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Abstract
Multi-modal recommenders (MRs) focus on leveraging the item
modality features to facilitate user preferences modeling. Previous
research mainly suffers from two limitations: (1) The pre-trained
modality features are usually extracted by the encoders trained on
general tasks (e.g., text classification), and thus inevitably contain
the recommendation-irrelevant features. (2) Existing modality fu-
sion mechanisms often diminish the contribution of features from
weaker modalities, leading to biased fused representations. To ad-
dress these challenges, we propose a novel Behavior Conditional
Difussionmodel forMulti-Modal recommendation (BCDMM). Specif-
ically, we first design a Behavior Multi-modal Diffusion (BMD)
module to filter the recommendation-irrelevant noise within the
pre-trained modality features. Then, we iteratively denoise the
modality features with the guidance of user behavior signals to
reconstruct the recommendation-related features. Next, we apply
a Multi-modal Graph Fusion (MGF) module to explore the item
modality latent structures. Moreover, we construct a modality fu-
sion graph to capture the cross-modal complementary features for
comprehensively modeling user preferences. Finally, a set of adver-
sarial loss functions is used to balance the preservation of modality-
specific and modality-shared features. Extensive experiments on
three real-world datasets demonstrate the superiority of ourmethod.
We release our code at https://github.com/fanko79/BCDMM2025.
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1 Introduction
Recommender systems primarily rely on the user-item interaction
data to model user preferences. However, historical interactions
are often highly sparse in real-world scenarios, which significantly
limits the model ability to learn effective user and item representa-
tions. With the rapid development of online multimedia platforms,
items are increasingly associated with diverse multi-modal features,
e.g., image, text, and audio. Such multi-modal contents provide ad-
ditional perspectives that can reflect user preferences.

Within the traditional recommendation paradigm, the central
focus of multi-modal recommender systems (MRs) is how to effi-
ciently integrate multi-modal features to learn the representations
of users and items. Early research [5] incorporates visual features
into the matrix factorization models to uncover the latent dimen-
sions that influence user preferences. Subsequently, the attention
mechanism is utilized to disentangle user preferences across dif-
ferent modalities [2, 9, 17]. Moreover, inspired by the success of
graph neural networks, graph-based methods [10, 21, 28, 29] lever-
age graph convolutional networks (GCNs) to propagate modality
features and explore higher-order connections between users and
items. More recently, several methods [16, 20, 22, 30] explore the
integration of self-supervised learning framework into MRs. These
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Figure 1: The performance comparison of different variants
of FREEDOM and BM3 on TMALL. “V” indicates using the
visualmodality, while “T” denotes using the textualmodality.

approaches utilize contrastive learning techniques to align features
across different modalities and produce robust item representations.

Despite the notable progress achieved by recent methods, exist-
ing MRs are still hindered by two core issues: (1) The inherent
noise exists in the pre-trainedmodality features. The modality
features of items are typically generated by the pre-trained encoders
[4, 11, 13, 14] trained on general tasks. Hence, they inevitably con-
tain the recommendation-irrelevant features that can mislead user
preferences modeling [3]. For instance, two visually distinct cloth-
ing items may be mistakenly regarded as similar due to their shared
background or image brightness features [24]. Such features cap-
tured by the pre-trained models are the recommendation-irrelevant
and redundant. (2) Existing modality fusion mechanisms tend
to suppress features from weaker modalities, resulting in
biased fused representations.As shown in Fig. 1, we compare the
performance of BM3 and FREEDOM 1 with incorporating different
modality-related features, i.e., text and image, text only, and image
only. Interestingly, we observe a counter-intuitive performance
ranking: FREEDOM𝑉 > FREEDOM𝑉+𝑇 > FREEDOM𝑇 , BM3𝑉 ≈
BM3𝑉+𝑇 > BM3𝑇 . That is, the corresponding model using only the
visual modality achieves comparable or even better performance
than that leveraging multiple modalities. We argue that this phe-
nomenon is caused by the visual modality dominating the modality
fusion process, leading to the features from the weaker textual
modality being overlooked.

