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The Application of Artificial Intelligence in Art Design
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ABSTRACT: With the advancement of technology, the combination of design and artificial intelligence (AI) has received
extensive attention. More emphasis is placed on the design that is more intelligent and user-friendly especially for today's
increasingly large digital demand. The work aims to demonstrate that the combination of Al and art design provides a
more intelligent, stylized and commercial development path for future art design, by analyzing the influence of Al on art
design and under the promotion of innovation in concepts and tools. How Al combined art design was explored by study-
ing their commonalities and differences, and the application of Al in the two design elements (color and style) was taken
as examples to analyze the new design pattern brought by intelligent design. The influence of Al on art design is not only
reflected in the optimization of art design tools and the improvement of design efficiency; at the same time, it also makes
the art design methods more diversified and motivates the art design concept to make new breakthroughs under the influ-
ence of new technologies. The application case of the paper further confirms the infinite possibilities of combining Al and
art design in the future.
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Fig.1 The difference between traditional design method and artificial intelligence design in division of labor

i, AT GBS 5B HRI B i U R . Bt
N T REAR BT E VRS AT RENE , N T REI A i
T —RloET A g ) A 7 vk o BAR N RE) iz
HAE 3 B 2= A AT 2 A BT BOR L Mg |,
BErEASUZRE A5 % T#EZTHE, NTEBERNTIA
RELAVE 24 A e ml WL i o A st AR AR
PRI R Z 45 T HATENE, mitaEs
AR R O EGE | R, PRI An 4R Tl AR 03
THEYERE N TR RS ZARBOTHE G R Z —

1 AIEgEZRNRT

EARBCHREG T 2 U2 R RIR . PR & 5y
AR, R B R A, e AT
S EARZFAE R, W2 R IE
Pantt, 7egrHRRHESh T, ZRBEH R TR GE4R
B TRE A, IHET - RN TR ZARBITSS
F R SR, gt Jr NS N T REBLTH 973
TIXHIULE 1o i e S ML B Al LI — &R 51
AR T AR, P I Rk AN T RE SR A &
P, TR B A, 2 )5 Bl AR S
RISZEL A shifil o N T BEIRSh i e ZARFIETE
PHER R 2 — , N T BERE NS 7E 5L 4L J7 ik Bh it
VR BB B AP IR, WA BN R RACR,
RICEEENTREBES AR TR R RIUIR, 7347
TANTHEBES ZARBIT S & A SRR LS, I
T — LB T REREAT 2R B B SRR

1.1 AIEsgNARE

AN TR IR nl B 2] 1956 4F 193k 47 55 il
( Dartmouth ) 23, Hh “ZERBIHLL” F “DyRgss
L7 P BRI 9T 368 1 3R, A5 A ASTADUIE 3 o AR A
NG Bz 21 22 P 24 B s A R SE BN T g, Bl
s N T4 M 2% (Artificial Neural Network,
ANN) R NLRYBAERE Sy o N THZ M —1
R IE 1957 4F Rosenblatt | HL A4 B 1 B 7%
( Perceptron ) P i JEL AR A SRR S 2 B2 A5 4, Bk
PR oM B 280 4%, Minsky F1 Papert 7E Perceptron™—
5 e B R SRR X e M T A 1 Sl R
T2, FrLBEE ANMTFR MR A, 22 BRA8%
( Multi-Layer Perceptron ) iz i o

FAAES TS5 DL, ) REASC UL D) 2 i o 4Dl 2 A

%, WG G Dy e et S R . T
THREAUBIN S (0 2 F2 S B b — A~ AR Y i
T T L ey 5 28] w5 2550 F A5 750 48 ) 2 ) s D SR ABE AR (1)
K, NTHZML )5 Yann LeCun % A1)
LeNet-5 &R IEHFIMZ M 4E ( Convolutional Neural
Network, CNN) HHACHCRIER SEHR M2, L
BE LR N X i 25 R 28 5 A R T3] T O v T
i TARZ A R ML HESR , 4 AlexNet, ResNet 45,

