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Abstract

Graph Neural Network (GNN)-based methods have recently
emerged as effective approaches for multimedia recommen-
dation. Typically, these methods employ message passing on
the user-item interaction graph, and model user preferences
by exploiting co-occurrence patterns. Despite their effective-
ness, we argue that they insufficiently exploit the individ-
ual information, potentially limiting recommendation perfor-
mance. To validate our argument, we first analyze existing
methods from spectral graph theory. We identify that exist-
ing methods focus on capturing global structural features, but
underutilize local structural features that convey individual
information. Further detailed experiments reveal that such
an underutilization leads to overly similar user preferences
modeling. Furthermore, we propose a novel Principal Graph
Learning (PGL) framework to address this issue. The idea
is to enhance user preference modeling by effectively min-
ing and utilizing principal local structural features. PGL first
extracts the principal subgraph from the user-item interaction
graph using two novel extraction operators: global-aware and
local-aware subgraph extraction. It then employs message
passing on the principal subgraph to comprehensively model
user perference, with the aim of simultaneously capturing co-
occurrence patterns and individual information. Compared to
existing methods, PGL achieves an average performance im-
provement of 9%.

Introduction

Recommender systems have been widely adopted in vari-
ous domains. They analyze user historical behaviors to pro-
vide personalized item recommendations (Zhou et al. 2023a;
Ding et al. 2023; Mariné et al. 2023). Yet, the behavioral
data sparsity issue hinders the recommendation performance
(Wu et al. 2021). To address this limitation, researchers be-
gin to explore incorporating rich content information to en-
hance user preference modeling. Consequently, multimedia
recommendation methods start to emerge (Chen et al. 2017).

Early multimedia recommendation methods (Shen et al.
2013; Zhang et al. 2016; He and McAuley 2016) primar-
ily rely on matrix factorization (Koren, Bell, and Volinsky
2009). These studies combine content features with behav-
ioral features obtained from matrix factorization, aiming to
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Figure 1: Uyger — Ujey demonstrates the uniformity of the
representations during the training phase. The stars denote
the converged points. Lower Uniformity indicates a more
uniform distribution and higher distinguishability. We also
include the Recall @20 for each model in parentheses, where
higher values indicate better performance.

effectively model user preference. Recognizing that behav-
ioral data can be naturally represented as a bipartite graph,
recent researches have focused on leveraging Graph Neural
Networks (GNNs) for more effective user preference model-
ing (Wu et al. 2022; Gao et al. 2023). For instance, (He et al.
2020) propose a linear message passing mechanism (Light-
GCN) to capture high-order connections between users and
items. Due to its simplicity and effectiveness, this mecha-
nism has been widely adopted in subsequent GNN-based
methods (Zhang et al. 2021; Sharma et al. 2024). Consid-
ering that latent item-item connections may also be infor-
mative, (Zhang et al. 2021) introduce the LATTICE frame-
work. LATTICE simultaneously aggregates information on
both user-item graph and item-item graph, further boosting
recommendation performance. This framework has inspired
a series of effective methods such as MICRO (Zhang et al.
2022), FREEDOM (Zhou and Shen 2023), and MGCN (Yu
et al. 2023c). Despite their effectiveness, existing methods
model user preference heavily based on complex connection
relationships (i.e., co-occurrence patterns). We argue that



they underutilize individual information, which may limit
the recommendation performance.

To validate our argument, we first analyze existing meth-
ods (Zhang et al. 2021; Zhou and Shen 2023; Yu et al.
2023c) from the spectral graph theory. According to spec-
tral graph theory, low-frequency signals are normally associ-
ated with global structural features that reflect co-occurrence
patterns, while high-frequency signals correspond to local
structural features that convey individual information (Nica
2018; Guo et al. 2024a). Existing methods usually employ
low-pass message passing on the complete use-item interac-
tion graph, which capture global structural features and ex-
ploit high-order co-occurrence patterns. However, they lack
capturing local structural features, resulting in decreased
distinguishability of user preferences. For a more intuitive
explanation, we use the Uniformity property (Wang et al.
2022) as the evaluation metric (Figure 1), and visualize user
and item representations obtained from existing recommen-
dation methods (Figures 2 and 3). The results indicate that
the discriminability of user preferences obtained by existing
methods is limited, and the representations of user prefer-
ences are over-similar. Thus, existing methods achieve sub-
optimal recommendation performance.

