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ABSTRACT

Multimodal recommendation has increasingly become a mainstream information service technology, which
transcends traditional user—item interaction-based recommender systems by integrating the multimodal fea-
tures of items. Although existing works have made notable progress by focusing on user-item interaction graph
structures and self-supervised learning to enhance multimodal representation learning, they still exhibit the
following two limitations: (1) Performing graph convolution operations on a fixed interaction graph introduces
misleading noisy signals caused by user’s imbalanced attention on various modalities. (2) Lacking exploration
of inherent self-supervised signals in multimodal attributes fails to mitigate the distribution bias introduced
during data augmentation. To address these issues, we propose a novel method named Purified-intEraction
and Affinity gRaph Learning (PEARL) for multimodal recommendation, which utilizes a dual-layer graph
learning to model the user preference. Specifically, to eliminate misleading noisy signals, we designed a graph
purification strategy that constructs purified modality-specific interaction graphs, thereby removing noisy edges
from the raw interaction graph. Then, the user and item affinity graphs are constructed based on the user co-
occurrences and the item multimodal features, respectively, which are then utilized for message passing to mine
the implicit self-supervised signals between similar users or items. After that, we propose an augmentation-
free contrastive learning task in the fusion module to improve the quality of ID embeddings and multimodal
features, ultimately generating the final representations of users and items. Comprehensive experimental results
on three publicly available datasets verify the superiority of PEARL against diverse state-of-the-art baselines,
where the improvements are especially noticeable in large-scale datasets. Our experimental code and data
utilized in this work can be accessed at https://github.com/Yuzhuo-Dang/PEARL.

1. Introduction

As information explodes on the internet, recommender systems have

then integrated into traditional recommenders by fusing multimodal
features with the user—item interaction signals. Early studies on MMRS
either employ the linear fusion between ID embeddings of items and

emerged as an important tool for information filtering and personalized
services [1-4]. Traditional recommender systems generally capture
the user preference based on the binary interactions between users
and items [5-7]. Although these methods can effectively improve the
recommendation accuracy, they often face the data sparsity problem
when dealing with new emerging users or items. To solve this problem,
recent works introduce the multimodal recommender systems (MMRS),
which utilize the multimodal data (e.g., image, text and audio) to
provide additional information and assist in capturing more aspects of
user preferences [8-12].

The mainstreams MMRS methods are generally implemented in a
two-step strategy. Specifically, the multimodal features of items are
first derived using the advanced pre-trained models [13,14], which are
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their multimodal features [8,15,16], or adopt a weighted fusion on
inter-modal representations of users or items by an attention mech-
anism [17,18]. Subsequently, based on the effective representation
learning of graph neural networks (GNN), researchers introduce GNN
into MMRS for mining high-order features of users and items [19-
21]. However, the performance of these GNN-based methods are sub-
optimal due to the sparsity of interactions between users and items
comparing to the entire interaction space [22,23]. Therefore, building
on the achievements of self-supervised learning (SSL) [24], multi-
views of the interaction graph are constructed by random masking or
replacement. Subsequently, contrastive learning is used to maximize
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Fig. 1. Illustration of the noise diffusion in the interaction graph, where the textual
information (covered by a red box) of item i, is not attended by the user u,. In the
textual graph convolution process, information propagates through true-positive ((u;,i,)
and (u;,i3)) and false-positive ((u,,i,)) interactions, which are denoted as green and
red dashed curves, respectively. As a result, the trained model recommends item i, to
user u, instead of the real preferred item i,.

the consistency of positive pairs which are constructed from differ-
ent views of each node and minimize the inconsistency of negative
pairs which are constructed from different nodes [25,26], generating
accurate representations of users and items.

Despite the remarkable success of existing methods, there still re-
main two limitations: (1) Noise in the fixed interaction graph. Ex-
isting methods directly perform graph convolution operations in each
modality on the raw historical user-item interaction graph, without
identifying and removing noisy edges that arise from the user’s imbal-
anced attention on various modalities [27,28]. This causes misleading
noisy signals carried by the unnoticed multimodal features are intro-
duced to the system (e.g., text of item i, in Fig. 1). More seriously, these
noisy signals propagate and accumulate through the graph convolution
process (e.g., red dashed lines like (u;,us) in Fig. 1), resulting in the
system not recommending accurate items to the user. (2) Lack of
mining for self-supervised signals. In the data augmentation stage
of self-supervised learning, the data generated by random masking and
replacement exhibits a distribution bias, introducing the noisy self-
supervised signals to the training stage [29-31]. Furthermore, existing
methods treat the explicit inter-modal representations of the same user
or item as positive samples in contrastive learning [11,12], while ig-
noring the implicit intra-modal affinity between similar users or items,
which limits the representation learning ability.

To address the above limitations, we propose a novel method named
Purified-intEraction and Affinity gRaph Learning (PEARL) for mul-
timodal recommendation. Specifically, we first design a graph pu-
rification strategy to eliminate the noisy edges caused by the user’s
imbalanced attention on various modalities, thereby generating the
modality-specific interaction graphs in a hard denoising way. Then,
we apply three graph convolutional networks in parallel to process
the multimodal features and ID embeddings, generating the high-order
representations of users and items. In addition, we perform a message
passing on the frozen user co-occurrence and item modality-aware
affinity graphs to aggregate features between similar nodes, which
mines the implicit intra-modal affinity between users or items to en-
hance their representations. Finally, we propose an augmentation-free
contrastive learning task that leverages the inherent self-supervised sig-
nals between the ID embeddings and the multimodal features, avoiding
the use of biased data augmentation. The overall contribution of the
above techniques is to obtain the accurate multimodal user preference
by effectively learning the user—item interaction signals and multimodal
features.

To verify the superiority of PEARL, we conduct extensive exper-
iments on three public datasets, i.e., Baby, Sports, and Clothing. The
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experimental results show that PEARL achieves the state-of-the-art
performance in terms of Recall@K and NDCG@K. In addition, the ab-
lation study is designed to validate the effectiveness of various compo-
nents designed in PEARL and the contribution of different multimodal
features utilized in PEARL to recommendation.

In general, our contributions can be summarized as follows:

* We are the first to focus on the noise generated by the user’s
imbalanced attention on various modalities. To this end, we
design a graph purification strategy to identify and eliminate the
noisy edges in the historical interaction graph under different
modalities, thereby generating the modality-specific interaction
graphs.

We propose a novel multimodal recommender named PEARL,
which combines the interaction and affinity graph learning as
well as includes an augmentation-free contrastive learning task.
It mines the implicit intra-modal affinity between similar users or
items and improves the quality of representation learning.

We conduct sufficient experiments on three publicly available
datasets to validate the superiority of PEARL. Further experi-
ments validate the effectiveness of its four components and the
contribution of multimodal features to recommendation.

2. Related works

We categorize the related work into three groups, including GCN-
based recommendation in Section 2.1, self-supervised recommendation
in Section 2.2 and multimodal recommendation in Section 2.3.

