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Abstract: To overcome the drawbacks of traditional session-based recommendation system (SBRS) models, which of-
ten ignore the interaction between item clicks and omit the relative position between items within a session, this study in-
vestigated a Hawkes process and graph neural network (HPGNN) method for session-based recommendation. This
novel method incorporated a dual-stream structure consisting of a graph neural position-aware layer and graph neural
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Hawkes layer to learn the long- and short-term user preferences, respectively. The graph neural position-aware layer cap-

tured the interaction between nodes by using a gated graph neural network (GGNN) to obtain the hidden vector represen-

tations of each item in a session. Furthermore, we introduced a gradually decreasing residual network that combined pre-

vious encoding information with the current network. In addition, we used a position-aware attention network to capture

the position information of item nodes in the session to learn the long-term preferences of users. The graph neural

Hawkes layer combined the GGNN and Hawkes process to represent the users’ short-term preferences more accurately

by capturing the relationship between item click counts over time. Finally, we linearly combined the two layers to better

describe users’ intent. Experimental results showed that our proposed HPGNN outperformed other existing state-of-the-
art SBRS models on the Diginetica and Yoochoose1/64 datasets.

Key words: session-based recommendation; recommender system; graph neural network; Hawkes process; position-

aware attention network
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Tab.1 Ablation study results
Hmy Diginetica Yoochoosel/64

P@20 MMR@20 P@20 MMR@20
GNP 50.73 17.56 70.32 30.57
GNH 51.48 17.61 70.92 31.23

HPGNN 51.84 17.84 71.32 31.55

HPGNN 7E W5 4 L #0A BH 8 09 T %, JF HL7E
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Z R E SRR, FFHGIA T PR B 6 T
BRI HEFEE AR 2 1 2 CEEIEH.
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Tab.2 Comparative experiment results

p Diginetica Yoochoosel/64
P@20 MMR@20 P@20 MMR@20
FPmC! 26.53 6.95 45.62 15.01
BPR-MF"" 5.24 1.98 31.31 12.06
GRU4Rec" 29.45 8.33 60.64 22.89
NARM™ 49.70 16.17 68.32 28.63
STAMP" 45.65 14.32 68.74 29.67

SR-GNN®™ 50.41 17.36 69.86 30.51
GC-SAN™ 49.23 16.01 70.05 30.44

DGSR™ 50.67 17.94 70.23 30.45
IHGCN®! 51.56 17.98 71.04 30.53
HPGNN 51.84 17.84 71.32 31.55
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