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Lexical acquisition using the active nature based on saliency
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This paper proposes a lexical acquisition model which makes use of saliency to associate
visual features of observed objects with the labels that is uttered by a caregiver. A robot
changes its attention and learning rate based on saliency. Simulation experiments show that
the learning model with saliency effectively associate the given labels with the observed
features. Moreover, in the experiment with a real humanoid robot, the visual features are
represented with self organizing maps which adaptively represents the shape of observed

objects independent of the viewpoints.
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Fig.1 An overview of the system utilizing saliency for
lexicon acquisition
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Fig.2 Flow of learning
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Fig.3 Learning curves
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Fig.4 Numbers of teaching upon mapping each label
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Fig.5 The flow of feature extraction
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Fig.6 The flow of learning shape SOM
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(b) pointing

Fig.8 Examples of robot’s behavior
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Fig.9 Experimental result using real robot
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