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Contrastive Dynamic Graph for Sequential Recommendation

CUI Yu, CHEN Jiawei’, WANG Can
(College of Computer Science and Technology, Zhejiang University, Hangzhou 310027, China)

Abstract: To alleviate the problems in dynamic graph sequential recommendation, such as sparse and noisy user-item interaction da-
ta, and the requirement for a large number of labels, this paper proposes a new dynamic graph sequential recommendation method
based on contrastive learning, which is called CDGSR (Contrastive Dynamic Graph for Sequential Recommendation). Specifically,
CDGSR designed three different contrastive learning methods from coarse-grained to fine-grained: inter layer contrastive learning,
twice propagation contrastive learning and random noise perturbation contrastive learning. The experimental results demonstrate that
CDGSR achieves NDCG@10 scores of 0.363 3, 0.587 3, and 0.522 0 on the real-world datasets of Amazon-Beauty, Amazon-Games,
and Amazon-CDs, respectively. Additionally, the corresponding Hit@10 scores are 0.525 8, 0.778 6, and 0.735 9. Compared to ma-
trix factorization-based methods like BPR-MF and FPMC, neural network-based methods like GRU4Rec, Caser, SASRec, and graph
neural network-based methods like SR-GNN, HGN, HyperRec, and DGSR, CDGSR consistently achieves the best results. Specifi-
cally, compared to the best-performing method DGSR, CDGSR improves NDCG@10 by 1.97% and Hit@10 by 1.60% on the Ama-
zon-CDs dataset. These results indicate that CDGSR can effectively utilize contrastive learning to improve the performance of dy-
namic graph sequential recommendation method.
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Table 1 Statistics of Beauty, Games and CDs datasets

G/ Beauty Games CDs
TP 8 52 024 31013 17 052
Ll e 57 289 23715 35118
PR 6 394 908 287107 472 265

FPo K 7.6 9.3 27.6
AT S 0.01% 0.04% 0.08%
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Table 2 Comparison results of different methods

Beauty Games CDs
NDCG Hit NDCG Hit NDCG Hit
@0 @0 @O0 @O0 @0 @10

Methods

BPR-MF 21.83 37.75 28.75 37.75 36.26  56.27
FPMC 2891 4310 46.80 68.02 33.55 51.22
GRU4Rec+ 2642 4398 45.64 67.15 4452 67.84
Caser 2547 42.64 4593 68.83 45.85 68.65
SASRec 32.19 4854  53.60 73.98 49.23 71.32
SR-GNN 32.33  48.62 53.25 7349 4895 69.63
HGN 32.47  48.63 4934 7142 4934 7142
TiSASRec  30.45 46.87 50.19 71.85 48.97 71.00
HyperRec — 23.26  34.71 48.96 71.24 47.16 71.02
DGSR 35.90 5240 58.52 77.64 51.22 72.43
CDGSR 36.33 52.58 58.73 77.86 52.20 73.59
Gain 1.19% 0.34% 0.36% 0.28% 1.97% 1.60%
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Table 3 Comparison of three contrastive learning methods
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Hit@10 0.5258 0.5218 0.5197
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Fig. 2 The impact of different A on the Amazon-Games dataset
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Fig. 3 The impact of different A on the Amazon-Beauty dataset
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