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ABSTRACT

Reinforcement learning, in which artificial intelligence develops itself to find the best
solution to problems, is a technology that is highly valuable in many fields. In particular,
the game field has the advantage of providing a virtual environment for problem-solving
to reinforcement learning artificial intelligence, and reinforcement learning agents solve
problems about their environment by identifying information about their situation and
environment using observations. In this experiment, the instant dungeon environment of
the RPG game was simplified and produced and various observation variables related to
the field of view were set to the agent. As a result of the experiment, it was possible to
figure out how much each set variable affects the learning speed, and these results can
be referred to in the study of game RPG reinforcement learning.
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[Table 2] Type of Observation Variable

Name Type

Current step/
Current step )
Maximum number of steps

Current location Current X, z coordinate

L . Two-dimensional
Direction of sight ) )
direction vector

Stop, Move, Attack, Death
Type, Distance,

Agent status

Ray information
Health power

Open, Closed
Alive, Death
Open, Closed
Alive, Death

True, False

Mid boss wall
Mid boss status
Final boss wall
Final boss status

Target in range
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[Table 3] Control Group for Range of View

Ray Ray )
ID | Range Distance
Number | Angle
(a) 120 32 3.75 15
(b) 60 16 3.75 15
(c) 270 72 3.75 15
(d) 360 96 3.75 15

[Fig. 6] Visualization of Control Group for Range
of View (Top Left (a), Top Right (b), Bottom Left
(c), Bottom Right (d))

F oA A¥e nAR AwolA Raydl #8

Asiel Aok Aol 2k el A3 AR

=3

1ERL (a)oly RS Rayd M-S 712
o] A H&ﬂ 1670, 2u1S1 647K, 3ujel 967h= A4 3s}
R B2E o]FLE (e), (), (g)= W] g %1
Ptk [Table 41 i AHFS A2lg Folv
[Fig. 7]1&= a9 2dE9 A okE A|zts}st o]n] x|

olth, =M= (a), (o), (), (g) £o® FHT

Journal of Korea Game Society JKGS | 21



[Table 4] Control Group for Ray
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[Table 5] Control Group for Distance of View

Ray Ray i Ray Ray .
ID | Range Distance ID | Range Distance
Number Angle Number Angle
(a) 120 32 3.75 15 (a) 120 32 3.75 15
(e) 120 16 75 15 (h) 120 32 3.75 5
() 120 64 1.875 15 (i) 120 32 3.75 75
(g) 120 96 1.25 15 () 120 32 375 225

[Fig. 7] Visualization of Control group for Number
of Ray (Top Left (a), Top Right (e), Bottom Left
(f), Bottom Right (g))
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Distance of View (Top Left (a), Top Right (h),
Bottom Left (i), Bottom Right (j))
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[Table 6] Design of Reward Functions

Description Reward

Every step -0.005
Attack enemy 05
Kill normal monster 5
Kill mid boss 10
Kill final boss 15

npAEto 2 Sk & S 9ls [Fig. 919
= iz

ol FAE dle]HE
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[Fig. 11] Reward Value Graph for Range of View

[Fig. 12] Episode Length Graph for Range of View
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[Fig. 14] Episode Length Graph for Number of Ray
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[Fig. 15] Reward Value Graph for Distance of View

[Fig. 16] Episode Length Graph for Distance of
View
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[Table 7] Experimental Results for Visibility
Information Difference

- Episode Converged | Converged
Length Reward Step
(a) 634 123 737k
(b) 645 128 802k
(c) 433 128 622k
(d) 453 127 802k
(e) 458 125 655k
(f) 585 125 1.0m
(g) 664 127 1.0m
(h) 709 132 1.1m
(1) 501 131 802k
(j) 492 128 622k
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