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Abstract

User cold-start recommendation aims to provide personalized recommendations for users with
extremely limited interaction data, which remains a fundamental challenge in recommender systems.
Existing methods mainly rely on auxiliary information, meta-learning, or sparsity simulation
strategies. However, these approaches often depend heavily on limited observed behaviors and
seldom exploit transferable latent intent patterns embedded in historical interaction data. To address
this issue, we propose an Intent-Guided Diffusion Model (IGDM) for user cold-start
recommendation. The proposed framework consists of three components: an intent extraction
module, an adaptive intent fusion module, and an intent-guided diffusion module. Specifically,
latent intent prototypes are first extracted from historical user interaction sequences to capture
transferable preference patterns. Then, an adaptive intent fusion mechanism dynamically integrates
the limited behavioral features of cold-start users with these intent prototypes according to their
relevance, yielding a more reliable intent-aware representation. Finally, the fused intent
representation is introduced as a conditional signal to guide the diffusion-based denoising process,
allowing sparse and noisy user representations to be progressively refined toward more reliable
preference estimation. Experiments on three real-world datasets, namely MovieLens, Last.FM, and
Yelp, show that IGDM consistently outperforms multiple representative baselines on Recall, NDCG,
and MAP, with more pronounced gains under sparse interaction settings. These results demonstrate
the effectiveness of combining transferable intent modeling with diffusion-based representation

refinement for user cold-start recommendation.
Keywords : User cold-start recommendation; Diffusion model; Intent modeling; Adaptive
fusion; Representation learning

1 Introduction
The primary objective of recommender systems is to identify users’ personalized preferences from
a large pool of candidate items and recommend content that is likely to match their interests, thereby

alleviating the problem of information overload [5,16,39]. In real-world applications, however,



platforms are frequently required to provide recommendations for users who have only a very
limited number of historical interactions due to continuous user influx, business expansion, or short-
term platform growth [32,36]. Such users are commonly referred to as cold-start users. Because
their behavioral signals are sparse and incomplete, accurately modeling their preferences remains a
challenging problem. As a result, user cold-start recommendation has become an important research

topic in recommender systems [14,15,33].
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Figure 1. An illustration of intents hidden in user interactions sequences.

To address this problem, early studies typically relied on auxiliary information, such as user
profiles, item attributes, or side information collected during registration, to compensate for
insufficient behavioral data [3,28]. However, such information is not always available in practical
applications and may also be restricted by privacy constraints [29,44]. To reduce this dependency,
some methods attempt to simulate sparse interaction scenarios and improve robustness under limited
observations. For example, DropoutNet [17] applies dropout to user interaction embeddings to
mimic missing behavioral evidence. Although effective to some extent, this strategy may further
weaken already scarce collaborative signals and thus limit the model’s ability to capture the initial
preferences of cold-start users.

More recently, meta-learning-based methods have been introduced into user cold-start
recommendation [1,40,41]. These methods learn transferable knowledge across multiple tasks and
then rapidly adapt to new users with a small number of interactions. Representative examples
include MeLU, MetaCS, MetaHIN, and TAPN [2,3,7,10]. Such methods have demonstrated
stronger adaptability than traditional approaches. However, their performance still depends on the
quality of limited support interactions. Under extremely sparse conditions, task-level adaptation
may become unstable, and the learned initialization may not be sufficiently reliable for accurately
characterizing new users, especially when their preferences differ from previously observed user
patterns [12,30].

In many real-world recommendation scenarios, user behaviors such as clicks, browsing, and
purchases are often driven by underlying intents [13,42]. For example, purchasing sports equipment
may indicate a fitness-related intent, while browsing hotel or transportation information may reflect

a travel-planning intent. These intents are usually implicit and embedded in interaction sequences



rather than directly observable. As illustrated in Figure 1, user interaction sequences with similar
behavioral patterns can often be grouped together, and each group may correspond to a latent intent
characterized by commonly co-occurring items. Motivated by this observation, recent studies have
introduced intent modeling into recommendation systems. For instance, ICLRec [5] explores intent
distributions within user behavior sequences and incorporates them into sequential recommendation.
IOCRec [38] models user intent from both global and local perspectives to alleviate noise in
contrastive learning, while ICSRec [6] further enhances representation learning through coarse-
grained and fine-grained intent contrastive objectives. Although these methods have shown
promising performance, they are primarily designed for scenarios with relatively sufficient
interactions and do not directly address the severe sparsity issue in user cold-start recommendation.

Meanwhile, diffusion models [19,22,25-27] have demonstrated strong capacity for modeling
complex data distributions in generative learning. Their core idea is to progressively perturb the
original data with noise and then learn a reverse denoising process to recover informative
representations or samples. Owing to this iterative refinement mechanism, diffusion models have
recently been introduced into recommendation systems. Existing studies show that diffusion-based
methods can effectively improve representation learning and capture complex behavioral patterns.
However, most current diffusion-based recommendation approaches mainly focus on behavioral
modeling itself and pay insufficient attention to the latent intent information embedded in historical
interactions. As a result, their ability to recover reliable preference representations may still be
limited under user cold-start settings, where observed behavioral evidence is extremely sparse and
unstable.

