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Abstract Session-based recommendation, which aims at predicting the user’s next action based on anonymous sessions, becomes
a critical task in many online services. The main challenges of this problem are how to model the temporal relationship of user’s
behaviors within the target session and capture user’s interest by the limited interactions. Existing methods model the user’s be-
havior patterns based on the temporal relationship of adjacent items within the target session,and aggregate the item information
in the target session into overall session representation as the corresponding user’s interest. In order to improve these two proces-
ses,a novel Temporal Reasoning Based Hierarchical Session Perception Model (TRHSP) for session-based recommendation is
proposed. On the one hand.unlike the previous works which assume adjacent items are related, TRHSP infers the dependency re-
lationship between adjacent items in the target session and learns to handle the user-item interaction sequence with a flexible or-
der, which helps to model user’s behavior. On the other hand, TRHSP aggregates the item information of the target session from
both the item level and the item feature level,so as to capture user’s interest in a more fine-grained manner. In the experiments on
two public datasets,the proposed TRHSP achieves the best performance,thus proving the effectiveness of the model.
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Fig. 1 Typical scenario for session-based recommendation
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Table 2 Experimental results on Diginetica and Retailrocket
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Model - . — —
MRR@20 HR@20 MRR@20 HR@20

POP 0.24 0.96 0.32 1.24
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GRU4Rec 24.93 57.95 21.60 49. 65
NARM 27.35 62.58 34.07 61.79
STAMP 27.38 62.03 33.10 61.08
SR-GNN 27.54 63.09 34.22 62. 34
TRHSR 28.30 63.74 35.06 63. 45
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Table 3 TImpact of temporal reasoning

Diginetica Retailrocket
Model — —
MRR@20 HR@20  MRR@20 HR@20
TRHSR-R 27.28 62.49 33.98 61.85
TRHSR 28.30 63.74 35.06 63. 45
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Fig. 5 Effectiveness of hierarchical modeling
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