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Abstract: Automatic level generation for video games has been studied for many years in order to improve
game enjoyment and reduce production costs. Although GAN-based methods have been successful in deep
learning level generation for tile-based video games, the preparation of training data is a issue. In this study,
we propose a method for learning GANs from a small number of samples to obtain a model that can generate
a variety of levels. We propose a method that improves on the method used in previous studies of level
generation using GANs, and a method that adds a regularization term to the loss function during GAN
training to improve diversity. We evaluated the diversity of the levels generated by the proposed method
in 3 tile-based 2D game environments using a quantitative evaluation metric. The results showed that the
proposed method was able to generate more diverse levels than the existing method, although the rate of
levels satisfying the constraints was lower than that of the existing model.
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2. SETHIR

B BEMORERIZE S %oT, F—20a v 7y
ERC LT =%ty MIEDCET VT FEH T L8580
FEOFMAIEINL TW5hH. 20X a8 FT i &
WOy —sary 7y THEELEETVICE S —
L3 Y7 2 OHERIL Procedural Content Generation via
Machine Learning (PCGML) [4] & M-, BFZEAtThin
T, FRCEBFERICLDERETVIE, Yo TVT—%
PO ETNVEFETLENINE L, PCG IZBWTIE GAN
TV T = VEROMEI R E HIT TN 5.

GAN ZHHWTAT = VAR ZIT- 72058 & LT, Volz
5 ® MarioGAN [3] 2864 CTdH %. Volz 513 DCGAN [5]
% F\ T Super Mario Bros. D A7 — VHEREZITV, HEk
D PCG THWHNTWREN-ADTEEL GAN 12X
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B8], [9], [10], [11], [12], 7 — & DI AR HA %
HWTW AL fThb T 5 [13].

AR EO T = S EBE T IV 2583 A0
ZEIIELUT O 2 D OHSE [14], [15] 3 5.

Torrado 5 [14] I%, Generator & Discriminator ({2 & Ak
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e R L DD, ERAT — YO (Solution) (2
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’E SN T 5. Diversity Sampling 1, CESAGAN [14]
THZF S N7z Bootstrapping %%, #8472 Solution D A7 —
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T& 5 Generator ¥ ST L2 HME TS, REFE
DEKGEER 1 1IRT.

REFH T, 87— ¥ 295k 5 Filtered Bootstrap-
ping, &Y 7% {587 — % % #I$ % Balanced Diversity
Sampling, HE5 T — & W O HEEE % &AL 5 IERIMEZ v
Th v M7 —27 OFEF %479 Mode Seeking Regularization
DIODFEEIREL, INLEMAGHLETETIVOFE
HEATH.
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Fig. 1 An overview of proposed method.
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EIZT % 7-912, Bootstrapping & F-E 2 7 — & kT
(f?b‘?m%é T\ 5. Bootstrapping I&, GAN OFHE D
ﬁ BWT, Generator ER LIZAT—YDHH, A
— Vot Lz T VA TRER AT — TV O— x5
ET—&%VF IZEIL 72555 GAN OF8 %479 FihT
HbhH. T—Fty MEMT 2 A7 —V1E, 2KITOERK
AL DBLND 2 RITOFFEEICH L T Elbow i,
k-means & FWTHH SN L R#E L kO T A5 Bl
WCHRDIEVE AT —VWERENS. 2F 0, ERLE
valid 2 A7 =Y D)5, 2 RITOREED S E W IHEML
TV WEHISNE —HORAT =TV FRL T4ty

WZEIS %.

Z DHEFRD Bootstrapping Tld, HEAT—T DT —%
Y FNOBMIZEYTFT—%ty MEYVPEL, Fh
CEXYWVRAL L) B AT =T h D EKT S Generator
%H‘ﬁbfbi’) EVIHHERH ST T—F 2y D
WO AEL VLT L0, ARAT—TVD9 b5
T8ty MWL) ZHHEOE VAT -V DA E
BT A LG THALEEZOND. RIFETIE, £
® X9 7% FE L LT Filtered Bootstrapping * £ %3 5.
Filtered Bootstrapping P&l 2 — N % Algorithm 1 {278
9. Filtered Bootstrapping Ti¥, 7 — ¥ OBHIEEIZT —
¥y PAOTRCTORAT— TV LER L7 Valid % A7 —
TVEREL, NIV ITHEEESP—EOBEL Lo oDk
% ®IR$ % (Algorithm 1, 5-1347H). F/z, NI ¥ 7
HEEOREEICL D BERSNIZAT VDb, b5 5
Diversity Sampling DB EDT— % v PRIZD WA
T— V% 2EME TEEMIGERL, 7%ty MBI
3% (Algorithm 1, 17-2147H). ZHickbh, =5 D
BRI L DR BEOECA T —U2NEmEh, 7—%
ty FMOFEET— 5 DR ORJEISHLTE L EZ 5
nas.
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Algorithm 1 Filtered Bootstrapping ® 7 )V T1) X A

Require: lg: generated levels from generator G, lg: levels in
dataset, fp: threshold of hamming distance, C: constraints
for valid levels.

