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Comparison of Activation Functions using Deep
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Abstract Autonomous driving allows cars to drive without people and is being studied very actively
thanks to the recent development of artificial intelligence technology. Among artificial intelligence
technologies, deep reinforcement learning is used most effectively. Deep reinforcement learning requires
us to build a neural network using an appropriate activation function. So far, many activation functions
have been suggested, but different performances have been shown depending on the field of application.
This paper compares and evaluates the performance of which activation function is effective when using
deep reinforcement learning to learn autonomous driving on highways. To this end, the performance
metrics to be used in the evaluation were defined and the values of the metrics according to each
activation function were compared in graphs. As a result, when Mish was used, the reward was higher
on average than other activation functions, and the difference from the activation function with the

lowest reward was 9.8%.
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Fig. 1. lllustration of the neural network used by RL
agent to learn how to learn self-driving on a
intersection
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Fig. 2. A plot showing rewards according to
timestamps while the agent is learning

U™ Unin

R(a,b) =a —bXec @)

max — Umin
A71A v A A E&, Vo Ve 22 A
£E8} H1 Frolt). o= FE d5olH a8 b= AF
ojty. BA 9] Aik= [0, 1] HE Bslsiict.
olo]HE= BAAH of 9 AH 55 Al dlolH
2 S 4 gl A4 geulg g2 7Ne R 3 SE
A A rpel w2t ol HH as HEA AHT
PPO+ on-policy €1 8]&0|E& =22 HZo] oA
BAoA "ol AE 9] 8 5FH A
(Objective function)oll 223 (Clipping)2 AFH&3IH
=4 e o 2ol FogiTh
LHY) = Ef min(r,,(é?)zzl,/7 cip(r,(8),| (3)

1—el4e)A4,
B 3t H13te Wz} Seehs ¢z

A EFIAR o 73 22 ujE(el gt A A] 7]

ol
%

> o

0 Rell)
B0 topews Il [ e,
Q) PRell1
0 sew.1
§0 swa
0 w1

(a) T T I8z
(a) Comprehensive plots for each function

(b) e Hejd 8=
(b) Separate plots for each function

— &
-

() Hiol&™ T
(c) Violin plots

J8 3. OI0IMET} &h&sh= St EtUARIO| mME
HIAEE Elis AZHS LIEMH J3HZ

Fig. 3. A plot showing the time it takes to end the
episode according to timestamps while the
agent is learning

Jon

(Empirical expectation)2 2jujgic}, zzlt% EFIAH £

o Advantage 39 3% (Estimator)S 2|93ttt

e= Slo|d melulHz 0.1 EE 0.29] e 2=t &
EY] r(f= thZT o] Aolgtt
my(als,)

Tt(e) = 7%0”(%'515) @

olo]dE+= Intel i7-9700 CPUS} Nvidia GeForce

RTX 2060 GPU, 32G HEZzE &g S5 18.04

HAlolA  eRESHRI ool dE+=  Python 3.9,

PyTorch 1.9, Stable-baselines 3, OpenAl Gym

0.18, Highway-env 1.2& °]&3}o] WH&Eict

v. 45 8%

7y 243} 7t nAROA AT 45T 1

-120 -



The Journal of The Institute of Internet, Broadcasting and Communication (IIBC)
Vol. 21, No. 6, pp.117-122, Dec. 31, 2021. pISSN 2289-0238, elSSN 2289-0246

B 2. HAE StA0M 2z} g5} i T By S5 Sl
Table 2. Mean reward and crashed count for each
activation function during the testing

Activation Function Reward Crashed Count
ReLU 7.915 437
LeakyReLU 8.126 303
PRelLU 8.255 297
GELU 7.994 330
SiLU 7.746 388
Mish 8.503 303
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