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Abstract—Multimodal recommender systems (MMRS) incor-
porate item-side content, such as images and texts, to complement
limited interaction records and improve recommendation for less-
observed users or items. However, existing methods still suffer
from several limitations: (1) high-level semantic information in
multimodal content is difficult to explicitly capture; (2) multi-
modal signals are often overwhelmed by ID-based collaborative
signals during training; (3) item-item graphs constructed solely
based on the multimodal similarity may introduce noisy edges
due to the semantic-behavior inconsistency. Driven by the above
observations, we propose SAGDRec, a Semantic-Augmented
Graph Denoising approach for multimodal recommendation.
Specifically, we leverage an Multimodal Large Language Model
(MLLM) to extract the high-level semantics from the visual
and textual content, thereby enriching the multimodal semantic
features. Specifically, to prevent the multimodal semantics from
being overshadowed by the collaborative signals, we introduce an
additional multimodal semantic branch to strengthen the learning
driven by semantic cues. Moreover, we build a semantic item-
item graph and refine its edges with collaborative signals, so
that behaviorally inconsistent semantic neighbors are suppressed
during propagation. Experiments show that SAGDRec achieves
competitive performance on three public datasets.

Index Terms—Multimodal Recommender Systems, Graph
Neural Networks, Multimodal Large Language Models, Multi-
modal Semantic Branch, Graph Denoising

I. INTRODUCTION

Recommender systems are required to estimate user prefer-
ences under increasingly rich item information, where histori-
cal interactions alone may provide an incomplete view of user
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interests. In many online platforms, items are accompanied by
images, titles, textual descriptions, and other content signals,
which provide additional clues about item attributes. MMRS
incorporate these heterogeneous signals into item modeling,
allowing item representations to contain richer semantic cues
and helping reduce the impact of sparse interaction data [1]-
[5].

Early MMRS methods, such as VBPR [6], mainly incorpo-
rate visual or textual features into models. Recent studies such
as COHESION [7] and PEARL [8] further explore homoge-
neous graph structures in MMRS, using connections among
similar users or among related items to improve embedding
quality.

Despite the substantial progress achieved by existing
MMRS approaches, several critical challenges remain un-
solved. First, multimodal features extracted by pre-trained
encoders often lack explicit high-level semantic understanding,
particularly for the visual content. Second, multimodal signals
are commonly treated as auxiliary information and tend to
be overwhelmed by the ID-based collaborative signals during
training, leading to insufficient utilization of multimodal se-
mantics. Moreover, item-item graphs constructed purely based
on the multimodal similarity inevitably introduce noisy edges
due to the semantic-behavioral inconsistency, which degrades
the effectiveness of the graph-based item representation learn-
ing. Specifically, two items that are semantically similar may
attract completely different user groups due to differences
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in the style or the usage scenarios (e.g., casual T-shirts and
moisture-wicking athletic T-shirts with similar appearances
but different target users). When such false-positive edges
exist in the item-item graph, graph propagation forces these
behaviorally unrelated items to share similar representations,
injecting irrelevant semantic signals into the item embeddings.
The corrupted item embeddings may then be absorbed into
user embeddings, causing ambiguous preference modeling.

Based on the above analysis, we introduce SAGDRec, a
Semantic-Augmented Graph Denoising approach for multi-
modal recommendation. On the one hand, to enhance the
multimodal content understanding, we leverage an MLLM
to transform visual signals into high-level semantic textual
representations, while extracting the core semantic information
from textual signals. These two types of textual representations
are then integrated and encoded by a unified text encoder,
generating semantically enhanced multimodal item represen-
tations. Furthermore, to prevent these semantic signals from
being overwhelmed by ID-based collaborative supervision dur-
ing training, we introduce an additional multimodal semantic
branch to explicitly strengthen the preference learning driven
by semantic cues. Meanwhile, content-driven item links may
be unreliable when semantic proximity is inconsistent with
user behavior. Therefore, we use collaborative signals to cali-
brate the semantic graph and reduce the influence of mislead-
ing neighbors. By measuring the consistency between semantic
similarity and collaborative behavioral patterns, SAGDRec
suppresses edges that are semantically similar but behaviorally
inconsistent, thereby improving the reliability of information
propagation.

