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The Generative Model 
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A Generation Example 

Numerical Experiments 
  Selection of data points: 

The Learning Algorithm 
The learning algorithm aims to maximize the data likelihood. The following 
update rule is derived by using exact EM. 

E-step: 

M-step:!

Abstract 
We study unsupervised learning in a probabilistic generative 
approach that explicitly addresses the translation invariance of 
objects in visual data. The investigated generative model 
autonomously learns from unlabeled data with object identity and 
position.  

Model features: 
•! object translation explicitly defined as a hidden variable 
•! object mask defined as binary hidden variables 
•! learning multiple objects by a mixture model 
•! maximum likelihood with exact EM on a GPU cluster 

Our algorithm successfully extracts desired objects from both 
synthetic and real image sequences.  
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Discussion 
We studied unsupervised learning with translation invariance in visual 
data. Future work aims at: 
•! learning more objects by using approximate EM 
•! learning multiple objects per scene with occlusion!

Graphical Model 

object mask MAP* 

* In red channel it is the mask at the MAP      position.    
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position variable 
class variable 

mask variables 
observed datum 

image feature resolution 
mixture parameters 

mask prior parameters 
mean and variance for object c 

mean and variance for background 
the parameter set    
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