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Evaluation of hierarchical reinforcement learning methods using grid
worlds

SHUN TAKAOKAS3»®

TETSURO TANAKA-P)

Abstract: Reinforcement learning research has been successful with a variety of experimental environments
based on games. However, it has a weakness that the learning speed is slow in an environment where rewards
are not frequently given. We focused on hierarchical reinforcement learning and have created environments
that serves as a benchmark for hierarchical reinforcement learning in grid worlds. By applying a hyperparam-
eter optimization tool called Optuna to supervised learning, we selected models suitable for the environment.
We also conducted preliminary experiments for reinforcement learning in the grid worlds.
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layer_type MLP or CNN CNN
n_layers 1~3 3
n_output_channels | 16 ~ 256 136
n_channels_cnn 16 ~ 128 128
optimizer sgd or Adam sgd
or momentumSGD
sgd_lr le-3 ~ le-1 0.09315239055341833
momentun_lr le-5 ~ le-1
adam_final Ir le-2 ~ 0.2
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