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Monte Carlo Tree Search for High-dimensional Continuous Control Space
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Abstract Monte Carlo tree search (MCTS) has gained great success in low discrete control tasks. However, there are many
tasks in real life that require selecting action sequentially in continuous action space. Kernel regression UCT (KR-UCT) is a suc-
cessful attempt in low-dimensional continuous action space by using a pre-defined kernel function to exploit the similarity of dif-
ferent continuous actions. However, KR-UCT gets a poor performance when it comes to high-dimensional continuous action
space,because KR-UCT does not use the interacting information between agent and the environment. And when it interacts with
the environment. KR-UCT needs to perform a lot of simulations at each step to find the best action. In order to solve this prob-
lem, this paper proposes a method named kernel regression UCT with policy-value network (KRPV). The proposed method can
filter out more representative actions from action space to perform MCTS and generalize the information between different states
to pruning MCTS. The proposed method has been evaluated by four continuous control tasks of the OpenAl gym. The experimen-
tal results show that KRPV outperforms KR-UCT in all tested continuous control tasks. Especially for the six-dimensional Half-
Cheetah-v2 task,the rewards gained by KRPV are six-times of that of KR-UCT.
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Table 1 Parameter settings
Parameter Value
Batch Size 32
Optimizer RMSprop

Learning Rate 3.0x10 1

Total time steps 8% 10°
Simulation Times 50
Discount(y) 0.98
Kappa(x) 0.6
Cpw 1.0
T 2.0
C 0.5
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Table 2 Performance of KRPV,KRV,KRP,KR-UCT in 4 cases

after training

Algorithm KR-UCT KRP KRV KRPV
1660.54+ 3838.64+ 4099.19+ 11483.50%
HalfCheetah-v2
758.56 1334.54 166.72 338.88
264,97+ 295. 24+ 409. 58 = .87
Walker2d-v2 _ 7 3355.8
59.57 63.68 219.48 1585. 19
—33.48+ —9.17+ —26.44+ —9.03%
Reacher-v2 X
2.86 3.11 3.68 3.36
—186.71+ —167.77* —202.15+ —213.55+
Pendulum-v0 °
112. 38 86.74 112.50 115.05
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