N TR AR & R aVAs , W R0 )2 oA
%5 . AlphaGo Je i ALK —, e Bk £ %
AR RIE 2 o] BRAL 2] SRR I R R A kU,
AR N TR REAE R TR i 1 A i R e, (H N T
B REAE BIMGA BT T R N TR e G AT
BB TARGF PR ZE . AUAUE CNN SFHESE, TanJ.
Goodfellow % A1 2014 4R H T Az %L I 2%
( Generative Adversarial Networks, GAN ), 3@ 1] 5|
A A A EAR A 2 o DT AR B0 i i 1, AT LA
gy Al e R AR R 3 o BT 5 BG4
B H PSR k2= 2T, A R IR U 2RO 4 e )
FEMR, AT LUE R a5 e S R A i
TR T TR AR TR, T e getE, —
SE A Y 35l N TR BEAE T S T 25,
Haosha Wang %5 A1) Style-Me R4t , K A T4
Z M5 MSP BRIz AL A, P T Lk $R
ASTR] AUAS R A T RS LI PR, RGEARTE FH P 1B
i) B SRS N XA s i DA P iR s 1t XU A 7
P43 ; “Watson” U2 IBM ) DeepQA i H , L5
T AU NLP, AN ZE . A R,
BERVEE T i F—Ak,, IWBbdt | 0T St g i AA rp
RO R EAEIT 8T, et e AP Wi, A
VT IRHERE AR T . Bt SRS TE, BB i H i 52 A%
BT, #EFRAE L2 XU I RS B 0 A s A ook oy £
mICRIEB R, HER M T IR ZARROR,
TE A 3 25 2 10 % SR 1) R s B B T TR, Iy
LT NT1W 1, IWEARSEE sl m A E e om K i He
ANZHE, IR T SRt B WA 1
2 N VOV a4 bE S P S B R PR A BRI, K B
TR AR, SRS AR S 2 RN € A AL T
R ST B B A5 AU TR A T AR R D
It B FIAH DG S5t i 1598 P A B 2%, RS 80 R
FE WA R . SRR, JFRIE BT SRER, S



254 £, M

T

2020 4 3 H

T2, NGNS 2RO T 2] 68,
BT E M sefk .
1.2 ZREITHERE

FEBTHE S ARAL | IR A 2 A B
SN, ZARBITRREFZIERNZBOEZ , #ix 4
PR OR MR B N A N 4%, b 45 A AL B
TrERWHR L, (5 Escm 52y X2+, %
gy B2 BL RN R B, COME L e BRAR AL & B 2
B A A Y B R T R R, 2
ARV AHAIE AR SR, W EA L2 E
=M, SRV KR AR Ok B T 4 AN T
I, — 5 e SRR SRS, 59— w2 i
T+ TRt 501k .

1.2.1 ZAREi £k

AR R RS, Bk T E 2R SREN
KR AL G LR B R, & R A ARIE,
et EAR L LAy, A R E AR R IR, SC
EUSCERF S R, SR TEY . H5%, 2
MFEFLo5 . R, PGS, XML EE I ER AR AT 4
AR B SR FE AR PO R AR A S s
TR HOR MG . R E, Ewigit i SmE g
ERTEL SRR, HEHEARZARNEE, malL
FAERR, A BT B S AR B Y,
PURS iR SN NGEEN LS d s e A S Sa W [ PIRE ¢ 1
M2, PR N T BE Rl A 2R A VRt 2 K3
P, mHAARARGR TIHENN S 5. N TS
B IMER AL T8 i85 6 05, FAL Se [ 1 A4
VEW A28 A E I 7= AR B I A ZARBE T X, B
i DA T s B ) o 2 ek AR S . N T RE
B GG ARV EA T B MR, A3 Iix 2
RAVWER T AR, R A B i3 2, ffifs
EARBATFER A E AR RS T 28 BRI 4y 11
122 ZARETTEE L

NZEA SR T M E R . BEE 21
K, Y AT Aoy T, & TR
[ Lk Al . BUAS f AL LAY a3 & P2 &t
T HB NI 8074k, WNAIE M TR, X
TRZIFZ W T BT IR 7E AR BV A v i) B iy XL i
HHNAEM TR,

