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We present an sketch generation system composed of Sketch RNN, Google released. It is a recurrent neural
network (RNN) constructed stroke-based drawings. Our system is different from traditional way, it is based on
serial strokes which human draws. The diference makes output image much smoother and more natural. We
introduce Sketch RNN into a tool of sketch generation. This paper focuses on two points. The first, we check that
sketch production with Sketch RNN makes output image similar to input one. The second, we confirm that all the
latent vector given by Sketch RNN make a sketch compiled soft strokes. Through these condideration, we explore

new sketch generation system.
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AR, B E OFREEE R L U ALAIEE (Artificial In-
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HrH =2 —F )%y +T—2 (Deep Convolutional Neural
Network : DCNN) TIZH#TH>72. £ T, SElE Google
HFEFK U7 A Neural Representation of Sketch Drawings [1]
WWEHL, MXOREETNVTHS Sketch RNN 2L 7z,
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9. F7z, Google DT 2T — Xty bTIERL, 22—V
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2. Sketch RNN
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Sketch RNN % #iHi 9 %.

2.1 Sketch RNN D&
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2.2 Model

Sketch RNN @ encoder & bidirectional RNN THi% X 41
TWb., ATy FORRIT—X S LZDOHIHT—X Sg ®
Hhz2kEEE h AT 5. h O TiEeaREIcE-T,
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Sketch RNN @ decoder (& H . [FJ7#H#] RNN THig X 1
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H& Si(Az, Ay, p1,pe, p3) ETIRGTEREER Ax, Ay &, <
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KullbackLeibler divergence (KL) & 2D 1% BB E L
THMT 5. (6) RIFMEE 2D (Az,Ay) DELERT.

1

Li=—
Nmax .

NS
1=1

M
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1
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L7h5T, (10) &% Sketch RNN DKM Y 725

Loss = Lr + wkr, Lk1 (10)
ZZT, wky X 2HEHDOOAANDEIRIRD D AN 5 —T
HEBEERELTrAZNIL T3,
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Sketch RNN I decode 9 58, ELAGH /3 % % T 528
THDIWE 7 WFEETH. WE - IZ0<r<1 %225, (11)
R, (12) RIFEE r THELZSDTH 5.

exp(L)
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S exp(2)
I,
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o2 = oo (13)
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# 1: Sketch RNN D85 A —X

[ NFA=&H [ NFTA=X

decorder model hyper
decorder rnn size 2048

encoder model hyper
encoder rnn size 512
save every 500

num steps 45000
class 30
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3.1 WEOFEDEER
PERDIGAZLIZ @G E LR T2V AT LI Y by TR
DEGEFHT 55 DONE Do 2. EilEH — R EEES T
MR ENTWEIGEIE, ZOTETERLmGEERTSZ
ENRTES. LAL, RUBIZEBMOATER I N AT Y
FENEL WIS BFRIEZHRF L TWE DLW, & 250
BEEDESERTIETIEA A MG EE Y b~y TIERICE
L T\ 2728, ASmi§oEGME IS 2 EHE DS & WS [
ERH - 7=,

3.2 SEDOARR

TGN A RS 2 720D, R S AT L DNEBREEIZ
Sketch RNN %£%f L 7z. Sketch RNN (&% 3 XT 5 ¥Rt
DRY MV (Az, Ay, p1,p2,ps) AT 5. Az, Ay lF0ED
HID SR O ENE#Z K. F7z, P1, P2, P3 ixEhzh,
RYUDHICEM L TV SIREE, <~V SEEN TV 2 4RTE,
figibb, 2RLTVWE. mED 3 Dl one-hot N hLFE
BlZ>TWwad. TN 5% VAE (Variational AutoEncoder)
2T, EiEE 2 EA T 2@, encoder & decoder 1 RNN
&5 T\W5b. Sketch RNN O ASIEHRFZ S 572 5 KT
N7 MV (Az, Ay, p1,p2,p3) THS. encoder 12 &> THiH
HITDBIER Y MV 2z 2185, X 51T decoder 12 &> THII
EUTHY 5 IRIENZ MV (Ax, Ay, p1,p2,p3) 285, 2D
WHRZ NV EMAGHOES 2 THilgEERT 5. kD
DCNN TIEEZ 2V T L ICHZHRBEZ T 2 FH e L T
Sketch RNN (& A 7 v FOilfilkz &5, FEIEO ARG K
FUTWIRENILET . ULz -C, BHEOmEBEER LD
RN REEE o7 HRBRA T AN EHE N E UTFRIZAND
ZeNTES. 72, RNN THE SN TWB DT, FHIRIIZ
EDTEFDOA T AN ANDPOTELRIREDOS T A NERHD
ZEMTES, ZNITLD, 472N ORisED RIS 5
ZEeNTES. ZOfiTENREIX DONN TIXSEBPREETH -
722 e s, BRAERS AT LITH L WATREMED A U 5.
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GBS 2T L2 B12H72- T, flii#is GUI
EAER L. FHICHET 2%y b —ZH§E L Sketch RNN
ZfffHS 5. & 112 Sketch RNN D87 A — X & /R7.