2.1. GCN-based recommendation

Graph convolutional network (GCN) [32,33] has demonstrated pow-
erful capabilities in processing graph-structured data, which has greatly
promoted the development of recommendations [34,35]. Specifically,
GCN can effectively capture the hidden multi-hop relationships be-
tween users and items by learning the bipartite graph constructed from
the historical user—item interactions, thus enhancing the representa-
tions of users and items [36,37]. For example, van den Berg et al.
[38] introduce GCN into matrix factorization to solve the data sparse
problem by aggregating neighbor information of user and item nodes.
In addition, to avoid overfitting caused by redundancy parameters in
GCN, He et al. [19] remove the weight transformation matrix and
nonlinear activation functions in the vanilla GCN, thus simultaneously
improving the model training efficiency.

Then, some studies focus on using the hypergraphs to explore finer-
grained relationships between user groups and item categories [39-41].
For instance, Zhang et al. [39] exploit the data from group buying
behaviors in shopping to extract complex high-order graph structures
by performing multi-view embedding propagation on the constructed
directed heterogeneous graph. Moreover, Han et al. [41] propose a
hypergraph convolutional network model that effectively identifies
high-order relationships and alleviates the data sparsity issue, which
simulates the interactions between users and items in different fields
and integrates multi-domain features to improve the recommendation
performance.

Building on the success of prior researches, our proposed PEARL
adopts GCN as the backbone network to propagate and aggregate fea-
tures of similar nodes. Specifically, we perform GCNs on the modality-
specific interaction graphs constructed by a purification strategy and
the affinity graphs constructed from the user co-occurrences and the
item multimodal features to ensure the aggregation of neighbor infor-
mation.
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2.2. Self-supervised recommendation

Self-supervised learning first gains prominence in the field of com-
puter vision (CV) [42,43], where it employs unlabeled data to train
models without the human annotations. Recently, this methodology has
been widely implemented in recommendations to solve the problems of
data sparsity and cold start [44,45], which provides additional supervi-
sory signals through techniques like data augmentation and contrastive
learning, thereby improving the generalization ability and robustness
of models [22,46]. For example, S3-Rec proposed by Zhou et al. [47]
is a pioneering application of contrastive learning in recommender
systems, which masks different levels of contextual information and
mines self-supervised signals in the three views of attributes, items,
and sequences, respectively. Moreover, Wu et al. [44] utilize dropout
and random walk techniques to create three contrasting views of the
user—item graphs, followed by which contrastive learning is applied to
enhance the mutual information shared among these views. Then, Xie
et al. [48] adopt three data augmentation methods, including crop,
mask, and reorder, to construct different views of user behaviors and
obtain self-supervised signals from the original user interactions.

Furthermore, Yu et al. [30] point out that the role of graph augmen-
tation is secondary and propose a contrastive learning method without
graph augmentation, introducing directed random noise in the embed-
ding space to form contrastive views. In addition, Liu et al. [46] inte-
grate the hyper-relational knowledge graphs with dynamic hypergraph
learning, and effectively addresses the issues of over-smoothing and
sparse supervised signals through a self-supervised learning framework.

Inspired by the aforementioned researches, we integrate self-
supervised learning with MMRS for improving the quality of repre-
sentation learning. Specifically, we employ an augmentation-free con-
trastive learning which leverages the inherent self-supervised signals of
multimodal attributes to avoid the use of biased data augmentation.

2.3. Multimodal recommendation

With the increasing amount of multimodal data on online platforms,
there has been a growing research trend on MMRS [12,49]. Early
studies effort in using the collaborative filtering (CF) [19] paradigm
to process the multimodal information. For example, He and McAuley
[8] first propose to fuse the visual features with item’s ID embeddings
to enrich the item representations. Moreover, Chen et al. [50] consider
the varying degrees of user’s attention on different regions of an image
and allocate personalized attention to the pre-segmented sub-images,
which mitigates the influence of noise in the visual features.

In addition, researchers employ GCN on multimodal user-item in-
teraction graphs for graph learning [9]. This approach is different
from multi-source data graph learning, which focuses on integrating
nodes and edges of graph structures from different sources into a
global graph Zhan et al. [51]. The multimodal graph learning operates
as a graph-structured node representation learning paradigm that en-
hances the modal features of nodes through information propagation
and aggregation mechanisms. Specifically, Tao et al. [18] propose to
assign weights in the information propagation process on the user—
item interaction graph for modeling the fine-grained user preferences.
Then, Zhang et al. [10] construct the item—item graphs based on the
similarity of item modal features to mine the latent structural informa-
tion. Recently, self-supervised learning has been widely introduced to
the researches of multimodal recommendation [28,45], which involves
creating new views for contrastive learning through data augmenta-
tion [11], thus learning more accurate representations for users and
items. For instance, Yi et al. [25] devise edge dropout and modality
masking to generate multi-views of the user—item interaction graph,
and employ the negative sampling to ensure the valid contribution of
each modality. Moreover, Guo et al. [12] design a local graph and
hypergraph learning to model the local and global user preferences
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Table 1
Main notations employed in PEARL.
Notation Description
v A set of all users
1 A set of all items
eid el The ID embeddings of users and items
M A set of modalities
e The multimodal preferences of users
e, & The original and projected multimodal features of items
G A sparse matrix recording the historical user—item

interactions

G={V,ELG"={V, &)} The historical and modality-specific user—item interaction

graphs
&y The attention scores of user u to item i under modality m
Pluiy A pruning probability of the edge (u,i) under modality m
P A certain pruning percentage of edges in the graph
purification
A={U,C},A" = {U,C™} The user co-occurrence and item modality-aware affinity
graphs
n,,n; The top-n value in the user and item affinity graphs

X’;“;)X;”/(OZ) The high-order ID embeddings and multimodal features

of users and items

a A hyper-parameter as the importance score of visual

modality in fusing item features

The advanced ID embeddings and multimodal features of

users and items

B A trainable parameter as the attention weight of visual
modality in fusing user features

H, . H; The final representations of users and items

Ly, Ly The layers of convolution in the interaction graphs and
affinity graphs

id m id gm
zid, 2 2 2y

L,Lgpr.Lcp The joint, BPR, and contrastive loss

ALy Ay The trade-off hyper-parameters for balancing £, and L,
regularization

K The number of items recommended to each user

for addressing the sparse interaction problems faced by local interest
modeling.

While the above methods have achieved obvious improvements in
MMRS, they fail to remove the noisy multimodal features and mine the
self-supervised signals between similar users or items. Thus, we design
a purification strategy to remove the noisy edges in the interaction
graph and propose the affinity graph learning to mine the implicit
signals between similar nodes.

3. Approach

In this section, we first describe the task of multimodal recommen-
dation and outline the overview of PEARL in Section 3.1. Then, we
provide a detailed explanation of four components in PEARL, including
initialization and graph purification in Section 3.2, interaction graph
learning in Section 3.3, affinity graph learning in Section 3.4, and
fusion and recommendation in Section 3.5.

