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Adding both auto-association and hidden-layer-noise to

neural-network-based-classifiers improves generalization

a case for face-classification under variable illumination

Hiroaki INAYOSHI' and Takio KURITAT

1 AIST  Umesono 1-1-1, Tsukuba-city, Ibaraki, 305-8568, Japan
E-mail: {{h.inayoshi,takio-kurita}@aist.go.jp

Abstract We propose a novel method for learning that improves generalization in neural-network-based-classiffiers.
The proposed method consists of (1) adding auto-associative-learning and (2) simultaneously adding independent
noise to the hidden-layer of the neural-network. We verify this method on the classification problem of faces under
variable illumination. Considering the interpolation for untrained samples as key aspect of generalization, we can
expect that in our method, neural-classifiers will (1) learn (nearly) principal components of trained samples by au-
to-association, and will (2) generate and learn the variated samples from trained samples (along the axes of nearly
pricipal components) by added noise, which leads both to increased amount of trained samples and to (hopefully)
improved generalization.

Key words auto-association, noise, variable illumination generalization, interpolation, PCA
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