To address this issue, we propose the Principal Graph
Learning (PGL) framework for multimedia recommenda-
tion. The idea is to enhance user preference modeling by pre-
serving and utilizing more individual information, through
mining local structural features. PGL first extracts the prin-
cipal subgraph from the user-item interaction graph using
two novel extraction operators: global-aware extraction and
local-aware extraction. It then models user preference by
mining the structural features on the principal subgraph,
with the aim of simultaneously capturing co-occurrence pat-
terns and individual information. Additionally, PGL intro-
duces a feature discriminating auxiliary self-supervised task
to further enhance the discriminability of learned represen-
tations. Extensive experiments on three public real-world
datasets demonstrate that the proposed framework outper-
forms state-of-the-art methods in terms of recommendation
accuracy.

Our main contributions can be summarized as follows:

e We identify that existing methods insufficiently capture
individual information, and demonstrate that this leads to
over-similar user preference modeling.

e We propose a novel principal graph learning framework
for multimedia recommendation, which efficiently mines in-
dividual information.

e We conduct a comprehensive experimental study on
three benchmark datasets, showing that PGL has distinct ad-
vantages in terms of recommendation accuracy.

Related Work
CF-based Multimedia Recommendation

Collaborative Filtering (CF) has emerged as a prominent
recommendation method that leverages behavior similar-
ity to make top-k recommendations (Su and Khoshgoftaar
2009). However, due to the sparsity issue of behavioral data,
recommender systems struggle to accurately model user
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preferences. Therefore, researchers have begun incorporat-
ing item content information to enhance the recommenda-
tion performance (Shen et al. 2013; Deldjoo et al. 2018).
Typically, these approaches first extract multimodal content
features using pre-trained neural networks, and then fuse
these features with behavioral features to better model user
preferences. For instance, VBPR (He and McAuley 2016)
and VPOI (Wang et al. 2017) use convolution neural net-
works (CNN) to extract visual features, and combine the
visual features with item behavior features. Beyond using
a single modality, some methods incorporate multimodal
features into item behavior features (Kassdk, Kompan, and
Bielikova 2016; Xu et al. 2021). For example, MDCF (Xu
et al. 2021) maps multimodal features to a consensus Ham-
ming space for cold-start recommendation. However, these
methods can only explore the shallow connections between
users and items, and lack the ability to exploit the high-order
connections. This limits the recommendation performance.

GNN-based Multimedia Recommendation

As user behavior data can be naturally represented as a bi-
partite graph, recent researchers have favored Graph Neu-
ral Network (GNN) as a powerful tool to capture high-
order connections between users and items (Yu et al. 2023b;
Wang et al. 2022; Yu et al. 2023a). Specifically, NGCF
(Wang et al. 2019) captures co-occurrence patterns by it-
eratively performing neighbor aggregation on the user-item
graph. Based on NGCF, LightGCN (He et al. 2020) sim-
plifies the classical message passing mechanism. It designs
a parameter-free linear mechanism, which is more suitable
for recommendation scenarios. Due to its simplicity, this
message passing mechanism has been widely adopted in
subsequent GNN-based methods (Wang et al. 2021; Mao
et al. 2021). Recognizing that latent item-item connec-
tions may also be informative, (Zhang et al. 2021) intro-
duce the LATTICE framework, which simultaneously ag-
gregates information from both the user-item graph and the
item-item graph. Given its effectiveness, LATTICE has be-
come the most widely used framework for multimedia rec-
ommendation. Building upon this framework, FREEDOM
(Zhou and Shen 2023) freezes the learning of the item-item
graph, thereby promoting more robust results. Furthermore,
MGCN (Yu et al. 2023c) adds a modality noise filter to re-
move preference-irrelevant noise, achieving state-of-the-art
recommendation performance. Despite their effectiveness,
they typically model user preference by complex connec-
tion relationships, focusing on mining global structural fea-
tures. Although LGMRec (Guo et al. 2024b) designs hy-
pergraph networks to simultaneously mine global and lo-
cal structural features, it still over-emphasizes co-occurrence
patterns. This neglect of individual information leads to a
lack of differentiation among similar users, impeding com-
prehensive user preference modeling.

Preliminary

In this section, we first formulate the multimedia recommen-
dation problem, and then summarize the common paradigm
of multimedia recommendation models.



