Nonparametric
Bayesian Mode|

Chikahara Yoichi



Model-based Clustering
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Finite Mixture Models

e E.g., for Gaussian mixtures, ¢r = (ux, Xx) and p(x|¢g) is a Gaussian
density with mean p; and covariance matrix g
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Flnlte Mlxture Model 1
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Finite Mixture Model 2
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Finite Mixture Models

OLTICEE T SpriorziXE T DWNENH D

OICBE9 % prior Goldmodel-specificlc:EIRT 5

4J L=

(e.g.) Gaussian mixture model’: 5 Z D& EH]

2% T3 BHnormal / inverse-gamma priors

TTICBE 9 B prioriEXt#r7zDirichlet prior, Dir(oo/K,
o, 00/K)TEZBDERWL

D& ZODprior meanlid1/KICZEL W




Finite Mixture Models
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Model Selection
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- cross-validation
- information criterion - AlIC, BIC, MDL, ...
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Parametric Model Selection
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Dirichlet Process

Definition 1. Let (2, B) by a measurable space, with Gy a probability measure
on the space, and let g be a positive real number. A Dirichlet process is the
distribution of a random probability measure G over (2, B) such that, for any
finite partition (Aq,...,A,) of Q, the random vector (G(A1),...,G(A,)) is

distributed as a finite-dimensional Dirichlet distribution:
(G(A1),...,G(A;)) ~ Dir(agGo(Ar),. .., 0Go(Ar)) (2)

We write G ~ DP(apgGo) if G is a random probability measure distributed
according to the Dirichlet process. Call Gy the base measure of G and call
g the concentration parameter.
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Dirichlet Process Mixture Models
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Posterior Dirichlet Process
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Polya Urn Process

Chinese Restaurant Process
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MCMC for Dirichlet
Process Mixtures
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Collapsed Gibbs Sampling
for Dirichlet Process Gaussian Mixture Models

1) DPGMM: the Model
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Collapsed Gibbs Sampling
for Dirichlet Process Gaussian Mixture Models

2) Fitting Data
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Collapsed Gibbs Sampling
for Dirichlet Process Gaussian Mixture Models

2) Fitting Data
Chinese Restaurant Process
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Collapsed Gibbs Sampling
for Dirichlet Process Gaussian Mixture Models

2) Fitting Data

Marginal Likelihood of all the data
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Collapsed Gibbs Sampling
for Dirichlet Process Gaussian Mixture Models

3) Conjugate Priors
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Collapsed Gibbs Sampling
for Dirichlet Process Gaussian Mixture Models

3) Conjugate Priors
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Collapsed Gibbs Sampling
for Dirichlet Process Gaussian Mixture Models

4) EEDAA— (HE)

while (the cluster labels does not converge)
for (i in 1:N)

remove X[i] from cluster z][i]

if (any cluster is empty)

delete the cluster and decrease K

for (k in 1:K)
compute tmpl[k] = X
tmp[K+1] = compute X

normalize tmplk], and choose cluster
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Collapsed Gibbs Sampling
for Dirichlet Process Gaussian Mixture Models
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Collapsed Gibbs Sampling
for Dirichlet Process Gaussian Mixture Models
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Collapsed Gibbs Sampling
for Dirichlet Process Gaussian Mixture Models
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Collapsed Gibbs Sampling
for Dirichlet Process Gaussian Mixture Models
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