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CONTEXT AND OBJECTIVES FINITE GAUSSIAN MIXTURE BAYESIAN (GAUSSIAN MIXTURE MODEL

e Context: Mixture model-based clustering o Model: p(x;|0) = Zk e Na(x:16%) e Prior: p(0) (e.g conjugate prior)
e Objectives: Provide a principled approach to: e Cenerative model: e Generative model:
. . Tk @( (@7
— learn the mixture parameters and simultaneously - . -
infer the number of clusters from the data mla ~ Dir(a)
— provide flexible clusters adapted for different group zifm ~ Mult () = zi|m ~  Mult(m) 2 G
shapes, orientations, volumes X602, ~ p(.]0:) 0. ~ Gy
e Data: X = (x1,...,X,): n i.i.d observations in R? XixN e %0z~ p(]0z) X, 0.
* <X K
ez = (21,...,2n): unknown cluster labels; z; € o o % -
(1 K o Likelihood: p(X|0) = []._; > 1—q Tk Ni(x:]0k)
AR e Posterior (MAP): p(0|X) = p(0)p(X]|0)
e K possibly unknown number of clusters \_ o Learning: e.g, (X)EM - BIC, AIC, ICL ... e Learning: Gibbs - Bayes Factor

BAYESIAN NON-PARAMETRIC PARSIMONIOUS GMM

e Infinite GMM: p(x;]0) = > 7~ | mx N (x:|0k) Chinese Restaurant Process (CRP): e Parametrization of cov. matrix: Xy = \;DiArD;

P ters: @ = 0. = 20k ) f oo
® [arameters {Ths Ok = (g k) 1524 g ® ® — A scalar that defines the volume of cluster k

e Prior: add a distribution over the parameters distribu- Tables.---..........._.
b ® — D;. orthogonal matrix which defines the orientation

tion: a Dirichlet Process Customers m @ @.
] .H .a .a .e — A diagonal matrix with det. 1 defines the shape.

e (Generative model: Observatio-n.s,_‘- """ "% ‘©
T Je— el .
Q: @ Parameters---....._ Decomposition | Type | Prior (Gy) Applied to
Gla,Gy ~ DP(a,Gy) | S | | | Al Sph. | Z¢ A
0.G ~ G 2 @ e The CRP provides a distribution on the infinite parti- | A&zl Sph. | Z§G Ak
' tions of the data: p(z) = p(z1)p(22|21) ... p(2n|20n_1): AA Diag. | Zg diag. elmnts of AA
Xz‘mi ~ p(.\@i) AL A . Diag. | 7G diag. elmntsTof A A
X, 0, p(zz — k“zh e zi—l) — CRP(Zl, ey Zi—1] a) ADAD . Gen. A% > = ADAD .
7 50 n L < K M. DAD Gen. | ZG and 2V | A\, and Xog = DAD
— { i—1to N K* MDD ALDL Gen. | IW e =MD ALDL
— 1 +
e Learning algorithms: Gibbs, Collapsed Gibbs... ‘it
\_ e Learning: Gibbs sampler
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