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A Session Recommendation Model Based on Dual Encoders

FANG Jun', GUAN Yepeng'*

(1. School of Communication and Information Engineering, Shanghai University, Shanghai 200444, China; 2. Ministry of

Education Key Laboratory of Advanced Display and System Application, Shanghai University, Shanghai 200072, China)

Abstract: A session recommendation model based on dual encoders (SR-BE) is proposed to solve
the problem that it is difficult to accurately capture the global dependencies between items in the
existing session recommendation models. The dual encoder consists of a global encoder based on
self-attention network and a local encoder based on graph neural network. The global encoder can
adaptively capture the global dependencies among all items by using the attention mechanism
regardless of their time intervals and encode them into global latent vectors. In order to make up
for the lack of local dependencies in self-attention network, the local encoder first constructs the
session sequences into a session graphs, then the graph neural networks are used to capture the
local dependencies among adjacent items and encode them into local latent vectors. Finally, the
linear combination of global and local latent vectors obtained from the dual encoder is used to
obtain the session representations and the click probability of each candidate item is obtained by

decoding the session representions through the prediction layer. Experimental results and
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comparisons with a single global encoder and a single local encoder show that the combination of

the global encoder based on self-attention networks and the local encoder based on graph neural

networks improves the hit rate by 3.11% and 6. 55%, respectively. Comparisons with state-of-

the-art methods on two public datasets validate the effectiveness and feasibility of the proposed

method.

Keywords: session-based recommendation; self-attention network; graph neural network;

encoder; recommendation model
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Table 3 Performance comparison of the SR-BE model with different encoders
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