From this perspective, two challenges remain insufficiently addressed in existing user cold-start
recommendation methods. First, sparse user behaviors alone are often inadequate for learning stable
and reliable preference representations. Second, although historical users contain transferable intent
patterns, existing methods rarely leverage such intent priors in a way that can effectively guide
representation refinement for cold-start users. Therefore, an effective cold-start recommendation
model should not only exploit limited personalized behaviors, but also introduce transferable intent-
level knowledge to compensate for sparse observations and progressively recover preference-
consistent user representations.

To this end, we propose an Intent-Guided Diffusion Model (IGDM) for user cold-start
recommendation. The proposed framework consists of three key components: an intent extraction
module, an adaptive intent fusion module, and an intent-guided diffusion module. Specifically, we
first extract latent intent prototypes from existing user interaction sequences to capture transferable
preference patterns. Then, an adaptive intent fusion mechanism dynamically integrates the limited
behavioral features of cold-start users with these intent prototypes according to their relevance,
yielding a more reliable intent-aware representation. Finally, the fused intent representation is

incorporated as a conditional signal to guide the diffusion-based denoising process, enabling sparse



and noisy user representations to be progressively refined toward their latent preferences. In this
way, the proposed model jointly exploits transferable intent priors and iterative denoising
refinement, making it particularly suitable for user cold-start recommendation under limited
interaction data.
The main contributions of this work are summarized as follows:
® We propose an intent-guided diffusion framework for user cold-start recommendation. By
integrating intent modeling with diffusion-based representation refinement, the proposed
method improves preference learning under sparse interaction conditions.
® We design an adaptive intent fusion mechanism that dynamically weights latent intent
prototypes according to their relevance to the cold-start user, thereby alleviating the
instability of user representation learning caused by limited behavioral observations.
® We conduct extensive experiments on three real-world datasets. The results show that
IGDM consistently achieves superior performance over multiple representative baselines,
especially under highly sparse interaction settings, demonstrating its effectiveness for user

cold-start recommendation.

2 RELATED WORK

This section reviews the studies most closely related to our work from three perspectives: user cold-
start recommendation, intent-aware recommendation, and diffusion-based recommendation tasks.
2.1 User Cold-Start Recommendation

User cold-start recommendation aims to provide personalized recommendations for new users based
on extremely limited historical interactions [1,4,21,42]. Since cold-start users lack sufficient
behavioral data, accurately modeling their preferences under highly sparse conditions remains a
fundamental challenge in recommender systems [43].

Existing studies on user cold-start recommendation can generally be categorized into two groups.
The first group relies on auxiliary information to compensate for insufficient interaction data. For
example, MeLU integrates user behaviors with side information to estimate user preferences for
cold-start users [2,31], while related graph-based methods propagate preference signals through
user—item interaction graphs in sparse recommendation scenarios [11]. These approaches can be
effective when rich side information is available. However, in many real-world scenarios, auxiliary
information is incomplete or unavailable due to data collection limitations and privacy constraints
[29,44], which restricts the applicability of such methods.

The second group focuses on learning transferable knowledge from existing users. Meta-learning-
based methods and pre-training strategies attempt to improve cold-start recommendation by
transferring knowledge across users or tasks [20]. For instance, metaE constructs a task embedding
space by learning similarities among tasks and enables fast adaptation to new users with only a few
samples [3]. Similarly, DropoutNet simulates cold-start scenarios by randomly dropping part of the
user interaction information during training, thereby improving robustness to sparse inputs [17].

Although these methods enhance adaptability under few-shot conditions, their performance still



heavily depends on the quality of limited observed interactions. Under extremely sparse settings,
the learned representations may remain unstable and insufficient to characterize reliable user
preferences.

In summary, existing cold-start recommendation methods either rely on external auxiliary
information or depend on limited behavioral observations. Both strategies face inherent limitations
under highly sparse conditions. In particular, most existing methods do not explicitly leverage
transferable high-level semantic patterns embedded in historical user behaviors, especially latent
intent structures, which could provide valuable prior knowledge for cold-start users.

2.2 Intent-Aware Recommendation

In recent years, increasing attention has been devoted to intent-aware recommendation due to its
ability to capture deeper latent interest structures beyond explicit behavioral patterns [6,35,36,37].
Unlike traditional recommendation methods that mainly rely on observed interactions, intent-aware
approaches aim to model the underlying motivations that drive user behaviors.

Several studies have explored intent modeling in recommendation systems. For example, ICLRec
models intent distributions within user behavior sequences and incorporates them into a contrastive
learning framework [5]. [OCRec further captures both global and local intent patterns to reduce
noise interference and improve representation quality [39]. Related studies have also shown that
integrating intent information can enhance the discriminative ability and robustness of
recommendation models [30]. These methods demonstrate that latent intent information is
beneficial for recommendation.

