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Vladimir Golovko, Aliaksandr Kroshchanka. A Method of deep belief neural network learning and application 

for data visualization.  Deep belief neural network has been the hottest topic in domain of machine learning in the last years due 
to deep hierarchical representation of the input data. So, the first layer could extract low-level features, the second layer could 
extract higher level features and so on. In general case deep belief neural network represents many-layered perceptron and 
permits to overcome some limitations of conventional multilayer perceptron due to deep architecture. In this work we propose a 
new technique called “REBA” for training of deep belief neural network, based on restricted Boltzmann machine. The 
performance of REBA technique is illustrated for MNIST dataset visualization.   

Keywords: Restricted Boltzmann machine, deep belief neural network,  data visualization, machine learning. 
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