encoder 3 & O decoder model IZ351F % hyper &%, Hy-
perLSTM [2] Z/R9. D35 X — &% Sketch RNN D HEJjf
EEMHLUZ. £72, FEIZHEAIZTRT Google AT %
T—REy M EMHLEZ T—-ZEy ME30 7 FATHLT
train / valid / test & %1241 20000 % / 500 ¥ / 500 #&
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o FEER 1. AR U 7z iliG & AT L

o EER 2. D ATIEE DL S bIVIEID iR D
ZEALTERS

FEER 1 Tl Sketch RNN 12 & % 4 s i AV Ei g A ik o A 7
LZHEHTE 2 0MRAT S, 25513 —FDHiW - sk L
TlEs 2 Z 20 & S ERNARFHELG B 25, F/z, £
B% 2 Tli% Sketch RNN OE(EZEM O NIEER 2 HERT 5. FE
B2 T, EEOEEZEMPDORY ML%E decode U 7Z5E
TH, ERINFZRT NVEMAES - EERAENE & U CEfN
EEEELTWB MRS 2 Z L BN EE D, EE ORI
HHUT.

4.1 =ERBRFE
4.1.1 =B1

Sketch RNN O EBIZfHHL7ZT— Xty EMHLT
DCNN 2 & 25l #% FOEKT 5. SEITEGED 7 T X457
JHIZMEFS 72 MERE & R5D AlexNet [3] 2 L7z, %7z, Sketch
RNN [ZIHMTE DM 60 5% A1 & 5. Sketch RNN (il
BRI A—R + OE#HEFZE LT 7 DIEZE 10 BRI 21T
BT 5. 1 MOADES?S 10 KO HEi%REE5. 20
10 0z il 2812 E U CTie® accuracy DE\WMEZ FLikd 5.
Iz 60 BUZH UTETL, e niizRkdsb. £72, Z
DOEBRTIZHIEEL R TH L Z EAEE L W=D, ASIHE
BIEA—VFOFTHEKRTZAT Y F DAL T 5.
4.1.2 =E§2

2 ¥ DOEIH % Sketch RNN IZA S L, FNEFNDEERY
MLZEDHT. ZOFBERT MVEZNETN 24,2 & U,
WihE 128 ot e 5. (15) MR E KD 2inT %
BREERT.

ziiNT = (1 —t)245,0 + 124,

i=0,1,2,3,..,127

0<t<1 (15)

(15) KT KD HEPNZIEIENRT MV % decode U THKE

N7=RT7 MVEMEGETHBEZES. 2 DDOFBIERT MLV ES

[E[1X 10000 3N UebkFa RS, 10 #lo T A b Ef
SEHZZLORE VS D EMERT 5.

4.2 EERER
4.2.1 FEE1

AlexNet 12& 5 30 7 7 AHBIERDOT A b T —RIZKT 3
accuracy % 0.85 THo7z. 30 7 7 ABlDHER—A T4
VNE—RREIR U 7258 OMER 0.03 2 K& BB 7-8, Ehi1
DA E UTHYTH o7z, 3£ 2 12 Sketch RNN D A JJH
e iR %2 AlexNet (2 & 2 #3223 72§D softmax
IZBES B EREERER ERT. 72720, 60 MOEiGE AT LT,
Eff T ROVIZHBE U BOAE Z DT WS, TDH, A
FIifER & B ER O R ORI —H L TV,

X 512, £ 312 Sketch RNN @ A S5 & H w4 % 3 H)
BZF 2D softmax DIFEHHE & iz RS, 255 I1IFFR
FERZ VO ELUZEDEEDT, [EffT )LD softmax
DIEDATHEL LT WS,

% 2 SR & HAFHROD softmax 1< BT 5 Gk
[ softmax Witk | Anmifk (%K) | dmfk () ]

0.50 A 0 2
0.50 LAk 0.60 A 0 0
0.60 LA E 0.70 i 0 1
0.70 BA_E 0.80 i 0 0
0.80 BA_E 0.90 A 1 6
0.90 BAE 1.00 BLF 59 25

#*% 3. Ay e H RO softmax D FIME L 43
‘ softmax “EY{H ‘ softmax 43 #X ‘

0.99 0.00

0.56 0.21

ATTTE B
HT B

2 k0, ANHEBHE T RVFROHBEER>TWBZ L
MRS ND. Tz LD, ADEGIXER 1 128\ Tiy)
ThHhdIerbhrsd. HIHEEDSIZEMT VIZHEHI
72358 1EE D softmax DIEZE & 2 L WO RHEAALNS. £
7=, &3 X0, HAOEED softmax OFEYIEMNR—AF 1 >~
D003 EDEEHVKETHD 056 L&R>TWD., T
KEWZ & &, softmax DEWERDOERRNL N Eh b,
AERCEGIZ B W THIIRIZZE L TWD 7 7 A%, KAZARL
EIRD TADIFET B eZEZOND. UL, BT 5 AI250
HINTWDHHEEA 60 e 34 Rz EAI TV
M5, A—FORT Yy FIZEDLEEANTETND LW
5.