The main advances of SAGDRec are summarized below:

o We leverage an MLLM to process item images and texts,
extracting high-level semantic information to construct
more expressive multimodal representations of items.

o We design an additional multimodal semantic branch to
alleviate the problem that multimodal signals are often
overlooked during training.

o We utilize collaborative signals to denoise the item-item
graph by suppressing edges with inconsistent semantic
and behavioral patterns, ensuring that the information
propagated by graph convolutional networks is truly
beneficial for recommendation.

e Across the three public datasets, SAGDRec obtains a
6.08% average gain compared with the strongest baseline.

II. RELATED WORK

Existing studies relevant to our work can be grouped into
two research lines: graph-based multimodal recommendation
and large language models (LLMs)-based recommendation.
These two lines of research are closely related to the core
design of our proposed SAGDRec framework, as they respec-
tively focus on graph-based modeling and leveraging LLMs
for recommendation modeling, which are the two key aspects
jointly addressed in this work.

A. Graph-based Multimodal Recommendation

Graph-based multimodal recommendation methods mainly
differ in how they organize relational structures for multimodal
propagation. Representative methods include MMGCN [9] and
GRCN [10], which propagate multimodal signals on user-item
graphs, while DualGNN [11], LATTICE [12], and FREE-
DOM [13] further exploit user-user or item-item relations
for representation learning. In addition to graph structure
optimization, some works also focus on improving multimodal
feature modeling before or during graph construction. Then,
MGCN [14] purifies modality features using item behav-
ioral information prior to building the item-item graph and
models modality-specific user preferences to guide feature
fusion. Along this line, PEARL [8] further considers that
raw user-item interactions may carry modality-related noise,
and thus learns purified interaction graphs together with
user and item affinity relations. Moreover, COHESION [7]
organizes interaction-level and affinity-level graph structures
within one model, and couples early modality refinement with
late representation fusion to improve multimodal modeling.
Additionally, DRNet [15] focuses on the internal composi-
tion of multimodal features by separating modality-aligned
and modality-specific information, and then constructs cross-
modal item-item graphs to capture richer item relations. From
another perspective, some studies aim to alleviate semantic
distortion during graph propagation. MONET [16] proposes
a modality-inclusive GCN by introducing self-connections
to explicitly preserve original multimodal features during
linear propagation, avoiding semantic distortion caused by
nonlinear aggregation. In the same way, MIRF [17] assigns
modality-specific propagation depths to better capture the
distinct structural patterns of different modalities. To further
explore advanced graph structures, recent studies introduce
hypergraphs into multimodal recommendation. LGMRec [18]
uses a hypergraph-based global module to capture attribute-
oriented dependencies that are difficult to obtain from local
interaction patterns alone. Moreover, SEHHN [19] constructs
a heterogeneous hypergraph network with customized aggre-
gators to handle different types of information propagation.

Nevertheless, in many graph-based MMRS, content-
neighbor relations are mainly determined by multimodal fea-
ture proximity. Such relations may be unreliable when items
look or read alike but correspond to different user behavior
patterns, causing misleading information to be propagated
during graph learning.

B. LLMs-based Recommendation

Recent studies explore LLMs as semantic bridges between
multimodal content and recommendation models, using their
language understanding ability to convert raw item information
into more structured and recommendation-oriented semantic
signals. DOGE [20] leverages LLMs-guided textual infor-
mation to interpret images, effectively mining cross-modal
correlations between texts and images. NoteLLM-2 [21] stud-
ies LLMs-enhanced multimodal representation learning for
item-to-item recommendation. Instead of directly adopting an
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existing MLLM, it fine-tunes the connection between an LLM
and a visual encoder, and further uses multimodal in-context
learning and late fusion to reduce the tendency of the model to
ignore visual content. MLLMRec [22] converts item images
into semantic descriptions, fuses them with textual metadata,
and further incorporates MLLM-inferred user preferences into
recommendation. Similarly, MLLM-MSR [23] also transforms
visual content into textual semantics and tracks the evolution
of user preferences across sequential interactions.

Despite these advances, how to further incorporate LLM-
derived high-level semantics into both representation learning
and graph structure modeling for multimodal recommendation
remains worth exploring.

III. METHODOLOGY

We first define the notation and problem setting used
throughout this section. Then, we detail the SAGDRec model,
which consists of four main components: multimodal rep-
resentation construction module, collaborative-signal guided
item-item graph construction and denoising module, additional
multimodal semantic branch, and optimization objective.