Notations and Terminology

Let U denote the set of users and Z denote the set of items.
M represent the set of modality information, which encom-
passes behavioral (ID), visual, and textual data.

User historical behavior data is represented by a sparse
binary matrix R € {0, 1}‘U|XII‘, where 1, ; = 1 if user u
has interacted with item ¢, and r,, ; = 0 otherwise. Naturally,
this historical behavior data can be represented as a sparse
bipartite graph G = {V, £}, where V = {U U T} represents
the set of nodes, and & = {(u,%) |u € U,i € I,ry; =1}
represents the set of edges. The adjacency matrix A of the
user-item interaction graph G is given by

0 R
a=lg o (1)

In this bipartite graph, we denote the neighbors of node k
as Ny, and its cardinality as Ny = |Ng|.

We denote the all one column vector of any dimension
as 1, and degree matrices as Dy Diag(R - 1) and
D; = Diag(17 - R). The normalized behavioral matrix R is
denoted as

R =D,’RD;’, @)
with r,, as the u-th row gf R. Similarly, the normalized user-
item adjacency matrix A is given by
ol

RT 0]
Definition 1. (Graph Frequency) A is a real, symmetric ma-
trix. Its eigendecomposition is defined as follows:

A =UAUT,
A =Diag(A1, -+, \n),

where A Diag(A1, A2, ..., Ay) is the eigenvalue ma-
trix, and A\; < Ay < --- < A,. The columns of U =
[u1, us,...,u,] are the corresponding orthonormal eigen-
vectors, with u; € R™ being the eigenvector associated with
eigenvalue \;. In spectral graph theory (Nica 2018; Guo
et al. 2024a; Ramakrishna, Wai, and Scaglione 2020), given
a threshold eigenvalue )\;, the low-frequency components
(Aj < Ay) of the eigenvalue spectrum are usually associated
with the global structural features that reflect co-occurrence
patterns, while the high-frequency components relate to the
local structural features that convey individual information.

Definition 2. (Message Passing) Message passing on a
graph can capture high-order connections (He et al. 2020).
From the spatial domain perspective, message passing of the
input z is represented as:

i=H(A)z, )

where H(+) is a filter. From the frequency domain perspec-
tive, it is expressed as:
# = UDiag(h(\1), -, h(An))UTa. (©)
Here, the Graph Fourier Transform (GFT) of a signal x
is defined as x = UTx, where the eigenvector matrix U
serves as the GFT basis. Similar to the Fourier transform,
GFT is a linear orthogonal transform and its inverse trans-
form is given by x = Ux. The function h(-) represents the
corresponding filter H(-) in the frequency domain.

A= 3)

“
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Analysis of LATTICE

LATTICE (Zhang et al. 2021) is a state-of-the-art GNN-
based framework for multimedia recommendation. It serves
as the foundation for most multimedia recommendation
methods (Zhang et al. 2022; Zhou and Shen 2023; Yu et al.
2023c). It performs message passing on the user-item inter-
action graph G to capture high-order co-occurrence patterns:

E, = H(A)E,, @)

where E;, represents the matrix of user and item representa-
tions, typically is the ID embeddings of users and items.

Meanwhile, LATTICE utilizes the similarity of item
modality information to construct an item-item graph S,,.
Similar to A, a normalized item-item adjacency matrix S,,
can be obtained. Message passing on item-item graph S,,
captures latent item-item connections:

£ = HESED, ®)
where El(f) refers to the item ID embeddings. By aggregat-

ing the item ID representations within the item-item graph,

the item multimodal embedding Efi) is obtained. The final

user and item representations are obtained by summing E,
and EE,IL). (In LATTICE, user multimodal embeddings are
represented as a zero matrix.)

Like most GNN-based recommendation methods (Mao
et al. 2021; Wang et al. 2021), LATTICE adopts the mes-
sage passing mechanism in LightGCN. Thus, the H(-) and
h(-) is represented as:

H(A) =ag+a1A + -+ agAX,

K-1

h(A) = o(l = \)F,

k=0

9

where oy, is a predefined constant, K is the number of
GNN layers used for message passing. Equation 9 indi-
cates that the message passing mechanism captures low-
frequency signals while suppressing high-frequency signals.
Combined with Definition 1, LATTICE models user pref-
erences by exploiting the low-frequency signals, which re-
flect co-occurrence patterns on the complete user-item in-
teraction graph. (A detailed explanation is provided in the
Appendix.) However, it is insufficient in fully capturing the
high-frequency related to principal local structural features.
It potentially results in the loss of individual information and
a decrease in recommendation performance.

