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Comparison of Reinforcement Learning Activation Functions
to Maximize Rewards in Autonomous Highway Driving
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Abstract Autonomous driving technology has recently made great progress with the introduction of deep
reinforcement learning. In order to effectively use deep reinforcement learning, it is important to select
the appropriate activation function. In the meantime, many activation functions have been presented,
but they show different performance depending on the environment to be applied. This paper compares
and evaluates the performance of 12 activation functions to see which activation functions are effective
when using reinforcement learning to learn autonomous driving on highways. To this end, a
performance evaluation method was presented and the average reward value of each activation function
was compared. As a result, when using GELU, the highest average reward could be obtained, and SiLU
showed the lowest performance. The average reward difference between the two activation functions
was 20%.
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5. Parametric Rectified Linear Unit (PReLU)
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9. Sigmoid-Weighted Linear Units (SiLU)

o] g40] BABH= A Two|= Fe] Yk B
Zro g At ey} Zro] AojgicH?,
- T
fe)=17 = ©

10. Mish
o] = AAE AHISIGHe HHER FeEN UE
3} softplus <% tanh 3¢ PO = ARSI A3t
2 Foto] BA5E ALtet TS} o] Gz
flz)=zTanh(In(1+e")) (10)

11. Hardswish
o] Tz HIAY WA swish2H A4to] o H=
T HEY JT FE £ A vlEE B Aol A
on] T3} o] Aoy,
0, ife<s —3
flz)= {x, ifx> 3 amn
(x+3)/6, otherwise
12. Hard Hiperbolic Function (HardTanH)
o] = Tanh 59 HPOE Aito] Hr} wEE
g7dol low thEt Zo] AJogttt

—1,ifz< —1
flz)=<1, ifz> 1 12)
T, otherwise

TEE RN AEFHL S5 o AT AMEE
= 843} 3 A5 W7 Aol AT A3 e dlolA
EE ARelolth. o] doJdEE= AFWeE CNN
(Convolutional Neural Network)& AR8slH sh& &
18&0&F PPO (Proximal Policy Optimization)&
AHEBATH . ool e E}?J/*Eﬂ o 7Y Al 52
J,]-ZPOP i Ol_TI__ 7(41_H _u_]—{-q—u]]—ﬂ ]H]-__E o]— ﬁ%?ﬂ
Bz, o2t old AH 2 Hd';q 243 PPO=
on-policy g FC|EE 2L FFo] o]x A
A HolRle Ag 9] f8f =4 T (Objective
function)°]l €813 (Clipping)S 2-83tH 54 =

cheat 2o] Holsiect

L) :Et min(rt(Q)zzlt,clip(rt(Q), (13)
1—e14€)A4,
B B2 258 Mgt $9ske aaiEol

A EIAE o 73 22 w0 gt AEH gk
(Empirical expectation)2 2jujgic}. A = EIIAH £
o Advantage $~9] 3% (Estimator)S U3t}

_65_



Comparison of Reinforcement Learning Activation Functions to
Maximize Rewards in Autonomous Highway Driving

[ * S 3 5 [} ] [3 3 [

jAsmof mE

J8 1. O0IMET} &&she 8¢t Er
BAS LIEfH J2jz

Fig. 1. A plot showing rewards according to
timestamps while the agent was learning
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Fig. 2. A violin plot showing rewards according to
timestamps while the agent was learning
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Table 1. The best activation functions based on
average rewards and maximum rewards
while learning

Ranking Average Max Final
Reward Reward Reward

1 ReLU ReLU ReLU
2 Mish HardTanh HardTanh
3 Hardswish Hardswish Hardswish
4 GELU ELU ELU
5 HardTanh Mish Mish
6 Softplus Softplus GELU
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Fig. 3. A plot showing the episode length according to
timestamps while the agent was learning
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Fig. 4. A violin plot showing the episode length according
to timestamps while the agent was learning
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Table 2. The best activation functions based on
average rewards and maximum rewards
while testing
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