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Performance Analysis of Reinforcement Learning
Algorithms and Models Based on the 3D-Pinball Game
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Abstract

Game research applying reinforcement learning has demonstrated that Al can outperform humans. In
this study, we extend this approach to '3D-Pinball’, a game similar to 'Video Pinball’ but with greater
complexity. Three reinforcement learning algorithms - DQN, Double DQN, and Dueling Double DON - are
applied to both CNN-based models using visual data and MLP-based models extracting appropriate
features from high-dimensional data. These are then evaluated in '3D-Pinball’. Restrictions on gameplay
time and lives were implemented for efficient experimentation. Results showed that the Dueling Double
DQN algorithm applied to the MLP-based model yielded the highest performance increase and game
scores, underscoring the superior performance of simpler models in restricted environments. Consequently,
it appears that model development considering constraints is required for superior performance in learning
and game environments.
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Fig. 1. Screens of Video Pinball and 3D-Pinball
B =Fd A= 3D-Pinball Alde] DQNI2],

Double DQNI[6]3 Dueling DDQNI[8]¢] 37}#] 7%
shots 243 MLP 79 2di)
Bde] g5 ¥ /\P&Elb RIS

Jt Ao



20234 63 Sr=AZEAZEIIES ==X M19# M2z

A= 3D-Pinball Al Fx9F 54L& Alst max](m,) =E,___ [R(7)] 3)

2, 23t AY B3 PAsE wHE A et avylin) “

Ste}, 4ol A S E oo]HES] A5E Bt

a1, A3 A BT npH et 2 5464 W, 71A] 71RE daElEe o559 7Y gkl

T ZAES d9erh el A ro] o5 V(s)H 54 el A <]
P o5 Q7(s,a)S FATL 7 o] 5L 4
(5), o2 THAT

SI1EHA
2. UslEks o= Vs =E, _.. "LXTJO%] )
A3tk oo|HETL S e AgatH T

wgg Aussis AE A% Swshs Ao AN DL G

ool AL vEaz ZA3HMarkov

Decision Process, MDP)EE RdgHny. MDP 2.1 DQN(Deep Q—Network)[2]

= A9 A3 S, dse] HA A, 4] Hol DON ¢ud%<2 7|¥& Q-Learning[3] ¢

& P(5t+1|5t’af) 2} Risyaps0401) FollA AFEEE Q-Tables  Q1FAAY

=2 Agojdrt. Zststs wAE dAsty] 9l 5} (Artificial Neural Network, ANN)[4] .2 A3k

vl dui=giE ST AA(ndA o FHoltt. Q-Learning €iel&e 7 g

o5& A ol 7 AH ML B rtH Q" (s,a) 2 A7) Y8 nE Ael-a% Aol

goz Aelgh W e9Re ¥ dHw A%es Q- Tabled

g s e 2 dge] Aelo] S

T
R(7T) =ry+yr +¥ry+ oty =D 4 (A
(0 =rytm oyt et o =20t () o Wl Q-Tables] Z7]= 7atEsdon =7}

vE F7F&(Discount Factor)S  2|v] 3}, @t o] gAHE sAsk] S8 DQN= A(7)%
MDP® m&H 1—§].6L!:oﬂ/q Eq AA(ne B0 ATAEETE F Q Tables MIAE
Bes do|dEs; B s mA(g)e = DARRL ZEge AdET A7)9A
2(2)sh 2. r(spa,) = FH sl g dE g0 w2 RIFF

< 9mgtt
J(r)= [R E . E"Yrt @) 2
[Q"—(s,,a,;@) — (r(st, at) + ’ymilx Q”(st+],a 0 )}

91°] MDPE 7|WFog oW A& Zxat= (7
vl whe}, A A4 719k (Policy Based) &aLe] DQN &agZ&oAE 35 dole o Aaa
=3 7Fx 7]9H(Value Based) ¢ig]502 8 (correlation)&  =°|7] 93l  Experience
Ak A 7 dagEe % A 5 A Replay(ER) W4]S AME-SHt ERE oo A EV}
A F(n)E Sgete slolw, 7kA] 78k darg WA gses Vs A% o, S0
=< o5 Y]l E[R(D)]=s FAs= A Z5H dolAE ZE AHL (spanrssie)

