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Multimodal graph contrastive learning recommendation
based on fusion diffusion models

SHEN Xueli, YU Jiahao
(School of Software, Liaoning Technical University, Huludao 125105, China)

Abstract: To address the inaccurate modeling of user interest preferences caused by noise interference, data sparsity,
and cross-modal semantic discrepancies in multimodal data, this paper proposes a diffusion-enhanced exploration frame-
work for multimodal graph contrastive recommendation(DEMGR). First, a diffusion model is employed to generate
structurally enhanced contrastive views, effectively suppressing modality-specific noise during self-supervised learning.
Second, an isomorphic graph integrating users and items is constructed to strengthen graph connectivity and mitigate the
effects of data sparsity on graph representation learning. Finally, a joint optimization framework is designed to combine
multitask learning with diffusion enhancement, enabling the collaborative optimization of recommendation objectives
and enhancement signals while learning semantically consistent and generalizable multimodal representations. Experi-
ments conducted on three real-world datasets, Baby, Sports, and Clothing, demonstrate that DEMGR consistently out-
performs existing mainstream models in terms of Recall and normalized discounted cumulative gain(NDCG), achieving
maximum improvements of 5.45% and 5.01%, respectively. These results verify the effectiveness of the proposed method
for multimodal recommendation and provide valuable insights for the optimization of multimodal recommender systems.
Keywords: recommender system; diffusion model; multimodal; graph contrastive learning; self-supervised learning;

multitask learning; data sparsity; user interest
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Table 2 Performance comparison between DEMGR and other comparative methods

S Baby Sports Clothing
R@10 R@20 N@I0 N@20 R@10 R@20 N@10 N@20 R@I0 R@20 N@10 N@20
BPR 0.0382 0.0595 0.0202 0.0263 0.0417 0.0633 0.0232 0.0288 0.0200 0.0295 0.0111 0.0135
LayerGCN 0.0529 0.0820 0.0281 0.0355 0.0594 0.0916 0.0323 0.0406 0.0371 0.0566 0.0200 0.0247
VBPR 0.0423 0.0663 0.0223 0.0284 0.0558 0.0856 0.0307 0.0384 0.0281 0.0415 0.0158 0.0192
MMGCN  0.0378 0.0615 0.0200 0.0261 0.0370 0.0605 0.0193 0.0254 0.0218 0.0345 0.0110 0.0142
DaulGNN  0.0448 0.0716 0.0240 0.0309 0.0568 0.0859 0.0310 0.0385 0.0454 0.0683 0.0241 0.0299
MGCN  0.0616 0.0943 0.0330 0.0414 0.0736 0.1105 0.0403 0.0498 0.0649 0.0971 0.0356 0.0438
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e Baby Sports Clothing
R@10 R@20 N@10 N@20 R@10 R@20 N@10 N@20 R@I0 R@20 N@10 N@20
FREEDOM 0.0627 0.0992 0.0330 0.0424 0.0717 0.1098 0.0385 0.0481 0.0629 0.0941 0.0341 0.0420
MDVT 0.0637 0.0990 0.0344 0.0430 0.0736 0.1083 0.0390 0.0495 0.0632 0.0962 0.0347 0.0426
CMDL 0.0643 0.0997 0.0346 0.0434 0.0738 0.1088 0.0394 0.0500 0.0640 0.0956 0.0346 0.0427
SMORE  0.0650 0.0999 0.0348 0.0438 0.0740 0.1109 0.0399 0.0502 0.0650 0.0973 0.0358 0.0440
DiffMM  0.0619 0.0947 0.0326 0.0394 0.0683 0.1019 0.0393 0.0484 — — — —
DEMGR  0.0682 0.1054 0.0363 0.0458 0.0767 0.1148 0.0419 0.0517 0.0667 0.0996 0.0368 0.0450

BTH% 492 5.45 431 457 3.65

3.53 5.01 2.99 2.62 2.36 2.79 2.27

T MR IR AR, TR
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GR &g L T X)L 41 5 vk, i 1E s thInl
T PRI RS i () Z RS HERERL R . 7F Baby %
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3.53%, N@10 2T+ T 5.01%, N@20 $2 7} T 2.99%;
7t Clothing £ 4% |, R@10 27+ T 2.62%, R@20
T T 2.36%, N@10 #7+ T 2.79%, N@20 #& 7+
T 2.27%.
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Table 3 Ablation experiment

piGTES Fik R@10 R@20 N@10 N@20
DEMGR, 0.0661 0.1028 0.0347 0.0445
DEMGR; 0.0546 0.0884 0.0312 0.0388

Baby DEMGR, 0.0543 0.0871 0.0298 0.0372
DEMGR, 0.0615 0.0957 0.0319 0.0407
DEMGR,, 0.0647 0.0998 0.0321 0.0435
DEMGR, 0.0701 0.1083 0.0380 0.0440
DEMGR; 0.0622 0.0760 0.0337 0.0422

Sports DEMGR,, 0.0613 0.0927 0.0328 0.0415
DEMGR, 0.0689 0.1037 0.0377 0.0473
DEMGR,, 0.0693 0.1067 0.0376 0.0423
DEMGR, 0.0630 0.0945 0.0339 0.0417
DEMGR; 0.0493 0.0722 0.0281 0.0330

C:ztgh' DEMGR,, 0.0468 0.0704 0.0264 0.0318
DEMGR, 0.0528 0.0821 0.0302 0.0369
DEMGR,, 0.0648 0.0951 0.0340 0.0419

T PRILAREIE.
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Fig.2 Visualizing the distribution of multimodal repres-
entations using diffusion processing
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