3.1. Preliminary and overview

The ID embeddings of each user u € U and each item i € T are
initialized as e/? and e within the d-dimensional space R¢, respec-
tively. Moreover, we extract the original multimodal features of items
through the pre-trained models as e € R4 for each modality m € M,
where d,, denotes the dimension of multimodal features. In addition,
we randomly initialize the multimodal user preferences e” € R. In this
work, we deal with the visual and textual modalities, i.e., M = {v,1}
following [52]. The historical interactions between users and items are
represented as a sparse matrix G € RIVIXIZI which is used to construct
a historical interaction graph ¢ = {V, £} (%). Here, V = {U" U 1} is the
node set containing users and items, £ = {(u,i)|G,; = 1} is the edge
set that represents the interactions between users and items. The main
notations employed in PEARL are listed in Table 1.
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Fig. 2. Overview of the PEARL framework. The frozen graph and the tunable graph are labeled as snowflake () and spark (&), respectively.

Task definition. The objective of multimodal recommendation is
to predict the likelihood of user u selecting item i by learning accurate
representations of users and items from the user behavior data and the
multimodal information of items.

Overview. As shown in Fig. 2, PEARL comprises four components:
(i) Initialization and Graph Purification, which employs the pre-
trained models to extract the multimodal features while randomly
initializing the ID embeddings and multimodal user preferences, and
performs the edge denoising to construct the modality-specific inter-
action graphs (&) based on the proposed graph purification strategy;
(ii) Interaction Graph Learning, which applies three GCNs in parallel
on the historical and modality-specific interaction graphs to learn the
high-order ID embeddings and multimodal features, respectively; (iii)
Affinity Graph Learning, which aggregates features of similar nodes in
the user co-occurrence and item modality-aware affinity graphs () that
are both frozen and pre-constructed using the original multimodal fea-
tures. (iv) Fusion and Recommendation, which fuses the high-order
and advanced representations, as well as optimizes the output through
an augmentation-free contrastive learning. Finally, items are recom-
mended to each user based on the preference scores calculated from
the final representations which are concatenated by the ID embeddings
and multimodal features.

3.2. Initialization and graph purification

Different from the soft denoising or the feature-level denoising in
previous works [25,28], we prune the historical interaction graph for
each modality to prevent noisy signals caused by the user’s imbal-
anced attention from propagating in graph learning. Specifically, we
design a purification strategy based on the modality difference in user’s
attention to items as shown in Fig. 3.

Considering the difference in dimensions and semantics of the item
features generated by the pre-trained models for different modalities,
we project the item features of all modalities into a unified embedding
space R using the Multilayer Perceptron (MLP):

@ =0 (W +b"), €h)

where & € R? is the projected features of modality m, W™ € R4»*¢ and
b™" € RY denote the transformation matrix and bias vector, respectively.
The function o, (-) is the LeakyRelu activation function. After that, we
calculate the similarity sim]; between user « and item i under modality
m using the inner product operation combined with the degrees of
nodes as follows:

m\Tam
sim™ = (e)) & ’ 2

Y \dwA/dG)

1 1

Pruning Probability P
Similarity Similarity
Calculation Calculation
e, & e, g

Fig. 3. Illustration of the graph purification.

where d () denotes the degree of nodes in graph G. Then, the attention
scores g of user u to item i are obtained by employing the softmax
function as follows:
M

o = exp(stmm-) _ @)

TEN, exp(sim’,)
where N, denotes the item set clicked by user u and exp(-) is the
exponential operation.

To prevent the pruning process from removing the connections be-
tween user u and item i across all modalities due to uneven distribution
of user attention scores, we define a pruning probability p< that
determines whether an edge (u,i) in graph G is pruned to obtain the
modality-specific interaction graph ¢” under modality m, which can be
formulated as follows:

> “)

Py = S —
(u,i) < |M| mgjvl ui
where o, (-) denotes the Sigmoid activation function for normalization.
The pruning probabilities of edges in the modality-specific interac-
tion graphs under all modalities form a probability distribution p =
{Pos P15 -+ s Plaqf je1-1 }» and the pruning probabilities of edges (u, i) in dif-
ferent modality-specific graphs are distributed in each ‘L segment of
p. For instance, this study only considers visual and textuall modalities,
so p(u: and p are located in the first half and the second half of the
probability dlStrlbuthl‘l P, respectively.

Subsequently, we prune a certain percentage p (0.1 < p < 1) of
edges in the modality-specific interaction graph. Here, we follow the
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assumption that every edge in ¢ appears in at least one modality-
specific interaction graph, i.e., each user is affected by at least one
modality. Specifically, we prune |p(|M| — 1)|€|]| edges according to the
probability distribution p, where |-| denotes the downward rounding.
In this way, the interactions with lower attention score in each modality
has a higher probability of being pruned and edge (u,i) is retained
in at least one modality. After that, the modality-specific interaction
graph ¢" = {V, &™)} is constructed, and the purified interaction matrix
under modality m is G™, where Y, o\, |E"| = IM| || — [p(IM]| = DIE]].
Since we use the projected features in Eq. (2) to calculate the simi-
larity between users and items under different modalities, this value
is continuously optimized as the model is trained, resulting in the
modality-specific interaction graphs are tunable (&).

3.3. Interaction graph learning

To capture the high-order representations of users and items from
the historical and modality-specific interaction graphs, we employ
LightGCN He et al. [19] to perform the convolution operations on G
and ¢”. This architecture is a lightweight graph convolutional network
and significantly reduces the model complexity by removing the weight
transformation matrices and activation functions, thus it is widely
adopted in recommender systems Zhang et al. [10],Guo et al. [12],Yu
et al. [21],Liu et al. [28]. Specifically, the convolution operation on the
Ith layer of graph G can be formulated as follows:

0 G] ’ ©)

v,

id(l) _ -1 ~ 1N Lida-1 _
E Z_(GDZBMD)Z)EVJ ,andna_[GT 0

where M € RIVIHIDX(VIHID js a symmetric adjacency matrix derived
from G, and D denotes a diagonal degree matrix where the diagonal
element D, is equal to ), M, (i.e., the sum of elements in the ath
row of M). The embeddings matrix E'd(l) RUVIHIIDXA of the Ith layer
is updated only from the (/ — 1)th layer, where the initial matrix in the
Oth layer is set to E'd(o) {e;‘f ..,e;‘l’w eji’ e 4y,

Given the absence of self-loops in the interaction graph, information
of the same node from the previous layer is not retained during the
message passing. Consequently, we employ a summation to integrate
the ID embeddings from each layer as follows:

L;,
id(0) _ d(l)
X0 = 3R, ®)

where X”’(O) denotes the high-order ID embeddings of users and items,
L, is the nurnber of convolutional layers in the interaction graph.

Similarly, we perform the convolution operation as in Eq. (5) on the
modality-specific interaction graph ¢" as follows:

! -1 -1 -1
Ep) = (omamrmm 2 ) By, @
where M™ is derived from G™ and the initial features matrix in the Oth
layer is set to E”’(O) = {e:fl .. ,eu'"WI,él'.':, :’ ‘} Then, the high-order

multimodal features X;"/(OI) is calculated as follows:

m(O) Z Em(l) (8)

So far, the user-item interaction signals and the multimodal features
are encoded into the high-order representations of users and items via
the above interaction graph learning.

