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ABSTRACT
Multimodal recommendation combines the user historical behav-
iors with the modal features of items to capture the tangible user
preferences, presenting superior performance compared to the con-
ventional ID-based recommender systems. However, existing meth-
ods still encounter two key problems in the representation learning
of users and items, respectively: (1) the initialization of multimodal
user representations is either agnostic to historical behaviors or
contaminated by irrelevant modal noise, and (2) the widely used
𝐾NN-based item-item graph contains noisy edges with low simi-
larities and lacks audience co-occurrence relationships. To address
such issues, we propose MLLMRec, a novel preference reasoning
paradigm with graph refinement for multimodal recommendation.
Specifically, on the one hand, the item images are first converted
into high-quality semantic descriptions using a multimodal large
language model (MLLM), thereby bridging the semantic gap be-
tween visual and textual modalities. Then, we construct a behav-
ioral description list for each user and feed it into the MLLM to
reason about the purified user preference profiles that contain the
latent interaction intents. The reasoned profiles and the multimodal
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descriptions of items, together with their ID embeddings, are propa-
gated over the user-item interaction graph to absorb the high-order
collaborative signals. On the other hand, we develop the threshold-
controlled denoising and topology-aware enhancement strategies
to refine the suboptimal item-item graph, which are applied to both
themultimodal and ID item representations to improve the accuracy
of item representation learning. Extensive experiments on three
publicly available datasets demonstrate that MLLMRec achieves
the state-of-the-art performance. The source code is provided at
https://github.com/Yuzhuo-Dang/MLLMRec.git.
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1 INTRODUCTION
With the exponential growth of data scale and the diversification of
content forms on online platforms, multimodal recommender sys-
tems (MMRS) have emerged as a pivotal technology for mitigating
the information overload [21, 30]. By integrating the various item
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modalities (e.g., text, image, and audio) with the historical user-
item interactions, MMRS facilitate a more nuanced understanding
of user preferences, thereby delivering highly personalized services
in increasingly complex information environments [15, 27].

The evolution of MMRS has progressed through several distinct
paradigms. Pioneering research, exemplified by VBPR [10], focuses
on simple feature fusion by augmenting the ID embeddings with
the visual features. Subsequently, to capture the high-order col-
laborative signals, graph-based methods like MMGCN [33] and
GRCN [32] introduce graph convolutional networks (GCNs) to
propagate the multimodal information across the user-item inter-
action graph. Recognizing that the item-side correlations are often
underutilized, some studies shift their focus toward mining the
latent structural patterns among items. For instance, LATTICE [40]
constructs the tunable item-item graphs by computing the cosine
similarities between items based on the raw and projected modal
features. Further, FREEDOM [41] argues that the frozen item-item
graphs constructed using only the raw features yield superior per-
formance. Most recently, the burgeoning field of large language
models (LLMs) open new frontiers for MMRS [1, 4, 29]. For example,
LLMRec [31] leverages the vast world knowledge of LLMs to gen-
erate the supplementary attributes for users and items. Moreover,
DOGE [20] employs multimodal large language models (MLLMs)
to address the issue of granularity inconsistency across modalities,
achieving the cross-modal relation mining.

Despite these remarkable achievements, existing MMRS still ex-
hibit the following two challenges in the representation learning at
both the user and item sides: (1) Inaccurate initialization of user
representations. Current approaches typically initialize the user
representations through either random initialization or aggregating
the modal features of the historically interacted items. However,
both paradigms are flawed. Specifically, the former method is inher-
ently behavior-agnostic, neglecting to leverage the rich preference
signals in the interactions and thus exacerbating the cold-start is-
sue. The latter approach is often noise-contaminated, as it fails to
filter out the modal features encoded by pre-trained models, leading
to the indiscriminate aggregation of irrelevant features (e.g., the
brown-marked noise in Figure 1(a)). More critically, these methods
are incapable of capturing the latent interaction intents hidden in
the user decision-making process. Consequently, they are forced to
rely on the sophisticated subsequent behavioral modeling to com-
pensate for the informational deficiencies in the initial represen-
tations. (2) Structural noise in the item-item graph topology.
The widely used 𝐾NN sparsification strategy [2] for the item-item
graph construction is limited by its fixed number of neighbors.
This mechanism compels items lacking strongly similar neighbors
to associate with low-similarity ones, inevitably introducing false-
positive edges. As the evidence reveals in Figure 1(b), approximately
12% of edges in the Baby dataset link items with a similarity score
below 0.5. In addition, the 𝐾NN strategy depends exclusively on
the similarity of modal features while ignoring the latent audience
co-occurrence correlations, which are the vital collaborative signals
in the field of recommender systems [19]. Consequently, items that
are semantically distant but behaviorally correlated remain discon-
nected (e.g., the basketball and genouillere in Figure 1(c)), resulting
in false-negative edges. Both types of structural noise disrupt the
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Figure 1: Illustrations of (a) Noise interferes with user pref-
erence learning, (b) Distribution of similarity on the Baby
dataset, and (c) Missing co-occurrence.

efficacy of the subsequent graph convolution, ultimately leading to
semantic drift in the item representation learning.