However, most existing intent-aware recommendation methods are developed for sequential
recommendation scenarios where users have relatively sufficient interaction histories. Their
effectiveness relies on the availability of sufficiently long behavior sequences to support stable
intent extraction [5,38]. In user cold-start recommendation, by contrast, the target users have
extremely limited interactions, making it difficult to directly infer reliable intent information from
their own behaviors.

Therefore, directly applying existing intent-aware methods to cold-start scenarios is insufficient.
A more suitable direction is to leverage intent patterns learned from existing users and transfer them
to cold-start users as prior knowledge. How to effectively construct and utilize such transferable
intent representations remains an open problem.

2.3 Diffusion Models for Recommendation

Diffusion models progressively corrupt original data with noise and then recover meaningful
samples or representations through a reverse denoising process, demonstrating strong capability in
modeling complex data distributions [8,22,23,27]. In recent years, diffusion models have achieved
remarkable success in image generation, text generation, and related generative tasks [18,24], and
have gradually been introduced into recommender systems.

In recommendation scenarios, existing studies have explored diffusion mechanisms for modeling
user interest evolution and behavioral distributions. For example, Li et al. combined diffusion
processes with Transformer architectures to model the dynamic evolution of user interests for

sequential recommendation [29]. Wang et al. further proposed diffusion-based recommendation



models that improve recommendation efficiency and representation learning by incorporating
temporal information into the diffusion process or by using encoders to reduce vector dimensionality
[28]. These studies suggest that diffusion models possess strong representation optimization
capability in recommendation tasks, especially when dealing with complex and noisy user behavior
distributions.

Nevertheless, most existing diffusion-based recommendation methods mainly focus on
behavioral patterns themselves and seldom explicitly model the latent intent information hidden in
user interaction sequences. For user cold-start recommendation, relying solely on limited interaction
behaviors for diffusion-based modeling may still be strongly affected by data sparsity. Therefore,
integrating latent intent modeling with diffusion-based representation refinement has the potential

to further improve the quality and stability of user representation learning in cold-start scenarios.

3 PRELIMINARIES
3.1 Problem Definition

Let U and V denote the sets of users and items, respectively. For any user u € U and item v €
V, the interaction sequence of user u can be constructed according to the chronological order of
user-item interactions, which is denoted as x, = [x1,x2,...,x?], where x) denotes the item
interacted by user u at the t-th time step, and n represents the length of the user’s historical
interaction sequence.

In user cold-start recommendation, cold-start users generally refer to users who have just entered
the system or have only a few historical interactions. Following the common setting in previous
work [7], we restrict the length of historical interaction sequences for cold-start users to no more
than 20, and denote the interaction sequence of a cold-start user as x.. Given a cold-start user u
and its limited interaction sequence x., the goal of this paper is to learn the user’s latent preference
representation and further predict the next item that the user is most likely to interact with, thereby
generating recommendation results that are consistent with the user’s potential intent.

3.2 Diffusion Model
Diffusion Models (DMs) mainly consist of two parts: a forward noising process and a reverse
denoising process. The core idea is to gradually inject noise into the original sample through the
forward process so that it progressively approaches a simple distribution, and then recover a
representation with the target distribution through the reverse denoising process.
3.2.1 Forward Noising Process
Let the original sample representation be denoted as s;. In the forward diffusion process, the model
gradually adds Gaussian noise to the sample through a Markov chain of length T. The noising
process at step t is defined as

q(se | se-1) :N(St;\/l — Bt 5t—1:ﬁt1): (1)
where f; € (0,1) denotes the noise intensity at step t, and [ is the identity matrix. As the
diffusion steps increase, the sample representation is progressively perturbed by noise and

eventually approaches an isotropic Gaussian distribution.



Based on the additive property of Gaussian distributions, s; can also be directly expressed in terms
of the original sample s, as
se =@ so+J1-ae )

where a;, =1—f;, @ =[I'_;a;, and € ~ N(0,]).
3.2.2 Reverse Denoising Process
Corresponding to the forward process, the reverse process aims to progressively recover a
representation that is closer to the original sample distribution from the noisy representation s;. In
practice, the denoising process is usually modeled by a parameterized neural network, whose
conditional distribution can be written as

Po(St-1 1 5t) = N (st-1; e (St 1), Zo (St 1)), 3)
where pg(-)and Xg(-)denote the mean and variance parameterized by 6, respectively. By
progressively removing noise, the model is able to recover sample representations that are consistent
with the target semantics from a simple noise distribution.

In practical training, diffusion models typically do not directly optimize the complete variational
lower bound. Instead, they adopt a more stable noise prediction objective, in which the neural
network predicts the noise € injected during the forward process and minimizes the mean squared
error between the ground-truth noise and the predicted noise:

Lais = Esyelll € — €g(s0, 1) I17], “)

This objective effectively improves training stability and has therefore been widely adopted in
diffusion-based models.

