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Unsupervised Learning for Finite Mixture Models Via
Modified Gibbs Sampling
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(School of Electronics and Information Engineering, Xi'an Jiaotong University, Xi'an 710049, China)

Abstract; Since the conventional algorithm can not deal with the variable parameter dimension in
the unsupervised learning of finite mixture models (FMM), an unsupervised learning algorithm
based on the modified Gibbs sampling scheme is proposed. The key for the proposed algorithm is
to adopt the component management techniques that include component combination and elimina-
tion after each complete iterative step. The 2-norm of the differences in the mean and covariance
are used for the component combination rule, and the component elimination rule is that the com-
ponent that has the least weight and is less than certain threshold will be discarded. Simulation
results show that the proposed algorithm is robust for the parameter initialization and requires fe-
wer prior information for the number of components. The proposed algorithm can deal with the
variable dimension and avoid the calculation of the jump probability. Moreover, it can estimate
the number of the components and parameters effectively.
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