1: function FILTERED_BOOTSTRAPPING(lg)

2 filtered_levels + ]

3 for alll € l,; do

4: if [ satisfies constraints ¢ € C all. then
5: is_novel < true

6 for all l; € lg do

7 if dist({,lq) < f, then

8 is_novel < false

9: end if

10: end for

11: if is_novel = true then

12: filtered_levels < filtered_levels U {l}.
13: end if

14: end if

15: end for

16: selected_levels + ]

17: for ¢ = 0...max(2, size( filtered_levels)) do
18: Select [ has fewest features in 14 from filtered_levels.
19: selected_levels + selected_levels U {l}
20: filtered_levels < filtered_levels — {l}
21: end for
22: return filtered_levels

23: end function

THBIE, —BRIC7 TAY ERINL, RICEDZ T RS
DHPE—HIZAT =V ERT 5. 2L D, kD
Bootstrapping & W7o 58 THlETH -7z, Pk IH %
AT—=VEPOBERSINEZEPRINICCLC LY, &
5 LB IO W T ER R AT — VDER T E 5.
Diversity Sampling Ti, 7—4% -ty PHOTXTDH
TAY DR —RIZT T AY 2 BIRNT 5. FEITW <
OPDEFEDOHMTHLH, NS T 25 MERT LT
FETlE, BEEoO—IMOERENLER L 2 WITREEDE 2
514, $-%$ % Balanced Dievrsity Sampling Tld, ¥
BMEOTRNTOERIIOVWTEHL, £fbsEsr L
% H¥§3. Balanced Diversity Sampling D& 7 — F %
Algorithm 2 (2789, Balanced Diversity Sampling T,
FFT—F by NI T 2 HMEOTEREZEIRL,
DEFRXFO 7 T A %#IRT 5 (Algorithm 2, 5-7 1T
H)., &y, 7%ty VNAICHEET LT RTOER
WENZNIZT iff’J IR Ty L LTRSS, 28T —
Y R EEHm O TR TOERICOWTEHRLTE, Diversity
Sampling I & D EBE T2 LY b EAB AT — V%AW T
ELETNVPFECTEDLLEEZEZ LN,

3.4 Mode seeking regularization

GAN OFEBHRTI VA G AT =V R EREE 572
&, GAN OB LRI Generator DR T — ¥ % Z kAL
THODOLREBEALFREZIT) T L2RET L. X
ik [19] TlE, Conditional GAN [20] I3\ TE— FAEEIC
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Algorithm 2 Balanced Diversity Sampling @ 7 )V T)
AN

Require: b: the size of minibatch, l;: levels in dataset, c¢: a

feature value of a level, F}: a set of feature numbers on the
index j in C' which is set of feature values in lg, Cy: a set
of feature values have feature number f. l.: a set of levels
(C l4) have a feature value c,
function BALANCED_DIVERSITY_SAMPLING
minibatch < ||
for i =0,...,b do
Select j € {0, ...,n} randomly.
Select f € Fj randomly.
Select c € Cy randomly.
Select I € I, randomly.
minibatch < minibatch U {l}.
end for

10: return minibatch
11: end function

XL 5 72 O IEHMEIE 2 GAN OFEEBEIEMNT 5 2
ET, LS BROARE RIS L. BRI,
BIEL L O REBE 239 A A R R O HEED T2 % ok
b3 % mode seeking IEHILIE A FHACRIEIZ B M L, EHIME
%4T->C\w5h. mode seeking IEHI{LIE L, (&, HEERIE
do("), LR 21, 22 LT, DTORK (1) TES .

Lmsznwx(df“XZﬂJ%zﬁ>)
G

d.(z1,22)

(1)

F72, GAN OB IV BB Lyew (&, D EDOH
HIBIEL Lori ERE N 1ICE D, DT (2) TEHENA.

Lnew - Lori + )\msLms (2)

AREFFETIE, AT —=VOERICBWTYH, 2D mode
seeking IEAfLIEZ EA L TEBH ATV, XY Bk AT —
VERENTAZERBRY. COLEHMLEICE D, GAND
FEBBIIBWT, FBEY VOAT—VERLDL AT —
POEREFEHIITH LRI NS,

3.5 @FO7ILT) XL

REFHEZ NN GAN OFET VI ) ZL0&f %,
Bla— F& LT Algorithm 3 I1Z/R7.

