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We have developed a research activity support system , Papits.

Users of Papits can share various research

information, such as PDF files of research papers. Now, Papits is equipped not only with papers registered by a
member of a laboratory but with the paper collection function to collect and register papers automatically from
the Internet. Therefore, a lot of papers are registered, and these papers are mainly used for the survey of research.

In that case, it is desirable to classify papers for every field.

In this paper, we describe implementation of a paper classification mechanism, and propose a feature selection
for classifying documents that is represented by bag-of-words.
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A Logical Account of Causal and Topological Maps

Emilio Remolina and Benjamin Kuipers

We consider the problem of how an agent creates a discrete spatial
representation from its continuous interactions with the environment. Such
representation will be the minimal one that explains the experiences of the agent
in the environment. In this paper we take the Spatial Semantic Hierarchy as the
agents target spatial representation, and use a circumscriptive theory to specify
the minimal models associated with this representation. We provide a logic
program to calculate the models of the proposed theory. We also illustrate how
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the different levels of the representation assume different spatial properties
about both the environment and the actions performed by the agent. These
spatial properties play the role of filters the agent applies in order to distinguish
the different environment states it has visited.
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