3.4. Affinity graph learning

To further mine the hidden feature of implicit intra-modal affinity
among similar users or items, we perform a graph learning on the user
co-occurrence graph (#) and the item modality-aware graph (:) which
are both frozen. These graphs are constructed using the raw multimodal
features e and the top-n strategy prior to model training, preserving
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essential neighborhood relationships while maintaining computational
efficiency.

User co-occurrence graph. Inspired by [53], we propose to consider
the existing co-occurrence correlation between users who interact with
the same items, and then construct a user co-occurrence graph to learn
the similar preference for such users. Specifically, we first calculate
the user co-occurrence matrix based on the user—item interactions as
follows:

S=G-GT, 9

where the elements in § € RIVXIVl denote the count of co-
occurrences between users. Considering that most users have limited
co-occurrences, we employ the top-n strategy to retain users with large
co-occurrences as follows:

~ 1,
Sa,b = {0

where S,, denotes the transformed co-occurrence between user u,
and user uy, and S, is the elements of the ath raw in matrix S.
Consequently, we obtain the user co-occurrence graph A = {U,C} (%)
based on the matrix S, where C = {(u,,u,) [u € U',S,, = 1} is an edge
set that denotes the user co-occurrences. Then, we perform the graph
convolution on graph A using the users’ high-order ID embeddings
X;df(o) € RIVIX4 (obtained from Eq. (6)) and multimodal features X'"(O)
RIVIXd (obtained from Eq. (8)). Taking the convolution on the ID
embeddings as an example, it can be formulated as follows:

S, € top-n,(S,.),
otherwise,

(10)

. 1. 1 o
X = (728072 ) XY, an

where N € RIVXIVl is a diagonal degree matrix derived from S, and
its diagonal elements are equal to n,. Unlike the interaction graph,
the affinity graph constructed through the top-n strategy inherently
includes the self-loops (i.e., each node is connected to itself). For each
convolutional layer, the representation of a node not only aggregates
the neighbor information through the message passing but also retains
its own information from the previous layer via self-loops. Therefore,
to avoid the information redundancy, we directly use the output of the
last layer as the advanced representations of users:

: id(L, /)
Zid — X’ af ,

{i Ly 12
zn =X

where L,, is the convolutional layer number in the affinity graph,
Z;‘ﬂ and Z7. denote users’ advanced ID embeddings and multimodal
features.

Item modality-aware graph. In addition, to learn the implicit se-
mantics between the item features, we construct the item modality-
aware graphs based on the original multimodal features e!". Specifi-
cally, we first compute the similarity S}, between item i, and i, under
modality m as follows:

(e)Ter
7, = cos (e, ) = as)
CARCA

Iq
where §” € RIZIZl js a fully connected matrix, cos(-,-) is the cosine
function, and ||-|| denotes the length of vectors. To reduce the computa-
tional cost and avoid the noise introduced by unnecessary connections,
we similarly adopt the top-n strategy as in Eq. (10), which can be
formulated as follows:

~ 1,
s, = {0’

where S” is a sparse matrix. Thus, we can obtain the item modality-
aware graph A" = {I,C"} (%), where C" = {(i,i,)|
iel, SZ’ , =11 is an edge set that denotes the semantic relation between
items.

SZb € top—n,-(S;”,.),

. 14)
otherwise,
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Then, we apply the operation as in Eq. (11) to the graph .A™, which
can be formulated as follows:

1. 1
Xy = (72 8meNmy 2 ) XY, (15)

where N” € RIEXIZl is a diagonal degree matrix derived from §”, and
its diagonal elements are equal to ;. In addition to the multimodal
features, we also propagate the ID embeddings Xild(o) € RIIX (from
Eq. (6)) on the item modality-aware graph. Specifically, we perform the
above operation under different item modality-aware graphs to obtain

Xild""(’) using X;d(o) as input. After that, the advanced representations of
items are generated as follows:
; id,m(L,
24 =Y a,x; ",
me.(l\il ) (16)
m _ "™ ar
Zl = Xl s

where «,, denotes the importance score of the item features under
modality m, Zil" and Z7 are the items’ advanced ID embeddings and
multimodal features. In this work, we introduce a hyper-parameter «
as the importance score of visual modality «, (i.e., a, = a), and the
importance score of textual modality is correspondingly set to «, =

(1-a).
3.5. Fusion and recommendation

Upon learning the high-order and advanced representations of users
and items from the interaction and affinity graph, we perform the
summation to effectively capture the user-item interaction signals and
their implicit intra-modal affinity. Specifically, the operation on the ID
embeddings of users is formulated as follows:

id _ xid(0) id
Hid = X0 4 714, a7)

where H?. € RIV1* denotes the global ID embeddings of users.
Similarly, we can obtain H7, Hil" and H} by performing the above
operation on the multimodal features of users, the ID embeddings of
items and the multimodal features of items, respectively.

To avoid the distribution bias in traditional self-supervised learn-
ing, we propose an augmentation-free contrastive learning task for
multimodal recommendation, which is predicated on the inherent self-
supervised signals between the user-item interaction and the multi-
modal features. Specifically, we use the Noise Contrastive Estimation
(InfoNCE) loss [54] to maximize the similarity between ID embeddings
and multimodal features of the identical node and simultaneously
minimize the similarity between those belonging to different nodes. For
instance, the contrastive loss L ;- from the user side is constructed
as follows:

E:?L,l/ =- Z log : R
uEV Y ey €XP (cos(h;‘d, h:’,)/‘r)

where U denotes a set of users drawn from a batch of training data and
7 is a temperature coefficient. Similarly, we compute the contrastive
loss £™ _ from the item side. Summing the above results from all

exp (cos(hi“, h™)/7) as)

CLI

modalities yields the total contrastive loss L, as follows:

Ler= 2 (ﬁgu/ + £2L,l) : 19
meM

The aforementioned method captures the interactions between the
ID embeddings and modal features by maximizing their mutual infor-
mation, thereby effectively enhancing the accuracy of user preference
and item feature representations. Subsequently, we use the concatena-
tion operation to fuse the ID embeddings and the multimodal features,
thereby obtaining the final representations of users and items. Specifi-
cally, we integrate the concept of attention mechanisms by introducing
a learnable attention weight g to regulate the proportion of visual
user preferences and textual user preferences. For the item nodes, we
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employ the visual importance score a defined in Eq. (16) to control the
fusion of the item features. This can be formulated as follows:

{HU=H;¢@ﬁH§/ea(1—ﬂ)H' ,

v (20)
H; =H7 ©o«H; & (1 - a)H,

where Hy, € RIV1X3 and H; € RIF>37 denotes the final representations
of users and items, respectively, @ denotes the concatenation operation,
B is a trainable parameter. Since H; and Eq. (16) both fuse the item
representations learned under different modalities, we use the same
hyper-parameter a to control the importance score of visual modal-
ity. This design enables the model to learn the interactions between
the modal features, thereby capturing the complex relationships well
among the multimodal features.

