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Overview

Dirichlet process mixture models (DPMMs) are widely used to model
grouped data. Current Markov chain Monte Carlo (MCMC) sampling
algorithms suffer from scalability, slow convergence, and/or require
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Mixing Non-Ergodic Chains

MCMC sampling algorithms typically consider the case where the

induced Markov chain 1s ergodic and where the transition distribution
satisifed detailed balance. One key observation of this work 1s that mixing

Parallel Sampling of DP Mixture Models using Sub-Cluster Splits Iir

Sub-Cluster Splits

Since sub-clusters contain likely splits, we propose to split a cluster into
its two sub-clusters. Conditioned on the new cluster assignments, all other
regular-cluster parameters are proposed from their posterior distributions.

approximations. We present a new method that overcomes these 1ssues. multiple non-ergodic chains can result 1n a ergodic chain. New auxihiary variables are deferred to the restricted Gibbs sampler.

For mixture models, a restricted Gibbs sampler that does not allow the _
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While a random split 1s typically meaningless, the random merge 1s often
accepted. Thus, the random split/merge moves complement the sub-
cluster split/merge moves.

DP Mixture Models

The graphical model for a DPMM 1s shown below

Restricted Gibbs-Sampler

Because the restricted Gibbs sampler does not need to consider creating
new clusters, 1t can be efficiently and exactly parallelized. The posterior
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cluster weights are then distributed according to
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Finite approximations ([3,4]) and slice-sampling ([2,7]) can be used to
instantiate weights. Cluster assignments can then be sampled 1n parallel.

Split / Merge Methods

Fitting Sub-Clusters

We augment the space with auxiliary variables representing sub-clusters.
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