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A Preliminary Study on Attention-mediated Perceptual Organization
and Learning for Constructive Object Recognition
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This paper proposes a probabilistic model of attention-mediated perceptual organization and learning for con-
structive object recognition. This model consists of the following three submodels: (1) a model of attention-
mediated perceptual organization of adjacent segments which are segmented on dynamically-formed Markov ran-
dom fields, (2) a model of local feature representation of segments by bags of key features, and (3) a model of
semi-supervised learning of categorical objects and their context based on a probabilistic latent component anal-
ysis of cooccurrent segments within categories and their cross analysis among categories. This model makes it
possible to learn categories of objects under incomplete instructions that those objects are exists somewhere in

given crowded scenes.
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