5535 4% 45 3 TR BT 5 B 24 Vol.35 No.3

2023 4E 3 A Journal of Computer-Aided Design & Computer Graphics Mar. 2023

BRSZSUABEEN MU RIREERMEM S

RIA, 0", R

D (R E BB F ST TR R B E R E A SRR kst 100190)
D (hEREBER AT AL 100049)

(csxu@nlpr.ia.ac.cn)

OB AT HEEEEYARINEGEEZENCR, B - TEES 20 M B 0B S E M
PR, o, BT, SRR EY, R, KK, ETEEES, = @RERZRINE AE 06
F; MW, FUHEY W SURE . B M RIE L RN RAE, W EES Z WA X T B R RS R Y
WEMRR; &R, FIRARP 3R RETER IR A SR BEYE SRR TR B, RS Y
B FRSemh el BRI, %07 B AL IR D7 B2 7E AUC, NDCG@10 Hl Recall@10 3% 3 M55 B> BRI 6.35%,
8.13%F 11.7%, ML T 3% 7 2 A s

X B FAE ANEYS Z0MA, S
REES S TP391.41 DOI: 10.3724/SP.J.1089.2023.19347

A Cross-Modal Multi-View Self-Supervised Heterogeneous Graph Network for

Per sonalized Food Recommendation

Song Yaguangl’z), Yang Xiaoshan"?, and Xu Changshengl’z)*
! (National Laboratory of Pattern Recognition, Institute of Automation, Chinese Academy of Sciences, Beijing  100190)

2 (School of Artificial Intelligence, University of Chinese Academy of Sciences, Beijing  100049)

Abstract: To better model the association between different content information of recipes, we propose a
cross-modal multi-view self-supervised heterogeneous graph network for personalized food recommendation.
Firstly, we incorporate users, recipes and ingredients into a heterogeneous graph and model the complex hierar-
chical relationship between them based on message passing. Secondly, to better model the association between
multi-modal information of food and promote the interaction between different modal information, we utilize the
association of three kinds of food information, recipe nodes, ingredient nodes and recipe images to construct the
cross-modal multi-view self-supervised learning task. Thirdly, the multi-modal features of recipes are integrated
by the attention module guided by the user representation to obtain the comprehensive recipe representation. Fi-
nally, the food recommendation task is completed by measuring the similarity of the user representation and the
comprehensive recipe representation. Experimental results on a large-scale food recommendation dataset show
that the proposed method outperforms the optimal baseline method HAFR over AUC, NDCG@]10 and Recall@10
by 6.35%, 8.13% and 11.7%, respectively, which verifies the effectiveness of our method.
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w/o image-ingre 0.6636 0.0456 0.0713
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A3 0.6844 0.0492 0.0753
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