To deal with the above-mentined limitations in MRs, we propose
a novel multi-modal recommendation method, termed Behavior
Conditional Diffusion model for Multi-Modal recommendation
(BCDMM). First, to filter out the recommendation-irrelevant fea-
tures, we propose a behavior multi-modal diffusion module (BMD).
Specifically, we progressively inject Gaussian noise into the modal-
ity embeddings in the forward process. Then, in the reverse process,
we introduce user behavior signals from the interaction graph as
guidance information, which explicitly steer the generation of the
recommendation-related modality features. Then, to address the
issue of biased fusion during multi-modal feature integration, we
propose a Multi-Modal Graph Fusion (MGF) module, which ap-
plies graph convolutions to both modality-specific graphs and the
modality-fusion graph. This allows the model to integrate features
from different modalities, preventing any single modality from be-
coming dominant. Finally, we design a simple yet effective loss
function to balance the preservation of modality-specific features
and the alignment of modality-shared features. We conduct exten-
sive experiments demonstrating that BCDMM outperforms various

1The results are produced according to the public resources from
https://github.com/enoche/BM3 and https://github.com/enoche/MMRec

competitive baselines, with average gains of 3.07% in Recall@20
and 3.57% in NDCG@20, respectively.

2 APPROACH
In this section, we introduce the proposed DAHM model in detail.
The overall framework of our model is shown in Fig. 2.

2.1 PRELIMINARIES
We first provide a formal formulation of the multi-modal recom-
mendation task. Specifically, let U represent the set of users and
I denote the set of items, respectively. The historical interactions
between users and items can be described as a bipartite graph
G = (U,I, E), where each edge (𝑢, 𝑖) ∈ E indicates an observed
interaction. These interactions are recorded by an adjacency matrix
R ∈ R |U |× |I | , where R(𝑢,𝑖 ) = 1 if user 𝑢 has interacted with item 𝑖 ,
and R(𝑢,𝑖 ) = 0, otherwise. Moreover, we represent the ID embed-
dingmatrices of users and items as E𝑖𝑑𝑢 ∈ R |U |×𝑑 and E𝑖𝑑

𝑖
∈ R | I |×𝑑 ,

respectively, where 𝑑 is the embedding dimension. Let e𝑖𝑑𝑢 and e𝑖𝑑
𝑖

denote the ID embedding vectors corresponding to user 𝑢 and item
𝑖 , obtained by indexing into E𝑖𝑑𝑢 and E𝑖𝑑

𝑖
, respectively.

Additionally, each item contains features from both visual and
textual modalities, which we denote as e𝑚

𝑖
∈ R𝑑𝑚 . Here, let 𝑀 =

{𝑣, 𝑡} denote the set of modalities, corresponding to the visual and
textual modalities, respectively. We use𝑚 ∈ 𝑀 to index each modal-
ity. Similarly, the modality feature matrix of all items are repre-
sented as E𝑚

𝑖
∈ R | I |×𝑑𝑚 . The objective of multi-modal recommen-

dation is to learn a function 𝑓 to predict the potential interactions
𝑦𝑢,𝑖 , which can be formulated as 𝑦𝑢,𝑖 = 𝑓 (G, E𝑖𝑑𝑢 , E𝑖𝑑

𝑖
, E𝑚

𝑖
).

2.2 Behavior Multi-Modal Diffusion
In this section, we detail BMD, our designed diffusion-based method
that incorporates user behavior signals to generate the recommendation-
related modality features.

2.2.1 Forward Process. We first align the dimensions of the pre-
trained modality features E𝑚

𝑖
through linear transformations: E𝑚

𝑖
=

W1,𝑚E𝑚
𝑖
, where W1,𝑚 ∈ R𝑑×𝑑𝑚 are learnable parameters. Subse-

quently, in the forward process, we define the initial state of the
modality𝑚 as X𝑚

0 = [E𝑚𝑢 | |E𝑚
𝑖
]. Specially, we generate user modal-

ity feature matrix E𝑚𝑢 by aggregating the features of the items they
have interacted with:

e𝑚𝑢 =
∑︁
𝑖∈N𝑢

1
|N𝑢 |

e𝑚𝑖 , (1)

where N𝑢 denotes the interacted item set of user 𝑢.
After that, we consider a single vector x𝑚0 as a row sampled from

X𝑚
0 , and inject Gaussian noise into it step by step. The same process

is applied to all rows. At each sampled diffusion timestep 𝑡 , the
noisy modality embeddings x𝑚𝑡 are generated as follows:

𝑞(x𝑚𝑡 |x𝑚𝑡−1) = N
(
x𝑚𝑡 ;

√︁
1 − 𝛽𝑡 x𝑚𝑡−1, 𝛽𝑡 I

)
, (2)

where 𝑡 ∈ {1, . . . ,𝑇 } is the diffusion timestep, 𝛽𝑡 ∈ (0, 1) is the
variance schedule controlling the noise injection, and N is the
Gaussian distribution. Moreover,

√︁
1 − 𝛽𝑡 x𝑚𝑡−1 represents the mean,

and 𝛽𝑡 I is the variance term with isotropic Gaussian noise.
2
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Figure 2: The framework of BCDMM.

