#&=X C-19
HEMREMHBEWRRRBRES

TRk 2 24 6 A 2 3 HIBLE

HRiER : HEFHEB)

HHZTEAR : 2007 ~ 2009
AREES 1 19700219
MEFEERLE (FIX) GHHNOERFELICESIERTAN—RA—T A VI DFEE

MERES (FEX)

Learning of a sparse code by a constrained optimization
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Hinton et al. (2006) showed that the performance of hierarchical neural networks could
be greatly improved by an innovation of the learning algorithm and training with a large
amount of data. In this research project, I aim to clear up the causes which enable an
efficient learning. As the results, I’ ve succeeded to clearly show the reason why the
learning by EM algorithm freezes in some cases, generalize contrastive divergence
learning which was used in the training of the hierarchical neural networks and newly
derive the convergence condition of the algorithm. We also successfully demonstrated that
an efficient coding of natural images can be obtained by the learning based on a
constrained optimization.
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