In this work, we further incorporate user intent information into the denoising process as a
conditional signal, so that the generated user representations can better align with the latent

preference patterns of cold-start users.
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Figure 2. The framework of our proposed IGDM.




Figure 2 illustrates the overall framework of the proposed Intent-Guided Diffusion Model (IGDM).
The model consists of three main components: the intent extraction module, the adaptive intent
fusion module, and the intent-guided diffusion module.

The key idea of IGDM is to improve cold-start user representation learning by introducing
transferable intent priors and refining sparse representations through a conditional diffusion process.
Specifically, the intent extraction module first derives latent intent prototypes from historical user
interaction sequences. Then, the adaptive intent fusion module dynamically integrates the limited
behavioral features of cold-start users with these intent prototypes to construct a more reliable
intermediate representation. Finally, the intent-guided diffusion module progressively denoises and
refines the user representation under the guidance of the fused intent representation, producing a
representation that better aligns with the user’s latent preferences. The optimized representation is
then used for next-item prediction.

4.1 Intent Extraction Module

User interaction behaviors are generally driven by latent intents, which are implicitly embedded in
historical interaction sequences. Users with similar behavior patterns tend to share similar intent
structures, while dissimilar behaviors usually correspond to different latent preference patterns.
Based on this observation, we extract latent intent prototypes from existing user interaction
sequences.

Let x; and x; denote the interaction sequences of users u; and u;, respectively. We first
encode them into dense sequence representations S; and S;. The similarity between two sequences

is measured using cosine similarit:

STs. )
Sim (x;,x,) = ——2
(i, %) IIS; 211 S; 1l

where S; and S; are the sequence representations of users u; and u;, respectively.
Based on the similarity measure, we apply K-means clustering to partition users into Kclusters,
denoted as C = {Cy, C5, ..., Cx}. Each cluster represents a group of users with similar behavioral

patterns and is regarded as a latent intent type. The intent prototype of cluster C; is defined as:

I = 1 ZS Q)
TG4

i€C;

where | C; | denotes the number of users in cluster C;. The set of latent intent prototypes is denoted
as I ={l, L, ..., Ix}.

These intent prototypes summarize transferable preference patterns from existing users and provide
transferable intent priors for cold-start user modeling.

4.2 Adaptive intent fusion module

Cold-start users usually have extremely limited interaction data, making it difficult to obtain reliable

preference representations from observed behaviors alone. To alleviate this issue, we design an



adaptive intent fusion module that incorporates transferable intent prototypes into user
representation learning.

Let S. denote the representation of a cold-start user u.. To adaptively incorporate intent priors,
we first compute the similarity between S. and each intent prototype I, and then obtain

normalized weights through a softmax function:
exp (Sim (S, 1;)/7) (7
K . ’
2z ©XP (Sim (Sc, 1) /7)

ij =

where 7 is a temperature parameter controlling the smoothness of the weight distribution.

The fused intent representation representation z. is then defined as

K ®)
z.=aS,+ (1 - a)ZijIj,
j=1

where « € [0,1] is a balancing coefficient controlling the trade-off between personalized
behavioral features and intent priors. Although a is globally shared, the fusion process remains
adaptive because the contribution of each intent prototype is dynamically determined according to
its similarity to the cold-start user representation.

In this way, the model preserves limited personalized information while adaptively introducing
intent-level prior knowledge. Different cold-start users can therefore receive different prototype
combinations, which provides a more stable and informative conditional representation for the
subsequent diffusion process.

4.3 Intent-Guided Diffusion Module

Although the fused representation already incorporates intent priors, it may still be unstable due
to sparse observations and noisy behavioral signals. To further refine the representation, we design
an intent-guided diffusion module based on the fused intent representation z.. The module consists
of a forward noising process and an intent-guided denoising process.

The motivation is that diffusion modeling performs iterative refinement rather than one-step
reconstruction, which is more suitable for progressively recovering reliable preference
representations from sparse and noisy inputs in cold-start scenarios.

4.3.1 Forward Noising
Let S2 denote the initial representation of the cold-start user. The forward process progressively
adds Gaussian noise through a Markov chain of length T

q(SE1SEY) = N(SEVT = BeSEL B, ©)
where [5; controls the noise scale at step t.

Equivalently, S¢ can be directly sampled from S? as:
St = Ja,S? +/1— ae, (10)

where d, = [];_ (1—§;) and € ~ N (0,1).



4.3.2 Intent-Guided Denoising
In the reverse process, we incorporate the fused intent representation z. as a conditional signal to
guide denoising. A multilayer perceptron (MLP) is used as the noise estimator:
é = €o(Sht,2,), (11)
where €g¢(-) denotes the learnable denoising network parameterized by 6.
To strengthen conditional guidance, we introduce a null intent vector zy and adopt classifier-free
guidance[34]:
€. = (L+w)eg(SE t,z.) —weg(SE t, zp), (12)
where w controls the strength of intent guidance.