Visualization of representations

For a more intuitive explanation, we use the Uniformity
property (Wang et al. 2022) as the evaluation metric (Fig-
ure 1), and visualize user and item representations obtained
from existing recommendation methods (Figures 2 and 3).
Lower Uniformity indicates a more uniform distribution and
higher distinguishability. Specifically, we randomly sample
500 user representations and 500 item representations from
the Amazon-Clothing dataset and map them to the unit hy-
persphere S* (i.e., a circle with a radius of 1) by using t-SNE
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Figure 2: Distribution of user representations learned from the Amazon Clothing dataset. The upper half illustrates feature
distributions on S*, while the lower half presents density estimates for different angles.
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Figure 3: Distribution of item representations learned from the Amazon Clothing dataset. The upper half illustrates feature
distributions on S!, while the lower half presents density estimates for different angles.

(Van der Maaten and Hinton 2008). Subsequently, we em-
ploy Gaussian kernel density estimation (Terrell and Scott
1992) to plot probability density distribution.

As shown in Figure 1, existing models obtain repre-
sentations with limited uniformity. This leads to imprecise
user preference modeling. Figures 2 and 3 more clearly
demonstrate the non-uniformity of the features, where cer-
tain user/item representations are overly similar and tightly
clustered together. It is shown as ”bright spots” on the dis-
tribution map, and as a steep distribution on the probability
density map. Though multimedia recommendation methods
achieve higher uniformity than unimodal approaches by in-
corporating additional content information to enhance indi-
vidual differences, the obtained representations still exhibit
limited discriminability. Because these methods all fail to
sufficiently mining the principal local structural features, re-
sulting in suboptimal recommendation performance.

PGL

To better capture local structural features, we propose the
principal graph learning framework for multimedia recom-
mendation. It first extracts the principal subgraph from the
complete user-item interaction graph, and then employs
message passing on the principal subgraph. The framework
of PGL is illustrated in Figure 4.
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Embedding

As with many works (Zhou and Shen 2023; Yu et al. 2023c),
we map the user unique hot ID representations to the user ID
embeddings as the user raw representations. For the items,
we map the content features using MLP to a low dimensional
representation and concatenate them to obtain the item raw
representations. Because the item content features are more
informative than the item ID representations, it is more con-
ducive to the model convergence.

Principal Graph Learning

To better mine local structural features, we propose the prin-
cipal user-item graph learning. Specifically, during model
training, we first extract the principal subgraph from the
complete graph structure. We then perform message pass-
ing on this principal subgraph. This approach not only
mines richer individual information, but also captures co-
occurrence patterns through multi-hop message passing.
During model inference, we employ the message passing
mechanism on the original complete graph instead, avoid-
ing the problem of insufficient global information utilization
caused by subgraph fragmentation.
Formally, the message passing of z is represented as:

i=H(F(A))x. (10)
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For subgraph extraction F'(-), we design two operators:
global-aware and local-aware subgraph extraction. The idea
is to extract the most informative subgraph from the glob-
al/local perspective.

o Global-Aware Extraction Truncated reconstruction A
identifies the principal subgraphs with the highest informa-
tion content, guided by the global structural signal. Specifi-
cally, we first decompose A using Singular Value Decompo-
sition (SVD) (Rangarajan 2001). However, performing the
exact SVD on A is computationally expensive, making it
impractical in real-world scenarios. Instead, we adopt the
randomized SVD algorithm proposed by (Halko, Martins-
son, and Tropp 2011). It approximates the range of the input
matrix with a low-rank orthonormal matrix, and performs
SVD on this smaller matrix. It is formally represented as:

U, A, UT = ApproxSVD(A, d), (11)

where A is eigenvalues matrix, Uis corresponding eigen-
vector matrix, and d is the rank of decomposed matrix. It is
equal to the dimension of user/item raw representations.

