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Study on Hardware Implementation of Deep Reinforcement Learning with
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Reinforcement learning is promising as a machine learning paradigm in edge computing. However, reinforcement
learning is computationally expensive, and the development of dedicated circuits is essential when implementing it
in devices with limited circuit resources and power consumption. In this study, we developed dedicated circuits for
the Q-learning algorithm and deep Q-learning using RTL design and investigated the relationship between the bit
length of floating-point operations and the learning performance of the reinforcement learning algorithm. We found
that when solving the FrozenLake maze problem with Q-learning, the learning performance of 16-bit floating-point
operations is comparable to that of 64-bit CPU operations. It was also found that an approximate implementation of
the Boltzmann action selection method is possible while reducing the cost of the exponential function. In addition,
we developed a prototype dedicated circuit for deep Q-leaning, in which action selection is implemented on an FPGA
and the action value function is approximated by a deep neural network running on a PC. Our results provide practical
guidelines for designing dedicated reinforcement learning hardware with minimal circuit resources and power
consumption.
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