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Abstract

Recommender systems can alleviate the issue of information overload by recommending personalized
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items to users. In real-world recommendations, such as in e-commerce, the typical interaction be-
tween the system and its users involves recommending a page of items to the user and receiving
feedback; the system then recommends a new page of items. To effectively capture this interaction
and make recommendations, two key issues must be addressed: (1) how to update the recommen-
dation strategy based on the user’s real-time feedback; (2) how to generate item pages with appro-
priate display, which poses significant challenges to traditional recommender systems. This paper
investigates the problem of page recommendation, aiming to address both issues simultaneously. A
page recommendation framework based on deep reinforcement learning is proposed. It can opti-
mize the items on the page according to the user’s real-time feedback, ensuring they are appropri-
ately displayed in a two-dimensional page layout. Experimental results demonstrate the effective-
ness of the proposed method.
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Figure 1. Convergence speed comparison of training of
different algorithms
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