Itk A& 7Rk darg]Ee 2(3), (@eoF 2ol H ez o] A, AGsA kel ool
o A (s FAE 05 2e ot B2 Meste] 4e Ayt

_51_



3D—Pinball A& 7|8t Zs}st

>
e
kJ
o
ilp

o
to
e
0x
olr
HI
1z

2.2 Double DQNI6]

Faleky clolHEE 27 A HF9

o5 Q(s,a)Z FAdoF ek ol thak A4
b

W W) AR, A% R A

o2 o
_<>|L
ww g

Q-Learning[5] &arg]s5o] AetE o™, DQN
dag]Fol o] WA A3 Zo] Double DOQN
ojt}.

o|Egttt. 27H¢] 29 st

ol EsA i, A% 9

) HE ¢yl Est: BA[7]% AotE Tt A

)t o] stepo] el ujwich wE Mel 7}
](Tsoft)a AL&-3le] ¢l g0 EgTh

gb’ A Ts()ft0A+(1_

2.3 Dueling Network[8]

DQN9| 7Fx &4 Q7(s,a)= EA “delol
3 Fs 7HAE AH mde) whHe g4
Q7(s.0) 7H B4} o5 BFR PR
sl W0l Duehng Networkol| A} A ¢tEl
Aol o5 g4t A©)F o] 4w,

A™(s,a) = Q"(s,a) — V(s) 9)

w2bA | Dueling Network] 714 @4+ 249
sy gol 7k g g E a9 o5 g
T ey gE o]&3ted 2(10) 2ol HoE

% ek,

Q" (s a30,0,3) = V'(s:0,8) + A™(s,a:0,a) (10)
21(10)3% o] Aoate= 44, HE =59 3
Q7(s,a;0, 0, 8) ¢ kol V7(s;0,3) T2 v
3 A7(s,a;0, ) o H]Fo] drp g
A FAs7] 57 Wi A, Q (s, a;6,, 5) &
e AU Zeo] A8t e WPtk

V(s:0,8) +

i}
al

iy

A™(s,a;0,a) — maXA (s, a';&,a)]

AN
(11)
43408 Vi(si0,) Fe Ao 7
ol A5, A™(s, a;0, o) T BT o5
o AFAG A et o5 G4 el o
Wb wEE S A el s ue
=ol7] s A(12)% & o] HFAHOE
ArE 2 e Dueling Network®] A5 7F 23

& A0Sl Wue Agatel A,

V(s;0,8) + |A™(s,a;0, ) IAIEA 5,030, a)
(12)

3. 48 4

B ATelA ARER HA Al
Zrt}. 3D-Pinball®] 3 o]w &= MLP 7]uF &
2o A, oA =R G ARE FE35}]
Ao AMgE 3, ONN 7]k 2l
712, Frame Skipping #4& A% $
o AR T WAl oste] gEIt 7HA|

_52_



20234 63 Sr=AZEAZEIIES ==X M19# M2z

Raw Data i if 1 ball is lost
(State) if MLP

Feature MLP-Based | | _J Model
Extraction Model Update

Action Next | |Record Datato | |

State ER Memory

L./ Preprocessing [+ _[rame | CNN-Based
if CNN Skipping Model

Otherwise
a8 2 ZEtstse MA nhy
Fig. 2. The Entire Process of Reinforcement Learmning