%d, DT TIZIRETE O Filtered Bootstrapping %
FB, Balanced Diversity Sampling % BDS, mode seeking
regularization # MS & KT Z L2035 5.

4. FEER

41 HRETIRER

AWFFETIE, AT —TVHEREITI L LT, Ceneral
Video Game AT (GVGAI) Framework [17] 3 £ T, Video
Game Level Corpus (VGLC) [21] 75, Zelda (GVGAD),
Boulderdash (GVGAI), Mario (VGLC) % H\w7z. GV-
GAI Framework (&, 77— 2 AI R PCG Wige, BA%%179
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Algorithm 3 REFEOEET VT X4

Require: ngieps: the training steps, neritic: the number of iter-

ations of the critic per generator iteration, m: the minibatch
size, c: the clipping parameter, a: the learning rate
1: for s =0,...,Nsteps — 1 do
2 for t =0,...,n¢ritic — 1 do
3: @ < BALANCED_DIVERSITY_SAMPLING(lq).
4 Sample z ~ p(z) a batch of gaussian distributions.
5 9w Vul& ST, min(0, -1 - fu(2®)
o Sy min(0, 1+ fu(go (1))
w < w + o - RMSProp(w, gw)
w « clip(w, —c, c)
end for

Sample z ~ p(z) a batch of gaussian distributions.

10: go < —Vo | 237 fulge(z?))

1

+>\ms m
Ly l9g (=) — g 7T 2)))
ks |z(L)—z(t+%)‘

11: 0« 0 —a-RMSProp(0,ge)
12: if s%nps = 0 then

13: lps <[]

14: Sample z ~ p(z) a batch of gaussian distributions.
15: Decode gy (2z) to levels L.

16: lps < FILTERED_BOOTSTRAPPING(I)

17: lg < 1qg Ulps.

18: end if

19: end for

ZODTL—LT =7 THY), BHOGRRBEFHEIC L)Lk
SN A RO 7 — ARBESHAES N TS, VGLC
X, WKODPDATY Y =% 2D T —LDAT =TT =5 D
I—/XATH Y, PCCHIZEDZDIMER SN DTH
%. Bootstrapping THEAMR SR & N2 ATHIZE [14] T,
LD = 2BV TEIBTREOAT -V 2 HET L2
EEBENTEVE LTS DDAT =T DAREFEY, T
Ve LTEBI fThbIL TS, 20720, Kifzed 20%E
BRI D WRBEOFEE Y TV bR EITo 72,
Zelda, Boulderdash |3 GVGAIREICHE SN/ 5 AT —
¥, Mario TIEFATIIZE B IZBWTHFEHY > 7TV E LT
HWbhizATF =y omprb, 725 AERL 7210 A
TUrRMHL FERYCTIVELTHELAT -
efEOR A1, B A2 B A3IIRLTWAS. FEHY
PINELTHHENS AT —TVIE, FNENIEEEDE
BA 57 0, % 72 Diversity Sampling (23817 2 J¥#m 12D
W Zelda & Boulderdash TIE& A T — VR ENENER
LEHEZ L, Mario I2OWTIX 10 HOAT—Y D)
L SHMEORHMELF - TBY, ZHThs. 2ofh, %
7= L D)= VR S R EOFEMIZ OV T ERIZE

LTwW5.

4.2 EEBET
4.2.1 EFTILOWHER
Za—F)Vhk vy T —2U%, Sk (3] & FAARIC B AR R
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% 1 Generator DETMER. CIlE7r—2T LD A VOFEE
Table 1 The model structure of generator. C is the number of

types of tiles.

Layer Shape

Input (32,)
Deconvolution (256,4,4)
Batch Normalization | (256,4,4)
ReLU (256,4,4)
Deconvolution (128,8,8)
Batch Normalization | (128,8,8)
ReLU (128,8,8)
Deconvolution (64,16,16)
Batch Normalization | (64,16,16)
ReLU (64,16,16)
Deconvolution (C,32,32)
Softmax (C,32,32)
Output (C,32,32)

% 2 Discriminator D E7NVHEK. Cl3r—2T¢ D% 4 VOFE
K
Table 2 The model structure of discriminator. C is the num-

ber of types of tiles.

