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Analysis of the Dictionary Bases obtained by Applying Sparse Coding to Brain Activity and the
Semantic Representation based on Distributed Representation
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It is known that primary visual cortex uses a sparse code to efficiently represent natural scenes. Based on the
fact, we build up a hypothesis that the same phenomenon happens at the higher cognitive function, here we focus
on semantic representation, in the cerebral cortex. To proof the hypothesis, we applied sparse coding to the brain
activity while the subject is watching the video and the semantic representation of the video. By means of this
method, we obtained the dictionary matrix consisting of bases which represent the corresponding relation between
the brain activity and the semantic representation, and we analyzed the characteristics of each basis.
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