The 21st Annual Conference of the Japanese Society for Artificial Intelligence, 2007

3D9-3

Joooougbogobogoooon

A Modular Intrinsic Rewards Generation System

ooo0on
Johane Takeuchi

goo

Osamu Shouno

gooo

Hiroshi Tsujino

gbobbobooboobooboobobboboon

Honda Research Institute Japan, Co., Ltd.

Inspired by intrinsic motivation that is thought to play a crucial role in animal development and learning,
several artificial learning systems with built in intrinsic rewards were recently studied. Barto, Singh and Chentanez
suggested intrinsically motivated reinforcement learning in which novelty based intrinsic rewards guided learning
to earn external rewards. In their implementation, intrinsic rewards were generated when predetermined events
occurred. Their algorithm took place only in deterministic transitions. We suggest intrinsic rewarded learning
without these restrictions. The system consisted of neural networks equipped with a modular reinforcement learning
algorithm suggested by Doya et al. The modular system that decomposes the observed state space stabilized the
intrinsic rewards calculated from prediction errors in probabilistic environments.
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