ESMTT T HAEARK 1 — B (8] B A A
LARE, SRR . BB T H T RIE,
Bifi & 1AL AR FNEDE B4 0 & 10 B, B % T
TRV T AR TFEIACAZ I S
AU AR ALY, oM SRR E AR R TF
2 5 AR AR B2 A A i 3 S HLA Bh A S 4%
MR T PO E, A R BB ER, =
AL g T HSE R, 1 B AT R BEIR 3 T i3t o 4
TR, LR T THICHGE N A # | 25 [|)
S5k SN . DRSBTS T ORI EE K

iRy

oA P T

K2 (Zfls - -
Fig.2

I3 — 07 T ARV P BARAFAEAR 2 M 1 774,
B R A B PR AR, in EAZ5EBet TR
Xf TR KRR EOR AR w7 2, R AL
FHERIR I R RET , Bt 3l UG B i i st
e 1O RBRLSE AT, O HLAT LA SO A R
W, IFseE G R R R PR o

2 ANIgggrZARithrRiiyag

21 AIEBEZARARESHE

SARBEIA 2 B ET A T BE T0 T IR 4, 31X
FE R NATTE AR AS AR 2 B F % 02 AATT L 483 5
AIEE S, 7 SO SRHI A d L N DT v P AR I 2
MFEHLIFA B A& EWEEGE S . iSRG A B
T, AR NBAE ) . A5 s kit
WA HWBRETT A NEMERE FRE, YL
SR F RS, (HiE sk g Bgs AT DE A
ZARRBOFBAAAIE T .

EARGNE— B ARG S s I, 2R
() 7 SO NI I B 42, ZRAE Sl 7 1%
WA NAT—Fp T ESMATFE” R, miXFh
R AHT A TR e LR SR A A
o N TR R ZARNE M A il T2 LA R R Aok
FKik: —MEELZREZSS, RIS EILNEEL
P 5 A H., LRI [R] 58 L A ARAE b AE; 75—
AT EZEZARRNEES S, ibldEd % 2R
FAE S B REAE, R AR A SR F RS 2
ARFES, WNHES LIRSS HA MR, AR
e . ArE BRI SPLEE RN S, MiEE
N RALERAEZ T SR A A “hERRBR,
HATHERBEID ARG, EZARAS
Obvious & F A= A= X 51 B 4% ( Generative Adversarial
Networks, GANs) QIfEM4 K (CEME5 - 1 - U
KHAR) BIVES, UWIE 2, ALl 43.25 JTEITHIM
AL, XTI T N TR RRTE AR BT STk ) sl o

UENS SEEC Y

“Portrait of Edmond de Belamy”



FAa1E ol

BT RAE . N TR 2R B P g N 255

SR K A A B 1k B R P DA B 22 R 8 XA 1Y
A, (HH T 22 5RO B . A
1, BF A, HEEA BIRZ 1 ZAREH P . Ahmed
Elgammal #& 1 f A X HLM %4 ( CreativeAdversarial
Networks, CAN ) PUIAS 25 e 5 HLAR Y 18] 7 fe i 22
Fhep— XUk, R A T 2k E R, RE T AR
AL LR VE 5 AR FRUE, SR )5 38 B bl A 2R L
fEdL, [RIE) CAN 27 2] T ik K2 RG22
FAMEHAE SR, AT A & PR A4 o

CAN 1 Colin Martindale* "t T —F0 B 2%
HIp— REZZIAREEF N AR HENIEA . 38
FURUAE R 5 AT %8R, {H K 22 B B3 2 U 25 (0L
ARSI NI CAN TE A B AR bl 1 1 7 v — T 1
A EARRHIREE , I —J5 T AR AL, A5 4H
RURE R R ) 2 3 AR P . XA CAN 2R LA i
(I 3) fEHA A CH “ZORENE” W FRb A2
RS, HAEG T 75% 09 AT HAE o 2 I
T AR 5E R

