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Abstract: Novelty detection is a problem of finding irregular data in the test set based on the

training set consisting of regular data. We propose a new statistical approach to novelty detection.

Our key idea is that we do not directly model the training and test density functions, but we only

estimate the ratio of the densities (i.e., importance). This allows us to avoid solving an unneces-

sarily difficlut problem of density estimation and therefore our approach is expected to have better

performance. Indeed, simulations with benchmark data sets show that the proposed approach is

promising in novelty detection.
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