Next, we employ the truncated reconstruction to obtain
principal subgraph A:

U, A, UT = Truncation(U, A, UT  4),
A = UAUT,
A = Sparsification(A,, €),
where v is the truncation ratio within the range (0, 1).
The truncation function retains the eigenvalues belong-
ing to the range before or after ~d, resulting in A =
Diag(A1, -+, Aya; 0, , 0, A\(1—yya; " - - , Aq). The sparsi-
fication function sets elements with reconstruction values
less than the threshold e (typically le~3) to 0, ensuring the
obtained principal graph A remains sparse.

(12)

e Local-Aware Extraction The expressive principal sub-
graph can also be extracted from the complete graph by

13100

leveraging local exposure information. The extraction pro-
cess is formalized as:

(13)

Here, the extraction function is a multinomial sampling
procedure, where p denotes the percentage of original edges.
Experiments finds that most of the time, p = 0.3 achieves an
optimal result. The probability of sampling an edge connect-
ing user u and item ¢ is 1/4/|Ny|+/|N;|. This weighting
scheme is motivated on the intuition that edges connected
to nodes with lower exposure tend to be more reliable and
informative (Wu et al. 2021).

A = Extraction(A, p).

Latent Graph Learning

Following (Zhang et al. 2021; Zhou and Shen 2023; Yu et al.
2023c), we also conduct message passing on the latent item-
items to capture collaborative signals under modality infor-
mation. Specifically, we first pre-construct latent item-item
graphs based on similarity of item raw modality features
€; m. It avoids the learning of latent graph structures in the
classical LATTICE. Then, we use kNN sparsization (k=10)
and Laplacian regularization to obtain the normalized matrix
S,... Besides, each modality item-item matrices are weighted
added to obtain the final item-item similarity matrix S. Here,
we still use the message passing mechanism of Equation 8.

Prediction

To make recommendations for user u, we predict the inter-
action scores between the user v and all candidate items, and
choose K top-ranked items as recommendations to the user
u. The interaction score is calculated as:

foredict (U, 1) = €] &;,

A _ pprincipal ___ principal
e, =€, +e =e,

(14)

latent
u bl

éi + eliatent7
where e/ and el represent the output of principal
graph learning and latent graph learning correspondingly. A



Datasets |

Baby

Sports

Clothing

Methods |

R@10 R@20 N@10

N@20 | R@10

R@20

N@10

N@20 | R@10

R@20

N@10

N@20

MF-BPR (UAI’09)
LightGCN (SIGIR’20)

DirectAU (KDD’22)
LayerGCN (ICDE’23)

0.0357 0.0575 0.0192
0.0479 0.0754 0.0257
0.0460 0.0672 0.0263
0.0529 0.0820 0.0281

0.0249
0.0328
0.0318
0.0355

0.0432
0.0569
0.0630
0.0594

0.0653
0.0864
0.0958
0.0916

0.0241
0.0311
0.0351
0.0323

0.0298
0.0387
0.0436
0.0406

0.0187
0.0340
0.0468
0.0371

0.0279
0.0526
0.0683
0.0566

0.0103
0.0188
0.0257
0.0200

0.0126
0.0236
0.0311
0.0247

VBPR (AAATI’16)
MMGCN (MM’ 19)
DualGNN (TMM’21)
LATTICE MM’21)
SLMRec (TMM’22)
MICRO (TKDE’22)
BM3 (WWW’23)
MMSSL (WWW’23)
FREEDOM (MM’23)
MGCN (MM’23)
LGMRec (AAAT’24)
PGL w/ global (Ours)
PGL w/ local (Ours)

0.0423 0.0663 0.0223
0.0378 0.0615 0.0200
0.0448 0.0716 0.0240
0.0547 0.0850 0.0292
0.0529 0.0775 0.0290
0.0584 0.0929 0.0318
0.0564 0.0883 0.0301
0.0613 0.0971 0.0326
0.0627 0.0992 0.0330
0.0620 0.0964 0.0339
0.0644 0.1002 0.0349
0.0663 0.1040 0.0351

0.0284
0.0261
0.0309
0.0370
0.0353
0.0407
0.0383
0.0420
0.0424
0.0427
0.0440
0.0448

0.0558
0.0370
0.0568
0.0620
0.0663
0.0679
0.0656
0.0673
0.0717
0.0729
0.0720
0.0760

0.0856
0.0605
0.0859
0.0953
0.0990
0.1050
0.0980
0.1013
0.1089
0.1106
0.1068
0.1144

