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SCMRec: Multimodal Recommendation Based on SAC and Contrastive
Learning

QIAN Jiangmei, LI Weiwei
(College of Computer Science and Engineering , Chongqing University of Technology, Chongging 400054, China)

Abstract: With the widespread adoption of social media, users’ expression of interests has become highly reliant on the fusion of multimodal
content. However, existing recommendation methods face fundamental limitations. For instance, static feature fusion leads to lagging interest
modeling, supervised learning’s reliance on labeled data exacerbates inadequate coverage of long—tail items, and reinforcement learning’s ne-
glect of multimodal complementarity triggers decision biases, all of which significantly degrade the accuracy and fairness of recommendations.
To address these issues, we propose a multimodal reinforcement learning recommendation framework named SCMRec, which integrates Soft
Actor—Critic with multimodal dynamic interaction modeling and incorporates a contrastive learning module into the policy network.Specifical-
ly, SCMRec constructs a real-time updated state representation of the user—item interaction graph based on the Soft Actor—Critic algorithm in
reinforcement learning. This approach resolves the challenge of traditional methods’ static feature fusion, which struggles to capture the tempo-
ral evolution of user interests, enabling fine—grained dynamic tracking of interests. A contrastive learning module is embedded in the Actor net-
work to address sparsity issues by maximizing the representation distances between cross—modal positive and negative samples. Additionally, a
loss function that jointly optimizes immediate rewards and diversity objectives is designed to suppress popularity bias.Comparative experiments
on the Amazon—-Baby, Sports, and Allrecipes datasets, where SCMRec is evaluated against eight baseline methods, demonstrate that SCMRec
outperforms the best baseline in terms of Recall@20 and NDCG@20 metrics, particularly excelling in extremely sparse scenarios. Ablation ex-

periments validate the synergistic effects of the dynamic interaction graph, the Soft Actor—Critic algorithm, and contrastive learning. This
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study offers a novel paradigm for dynamic modeling in multimodal recommendation systems and advances the collaborative application of rein-

forcement learning and contrastive learning.
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Table 2 Comparison of recommended performance of different methods
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o Amazon—Baby Amazon—Sports Allrecipes
R@20 N@20 P@20 R@20 N@20 P@20 R@20 N@20 P@20
BPR 0.044 0 0.020 0 0.002 4 0.043 0 0.020 2 0.002 3 0.0137 0.005 3 0.000 7
light GCN 0.069 8 0.0319 0.003 7 0.078 2 0.0369 0.004 2 0.021 2 0.007 6 0.0010
VBPR 0.048 6 0.021 3 0.002 6 0.058 2 0.026 5 0.003 1 0.0159 0.005 6 0.000 8
MMGCN 0.061 5 0.026 4 0.003 1 0.063 8 0.0279 0.003 4 0.026 1 0.010 1 0.001 3
LATTICE 0.084 3 0.036 8 0.004 2 0.091 5 0.042 4 0.004 8 0.026 8 0.0103 0.0014
SLMRec 0.076 5 0.0325 0.004 3 0.0829 0.0376 0.004 3 0.0252 0.009 9 0.001 3
MMSSL 0.093 6 0.040 5 0.004 8 0.098 3 0.045 5 0.005 2 0.034 1 0.0132 0.001 7
DiffMM 0.094 7 0.040 1 0.004 9 0.1017 0.045 8 0.005 4 0.0352 0.0135 0.001 7
SCMRec 0.098 4 0.045 4 0.005 4 0.103 7 0.048 5 0.005 5 0.0380 0.0140 0.0019
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Table 3 Ablation experiment results

R3 HEMXRBRER

bETELY Amazon-Baby
]

Amazon—Sports Allrecipes

R@20 N@20 R@20 N@20 R@20 N@20

w/o Dynamic -G 0.0918 0.0405 0.0966 0.0447 0.0335 0.0124
w/o SAC 0.0933 0.0407 0.0984 0.0450 0.0342 0.0132
w/o CL 0.0960 0.0432 0.1017 0.0473 0.0362 0.0135
SCMRec 0.0984 0.0454 0.1037 0.0485 0.0380 0.0140
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