Layer Shape

Input (C,32,32)
Convolution | (64,16,16)
Leaky ReLU | (64,16,16)
Convolution (128,8,8)
Leaky ReLU | (128,8,8)
Convolution (256,4,4)
Leaky ReLLU (256,4,4)
Convolution (1,)

Output (1,)

&b =a—9 Vv bT—=2 2N,

GAN OE T IV AT %5 Generator 8 & UF Discrimina-
tor DETNMEEE, R 1, R2IIRT. £, ZOET
VOB 2R 2 18T, AWETIE, M20EBhH, ¥
YINRERARIZE DIy P T =T ZHNTWA,

Discriminator D&M AMBIZR L TiX, Spectral Nor-
malization [22] Z# M LT3, Discriminator D HH D72
WICEAIT A =% & —FOHFIZZ ) v 7§ % Param-
eter Clipping [23] Z R ICH W T W5, T, FEERIYIC
Parameter Clipping & Spectral Normalization % Bff$ %
LT, BT TORAT =V OFEPREL 720
Thb.

4.2.2 XTF—UORBEAHE

BEhEwDAT—V% =2 —F VY NT—27THz
LERIZT L2012, I A NIZOWTEDT—AIZBIT
55 ANOFEER A ¢ & L TF v 2 IVHIIC one-hot 1L L,

*5 ik d B Zelda D AT — VHERIZBWTIE, AT —IAVhE W
OEMAREL L OIREEAAREE LIRS L, W), ALY
4 X% (C,16,16) & L7=ETVEMHHL T 5.
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(256,4,4) )

(128,8.8)

(64,16,16)

(64,16,16)

Generator ©3232) - Discriminator

,32)

2 GAN DAy b7 —7 O
Fig. 2 GAN model used for experiments.

* 3 FHIIBTHILEEE
Table 3 Parameters for training models. These parameters

are common to each game.

BIELB O A X 32
I=NYFHAX 32
FEF(G) 1.0 x 1074
FEE (D) 1.0 x 1074
FERAT v T 5,000
Bootstrapping OHIEA 7 v 7 nys 10
Bootstrapping ICBWT—FICEKT 2 AT — T 128

R4 FHIBILTF—LTLOHE
Table 4 Parameters for training models. These parameters

are set to different values for each game.

FTr—LIBITLIH
(Zelda/Mario/Boulderdash)
92.5/95.0/85.0
0.01/0.05/0.05

FB 28T 5
MS DEH A\ps

P A X (e,haw) D 3RILT ¥ VI IVICERRT LS. Ay hT—
JNDOANEEESBEIORIEIFELRESTHY, ANB&
OOV A X Gbe b, Ty WADTya—F
B CAJE L7258 & B X OMEIC DWW TR RS & 725824 2 f
HOYANTINTA 7T 5.

4.2.3 FEHE

FEEBRTIE, TNENOBEEL L UFEIIOVWTET VD
FEREITH. FEIL, HOHIEE L LT hinge adversarial
loss [24] % v, RMSProp [25] I2& D) v b7 — 2 DER
REHT L. FEHBONRTA-FOREFR I BLU K4
Nz

4.3 EE1:ERIXT—TOZEMEOEEF
4.3.1 BiE

ZDFEEETIE, HERFP (Bootstrapping + Diversity
Sampling), FB (& Diversity Sampling) % FfIf L7z Fk,
FB & BDS # FIJH L7zF#:, FB & BDS & MS #FIH L
72FEICL Y ZNEN GAN OFF 21TV, ZhEngE
L7ZET IS LT, FTRAT 2002 0iRIc &
DERINIIERIT) . EBERIE, FFEITEIZ3NE
TOETVOFEEEITV, 3 O0ETVOMEOTHHE%
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3 XRHEMEDZ T 7. ES Zelda, Mario, Boulderdash OJI. ##l% X & L CTHft#h
S XBHEBE, HOHERTF T (Bootstrapping + Diversity Sampling), A% FB
VB E, &2 FB & BDS 2 W 236, #5444 FB, BDS, MS & Hw/h&

Fig. 3 X% similarities for each method and each game. These graphs show results of

Zelda, Mario, Boulderdash in a row. The horizontal line shows X and the hor-
izontal one shows X% similarity. The blue line, yellow line, green line, red line

shows existing method (Bootstrapping + Diversity Sampling), FB, FB + BDS,

FB + BDS + MS respectively.

AT 5. EBTIE, EFEBLIUVEETVIIBWTTL

A7) T4 OFEDZDIZH &9 & 15,000 27—V %

HEL, 7VAT7E) T4 OFMICHYS. AT, Fh

ERBNCEREEOFMMED OIS LA TR AT — Y %

15,000 AT 5 F TATF— YV OEKEFT, L1 TR

7% 15,000 AT — 3 % ZARMEO RV 5.