To address such limitations, we propose a novel preference rea-
soning paradigmwith graph refinement (MLLMRec) formultimodal
recommendation. Specifically, to ensure high-quality initialization
of user representations, we first utilize the MLLM to convert the
item images into semantic descriptions, thereby facilitating the
cross-modal alignment. Then, these visual descriptions are inte-
grated with the textual metadata to form the comprehensive mul-
timodal descriptions of items. Distinct from conventional feature
extraction, we embed these item-level semantic descriptions into
the historical interaction sequences to construct the natural lan-
guage descriptions of the user behaviors. Building upon this, we
leverage the advanced cognitive priors of the MLLM to reason
over these descriptions, distilling latent interaction intents while
effectively filtering modality-inherent noise to yield the behavior-
aware and robust initial user preference profiles. These profiles,
together with the multimodal descriptions of items and their ID
embeddings, are then propagated over the user-item interaction
graph to absorb the high-order collaborative signals. In addition, to
rectify the structural noise in the item-item graph, we design two
refinement strategies. A threshold-controlled denoising strategy is
implemented to prune the spurious edges with low similarity, while
a topology-aware enhancement strategy is developed to recover the
latent audience co-occurrence correlations. Together, these strate-
gies construct a more reliable item-item graph topology, providing a
robust structural foundation for the subsequent graph convolution
to capture high-order features from both the multimodal and ID
item representations with greater precision. Finally, the multimodal
and ID representations are concatenated to form the final user and
item embeddings, and an InfoNCE contrastive loss is employed
to align the two views. Extensive experiments on three datasets
including Baby, Sports, and Clothing validate the effectiveness and
robustness of MLLMRec.

Our main contributions can be summarized as follows:
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• We propose an innovative multimodal recommendation para-
digm that utilizes the MLLM to reason about the user preference
profiles, thereby distilling the latent interaction intents and filter-
ing out the modality-inherent noise. Moreover, these reasoned
representations are propagated together with the ID embeddings
over the user-item graph and aligned via an InfoNCE contrastive
loss, yielding robust final user and item embeddings.

• We develop two plug-and-play graph refinement strategies, com-
prising threshold-controlled denoising and topology-aware en-
hancement, to eliminate the low-similarity semantic edges and
recover the latent co-occurrence links, respectively, thereby con-
structing the more reliable item-item graph.

• Extensive experiments conducted on three publicly available
datasets demonstrate that MLLMRec achieves the state-of-the-
art performance on most evaluation metrics, and the ablation
studies verify the effectiveness of each module.

2 RELATEDWORKS
2.1 Multimodal Recommendation
Unlike conventional recommender systems that rely solely on the
user-item interactions,MMRS leverage the rich item-sidemodalities
to facilitate a more comprehensive understanding of user prefer-
ences [3, 36]. This field has evolved through several key paradigms.
Early efforts, such as VBPR [10], introduce the visual features as
auxiliary signals to bolster the collaborative filtering (CF). With
the advent of GCNs, researchers shift toward the high-order repre-
sentation learning. For instance, MMGCN [33] performs message
passing on the modality-specific user-item interaction graphs. To
further capture the latent item-side correlations, subsequent works
like LATTICE [40] and FREEDOM [41] construct the item-item
semantic graphs to perform GCNs. However, these methods ignore
the different impacts of various modalities on the user decisions. To
address this, MGCN [38] incorporates the behavior-aware modal
weights, while GUME [16] explicitly models user interests through
the extended modality interactions. More recently, self-supervised
learning (SSL) has been introduced into MMRS to mitigate the data
sparsity and the modal noise. For example, MMSSL [30] employs
data augmentation and contrastive learning to mine the inter-modal
dependencies. Moreover, MENTOR [35] argues that the excessive
modality alignment may lead to the loss of interaction information,
proposing a multi-level alignment strategy instead. ModalSync [18]
further integrates the supervised and self-supervised paradigms,
achieving the synergistic optimization of the behavior modeling
and multimodal learning. However, these methods primarily focus
on the item feature extraction while resorting to the shallow and
incorrect initializations for the user representations. Furthermore,
the constructed item-item graph is noisy and incomplete, which
impede the learning of robust item representations.

2.2 LLMs-Enhanced Recommendation
With the superior capabilities demonstrated by LLMs in natural
language processing tasks, researchers have increasingly explored
their potential applications in the recommender systems [17, 28, 39].
Early explorations, such as P5 [6], directly employs a series of
prompts to convert various recommendation metadata into a gen-
erative sequence-to-sequence framework. Chat-Rec [5] feeds the

user behavior sequences into Chat-GPT to generate the person-
alized recommendations. Subsequently, to align the vast world
knowledge of LLMs with the recommendation task, TALLRec [1]
uses LoRA [12] for the parameter-efficient fine-tuning of LLaMA,
thereby improving its applicability to recommendation. Moreover,
ED2 [37] proposes a dual dynamic indexing mechanism that enables
the synergistic fusion between semantic knowledge and historical
interactions. Moreover, to overcome the inherent knowledge lim-
itations of LLMs, RecMind [29] integrates the database querying
and web searching to improve the reasoning accuracy, while intro-
ducing the self-inspiring learning for better planning. Furthermore,
CIKGRec [13] designs a cross-domain contrastive learning frame-
work that aligns the auxiliary information domain with the recom-
mendation task. Recently, several studies pivot toward MLLMs to
handle richer content formats. For instance, DOGE [20] employs
MLLMs to translate the item images into the descriptive text, ef-
fectively unifying disparate the modal granularities. Meanwhile,
NEGGEN [14] leverages the generative prowess of MLLMs to syn-
thesize the modality balanced negative samples, thereby providing
the robust supervisory signals. However, the existing MLLMs-based
methods primarily treat MLLMs as the sophisticated feature trans-
lators or data augmentors. They overlook the potential of MLLMs
to perform preference reasoning by synthesizing the multimodal
contents and the interaction patterns.

3 TASK FORMULATION
Let U = {𝑢} and I = {𝑖} denote the sets of users and items,
respectively. Their observed historical interactions are represented
by a Boolean matrix R = [𝑟𝑢,𝑖 ] ∈ {0, 1} |U |× |I | , where 𝑟𝑢,𝑖 = 1
indicates an implicit feedback between user𝑢 and item 𝑖 , and 𝑟𝑢,𝑖 = 0
otherwise. Beyond the collaborative backbone, each item 𝑖 ∈ I is
associated with the multimodal attributes M = {𝑣, 𝑡}, where 𝑣 and
𝑡 denote the visual and textual domains, respectively [16, 41]. In
addition, we represent the collection of item images as D𝑣 = {𝑖𝑣}
and the corresponding textual descriptions as D𝑡 = {𝑖𝑡 }.

