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An Architecture of Multilayer Perceptrons for Energy-based Reinforcement Learning
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In this study, the energy-based reinforcement learning (RL), in which our policy is represented by a Boltzmann
distribution and an energy function, is investigated. We show the relationships between energy-based actor-critic
and conventional actor-critic algorithms. We reveal that the conventional actor-critic algorithms with multilayer
perceptrons are the special case which use the cross-entropy as an energy function. Finally we suggest the new
architecture, named “twin net”, which effectively works in RL domains.
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O 1: Learning rates of the actor networks

Method | Normal | CACLA | Twin net
GW 0.1 0.003 0.06
GW-BV 0.1 0.03 0.1

O 2: Binary action vectors

Action | Binary Vector
North 1,1,0,0
South 0,0,1,1
East 1,0,1,0
West, 0,1,0,1
Stay otherwise
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