4.3.2 FHEEE

ERLETNVRAT =V LTCH ML D%

R TETHDEY, FLFOEBLIEAT -V DS

FEIT AR S LC, DTORELIRELERT 5.

TLAT7EUT 1 (PA) AW LEAT—=YD9H, &h
R OEEGOAT =V AT =Tk LTORK %
LTWb 7k ETIHE.

BHEXR (DR) AW L7ZAT—YDH L, EnZTodEs
DAT—=VHERLIMOAT =V EEEL TSR
®RKIIRIE

NI ViR (AHD) AR L7ZAT—YDTRTO
RTIZDWTONI v 7% 3 L 74,

EREFHESH (FC) HEWRLIAT—VBICHET % Di-
versity Sampling TH\ % s OO,

X%FELE AW LIZAT =Y DOFT_RTCORTIZONVT,
NI VBB X AEUE (1 — (N v T HEE) /(R
A4 VE)) AXIEED S DOEIE

TLATEY) T AIZDOWTIEAERK L7 15,000 27—

POEH L. LA WMREEOH EI, 46 A1 128 L

AT - N L FOE U Y s N i w /A N B |

ExfTolz. ZOHREWHIZLTWASETL T LAT T

WTHRWE) R AT —IDPEHET AWML S 500, 7

LATE) T4 2&IHET LI L IEREETH L 720,

AR TIEI NS ORlf &2 T Tz HhE, TR

*6 R — AZOWT 100 AR E BRI X DR L 7243,
ZDE) AT VIR I N o7z
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TV TVAMRETH D L ER L. £z, EHEERIIE
BLIZAT =D)L T LA TEY T4 OFRE7- L7
15000 A7 =R B L. FENI VB LD
AR, X%EBEOHEHIZE, o7 LA WhER
15,000 A7 =5 1,000 A7 — V% T ¥ ¥ AIEIR L
2D 1,000 AT =Y bHEM L.

RHFZECTH 2 LM OFHEIERE L, BT [14] TH
HwbHTwaEER (DR) &3 » 7R (AHD),
F AR E L XRFEVEIT A 7 — % B2 G e
LCHRZBOZHEX ML, FCIE7 LA Y oERKIZK
EWBTLEEZOND S — LA QR % KL T
F—LT VA DEKELFNT 5. AT — Y DOLHMELETF
i3 2 eI LTI ZE IS B\ THE. S M7= T
Y, EWAT - OEDOLHE A ST 5 TRIEE ORI
W B 2RORETH 575, RKWFZETIE, oo
DOFHEIRIEE FV 5 2 & THERA T — Y O Z ERl
ZEHIS .

4.3.3 R

ZNENDOT — ABEFICB W THERTESL L IRET
Lo THEBEIT 72 ETFVTERLEZATFT =R LT
AHMliE T 7oA RER 5, R 6, T TIRT. T2, AWK
L7z AT =Y Ofl% Web FIZAB L TWA*T, fERTHET
&, EERICER L AT =V OBEBEENEL, TN
v 7 HBEAYINE V. Bootstrapping & Diveristy Sampling
FHWTHERITH) 2 LT, Ty ETTbTIC GAN
FEETLLDLEHMRE LD, £ VLD
AF—TEPRVEULEZAT—V RS ERLTLE
I . JREFHETIL, Filtered Bootstrapping 12 & 0 BN
HATF =V EHHRUEOBENATF =T ORIZHIRT 2 2 L
T, I v iR B ERIREER L Vo 72fR
BEAYRIEIZIM - L7z, 72, Balanced Diversity Sampling

*T https://github.com/Takatal128/GameLevel GAN Images
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£ 5 Zelda I2BIT 2TV A TEY T 1 L LB ERFFMOM R
Table 5 Playability and diversity statistics of each method for

Zelda.
PA AHD? DR FCt
(7)1 (%)4
Existing 56.4 26.3 23.1 95.3
Ours(FB) 35.3 35.0 0.0 265.7
Ours(FB+BDS) 257 | 345 | 0.0 | 4083
Ours(FB+BDS+MS) 214 35.1 0.0 506.7

6 Mario lBIJA 7L AT EY T 1 L LR ERFH O 5
Table 6 Playability and diversity statistics of each method for

Mario.
PA AHD?T DR FCt
(%)t (%)4
Existing 73.0 29.4 53.1 44.7
Ours(FB) 44.3 57.4 0.2 200.3
Ours(FB+BDS) 49.6 56.6 0.8 204.3
Ours(FB+BDS+MS) | 44.2 60.5 0.4 286.7