/2, M3 Za—YRANUEAT Yy FE2RT. FARKIZ,
42—V RAN LAy F% decode U7zt Z2RT. Z
N 51 decode X NZHRD softmax D3 \WVH D S FEA T
HEDTHS. ULizh->T, AlexNet 12 & ZHA#D softmax
PETIUSIERE T AL DEEEDBBHCEND Z & Db 5. DA
EOFEED S softmax DEIZ & > Ta—F DRIV AT v F
IR R O & % ERMICHHMECE 2 Z L 23b o 7z,
4.2.2 =EEH2

1, X 212 2 DD AHHEHDEE RS bV %Ki D4R
EE 10 FERIZADEINZRT MV EMH L TE S Wz 5%
R

3 O ANMEGIL fork & cloud THS. LMW fork T,
HHDEHDIZRBIZDO0T cloud B> TWEZ LAbrb.
[FIRRIZ LT, 4 O ASIEE I donut & moon TH 5. LMl
M donut T, HMIDOEDIZ/HBIZONT moon IZFE->TW5
ZeWbhb. fork & cloud DN RT MUIZ & o TEEX
NI EGIZEENEDH S PIZZE L TW D Z e DR T E 5.
2K 3 DS 4 FHDS 6 ZHIZHIT T fork OFFHFD
XD RIS IR 2N IR E U CEO s & 26 LT
Wb, ZOXIREKNS, ¥/ T—bDO LS BRAHRAS
BBRRES N TWb eEZXoNE. £z, 4 kv, AJjCff
UGS 5 AN DG Z LRI N D Z LD ERI Nz,
BIEEMPERR 2D > T WD Ll E N5,

NS DOFEEKER XD, Sketch RNN 12 & 2 LK Tl
HEDMRE I N, TR OBESM EOWBER S MVIZHE S H
WA FDAT Yy FLindZ EPERTE .
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4: decode X N7z HE D —H

5. &

ARTI, ERBOERZDED S BMAL DCNN O Fike
1357 B A T U 72 REREIR 2 bV TdH B 2EFE%E RNN 12
5.%2 % Sketch RNN 12 & % 27w FARDOARENIZ DWW TR
it U7z. Sketch RNN D EFfILEZMED & 5 72 JE Bl C 7 72
, BIELEZRI MVTF—XE2H/ALHIETHL. Lhbl,
BEHTIRL, 17 A MD &S RMEifRTIREE L = mh R o
KEr ED B, BAAARDEETIZERNE TDR Y DOIR
EDREREL L TWDEEX SN, I T, 2 DOFERZM
L T Sketch RNN QR 7 v FHEGEERKIZ BT 268 E R L

7. 1 DHEAITEEG & HODE§RE DREERL 292D W T
PRIz, 2 DHIFHEE D TH BIENT SNV ELREIZETL

72356 TH MW TR W R T2

Fhk 1 Tl &3 &0, BEAERS NZEBGIXERS L
2% U T softmax DIENEYIT 0.56 TH 3B I LRI N
7z AHHERO MR T ~OVHT 5 softmax OfE & D BN,
R=ZF7140.03 #KEL EFED, EEEEITEVE VRS,
7z, M4 &b, ANEHOHEHMA NS Z OFERDZ L
ZREiSE L7z, U72d3-> T, Sketch RNN (25D < M54k Iz
WX AT B BFREE W I EEAE SN D &0 S FERIC
ol

EE2 Tk, M1, M2 2@ELT, BEEEOAERLE L.
Sketch RNN (X VAE THEK XN TWB DT, (FEOBIE2EM
FDOARZ MUK decode T5Z & CHBEH TS, — T,
HE NI B 1 B RS O RAE L 720, Wi
OFERE EIESAEIF I N T W, £72, 2 DO ANEHROELE
N7 MVEIZH 57227 F L% decode T % & H i % Rk
TRV T VBT PBE I Nz, LizhB->T, ATy
FD & 5 FRTHER X N T W B HEGIZHR LT Sketch RNN &
FEHIZERTH D L ErNTZ.

Q& @O & O D

INSDORERPS 2y FOHEEMIZEL T RNN OFf
&% FFD Sketch RNN [3#t3kdD DCNN & R THERZH D
ME\. S, REEOZ WEGIIT U TESF 2R E H O
ML ZEEZONS.

S ORE L U TIX Generative Adversarial Network
(GAN) [4] & Sketch RNN D hilgs L O A7 v FHifgo 4
BREE DR B EIFSnG.

¥ 7z Sketch RNN % GUI 2#{F5 Z L b EELRHMBE LT
W5, BIEAT v F 3 DB B ER/NEOBERED A & 72> T
5. WRHNPSIGANC RIS 5720, 7V r—vayv
R EDERD I ANT WS, &H, AL, HAY
iR B2 B A S E A B 6 B 2Y (C) GREE S 26330282) D
iz BTiIrbnZDThH 5.
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