The mean of the reverse process is defined as:

o (SE,) = st-—Lt e) (13)

1
\/1—&( CJ1-a
and the denoising step is:
Set = ug(Se,t) +anm ~ V(0,1 (14)
where o,is the variance term at step t.
Through iterative denoising, the model progressively refines the noisy representation, enabling it to
recover preference signals that are more consistent with the user’s latent interests.
4.4 Loss Function
We optimize the diffusion model by minimizing the noise prediction error:
Lairy = Ersoelll € — €9(Se,t,2) I1°], (15)
After obtaining the final user representation h., the matching score between user u, and item
v is computed as:
Jev = hiey, (16)
where e, is the embedding of item v.
We adopt the Bayesian Personalized Ranking (BPR) loss:
Lyec = —Xlog 0(Yev+ — Vev-), (17
where v* and v~denote positive and negative items, respectively.
The final objective function is defined as:
L= Lo + ALygisy, (18)

where A balances recommendation learning and diffusion learning.

5 EXPERIMENTS

In this section, we aim to answer the following research questions:

® RQI: How does IGDM perform compared with existing user cold-start recommendation
methods?

® RQ2: How do different key modules contribute to the overall performance of the model?

® RQ3: How do the key hyperparameters affect model performance?

® RQ4: Can IGDM maintain stable advantages under different cold-start levels?



® RQ5: Beyond recommendation accuracy, can IGDM learn more discriminative user
representations?

5.1 Experimental Setup

5.1.1 Datasets

To comprehensively evaluate the effectiveness of the proposed model, we conduct experiments on

three public datasets: MovieLens-1M, Last.FM, and Yelp.

e MovieLens-1M: This dataset contains users’ movie rating records and provides auxiliary
information such as user attributes and item attributes. It is a widely used benchmark dataset
in recommender system research.

e Last.FM: This dataset records users’ music listening behaviors on the Last.FM platform
and is commonly used to evaluate user interest modeling and sequential recommendation
methods.

e Yelp: This dataset contains user reviews and interaction behaviors with merchants,
covering multiple types of information such as business profiles, user information, and
review contents, and thus has strong practical relevance.

The statistics of the three datasets are summarized in Table 1.
Table 1. Datasets.

Dataset #User #ltem #Interactions
MovieLens 6040 3529 1000209
Last.FM 1872 3846 42346
Yelp 5883 4712 216584

5.1.2 Data Split

We adopt a time-aware data splitting strategy to simulate realistic recommendation scenarios. For
each user, interactions are first sorted chronologically and then divided into training, validation, and
test sets with a ratio of 8:1:1.

To construct the user cold-start setting, we first identify users with limited interaction histories.
Specifically, users whose total number of interactions does not exceed 20 are treated as cold-start
users. For these users, only a small subset of their earliest interactions is used as observed behavior,
while the remaining subsequent interactions are used for evaluation.

Importantly, latent intent prototypes are learned only from training users, and cold-start users are
excluded from the prototype extraction process. This design avoids information leakage and ensures
that the learned intent priors are transferable rather than directly derived from target users.

All evaluations are conducted strictly on interactions that occur after the observed behaviors,
thereby ensuring a fair and realistic cold-start evaluation protocol.

5.1.3 Evaluation Metrics.
User cold-start recommendation can be regarded as a Top-N recommendation task. We adopt three
widely used ranking metrics for evaluation: Recall@ k, NDCG@ k, and MAP@ k.

o Recall@ k measures the proportion of ground-truth interacted items that appear in the

Top-N recommendation list, reflecting the model’s ability to cover user interests.



NDCG@k considers both the relevance of recommended items and their ranked positions,
where a higher value indicates that the ranking order is more consistent with user
preferences.

MAP@k computes the average precision of the recommendation list, reflecting the overall

ranking quality of the model.

In this work, we report Recall@k, NDCG@k, and MAP@k under k =5 and 10.
5.1.4 Baselines

We compare IGDM with three categories of representative baselines, including traditional cold-start

recommendation methods, meta-learning-based cold-start recommendation methods, and sequential

recommendation methods.

Traditional cold-start recommendation methods

GC-MC [45]: GC-MC learns user and item embeddings through graph convolution
operations to capture complex user-item relationships.
DropoutNet [17]: DropoutNet simulates cold-start scenarios by randomly dropping user

interaction information, thereby improving robustness under sparse settings.

Meta-learning-based cold-start recommendation methods

MeLU [2]: MeLU first learns transferable initialization parameters through meta-learning
and then quickly adapts to new users with limited interaction data.

MetaCS [3]: MetaCS improves cold-start recommendation by learning task-level
transferable knowledge in a meta-learning framework.