22 AIERESERITHEES

FAT TR RETE AR ST i [ E VRS AR,
RLEBAFOT T HBO it =% . Bk e

W] H AR 55 N TR BEREAT AR I R s ik 3h ey, o
W AL A i, #RT B — i A B R
NS o ISR — 7 AT LA B IR AL 2 i R
I R, 55— 1 3 a Xk R B Rt ) Ak B
IR, AT IIAS 14055 FR T AR il e Sk ) /N
SN T 5 22 5 T R P9 A1 el X K 2l LT L
PE” WUH ], E s SRR BB R R B, A
TR AR LR TARG:, SRIEBOT IR BT
LRI, SR )5 e e (5 B P SR IO B RAAE , 7 A —
MO ICRE; 2RSSR, [T
R TR A AR eI, JRAS A P PR
WA B AR (CJEBE” Bt EiodiE 5 5o ] UL K
4)o WERBTFE e S R A AR B R B R T —
AR A S AR R LT S B EE A, S
B AL oE 25 [R1HES | (R A RE 45, R4S & B
W7 3R A OB AT B AR B 18 BE Y BT AT )
73— 77 W BT IR 55 IR 2 T, X Til

Z Mo PR, BN BB, MREE 3R
PR P g5 P AT D 5, 3 e v Ae
R BARBATIZIR . JF R ANECE S i B 2 (Y,
SAE T LSS o A P S 5AT 9, S R A
%5 o NTRERERISIAACAT LR AESEHAZ 8 | 3B

K3 CAN A fEdh
Fig.3 Works generated by CAN

(i)

GBS Fk

K4 “BEBE” Bt s & os )

Fig.4 Design data integration example of “Luban”



256 1 %

T

2020 4F 3 H

Swim(¥7ik)

predicted palette(FHill i %)

groundtruth palette( 2 52 k)

Mango and Grapefruit(T= 5l T)
predicted palette(Fiill i 4% )

groundtruth palette (B Sz %)

]

K5 i OB E BRI I (R

Fig.5 Creation of palette based on semantic color extraction

BiE, wARMIE B RIE N2 ooik . S E S
T, CESRTHA PR [ AR BRI se ik .

CARRBEHESG RN TERAEZ AR
N PRI S, R SO LN T BEAE (0 A XUAS
WA E R Ry bR i — P N TR B S
EARBITEE G BRI BE .
23 AIgmgEBSX&ZITHNER
231 NTEBEES OB RN

B, SRV bR, SRR AT o Y
PP i XA S A S ARVE M B i B R
PE L NE A8 PRHIE o BRI B R AR AR
F BRI, e A28 H o A 06 60 B0 i SE AR 2L
£ WU —FRRIE, EB T A SRR R,
2 ZARAE i DX T T AR — R A o o AR SC
BEUIN T B AE Bt Fn XU R g 1 R R 461, 43 b T
B REAE BT ) N FH T 5 o
2.3.1.1 i XEA IR

P — B, NS0T DR S B sl i
SEEE A R F R, XORE T DU A AL ik e I ZE AR
pi AR L R ()1 S8R . A T U et P o € Al 3 3k
MR, BT LALEMLAR A R0 27 > B0 FD SCAR 22 [B) (1) 56
F, AR, AT DR KRR R St seR, Jf
Wt s E ek, FE it 2N
Text2Color V4 4t T — Fi SCA 9K 2y 1) 37 €2 B A 1y
%, HEE WA KA TN 4 ( Conditional
Generative Adversarial Networks, CGAN ): SCAFI|
AR e Y AT S B S R R R U i N S T U
sequence-to-sequence Fx AR B SCAN 1 A= R (68,
AT SE B A SCAS 2 I v AR 3 i A el i | i 9 i
SO AR R I AR, T S SR ORI R e A DL ] 5
23.12 EgRER

FE B R B AR vl R AR B, G — BRI
P, MZEME ARG RRANTHEZES, B
PREE G ST o 75—, AEURE S O] IFE
PRFFZAR R TE R B9 FEhb L A i 3 A 0 A A
Iy, ¥asE T BRI B, A TR REAR B 1.
R, G €6 [0 A7 338 i XOLAR (1) A0 o B 7 T o7
KL E , RIEEGE A r T 4k B el E BRI
HAEM,

Ko KEEANEORE

Fig.6 Colorization results on gray-scale image

1) AZhEM, X HemAin g s
ETAE, ATERNSS, v A TFEALE 2= K
HERATR TIER R ‘g5, UKERKRANE
BB, SORE AT LS BB 9K 3l 1 [ 3 € fifi
LA G S B 4 ) G 51 36 6 TR R MK [T B
o R R RR IR AL, ds S R A W 4%
( Convolutional Neural Network, CNN ) LIsZHEE 4
Ao O, KIEERHEORZEILE 6, HiE 6(a)
oG E A, 6 (b)) by Jt G R 1 o B 4%
Kl 6 (c) A HEOBERE,