In practice, we derive x𝑚𝑡 from x𝑚0 using the reparameterization
[7] and the additivity property of independent Gaussian noises:

𝑞(x𝑚𝑡 |x𝑚0 ) = N
(
x𝑚𝑡 ;

√
𝛼𝑡x𝑚0 , (1 − 𝛼𝑡 )I

)
, (3)

where 𝛼𝑡 = 1 − 𝛽𝑡 and 𝛼𝑡 =
∏𝑡

𝑡 ′=1 𝛼𝑡 ′ . Then, we derive that x
𝑚
𝑡 =√

𝛼𝑡 x𝑚0 +
√

1 − 𝛼𝑡 𝜖 , where 𝜖 ∼ N(0, I). Next, we adopt a shared
variance schedule 𝛽𝑡 to ensure training stability across modalities:

𝛽𝑡 = [𝛽𝑚𝑖𝑛 + 𝑡 − 1
𝑇 − 1

(𝛽𝑚𝑎𝑥 − 𝛽𝑚𝑖𝑛)], 𝑡 ∈ {1, . . . ,𝑇 }, (4)

where 𝛽𝑚𝑎𝑥 and 𝛽𝑚𝑖𝑛 are hyperparameters controlling the mini-
mum and maximum noise levels at each diffusion step, respectively.
Therefore, at the final diffusion step 𝑡 = 𝑇 , we obtain the noised
modality features x𝑚

𝑇
as the result of the forward process.

2.2.2 Reverse Process. After getting the corrupted modality fea-
tures x𝑚

𝑇
, we iteratively filter out the recommendation-irrelevant

features in the reverse process, which can be formulated as:

𝑝𝜃 (x̂𝑚𝑡−1 |x̂
𝑚
𝑡 ) = N(x̂𝑚𝑡−1; 𝜇𝜃 (x̂𝑚𝑡 , 𝑡), Σ𝜃 (x̂𝑚𝑡 , 𝑡)), (5)

where x̂𝑚𝑡 is the denoised modality features in the reverse step
𝑡 , 𝜇𝜃 (x̂𝑚𝑡 , 𝑡) and Σ𝜃 (x̂𝑚𝑡 , 𝑡)) are the mean and covariance. 𝜃 is the
learnable parameters of the neural network to predict the reverse
distribution. Then, we execute this process iteratively for 𝑇 steps
to generate the final recommendation-related features x̂𝑚0 . Next,
we provide a detailed description of the modality denoising module
and the behavior condition used to guide the reverse process.
•Modality Denoising Module. As illustrated in Eq. (5), the main
focus of the reverse process is to obtain reliable 𝜇𝜃 (x̂𝑚𝑡 , 𝑡) and
Σ𝜃 (x̂𝑚𝑡 , 𝑡)) for guiding the denoising process. To achieve this, we
align the distribution 𝑝𝜃 (x̂𝑚𝑡−1 |x̂

𝑚
𝑡 ) with the posterior distribution

𝑞(x𝑚
𝑡−1 |x

𝑚
𝑡 , x𝑚0 ). Naturally, we can use 𝑞(x𝑚

𝑡−1 |x
𝑚
𝑡 , x𝑚0 ) to constrain

𝑝𝜃 (x̂𝑚𝑡−1 |x̂
𝑚
𝑡 ). This process is derived from Bayes’ theorem:

𝑞(x𝑚𝑡−1 |x
𝑚
𝑡 , x𝑚0 ) = N(x𝑚𝑡−1, 𝜇̃𝑡 (x

𝑚
𝑡 , x𝑚0 ), 𝛽𝑡 I), where{

𝜇̃𝑡 (x𝑚𝑡 , x𝑚0 ) =
√
𝛼𝑡 (1−𝛼𝑡−1 )

1−𝛼𝑡 x𝑚𝑡 +
√
𝛼𝑡−1 (1−𝛼𝑡 )

1−𝛼𝑡 x𝑚0
𝛽𝑡 =

(1−𝛼𝑡 ) (1−𝛼𝑡−1 )
1−𝛼𝑡

,
(6)

where 𝜇̃𝑡 (x𝑚𝑡 , x𝑚0 ) and 𝛽𝑡 are themean and covariance of𝑞(x𝑚
𝑡−1 |x

𝑚
𝑡 ,

x𝑚0 ), respectively. After obtaining the 𝑞(x𝑚
𝑡−1 |x

𝑚
𝑡 , x0), we can simi-

larly factorize 𝑝𝜃 (x̂𝑚𝑡−1 |x̂
𝑚
𝑡 ):

𝑝𝜃 (x̂𝑚𝑡−1 |x̂
𝑚
𝑡 ) = N(x̂𝑚𝑡−1; 𝜇𝜃 (x̂𝑚𝑡 , 𝑡), 𝛽𝑡 𝐼 ), where

𝜇𝜃 (x̂𝑚𝑡 , 𝑡) = 1
√
𝛼𝑡

(
x̂𝑚𝑡 − 𝛽𝑡√

1 − 𝛼𝑡
𝑓𝜃 (x̂𝑚𝑡 , 𝑡)

)
.