0.0307
0.0193
0.0310
0.0335
0.0365
0.0367
0.0355
0.0380
0.0385
0.0397
0.0390
0.0410

0.0384
0.0254
0.0385
0.0421
0.0450
0.0463
0.0438
0.0474
0.0481
0.0496
0.0480
0.0509

0.0281
0.0218
0.0454
0.0492
0.0452
0.0521
0.0422
0.0531
0.0629
0.0641
0.0555
0.0690

0.0415
0.0345
0.0683
0.0733
0.0675
0.0772
0.0621
0.0797
0.0941
0.0945
0.0828
0.1014

0.0158
0.0110
0.0241
0.0268
0.0247
0.0283
0.0231
0.0291
0.0341
0.0347
0.0302
0.0369

0.0192
0.0142
0.0299
0.0330
0.0303
0.0347
0.0281
0.0359
0.0420
0.0428
0.0371
0.0451

0.0676 0.1022 0.0360

0.0449

0.0789

0.1174

0.0428

0.0528

0.0712

0.1034

0.0385

0.0467

Table 1: Performance comparison of baselines and our method in terms of Recall@K (R@K), and NDCG@K (N@K). The

best result is in boldface and the second best is underlined.

high score suggests that the user u is more likely to click the
item 4.

Optimization

During the phase of model training, we adopt the Bayesian
Personalized Ranking (BPR) loss Lgpr as the basic opti-
mization task, which assumes that users prefer historically
interacted items over unclicked ones. And it is combined

with auxiliary self-supervised tasks to jointly update the rep-
resentations of users and items:

L = Lppr + AssLLssL, (15)
where Agg is the hyperparameter to control the intensity of
the self-supervised auxiliary task.

The self-supervised task is used to further enhance the dis-
tinguishability of representations. Specifically, it first masks
certain node representations through feature masking, and
then maximizes the consistency of features after two random
masks through in batch InfoNCE:

e, e = Mask(e,, p),
é;a é;/ = MaSk(éia p)a
(€, - €,/T)
LssL = —log WYV 16
u; S eu (e, &, /r) 10
exp(€; - &//7)
t Y loe @ e )
ieT jez €XPL€; * €;

where p controls the feature masking ratio and 7 is the tem-
perature hyper-parameter of the softmax function.

Experiments

Datasets Following (Zhang et al. 2021), we conduct ex-
periments on three categories of the widely used Amazon

13101

dataset: (a)Baby, (b) Sports and Outdoors, and (c) Cloth-
ing, Shoes, and Jewelry, which we refer to as Baby, Sports,
and Clothing in brief. The statistics of these datasets are
presented in the Appendix. We use the pre-extracted 4,096-
dimensional visual features and 384-dimensional text fea-
tures, which have been published in (Zhou 2023).

Compared Methods We compare PGL with several rep-
resentative recommendation models. These recommenda-
tion models fall into two groups: General models only utilize
user behavioral data for recommendation: MF-BPR (Koren,
Bell, and Volinsky 2009), LightGCN (He et al. 2020), Di-
rectAU (Wang et al. 2022), LayerGCN (Zhou et al. 2023b);
Multimedia models utilize both user behavioral data and
item content information for the recommendation: VBPR
(He and McAuley 2016), MMGCN (Wei et al. 2019), Du-
alGNN (Wang et al. 2021), LATTICE (Zhang et al. 2021),
SLMRec (Tao et al. 2022), MICRO (Zhang et al. 2022),
BM3 (Zhou et al. 2023c), MMSSL (Wei et al. 2023), FREE-
DOM (Zhou and Shen 2023), MGCN (Yu et al. 2023c¢),
LGMRec (Guo et al. 2024b).

Evaluation Protocols To ensure a a fair comparison,
we adhere to the standardized all-ranking protocol (Yu
et al. 2023c). We calculate and present the average met-
rics, namely Recall@ K (R@K) and NDCG@K (N@K).
Our study encompasses over ten experiments, and the re-
ported values represent their average outcomes. To deter-
mine the statistical significance of the improvements over
the strongest baseline, we perform significance testing (Hsu
and Lachenbruch 2014). The results indicate that our pro-
posed approach outperforms the best baseline significantly
(p-value < 0.05).