MetaHIN [10]: MetaHIN leverages rich semantic information in heterogeneous
information networks to provide more accurate prior knowledge for new users.

TAPN [7]: TAPN learns globally shared initialization parameters and then performs local
fine-tuning for cold-start users.

ColdNas [9]: ColdNas employs neural architecture search to dynamically configure user-

specific model structures for prediction.

Sequential recommendation methods

Self GNN [46]: SelfGNN captures high-order collaborative signals in short-term user
behaviors through graph neural networks and combines them with sequential modeling and
contrastive learning to enhance representation robustness.

DCRec [47]: DCRec employs a multi-channel network to model users’ conformity
behaviors in sequential interactions and dynamically strengthens contrastive learning

between sequence encoding and graph-based user interest modeling.

Although recent diffusion-based recommendation models have shown promising results, most of

them are designed for dense interaction scenarios and do not explicitly target user cold-start settings.

Therefore, we focus on comparing with representative cold-start and sequential baselines.
5.2 Overall Comparison (RQ1)

To validate the effectiveness of the proposed IGDM, we compare it with multiple representative

baselines on three public datasets, namely MovieLens-1M, Last.FM, and Yelp. The results are



reported in Table 2, where the best results are highlighted in bold, the second-best results are
underlined, and Improve (%) denotes the relative improvement of IGDM over the best baseline.

Overall, IGDM achieves consistent but moderate improvements over strong baselines across all
three datasets. The gains are more pronounced under sparse interaction conditions, which indicates
that the proposed model is effective in alleviating performance degradation caused by insufficient
behavioral data in cold-start recommendation.

From the perspective of different categories of baselines, traditional methods such as GC-MC
and DropoutNet exhibit relatively weak performance. This is mainly because they rely heavily on
sufficient user-item interaction signals, which are difficult to obtain in cold-start scenarios.

Sequential recommendation methods, including SelfGNN and DCRec, achieve better results by
exploiting structural and sequential information. However, when user interaction sequences are
extremely short, their ability to capture stable behavioral patterns is still limited.

Meta-learning-based methods, including MeLU, MetaCS, MetaHIN, TAPN, and ColdNas,
generally show stronger performance than traditional methods, since they can learn transferable
knowledge across tasks. Nevertheless, under extremely sparse conditions, these methods may still
suffer from unstable adaptation or insufficient support information.

Compared with these baselines, IGDM introduces transferable intent prototypes and further
refines sparse user representations through an intent-guided diffusion process. This design enables
the model to better exploit global behavioral patterns while suppressing the noise introduced by
sparse interactions.

Compared with meta-learning approaches, IGDM avoids unstable task-level adaptation and
instead relies on more stable intent priors. Compared with sequential models, it reduces the
dependency on sequence length. Compared with traditional graph-based methods, it explicitly
models latent preference structures and progressively refines them through denoising.

Overall, the results demonstrate that integrating latent intent modeling with diffusion-based
representation refinement is an effective solution for user cold-start recommendation, especially in

sparse data environments.
Table 2. Overall performance comparison between baselines and IGDM on three datasets. The best results
are highlighted in bold, while the second-best are underlined. Percent improvements (%), indicating the

relative enhancement of IGDM over the best baseline result, are also provided.

N5 N 10 Ri@3 Ri@l0 M5 M) 10 N5 N 10 Ras R 10 M@ 3 M@10 N5 N@l0 R@s R 10 M@3 M@ 10
MovieLens-1M Last.fim Yelp

GC-MC 0.1083 0.1097 0.0223 0.0341 0.0974 0.0973 0.0875 0.0903 0.0107 0.0206 0.0684 0.0798 0.0905 0.1026 0.0153 0.0223 0.0767 0.0687
DropoutNet  0.1173 0.1167 0.0265 0.0407 0.1058 0.1058 0.0881 0.0925 0.0113 0.0251 0.0759 0.0908 0.0021 0.1186 0.0168 0.0249 0.0813 0.0731
DCRec 0.1205 0.1254 0.0273 0.0411 01112 01216 0.0893 0.0929 0.0119 0.0256 00764 0.0917 0.0933 0.1201 0.0175 00257 0.0847 0.0746
MetaHIN 0.1216 0.1281 0.0283 0.0423 01116 0.1219 0.0901 0.0936 0.0125 0.0269 0.0803 0.0953 0.1056 0.1293 0.0193 0.0261 0.0853 0.0753
MelLU 0.1223 0.1285 0.0288 0.0429 01121 0.1233 0.0907 0.0987 0.0129 0.0265 0.0796 0.0987 0.1058 0.1306 0.0209 00277 0.0982 0.1028
TAPN 0.1228 0.1291 0.0291 0.0435 0.1127 01237 0.0912 01011 0.0137 0.0281 00818 0.1035 0.1067 0.1349 0.0212 0.0283 0.103 0.1073
SelfGNN 0.1231 0.1293 0.0295 0.0446 01135 0.1243 0.0918 0.0995 0.0132 0.0276 0.0826 0.1046 0.1075 0.1352 0.0221 0.0294 0.1015 0.1086
ColdNas 0.1237 0.1305 0.0298 0.0441 0.1148 0.1248 0.0927 0.1005 0.0148 0.0287 0.0812 0.1048 0.1132 0.1381 0.0225 00318 0.1023 01176
IGDM 0.1263 0.1356 0.0313 0.0462 0.1167 0.1289 0.0954 0.1047 0.0156 0.0301 0.0843 0.1094 0.1151 0.1436 0.0232 0.0324 0.1064 0.1213
Improve(%) 2.10% 3.91% 5.03% 3.50% 1.66% 3.28% 2.91% 3.56% 5.41% 4.88% 2.06% 4.38% 1.68% 3.98% 3.11% 1.89% 4.01% 3.15%




