Modeling Heterogeneous Statistical Patterns In High-dimensional Data
By Adversarial Distributions: An Unsupervised Generative Framework
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b) If fum = 1, choose xy ~Multinomial(ey m);
¢) If fum = 0, choose Xy ~Multinomial(B 4, m);
® The objective function (log-likelihood):
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Fig 1. Heterogeneous patterns of
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® Feature Independent assumption: within each data cluster,

Results
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