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In the real-world problems, handling uncertainty is a key topic and partially observable Markov decision processes
(POMDPs) provide a framework to autonomous agents with unreliable or incomplete sensors. Therefore, learning
in POMDPs is very important for applying agents to practical engineering problems. This paper shows the exper-
imental results with action-preference learning algorithms and Sarsa(A) in three partially observable benchmark
tasks. We confirmed that OnPS is the best among the methods for POMDPs.
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