5.3 Ablation Study (RQ2)
To verify the contribution of each key module to the overall performance, we construct two variant
models and compare them with the full IGDM under the same experimental setting:
e w/o IF (intention-fusion): removing the intent fusion module while retaining only the
diffusion-based representation learning process;
e w/o IG (intent-guided): removing the intent-guided mechanism so that the diffusion
denoising process is no longer constrained by the fused intent representation.

The ablation results are shown in Figure 3.
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Figure 3. Ablation experiments,

It can be observed that removing either component leads to clear performance degradation,
indicating that both modules contribute positively to the final recommendation results.

In particular, removing the intent-guided mechanism causes a larger performance drop. This
suggests that explicit intent guidance plays an important role in stabilizing the diffusion-based
denoising process under sparse inputs and helps the model recover preference representations that
are more consistent with users’ underlying interests.

In addition, removing the intent fusion module also leads to noticeable deterioration. This
indicates that the limited behavioral information of cold-start users is insufficient to directly support
high-quality representation learning. By incorporating transferable intent priors extracted from
existing users, the model can alleviate the instability caused by sparse interactions.

Although we do not explicitly include a variant without the diffusion process, such a comparison

would provide a more direct assessment of the necessity of diffusion-based refinement. Overall, the



ablation study verifies that both the intent fusion module and the intent-guided diffusion mechanism
are beneficial to the proposed framework.

5.4 Hyper-parameter Analysis (RQ3)

To further analyze the sensitivity of the proposed model to key hyperparameters, we investigate the
effects of the diffusion step number T and the intent guidance weight w on model performance. The
experiments are conducted on the MovieLens-1M dataset.

——NDCG@ 10 on ML-1M NDCG@ 10 on Last. FM
=—=NDCG(@ 10 on ML-1M NDCG@ 10 on Last FM 0.14
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Figure 4. Hyper-parameter Analysis.

First, with respect to the diffusion step number T, the results show that model performance first
improves and then declines as T increases, reaching the best performance at around T = 50. This
indicates that an appropriate number of diffusion steps helps the model better capture the latent
structure of the data. However, when the diffusion process becomes too long, the original user
behavioral signal is excessively diluted, which increases the difficulty of recovering useful
information during denoising and thus leads to performance degradation. In contrast, when T is too
small, the injected perturbation is insufficient and the model cannot adequately explore the latent
representation space.

Second, regarding the intent guidance weight w, the results show that model performance steadily
improves as w increases and reaches the optimum at w = 0.1. When w is too small, the model cannot
fully exploit the fused intent representation to constrain the denoising process. On the other hand, if
w is too large, the conditional intent may exert overly strong influence on the generation process,
thereby weakening the preservation of the original behavioral patterns and impairing the quality of
the learned representation.

Overall, under the current experimental setting, the best hyperparameter configuration is achieved
when the diffusion step number is set to T = 50 and the intent guidance weight is set to w = 0.1.
This configuration allows the model to better leverage intent guidance while preserving essential

behavioral characteristics, thereby leading to superior recommendation performance.

5.5 Cold-start Sensitivity Analysis (RQ4)

To further evaluate the recommendation performance of the proposed model under different levels
of cold-start severity, we conduct a cold-start sensitivity analysis on the MovieLens-1M dataset.

Specifically, test users are divided into four levels according to the number of their historical



interactions, as shown in Table 3. Among them, Level 1 represents severely cold-start users, while
Level 4 is closer to a less sparse recommendation setting. This partition provides a finer-grained

view of model behavior under different levels of data sparsity.
Table 3. Cold-start level partition.

Level Interaction range #Test samples
Level 1 [1-5) 300
Level 2 [5-10) 300
Level 3 [10-20) 350
Level 4 [20-50) 350

For comparison, we select three competitive baselines, namely DropoutNet, SelfGNN, and
ColdNas. The results are reported in Table 4.

From the overall trend, as the cold-start level changes from Level 1 to Level 4, all models show
increasing performance in terms of Recall@10, NDCG@10, and MAP@10. This indicates that as
user interaction information becomes richer, all methods are able to learn more sufficient preference
patterns and thus achieve better recommendation results.