After the above operations, following the previous recommender
systems [20,21], we calculate the preference scores using the inner
product operation as follows:

Y = ()T, 21

where y,; denotes the prediction score between user u and item i, and
item i has not been interacted by user u. Then, we recommend items
with the top-K preference scores for each user.

To further optimize the parameters of PEARL, we employ the
Bayesian Personalized Ranking (BPR) loss [55] to learn from the
historical user—-item interactions, which aims to generate a higher score
for the positive user—item pair than the negative pair. Specifically, the
loss function Lppp is formulated as:

Lppr=— Z log oy (yui,, - yui,,)v (22)
(tsigip)ED
where D = {(u,i,.iy)| (u,i,) € €, (u,i,) ¢ £} is a triplet set and item i, is
randomly sampled that has not been interacted by user u. The function
0, (+) is the Sigmoid activation function.
Finally, we jointly combine the contrastive loss £.; and the BPR
loss Lzpy as the final optimization loss £ as follows:

L=Lppr+hLep+4I10O]3. (23)

where ||~||§ indicates the L, regularization, ® denotes the model pa-
rameters, A; and 1, are hyper-parameters that balance the contrastive
loss and L, regularization term, respectively.

4. Experiments

To validate the effectiveness of PEARL, we conduct sufficient exper-
iments on the three publicly available datasets to address the following
five research questions:

* RQ1: Can PEARL achieve the state-of-the-art performance com-
pared with the diverse baselines on the multimodal recommen-
dation task? (See Section 5.1)

» RQ2: How is the contribution of each component designed in
PEARL and each modality utilized in PEARL to the improvement
of recommendation performance? (See Section 5.2)

+ RQ3: How is the sensitivity of PEARL to the contained hyper-
parameters including the pruning percentage, top-n value, visual
importance score, and loss weight? (See Section 5.3)

» RQ4: Why can our proposed multimodal learning framework
PEARL achieve better performance than the baselines? (See Sec-
tion 5.4)

4.1. Datasets and evaluation metrics

Following [10,12,21], we perform experiments on three publicly
available Amazon datasets': (a) Baby, (b) Sports and Outdoors, and

1 http://jmcauley.ucsd.edu/data/amazon/links.html.
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Table 2 Table 3

Statistics of the experimental datasets. Hyper-parameter values for three datasets.
Datasets #Users #Items #Interactions Density Datasets P a n, n; A Ay
Baby 19,445 7,050 160,792 0.117% Baby 0.3 0.2 30 10 le-03 le-04
Sports 35,598 18,357 296,337 0.045% Sports 0.3 0.2 40 5 le—04 le-05
Clothing 39,387 23,033 278,677 0.031% Clothing 0.4 0.2 30 5 1le—03 le—02

(c) Clothing, Shoes, and Jewelry, which we simply refer to as Baby,
Sports and Clothing, respectively. Each of these three datasets con-
tain pictures and text data for describing the items. Moreover, We
employ the 5-core setting on the raw data to ensure that each user
and item has a minimum of 5 interactions, and the statistics of the
processed datasets are shown in Table 2. Furthermore, we directly
utilize the 4096-dimensional visual features and 384-dimensional tex-
tual features adopted in [52], which are extracted by the pre-trained
model VGG16 [13] and the sentence-transformers Sentence2Vec [14],
respectively. In addition, we randomly split the historical interactions
in each dataset to the training, validation, and test sets with the
proportions of 8:1:1.

In addition, we employ the commonly used metrics Recall@K (de-
noted as R@K) and NDCG@K (denoted as N@K) to evaluate the
recommendation performance of different models. Specifically, we se-
lect K € {10,20} and present the mean scores across all users in the
test set.

4.2. Baselines summary

To verify the superiority of our proposed model, we compare PEARL
with various recommendation baselines which are categorized into the
following three groups:

(i) General recommenders:

* BPR [55] is a matrix factorization (MF) based method that per-
forms personalized ranking by comparing the item pairs for each
user and uses the Bayesian methods for model optimization.

» LightGCN [19] simplifies the vanilla graph convolutional net-
work by removing the layers including the nonlinear activation
and the feature transformation.

(ii) Self-supervised recommenders:

* SGL [44] utilize the node dropout, random walk and edge dropout
to generate three views for the user-item interaction graph to
improve the robustness of representation learning.

» NCL [22] adopts an expectation-maximization clustering to iden-
tify nodes that are adjacent in semantics and graph structure,
and utilizes these nodes to generate contrastive views that are
considered as the positive sample pairs.

(iii) Multimodal recommenders:

* VBPR [8] augments the BPR method by incorporating the visual
features derived from the item images, thereby uncovering the
visual dimensions that influence the user preferences.

MMGCN [9] performs information propagation on the user—item
interaction graph using multimodal features to refine modality-
aware representations of users.

GRCN [20] identifies false-positive edges in the user—item inter-
action graph caused by accidental user clicks, and prune the edges
according to the similarity scores between users and items.
DualGNN [53] constructs a user-user correlation graph and en-
hances the user representations by mining the hidden information
between users with similar preferences.

LATTICE [10] contracts the item-item graphs under different
modalities and mines the latent semantic information of items
using information propagation.

SLMRec [11] introduces self-supervised learning into multimodal
recommendation by generating contrasting views through feature
dropout and feature masking to obtain additional supervision
signals.

» MGCL [28] leverages the self-supervised signals from different
modality views to optimize the model with contrastive learning,
thereby improving the representations of users and items.

+ MGCN [21] denoises at the multimodal feature level using the
user-item interactions and learning the relative importance of
different modalities for adaptive feature fusion.

+ LGMRec [12] designs a global hypergraph structure to cap-
ture the many-to-many dependencies between items and their
attributes.

4.3. Hyper-parameter settings

To ensure fairness in the experimental comparisons, we implement
PEARL and baselines with a unified framework named MMRec [49].
For all models, we assign a consistent embedding size of 64 dimensions
for both users and items, and adopt the Xavier method [56] to initialize
the model parameters. All experimental implementations are conducted
using Pytorch and performed on an NVIDIA RTX3090Ti GPU with
24 GB of memory. And we utilize the Adam [57] optimizer for learning
the model parameters with a batch size of 2048 and a learning rate of
0.001. Moreover, we adopt a maximum of 1000 epochs for training,
and an early stop strategy is employed to stop training when the
R@20 metric does not improve over 20 consecutive epochs on the
validation set. Following [21], we set the number of GCN layers L,,
and L,, as 2 and I, respectively. And the temperature coefficient z
in the contrastive learning is set to 0.2 as in [12]. In addition, the
optimal values of other hyper-parameters are determined through the
grid search. Specifically, the pruning percentage p and the importance
score « are tuned in {0.1,0.2,0.3,0.4,0.5}, the top-n values n, and n; are
searched in {10, 20, 30,40, 50,60} and {5, 10, 15, 20, 25,30}, respectively.
And both the weight of contrastive loss A, and the regularization
coefficient 1, are tuned in {le~!,1e72,...,1e~>}. Table 3 summarizes
the optimal hyperparameter values obtained from the experiments on
the three datasets.

