactions from both do-
mains into a sequence to generate one representation for each
user, which is called Directly Mix Domain Data. The results in Fig-
ure 3 show that CD-CDR consistently outperforms the Directly Mix
Domain Data variant across all evaluation metrics, indicating the
domain-specific interaction aggregation module plays a crucial role
in enhancing the recommendation performance of CD-CDR. By
independently aggregating interactions from each domain, the ag-
gregation module ensures that the output representations capture
the unique features of each domain, thus enhancing the model’s
ability to generate domain-dependent personalized recommenda-
tions. Directly mixing interactions from both domains compromises
the model’s ability to capture domain-specific user preferences, thus
degrading its overall performance.

Ablation study on the cross-domain condition generator is con-
ducted with two variants: without Domain-specific User Attention
and without Domain Indicator. The domain-specific representations
are directly concatenated for the variant without attention, and the
global indicators are replaced with an all-one vector for the variant
without indicators. Figure 4 shows CD-CDR outperforms its two
variants in almost all tasks and metrics, demonstrating the impor-
tance of our design of attention-based domain indicator condition
generation. Specifically, condition generation without attention
leads to a large performance decrease, indicating the importance
of constructing a condition with distinguishable preferences for
different domains. On the other hand, removing domain indicators
has a limited impact on the performance. This is because the unified
distribution is shared across domains, and the generated represen-
tations from the unified diffusion model will be grounded to the
target domain items in the inference stage. Therefore, CD-CDR
still works under the unified distribution even without the indica-
tor, illustrating the power of the diffusion model for distribution
generation from another perspective.
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(b) Item distribution of CUT-MF

—— source items
target items
—— overlap items

(¢) Item distribution of CD-CDR

Figure 5: Visualization of item distributions from source,
target, and overlap items on CMF, CUT-MF, and CD-CDR.

5.5 Domain Item Distribution Visualization

To illustrate the unified item distribution in CD-CDR, we visual-
ize the item embedding distributions for different domains with
three methods: CMF [24], CUT-MF [15], and our proposed CD-CDR.
The visualization aims to provide a clear comparison of how these
methods handle item embeddings across domains.

In Figure 5, we plot the item embeddings for the Amazon Cloth
—Sports dataset using t-SNE. Both CMF and CUT-MF show dis-
persed item embedding distributions from different domains, espe-
cially for the source domain items. In CMF, items from different
domains are almost completely separated, with overlapping items
primarily in the target domain. As a result, items from different
domains are treated differently, leading to suboptimal recommenda-
tions, especially for cold start users who have no interactions in the
target domain. In CUT-MF, since a mapping function is adopted to
transfer items across domains, the item distributions are overlapped.
However, the source item distribution is dispersed and clustered,
which may lead to challenges in providing accurate recommen-
dations for users who interact with items from multiple domains.
In contrast, our proposed CD-CDR method demonstrates a more
unified and coherent distribution of item embeddings across both
domains. The item embeddings from source and target domains
are more closely aligned, indicating that the diffusion process suc-
cessfully learns a unified representation of item distributions. This
alignment ensures that items from different domains are repre-
sented consistently and coherently, which is crucial for improving
the recommendation performance, especially for cold start users.

5.6 Parameter Sensitivity

To ensure the robustness and effectiveness of our proposed CD-CDR
model, we conducted a parameter sensitivity analysis on the Cloth
—Sports CDR task of the Amazon dataset. This analysis focuses
on two key parameters: the Unconditional Weight Factor and the
Diffusion Step. The results are shown in Figure 6.

The Unconditional Weight Factor controls the influence of uncon-
ditional (i.e., domain-agnostic) information in the recommendation

SIGIR ’25, July 13-July 18 2025, Padova, Italy
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Figure 6: Parameter sensitivity of the Unconditional Weight
Factor and the Diffusion Step.

process. The best performance was observed when the Uncondi-
tional Weight Factor was set to 2, and both larger and smaller
weights led to slightly worse results. However, the differences in
performance between the values were relatively small, indicating
that the model is not highly sensitive to the unconditional weight
parameter. The Diffusion Step determines the number of steps in the
diffusion process, which is critical for the model’s ability to capture
complex interactions and patterns across domains. We evaluated
the model’s performance with different values of the Diffusion Step.
The best performance was achieved when the Diffusion Step was
set to 100. A larger Diffusion Step resulted in significantly worse
performance, likely due to over-diffusion leading to instability and
noise in the recommendations. A Diffusion Step of 100 allows the
model to capture a sufficient amount of interaction complexity
without introducing excessive noise or instability. The poor perfor-
mance at 1000 steps also aligns with the findings in DreamRec [30],
where too many diffusion steps can lead to overfitting and unstable
recommendations.

6 CONCLUSION

In this paper, we propose a new model, CD-CDR, for cross-domain
recommendation (CDR) tasks. To the best of our knowledge, it is
the first attempt to explore the unified distribution paradigm in
CDR scenarios with the conditional diffusion model. CD-CDR gen-
erates conditions for diffusion models based on domain-specific
preferences and cross-domain information, sharing the same tar-
get between diffusion and recommendation processes. Thus, our
proposed approach effectively addresses the long-standing chal-
lenge of conflicts between unified and domain-specific objectives
in the unified distribution paradigm in the CDR scenario. Conse-
quently, CD-CDR applies to both inter-domain and intra-domain
(i.e., cold-start) CDR tasks.

Extensive experiments are conducted on both inter- and intra-
domain tasks with six cross-domain pairs from two real-world
datasets, where our proposed CD-CDR is compared with both state-
of-the-art single and cross-domain baselines. The encouraging re-
sults of CD-CDR overall task settings and datasets highlight its
general efficacy in improving recommendation accuracy in cross-
domain recommendation scenarios. Overall, this study contributes
to advancing the understanding and application of generative mod-
els in CDR systems as distribution generators, paving the way for
more effective and personalized cross-domain recommendations
for users.
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