Given the interactionmatrixR and themultimodal itemmetadata
{D𝑣,D𝑡 }, the objective of our work is to learn a predictive function
F : (R,D𝑣,D𝑡 ) → 𝑦𝑢𝑖 , where 𝑦𝑢𝑖 ∈ [0, 1] denotes the predicted
preference score of user 𝑢 toward item 𝑖 . The framework F aims
to capture the synergistic effects between collaborative signals
and multimodal semantics. Finally, items are ranked in descending
order of their predicted scores 𝑦𝑢𝑖 to generate a personalized top-𝐾
recommendation list for each user.

4 METHODOLOGY
Figure 2 illustrates the overall framework of our proposedMLLMRec,
which synergizes the reasoning stages, the collaborative represen-
tation learning, and the refined item-item graph learning for multi-
modal recommendation. In the subsequent sections, we elaborate
on the design of each component.

4.1 Reasoning Strategy
To bridge the semantic gap across heterogeneous modalities and
homogenize the data granularities, we first convert the item im-
ages into semantic descriptions. Subsequently, we construct the
personalized prompts for each user to guide the MLLM in reasoning
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Figure 2: The overall framework of MLLMRec. First, the MLLM transforms the images into the semantic descriptions, which are
fused with the text to yield the multimodal descriptions. Next, MLLMRec constructs the behavioral description lists for users,
which are fed into the MLLM to reason about the user preference profiles. Then, the reasoned profiles and the multimodal
descriptions, together with the ID embeddings, are propagated over the user-item interaction graph to absorb the collaborative
signals. Meanwhile, MLLMRec refines the item-item graph through two designed strategies, which are applied to both the
multimodal and ID item representations. Finally, the collaborative and multimodal representations are concatenated and
aligned via the InfoNCE loss, and optimized by the BPR loss.

about the complex behavioral patterns from the user-item historical
interactions, thereby distilling the purified user preference profiles
that contain the latent interaction intents.

4.1.1 Semantic Description Generation. Leveraging the sophisti-
cated cross-modal understanding of MLLMs, MLLMRec generates
the high-quality semantic descriptions for item images, which is
formulated as follows:

𝑖𝑠 =MLLM
(
Prompt1, 𝑖

𝑣
)
, (1)

where 𝑖𝑠 ∈ D𝑠 denotes the generated semantic description of image
𝑖𝑣 ∈ D𝑣 , and the specific template of Prompt1 is as follows:

Prompt1: Semantic Description Generation

{image}: Please convert the given image into an accurate and
concise textual description relevant to the {dataset name},
focusing on extracting key attributes that can influence the
buying behavior of users, such as color, material, style, func-
tionality, etc. To generate the textual description using a one-
paragraph natural language overview in no more than 100
words.

Input: {An Image}
Output: {A paragraph of semantic descriptions for this image}

This stage is pivotal for two reasons. First, conventional visual en-
coders (e.g., VGG16 [24], ResNet [9]) often capture general features
that may be tangential to the specific recommendation contexts.
By contrast, MLLMRec designs a task-oriented prompt to guide
the MLLM in selectively extracting the decision-relevant visual
cues, such as aesthetic style. This yields the semantic descriptions

that are aligned with the recommendation task and filter out the
noise of visual modality. Second, this generative process projects
the visual information into the linguistic space, effectively unifying
the data formats of visual and textual modalities. Such homogeniza-
tion directly addresses the modality imbalance problem, which is a
common bottleneck in the multimodal learning where models dis-
proportionately rely on textual data due to the high noise-to-signal
ratio and the semantic deficiency of raw visual features [14, 20]. In
summary, by transforming the images into the structured seman-
tic description, we ensure that visual signals contribute equitably
alongside textual signals to the preference learning.

Subsequently, we integrate 𝑖𝑠 with its raw textual metadata 𝑖𝑡 to
construct a comprehensive multimodal description for each item.
The fusion process is formulated as follows:

𝑖𝑚 = 𝑖𝑡 ⊕ 𝑖𝑠 , (2)

where 𝑖𝑚 ∈ D𝑚 denotes the multimodal description of item 𝑖 , and
⊕ represents the concatenation operation. By integrating abstract
visual descriptions with explicit textual metadata, facilitates the
seamless fusion of multimodal information and effectively bridges
the cross-modal semantic gap. Consequently, it establishes a pu-
rified and enriched multimodal knowledge base that serves as a
robust foundation for the subsequent module.

4.1.2 User Preference Profile Generation. Distinguishing from con-
ventional paradigms that rely on the behavior-agnostic random em-
beddings or the noise-contaminated feature aggregation, MLLMRec
capitalizes on the advanced cognitive reasoning of MLLMs to trans-
form the raw interaction data into the purified user preference
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profiles. These profiles provide a high-fidelity semantic founda-
tion for robust user representation learning. Specifically, we first
synthesize a behavioral descriptions list for each user by chronolog-
ically aggregating the multimodal descriptions of their historically
interacted items. This process is formulated as follows:

𝐿𝑖𝑠𝑡𝑢 = [𝑖𝑚], 𝑟𝑢,𝑖 = 1, (3)

where 𝐿𝑖𝑠𝑡𝑢 denotes the behavioral description list of user 𝑢, and
𝑖𝑚 is the multimodal description of item 𝑖 that user 𝑢 has interacted
with. Subsequently, we embed 𝐿𝑖𝑠𝑡𝑢 into a meticulously designed
prompt to guide the MLLM in reasoning about the user’s profiles.
The generative process is formulated as:

𝑢𝑝 =MLLM
(
Prompt2, 𝐿𝑖𝑠𝑡𝑢

)
, (4)

where 𝑢𝑝 ∈ D𝑝 denotes the generated user preference profiles for
user 𝑢, and the specific template of Prompt2 is as follows:

Prompt2: User Preference Profile Generation

Please reason about the user preferences based on the fol-
lowing list of item descriptions that he or she has interacted
with. The list is: {behavioral description}. To generate the user
preferences using a one-paragraph natural language in no
more than 100 words.