5. Result and discussion

In this section, we present the findings from our experimental
studies and conduct analytical discussion to address the four research
questions posed in Section 4. Specifically, we first discuss the overall
performance of PEARL and the baselines in Section 5.1. Then, we
explore the contribution of each component designed in PEARL and
each modality utilized in PEARL in Section 5.2. After that, we test the
sensitivity of PEARL to the hyper-parameters in Section 5.3. Finally,
we provide a visualization to intuitively explain the advantages of our
representation learning approach in Section 5.4.

5.1. Overall performance

To answer RQ1, we compare the performance of PEARL with the
baselines on three datasets, i.e., Baby, Sports and Clothing. Table 4
reports the overall performance in terms of R@10, R@20, N@10, and
N@20.

As for the baselines, it is evident that introducing self-supervised
learning can enhance the recommendation performance. For instance,
on the Baby dataset, the self-supervised recommender SGL improves
the performance of BPR by 26.46% in terms of R@20. In addition,
the introduction of multimodal features brings more advantages to the
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Overall performance of PEARL and baselines in terms of Recall and NDCG on three datasets. The optimal and suboptimal results in each column are boldfaced and
underlined, respectively. Improvement percentage (improv.) indicates the ratio of the metric increment from the best baseline to PEARL. To verify the stability
of the PEARL and the significance of the improvement, we take the average of the results under five random seeds. The statistical significance of improvements

from the best baseline to PEARL is confirmed with a r-test.

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 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
SGL 0.0461 0.0727 0.0247 0.0316 0.0548 0.0832 0.0299 0.0373 0.0327 0.0508 0.0180 0.0226
NCL 0.0484 0.0761 0.0263 0.0331 0.0575 0.0871 0.0313 0.0340 0.0344 0.0532 0.0191 0.0239
VBPR 0.0423 0.0663 0.0223 0.0284 0.0558 0.0856 0.0307 0.0384 0.0280 0.0414 0.0159 0.0193
MMGCN 0.0378 0.0615 0.0200 0.0261 0.0370 0.0605 0.0193 0.0254 0.0197 0.0328 0.0101 0.0135
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 0.0513 0.0803 0.0278 0.0352 0.0588 0.0899 0.0324 0.0404 0.0452 0.0675 0.0242 0.0298
LATTICE 0.0545 0.0849 0.0289 0.0368 0.0618 0.0950 0.0334 0.0419 0.0465 0.0709 0.0258 0.0312
SLMRec 0.0538 0.0809 0.0284 0.0357 0.0660 0.0988 0.0359 0.0441 0.0441 0.0658 0.0238 0.0293
MGCL 0.0578 0.0885 0.0309 0.0386 0.0676 0.1025 0.0364 0.0452 0.0457 0.0699 0.0246 0.0310
MGCN 0.0616 0.0961 0.0337 0.0426 0.0726 0.1102 0.0392 0.0491 0.0638 0.0941 0.0343 0.0422
LGMRec 0.0641 0.0995 0.0342 0.0431 0.0712 0.1061 0.0383 0.0476 0.0557 0.0837 0.0303 0.0374
PEARL 0.0668* 0.1068* 0.0355* 0.0459* 0.0782* 0.1168* 0.0423* 0.0523* 0.0695* 0.1017* 0.0375* 0.0457*
improv. 4.21% 7.34% 3.80% 6.50% 7.71% 5.99% 7.91% 6.52% 8.93% 8.08% 9.33% 8.29%

* For p-value < 0.05.

recommender systems. And VBPR which merely linearly combines the
visual features with ID embeddings shows superior performance to BPR.
Moreover, by applying GCN to more effectively model the multimodal
features, such as GRCN. However, MMGCN fails to distinguish the
uni-modality unique features, resulting in insufficient utilization of
multimodal information. Differently, DualGNN and LATTICE mine the
hidden semantic information in the item-item graph to enhance the
representations of items. In addition, it can be observed that recent
studies (i.e., SLMRec, MGCL) integrate self-supervised learning into
GCN-based multimodal recommendation, further enhancing the rec-
ommendation performance. Among these baselines, MGCN performs
best on the Sports and Clothing datasets, while LGMRec outperforms
on the Baby dataset. The reason for this performance difference lies
in the feature-level denoising method in MGCN is more efficient when
processing large-scale datasets, while the hypergraph structure used
in LGMRec is relatively complex and more suitable for small-scale
datasets.

Next, we conduct a comprehensive comparison between the base-
lines and PEARL. The experimental results demonstrate that PEARL
significantly outperforms all baselines across different datasets. Specifi-
cally, PEARL achieves the performance improvements of 7.34%, 5.99%,
and 8.08% in terms of R@20 over the suboptimal model on the three
datasets, respectively. These performance gains can be attributed to
two key aspects of our motivation: effective denoising based on users’
imbalanced attention and the self-supervised signals mined through
dual graph learning. In detail, on the one hand, PEARL employs a hard
denoising strategy to eliminate the noisy edges in the fixed interac-
tion graph, thus achieving superior performance compared to GRCN,
which relies on soft denoising, and MGCN, which performs feature-level
denoising. On the other hand, we develop an affinity graph learning
method that more effectively mines the implicit intra-modal affinity
than SLMRec and MGCN, and use an augmentation-free contrastive
task to enhance the quality of representation learning. While LGMRec
utilizes a complex hypergraph learning approach, PEARL obtains more
effective multimodal representation by employing dual graph learn-
ing to simultaneously capture the historical interaction information
and affinity relationships. According to the statistics of experimental
datasets shown in Table 2, we observe that the Baby dataset is the
smallest in scale, while the Clothing dataset is the largest. Notably,
the results in Table 4 indicate that PEARL achieves a more significant
performance improvement on the Clothing dataset, suggesting that
PEARL holds a greater advantage when applied to large-scale datasets.

5.2. Ablation study

To answer RQ2, we perform an exhaustive ablation study to as-
sess the impact of different components designed in PEARL and the
influence of various modalities utilized in PEARL.

5.2.1. Impact of the components
We investigate the impact of the key components in PEARL by com-
paring the recommendation performance with its five model variants:

PEARL w/o G P, which abandons the graph purification, i.e., the
impact of noisy multimodal information is not considered in the
interaction graph learning.

PEARL w/ SP, which replaces the graph purification in PEARL
with the soft purification strategy in GRCN [20].

PEARL w/o AL, which removes the affinity graph learning,
i.e., the implicit intra-modal affinities between similar nodes are
not aggregated.

PEARL w/o AL,,,, which removes the user co-occurrence graph
learning and retains only the item modality-aware graph in the
affinity graph learning.

PEARL w/o AL,,,, which removes the item modality-aware
graph learning and retains only the user co-occurrence graph in
the affinity graph learning.

PEARL w/o CL, which eliminates the augmentation-free con-
trastive learning, i.e., the self-supervised signals between ID em-
beddings and multimodal features are ignored.