of este] v AEHE

% AE o o|FolAu, x, yHiE Fe| A# S
A% F olde] @, A, w2 ohg A

Hol O HE2 ASHC, Aol 9

|
ol

o, SE ﬂ’«\

A
o] dlo]HE ER wREeol| #4gitt g5 £ B AEe % 19 2o
2 st BAHQ 2d gE|ES $)5} E 1. MLP 78t 2eo| Alef Heof
AL Fo] 2AEH RS U o|ESEE 3} Table 1. MLP-based Model State Definition
aiiai%;%ﬁxl 0;3; :éf’: i% :T-%: 4 P a9
A A=A AREEH A5 IS wEEsg ball_x current ball_x
ball_y current ball_y
3.2 H= FNO| diff_ball_x previous ball_x - ball x
3D-Pinball AP E F8A, 43 2 3 dff-ball.y - previous ball y - ball y
g He = . e sl o ol left_flipper_x current left_flipper_x
¥, 9B & e 718 242 5 gl left_flipper_y current left_flipper_y
3D-Pinball AlQdollA AR 4= Q= BE 7] right_flipper_x current right_flipper_x
e BES Aole 42 e (Exploration) o2 right_flipper_y current right_flipper_y
A% "E W BAAY FA49] QYo 8 x
W S Alzke] WS AojA: BAZE EAd 3.4 M| 2l ONN 7|t 2
S-S &4 HUgs dEst= DOQN gags CNN 7149k mel e Al sl o]n| x| & JE|
°of s B dH Foa & 7 =S HEH deo  AMgdTh  AYde 9E ojux|:
o2 549 dus Added sk Aotk mEt 360x410 2712 74X RGB o]l o] ut, s}e}
A, B =rodAe Ed49 HES A9e v g $E F0o]7] $I3l¢] Gray Scale 180x180.2

A 2he] Bes e ABS Aolstel AEF 2 Hastel g,

o QAH oWel N Fe £HYL Wk
LS 479 Zelel g Fo} ahel e A}

3.3 €k Ol - MLP 7|8 29 9 9, o 2492 B Ao & U=
MLP 7l9e] male Bo AE % AE W3 = Asd 2ede $7 gn 94 Zede 2

F3 ZElH 9] HEE o] Fo VA AHE U= Frame SkippingS AF&3t)  Frame
Ho g Agsit} 7 ZEve WelE 76719 F Skipping ¥48<& 19 3% 7t}

_53_



3D-Pinball 12} 7|8 Zstsly YRI5 U BY M5 B4
Framet Framet+1 Framet+2 Framet+3 F t+4 Frame t+5 Input Dense Dense Dense Dense Dense
A 3 8 256 512 512 512 512
State t = 1=
Advantage
— - Vi,
e . ... ) “ i 77’ 777’
2| & e
3. Za Y H57|(Frame Skip=4) 7 e
g. 3. Frame Sk|pp|ng(Frame Skip=4) " Value

3.5 ¢ g9
& ATelAE A1)

A)
2]

(Dell wrg s = 4

E 2 HA Mo
Table 2. Reward Definition

B

3.6 =24 4

MLP 7|5k 2el3} CNN 7|5F &
Double DQN, Dueling DDQN
A%< Agst 2 T4k DN o
& %83 MLP CNN 71
Dueling Network =g 29| 7}x

=i
= =2 =
& AgEA g o5 #9 1

—|—‘

=

Dueling DDON <18+

3t Dueling Network =2

S|
S|

[e)
270

=0
=

KeN
2=

J% 4. MLP 7|8t 2= 9| Dueling Network
Fig. 4. Dueling Network of the MLP-based Model

Input

4@180x180 Dense

4068
Dense

512

Advantage

>
>

> .

C

il Ci
16@35x35

i Ci
32@14x14

32@12x12

Value

a7 5 CNN 7|gF 22 2| Dueling Network
Fig. 5. Dueling Network of the CNN-based Model

# 3. MLP ¥ CNN 7|gt 2ele| mzjole] HE
Table 3. Parameter Information of MLP and CNN

Based Model
= T} E
ol |8 = ) 2=
Rd | g | sebld 5 00
MLP DQN 399,109 152
o DDON 798,218 3.04
~ | DDDQN 1,849,868 7.06
CNN DQN 2,410,837 9.2
S DDQN 4821,674 184
~ | DDDQN 9,542,316 36.4

Dueling NetworkE AF&-3 MLP 7|vWte] =gl
& 1Y 43} Zow CNN 7|§ke] mdle 33 5
s} 2oy AY RE 2de velvy AR
# 37 %t} DDQN- Double DQNS 9]n| &}
DDDQN< Dueling DDQNS- |7 gk},