2) 2 H M, Paints Chainer J2&{#i ] Chainer )
A T E, TR Ao RE LA, A5
ORI DO AR AL ER
578, (AT ZRELAIN, KL BR G548
G071, Mizg B AT LLSS A I e A5 I o
T2 AR, WMadsa N TR A, e
XA R TR AR B, IFAEAS b R 45 SR fil T i
ENRFE B R AR 35 B H AR . Paints
Chainer P HEE/RE WK 7, K 7 (a) RIWIIHZ
fieg S P ez il i —se R s e bnig, &7 (b) WA
RAEBHRAE .,



FAa1E ol

o N TR RELE ZAR BT i L] 257

[ ]
[ ]
J 2 .q .
< N 0 9 ;
. 'N WS
2 ) < b‘§

@

[l 7  Paints Chainer -3 H 5 /R &
Fig.7 Semi-interactive colorization with Paints Chainer

73— HAE AR T LURSE H AR (i
HEUREHE @, 41 Chang H %5 AP i —Fh ik
1 k BEREEAT RIS, SRHURER N EZE @, Jf
ARAEBLTT Il 25 5 B IR i, A2 AR T H AR AR

B ORISR, EEREGREILE S, HpE
8 (a) MIEIGEIR, K 8 (b) alkEIE ST K
WE, B8 (c) NP g Hir@k, & 8
(d) NEHE @R BORE

2.3.2 N T REAE I 4 KUK v % 107

23.2.1 BEMERIEITHE

IEATFT SRR, N T8 e R B NS
FE I RS 3T 0 A R X A AR B AR ek
T2, BRI — ok KU 5 R — 5k H AR P 25 FUR it T 7%
A, BRI A R — R KU 5 N TR A
1%, iR R 45 SR R BE AR B AR 92 R BT AR
ik R, EA X BUR R OF | SRS E R, 1
TR R R 2R, RS TR R B ILE 9,
HrpE 9 (a) MiEGEE, B 9 (b) AMRIEEIE,
9 (c) NRIBIERAYLE R ER.

K8 JHEHE RS

Fig.8 Palette-based colorization

K9 KAsTHRE
Fig.9 Style transfer examples



258 1 %

2020 4E 3 H

A

%K
X
%

AR XL

."‘“ "l\

Lsg,;

B 10 B AU A il

Fig.10 Fashion style generator

A 11
Fig.11

555 1) IS T8 B 2 30 A 1) i e TS T S
Leon A. Gatys %5 A\P37E 2015 4E{fi Ff CNN SZEL T X
FEIER , O IEEH—VORE 1 28 I 25 5 A KU 1 A% 408K
ZIRRATE AR Z0, A i B 2t ] LA R 5
TR AS ) 75 SR A BA AN [ 118 KUK 1 PN 28R AIE
2.3.2.2 B XU 2B K

WUHE 78 22 0 1 T 5 56 Ak 2 B T4, Fashion
Style Generator™> i A\ T4 REAR AR i & 3107 FH H 43t
THATRE . FH P4 A e G OR B v XU (SR
ot FH B oy XU A 22 ) 246 2 2 S B AR B EL AT R AL
& 04 BB B, I ELAT LALR B3 55 AR IR 2B A AL 1 k=
Beit, TR A R e b, R 1 XU A B D P
10, iz FH N T B DL 1 038 (], DA JRUAR LT
% B e A= JF 4R i — B 52 B 5& i, T Fashion Style
Generator [ H B A5 A T8 REFE B i €0 3k 1) aF
— R B E T B

JUE B RN RS 1 R IR 2O R, (e S0 ik
ek ¥ o i 2 B A o R IR I i e
22 1 RO R €, At T R A ) R € LD
LEREE N E, M. SRR B, A Bl
FHESEE IR AMIEEDT, WE 11, HE s
Xof R SC AR ARG AL AR A AR RS Bl o 7] s A% 45 R Ak
M AE KU b 0 L — 6 2% 27 350 28 XU — 7 T 1] ok
PR RS SELTIRE , 53— v Tt nT UL 7R p A
SCAR AT SRR

