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ABSTRACT

Recently, research on automating game tests using artificial intelligence agents instead
of humans is attracting attention. This paper aims to collect play data from human and
artificial intelligence and analyze their similarity as a preliminary study for game
balancing automation. At this time, constraints were added at the learning stage in order
to create artificial intelligence that can play similar to humans. Play datas obtained 14
people and 60 artificial intelligence by playing Flippy bird games 10 times each. The
collected datas compared and analyzed for movement trajectory, action position, and dead
position using the cosine similarity method. As a result of the analysis, an artificial
intelligence agent with a similarity of 0.9 or more with humans was found.
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[Fig. 1] Developed Flippy Bird
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[Fig. 3] Visual observation Rendering image
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[Table 1] Play Database

Column Explain
D Player ID, Al is one model,
Human is one person.
Number of game currently
Game .
playing.
Frame Number of frames per game.
Check if the game is cleared
Clear .
in that frame.
Check if the game is over in
Over
that frame.
Jump Check if jump to the frame.
X Position X-axis value of bird.
Y Position Y-axis value of bird.
Time stamp | Recorded time.
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[Table 2] Al Playdatas

ID Game Frame Clear Over Jump X Position | Y Position | Time stamp
2 1 1 False False False -21.85 -2.452 PM 4:10:31
2 1 2 False False False -21.75 -2.465 PM 4:10:31
2 1 3 False False False -21.65 -2.488 PM 4:10:31
2 1 4 False False False -21.55 -2.522 PM 4:10:31
2 1 5 False False False -21.5 -2.543 PM 4:10:32
120 10 1349 False False False 92.300 -0.449 PM 10:23:41
120 10 1350 False False False 92.350 -0.465 PM 10:23:41
120 10 1351 False False False 92.451 -0.504 PM 10:23:41
120 10 1352 False False False 92.548 -0.554 PM 10:23:41
120 10 1353 True False False 92.558 -0.557 PM 10:23:41
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[Table 3] Create human group

Group ID Humanl Human2 Cosine
ID ID similarity

1 2 6 0.914

2 4 8 0.881

2 8 13 0.874

2 4 13 0.871

3 5 11 0.870
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[Table 4] Human group and Al player total data

analysis,

Group ID Al ID Cosine similarity
1 110 0.922249
1 118 0.912534
1 24 0.903571
1 36 0.898453
1 116 0.897372
2 112 0.325195
2 114 0.318173
3 2 0.131898
2 2 0.118941
1 2 -0.01384

]

8
g 9
A

qd
E

7} 1,100,000Step
Wik AYAE A
Jol7h #Absteta
Aol E4 <

> 0
SO
o

T —
[e]

Ak olF AYAE WA ow AZEg) ZyQ
9

A2}

PR AR A AdEAClE S
A% AL A APIFS T P
FATE A, oF A FAED A
QEACIE W RSl Azt fA A
JEeoF shs ATAT AolHES ok W

Aol A FAFERD FhulEt Aok

o

W~

2

= A ] I
g, ol g AQl, obF A% skX] = NULL
1 3

5 A4 e
|

= =agd 94, 94 e 9%, #4
A e SR 23 FAEE HEY

Journal of Korea Game Society JKGS | 71



— o= AYeNA Eelolo]

N

Moo T

ro, 1 ol ot
=2 2
)

)
> oofr

o
X

Tt Feleu s )
A3} the g=el A

Hgd F A FHH9 At

Al

REFERENCES

[1] Hyung-ryul Son, “A game balance story that
makes a fun game”, pp31-45, 2014
[2] Luis Levy and Jeannie Novak, “Game develo
pment essentials: Game QA & testing. Cenga
ge Learning”, pp58-59, 2009.
A. Drachen and A. Canossa. "Towards game
play analysis via gameplay metrics”, Procee
dings of the 13th international MindTrek con
ference: Everyday life in the ubiquitous era,
pp202 - 209, 2009.
A.DRACHEN et al. "Game analytics: Maximi
zing the value of player data”,
ndon, pp205 - 253, 2013.
Huizinga et al., “Automated defect preventio

(3]

[4]
Springer, Lo

[5]
n: best practices in software management”.
Wiley-IEEE Computer Society Press, pp74, 2
007.

