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Figure 1 (Color online) An example cascade from Weibo
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Figure 2 Examples of different cascade structures in Weibo. (a)~(d) Four example cascades
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Figure 3 (Color online) Distribution of ratios of source 5’3&?&?&%)
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Figure 4 (Color online) Distribution of ratios of source
message’s direct retweet number to its total retweet number
with less reteeted messages removed
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Figure 5 (Color online) Distribution of ratios of key retweet’s retweet number to total retweet number
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Figure 6 (Color online) Cascade dynamics modeling for example cascade. (a) Diffusion structure of example cascade;

(b) RPP modeling for the dynamics of six subprocesses; (c) aggregation of six subprocesses to fit the overall dynamics of
example cascade
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Figure 9 (Color online) Case study of two example cascades. (a) Popularity growth prediction for example cascade 1;
(b) diffusion structure of example cascade 1; (¢) popularity growth prediction for example cascade 2; (d) diffusion structure
of example cascade 2
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Decentralized cascade dynamics modeling
Jinhua GAOY?", Yue LIU! & Xueqi CHENG!
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of Sciences, Beijing 100190, China;
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Abstract Social network platforms have gradually transformed into social media in recent years, which greatly
eases information diffusion. Meanwhile, it also makes the task of popularity prediction for online information more
challenging. Traditional popularity prediction methods include supervised methods based on feature engineering
and popularity dynamics modeling methods based on stochastic processes. The latter group of methods has drawn
a wide attention as it works better for predicting individual items’ popularity. However, the existing methods have
ignored the decentralization characteristic of diffusion cascades. In this paper, we investigate the decentralized
structure of diffusion cascades, based on the Weibo dataset, and propose to model cascade dynamics by mixing a
bunch of reinforced Poisson processes (RPP). The overall diffusion cascade is a mixture of several sub-cascades,
each of which can be modeled by RPP. Experimental results on real world datasets demonstrate our proposed
model’s superiority in both characterizing popularity dynamics and predicting future popularity.

Keywords social network, social media, popularity prediction, decentralization, RPP model
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