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Abstract A shopbot is a software agent whose goal is to maximize buyer’'s satisfaction through
automatically gathering the price and quality information of goods as well as the services from on-line
sellers. In the response to shopbots’ activities, sellers on the Internet need the agents called pricebots
that can help them maximize their own profits.

In this paper we adopts Q-learning, one of the model-free reinforcement learning methods as a
price-setting algorithm of pricebots. A Q-learned agent increases profitability and eliminates the cyclic
price wars when compared with the agents using the myoptimal (myopically optimal) pricing strategy.
Q-learning needs to select a sequence of state-action pairs for the convergence of Q-learning. When
the uniform random method in selecting state-action pairs is used, the number of accesses to the
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Q-tables to obtain the optimal Q-values is quite large. Therefore, it is not appropriate for universal
on-line learning in a real world environment. This phenomenon occurs because the uniform random

selection reflects the uncertainty of exploitation for the optimal policy.

In this paper, we propose a Mixed Nonstationary Policy (MNP), which consists of both the auxiliary
Markov process and the original Markov process. MNP tries to keep balance of exploration and
exploitation in reinforcement learning. Our experiment results show that the Q-learning agent using
MNP converges to the optimal Q-values about 2.6 times faster than the uniform random selection on

the average.
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Aoz d53to 24 auxiliary Markov process$}
original controlled processel 93] H7} SHH HF
AAo] dis) 12} IEZ exploitatione] o|Fold F
TE §n, URSAM I3h= HAH HIys AT
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