Unreal Automation System Overview, https://
docs.unrealengine.com/ko/Programming/Autom
ation/index.html.

[7] Suk-ki Lee and Ho-Young Kwak., “Game T

(6]

grzd M87Y weas 3

est Automation with Reinforce Learning”, Pro
ceedings of the Korean Society of Computer
Information Conference, Vol 26, No.l, pp25-2
8, 2018.
[8] Oriol Vinyals et al., “Grandmaster level in St
arCraft II using multi-agent reinforcement le
arning”. Nature. Vol 575. pp350-572, 2019.
[9] Julian Togelius and G. N. Yannakakis., “Gen
eral general game AI”, IEEE Conference on
Computational Intelligence and Games (CIG),
pp20-23, 2016.
Ahmed Khalifa et al., “Modifying MCTS for
Human-like General Video Game Playing”. IJ
CAI International Joint Conference on Artifici
al Intelligence. pp2514-2520, 2016
Y. Burda et al.,, “Exploration by Random Net
work Distillation,”, in Int. Conf. Learning Rep
resentations, New Orleans, LA, USA, ppl-17,
2019.
BERNER, Christopher, et al. “Dota 2 with lar
ge scale deep reinforcement learning”. arXiv
preprint Vol 1912 No.06680, ppl-66, 2019.
P. Hingston, "A new design for a turing test
for bots”, Computational Intelligence and Ga
mes (CIG) 2010 IEEE Symposium on, pp345-
350, 2010.
N. Shaker, J. Togelius, G. N. Yannakakis, L.
Poovanna, V. S. Ethiraj, S. J. Johansson, et a
1., "The turing test track of the 2012 mario a
1 championship: entries and evaluation”, Com
putational Intelligence in Games (CIG) 2013 I
EEE Conference on, ppl-8, 2013.
[15] Alan Turing, “Turing 1950”7, pp433, 1950.
[16] Jiyoung Woo and Huy Kang Kim, “Trends o

[10]

[11]

[12]

[13]

[14]

f research on fraud detection in online game
s”, Korea Institute Of Information Security A
nd Cryptology, Vol 27, No. 4, ppl4-21, 2017.
Eun-Jo Lee et al, “A Study on Game Bot De
tection Using Self-Similarity in MMORPGs”,
Journal of the Korea Institute of Information
Security & Cryptology, Vol 26, No.1, pp93-10
7, 2016.

Chang-wook Jeon and Taekyun Choi and Jo
onghyun Cho, “Natural language processing s
tarting with TensorFlow and machine learnin
g”, ppl22-123, 2019.

David Silver et al., “Mastering the game of
go without human knowledge”, Vol 550, No.

[17]

(18]

[19]

72| Journal of Korea Game Society 2020 Dec; 20(6): 63-74



— Differences of Aesthetic Experience Response Code by Player’s Experience Level in Adventure Game —

7676, Nature, pp354-359, 2017

[20] Unity ML-Agents Toolkit, https://github.co
m/Unity-Technologies/ml-agents, Unity-Tech
nologies.

[21] Krizhevsky, Alex, Ilya Sutskever, and Geoffr
ey E. Hinton. "Imagenet classification with d
eep convolutional neural networks.” Advances
in neural information processing systems. pp
1097-1105, 2012.

[22] Unity ML-Agents, https://github.com/Unity—
Technologies/ml-agents/blob/master/docs/Lea
rning -Environment-Design—-Agents.md, Unity
—Technologies.

&1 21 7 (Heo, Min Gu)

oF 9 : 2013 A WSta AYEst A
2015-2018'd DevAre 719 3
2019-A4 A st At HApaty

o)

Ak ATIA, WeolE, AFAS

LT | Bt & & (Park, Chang Hoon)

iy

51

oF ¢ : 1995 W dieka AAA s} sha}
R

1997 whdishan A sk} A}
2003 SLejcietil 77 e eka) vl
2006-3 A A TsHL A9 of ) ol o] 4§38

Journal of Korea Game Society JKGS |73



— o=wA AN Felolo] AR4E WAAY WgIE A

74| Journal of Korea Game Society 2020 Dec; 20(6): 63-74



