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Abstract Recommender Systems aim to select the subset that matches users’ preference from the item database, so as to
alleviate the problem of “information overload” faced by users. Therefore, in recent years, recommender systems have
been increasingly applied to e-commerce, social networking and other fields, showing great commercial potential. In con-
ventional recommender systems, the information of users is often derived from the historical interaction records of items,
such as click rates and purchase history, which can be seen as a kind of delayed and implicit feedback from users. Conver-
sational recommender systems (CRS) are able to gradually dig into users' preference through multi-turn dialogues in natu-
ral language, so as to recommend high-quality items to them. Compared to conventional recommender systems, CRS ex-
hibit major differences in two aspects. Firstly, CRS are able to interact for multiple semantically coherent rounds with us-
ers in natural language, which improves user experience during human-computer interaction. Secondly, it becomes possi-
ble for CRS to obtain explicit feedback from users by asking specific questions, which helps system to have a deeper un-
derstanding of users' interest and preference, and provide more reliable recommendation results to them. Many works have
explored conversational recommendation under different problem settings. However, these works only focus on the ongo-
ing dialogue, ignoring the rich information contained in the past conversations, which leads to insufficiency in user mod-
eling. To address these issues, we propose an end-to-end framework named PCR, which stands for user preference model-
ing based Personalized Conversational Recommender. PCR is able to model users through the context-attentive layer with
bilinear scoring function and the self-attentive hierarchical encoding structure. Our proposed model can make full use of
historical dialogues while weighing the importance of the historical dialogues and the current dialogue. More information
sources about users make the recommendation results more diversified while conforming to users' preferences, which will
alleviate the impact of “information cocoon”. Extensive experiments have demonstrated the effectiveness of our approach
on personalized conversational recommendation task.
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