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Abstract The recently proposed "potential-based”
reinforcement learning (RL) method made it possible to
combine multiple learnings and expert advices as super-—
vised knowledge within an RL framework. The effecti-
veness of the approach has been established by a
theoretical convergence guarantee to an optimal policy. In
this paper, the potential-based RL method is applied to a
dynamic channel assignment (DCA) problem in a cellular
networks. It is empirically shown that the potential-
based RL assigns channels more efficiently than fixed
channel assignment, Maxavail, and Q-learning—based
DCA, and it converges to an optimal policy more rapidly
than other RL algorithms, SARSA(0) and PRQ-learning.
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4. Channel Allocation in Cellular Networks
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ARESHE A 19 compact AE F 2L Ad kE AR
g AEY Folf, ny(a)e A i9 2-tier Aol ¢
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< AME3le compact AES 7t BE4E e cost

42 Ag &4 ¢ A8 &y

<7 7Re] S48 celER TAE, 70709 AdS
M g VEYIS Qlvka SAHN=49, M=10),
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2 ¢3iA o7 & sample average total reward

E" 7} AL,

1 ¢ k
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S9om, ¢ o e TheH o] AR}

Sy gt ¢=(0,1), z,€X. (19)
A7IM n(z,)e t AT 2R oo]HETL Ay

z, o WE3 A4 E BIT

o] AFo|AM= simulation A|17HE AREIIH, 1x9]
simulation A7} call arrival rate Ao W& SEZ
Z} Aol callo] WAt e S thEF o] <]
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