Fig. 1 presents the workflow of SAGDRec. SAGDRec
separates semantic extraction from recommendation training.
Before model optimization, an MLLM converts item images
and textual content into semantic descriptions. These semantic
descriptions are further encoded by a unified text encoder,
yielding semantic-enhanced multimodal item representations.
In the second stage, the extracted semantic information is in-
corporated into a trainable recommendation framework, which
consists of three modules. First, the multimodal representa-
tions are integrated with item ID embeddings to construct
content-aware item representations. These semantic features
are used to connect content-related items, and the resulting
links are adjusted with behavioral evidence learned from
historical interactions. Through graph-based aggregation, mul-
timodal representations of both users and items are derived.
Second, an additional multimodal semantic branch is intro-
duced to prevent semantic signals from being overwhelmed by
ID-based collaborative supervision during training. Third, the
model fuses multimodal and ID embeddings, jointly optimized
via a main recommendation loss and auxiliary losses.

In multimodal recommendation, the model needs to estimate
how likely a user is to interact with an item by multimodal
content. We describe this setting with the following notation.
Let U and Z represent the user set and the item set, respec-
tively. Each user v € U and item ¢ € Z is assigned an
ID embedding, denoted as eif and eiid. In addition, item ¢ is
paired with visual and textual content, which provides extra
semantic evidence beyond its ID. We denote the user-item
interaction matrix as R € {0, 1}“/*IZI For an entry r, ;, the
value 1 means that an interaction between user v and item 7
is recorded, while the value 0 means that such behavior is not
observed. For a target item i, SAGDRec computes a matching
score 4, ; for user v by using both past user behavior and
multimodal item content. The scores assigned to all candidate
items form y., = (Yu,1,Pu,2s- -+, Yu,z|). ltems with larger

scores are regarded as more relevant to user u, and the final
recommendation list is generated according to the descending
order of these scores.

A. Multimodal Semantic Feature Construction

To enhance multimodal content understanding, we leverage
an MLLM to map low-level visual signals into high-level
semantic textual representations. For each item image, we
generate a semantic description 7;"?. Meanwhile, the original
item textual description is refined to extract its core semantic
information, denoted as 77/°“*. Then, the generated image de-
scriptions and the extracted textual contents are concatenated
and fed into a unified text encoder f;.,; to obtain the initial
multimodal representation ™ € R? as follows:

jvifusion — Concat(Tfmg, Tite:ct)’ (1)
e;nm _ ftext(z-;fusion). (2)

Through this process, visual and textual modalities are
naturally aligned in a unified semantic space, since both
modalities are transformed into textual contents and encoded
by the same pre-trained text encoder. This unified encoding
strategy alleviates the modality gap and facilitates subsequent
graph-based learning [22], [24].

B. Item-Item Graph Construction and Denoising

In order to adaptively modulate the influence of multimodal
semantics during fusion with the item ID embedding, we apply
MLP to the MLLM-enhanced multimodal representation e}*"™
to generate a gated multimodal representation:

’
mm
€;

= o(MLP(e/"™)), ™ e R% 3)

After obtaining the gated multimodal representation e;’"”’/,
we fuse it with the item ID embedding e € R? to construct
a content-aware item representation as:

. ’
econ — e;d ® egnm ,

?

e;”" € RY, 4)

where o(:) refers to the sigmoid activation, and © indi-
cates multiplication performed dimension by dimension. The
content-aware item embeddings are further used to derive
semantic connections among items. For each item, we search
for nearby items in the multimodal representation space and
regard them as semantic neighbors. The resulting neighbor
structure forms the initial semantic item-item graph, where
the pairwise similarity score s; ; is computed as:

SN AL . (5)

Wl lllesen I
To keep the semantic graph concise, we filter out weak item
pairs and retain K highly related items for each anchor item:

Si,jsy  Sij € TOp-K(SiJ |] € I),

Sij= .
0, otherwise,

(6)

where S € RIZI*IZl is the sparse item-item semantic similarity
matrix.
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Fig. 1. The overall framework of SAGDRec.