Dataset Metric VBPR MMGCN SLMRec LATTICE FREEDOM MGCN LGMRec PGL
Bab Memory (GB) 1.89 2.69 2.08 4.53 2.13 2.05 1.96 2.17
Y Time (s/epoch) 0.83 4.78 2.69 4.12 1.54 2.68 3.01 2.30
Sports Memory (GB) 2.71 391 3.04 19.93 3.34 3.32 3.18 341
P Time (s/epoch) 3.84 48.92 19.60 36.59 9.08 11.72 10.75  9.11
Clothin Memory (GB) 3.02 4.24 3.40 28.22 4.15 4.08 3.79 4.32
€ Time (s/epoch) 2.82 37.66 11.98 34.26 7.21 9.63 10.68  8.72
Table 2: Efficiency Comparison of Different Recommendation Models
Recall@20 Recall@20 plied in practical large-scale recommendation scenarios.
Elw/oPGL| . ..
015 Hxi;’ SSL ‘ Ablation Study
' To investigate the impact of the keys components in PGL, we
0.1 . o conduct ablation studies on the following model variants: (1)
w/o PGL: We remove the principal graph learning and use
(N | N RN R the original complete graph learning instead. (2) w/o SSL:
We remove self-supervised auxiliary task. As shown in Fig-
"""" ure 5(a), the results demonstrate that removing the principal
Baby  Sports Clothing o graph learning significantly decreases the recommendation

@
Figure 5: Performance Comparison between (a) different
variants of PGL (b) different loss weights Ags;. and mask-
ing ratios p.

(b)

Implementation Details Due to space limitations, imple-
mentation details are in the Appendix.

Overall Performance

o Effectiveness: According to Table 1, we have the follow-
ing key observations: (1) The superiority of PGL. PGL out-
performs all other recommendation methods. This suggests
that capturing individual information can improve recom-
mendation performance. By exploiting individual informa-
tion, the model enhances the discriminability of node fea-
tures. It allows to more accurately identify the specific items
that users are genuinely interested in among multiple sim-
ilar items. (2) The flexibility of PGL. PGL demonstrates
effective recommendation performance, regardless of the
specific principal subgraph extraction operator employed.
Moreover, PGL with local-aware extraction performs better
than PGL with global-aware extraction. This is because the
local-aware extraction can not only mine individual infor-
mation, but can also partially alleviate exposure bias. This
indicates that PGL has high flexibility and scalability, and is
expected to achieve even better performance through further
refinement of the principal graph extraction operator.

o Efficiency: As depicted in Table 2, PGL has acceptable
training time and cost. This is because PGL does not store
separate item ID embeddings; rather, it maps content fea-
tures to derive the item representations. Furthermore, the
number of edges in the pre-extracted principal subgraph is
substantially smaller than that of the complete user-item in-
teraction graph, thereby lowering the computational cost of
message passing. Overall, PGL has the potential to be ap-
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performance. This is because the principal graph learning
effectively utilizes local structural features and captures in-
dividual information. Thus, it enables more accurate model-
ing of similar yet distinct user preferences by enhancing the
discriminative power. Removing the self-supervised learn-
ing task also leads to a decline in performance. This indi-
cates that the self-supervised learning task further boosts the
discriminative power, ultimately improving the effectiveness
of the recommendations.

Hyperparameter Analysis

In the self-supervised learning auxiliary task, there are two
hyperparameters: p controls the feature masking ratio and
Asst, controls the intensity of the self-supervised learning.
We conduct a thorough hyperparameter analysis to under-
stand their impact. As shown in Figure 5(b), we find that a
setting of p = 0.1 and Agsp. = 0.1 is suitable for Amazon-
Sports dataset. However, the optimal hyperparameters vary
across different datasets, indicating the necessity for careful
tuning. Because excessive self-supervised learning may mis-
lead user preference modeling, while too weak is insufficient
to fully enhance the discriminability of representations.

Conclusion

In this paper, we analyze existing methods from spectral
graph theory and point out their underutilization of individ-
ual information. Our experiments show that this results in
overly similar user preference modeling, which ultimately
limits recommendation performance. To address this issue,
we propose a principal graph learning framework (PGL)
with two novel pricipal graph extraction operators. PGL
more effectively captures individual information by mining
principal local structural features, thereby enabling compre-
hensive user preference modeling. In the future, we plan to
design more effective operators to further improve the min-
ing of local structural features.