(7)

Here, 𝑝𝜃 (x̂𝑚𝑡−1 |x̂
𝑚
𝑡 ) serves as a parameterized approximation of

Eq. (6). Since the true 𝜇̃𝑡 (x𝑚𝑡 , x𝑚0 ) depends on the x𝑚0 , which is un-
known in the reverse process, we construct 𝑓𝜃 (·) by the multi-layer
perceptron(MLP) to guide the generation of the recommendation-
related modality features x̂𝑚0 .
• Behavior Condition. As shown in Eq. (7), we use the sinusoidal
function in [19] to encode the timestep 𝑡 into a high-dimensional
vector s𝑡 ∈ R𝑑𝑡 . However, our goal is not to reconstruct the original
pre-trained features x𝑚0 [25]. Instead, we aim to only recover the
recommendation-relevant parts that truly reflect user preferences.
Therefore, we incorporate user behavior signalsH𝑖𝑑 as an additional
conditional signal. As a result, Eq. (7) can be rewritten as:

𝜇𝜃 (x̂𝑚𝑡 , 𝑡) = 1
√
𝛼𝑡

(
x̂𝑚𝑡 − 𝛽𝑡√

1 − 𝛼𝑡
𝑓𝜃 (x̂𝑚𝑡 , h𝑖𝑑 , s𝑡 )

)
. (8)

Here, h𝑖𝑑 denotes the row in H𝑖𝑑 corresponding to the given in-
dex. Specifically, H𝑖𝑑 is obtained from the ID-corresponding user

3
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interaction graph via a simplified graph neural network [6]:

H𝑖𝑑 =
1

𝐿 + 1

𝐿∑︁
𝑙=0

E𝑖𝑑
𝑙
,

E𝑖𝑑
𝑙

=

(
D− 1

2 AD− 1
2
)
E𝑖𝑑
𝑙−1,

(9)

whereA =

[
0 R
R𝑇 0

]
,D is the degree matrix ofA, and 𝐿 denotes the

number of propagation layers. The initial matrix E𝑖𝑑0 = [E𝑖𝑑𝑢 | |E𝑖𝑑
𝑖
] ∈

R( |U |+|I | )×𝑑 is the concatenation of user and item ID embedding
matrices. Thus, H𝑖𝑑 provides strong preference signals derived
from user-item interactions, which steers the generation of the
recommendation-relevant features.

2.2.3 Reconstruction Optimization. The optimization of the diffu-
sion model focuses on minimizing the distribution difference be-
tween 𝑞(x𝑚

𝑡−1 |x
𝑚
𝑡 , x𝑚0 ) and 𝑝𝜃 (x̂𝑚𝑡−1 |x̂

𝑚
𝑡 ). Therefore, the evidence

lower bound of the x̂𝑚0 can be optimized via KL divergence. In detail,
we refer to this objective as the behavior condition diffusion loss
L𝐵𝐶𝐷 , which can be formulated as follows:

L𝐵𝐶𝐷 =
1
|𝑀 |

|𝑀 |∑︁
𝑚∈𝑀

E𝑞 [| |x𝑚0 − 𝑓𝜃 (x̂𝑚1 , h𝑖𝑑 , s1) | |22], (10)

where |𝑀 | denotes the number of modalities. Therefore, we
obtain the denoised modality features x̂𝑚0 = 𝑓𝜃 (x̂𝑚1 , hid, s1), and
X̂𝑚

0 ∈ R( |U |+|I | )×𝑑 is constructed by stacking all x̂𝑚0 vectors as
rows.

However, such an objective L𝐵𝐶𝐷 may not be appropriate, since
x𝑚0 inevitably contains the recommendation-irrelevant noise. Our
goal is to push x̂𝑚0 not to the noisy x𝑚0 , but to an ideal version x̄𝑚0
that better reflects user-intent semantics. Therefore, we approxi-
mate x̄𝑚0 by contrasting different modality views that are grounded
in the same user-item interaction context. Specifically, we refer to
this objective as the behavior-aligned contrastive loss L𝐵𝐶𝐿 , which
can be computed as follows:

L𝐵𝐶𝐿 = L𝑢
𝐵𝐶𝐿 + L𝑖

𝐵𝐶𝐿, where
L𝑢

𝐵𝐶𝐿
= −∑|𝑀 |

𝑚∈𝑀 log exp(sim(Z𝑚𝑢 ,Z𝑚
′

𝑢 )/𝜏 )∑
𝑣∈U exp(sim(Z𝑚𝑢 ,Z𝑚

′
𝑢 )/𝜏 )

L𝑖
𝐵𝐶𝐿

= −∑|𝑀 |
𝑚∈𝑀 log

exp(sim(Z𝑚
𝑖

,Z𝑚
′

𝑖
)/𝜏 )∑

𝑣∈I exp(sim(Z𝑚
𝑖

,Z𝑚
′

𝑖
)/𝜏 )

Z𝑚𝑢 = A𝑢,∗E𝑖𝑑𝑢 , Z𝑚
𝑖

= A∗,𝑖E𝑚𝑖 ,

(11)

where A is the adjacency matrix in Eq. (9), A𝑢, ∗ and A∗, 𝑖 denote
its first |U| and last |I | rows, respectively, sim(·) is the similarity
function, and 𝜏 is a hyperparameter. Thus,L𝐵𝐶𝐿 provides structural
supervision for x𝑚0 by maximizing modality-shared features.

2.3 Multi-Modal Graph Fusion
In this section, we explicitly feed the denoised modality features
into the multi-modal graph fusion (MGF) module to generate final
user and item representations.

2.3.1 Multi-Modal Graph Construction. Following [26, 27], we
build themodality-specific item-item affinity graphs S𝑚 ∈ R | I |× |I | :

S𝑚𝑖,𝑗 =
(e𝑚
𝑖
)𝑇 e𝑚

𝑗

| |e𝑚
𝑖
| | | |e𝑚

𝑗
| | . (12)

Here, e𝑚
𝑖
and e𝑚

𝑗
denote the 𝑖-th and 𝑗-th rows of items modality

feature matrix E𝑚
𝑖
, respectively. Moreover, following [26, 29], we

perform 𝑘NN sparsification [1] to prune unimportant edges:

¥S𝑚𝑖,𝑗 =
{

S𝑚
𝑖,𝑗

, S𝑚
𝑖,𝑗

∈ top-𝑘𝑚 (S𝑚
𝑖,∗),

0 , otherwise.
(13)

Here, for each row of the modality-specific matrix S𝑚 , we retain
the top-𝑘𝑚 largest values and set the remaining entries to zero.

Moreover, to mitigate the issue of dominant modalities suppress-
ing weaker ones, we construct a modality fusion graph that adap-
tively balances the contribution of modality-specific graphs using
a harmonic mean. In detail, the process is formulated as follows:

¥S𝑓
𝑖, 𝑗

=
|𝑀 |∑ |𝑀 |

𝑚∈𝑀
1
¥S𝑚
𝑖,𝑗

. (14)

Therefore, ¥𝑆 𝑓
𝑖, 𝑗

preserves the inherent characteristics of each modal-
ity while preventing any single one from dominating the others.

2.3.2 Multi-Modal GraphConvolution. After building themodality-
specific and fusion graphs, we distill the recommendation related
features x̂𝑚0 with the guidance of ID embeddings as follows[24]:

E𝑖,𝑚 = 𝑓𝑚𝑔𝑎𝑡𝑒 (E𝑖𝑑𝑖 , X̂𝑚
0,𝑖 ) = E𝑖𝑑𝑖 ⊙ 𝜎 (W2,𝑚X̂𝑚

0,𝑖 + b2,𝑚),

E𝑖,𝑓 = 𝑓
𝑓
𝑔𝑎𝑡𝑒 (E

𝑖𝑑
𝑖 , X̂𝑓

0,𝑖 ) = E𝑖𝑑𝑖 ⊙ 𝜎 (W3,𝑓 X̂
𝑓

0,𝑖 + b3,𝑓 ),

X̂𝑓

0,𝑖 =
|𝑀 |∑︁

𝑚∈𝑀
𝛾𝑚X̂𝑚

0,𝑖 .