However, semantic similarity does not necessarily imply
the behavioral relevance. Specifically, item-item graphs con-
structed purely based on the semantic similarity may contain
false-positive edges, which can mislead graph-based propaga-
tion. Semantic similarity alone may connect items with differ-
ent user preference patterns. To reduce the influence of such
unreliable edges, we use collaborative information from the
user-item graph as behavioral guidance. The behavioral signal
is obtained by running LightGCN [25] over the user-item inter-
action graph, which produces item embeddings encoded with
collaborative patterns. We denote the concatenation of user
and item ID embeddings as F' = [eid; eid] € RIUIFIZIxd,
The propagation can be defined as follows:

0 R
A= { R 0} : )
HI =AY 7Y = B, (8)
L
Hyg = —— S H) ©)
id L+1 id
=0

where H;q = [hi4;hid] € RUUIFIZDXd denotes the final
representation derived from collaborative propagation.

Then, we evaluate semantic-behavioral consistency by com-
paring the semantic vector of ¢ with the behavior-aware vector
of 7. The motivation behind this design is that a reliable item-
item edge should satisfy both semantic proximity and behav-
ioral consistency. Semantic similarity indicates that two items
share similar content attributes, while collaborative represen-
tations encode user preference patterns derived from historical

interactions. If an item is semantically close to another item but
its collaborative representation is far from the corresponding
semantic representation, this edge may reflect superficial con-
tent similarity rather than recommendation-useful relevance.
Therefore, the cross-space consistency between semantic and
collaborative representations can be viewed as behavioral
evidence for judging whether a semantic edge should be
preserved during graph propagation. Specifically, we compute
the behavioral evidence as P; ;, and introduce a temperature-
controlled gating function to adjust edge weights:

P, j = sim(ef°", hi), (10
Pij -C

=0 2 11

W;, j 0( T ) (11

Gij = w;j - Sij, (12)

where C' controls the minimum consistency required for an
edge to be strongly preserved, and 71" adjusts the smoothness
of the gating function. Through this gating mechanism, a
semantic edge receives a smaller weight when its collaborative
evidence is weak, even if the two items are close in the
semantic space. As a result, behaviorally inconsistent neigh-
bors contribute less during item-item propagation, reducing
the risk of injecting irrelevant semantic information into item
representations.

After noise reduction processing, the similarity matrix
changes from S;; to G;; € RII*IZI. On this basis, we
aggregate multimodal neighbor information for each item by
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using the similarity matrix as follows:

mm __ .. con
R =) L gi4€5

JjET

A € RY, (13)

where g; ; denotes the entry of the denoised item-item sim-
ilarity matrix G at position (¢, j), quantifying the semantic
closeness between item ¢ and item j.

Finally, a user’s multimodal vector is obtained from the de-
noised multimodal embeddings of previously interacted items:

§ /‘ mm
Tu,jhj )

J€Ly

d
hy™ = hy™ € RY, (14)
where Z,, contains the items previously interacted with by user
u, and h;'" is the resulting user-side multimodal semantic

vector.

C. Additional Multimodal Semantic Branch

In the joint training process, ID embeddings often receive
stronger optimization signals because they are directly tied
to observed user-item interactions. By contrast, multimodal
semantic embeddings act as auxiliary information and may not
be fully trained for recommendation if they only participate
through the fused branch. This imbalance can weaken the
role of semantic features and make the final prediction rely
excessively on collaborative ID signals. To address this issue,
we introduce an additional multimodal semantic branch that
explicitly enforces semantic supervision using multimodal
representations. Specifically, instead of solely relying on the
fused representations in the main recommendation branch,
we construct an auxiliary BPR [26] loss purely based on
multimodal semantic embeddings as follows:

»CMM—BPR = — Z IOgU (hZLmTh;ﬂm — humm—l—h;nm) s (15)
(uy4,5)
where ¢ corresponds to an interacted item, and j serves as
the negative sample. This design encourages the model to
directly learn user preferences from multimodal semantics,
thereby preventing semantic information from being diluted
during joint optimization.

D. Optimization Objective

We obtain the final representations by merging two comple-
mentary views: the ID-based view learned from interactions
and the semantic view derived from multimodal content:

hi = B 4+ B4 b, = BT 4 B (16)
where h;, h,, € R? denote the final representations of item ¢
and user u, respectively.

Based on the fused representations, the main BPR loss is

defined as:

Lepr =— »_ logo (hyhi —hyhj), (17)
(ws,7)

where triplet (u, %, j) contains one user u, an observed item i,

and an unobserved item j sampled as the negative instance.

To enhance user-item alignment, we introduce a cosine
similarity loss as follows:

£UI =1- sim(hu, hz), (18)

where Ly reduces the distance between user u and its inter-
acted item 4 in the embedding space, with sim(-, -) computed
by cosine similarity.

