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ABSTRACT

The web world is getting so huge and untractable that without an intelligent information extractor we would get
more and more helpless. Conventional web spidering techniques for general purpose search engine may be too slow
for the specific search engines, which concentrate only on specific areas or keywords. In this paper a new model for
improving web spidering capabilities is suggested and experimented.

How to select adequate reference web pages from the initial web page set relevant to a given specific area (or
keywords) can be very important to reduce the spidering speed. Our reference web page selection method DOPS
dynamically and orthogonally selects web pages, and it can also decide the appropriate number of reference pages,
using a newly defined measure. Even for a very specific area, this method worked comparably well almost at the
level of experts. If we consider that experts cannot work on a huge initial page set, and they still have difficulty in
deciding the optimal number of the reference web pages, this method seems to be very promising.

We also applied reinforcement learning to web environment, and DOPS-based reinforcement learning experiments
shows that our method works quite favorably in terms of both the number of hyper links and time.
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