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ABSTRACT

In the sparse reward system of reinforcement
learning, existing temporal difference learning based
exploration is especially hard to both find
state-action pairs which give non-zero reward and
update the value function on those state-action pairs
even if a reinforcement learning agent finds a reward
giving state-action pair. In this paper, we propose
Boltzmann guided sparse sampling (BGSS), which is
an end-to-end reinforcement learning that can
efficiently learn to find trajectories with high return
from sparse-reward system. In the experiments, we
can also demonstrate the proposed method, BGSS, is
a faster reinforcement learning algorithm than tree

search-based method and temporal difference learning.
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Fig. 1. Multi-goal environments
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Fig. 2. Distances between goal and position
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Table. 1. Results on multi-goal RL environments
openAl reacher-v2 | Minigrid Four-rooms
Method
return | Dy (M) return | Dpin (ZD
UCT -10.41 0.052 769.2 0
Soft Q(TD) | -10.09 0.0409 271.9 2.67
BGSS -9.077 0.0168 825.0 0
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