Input: {User’s behavioral description list}
Output: {User’s preference profiles in natural language}

By utilizing the extensive world knowledge inherent in MLLMs,
the resulting user preference profile set D𝑝 offers a more real user
interests compared to the conventional paradigms. It is noteworthy
that since 𝐿𝑖𝑠𝑡𝑢 is derived from the interaction matrix R,D𝑝 already
captures the latent motivations behind the user-item interactions.
This inherent information richness provides a high-fidelity semantic
foundation, which is further enhanced by the collaborative signals
introduced in the subsequent learning stage.

4.2 Collaborative Representation Learning
To inject the collaborative signals into the preference reasoning par-
adigm, we design a dual-stream representation learning that jointly
models the ID-based collaborative stream and the MLLM-driven
multimodal stream, and then propagates both streams over the user-
item interaction graph to obtain the high-order representations.
Specifically, we initialize the trainable ID embeddings for users and
items, denoted as E𝑖𝑑U ∈ R |U |×𝑑 and E𝑖𝑑I ∈ R | I |×𝑑 , respectively, via
the Xavier initialization, which serve as the initial representations
of the collaborative stream:

H𝑖𝑑,(0)
U = E𝑖𝑑U , H𝑖𝑑,(0)

I = E𝑖𝑑I . (5)

Meanwhile, for the multimodal stream, we first leverage the pre-
trained text encoder to project the user preference profiles D𝑝 and
the item multimodal descriptions D𝑚 into the latent space, which
is formulated as follows:

E𝑚𝑚
U = Encoder

(
D𝑝

)
, E𝑚𝑚

I = Encoder (D𝑚) , (6)

where E𝑚𝑚
U ∈ R |U |×𝑑𝑡 and E𝑚𝑚

I ∈ R | I |×𝑑𝑡 denote the extracted
semantic features of users and items, respectively. To compress
these high-dimensional features into a compact space, we further

employ the multilayer perceptrons (MLPs) for the non-linear trans-
formation, obtaining the initial representations of the multimodal
stream. Taking the user side as an example:

H𝑚𝑚,(0)
U = 𝜎

(
E𝑚𝑚
U W1 + b1

)
W2 + b2, (7)

where H𝑚𝑚,(0)
U ∈ R |U |×𝑑 denotes the initial user representations of

the multimodal stream, 𝜎 (·) is the LeakyReLU activation function.
The weight matrices W1 ∈ R𝑑𝑡 ×𝑑1 , W2 ∈ R𝑑1×𝑑 and bias vectors
b1 ∈ R𝑑1 , b2 ∈ R𝑑 are trainable parameters, where 𝑑1 represents
the dimension of the hidden layer, respectively. Similarly, the item
representations H𝑚𝑚,(0)

I ∈ R | I |×𝑑 are derived by applying an anal-
ogous projection to the item features E𝑚𝑚

I .
Thereafter, we propagate both streams over the user-item inter-

action graph following the method in [41] to capture the high-order
collaborative signals. Formally, we construct the normalized adja-
cency matrix Ã = D− 1

2AD− 1
2 , where A ∈ {0, 1} ( |U |+|I | )×( |U |+|I | )

denotes the bipartite user-item adjacency matrix and D is the cor-
responding degree matrix. The graph convolution at the 𝑙-th layer
is formulated as follows:[

H𝑜,(𝑙 )
U ;H𝑜,(𝑙 )

I

]
= Ã

[
H𝑜,(𝑙−1)

U ;H𝑜,(𝑙−1)
I

]
, (8)

where 𝑜 ∈ {𝑖𝑑,𝑚𝑚} indexes the two streams and [· ; ·] denotes
the vertical stacking operation. After 𝐿𝑢𝑖 layers, we aggregate the
multi-layer representations via summation as follows:

H𝑜
U =

𝐿𝑢𝑖∑︁
𝑙=0

H𝑜,(𝑙 )
U , H𝑜

I =

𝐿𝑢𝑖∑︁
𝑙=0

H𝑜,(𝑙 )
I . (9)

4.3 Refined Item-Item Graph Learning
To mitigate the semantic drift in the item representation learning
caused by the suboptimal item-item graph topology, we design two
graph refinement strategies comprising (1) threshold-controlled
denoising and (2) topology-aware enhancement.

4.3.1 Threshold-Controlled Denoising. Based on the extracted item
multimodal features E𝑚𝑚

I obtained from Eq. (6), following the es-
tablished practice [41], we evaluate the semantic affinities between
items by computing the cosine similarity of their multimodal fea-
tures. This process is formulated as follows:

𝑠𝑎,𝑏 =
(e𝑚𝑚

𝑖𝑎
)Te𝑚𝑚

𝑖𝑏


e𝑚𝑚
𝑖𝑎




 · 


e𝑚𝑚
𝑖𝑏




 , (10)

where 𝑠𝑎,𝑏 denotes the similarity score between item 𝑎 and item 𝑏,
∥·∥ represents the vector norm computation, and (·)T is the matrix
transpose operation.