BRI T, ke Y IXURS 0200 T ) €% AR A 25
%, BCERRTIRS . Ry R IR T, AT

TitAIR] Ee R e £ 5 X A
Split floss embroidery and clothing of the Miao nationality in Shidong

REA B T B E AR AR A R A
3 AIggRItREmN=
3.1 EHESHHBETHMHEIEZIT

RS AR i 35 ) — R 2 R R 4, T —
DI AT AU A A e AR R IR T AT X B 43T Y
wE, BIRN T ARSI A AT A AT 4l
(EBLHE N — T TREE R AR A PRl 5 12 SR, 7E
PRI PEI | PR ZAER BRI IROE T, RGBT e
PR AL R b IR TN, TRl S e BT R P A7 A
KA B EE R AT, B Ul — S48 X0 A ik ] 2 S 1
SrECULIE 12, NCRHITSAL, e Ak B E A u
SEVEBAE L N B

1E 2017 4R S AT AR 2B, (L
o CRPAG S HLAR Y He ) SRIE AR5 AT
REMISCR, B TAE R AN FIHLES 7 20 LEILIE 13,
RZ TAEWVF2 i TGS S ok, Az
5ROk, BN TS5 ERAE, HLasrl6E
BRI R b i o TN T3 TAE, RIEHL
wmSHEAR, NS5 Ee R, B2
S IR A A B R, PR 2 5 et
W2 RIARILE-5 AR P FEIVE, HLas5 AN B
TAES

BESLYNCHIE R R W U P S g 7 p
LS5 B RO AL T Bt m i A= A 8, Ok
P T BT A A = RCR . RBAE IR RYRCR M,



a1 Aol

BT RAE . N TR 2R B P g N 259

ERWESI55 )
fr BAb3
EyzEbeS

EERE M55
Wi

BRI

EH

0

= A
- L2

21%

Bl12 Bl — R A TR ik 1) 23 i 7 23 L

Fig.12 Percentage of designer’s distribution of working hours per day

JRiHLEL

60.79%

B3 st TAER AR ALES i 70 L

Fig.13 Percentage of human brain and machine
in design work

EERBUEREEE R, EOR R, gt maR
RIBORLF . dTRE, (HX T —28 “Pgs” 7K
U BRI TRIRE 28 R, A IR 2 5 7 KON BT HE i
)R B0 ™ 5 A7 oMb 8 P 1 55 P 8 9 A B A
i, AEAEATT Bl RSB RCR , TR 5 20 i A i
R B UL T REM 2k A5 5K , BT LRI B0 T il
YNGRt S LA T R B IR BT AT LA B s ol 2=
Ak BRIX SE PR BT YA 55
3.2 RAPITASZH TRANEHIZIT

B TR IE A, I — 5 TR AL
PR S5 2Y R L BOR H 22 A,
PP R Bt S R BRI SR R A TAR KRGS,
MAEGREEIL X, BT RTEH N AR,
PR IHG T ) R 5 A2 78 ) T S 0 5 T % B 3R
o] A I Y S 1

R g RO P 5 B = P A A A AR T,
RIVF P (9 2001 i A 206 AL 1, AR GE R BT AR I
R i B SE R | BB S AL B, B
Bt E A A PR R RS R, RN T AR 2 5E
PECT, A GE et 5 BUARBETT (97 il 75 5K 22 57 L 4]
14, PP RS N 1 & 2 2 QAT
FAAE R, RIS T, RBLI XA
(1 GRS X
[ 5 A A BT ] DU S 0 S . AT
RE Y P S AE T 0 AT DUBE XA i DR H B — @ L
FRPERBOR UEAT R e, AR5 TP 2 Mty 7 X
RZ R AR, AT BERY 5 I AALAT

&4t

MR
Bl 14 AGEBiit S BB il R 25 5

Fig.14 Product demand difference between traditional de-
sign and modern design

AR 25 KA AN T AL B AR , [7] A mg A 3o A
oG BEAT A B B, ORISR, Z IS PR
o5 BASME B, AR RIE ™ & i A
PE”, AT LA™ iR B 2 RO 2 5 AR