(15)

Here,W∗ ∈ R𝑑×𝑑 and b∗ ∈ R𝑑 are learnable parameters, and 𝜎 is
the sigmoid nonlinearity. Then, X̂𝑚

0,𝑖 denotes the last |I | rows of
X̂𝑚

0 , and 𝛾𝑚 is a set of learnable parameterized vectors. Next, we
employ a aggregation operation on E𝑖,𝑚 and E𝑖,𝑓 as follows:

Ē𝑖,𝑚 = ¥S𝑚E𝑖,𝑚, Ē𝑖,𝑓 = ¥S𝑓 E𝑖,𝑓 . (16)

Next, we can obtain the user modality features ē𝑢,𝑚 and ē𝑢,𝑓 by
aggregating neighborhood item modality features as follows:

ē𝑢,𝑚 =
∑︁
𝑖∈N𝑢

1√︁
|N𝑢 | |N𝑖 |

ē𝑖,𝑚, ē𝑢,𝑓 =
∑︁
𝑖∈N𝑢

1√︁
|N𝑢 | |N𝑖 |

ē𝑖,𝑓 , (17)

whereN𝑢 andN𝑖 denote the neighborhoods of𝑢 and 𝑖 , respectively.
We stack ē𝑢,𝑚 and ē𝑢,𝑓 row-wise to obtain Ē𝑢,𝑚 and Ē𝑢,𝑓 , and then
form Ē𝑚 = [Ē𝑢,𝑚 | |Ē𝑖,𝑚] and Ē𝑓 = [Ē𝑢,𝑓 | |Ē𝑖,𝑓 ]. Further, we distill
modality features using behavior signals H𝑖𝑑 via a gate function:

P𝑚 = 𝜎 (W4,𝑚H𝑖𝑑 + b4,𝑚),
P𝑓 = 𝜎 (W5,𝑓 H𝑖𝑑 + b5,𝑓 ),

(18)

where W∗ ∈ R𝑑×𝑑 and b ∈ R𝑑 are learnable parameters, and 𝜎

denotes the sigmoid nonlinearity. Additionally, we compute the
weight scores of Ē𝑚 through attention mechanism [19, 24]:

Ē𝑚 =

|𝑀 |∑︁
𝑚∈𝑀

𝛼𝑚 Ē𝑚

𝛼𝑚 = Softmax(qT𝑚tanh(W4,𝑚 Ē𝑚 + b5,𝑚)),

(19)
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Table 1: Statistics of experimented datasets.

Dataset Baby Sports TMALL

User 19445 35598 13104
Item 7050 18357 7848

Interaction 160792 23033 151928

Density 0.117% 0.045% 0.148%

where q𝑚 ∈ R𝑑 is the attention vector. Finally, we obtain the overall
multi-modal features ¥E𝑚 as follows:

¥E𝑚 =
1
|𝑀 |

|𝑀 |∑︁
𝑚∈𝑀

(
Ē𝑚 ⊙ P𝑚

)
+ (Ē𝑓 ⊙ P𝑓 ) + H𝑖𝑑 . (20)

2.3.3 Modality-specific Optimization. Before the final fusion stage,
we maximizes the difference between modalities by the modality-
specific loss L𝑆𝑝𝑒𝑐𝑖 𝑓 𝑖𝑐 , which can be formulated as:

L𝑆𝑝𝑒𝑐𝑖 𝑓 𝑖𝑐 = −||𝛿 ⊙ |Ē𝑚 − Ē𝑚′ | | |, 𝑚 ≠𝑚′, (21)

where 𝛿 is a node-level learnable parameter that adaptively controls
the contribution of each modality pair.

2.4 Optimization and Prediction
Based on the denoising diffusion features X̂𝑚

0 from the BDMmodule
and the multi-modal features ¥E𝑚 from the MGF module, we form
the final representations of users and items as follows:

¥E𝑢 = ¥E𝑢,𝑚 + 𝛼X̂𝑚
0,𝑢 , ¥E𝑖 = ¥E𝑖,𝑚 + 𝛼X̂𝑚

0,𝑖 , (22)

where 𝛼 is a hyperparameter. Next, to strike an approximate balance
between modality-specific features and modality-shared features,
we introduce an adversarial optimization objective by combining
L𝑆𝑝𝑒𝑐𝑖 𝑓 𝑖𝑐 and L𝐵𝐶𝐿 :

L𝑀𝑜𝑑𝑎𝑙𝑖𝑡𝑦 = 𝜆1L𝑆𝑝𝑒𝑐𝑖 𝑓 𝑖𝑐 + 𝜆2L𝐵𝐶𝐿, (23)

where 𝜆1 and 𝜆2 are hyperparameters. Specifically, L𝑀𝑜𝑑𝑎𝑙𝑖𝑡𝑦 in-
troduces a soft adversarial regularization that achieves a better
trade-off between modality-specific and modality-shared features.
Next, we use the inner product to predict the likelihood of inter-
action, i.e., 𝑦 = ¥e𝑢 · ¥e𝑖⊤, where ¥e𝑢 ∈ ¥E𝑢 and ¥e𝑖 ∈ ¥E𝑖 . Moreover, we
employ the BPR Loss [15] as follows:

L𝐵𝑃𝑅 =
∑︁

(𝑢,𝑖+,𝑖− )
− log

(
Sigmoid

(
𝑦𝑢,𝑖+ − 𝑦𝑢,𝑖−

) )
, (24)

where 𝑖+ and 𝑖− denote the positive and negative samples for user
𝑢, respectively. The final loss function is formulated as follows:

L = L𝐵𝑃𝑅 + L𝑀𝑜𝑑𝑎𝑙𝑖𝑡𝑦 + 𝜆3L𝐵𝐶𝐷 + 𝜆4∥Θ∥2
2, (25)

where 𝜆3 and 𝜆4 are hyperparameters. Additionally, the last term
∥Θ∥2

2 represents the weight decay regularization against overfitting.