While the conventional 𝐾NN strategy [2] is widely adopted to
sparsify the similarity matrix, it suffer from a rigid fixed-degree
constraint. This constraint forces items lacking the genuine se-
mantic neighbors to establish the spurious connections with the
low-similarity nodes. As demonstrated by our empirical analysis in
Figure 1(b), this phenomenon leads to an obvious presence of the
false-positive edges (exceeding 10% in the Baby dataset). To rectify
this, we introduce a threshold-controlled denoising strategy that
combines the top-𝐾 selection with a similarity constraint 𝛼 . This
ensures that only highly similar neighbors are retained for each
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item. This strategy is formulated as follows:

𝑠𝑎,𝑏 =

{
1, 𝑠𝑎,𝑏 ∈ top-𝐾𝑠 (s𝑎,:) and 𝑠𝑎,𝑏 ≥ 𝛼,
0, otherwise, (11)

where vector s𝑎,: ∈ R | I | represents the similarity scores between
item 𝑖𝑎 and all items, the hyper-parameters 𝐾𝑠 and 𝛼 control the
top-𝐾 value and the pruning intensity, respectively. The resulting
matrix S̃ = [𝑠𝑎,𝑏 ] ∈ {0, 1} | I |× |I | serves as the adjacency matrix
for the denoised item-item semantic affinity graph G𝑠 = {I, E𝑠 },
whereI is the set of item nodes and E𝑠 = {⟨𝑖𝑎, 𝑖𝑏⟩ |𝑠𝑎,𝑏 = 1} denotes
the edge set. This formulation effectively filters out structural noise
while preserving high-confidence semantic correlations.

4.3.2 Topology-Aware Enhancement. We argue that the semantic
graph G𝑠 constructed exclusively from the feature similarities fails
to capture the item-item co-occurrence correlations that are es-
sential collaborative signals embedded within the user-item inter-
actions [19]. To bridge this gap, we introduce a topology-aware
enhancement strategy to recover these missing behavioral links.
Specifically, we quantify the audience co-occurrence between item
pairs by computing the Jaccard similarity coefficient over their
respective interacted user sets. For any two items 𝑖𝑎 and 𝑖𝑏 , their
co-occurrence score 𝑐𝑎,𝑏 is formulated as follows:

𝑐𝑎,𝑏 = 𝐽
(
r:,𝑎, r:,𝑏

)
=

��r:,𝑎 ∩ r:,𝑏
����r:,𝑎 ∪ r:,𝑏
�� , (12)

where r:,𝑎 ∈ R |U | and r:,𝑏 ∈ R |U | are column vectors of the inter-
action matrix R, denoting the sets of users who have interacted
with item 𝑖𝑎 and 𝑖𝑏 , respectively. The resulting matrix C = [𝑐𝑎,𝑏 ] ∈
R | I |× |I | represents the audience co-occurrence matrix. Given the
sparsity of interaction data, most item pairs exhibit limited co-
occurrence. Consequently, to ensure structural robustness, we uti-
lize a weighted 𝐾NN strategy to retain only the top-𝐾 neighbors
with the highest co-occurrence scores for each item, which is for-
mulated as follows:

𝑐𝑎,𝑏 =

{
𝑐𝑎,𝑏 , 𝑐𝑎,𝑏 ∈ top-𝐾𝑐 (c𝑎,:),
0, otherwise, (13)

where vector c𝑎,: ∈ R | I | represents the audience co-occurrence
scores between item 𝑖𝑎 and all items, and hyper-parameter 𝐾𝑐
controls the density of co-occurrence connections. This resulting
weighted matrix C̃ = [𝑐𝑎,𝑏 ] ∈ R | I |× |I | serves as the adjacency ma-
trix for the item-item audience co-occurrence graph G𝑐 = {I, E𝑐 },
where I is the set of item nodes and E𝑐 = {⟨𝑖𝑎, 𝑖𝑏⟩ | 𝑐𝑎,𝑏 > 0}
denotes the edge set with non-zero co-occurrence scores.

Finally, to establish a holistic representation of item-side rela-
tionships, we perform a graph fusion by integrating the semantic
affinity graph with the audience co-occurrence graph, which is
formulated as follows:

S∗ = S̃ + C̃, (14)

where S∗ = [𝑠∗
𝑎,𝑏

] ∈ R | I |× |I | serves as the adjacency matrix of the
topology-enhanced item-item graph G∗ = {I, E∗}. The fused edge
set E∗ = E𝑠 ∪ E𝑐 effectively integrates the multimodal semantics
with the collaborative signals.

4.3.3 Item-Item Graph Convolution. Building upon the refined
graph G∗, we employ LightGCN [11], a simplified and effective
variant of GCNs, to perform the neighborhood aggregation on the
item representations of both streams obtained from the user-item
graph convolution.

This process enables MLLMRec to capture the high-order corre-
lations among items. Specifically, the graph convolution operation
at the 𝑙-th layer is formulated as follows:

H𝑜,(𝑙 )
I =

(
(N)− 1

2 S∗ (N)− 1
2
)
H𝑜,(𝑙−1)

I , (15)

where 𝑜 ∈ {𝑖𝑑,𝑚𝑚} indexes the two streams, H𝑜,(𝑙 )
I ∈ R | I |×𝑑

represents the item representations of stream 𝑜 at the 𝑙-th layer,
H𝑜,(0)

I = H𝑜
I denotes the item representations output by the user-

item graph convolution, N denotes the degree matrix of graph G∗

and N𝑎𝑎 =
∑

𝑏 𝑠
∗
𝑎,𝑏

. After that, we aggregate the representations
across all hidden layers through a summation function, which is
formulated as follows:

H𝑜,∗
I =

𝐿𝑖𝑖∑︁
𝑙=0

H𝑜,(𝑙 )
I , (16)

where H𝑜,∗
I ∈ R | I |×𝑑 denotes the refined high-order item represen-

tations of stream 𝑜 , and hyper-parameter 𝐿𝑖𝑖 controls the depth of
the graph convolution.

