Content Promotion for Online Content Platforms with the Diffusion Effect
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1. Introduction 2. Diffusion Model

Content promotion is prominent
In online content platforms, such as
Facebook, Instagram, and TikTok.
Because of the abundant volume,
users rely heavily on the external
sources for what to consume.

3. Promotion Optimization
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(usually ignored) Bass diffusion model by choosing promotion decisions.

Lt Users may recelve the same
content piece both via platform
promotion and friend sharing.

Accelerated Greedy Algorithm
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o (1-1/e) approximation
o Polynomial runtime

5. Conclusion

Submodular objectlve

We study the diffusion-based promotion strategy. Promotion effect Diffusion effect

4. Experiments Results from a Large-scale Video Sharing Platform
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