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n Methodologyn Introduction n Experimental Study

p Unified Parameter Estimation

p Model Specification

By treating the cluster parameters and assignments as hidden variables,
we maximize the complete data likelihood in the MC-EM framework

• The Conditional of ci :
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• The Conditionals of "# and $#:

• The Gradient of the Q function:

(the gradients of
the flow model)

Maximization

Gibbs Sampling
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p Problem and Preliminaries : Deep Clustering with Unknown K p K-agnostic Clustering Evaluation

p Advantages of the Learned Representation

p Generative Quality of the Learned Model

• The Goal of clustering is to inference:

• Challenges

1. The number of clusters K is unknown

2. A Neural Net for representation learning needs to be learned 

3. the cluster information need to be computed at the same time

• Clustering on the Transformed Space
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• Learn representation with neural nets

p Robust Clustering Preferences Shown on Synthetic Data
↘here follows the right bottom part
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http://github.com/naiqili/DGPG

