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Abstract

Recently,

there have been many studies on machine

learning. Among them, studies on

reinforcement learning are actively worked. In this study, we propose a controller to control bicycle

using DDPG (Deep Deterministic Policy Gradient) algorithm which is the latest deep reinforcement

learning method. In this paper, we redefine the compensation function of bicycle dynamics and neural

network to learn agents. When using the proposed method for data learning and control, it is possible

to perform the function of not allowing the bicycle to fall over and reach the further given

destination unlike the existing method. For the performance evaluation, we have experimented that

the proposed algorithm works in various environments such as fixed speed, random, target point, and

not determined. Finally, as a result,

it is confirmed that the proposed algorithm shows better

performance than the conventional neural network algorithms NAF and PPO.
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[I. Preliminaries

1. Related works

1.1 Markov Decision Process and Reinforcement
Learning
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1.2 Deep Deterministic Policy Gradient Algorithm
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2. Bicycle Dynamics
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Fig. 1. The bicycle as seen from behind.
The thick line represents the bicycle[14]
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Fig. 2. Seen from above. The thick line
represents the front tyre [14]
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Table 1. Parameters of bicycle dynamics
Notation Description Value
Horizontal distance between the point,
c where the front wheel touches the ground 66 cm
and the CM
The Center of Mass of the bicycle and
CM . Y
cyclist as a total
The agent's choice of the displacement
d of the CM perpendicular to the plan of
the bicycle
The vertical distance between the CM for
dCM . . 30 cm
the bicycle and for the cyclist
h Height of the CM over the ground 94 cm
Distance between the front tyre and the
[ back tyre at the point 111 cm
where they touch the ground
M, Mass of the bicycle 15 kg
M, Mass of a tyre 1.7 kg
' Mass of the cyclist 60 kg
r Radius of the tyre 34 cm
dotsigma, The angular velocity of a tyre dotsigm
The torque the agent applies on the
T
handlebars
dt time step 0.025s

[1l. The Proposed Scheme
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Get initial observation state s;
fort=12,..T do
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end

Fig. 5. DDPG Algorithm
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Fig. 6. Contribution of components on reward function

V. Experiments
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Table 2. Parameters of actor network

Name Value
Input layer A state (s,)
15! fully connected layer 400 units
2" fully connected layer 300 units

Output layer An actions (aj,)

Initial parameters UniforTIy grandom between
[_36 3 3e “]
Learning rate 0.001
Optimizer ADAM[14]
Table 3. Parameters of critic network
Item Value
Input layer State-action pair (s, a;)
15! fully connected layer 200 units
2" fyully connected layer 200 units
Output layer Q-value
Initial parameters UniforTIy 7‘random between
[—3e73 3¢73]
Learning rate 0.001
Optimizer ADAM[14]
Table 4. Parameters of algorithm
Name Value
Input dimension 6 (states)
Output demension 3 (actions)
Discounted factor 0.99

Ornstein—-Uhlenbeck Process[21]

Random noise with 6=0.15 and ¢=0.2

Experience memory capacity 500000

Batch size 64 samples
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V. Conclusions
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