+| 7 Boulderdash I2B17 5 7L A 7Y F 1 &M EE M

DR
Table 7 Playability and diversity statistics of each method for
Boulderdash.
PA AHD?T | DR FCt
(7)1 (%)4
Existing 62.7 79.8 1.0 84.3
Ours(FB) 30.0 104.0 0.0 255.3
Ours(FB+BDS) 25.4 101.9 0.2 337.0
Ours(FB+BDS+MS) | 21.5 | 110.5 0.0 338.7

12 & - T, #12 Boulderdash & Zelda |23\ T Diversity
Sampling # V72356 £ 0 b A BUERE RSN L <8
D, EEFL7ZHBEICOWTEHR B AT —IFERTET
W5 Z e H A, AT, mode seeking regularization
REATLHILT, SOIEHREDOIREZ 2N
HHIENTETVD, SFEMIC, REFHEICIDERL
PAT—=VDTVLATE)TARETFLTw2b00, &
AT — Y OERERIN L L TB Y ShEAR AT — ¥ % 4
TEXLETNHIEETELZENERENIIRENT VS,

4.4 FEBR 2 BEZTEORRFEDOEIME O

4.4.1 BE

JEATHEZE [3] Tld, ATIOBHELE HBEKIZH -
T CMA-ES 12 & ) J# b d 5 2 & TEIEE O EX % R
L72AT =V OEBPTETHL I EDREINTVAS.
CMA-ES iZ#EALFIEHIC L BT T v 7 Ry 7 Akt 7 Vv
TVALTHY, B AGHEH IS SHEREH T
AR X 0 #2179 . Generator D AJJ D%
2% CMA-ES |2 & V) ®&i#fk3 52 & T, BB
Wolz AT —VRERT ABHEELRMAERLT LI LHNT
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XL, RFEBTIE, MEFECLIVFE LTIV, A
TV OGS EE ST 5 BB L3 5 HIWBI %S
DWTENZITEDOEMEZER T H2ERDSTE TV L0 %
FERET 4. WEFgE LT, #EkF (Bootstrapping +
Diversity Sampling) IZ& 5 ET IV EH 5. CMA-ES ®
INT A= FIZOWTIIMIIERTIE 14 & L, BEH#EFEEG
0.5 2L LT 100 f 7L —2 a v @bz T 72,
4.4.2 Zelda \Z& T 5 BRIEH

Zelda I2B\WT, BEY A VOB X MY 4 VOIS
WIIEEEL L, ARVIEIERSLVWAT =V THDHLEED,
RMUIZ L Y R R LS5, BREEHILS
¥5 F RRET L2, 22T, #wall 13BEY £ VO,

Zeasy

Henemy IS A NVOEKERL TV 5.

B 1000 if not playable
hert —F#wall — 3 X #enemy otherwise
3)
~J 1000 if not playable
e #wall + 3 X #enemy otherwise
(4)

4.4.3 Mario IC$ 2 BRIRIEL

Mario I2BWT, F256 1fTHDOZESY 4 )V (RIZHR-T
WAHE) DR, WY A NVDOENL I EEEL {, ARz
ERELWVWAT =V THDHEED, mMLIZE VS KR
ALY D F,, . HBEZDHILSED F,,,, ZHEIL
7. 22T, #hole lTF256 1fTHDZESY £ )V (RiZk->
TW5H5) O, #Henemy 3y A VOFERL TV 5,

1000 if not playable
Fopara =
—+#hole — #enemy otherwise

if not playable
r play

1000
Measy
F#hole + #enemy otherwise

4.4.4 R

Zelda, Mario ZNF1UIx LT, & HBEEIZ X 0 EAE
EBEORBLEITo A5 R AR 8, |9 IIRL, REFE
THFEEH LTV CORBILOFIZFEHORK A4, K A5
X A6, B A7ITRT.

£8, 9 X, MEFHLERFEDL, B ORHEL
WCEND T VAR AT =V 2 EBETLZ EDRNTETWAS
e E. Fiz, EERL LAV OFIgN I v T
T B L IRETFEICLLET VDI A %8 T—
TAVDAT =TV ERERTECWLZEDGHE. MAT
BRI Eil % b4 % &, Zelda & Mario & b IZ¥ETE
WZEBETVIEIEESEORE LWAT — U OEKIZFREE
QLD LEHBEICEETFZLOD, HLWAT—
DERTIIBFETFHEICELZET VLN B RESRBE(LTE
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R 8 Zelda 2BV, Fip, .. Fe,, TNENTRELLIZESOATT EPIN I > T HHEE

Table 8 Playability, average values of objective function and average hamming dis-

tances for Zelda levels generated from latent variables optimized by CMA-ES.