3 Experiments
We validate the effectiveness of our proposed BCDMM by address-
ing the following research questions: 1) RQ1: How dose the per-
formance of BCDMM compare with various competitive baselines?
2) RQ2: What is the contribution of different components within
the BCDMM? 3) RQ3: What is the impact of the recommendation-
related modality features generated by BMD?

3.1 Experimental Settings
3.1.1 Datasets. Experiments are conducted on three real-world
multi-modal recommendation datasets: Baby, Sports and TMALL.
The items in these datasets contain both textual and visual modality
features. The statistics of three datasets are summarized in Table 1.

3.1.2 Baselines Methods. To comprehensively evaluate the superi-
ority of our proposed BCDMM, we compared it with various com-
petitive baselines from different research lines, including: (1) GCN-
based General Recommender: LightGCN [6]; (2) GCN-based Multi-
modal Recommenders: MMGCN [23], LATTICE [26], BM3[30],
FREEDOM[29], MGCN [24] and LGMRec [28]; (3) Diffusion-based
Mulitimodal Recommenders: MCDRec [12] and DiffMM [8].

3.1.3 Evalution Protocols & Parameter Settings. Due to the length
of the article limitation, the details are shown in the released code.

3.2 Overall performance(RQ1)
Overall comparison results between BCDMM and the baselines are
summarized in Table 2, from which we find some key observations:

(1) The leverage of multi-modal features can improve per-
formance in most cases. In general, multi-modal methods out-
perform recommenders that solely rely on interaction data (e.g.,
LightGCN), indicating that the introduction of item modality fea-
tures can boost performance. However, some GCN-based methods,
such as MMGCN, underperform compared to LightGCN, especially
on the TMALL dataset. These results indicate the existence of the
recommendation-irrelevant features in pre-trained modality fea-
tures. Although FREEDOM and LGMRec reduce modality noise
by mining item-modality latent connections and modeling user
global interests, their performance remains inferior to our proposed
BCDMM, as they do not directly denoise modality features.

(2) The learning of modality fusion view has always been
overlooked. Specifically, most GCN-based methods carefully con-
struct modality-specific graphs to explore modality-specific user
preferences, which to some extent overlooks the learning of cross-
modal complementary features. In multi-modal recommendation
scenarios, modeling user preferences requires integrating multi-
ple modalities for a more comprehensive understanding. Although
there are methods like DiffMM that capture such cross-modal user
preferences through contrastive learning, they still lack direct learn-
ing of the modality fusion view. In contrast, our proposed BCDMM
constructs a modality fusion graph through a harmonic mean oper-
ation, directly mining the high-order cross-modal connections.

(3) BCDMM outperforms all competitive baselines in three
datasets in terms of all metrics. Specifically, compared to the
best-performing baseline, BCDMMachieves improvements of 3.40%,
2.44%, and 3.36% in Recall@20 on Baby, Sports, and TMALL, respec-
tively, and improvements of 2.97%, 2.62%, and 5.11% in NDCG@20.

3.3 Ablation Study (RQ2)
In this section, we validate the effectiveness of key components in
BCDMM. The results are presented in Table 3.

(1) Thew/o BMD variant removes the behavioral multi-modal dif-
fusion module, leading to a notable performance drop compared to
BCDMM, highlighting the need to filter recommendation-irrelevant
noise from pre-trained modality features. Prior works apply graph
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Table 2: Overall performances of BCDMM and other baselines on three datasets in terms of Recall@10, Recall@20, NDCG@10
and NDCG@20. Our method and the best-performed baseline are highlighted with bold and underlined, respectively.