4.4 Fusion and Optimization
To combine the complementary signals from the two streams, we
concatenate the collaborative and multimodal features to form the
final user and item embeddings, which is formulated as follows:

HU =
[
H𝑖𝑑

U ∥ 𝛽 · H𝑚𝑚
U

]
, HI =

[
H𝑖𝑑,∗

I ∥ 𝛽 · H𝑚𝑚,∗
I

]
, (17)

where HU ,HI ∈ R2𝑑 denote the final representations of users and
items, respectively, ∥ denotes the concatenation operation, and 𝛽 is
a hyper-parameter used to control the weight of the multimodal
stream. To further align the two views, we introduce an InfoNCE
contrastive loss [8] between the collaborative and multimodal rep-
resentations. Taking the user side as an example, the contrastive
objective is formulated as follows:

L𝑢
𝑐𝑙
= − 1

|B|
∑︁
𝑏∈B

log
exp

(
H𝑖𝑑

U [𝑏] · H𝑚𝑚
U [𝑏]/𝜏

)
∑

𝑏′∈B exp
(
H𝑖𝑑

U [𝑏] · H𝑚𝑚
U [𝑏′]/𝜏

) , (18)

where B denotes the training batch, 𝜏 is the temperature hyper-
parameter, and H𝑖𝑑

U [𝑏] and H𝑚𝑚
U [𝑏] are the collaborative and multi-

modal representations of the 𝑏-th user, respectively. The item-side
contrastive loss L𝑖

𝑐𝑙
is defined analogously, and the overall con-

trastive loss is L𝑐𝑙 = L𝑢
𝑐𝑙
+ L𝑖

𝑐𝑙
. Finally, we optimize the model

parameters via the Bayesian Personalized Ranking (BPR) loss [23],
which encourages the model to assign higher preference scores to
the observed interactions than to unobserved ones:

L𝐵𝑃𝑅 = −
∑︁

(𝑢,𝑖𝑎 ,𝑖𝑏 ) ∈T
log

(
𝜎
(
𝑦𝑢𝑖𝑎 − 𝑦𝑢𝑖𝑏

) )
, (19)

where 𝑦𝑢𝑖 = hT𝑢 · h𝑖 represents the predicted preference score for
user 𝑢 on item 𝑖 , and T = {(𝑢, 𝑖𝑎, 𝑖𝑏 ) | 𝑟𝑢,𝑖𝑎 = 1, 𝑟𝑢,𝑖𝑏 = 0} denotes
the set of training triplets, where 𝑖𝑎 is an observed item and 𝑖𝑏 is
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Table 1: Statistics of the experimental datasets.

Datasets #Users #Items #Interactions Density

Baby 19,445 7,050 160,792 0.117%
Sports 35,598 18,357 296,337 0.045%
Clothing 39,387 23,033 278,677 0.031%

a negative sample randomly drawn from the unobserved set. The
overall training loss is formulated as follows:

L = L𝐵𝑃𝑅 + 𝜆𝑐𝑙L𝑐𝑙 , (20)

where 𝜆𝑐𝑙 is the hyper-parameter balancing the contrastive loss.
Ultimately, items are ranked in descending order of 𝑦𝑢,𝑖 to generate
the top-𝐾 recommendation list for each user, where 𝐾 denotes the
length of the recommendation list.

5 EXPERIMENTS
5.1 Experiment Setup
5.1.1 Datasets. Following [34, 41], we conduct experiments on
three widely used datasets from the Amazon product repository1: (i)
Baby, (ii) Sports and Outdoors, and (iii) Clothing, Shoes, and Jewelry
(referred to as Baby, Sports, and Clothing, respectively). These
datasets cover diverse product categories, interaction sparsities,
and scales of user and items, alongside rich multimodal metadata
(i.e., item images and textual descriptions). To ensure the reliability
of collaborative signals, we apply the 5-core filtering strategy to
filter out the users and items with fewer than five interactions. The
statistics of the datasets after filtering are summarized in Table 1. For
model training, each dataset is randomly partitioned into training,
validation and testing sets with a ratio of 8:1:1.

5.1.2 Evaluation Metrics. We adopt two widely recognized top-
𝐾 recommendation metrics to quantify model performance: Re-
call (R@𝐾 ) and Normalized Discounted Cumulative Gain (NDCG,
N@𝐾 ). Specifically, Recall measures the fraction of the testing items
successfully recommended, while NDCG accounts for ranking qual-
ity by assigning higher weights to relevant items positioned earlier
in the list. Consistent with prior works, we report the average scores
across all users in the testing set under 𝐾 ∈ {10, 20}.

5.1.3 Baselines. To demonstrate the superiority of MLLMRec, we
compare it against the following three categories of representa-
tive baselines: CF-based recommenders, general multimodal rec-
ommenders, and MLLMs-based multimodal recommenders. A brief
description of each baseline is provided below:
i) CF-based recommenders:
• BPR [23] establishes a foundational Bayesian ranking framework
that utilizes the pairwise comparison of items to capture the
personalized user preferences from the implicit feedback.

• LightGCN [11] simplifies the vanilla GCN by omitting the re-
dundant non-linear activations and feature transformations.

ii) general multimodal recommenders:
• VBPR [10] integrates the visual features from item images into
the BPR model, enabling the capture of visual preferences.

1http://jmcauley.ucsd.edu/data/amazon

Table 2: The optimal hyper-parameter settings of MLLMRec.

Dataset 𝛼 𝐾𝑐 𝛽 𝜆𝑐𝑙

Baby 0.7 15 0.0001 0.01
Sports 0.7 10 0.01 0.001
Clothing 0.7 15 0.01 0.001

• LATTICE [40] constructs modality-aware graphs to mine the
latent item-item semantic from multimodal features.