More importantly, IGDM achieves the most significant improvements under the highly sparse
settings of Level 1 and Level 2, where user interaction signals are extremely limited. This indicates
that the proposed model is particularly effective when observed behavior is insufficient to support
stable preference estimation.As the number of user interactions increases, the performance gap
between IGDM and strong baselines gradually narrows. This suggests that the advantage of intent-
guided diffusion is most prominent in severe cold-start scenarios, while its relative gain becomes
smaller when richer behavioral information is available.

These results confirm that IGDM is especially suitable for data-scarce cold-start settings, while

still maintaining competitive performance in relatively less sparse conditions.

Table 4. Cold-start sensitivity analysis results.

Cold-start level Model Recall@10 NDCG@10 MAP@10

Level 1 DropoutNet 0.0203 0.0816 0.0907
SelfGNN 0.0221 0.0847 0.0928

ColdNas 0.0257 0.0875 0.0955

IGDM 0.0269 0.0891 0.0965

Level 2 DropoutNet 0.0429 0.1395 0.1267
SelfGNN 0.0448 0.1411 0.1283

ColdNas 0.0457 0.1418 0.1308

IGDM 0.0475 0.1427 0.1327

Level 3 DropoutNet 0.0463 0.1439 0.1616
SelfGNN 0.0501 0.1611 0.1751

ColdNas 0.0498 0.1569 0.1695

IGDM 0.0513 0.1637 0.1789

Level 4 DropoutNet 0.0634 0.1957 0.1579
SelfGNN 0.0835 0.2534 0.2138

ColdNas 0.0731 0.2106 0.1963

IGDM 0.0849 0.2537 0.2154




5.6 Visual Analysis (RQS)

To further analyze the effectiveness of IGDM in user representation learning, we employ t-SNE to
visualize the high-dimensional user representations learned by different models. Specifically, we
compare the representation distributions of ColdNas and IGDM on the Last.FM dataset, and the

results are shown in Figure 5.
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Figure 5. User embeddings visualized by t-SNE. The top row shows the results of ColdNas, while the bottom
row shows the results of IGDM.

More specifically, we randomly sample 200 user representation vectors from each model and project
them into a two-dimensional space for visualization. By comparing the resulting distributions, it can
be observed that the user representations learned by ColdNas are relatively scattered and mainly
form several local clusters. In contrast, the user representations learned by IGDM exhibit a clearer
structural distribution, forming a more compact main cluster while still preserving a certain degree
of boundary separation for users with distinct personalized preferences.

This phenomenon suggests that, under the guidance of the intent-guided diffusion mechanism,
IGDM is able to capture latent similarities among users more effectively while preserving individual
differences, thereby producing more stable and discriminative user representations.

It should be noted that t-SNE is mainly used here for qualitative analysis, and the visualization
results should be interpreted with caution. Overall, the visual results still provide supportive
evidence that IGDM learns representations with a better balance between clustering structure and

personalization, which helps explain its performance gains in recommendation tasks.



6 CONCLUSION

In this paper, we investigate the problem of user cold-start recommendation, where user interaction
data is extremely limited and preference modeling is therefore highly challenging. To address this
issue, we propose an Intent-Guided Diffusion Model (IGDM), which integrates transferable intent
modeling with diffusion-based representation refinement for cold-start user recommendation.

Specifically, the proposed framework first extracts latent intent prototypes from existing user
interaction sequences to capture transferable preference patterns. Then, an adaptive intent fusion
module is introduced to dynamically incorporate these intent prototypes into the representation
learning process of cold-start users according to their relevance, thereby alleviating the instability
caused by sparse behavioral observations. Based on the fused intent representation-aware
representation, an intent-guided diffusion mechanism is further employed to progressively refine
noisy and incomplete user representations through conditional denoising, enabling them to better
reflect users’ latent preferences.

Extensive experiments on three real-world datasets demonstrate that IGDM consistently
outperforms multiple representative baselines in terms of Recall, NDCG, and MAP. The
improvements are especially evident under highly sparse interaction settings, indicating that the
proposed method is particularly effective for severe cold-start scenarios. In addition, ablation studies
confirm that both the intent fusion module and the intent-guided diffusion module contribute
positively to the final recommendation performance.

Although the proposed method achieves promising results, several limitations remain. First, the
current framework focuses only on user cold-start recommendation and has not yet been extended
to item cold-start or more general dual cold-start settings. Second, the intent prototypes are
constructed from historical user behaviors, and their transferability may still be limited when new
users exhibit preference patterns that differ significantly from previously observed groups. Third,
the diffusion-based refinement process introduces additional computational overhead, which may
affect scalability in large-scale recommendation scenarios.

In future work, we will investigate more efficient intent modeling and diffusion mechanisms to
reduce computational cost, and further extend the proposed framework to broader cold-start
recommendation settings.
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