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Comparison of Reinforcement Learning Algorithms for a 2D
Racing Game Learning Agent
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Abstract Reinforcement learning is a well-known method for training an artificial software agent for a
video game. Even though many reinforcement learning algorithms have been proposed, their
performance was varies depending on an application area. This paper compares the performance of the
algorithms when we train our reinforcement learning agent for a 2D racing game. We defined
performance metrics to analyze the results and plotted them into various graphs. As a result, we found
ACER (Actor Critic with Experience Replay) achieved the best rewards than other algorithms. There was
157% gap between ACER and the worst algorithm.
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1. Asynchronous Advantage Actor—Critic (A3C)
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2. Actor Critic with Experience Replay (ACER)

ACER-2 On-Policy 2&Ql A3Ce= & A
1| A EojA AEL Hol AARES= Experience ReplayS
o]83l= Off-Policy Actor-Critic E&lo]n] &S
FE8H O StHA| HolE Zhof| A434tA (Correlation)
£ £o]&= ®Holt}. Off-Policy Estimatoro] tigh QF
AL Alolsl7] Yol Retrace Q-value Estimations
23} Zo| Importance Weight7} A4 cHtt A3
& Y=E AQE FHHEE op3lor thaat Zo] &

ojsirt.

-172-



The Journal of The Institute of Internet, Broadcasting and Communication (lIBC)
Vol. 20, No. 1, pp.171-176, Feb. 29, 2020. pISSN 2289-0238, elSSN 2289-0246

4@210x160x3

9x9x64
TX7x64
Conv, ReLU Conv, RelLU Conv, RelLU Flatten,
32@8x8x4 filters  64@4x4x32 filters 64@3x3x64 filters | STM, ReLU

a3 1. Z8 &5 Olo|MET} 2D #IojY AY WHE shEsk=0l AHES Hald 2y
Fig. 1. lllustration of deep learning model used by the reinforcement learning agent to learn how to play a 2D racing

game
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Table 1. The values of hyperparameters for each algorithm

Algorithm Hyperparameters Value
Discount factor 0.99
N_steps 5
Value function coefficient 0.25
A3C Entropy coefficient 0.01
Learning rate 0.0007
RMSProp decay parameter 0.99
RMSProp epsilon 0.00001
Discount factor 0.99
N_steps 20
Q value coefficient 0.5
Entropy coefficient 0.01
ACER Learning rate 0.0007
RMSProp decay parameter 0.99
RMSProp epsilon 0.00001
Buffer size 5000
Replay ratio 4
Discount factor 0.99
N_steps 128
Entropy coefficient 0.01
Learning rate 0.00025
PPO Value function coefficient 0.5
Number of training minibatches 4
Number of epoch 4
Clipping parameter 0.2
The maximum value for the 05
gradient clipping )
V. 45 87t
7} garejgo] oo]dEZ} 2D HolAd AYS Edol
st=dl 71Ae FF= Yok fIsto] Aol E%E
W A5l 5 4 Yok AYE Dot 0o Bl 5
A=A et = AY ARE (Length)= FareiEd
2 zssct

Rewards

—— A3C
160643
—— ACER
140643 — PPO
120643
100643
800

600

400

0000 1000M 2000M 3000M 4000M 5000M 6.000M 7.000M 8.000M 9.000M 10.00M
Timesteps

33 2. EfY AR DE UT2S E BY %
Fig. 2. Rewards for each algorithm along with the time
steps
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Fig. 4. Rewards and playing time for A3C along with
the time steps
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Table 2. The average and maximum rewards for each

algorithm

Algorithm Average Max

A3C 167.7 441

ACER 297.4 461

PPO 115.7 142
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