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Abstract

In recent years, the application of graph contrastive learning in recommendation systems has made significant progress.
However, most current graph enhancement strategies still rely on manual experience design, lack flexibility and
generalization ability, and are difficult to adapt to diverse recommendation tasks and complex graph structures. To this
end, this paper proposes an adaptive multi-view contrastive recommendation algorithm (MAMGCL) based on a hybrid
expert model. This method constructs an expert pool containing multiple enhancement strategies, introduces a two-way
gating mechanism to achieve dynamic fusion of experts on the user side and the item side, further generates
differentiated enhanced views, uses a multi-branch graph convolutional network to achieve node embedding
expression, and finally combines sub-view-level contrastive learning for optimization. Experiments are carried out on

three real-world datasets, verifying that the proposed method is superior to the existing mainstream contrastive
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recommendation models in terms of recommendation performance and robustness, demonstrating strong

generalization ability and application potential.
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recommendation system, graph contrastive learning, multi-view enhancement, hybrid expert model, adaptive
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MAMGCL  0.2529 0.3430 0.188 3 0.2210
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20 4 40 4 20 4 40 4
NGCE! 0.103 3 0.165 3 0.087 3 0.103 2
3.3 iﬁﬁm;gﬁ LightGCN!! 0.110 2 0.1757 0.094 3 0.1113
3.3.1 iﬂ'uﬂﬂ:‘iﬁﬁﬂﬁ'%ﬂﬁﬂf]iﬁﬁﬂ HCCF!™ 0.1156 0.184 7 0.099 0 0.1176
SHT® 0.1150 0.179 9 0.097 7 0.1156
MAMGCL 5% Iﬁjﬂj‘{%ﬁg/ﬁ:&%{*% SLRec!!? 0.104 8 0.172 3 0.088 1 0.106 8
BRUAIBARIA , JEFELELE I Mo HESR AT ] SGLY 0.1138 01776 00959 01122
P2 o) 245 i b AL B O A SR R s B0 B0 SimGCLS 01189 01798 00997 01158
ARG T, MR A o, % AFDGCER! 0112 1 01743 00924 01101
H‘Téé?ﬂﬂﬂﬂ?%@/a\% LEERETEE /E\*{Z’K BusGCL?! 0.1197 0.1811 0.101 1 0.1189
ZIRWA S, 5 PR IL-S AUFR M MAMGCL 0.121 5 0.1839 0.102 8 0.1213
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-G AR MGG EER TR M %, H RS
BRLEHLH
MAMGCL B 5= 15 i A7 3% Bl 25 (4 1 BN, ETEEMSMETERED
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52 R (i 2 L S T (O B v RS, X A A SR 3 I A s AT 1 6B
i Fc o L7 5 S BG SR B R B g =S /], R
332 FEREE LR TR S R [ﬂ?@%iﬁﬁﬁﬁﬁ\&
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_ P PR Yelp Last.FM BeerAdvocate
Recall@20 NDCG@20 Recall@20 NDCG@20 Recall@20 NDCG@20
MAMGCL-SG iR & 0.071 6 0.035 2 0.209 5 0.144 8 0.108 6 0.084 9
MAMGCL-G A& = 0.076 1 0.037 5 0.2152 0.160 5 0.1107 0.0917
MAMGCL-S & = 0.080 4 0.0409 0.231 0 0.173 1 0.1179 0.099 4
MAMGCL P = 0.086 8 0.044 1 0.252 9 0.188 3 0.1215 0.102 8
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