_54_



20234 62 SHERATEQ LT IIES

==X HM19# M2z

4. NE 2 A

MO

.|
=~

BE A ol W oA zolnelz
Aasich, AGoA ALgE B4 P

E A8

T RelU, #A3F W21 Adam[9] Optimizer
& A8y, &4 4= Smooth L1[10] Loss
£ AF8-3lth Smooth L1 Loss®] Aol 2(13)

EELP—E 01]%%}7 *E‘Zﬂ%}Q] kol 7t 2Hs e
Z uj+= L1 LossZ
"}ﬁﬁmr oA %‘Oﬂ% 105 8 #o= ARg-gth

0.5 (xn _yn)Q/ﬁ lf |£l7,” _yn| < /8
lz, —y,/—05 %8 otherwise

Zas 140} 1), Jw} ?«1 ARRS A(14)9} 2+
o o 029 S AT
E=aT+(1—a)V§s
(14)

¥ 4. stolmmj2fole HE
Table 4. Hyperparameter Information

i MLP 715k CNN 7|4t
learning rate 0.0001
gamma 0.9%
tau 0.0005
exp. start 0.9
exp. end 0.01
exp. decay 5000
update freq. 4
batch size 128 64
ER size 100,000 50,000
frame_skip - 4
frame_stack - 4

5 AE PC A2k
Table 5. Experimental PC Specifications

S A

CPU AMD Ryzen 7 3800XT
GPU NVIDIA RTX 2080 SUPER
RAM 32GB

0S Windows 11

41 44 =

3D-Pinball& 7

_Bi
o
N
w
=
o
o
o
)
)
K

rJ
i
ol
ol
N
ol
o=
o
o i
=
>
feicc) =
— o W

=2
=)

[ OIF
=
A,OL
il
= sy
lo o,
l“>“ ox, —

N
—r
me Norlr By ol

rr
w
=
lo
ol
tlo
-
n
>
op
ol
2L

o
-
>~
-
oo

of
-
otk
oz

o
o
)
o
-
S
¢ 2
ne
£
o oge

oo R

o
2

to r 4N g &

L, O
ol
ol
N
=2

o)

m&j\%%

_%—n—‘
D)

Y

>~

> 5 W

. o =
LN L

e
me o g
, oA
[0
oft
2 Mo o fo
i
>

RN

=)
o 9
>

2,

e

iy

of

—_

)

do

3

X

"o

X
S
BN
£
ko
B
r (o]

[d
AL

tlo M
2
>
.t
X
o
=

e =
>~
>
ol
ol
o H
oft
o
e
>~
>,
Mo e
>,
2l

>
o
o

71Eo 2 gk
E@l-‘ﬂ 79 4x180x180 =Z71E 7}
gow Abggth ER v RE]o]
iﬂ_ H *}Ell(state o} ths el (next_state) 7}
Alol] 4745 7] wiiell W Ee] Al eFAlglo] EA
it 3 49} ZFe], CNN 7]¥F ER #&.2]e] =7]
7} 50,0008 749 °F 1206GB &7te] W=7}t
e 279

o
A CNN 7|9 2d Wjm2a @] ok 0012%

offt rlrﬁ o,
S =
_%_El
TN O o
_‘Efmlﬂ
m1m R )

o,



3D-Pinball A 7|8t 2B YE|E U 2Y A5 24
4.2 MLP 7|8t 25 Ao Aot o] & daelFel Hlg AFH EAE SF
a9 62 MLP 71uF mdle] ojyasd wad w7t =Evke As 4 4 vk DDQN ¢t