Furthermore, we apply an InfoNCE [27] loss to align ID
and multimodal representations as follows:

Liv = InfoNCE,, + InfoNCE;, (19)
pmvm hid
InfoNCE, — — log Pz ™ i /7) (20)

> exp(hypm - hig /7))’

where © € {u,i} denotes a user or an item, 2’ indicates all
users or items in the corresponding set, and 7 adjusts how
strongly the contrastive objective distinguishes the positive
pair from other entities. This objective encourages the mul-
timodal representation of each entity to be close to its corre-
sponding ID-based representation while being discriminative
from others.

Model parameters are learned by jointly minimizing the
following ranking and auxiliary regularization terms:

L = Lgpr + aLmmprr + BLu1 + AL, 21

where Lgpr is the main recommendation loss, LyM.pr 1S
the auxiliary multimodal semantic loss, Ly; enforces user-
item alignment, and Lp aligns ID-based and multimodal
representations. The hyperparameters «, [, and A determine
how much the semantic ranking branch, the user-item align-
ment term, and the ID-multimodal alignment term contribute
to training. The role of InfoNCE is to align two views
of the same entity, making its ID-based representation and
multimodal representation more consistent. However, such
alignment does not directly guarantee that the multimodal
representations themselves are sufficiently optimized for the
ranking task. Therefore, InfoNCE focuses on representation
alignment, while the semantic branch aims to preserve the
recommendation capability of multimodal semantics during
optimization.

IV. EXPERIMENTS

This section reports the empirical study of SAGDRec. We
describe the datasets, compared methods, evaluation protocol,
and implementation details, then show the empirical observa-
tions.

A. Experimental Settings

1) Datasets: We use three categories from the Amazon
review data, namely Baby, Sports, and Clothing. Each category
provides user behavior records as well as item content from
visual and textual modalities, which allows us to examine
whether SAGDRec can benefit from multimodal semantics
under different data scales and densities. Table I gives the
detailed statistics of the processed data, including the numbers
of users, items, observed interactions, and density.
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TABLE I
STATISTICS OF THE EXPERIMENTAL DATASETS.
Datasets #Users #ltems #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%

For data preprocessing, we follow the 5-core setting used in
prior multimodal recommendation studies [7], [12], [18]. After
preprocessing, the retained user-item records are randomly
partitioned into three subsets with a ratio of 8:1:1.

2) Baselines and Evaluation Metrics: We include both
interaction-only recommenders and multimodal recommenda-
tion methods. The interaction-only group contains BPR [26]
and LightGCN [25], which rely on user-item feedback without
using item content. The multimodal group contains VBPR [6],
MMGCN [9], GRCN [10], DualGNN [11], LATTICE [12],
SLMRec [28], BM3 [29], and LGMRec [18], covering matrix-
factorization-based, graph-based, and self-supervised multi-
modal models.

We use Recall@K and NDCG@K to measure ranking
performance. Recall@K reflects whether relevant items appear
in the recommendation list, while NDCG @K further considers
their ranking positions. Following the evaluation setting of
recent multimodal recommendation studies [7], [8], [18], we
calculate the average scores over with K = 10 and K = 20.

3) Implementation Details: During the semantic inference
stage, we employ VideoChat2-TPO [30] as the MLLM,
which is built upon the Mistral-7B-Instruct-v0.2 backbone.
The MLLM inference is conducted on an NVIDIA RTX
4090 GPU. Subsequently, the graph-based recommendation is
conducted on an NVIDIA RTX 4070 GPU. Depending on the
dataset size, the MLLM inference stage takes approximately
6 to 20 hours. Once the image descriptions and refined textual
semantics are generated, they are cached and encoded as fixed
semantic features for subsequent recommendation training and
inference. For collaborative modeling, LightGCN is stacked
with two propagation steps, while the semantic item graph
uses a single convolution step. The neighborhood size is
set to K = 10. The collaborative-signal-guided denoising
mechanism is activated after a warm-up of 30 epochs. For
the similarity threshold C, we carry out a grid search in
{0.0,0.2,0.4,0.6,0.8}, and we test T with 0.2, 0.4, and
0.6. During training, the validation Recall@20 is monitored
for model selection. Training stops when Recall@20 on the
validation set remains unchanged for 30 epochs, with the
epoch limit set to 1,000. All models are implemented in
PyTorch with seed 999.

