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Abstract

In this paper we discuss reinforcement learning of
“the keepers” in the keepaway subtask of RoboCup
soccer. The keepers try to keep control of the ball
as long as possible despite the efforts of the takers
in a 20m by 20m region. While the most of previous
studies focus on a keeper who makes a pass, we fo-
cus on receivers. The receivers learn their policy by
reinforcement learning using the degrees of conges-
tion as the state variables. In the experiments, we
first check the proper positions where the degrees
of congestions are calculated. We then compare
our method with a hand-coded policies under two
taker’s policy—smart and normal, and show that
our keepers can keep a ball longer than hand-coded

ones under both taker’s policies.
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Figure 1: A starting configuration for a Keepaway

episode.
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Figure 2: The state variables used in several previ-

ous studies.
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Figure 3: The state variables used in this article.
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Table 1: Parameter values used in the experiments.
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Figure 4: The coordinate system of the Keepaway

region.
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Figure 5: Learning curves for taker’s policy A.
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Figure 6: Learning curves for taker’s policy B.
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Figure 7: Learning curve comparison for taker’s

policy A and B.
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Table 2: Comparison of average durations for hand-

coded and learned policies.
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