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Abstract:

This paper proposes a method to improve the learning performance of a learning

agent with FALCON, to make a player agent for a card game “hearts”, which is one of the

multi-player imperfect-information games. FALCON is a machine learning method which is an
extended fuzzy ART(Adaptive Resonance Theory). The previous work showed that FALCON is
effective for hearts. In this study, to improve the learning performance, the action set of the agent

is changed based on strategies of hearts, and a method that employs a prediction by the support

vector regression is proposed.
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1D Actions
parl | Play a card of suit #.

par2 | Play the strongest # in weaker cards than
AQ.
par3 | When the number of agent’s cards © is 2

or less, play the strongest ©.

pard | When the number of agent’s cards & is
less than average, play the strongest & in
weaker cards than strongest & which op-
ponents possess.

par5 | It is the same as pard about <.

par6 | It is the same as par4 about é.

par7 | Play the strongest © in weaker cards than
strongest O which opponents possess.

parl5 | Play the strongest ©.

chl Play a stronger card of #K and #A if there
is even one of #K and #A in hands and #Q
has been played.

ch2 Play the strongest card in weaker cards
than the strongest card that is the same
as suit of leading card.

ch3 Play the strongest card.

ch4 When the agent has cards of 7 to J, play a
card with priority from the smaller one.
chb Play the weakest card.

ch’4 | When the number of agent’s cards < is 2
or less, play the strongest <.

ch’s It is the same as ch’4 about &.

ch’6 | O, Play the strongest card with priority in
the order of #, <, &.
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Rank Against Rule- Against Monte-
based agents Carlo agents
1 0.2884 0.1808
2 0.2572 0.2270
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4 0.2096 0.3368
Expected value | 2.3756 2.7482
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Rank Against Rule- Against Monte-
based agents Carlo agents
1 0.3906 0.2446
2 0.2706 0.2534
3 0.2126 0.2444
4 0.1262 0.2576
Expected value | 2.0744 2.5150
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