o] o] FHHANE e 18 72 dyi=d 25 44 A A AA glol B B

WG] ol EHFALS, 17 8 RE ®del M4Vl vxEA Fvkete geHE maldh

il Fi E4S e DDDON ¢ag]&2 7H whe e Wsph &

5o}, 750 olFzE o]F o] WaA
= R % Aol BT
. 4.3 CNN 7/8t 28 A8 23
c a7 9% ONN 7] 2ae] ojsjasd ny
o olEHEHE e 18 102 ol v)a=
TR e e o e = e o] BRFAS Lehitt
% 6. MLP 7|8t 2ol oAy & HA DQN dueFEe 54 Alde wig ahgtol
Fig. 6. Total Rewards per Episode for MLP-based Model MLP 7)9F 2ela} GAbshA B2 A}, sFx] e
== HA7Hd e & MaE Holx £tk DDON &
i TS 1000 AT 2= olF wA R P
4 o A%H A% el AW AW
Tt i MLP 7]t well= vtz DDDQN &31e &2
A% ol T ekole,

0 250 500 750 1000 1250 1500 1750 2000

Episode

J% 7. MLP 7|8t 2Eo| HItM
Fig. 7. Bvaluation Soore per Episode for MLP-based Model

— MLP_DON
MLP_DDQN
—— MLP_DDDQN
— CNN_DON
— CNN_DDON
—— CNN_DDDQN

Average Loss

—

750 1000

Episode

1250 1500 1750 2000

O 8 2E REo ouacd Hi &4

Fig. 8. Average Loss per Episode for All Models

Hvitt wAgo] et

Aot Gl M=

wEH AT 27 el A,
dof it

webd DQN &are] &

Edol &

L

fx

ol

— CNN_DON
— cNN_DDON
— CNN_DDDON

vaé;;ii

1250

Total Reward

-150

~200

[ 250 500 750 1000 1500 1750 2000

Episode

% 9. CNN 7|8t mElo| oflm|AEH & HA
Fig. 9. Total Rewards per Episode for CNNHoased Model

350

— CNN_DON
— CNN_DDON

300 { — CNN_DDDQN

Evaluation Score
g B

g

8

g

750 1000

Episode

1250 1500 1750 2000

% 10. CNN 7|2t ZElo| HI|M=
Fig. 10. Evaluation Soore per Episode for CNN-based Model

_56_



20234 63 Sr=AZEAZEIIES ==X M19# M2z

-

Table 6. Comprehensive Performance Evaluation per Segment

il
" Hl= B 8lg = &
ST BT o6 S N
,w 5
o
7 il
<Mi%$@mmg
ATlﬂnﬂplw049.5
S = —
| —
N
ﬁo
Hlo vl
TS LM R B[ R KL
T RS S BT < w6
- =
i o "
® e 3 RS 8 8
ﬁWAqnﬁ%n_u%M
Nro
e il
= Fls T gl 9@
B S T
\mwo
E 1009 D
g dlg = 8l 53
rWOHBﬂﬁm
Nm NN NN
Z, Z,
TOIEEEEE
ol = A/ Sl
= Ay =)
et Mﬂ Mﬂ

.l

i
i d|

4.4 A1}

al

ok
=

p)J

o =

MLP % CNN 7|9k 24

6

hyA
3t

=

i
-

XA

jpase]

B

=

i
mj

o}
=

T 5% % MLP 7]¥e] DDDQN

o

o)
=

MLP 7]yt =do] DQN, DDQN, DDDQN

B

ojpy

toich w3l uxd do]EelA

7}3]

238 Ay CNN 7]
B} oF 6u) o @ g

7HAAL Sl

=
=

1 EE

o}
=

ot A3 Az MLP 74 DDDQN
ARE-3E o] w2 A e s}

AJm
ol

—~

;01_
g
No
B
—~
file)

jeares

ﬂ
ol

HolF9loem 7}

=
=

ojy

o))
HH

=0

W
R

w

¥

DQN
HOL

CNN 7]

12 ok A aE T,

9]

g Ao Holm DDQN

El

SEAFS.
R

Jo

g

ol Hj ut

Fol s st g o]

[

9]

4ol AlerdE AA

O

N

ojpy
Ho

o

ol

ToH
<

o}
A
A

il

1

p—

= QPN AR

st MLP 7]

wir

BIA

_57_



3D—Pinball A 7| Zafst

>
e
kJ
o
ilp

o
to
e
0x
olr
HI
1z

(1]

