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Various Levels Generation with Data Augmentation Using GAN
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Abstract: The generation of levels in video games is intended to reduce the burden on the creator. Recently, deep
learning methods have been studied in order to reduce the burden on the creator of the levels. In deep learning-based
level generation, GAN-based methods have achieved some success in tile-based video games, but the preparation of
training data has been a challenge. However, the preparation of training data has been an issue. In this study, we
investigate a method to acquire a model that can generate various levels by learning a GAN from only a small amount
of data. It was confirmed that a greater variety and a lower playability of levels can be generated than with conventional
methods by quantitative evaluation of the levels generated by the proposed methods on GVGAI Framework’s Zelda
environment. In addition, the model learned by the proposed method The proposed method can generate levels that
reflect the objectives more strongly than the conventional method by using CMA-ES to search for input variables in

the model learned with the proposed method.
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FFANZ Softmax BIEUZ B LAY AT L ICHRDEDOKEWN
F ¥ YFITHIET B XA L EFERT 3.
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THIMEI RN T WS Self-Attention J& % B AIAAE D
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4.1.3 SRERZAF

GAN QRO ENRTIRX =R DFEER 1 ITRT. &
B, Bootstrap FIEIE I =N FH 4 X% 32 & 5H%
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K1 ST RX—XBE

FEHHE
BIEAR DX 32
Ny FH AL X 32
BB TFE RMSProp
Generator 2733 0.00005
Discriminator 223 0.00005
Agiv DfE 50.0
HBRRT v T 10000
VAT — &2y A X 35
T — & DBk 1/10Epoch
REFRICBIT 27— ZBMD 10
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Fik 2 THIR L e 77— &8 200
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AT SEEANT EHER (%)) HERAD B 28D R~ 2D e~ 2D
V74 (%) 7 R 1 —HEE (%) RSN 35 E RSN
REFE FiE ) 47.3 43.7 0.0 22.1 86.0/41.0 95.7/63.7 7.3/11.3
REFIE (Fik2) 10.2 342 0.0 10.2 74.0/42.0 113.3/35.9 1.6/2.7
RERTIE [11] 98.4 8.8 455 100.0 68.9/7.1 117.2/7.6 2.9/1.2
R—=ZF4 Y 94.2 17.9 97.7 49.2 66.0/0.38 120.1/0.62 3.0/0.062
LT — R 100.0 34.8 0.0 0.0 71.4/67.8 114.4/65.5 3.2/0.15

B4 #HEFE (FED KEIVERENLRAT =Y Df

REFRIERFER LR T 2 2, 2REERTHEET
H BN v R, BER, BEERO—EE, &<
ZHDTE Vo THEIZBWT 2 DDBETFIENR—R 5
A Y FERIERTFIETH % Bootstrap D ADFiE% LA -
TEY, BEFRCLIVERBERT—IV2ERT LD
TER2WX 5. Bl Bootstrap %17 5 ERFIRZ, &
B OFEERIH W2 E T AT FEEIICREED 7 — X2k
WTF =IO AERLTLUE S 729, Bootstrap 12 & D HH
BLeT =R DA FE T2 LTGEME ST S Z L
TEESZAD—HEN 100%L K-> TLEW, FEHELZX
T LPERTERN 2. 5 DODAT—I 05 HMI
GAN OB EITIN=RA T4 Y FIETIIENR T — X DR
DET, #ET -2y bRIFERCRT—Y LERK
T&ERhoTlz.

REFHEEZ, EHRAT—VRERTERL—HFTT LA
TEUT4RZDOVWTIERELMETLTWS., A7—=Y L
TIELERTERWELAY Dy — 38, B, LA
Y —< ZDERHIR 2L T RnWsr —2ThY, Zh
5DV ADERMEPIZIFEENLZNTVER=R T ¥
F1£E%° Bootstrap DADFETIE S LA 7TV T 4 23 <
7, WIS DMBERZRLL TV RIEFIETIES
LAZEDTADBETLTWS. LA T7EY T 4 DEX
WL T, H2EREDEIPDIUIERBEHECT R
B3 2 AN OBHELBERE T 2 2 LI X D XLAIRET
3H2BDD, CESAGAN D LS IZETFMZIREMZ S
Y THETEXZEEMELD Y, SHOBETH .

7, 8 OB, LAV —<RERFETHZONME
HEEZ AR BTHY, ZhoD~ADMEICE L Tk
HEDZRREPTETVRY. ZREFEE T -3 kT
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XBZ LA, HETFEOTREAVWEZL LT TF—X
RIS T — X IRDBECTLE S D THBEEZLDS
n, SHBINITVZALRETAETIRTSZZLTHELT
WE7W,

4.3 BEZBOZFERICEZANOREL

REFIEIC K Y ZRERHE J1H350]BE 7 Generator & 15T
X/ Z T, BEAROERICE D BN AT —
PEAENRT ZFEEAMEHTE2EZHN5. Volz
5O [3] TiE, ANOBELEEBNEBICH-> T
CMA-ES IZ & W Rt 2 Z & THIEE DER % H 5 12
ERM X TR T —ERDPARETH 5 Z 2RI NLTW
%. CMA-ES\3#ELEEIC X279 v 7Ry 7 Aty
NIV ZXLTHD, ZRITRZ duicxt L BREEIE % &
IMET 2R LT EIC X DK T 5. Generator D A ]
DIBIEZAR % CMA-ES I X b ik 35 Z & T, HIVBEEK
W2 7oA T =V RAEMT 2L RA T 5 2 W T
x5.