Based on the results presented in Table 5, which compares the
performance of PEARL and the above variants across the three datasets,
we can obtain the following observations:

(1) Comparing PEARL and PEARL w/o GP, we can see that aban-
doning the GP module results in a performance decline. This indicates
that constructing accurate modality-specific user—item graphs in the
interaction graph learning is crucial, and our designed graph purifica-
tion strategy is effective for eliminating the noisy edges. Furthermore,
comparing PEARL and PEARL w/ S P, we find that replacing the hard
purification strategy of GP module with the soft purification strategy in
GRCN reduces the recommendation performance, especially on sparse
datasets (e.g., Clothing dataset). This phenomenon is also presented
in Table 4, where GRCN performs well on the denser datasets but
poorly on the sparse datasets. In addition, it can be observed that our
hard purification strategy improves the recommendation performance
stably, which reflects the robustness of our purification strategy.
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Performance of variants that remove different components in PEARL. “w/0” denotes the removal of the corresponding
component from PEARL. “w/” denotes the new component replaced in PEARL. | introduces the percentage reduction

in the variant’s performance over PEARL.

Model variant Baby Sports Clothing
R@20 N@20 R@20 N@20 R@20 N@20
PEARL 0.1068 0.0459 0.1168 0.0523 0.1017 0.0457
w/o GP 0.1032,3 4, 00443355, 0112557, 0050456, 009805 ¢, 004393
w/ SP 0.1049; g4 0.0451,, 7, 0.1136 5 74 0.0511 5 34, 0.09823 45, 0.0441 5 5,
w/o AL 0.0958, 10,35, 0.0417,9 1, 0.1029,, o0, 0.0459, 15 3, 0.0782,534, 003483 5,
wfo AL, 0.1049,; g4 0.0451; 74, 0.1151 ), 54, 0.0515; 54 0.1000; 74, 0.0449 ;g4
wfo AL, 0.0995 6 95, 0.04335 65, 0.1075 1 o 0.0480 ¢ 5, 0.0821 1934, 0.0366, 19 95,
w/o CL 0.1029,5. 4, 0.0442,3 7, 0.1135 5, 00509, 7, 009825 45 004435 1,
0.065
0.135 1 [ ID [ ID+Textual | I— 5] [0 ID+Textual
I [D+Visual X PEARL 0.056 - 0 [D+Visual =X PEARL
0.120 1 - —
0.047 1
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Fig. 4. Performance comparison of incorporating different modalities on three datasets.

(2) Utilizing affinity graph learning obviously enhances the model
performance, especially on the Clothing dataset, demonstrating that
datasets with a larger number of users and items contain more implicit
intra-modal affinity. Moreover, w/o AL, generally underperforms
w/o AL,,,, which indicates that the item modality-aware graph learn-
ing is the primary reason for the performance improvement of affinity
graph learning. This is because the user co-occurrence graph is con-
structed based on user-item interactions, and some user relational
information has already been extracted through the interaction graph
learning. Differently, the item modality-aware graphs are constructed
based on the original multimodal features, capturing the hidden seman-
tic information between items beyond the collaborative signals.

(3) Comparing PEARL and PEARL w/o CL, it is evident that con-
trastive learning effectively improves the recommendation
performance, which reflects that self-supervised learning without data
augmentation is feasible in the multimodal field. Specifically, the
representation learning of the ID embeddings and the multimodal
features can be further enhanced by maximizing the mutual infor-
mation between them. In addition, a notable phenomenon is that
contrastive learning performs relatively poorly on the Sports dataset,
which may be due to that the Sports dataset contains a more diverse
range of product types with obvious feature differences, making the
representation learning more challenging.

5.2.2. Impact of the modalities

To investigate the influence of each modality utilized in PEARL
on the recommendation accuracy, we incorporate different unimodal
features into the ID embeddings in Eq. (20), constructing the following
variants: (1) ID, which contains only the ID embeddings (i.e., Hy, =
H;‘j); (2) ID+Visual, which includes the ID embeddings and the visual
features (i.e., Hy, = H;ﬂ ® HTU/); (3) ID+Textual, which includes the ID
embeddings and the textual features (i.e., H;» = H;”/ EBH’U). The results
are presented in Fig. 4.

As shown in Fig. 4, the performance of PEARL is superior to the
above variants in terms of R@20 and N@20, demonstrating the effec-
tiveness of our designed multimodal fusion framework. In addition, it

can be observed that both visual and textual modalities can enhance the
recommendation performance, where the effect of the textual modality
is more significant. Particularly, the R@20 metric decreases after incor-
porating the visual features on the Clothing dataset, which is attributed
to the larger propensity of users to make purchasing decisions based on
the text descriptions. Moreover, the existing visual pre-trained models
cannot accurately identify the parts of images that stimulate user’s
purchasing behavior, resulting in the visual features containing a large
amount of noise and offering limited assistance in the performance
enhancement. In addition, to verify this hypothesis, we conduct further
research in Section 5.3.3.

5.3. Hyper-parameter sensitivity analysis

To answer RQ3, we conduct the hyper-parameter sensitivity exper-
iments on the pruning percentage p, the top-n value in the affinity
graphs, the visual importance score a, as well as the loss weights 4,
and 4,.

5.3.1. Impact of the pruning percentage p

In the graph purification module, p controls the number of edges
in the modality-specific interaction graphs ¢". Based on the provision
in Section 3.2, the maximum value of p is 1. Therefore, we vary the p
value from 0.1 to 1.0 with a step of 0.1.

As shown in Fig. 5, the experimental results demonstrate that the
model performance on three datasets initially increases and then de-
clines as the value of p raises. Specifically, increasing the value of p in
a certain range (i.e., 0.1 to 0.3 on the Baby and Sports dataset, while
0.1 to 0.4 on the Clothing dataset) can effectively prune noisy edges
in the graph structure to enhance the model performance. However,
the effective connections between users and items are truncated once p
exceeds a certain threshold, reducing the necessary training data. To
be precise, the recommendation accuracy reaches the optimal value
with p = 0.3 on the Baby and Sports datasets, whereas with p = 0.4
on the Clothing dataset. This distinction may arise because the visual
and textual feature differences are more obvious in the Clothing dataset,
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Fig. 5. Model performance under the pruning percentage p ranging from 0.1 to 1.0 on three datasets. The optimal value is highlighted by a red box.
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Fig. 6. Model performance under different top-n values of user graph and item graph on three datasets. The optimal value is highlighted by a colored box.

with more users being influenced by only one modality to inducing the
purchasing behavior. This results in a higher number of noisy edges
in the modality-specific interaction graphs, thereby requiring a higher
value of p for pruning the noisy edges.

5.3.2. Impact of the top-n value in affinity graph

To reduce the memory consumption and prevent the message prop-
agation between irrelevant nodes in the affinity graph learning module,
we employ the top-n strategy to ensure that every user or item is only
connected to the » most similar users or items. In this section, we
investigate the optimal values of n, and n; on three datasets in the
ranges of {10,20,30,40,50,60} and {5,10,15,20,25,30}, respectively.
The results are presented in Fig. 6.