• SLMRec [26] employs multimodal data augmentation and con-
trastive learning to capture the cross-modal patterns.

• FREEDOM [41] freezes the item-item graph to improve effi-
ciency and incorporates a degree-sensitive pruning strategy to
denoise the user-item interaction graph.

• LGMRec [7] combines local topological learning with a global
hyper-graph module to capture the high-order dependencies.

• GUME [16] utilizes mutual information maximization to align
explicit interaction features with extended interest profiles.

• ModalSync [18] synchronizes multimodal feature extraction
with user behaviors using a staged co-training strategy.

• COHESION [34] integrates modality fusion and representation
learning via a dual-stage fusion strategy and a composite GCN.

iii) MLLMs-based multimodal recommenders:
• LLM-CF [25] introduce LLMs into collaborative filtering through
a novel instruction-tuning method and in-context learning.

• DOGE [20] leverages MLLMs to generate cross-modal represen-
tations by aligning the image and text information.

• NEGGEN [14] uses MLLMs to construct robust negative samples
via tailored prompting, providing better contrastive signals.

5.1.4 Implementation Details. In the reasoning phase, we employ
Qwen2.5vl-7b as our MLLM, accessed via the Ollama framework.
For fair comparisons with the existing multimodal baselines, we
utilize Sentence-Transformer [22] as the text encoder. Specifically,
the training batch size is 2048 and the learning rate is 0.0001. All
trainable parameters are initialized via the Xavier method and opti-
mized by the Adam optimizer. We set the output dimension 𝑑 to
512, the hidden layer dimension 𝑑1 to 2,048, the semantic neighbor
count 𝐾𝑠 to 10, and the convolution depth 𝐿𝑢𝑖 and 𝐿𝑖𝑖 to 2 and 1, re-
spectively. For the similarity threshold 𝛼 , we perform a grid search
in {0.5, 0.6, 0.7, 0.8}, and the co-occurrence neighbor count 𝐾𝑐 is
searched over {5, 10, 15, 20}. The multimodal stream weight 𝛽 and
the contrastive loss weight 𝜆𝑐𝑙 are tuned in {0.0001, 0.001, 0.01, 0.1},
and the temperature 𝜏 is set to 0.2. In addition, to prevent over-
fitting, the training process is terminated if R@20 on the validation
set does not improve for 20 consecutive epochs, with a cap train-
ing limit of 1,000 epochs. All experiments are implemented using
PyTorch and evaluated on a 24GB NVIDIA RTX4090 GPU.

The optimal values of the dataset-specific hyper-parameters (i.e.,
𝛼 , 𝐾𝑐 , 𝛽 , and 𝜆𝑐𝑙 ) are summarized in Table 2.

5.2 Overall Performance
Table 3 presents the experimental results of the baselines and
MLLMRec on three datasets, with the following key findings:

(1) Multimodal signals enhance the preference modeling.
Integrating the modal representations substantially improves the

http://jmcauley.ucsd.edu/data/amazon
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Table 3: Overall performance of the baselines andMLLMRec on three datasets, with the best and second-best results highlighted
by bold and underline, respectively.

Models
Baby Sports Clothing

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

BPR (UAI’09) 0.0357 0.0575 0.0192 0.0249 0.0432 0.0653 0.0241 0.0298 0.0187 0.0279 0.0103 0.0126
LightGCN (SIGIR’20) 0.0479 0.0754 0.0257 0.0328 0.0569 0.0864 0.0311 0.0387 0.0340 0.0526 0.0188 0.0236

VBPR (AAAI’16) 0.0423 0.0663 0.0223 0.0284 0.0558 0.0856 0.0307 0.0384 0.0281 0.0415 0.0158 0.0192
LATTICE (MM’21) 0.0547 0.0850 0.0292 0.0370 0.0620 0.0953 0.0335 0.0421 0.0492 0.0733 0.0268 0.0330
SLMRec (TMM’23) 0.0540 0.0810 0.0285 0.0357 0.0676 0.1017 0.0374 0.0462 0.0452 0.0675 0.0247 0.0303
FREEDOM (MM’23) 0.0627 0.0992 0.0330 0.0424 0.0717 0.1089 0.0385 0.0481 0.0629 0.0941 0.0341 0.0420
LGMRec (AAAI’24) 0.0644 0.1002 0.0349 0.0440 0.0720 0.1068 0.0390 0.0480 0.0555 0.0828 0.0302 0.0371
GUME (CIKM’24) 0.0673 0.1042 0.0365 0.0460 0.0778 0.1165 0.0427 0.0527 0.0703 0.1024 0.0384 0.0466
ModalSync (WWW’25) 0.0693 0.1045 0.0373 0.0462 0.0821 0.1189 0.0457 0.0551 0.0738 0.1058 0.0406 0.0488
COHESION (SIGIR’25) 0.0680 0.1052 0.0354 0.0454 0.0752 0.1137 0.0409 0.0503 0.0665 0.0983 0.0358 0.0438

LLM-CF (CIKM’24) 0.0593 0.0874 0.0312 0.0409 0.0698 0.1057 0.0376 0.0465 0.0596 0.0886 0.0329 0.0402
DOGE (AAAI’25) 0.0718 0.1096 0.0391 0.0482 0.0792 0.1185 0.0435 0.0536 0.0712 0.1036 0.0389 0.0468
NEGGEN (MM’25) 0.0701 0.1065 0.0342 0.0438 0.0763 0.1114 0.0411 0.0506 0.0654 0.0961 0.0350 0.0441

MLLMRec (Ours) 0.0722 0.1105 0.0396 0.0491 0.0823 0.1223 0.0454 0.0575 0.0742 0.1075 0.0410 0.0493

performance of CF-based recommenders. A direct comparison be-
tween BPR and its modality extension VBPR reveals that the latter
achieves superior results across all datasets. This confirms that rely-
ing solely on the collaborative signals is insufficient to capture the
fine-grained user preferences due to the interaction sparsity. Multi-
modal information, such as visual cues, provides a critical semantic
supplement, effectively enriching the representation space.