ZZTIEMTD 2 o0 BB F1, F) \CDOWTBEAR
DEGFELEITV, ¥ OFEE HBIECE KL U 7 2E R Hs T RE
PEMIETS. 22T, PRRAT—IMNTLAUEETH S
YELZITRVWEEZODMEE L 2B TH 5.

F| = 100P — #walls — 5 X #enemies “)

®)

F, = 100P + #walls + #enemies

Fi 37 VA AR AT — Y AR L DD, BEOR DR
zRAETEZ L, R3S VAARERAT — Y24 LD
D, BEOMrMoBzR/MLs s e 2 HIWE LTRGETL
THHBEHTH 5.
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+3 CMA-ES XX W IBEEBOBRELETo 2RIBONIEZAT YD LA 7Y T4 B
J U HNBEEE. BB OEIEE TV A AR A T — O RER LIz L EDEDAFY

LTW3.
Fi F>
TLATEVT 4 (%) | FHEEL | TLAT7EY T4 (%) | FHHE L
REFE (Fik2) 100 -113.5 98 56.4
PERFE [11] 100 -102.7 100 64.0

%% FiX python ® CMA-ES 5 4 75 U TH 5 py-
cma*! F FWT, WHAEREIE 14, EERZEDOMEIZX 0.5 12#)
HWifbL, 150 4 7L —2> a YEETRELETo /2. 7—
ZYLRFIE 2 Z HWRRFEIC LI D ERIALET L
DWTHHIIH Y TV T Lz ZWEHELE LTF,F, ©
HEVBEBUZ X b B k21T o 7RO 2K 6,7 IR T

6 ETFE (FE2) TEEHLEEFALREITS F I X350
OFER. EHPTIE L D ER LT —Y, GHIBRERELE
MR & DAER LR T—.

7 RETFE (FE) THEELEEFMCEBITS F, I X 2 REL
OFER. EHPTE L D ER LR T—Y, GHIBRERELE
BlfRE DERLEZAT—.

F1,Fy ¥5 5 TiREILEIT- 256D, BeEE~ 2D
PHWEDICELZIRZ B TETED, HIBEEHN
WHoTAT—VZ2ERT AN TETWVWEIND
»5.

T2, MEFELERTIEICOVWT, S0HDRL 29
HHED & Z NN LRI T TAERDR T =P DT LA
7YV T 4 OO HNBEEE R LR L, REFED
PERFIR L HARNCIUE Y HNICIR > RENTE S XS 1K
o TWAPREELz. £3 &0, BEFIEBERTIED,
BHEEABORBLICE DIZFL ALY DBETT LA AlfER R
TURERTLIENTETED, BEFEOADLD
i< HWEBHEO R/ MU LTV, ZOfERD» S,

]

https://github.com/CMA-ES/pycma
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RETFRI XD BRI IR o722 8i12&D, H
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5. BbHbIC

ARIF3E T, GVGAI Framework @ Zelda BREFIZHEWNT,
T — R & B398 7 — XYLk & £ 7 E RO IER]
fLI2E D GAN ICK > TERRRT—IDPERTE, T
CMA-ES I k2 alftic X b H 2 1RE BN o /e X T —
JHERMBARETH 5 Z & BMEFE L7z, Zelda IXELEAY/ N X
WA T —Vh0obE ) EMER AT —IhpnR L, BETF
BICE D DEIBELRERAT -V RERTEZHDD,
DEEDT — L THIULGAN ZHVT L D 5 2 X LI2EE
R AR EHET 2 I T HRRIEMRAT V%4
WRABETH 5. EFERZRANR—ZADT — L THIUL
D — 2B EHARETH 2720, SHRIFI D KRERZ
T IR — MTBWTEREITV, G EBGEE
LTWw(.
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#F A1 Generator D E 7 LI

Layer Shape
Input 32,
Deconvolution (512,3,4)
Batch Normalization (512,3,4)
ReLU (512,3,4)
Upsample (512,6,8)
Convolution (256,6,8)
Batch Normalization (256,6,8)
ReLU (256,6,8)
Self-Attention (256,6,8)
Upsample (256,12,16)
Convolution (128,12,16)
Batch Normalization | (128,12,16)
ReLU (128,12,16)
Self-Attention (128,12,16)
Convolution (8,12,16)
Softmax (8,12,16)
Output (8,12,16)
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R A2 Discrimiantor M 7 LR

Layer Shape
Input (8,12,16)
Convolution (128,12,16)
Leaky ReLU (128,12,16)
Self-Attention | (128,12,16)
Convolution (256,6,8)
Leaky ReLU (256,6,8)
Self-Attention (256,6,8)
Convolution (512,3.4)
Leaky ReLU (512,3,4)
Convolution (1,
Output (1,)
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