B. Overall Results

Table II summarizes the ranking accuracy of SAGDRec and
all baselines across the three datasets. The results reveal the
following findings:

First, we can see that models leveraging multimodal in-
formation consistently outperform traditional recommendation
models across most datasets and metrics. This suggests that

visual and textual content can compensate for the limited
supervision provided by sparse user-item interactions.

Moreover, different multimodal models exhibit varying per-
formance across datasets. For example, DualGNN performs
worse than GRCN on the Baby dataset but outperforms it on
the Clothing dataset, as its user-user graph is more beneficial
for larger and sparser datasets. Moreover, LGMRec achieves
strong performance on Baby and Sports but shows poor per-
formance on Clothing, likely because its complex hypergraph
structure is better suited for smaller-scale datasets.

Compared with LGMRec, the strongest baseline in Table II,
SAGDRec raises Recall@20 by 1.62% on Baby, 6.00% on
Sports, and 10.75% on Clothing. The corresponding gains on
NDCG @20 are 1.40%, 5.24%, and 11.32%. The improvement
on Baby is smaller than that on the other two datasets.
A possible reason is that Baby contains many items with
similar visual appearances and textual descriptions. That is,
the high-level semantic representations extracted by MLLM
exhibit limited discriminability, leading to relatively homoge-
neous multimodal semantic features. Under such conditions,
semantic enhancement provides less additional information
beyond existing collaborative signals. This also indicates that
SAGDRec is more suitable for handling large-scale and more
diverse datasets.

C. Ablation Study

To examine how different designs affect the final recom-
mendation results, we compare SAGDRec with three reduced
versions: (1) SAGDRec w/o-MLLM, which uses the visual
and textual features provided by MMRec for concatenation
instead of the semantic features obtained through MLLM rea-
soning; (2) SAGDRec w/o-GD, which disables the semantic
edge refinement component; (3) SAGDRec w/0-SB, which
excludes the additional multimodal semantic branch.

Table III further reveals how the performance changes
when one design is removed from SAGDRec. On Sports and
Clothing, each simplified variant underperforms the full model,
suggesting that the three modules improve recommendation
from different aspects: semantic enrichment, edge reliability,
and semantic-aware optimization. The semantic branch has
the most visible impact. After removing it, the performance
on Clothing decreases by 8.84% in Recall@10 and 9.05% in
NDCG@10. This indicates that multimodal semantics should
not only be fused with ID embeddings, but also receive direct
ranking-oriented supervision. Otherwise, the optimization pro-
cess may be dominated by collaborative ID signals, especially
on datasets with diverse item attributes.

In addition, on the Baby dataset, using concatenated mul-
timodal features yields slightly better performance than the
MLLMe-inferred features. We attribute this phenomenon to
the relatively small parameter size of the adopted MLLM,
which may struggle to capture fine-grained distinctions in
highly specialized domains. In detail, baby-category items
often exhibit highly similar appearances, where direct visual
and textual features preserve subtle physical attributes. In
contrast, the MLLM-based semantic abstraction may smooth
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TABLE 11
OVERALL PERFORMANCE OF BASELINES AND SAGDREC.

Model Baby Sports Clothing
R@10 R@20 N@10 N@20 | R@l0 R@20 N@I0 N@20 R@10 R@20 N@10 N@20
BPR 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 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 0.0423  0.0663  0.0223  0.0284 | 0.0558 0.0856 0.0307 0.0384 | 0.0281 0.0415 0.0158 0.0192
MMGCN 0.0378 0.0615  0.0200 0.0261 | 0.0370 0.0605 0.0193 0.0254 | 0.0218 0.0345 0.0110 0.0142
GRCN 0.0532 0.0824 0.0282  0.0358 | 0.0559 0.0877 0.0306 0.0389 | 0.0424 0.0650 0.0225 0.0283
DualGNN 0.0448 0.0716  0.0240  0.0309 | 0.0568 0.0859 0.0310 0.0385 | 0.0454 0.0683 0.0241 0.0299
SLMRec 0.0529 0.0775 0.0290 0.0353 | 0.0663 0.0990 0.0365 0.0450 | 0.0452 0.0675 0.0247 0.0303
LATTICE 0.0547  0.0850  0.0292  0.0370 | 0.0620 0.0953 0.0335 0.0421 0.0492 0.0733 0.0268 0.0330
BM3 0.0564 0.0883 0.0301 0.0383 | 0.0656 0.0980 0.0355 0.0438 | 0.0422 0.0621 0.0231 0.0281
LGMRec 0.0639  0.0989 0.0337 0.0430 | 0.0719 0.1068 0.0387 0.0477 | 0.0555 0.0828 0.0302 0.0371
SAGDRec 0.0645 0.1005 0.0344 0.0436 | 0.0755 0.1132 0.0405 0.0502 | 0.0622 0.0917 0.0338 0.0413
Improv. 0.94% 1.62%  2.08% 140% | 5.01% 6.00% 4.65%  5.24% 12.07%  10.75%  11.92%  11.32%
out these fine-grained differences. Besides, the denoising (@) Impact of @
module mainly refines the overall semantic topology among T e Reeall@to
items. Such adjustment helps suppress unreliable links, but U (e
may slightly change the ordering of closely ranked candidates, — _
causing minor NDCG variations. ® 070 |
~|
&~

