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In recent years, it has become possible to gather large amounts of high dimensional datasets. On the other

hand, not much knowledge about these datasets has been extracted yet.

The purpose of this study is to get

information about the geometrical structure of datasets distribution. We use multilayered feed-forward networks,
now commonly known as deep neural networks (DNN)[Hinton 06], as an observation tool for datasets distribution.
In this study, we computed the tangent space of dataset manifold from the mapping function of DNN to observe
the geometrical structure of large scale image datasets (ImageNet dataset and MNIST dataset).

Our results support two hypotheses: (1) The high dimensional dataset distribution is embedded in a low di-
mensional manifold; (2) High performance DNNs have the ability to extract the manifold structure and map it on
a global coordinate space. Furthermore, our results show that the semantic hierarchical structure of image (e.g.,
animal - mamal - dog - siberian husky) and the geometrical structure of the image dataset distribution are deeply

related.
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