First, Fig. 6(a) shows the impact of n, in the user co-occurrence
graph learning, where it can be observed that n, = 30 is the optimal
value of the neighbor number on the Baby and Clothing datasets, while
this value is 40 on the Sports dataset. We analyze this is due to that
the larger number of interactions in the Sports dataset leads to more
similar behaviors among users [52]. Moreover, Fig. 6(b) shows the
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impact of n; in the item modality-aware learning. It is evident that
PEARL achieves the optimal performance with n, 10 on the Baby
dataset and n; = 5 on the other two datasets. Overall, a small value
of n; can reduce noise from the irrelevant neighbors. In addition, it is
noticeable that the model performance is less sensitive to the setting of
n, than that of n;. This observation aligns with the conclusion drawn
from the phenomenon of w/o AL;,,, < w/o AL, in Section 5.2.1.

5.3.3. Impact of the visual importance score

In Egs. (16) and (20), the visual importance score a controls the
trade-off weights between the visual and textual features, while the
corresponding coefficient for the textual features is 1 — a. Building on
the findings from Section 5.2.2, to further investigate the degree of
contribution from each modality, we adjust the value of « from 0.1
to 0.9 with a step of 0.1.

The experimental results are shown in Table 6, where we can
observe the same trend across the three datasets. Specifically, on both
the metrics of R@20 and N@20, the optimal result is achieved when
a =02, 1ie., o =02 and a, = 0.8. The larger value of a, reflects that
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Table 6
Model performance under the visual importance score a ranging from 0.1 to 0.9 on three datasets. The optimal value is
boldfaced.
Dataset Metrics 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Bab R@20 0.1059 0.1068 0.1062 0.1046 0.1042 0.1029 0.1003 0.0962 0.0944
Y N@20 0.0456 0.0459 0.0457 0.0454 0.0452 0.0448 0.0440 0.0428 0.0418
Sports R@20 0.1167 0.1168 0.1163 0.1142 0.1128 0.1114 0.1090 0.1049 0.1024
P N@20 0.0522 0.0523 0.0521 0.0510 0.0502 0.0496 0.0483 0.0472 0.0458
Clothi R@20 0.1012 0.1017 0.1014 0.0983 0.0975 0.0965 0.0940 0.0907 0.0864
ns N@20 0.0455 0.0457 0.0456 0.0448 0.0441 0.0436 0.0421 0.0412 0.0391
Recall@20 Recall@20 Recall@20
N N v N
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Fig. 7. Model performance under the contrastive loss weight A, and regularization coefficient 1,

the textual features contain more information than the visual features.
Furthermore, the accuracy of recommendations shows a continuous
decline when the value of a exceeds 0.2, with this trend being par-
ticularly obvious on the Clothing dataset. Relating this observation to
the conclusion obtained in Section 5.2.2, we are more convinced that
the disparity in importance between the textual and visual modalities
is more significant in the Clothing dataset.

5.3.4. Impact of the loss weights A, and 4,

In the final loss, 4, and 1, control the weights of the contrastive
loss and the L, regularization, respectively. To investigate the impact
of 1, and A,, we perform a grid search in {le™!,1e72,..., 1e73} to find
the optimal values of 4; and 4, on three datasets.

As shown in Fig. 7, the performance of PEARL reflects different
distributions across different datasets. Specifically, PEARL achieves the
best results with A, = le=® and 4, = le~* on the Baby dataset, 4, = le™*
and 1, = le™® on the Sports dataset, 4, = le™® and 1, = le™2 on
the Clothing dataset, respectively. The optimal contrastive loss weight
is smaller on the Sports dataset compared to the other two datasets,
which is consistent with the conclusion in Section 5.2 that contrastive
learning performs poorly on the Sports dataset. In addition, we observe
that optimizing the regularization weight makes little contributes to
the performance improvement of PEARL. However, for the weight of
contrastive loss, an appropriate value of 4, can reduce the value scale
gap between contrastive loss and BPR loss.

- 0.0509 JUX3E9

1 1 1 1 1
le-05 le-04 1e-03 1le-02 1e-01
Contrastive Loss Weight A1

Contrastive Loss Weight A1
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in {le7!,1e72,... le %},

5.4. Visualization analysis

To answer RQ4, we compare PEARL with the advanced multi-
modal recommenders that incorporate contrastive learning, including
SLMRec, MGCL, and MGCN, by visualizing the item representations
generated by these methods on the Baby dataset. To reduce the com-
putation time, we randomly select 1500 items from the Baby dataset
and use t-SNE [58] to map their learned feature representations of
items to a 2D space. Following [21], we utilize Gaussian Kernel density
estimation (KDE) [59] to plot the circular heatmaps that depict the
distribution of the item representations, and further draw the corre-
sponding “Angles-Density” graphs to more clearly depict the density at
different angles.

Prior research [30] has suggested that maintaining a uniform distri-
bution of representations helps preserve the inherent features of nodes
and enhances their generalization ability, thereby improving the recom-
mendation performance. As shown in Fig. 8, both SLMRec with data
augmentation and MGCL with contrastive learning exhibit multiple
dense areas in the visualization. Although MGCN mitigates distribution
aggregation through feature-level denoising, its representations remain
less uniform compared to those learned by PEARL. PEARL achieves
a more uniform distribution by addressing two key challenges: (1)
eliminating noise propagation through the graph purification, and (2)
mining implicit intra-modal affinity relationships between similar users
or items. These designs collectively enhance the uniformity of feature
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Fig. 8. The distribution of item representations learned by different models on the Baby dataset. The upper circular heatmaps display the distribution in R?, and the distribution

density in different angular directions is shown in the lower figures.

representations, which in turn explains why PEARL outperforms other
multimodal recommendation methods.

6. Conclusion and future work

In this work, we propose a novel method named PEARL for mul-
timodal recommender systems (MMRS). Specifically, we first design
a graph purification strategy to eliminate the misleading noisy sig-
nals and obtain the modality-specific interaction graphs. Then, an
interaction graph learning module is further designed to mine the high-
order representations of users and items. In addition, we construct the
user co-occurrence and item modality-aware affinity graphs to learn
the implicit self-supervised signals between similar nodes. Finally, we
propose an augmentation-free contrastive learning task in the fusion
module to assist the model training. Through sufficient experiments
conducted on three publicly available datasets, PEARL achieve the ob-
vious performance improvements compared to diverse state-of-the-art
baselines in terms of R@K and N@K.

Nevertheless, we find that the visual modality is obviously less im-
portant than the textual modality in PEARL and baselines. We speculate
that it may be due to the naive feature extraction and processing in
the visual modality. Thus in the future works, we aim to design a
multimodal feature extraction method, which eliminates the semantic
ambiguities between different modalities with the help of multimodal
large language models [60,61]. In addition, multimodal graph learn-
ing can be widely applied to various tasks, such as multimodal fake
news detection [62], cross-modal information retrieval [63], and mul-
timodal medical diagnosis [64]. We hope that the potential of our graph
learning approach can be further demonstrated in other tasks.
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