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Mutual Development of Behavior Acquisition and Recognition
based on State Value

*Yoshihiro TAMURA (Osaka University, 2-1 Yamadaoka, Suita, Osaka)
Yasutake TAKAHASHI(Osaka University)
Minoru ASADA(JST ERATO, Osaka University)

Abstract—Both self-learning architecture (embedded structure) and explicit/implicit teaching from other
agents (environmental design issue) are necessary not only for one-shot behavior learning but more seriously
for life-time behavior learning. This paper presents a method for a robot to understand unfamiliar behav-
iors shown by others through the collaboration between behavior acquisition and recognition of observed
behaviors, where the state value has an important role not simply for behavior acquisition (reinforcement
learning) but also for behavior recognition (observation). That is, the state value updates can be accelerated
by observation without real trials and errors while the learned values enrich the recognition system since it
is based on estimation of the state value of the observed behavior. The validity of the proposed method is
shown by applying it to a dynamic environment where two robots carry the boxes.

Key Words: Reinforcement Learning(] Behavior Recognitiond Value System[ Learning by Observation
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Table 1 List of behavior learned by self and state
variables for each behavior

Behavior State variables
Putting red box on magenta area | d, and d,
Putting red box on cyan area d, and d,
Putting blue box on magenta area | d, and d,,
Putting blue box on cyan area dp and d.
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(b) Behavior recognition

(a) Estimated values degree of belief

Fig.5 Sequence of estimated values and behavior
recognition degree of belief during a behavior of
putting red box on magenta area
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Fig.6 Success rate of the behavior during learning
with/without observation of demonstrator’s be-
havior
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Fig.7 Recognition performance of the behavior dur-
ing learning with/without observation of demon-
strator’s behavior
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Fig.8 Recognition period rate of the behavior during
learning with/without observation of demonstra-
tor’s behavior
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