(2) MLLMs promote the multimodal feature learning. Com-
pared to the general multimodal recommenders, MLLMs-based
methods exhibit competitive performance. For instance, DOGE
achieves the best baseline results on the Baby dataset. This com-
petitiveness is attributed to the exceptional cognitive reasoning
and cross-modal alignment abilities of MLLMs, which facilitate a
paradigm shift from the shallow feature extraction to the deep se-
mantic understanding. By transforming the raw data into high-level
descriptors, these models better capture the core features, leading
to more precise matching in complex recommendation tasks.

(3) MLLMRec achieves the state-of-the-art performance.
Specifically, MLLMRec achieves the best performance on 11 of the
12 evaluation metrics across the three datasets, and the second-
best result on the remaining one. These results demonstrate that
jointlymodeling theMLLM-reasonedmultimodal semantics and the
collaborative signals, together with the item-item graph refinement,
effectively enhances the recommendation performance.

(4) The collaborative and multimodal signals are comple-
mentary. Compared with the CF-based baselines (e.g., BPR and
LightGCN) that rely solely on the collaborative signals, and the
MLLM-based baselines (e.g., DOGE and NEGGEN) that exploit the
multimodal semantics, MLLMRec integrates both streams through
the user-item graph convolution and aligns them via the InfoNCE
contrastive loss. The consistent gains over both categories of base-
lines demonstrate that the collaborative and multimodal signals are
complementary, and their synergistic integration is beneficial for
multimodal recommendation.

Table 4: Performance of MLLMRec and its variants in terms
of R@20 and N@20 on three datasets.

Model Variant
Baby Sports Clothing

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

MLLMRec 0.1105 0.0491 0.1223 0.0575 0.1075 0.0493
𝑤/𝑜 RS 0.0990 0.0438 0.1156 0.0524 0.1012 0.0459
𝑤/𝑜 GD 0.1094 0.0487 0.1214 0.0550 0.1068 0.0486
𝑤/𝑜 TE 0.1087 0.0480 0.1209 0.0546 0.1061 0.0477

𝑤/𝑜 GCNII 0.1037 0.0465 0.1030 0.0464 0.0957 0.0432
𝑤/𝑜 CL 0.0998 0.0442 0.1174 0.0531 0.1023 0.0464

5.3 Ablation Study
To evaluate the performance contributions of each core component,
we design the following five model variants: (1) 𝑤/𝑜 RS, which
removes the reasoning strategy (i.e., the multimodal stream) and re-
tains only the collaborative stream, (2)𝑤/𝑜 GD, which excludes the
threshold-controlled denoising strategy, (3) 𝑤/𝑜 TE, which aban-
dons the topology-aware enhancement strategy, (4) 𝑤/𝑜 GCNII,
which removes the item-item graph convolution, and (5)𝑤/𝑜 CL,
which removes the InfoNCE contrastive loss. Table 4 lists the ex-
perimental results, and it reveals the following three observations:

(1) The absence of any core component leads to perfor-
mance degradation. This confirms the necessity of the reasoning
strategy, the two graph-refinement strategies, the item-item graph
convolution, and the contrastive learning objective for the optimal
performance of MLLMRec.

(2) The reasoning strategy and the item-item graph con-
volution are the two most critical components. Specifically,
in terms of R@20,𝑤/𝑜 RS suffers the largest degradation on Baby,
whereas𝑤/𝑜 GCNII incurs the largest drop on Sports and Clothing.
This validates the two pillars of MLLMRec: the MLLM-reasoned
preference profiles provide high-quality user representations, and
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the refined item-item graph captures the high-order relationships
among items, both of which are indispensable for accurate prefer-
ence modeling.

(3) The contrastive loss brings consistent gains, while the
graph-refinement strategies play a supplementary role.𝑤/𝑜
CL degrades the performance on all three datasets, demonstrating
that aligning the collaborative and multimodal signals via the In-
foNCE objective is beneficial. In contrast,𝑤/𝑜 GD and𝑤/𝑜 TE incur
relatively smaller but steady drops, indicating that the threshold-
controlled denoising and topology-aware enhancement strategies
serve as effective complements that refine the item-item graph and
further stabilize the representation learning.

6 CONCLUSION AND FUTUREWORK
In this paper, we propose MLLMRec, a novel framework that re-
defines multimodal recommendation by synergizing the cognitive
reasoning of MLLMs, the collaborative signals, and graph structural
refinement. Specifically, we introduce a pioneering paradigm that
leverages MLLMs to reason about high-fidelity user preference pro-
files, effectively capturing the latent interaction intents behind the
user behaviors. These reasoned profiles, together with the multi-
modal descriptions of items and the ID embeddings, are propagated
over the user-item interaction graph to absorb the high-order col-
laborative signals, and the two views are further aligned via an
InfoNCE contrastive loss. Furthermore, to address the structural
noise in the item-item graph, we design the threshold-controlled
denoising and topology-aware enhancement strategies to refine
the suboptimal item-item graph, which are applied to both the
multimodal and ID item representations. Extensive experiments
across three public datasets demonstrate that MLLMRec achieves
the state-of-the-art performance on most evaluation metrics.

In the future, we aim to investigate temporally aware reasoning
strategies to capture the evolving dynamics of user interests, while
exploring the use of implicit reasoning tokens to bypass explicit
textual steps, thereby improving the computational efficiency.
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