3.3 M. XHSHEMEERIRIT

Af & — A SR TG I FSE R EREE, N TR AR
FHE T TE A6 VRS BR A M 52 i) 25 1) ) B o — 7 TRTZE P 2
Wit e B2 RiIGSESH 2SS, 55—t
W i A TT DLz R 68 43 AT R AR DR A R B R A
T, TR E AR, WD R . AR AR
M 7 22 3N T8 BB AR 1 s ) ot R o AN T 3
2 [E B ¥ S Tommy Hilfiger 5 IBM R4 2 i 35 5
A2EBE G 1E T Reimagine Retail i8530 H , ¥ IBM
Research [ T8 8 T H H7E Tommy Hilfiger i —J7
HTE 0 (AT IR ATFRTHMESR ), LUk
H AU b 3 5 A, DT 4R R S s A
J . B RN R T R SRR T R . Google FI
DR B 2% HE B 6 B Zalando B AU S8 H Project
Muze W BEGE 45 FH 7 5 A H AT 2%, Project
Muze ‘B PS4 ILIE 15, Google Z5& @ . il . #X
KEFNH Z R F TR X = TSR, [k P aT
DIARYE A 16 I iR B 2 TS N T 28 o o S48 45 FI A
TLRKERIH H Google B ka5, Fids
¥ H Zalando.

Bl N SCEAR BT R R , B i 2 AN = BT R
ek | MERRY IR, O Z A E AL 5 Sk
JCE AT W BT, DB A oA i SO AR 7k . SC



260

= T &

20204E 3 H

Projeét Muze

Zalando

15 Project Muze ‘B M SZ 4
Fig.15 Project Muze’s official website examples

SEZ 3k

b ert &k By — IR, U H AR ok |
TR T4, AR T AT, R AL
LARRAL AR KGR T TE . (2017 47 Hp [ 5B M+ 304k
LIRS ) o, XEAZMIES, WERA
IR R SCARHS 2 AN W RO Y R SR AR A . AR g Sk
BB AP AL, TRV BEH AR B 4 AN AT
DRy o N TR BELH SCIR AL 7R SR T R2HL, M
JERUR R B PR, B BURF AT B . i
BRI I AFF 5 g 0B 40 S0 9 7 BB T T A e B A A % )
AT ek b “SE/Kk™, N TR REMSI AT
SCARAG AR TN B A AR AL T L Bk SCA TN = ) SR
UL, A WEEE 20 ANl . T “—a—I%" LW
Ak, FEMEI LR AR

4 £5iE

N T REME A IEHE S B #4725 AR AL . 1
A, N A RE S LUl ok Y fie KA A2 T LA
B S BURAR  E E T A, DL —LE[E R 2
ARFIIT 0 MRZEAR ZARRYE SORFE , Il
D T AR B 2R — S TR A R
J17, BT RERE H A S A n] fe B QBT
2 S B R A) AR o AR A BT A T THE T AE
IR, AT ERZ LA IRl UM A 2 iRk
PEATBET o A AT AR ST E IS8 AR 72 S5 Fe B Y
it SHRALEAT LA A A s AR R i H

BEOE IR F G 3RS, THEALE AT LSRR A5 38 43 1
W b i

N TR BEAE B AR AT, — 5 T AR 5
PRk S BTSSR, 75— T7 T Al LA B
TEFEAT AR B I 19 B 2R AT B T A TR e
PR G ERM G, Frid 54— L8 N TR fEAE
Bt B SEBR T, HER T ARk N T R 4T
Foolb ik ZAER], it 7 i &k AR R 2k
AR, ERTERAR BT [R] I 2 ok TR A SR X

Qg A 2 NSRBI R, Rk

(1]

(2]

(3]

(4]

(5]
(6]

(7]

(8]

[9]

[10]

(1]

5. 2017 Bt SHLEE RE A 1], ISR, 2018(1):
72-73.

FAN Ling. A Brief Introduction to the 2017 Design and
Artificial Intelligence Report[J]. Time+Architecture, 2018(1):
72-73.

WOER, My, TR TR BEAE S B T A R
LR TE SRR I]. 154 TR, 2018, 4(1): 4-12.
DAI Guo-giang, GAO Fang, XU Feng. The Bottleneck
and Future Research Prospect of Artificial Intelligence
in Practical Application[J]. Technology Intelligence En-
gineering, 2018, 4(1): 4-12.