Models
Baby Sports TMALL

R@10 R@20 N@10 N@20 R@10 R@20 N@10 N@20 R@10 R@20 N@10 N@20

LightGCN 0.0463 0.0750 0.0253 0.0327 0.0557 0.0853 0.0303 0.0379 0.0233 0.0349 0.0130 0.0162
MMGCN 0.0413 0.0649 0.0217 0.0276 0.0382 0.0625 0.0200 0.0263 0.0094 0.0159 0.0046 0.0064
LATTICE 0.0550 0.0848 0.0292 0.0369 0.0651 0.0966 0.0354 0.0436 0.0234 0.0350 0.0136 0.0168

BM3 0.0531 0.0859 0.0283 0.0367 0.0638 0.0967 0.0347 0.0432 0.0191 0.0311 0.0105 0.0137
FREEDOM 0.0631 0.1000 0.0333 0.0428 0.0724 0.1096 0.0394 0.0489 0.0212 0.0340 0.0113 0.0148
MGCN 0.0620 0.0964 0.0339 0.0427 0.0729 0.1106 0.0397 0.0496 0.0252 0.0387 0.0139 0.0176
LGMRec 0.0643 0.0987 0.0349 0.0438 0.0724 0.1075 0.0392 0.0483 0.0252 0.0381 0.0136 0.0171
MCDRec 0.0556 0.0871 0.0299 0.0381 0.0621 0.0957 0.0341 0.0428 0.0198 0.0322 0.0105 0.0140
DiffMM 0.0602 0.0932 0.0324 0.0408 0.0703 0.1076 0.0381 0.0477 0.0229 0.0368 0.0118 0.0156
BCDMM 0.0661 0.1034 0.0355 0.0451 0.0756 0.1133 0.0412 0.0509 0.0267 0.0400 0.0148 0.0185

Improv. 2.72% 3.40% 1.72% 2.97% 3.70% 2.44% 3.79% 2.62% 5.95% 3.36% 6.47% 5.11%

Table 3: Ablation study results on different datasets.

Datasets Variants R@10 R@20 N@10 N@20

Baby
w/o BMD 0.0605 0.0963 0.0327 0.0419
w/o FG 0.0519 0.0835 0.0280 0.0361
w/o L𝑀𝑜𝑑𝑎𝑙𝑖𝑡𝑦 0.0648 0.1010 0.0346 0.0438

Sports
w/o BMD 0.0616 0.0965 0.0331 0.0421
w/o FG 0.0548 0.0867 0.0302 0.0384
w/o L𝑀𝑜𝑑𝑎𝑙𝑖𝑡𝑦 0.0724 0.1099 0.0395 0.0492

TMALL
w/o BMD 0.0226 0.0345 0.0117 0.0149
w/o FG 0.0238 0.0365 0.0131 0.0166
w/o L𝑀𝑜𝑑𝑎𝑙𝑖𝑡𝑦 0.0241 0.0375 0.0126 0.0162

convolution directly to these features, allowing noise to spread
across neighboring nodes. In contrast, BMD generates denoised
recommendation-related features, preventing noise amplification
in subsequent graph learning.

(2) The w/o FG variant, which removes the modality fusion
graph and only retains the modality-specific graphs, also suffers
a consistent performance drop across all datasets. This suggests
that the fusion graph plays a critical role in capturing the user
preferences of cross-modal complementary features. Such features
serve as complementary signals to the modality-specific features
and enhancing the robustness of user preferences modeling.

(3) The variant without Lmodality experiences an average drop
of 3.86% in Recall@20 and 6.22% in NDCG@20. This confirms the
necessity of jointly learning modality-specific and modality-shared
features. Overemphasizing either aspect may distort the other, lead-
ing to suboptimal representations and degraded performance.

3.4 Effect of BMD (RQ3)
To validate the contribution of the denoisedmodality features gener-
ated by BMD, we conduct a t-SNE [18] visualization on the TMALL
dataset. Specifically, we extract the modality features produced by
the BMDmodule, and project them into a two-dimensional space. As

(a) Pre-trained visual features (b) BMD visual features

(c) Pre-trained textual features (d) BMD textual features
Figure 3: The t-SNE distribution of raw and BMD-generated
modality features in TMALL dataset.

shown in Fig. 3, the pre-trained modality features present multiple
distinct and fragmented clusters, especially in the image modality,
indicating the existence of substantial recommendation-irrelevant
noise. In contrast, the denoised features generated by BMD exhibit
a more compact and coherent distribution, with smoother global
structures and less pronounced inter-cluster boundaries. This sug-
gests that BMD effectively filters noise from the pre-trained modal-
ity features and enhances the intra-modality consistency.

4 Conclusion
In this paper, we proposed a Behavior-Conditional Diffusion model
forMulti-Modal recommendation (BCDMM). Specifically, ourmodel
introduces the diffusion mechanism to filter the recommendation-
irrelevant noise from the pre-trained modality features. Further-
more, we construct modality-specific and fusion view graphs to
explore the latent structure of various item modalities.
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