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A Multi-Scale Temporal Dynamic Model for Sequential Recommendation
with Clockwork RNN

YUAN Tao'?, NIU Shuzi*, LI Huiyuan®
(1. University of Chinese Academy of Sciences, Beijing 100049, China;
2. Institute of Software, Chinese Academy of Sciences, Beijing 100190, China)

Abstract: Sequential recommendation attempts to use the historical interaction sequence between users and items to
predict the next item to interact with. A multi-scale temporal dynamic model for sequential recommendation with
Clockwork RNN is proposed to solve the uncertainty of recommended items by the on user’s long-term global inter-
ests medium time interest or short time local interest. Firstly, the CW-RNN layer is introduced to extract user’s
multi-scale temporal interest features from the historical interaction sequence between users and items. The convolu-
tion with CNN on the time scale dimension is then used to learn the user’s interest dependency on different time
scales, and generate the user’s unified interest representations. Finally, it uses the fully connected layer to model
the interaction between the unified multi-scale user interest representations and item’s embedding representations.
Experiments are carried out on MovieLLens-1M and Amazon Movies and TV, two public datasets. The results show
that our proposed model improves the accuracy by 3. 80% and 8. 63% respectively compared with the current opti-
mal sequential recommendation algorithms.
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