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Learning Attention Dynamics for Items in Social Media

KANJI MATSUTANT!  MASAHIRO KIMURAZ

Abstract: Social media sites allow users easily to post and share online-items. Such items gain their
popularity through the amount of attention received. Recently, Shen et al [10] presented a proba-
bilistic model, called the RPP model, for the arrival process of attention to an individual item, and
showed that this model outperforms existing popularity prediction methods. In this paper, we aim
at analyzing and mining the relation of items in a social media site from a perspective of attention
dynamics, and by incorporating a Dirichlet process into the RPP model, we propose a probabilistic
model, called the DPM-RPP model, for the arrival processes of attention to all the items involved.
We present both an efficient method of learning the DPM-RPP model from the observed data and
an effective method of predicting the future popularity of each item by the DPM-RPP model. Using
real data from a cooking-recipe sharing site, we demonstrate that the DPM-RPP model outperforms
conventional models including the RPP model for popularity prediction, and uncover the community
structure of cooking-recipes in terms of attention dynamics.

Keywords: Attention Dynamics, Reinforced Poisson Process Model, Dirichlet Process Mixture Model
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