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Comparison of Deep Leaming Activation Functions for Performance
Improvement of a 2D Shooting Game Leaming Agent
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Abstract Recently, there has been active researches about building an artificial intelligence agent that can learn how
to play a game by using re-enforcement learning. The performance of the learning can be diverse according to what
kinds of deep learning activation functions they used when they train the agent. This paper compares the activation
functions when we train our agent for learning how to play a 2D shooting game by using re-enforcement learning. We
defined performance metrics to analyze the results and plotted them along a training time. As a result, we found ELU
(Exponential Linear Unit) with a parameter 1.0 achieved best rewards than other activation functions. There was 23.6%
gap between the best activation function and the worst activation function.
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Table 1. Activation functions

Name Equation
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2
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Fig. 1. lllustration of deep learning model used
shooting game
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Fig. 2. Activation functions used in the experiment
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ELU 05 321.0 5795
ELU 1.0 3938 673.0
ELU 15 351.7 6335
Leaky Relu 0.01 300.8 559.5
Leaky Relu 0.1 325.1 5745
Leaky Relu 0.3 304.1 536.5
PRelu 3315 561.0
Relu 359.6 692.5
SELU 350.1 603.0
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Table 3. Mean and max V(s,) for each activation

function
Activation Function Mean Max
ELU 05 2.709 5550
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ELU 15 2919 6.384
Leaky Relu 0.01 2618 5.607
Leaky Relu 0.1 2.672 5716
Leaky Relu 0.3 2.837 4.302
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Table 4. Mean and max L(s,) for each activation

function
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