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Distributed Stochastic Variational Inference Based on Diffusion Method

FU Wei-Ming' QIN Jia-Hu' ZHU Ying-Da'

Abstract Clustering, estimation, or inference in distributed networks has received considerable attention due to its
broad applications. Considering that existing distributed variational Bayesian (VB) algorithms have the weaknesses
of low efficiency and poor scalability, this paper proposes a new distributed stochastic variational inference (SVI) al-
gorithm by borrowing the diffusion method, where the natural gradient method is used for the update of local para-
meters, and a symmetric and doubly stochastic matrix is applied for the fusion of local parameters. In addition, an
adaptation mechanism is introduced in the proposed distributed SVI algorithm for use in asynchronous networks.
The feasibility of the proposed distributed SVI algorithm is demonstrated with the Bernoulli mixture model (BMM)
and the latent Dirichlet allocation (LDA) model. Experimental results show that the proposed distributed SVI al-
gorithm outperforms the centralized one in many aspects.
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and the centralized SVI on the Chinese text classification
data set of Fudan University
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