D. Hyper-parameter Analysis

This part studies how SAGDRec behaves under different
settings of two important parameters: the semantic branch
weight a and the denoising threshold C.

1) Impact of a: The parameter o determines how much
the auxiliary semantic branch participates in model training.
Fig. 2(a) reports the Recall@10 and NDCG@10 results on
Sports when « varies. The curves reach their highest values at
a = 0.3, suggesting that SAGDRec benefits from a moderate
amount of semantic supervision. When « is small, the seman-
tic branch has limited influence, and multimodal semantics are
still dominated by ID-based collaborative signals, leading to
suboptimal performance. As « increases, semantic supervision
becomes more effective and helps the model better capture
user preferences from multimodal content. However, when «
exceeds 0.3, the optimization is overly biased toward semantic
signals, which may weaken collaborative learning and hurt
performance.

2) Impact of Similarity Threshold C: We also examine
how the threshold C' affects the graph denoising process. As
presented in Fig. 2(b), increasing C' from O to 0.6 brings
consistent gains on both Recall@10 and NDCG@10. The
best result is obtained at C' = 0.6, suggesting that this value
suppresses unreliable semantic edges while still preserving
useful neighbor information. When C' is small, the denoising
effect is weak and many semantically similar but behaviorally
inconsistent edges are retained, which introduces noise during
graph propagation. As C' increases, more noisy edges are
suppressed, leading to a cleaner graph structure and improved
recommendation performance. However, when C' exceeds 0.6,
the performance of SAGDRec degrades, indicating that overly
aggressive denoising may suppress informative edges. These

0.0730

/

T T

0.0 0.1 02 03 04 0.5 0.6 0.7
Parameter o
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(b) Impact of C
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Fig. 2. Sensitivity analysis of key hyperparameters in SAGDRec. (a) Impact
of the semantic branch weight .. (b) Impact of the similarity threshold C' in
the item-item graph denoising module.

results demonstrate that C' = 0.6 provides an effective balance
between noise removal and information preservation.

V. CONCLUSION

We explore the integration of MLLM-derived semantics
and collaborative behavior in multimodal recommendation.
By leveraging an MLLM, the proposed method enhances the
semantic expressiveness of multimodal item representations.
An additional multimodal semantic branch is introduced to
prevent multimodal signals from being overshadowed by ID
embeddings, while a collaborative-signal guided item-item
graph denoising strategy effectively suppresses semantically
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TABLE III
PERFORMANCE OF SAGDREC AND ITS VARIANTS.

Model variant Baby Sports Clothing
R@10 N@10 R@10 N@10 R@10 N@10
SAGDRec 0.0645 0.0344 0.0755 0.0405 0.0622 0.0338
w/o-MLLM 0.0653 0.0355 0.0711 0.0387 0.0588 0.0317
w/o-GD 0.0635 0.0348 0.0737 0.0396 0.0615 0.0333
w/o-SB 0.0624 0.0342 0.0720 0.0384 0.0567 0.0308

similar but behaviorally inconsistent edges. Empirical obser-
vations from three public datasets confirm the contribution
of each design, with clearer advantages on larger and more
diverse datasets. Going forward, we will examine whether
stronger or more efficient MLLMs can produce finer-grained
item semantics and improve robustness across different rec-
ommendation scenarios.
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