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Deep Reinforcement [earning of Ball Throwing Robot’s
Policy Prediction
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Yeong-Gyun Kang', Cheol-Soo Lee

Abstract: Robot's throwing control is difficult to accurately calculate because of air resistance and
rotational inertia, etc. This complexity can be solved by using machine learning. Reinforcement learning
using reward function puts limit on adapting to new environment for robots. Therefore, this paper
applied deep reinforcement learning using neural network without reward function. Throwing is evaluated
as a success or failure. Al network learns by taking the target position and control policy as input and
yielding the evaluation as output. Then, the task is carried out by predicting the success probability
according to the target location and control policy and searching the policy with the highest probability.
Repeating this task can result in performance improvements as data accumulates. And this model can
even predict tasks that were not previously attempted which means it is an universally applicable
learning model for any new environment. According to the data results from 520 experiments, this

learning model guarantees 75% success rate.
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[Fig. 1] 3 DoF robot arm
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[Fig. 2] Joint angular velocity profile
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T 71T T3 Ty Ty
Joint
Min Angle Max Angle Max RPM
1,2,3 0 60 degree 60 RPM
(a) (b)

[Fig. 4] (a) Parallel goal post parallel robot, (b) Overall System

[Table 2] Goal Post Position Range

(mm) Min Max
X -200 200
Y 470 310

|

[Fig. 5] Experimental environment
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[Fig. 7] Neural network model

[Table 3] Neural network layer

Layer (type) Output Number of
Shape Parameter
dense 1 (Dense) 64 576
batch normalization 1 64 256
dense 2 (Dense) 64 4160
batch normalization 2 64 256
dropout_1 (Dropout) 64 0
dense 3 (Dense) 32 2080
batch normalization 3 32 128
dense_4 (Dense) Output 1 33
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[Fig. 8] Prediction of success probability
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[Fig. 10] Prediction of success probability by number of data (a)
20data (no success data), (b) 50 data, (c) 100 data, (d) 200data,
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[Fig. 11] Number of operations vs. rate of success
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