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Spatial Abstraction and Knowledge Transfer
through Reinforcement Learning with a Neural Network

Katsunari Shibata

Oita University

Abstract: In the real lives, "abstraction” seems to generalize the knowledge obtained through the past experiences and to be very useful
to accelerate learning drastically. Abstraction can be considered as the process to discard useless information. The important subject, the
author thinks, is the criterion to judge whether information is useful or not. The author has propounded an idea that necessary functions
emerge through reinforcement learning using a neural network. In this paper, the idea that rewards and punishments are used as a rational
criterion for abstraction and the internal representation in a neural network trained by reinforcement learning is considered as abstract
information is introduced. Furthermore, it is shown in a two-sensor and two-motor combination task that the abstraction enables
knowledge transfer that is difficult for the conventional techniques for acquisition of abstract information to realize.
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Fig.1 Two-sensor and two-motor combination task and learning system using a neural network.
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Fig. 2 Comparison of learning curves between 4 cases of learned combinations of sensor and motor set
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Fig.3 Comparison of the average distance between output patterns of the highest hidden layer during learning when the

object location is varied with same sensor and when the sensor is different with the same object location. The
vertical bar indicates standard deviation.
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Fig. 4 Some samples of the output pattern of the highest
hidden layer for the case of (a) and (b) in Fig. 2. The
area of each square indicates the absolute value and the
color indicates the sign (white is positive) of each
output.
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