Fepara Fi.ooy
PA (%)t | Value| | AHD 1 | PA (%) | Value | | AHD ¢
Ours 100.0 —109.4 37.2 100.0 64.3 22.0
Existing 100.0 —92.4 28.5 100.0 60.0 13.8

]9 Mario I2BWVT, Fuppur Frgo,, TNENTREILLIZEEOATT LGNNI LT

itk

Table 9 Playability, average values of objective function and average hamming dis-

tances for Mario levels generated from latent variables optimized by CMA-ES.

thard Fmeasy
PA (%) | Value | | AHD 1 | PA (%)t | Value | | AHD ¢

Ours 100.0 —16.02 54.5 100.0 0.4 48.1

Existing 100.0 —6.3 16.8 100.0 0.16 32.0
TBY, HRFECLIZETVIVOE L VAT —DEAE = senerated v )
WTETW5S, 1400 1 = generated levels (not playable)

$7, Zelda & Mario (25T, RETFEBLOGRT |, 10 "

BT L BEFIVTAER L7 10,000 AT — 2 O#ESEEIZD £ 1000
W, 205k 4, B 5 6 B7IORLTYA. 5 w0
SRHOBRS S, RETFEICLDEFUE, ERTERC E ol
£BEFNEHBML TREMICHEL VAT — DR ERT 5 £ 0]
LI oTRVRY, TIPS LuAT— VDM 200 -
LVHELVAT —VOEEAFTETHY, e LT, & N
DRV IS ED A7 — VR AR TES L) 1Tk oTVA 0@ Wm0 a0 010 10
SEWGL. XD, RERFEICINVFEHLLZET NV B4 REFECLVFFLALETVCTERLL Zelda DAT—Y

iE, RELWVAT—VRELVWAT V%o TEKRT S
ZUENTED L)L TBNBEEBOBRIZL L HE
MEoEX 2 KWLz 27— VAT, Tk
LETVEDDBEMFHATEL LEZLND,

4.5 EE

FEFARERLY, RETLIFHEICIVFRZIToET NV
X, ERFHRICLVER LT -ET VLI D S EHRIEL
WP ED AT — VR R TE DL I LR L. RETF
0D F T IXHFIC Filtered Bootstrapping 2 & % #2255k b
K&, PNV 7HEEE (AHD) REHEE (DR) &K
ELA RS TRL, NI v 7L ZEENICE
RO VARFEEROBEILEHEINL TS, T L
D, NIVIZHBECE A TANE ) VTP AT =V DS
TV x 7 P OMERHE EORBEOEHILIZOWTLELR)
ThHY, NIV THEEC L 2HHEOHOBEREEZ R L
TW 5. Balanced Diversity Sampling {22\ TlX, Zelda
& Boulderdash 122 W CAERIFBERE KE A3 4,
Mario I2BWT b DT hLBLMIMAALNT. ZOF)
B E s LT E2ERT 221K T5LE26N5
25, SEOFEEIZB W TIIEIC Y A VO EIZBI T 5 5
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DS E (#wall + #enemy x 3) DA, x FNIFE T~
TNE L THWEAT—Y

Fig. 4 The distribution of difficulty (#wall + #enemy X 3)

of Zelda levels generated by the modal learning by pro-
posed method.

2500 4
B generated levels (playable)
W generated levels (not playable)
2000 > original levels
i
[T
i
= 1500
[=]
2
£ 1000
=
u
£
500 4
0- T T T T
80 S0 100 110 120 130
difficulty
B 5 HERTHEICLYEE LAETIVCTER LT Zelda DAT—Y

DOMEGE (#wall + #enemy x 3) DR, x FUTFE Y~
ThVELTHWEAT =Y

Fig. 5 The distribution of difficulty (#wall + #enemy X 3) of

Zelda levels generated by the modal learning by existing
method.

77



BIRLIDF LSRN Vol.65 No.1 69-82 (Jan. 2024)

B generated levels (playable)
1200 generated levels (not playable)
¥ original levels

[
=
=
=

800

600

400

the number of levels

200

0.0 25 5.0 15 woe 125 150 175 200
difficulty
M6 WMEFEIZIVEFLAZETIVTERLZ Mario DAT—
DG (#enemy + #hole) DA, x ENIZEEY TV
ELTHWEAT—Y
Fig. 6 The distribution of difficulty (#wall + #hole) of Mario
levels generated by the modal learning by proposed
method.

2500 B generated levels (playable)
generated levels (not playable)

eriginal levels
2000 at &

1500

1000

the number of levels

500

0.0 25 5.0 75 o0 125 150 175 200
difficulty

B 7 FERFEIC L VEE LTV TER L Mario DAT—Y
DYEGE (#enemy + #hole) DHAG. x FUIFEHY 7
LLTHWwWERAT—Y

Fig. 7 The distribution of difficulty (#wall + #hole) of Mario

levels generated by the modal learning by existing
method.