[2]

(3]

[4]

(5]

(6]

[7]

tn 2 B

Mo

1

0

V. Mnih, K. Kavukcuoglu, D. Silver, A. A.
Rusu, J. Veness, M. G. Bellemare, et al.,
“Human-level  control  through  deep
reinforcement learning”, Nature, Vol. 518,
No. 7540, pp. 529-533, (2015). DOI:
10.1038/nature14236

V. Mnih, K. Kavukcuoglu, D. Silver, A.
Graves, 1. Antonoglou, D. Wierstra, et al.,
“Playing Atari with Deep Reinforcement
Learning”, arXiv preprint arXiv:1312.5602.
(2013). DOI: 10.48550/arXiv.1312.5602

C. J. C. H Watkins and P. Dayan,
“Technical Note: Q-Learning”, Machine
Learning, Vol. 8 No. 3, pp. 279-292,
(1992). DOL 10.1007/BF00992698

W. McCulloch. and W. Pitts., “A logical
calculus of the ideas immanent in nervous
activity”, The bulletin of mathematical
biophysis, Vol. 5, No. 4, pp. 115-133,
(1943). DOI: 10.1007/BF02478259

H van Hasselt, “Double Q-learning”,
Proceedings of the 24th  Annual
Conference on Neural Information
Processing Systems, pp. 2613-2621, (2010).
https://proceedings.neurips.cc/paper_files/pa
per/2010/file/091d584fced301b442654ddRc23b
3fc9-Paper.pdf

H. van Hasselt, A. Guez, and D. Silver,

“Deep  Reinforcement  Learning  with
Double  Q-learning”, arXiv  preprint
arXiv:1509.06461. (2015). DOL  10.48550/
arXiv.1509.06461

T.P. Lillicrap, J.J. Hunt, A. Pritzel, N.
Heess, T. Erez, Y. Tassa, et al,
“Continuous Control with Deep
Reinforcement Learning”, arXiv preprint
arXiv:1509.02971. (2015). DOL  10.48550/
arXiv.1509.02971

7. Wang, T. Schaul, M. Hessel, H. van
Hasselt, M. Lanctot, and N. Freitas,
“Dueling Network Architectures for Deep

arXiv preprint
DOL 10.48550/

Reinforcement Learning”,
arXiv:1511.06581.  (2015).
arXiv.1511.06581

[9] DP. Kingma, L.J. Ba, “Adam: A Method
for Stochastic Optimization”, “International
Conference on Learning Representations
(ICLR)”, (2015). DOIL 10.48550/arXiv.1412.
6980

[10] R. Girshick, “Fast R-CNN”", arXiv preprint
arXiv:1504.08083. (2015). DOL  10.48550/
arXiv.1504.08083

[11] A. Krizhevsky, I Sutskever, and G. E.
Hinton, “Imagenet Classification with Deep
Convolutional Neural Networks”, Advances
in neural information processing systems,
pp. 1097-1105, (2012). https://proceedings.
neurips.cc/paper_files/paper/2012/file/c39986
2d3b9d6b76c8436e924a68c45b-Paper.pdf

[12] DE. Rumelhart, GE. Hinton, and R.J.
Williams, “Learning representations by
back-propagationg errors’, Nature, vol.
323, pp. 533-536, (1986), DOI:
10.1038/323533a0

[131CM. Bishop, “Neural Networks for
Pattern Recognition”, Oxford University
Press, (1995), ISBN: 0198538642

_58_



2023 69 BIRATEQOIUHEIIEE =2X K19 M2
X X 2 7K
2021.2 ety AR EA sy =9
20222-AA  shduigal JREAFSI} AAL
4
<FHRARE> Flety, dFA T, HEd 5

2001.2
2006.4-2007.2

fu

A]

Eal

h=}
AAR, FAE

ojft ol

I
5
A

KAIST #AFstat Bhat

FHAAENATY ZYAT
2012.8-2013.7 Univ. of Washington
2001.3-@A A FEFoidtaw W
<FHAEOR 44, £4

il
=
=

_59_