Analysis of LATTICE

Combining Equation 9 and Definition 1, LATTICE models
user preferences by exploiting the low-frequency signals,
which reflect co-occurrence patterns on the complete user-
item interaction graph. To further illustrate the effect of ex-
ploiting low-frequency signals, we take predicting whether

user u will interact with item 4 as an example: !

T
gui = (eu,b + Z 6u,jej,b)

JENu b

(ei,b+ Z Bov,i€v,b + Z Z ﬂw,i,mew,b)

vEN; b meM weN;,m

S ol
=€,.€ib T E Bu.j€] ,€ib
JENb

T
+ g Bu,vey, pevb + § E ﬁj,ve},bev,b

veEN; b JEN b VEN; 3

+ E E ,Bu,w,meu,bew,b

meMweN;,m

+ Z Z Z Bj,w,mej,bew,bv

meM GEN, , weN;,m

a7

where e, ;, €., €y, denote the user representations for
users u, v, and w in the Ey, respectively. Similarly, e; ; and
e;, denote the item representations for items ¢ and j. The
terms By j, Bvir Bu.j> Bu,v» Bjv reflects the co-occurrence
patterns mined from the user-item interaction graph, while
Buw,i;ms Bu,w,m> Bjw,m reflect the co-occurrence patterns
mined from the item-item modality similarity graph.

We observe that LATTICE exploits multiple different co-
occurrence patterns, including user-item (u-%, u-w and j-v),
item-item (¢-j and w-j), and user-user (u-v) relationships.
While this enables the capture of complex co-occurrence
patterns, it also leads to excessive message transmission,
weakening the representation of user-item (u-7) individual
information. Additionally, the modeling of similar users
based on analogous co-occurrence patterns (item-item or
user-user relationships) may not fully account for nuanced
behavioral differences. This limits the performance of cur-
rent multimedia recommendation methods.

Therefore, it is essential to explore the principal local
structures (high-frequency signals) that conveys similar but
not completely identical user behavioral patterns. In other
words, by performing message passing on the principal sub-
graph, the model can effectively avoid the issue of exces-
sive message transmission while simultaneously mining co-
occurrence patterns and individual information.

Datasets

We conduct experiments on three categories of the widely
used Amazon dataset?: (a)Baby, (b) Sports and Outdoors,

"For the simplicity of the notation, we showcase our findings
with a one-hop message passing mechanism. It should be noted
that this conclusion can be naturally extended to various multime-
dia recommendation methods, as message passing mechanism are
parameter-free linear transformations.

’Datasets are available at http://jmcauley.ucsd.edu/data/
amazon/links.html
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Dataset  #User  #Item  #behavior 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%

Table 3: Statistics of the experimental datasets

and (c¢) Clothing, Shoes, and Jewelry, which we refer to as
Baby, Sports, and Clothing in brief. The statistics of these
datasets are presented in Table.3.

Implementation Details

The proposed framework and all compared methods are
implemented using the MMRec framework® (Zhou 2023),
which is a unified open-source platform for developing and
reproducing recommendation algorithms. To ensure a fair
comparison, all methods are optimized using the Adam op-
timizer, and hyperparameters follow the settings reported in
their original papers.

For general settings, the ID embeddings are initialized us-
ing the Xavier initialization method and set to a dimension
of 64. The batch size is set to 2048. For the self-supervised
task, the temperature parameter is set to 0.2, as this value
is commonly considered a good choice. Regarding the pa-
rameters used in our method, the truncation ratio vy is set
to 0.25, the sparsification threshold ¢ is set to 1e-3, and the
sampling ratio p is set to 0.3. For the hyperparameters of
the self-supervised learning task, a hyperparameter search is
conducted. The feature masking ratio p is searched in the
range of [0.05, 0.1, 0.2, 0.3, 0.4], and the weight of the self-
supervised task Agg is searched in the range of [0.005, 0.01,
0.05, 0.1, 0.5].

Furthermore, to avoid the overfitting issue, we employ an
early stopping strategy. Following (Zhang et al. 2022), we
use Recall@20 as the training-stopping indicator. If there
is no improvement in Recall@20 for ten consecutive train-
ing epochs, the model training is halted. All experiments are
performed using PyTorch on NVIDIA Tesla V100 GPUs.
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