DERALI LERI R &9 Th o7z
FNENOREFHRICBTCEHELMET 2 2 &
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L T\ 5. Filtered Bootstrapping % Balanced Diversity
Sampling # FIH L THEE1T9) 2 & T, LD ERAT—
/75:#”17 ZELTHCWAZZDIZ, FEHT—7 030 7%n
ERRo7HE LD b AT — Y ORBTH, KIS 7
%ﬁTé ENEELLRY, TLATEY T AT L
TL%9. 72 mode seeking IERIfLIHIZ, #E T — 7 D%
MO E ) BIE AL, ElkT— 5 Mo L1 Bz i
KT HHMNA Y bT =7 2P L L) LT HHTH S
T2OAT—TVE LTIELL WA T =TV R AT 2 E 6520
Fl 7o TLES72EE 2 5N%. Zelda X Boulderdash
DI IHFED T A NVDOAEBEIHIBREDL S 5 & 9 REFET
3, BEDIANEERTHEEZ 1 DER LTI R 5%
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W) K A IR R D REE R BRI TH D, TLAT
YT A PMETFT2RRILERE o T,
BRETFECLIVERAT—VOT LA TE) 7 1 IHET
L72A, RWECHW /BT VIZESE T, WHIEHEIZL D
M TLEICKRBOTF— Y R ERTLI LN TEL, E
B2, Zelda D7 LA WEEE TR S WA T — U % 128
ERT 201005 EHIIH02HTHE 20X 2l
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BWETIVTH, SHRERDSTTRRTHIUISHL T LA
THERAT —VH L HERT LI ENTE DL, EBIZ, Zelda
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TEYT A 2 BEIET LTWAOIIH L FC 134 5
Lo TnbZenrsd, FHEED FC 2FHOAT— I8
T B 72OIGER TR L BT VIEIRETHEICL S
ETFNVERBLTARES 2 x5 =280 2T —
TaHEl T A 0EMNDH L. Mario, Boulderdash (2B T
b, FCOMMOEER 7L A TEY 71 0L oE &% b
moTHY, METHL. T/, 4.4 8TxR LA CMA-ES
Kié%&uib(PUL@&@@%%%WWT7V4T
REDP DO HIBEEIZIR o 72 AT — VR EHRTHZ L b
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AWFFETIE, Y Ve T N, REXHW T
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DFBRFERRELID, Sk E D EMERHN 2> —
DRKBUE L 7 — DR F LA BT 2565 LRI O
B ED7ZOIIFERT—5 DT LA TEY 71 2#ET S
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— NG ATTRETH V), BRI RIEEIC L D Generator
WCHEFEICA T = D% TS L) ISR b 2179 2 &1k
WETH o, Z070, L4 DL HIZETVT —F T
JF XL RERMLYD, SCHK[18] D & 912 GAN TldZ
CHBREREF VR 70 —E 7 )N EOMOERE T IVIZ
EDFEEEITH) T LR, LHk[26] D&% GA R
CNN OFEA/NT A — @b e ARETVICHEH L, %
AT REZ: BB TO EF V2 E#ibTE B X H 10 hh
X, COMBEIREEESNLIWEESH L LEZLND.
72, RWFETIEAT —YOEBOAICER LEREZ
To7h, FEBOTF - ARBIIBVWTIER SN AT —
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KO AAT ) LENH L EZEZ HNL. HETIE, Ih
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D [27], [28], F77— L BROERHSEE AL A10F
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9 Zelda l2B\T, 100 AT — Y ORABILIZ A7 7RI T
LT495HTHo.
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Fig. A-1 Original Zelda levels used for training data.
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A2 GAN OFE7—% L LTHwS Mario DA7T—%
Fig. A-2 Original Mario levels used for training data.
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A-3 GAN O%ET7T—% L L THWv5 Boulderdash D A7 — ¥
Fig. A-3 Original Boulderdash levels used for training data.
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Fig. A4 An Example of Zelda’s level optimization with F;,,, ,

for the model trained by the proposed method. The

left level are generated from the initial values, and

the right one are generated from the optimal values.
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Fig. A-5 An Example of Zelda’s level optimization with F.
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Fig. A6 An Example of Mario’s level optimization with

Fprg for the model trained by the proposed

method. The left level are generated from the ini-

tial values, and the right one are generated from the

optimal values.
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Fig. A7 An Example of Mario’s level optimization with

Fp,,,, for the model trained by the proposed

method. The left level are generated from the ini-

tial values, and the right one are generated from the

optimal values.
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