ROSENBLA F. The Perceptron: A Probabilistic Model
for Information Storage and Organization in the
Brain[J]. Psychology Review, 1958, 65(6): 386-408.
WHITE B W, ROSENBLATT F. Principles of Neuro-
dynamics: Perceptrons and the Theory of Brain Mecha-
nisms[J]. American Journal of Psychology, 1962, 76(4):
705.

MINSKY M L, PAPERT S A. Perceptron[M]. Cam-
bridge: MIT Press, 1969.

LECUN Y, BOTTOU L, BENGIO Y, et al. Gradient-based
Learning Applied to Document Recognition[J]. Pro-
ceedings of the IEEE, 1998, 86(11): 2278-2324.
MADDISON C J, HUANG A, SUTSKEVER 1, et al.
Move Evaluation in Go Using Deep Convolutional
Neural Networks[C]. Banftf: Proceedings of the 2014
International Conference on Learning Representations,
2014.

CLARK C, STORKEY A. Training Deep Convolutional
Neural Networks to Play Go[C]. Florida: International
Conference on International Conference on Machine
Learning, 2015.

TIAN Y, ZHU Y. Better Computer Go player with Neu-
ral Network and Long-term Prediction[C]. U. S. A: The
4th International Conference of Learning Representa-
tions, 2016.

CAZENAVE T. Residual Networks for Computer Go[J].
IEEE Transactions on Computational Intelligence & Ai
in Games, 2017(99): 1.

DYSTER T, SHETH S A. Ready or Not, Here We Go:
Decision-Making Strategies from Artificial Intelligence
Based on Deep Neural Networks[J]. Neurosurgery, 2016,



a1 Aol

BT RAE . N TR 2R B P g N

261

[16]

[18]

(22]

[23]

78(6): 11.

GOODFELLOW 1 J, POUGET A J, MIRZA M, et al.
Generative Adversarial Nets[C]. Massachusetts: MIT
Press, 2014.

WANG H, Haan J D, Rasheed K. Style-Me: An Experi-
mental Al Fashion Stylist[C]. London: Springer, 2016.
FERRUCCI D. Build Watson: an Overview of DeepQA
for the Jeopardy! Challenge[C]. California: IEEE, 2017.
HrR, TAUR, BRI BTN RE M XS TR E A
TE I RO B8 [T]. 2646, 2018(1): 104-107.
DONG Sun, DING You-dong, QIAN Yun. Application
of Al-Based Style Transfer Algorithm in Animation Special
Effects Design [J]. Art & Design. 2018(1): 104-107.
o, JEWL, R4, SF. BT OKED A SRS
@[], hEELEIE R, 2017, 22(3): 405-414.
MENG Yi-ping, TANG Fan, DONG Wei-ming, et al. Photo
Watermark Automatic Typesetting and Color Match-
ing[J]. Journal of Image and Graphics. 2017, 22(3): 405-414.
IS, hEAE AL WP S50 HD]. B @it
K%, 2018.

DU Xue-ying. Research and Application of Al in Chi-
nese Calligraphy[D]. Hangzhou: Zhejiang University. 2018.
PRGN, S med. KBRS T E RS R
BRI, AL T RE, 2015, 36(8): 6-9

CHEN Zhi-gang, LU Xiao-bo. Reformation and Devel-
opment of Information and Interaction Design Based on
the Big Data[J]. Packaging Engineering, 2015, 36(8):
6-9.

SO G TR S B R 22 (7). 240, 2002(3): 60.
YANG Wen-li. Computer Tools and Decorative Pat-
terns[J]. Zhuangshi, 2002(3): 60.

Pse. IR N ER SRS ZAREARHI KR T
FELI]. FHAER (PN SCZR), 2011(1): 86-87.

MIN Liang. Research on the Relationship Between Tech-
nical Art and Artistic Technology in the Background of the
Times[J]. Young Writers (Chinese & Foreign Arts), 2011(1):
86-87.

ko, BT ZAR BT HEFE[D
2%, 2002.

ZHANG Li. Digital art Design Research[D]. Wuhan:
Wuhan University of Technology. 2002.

WLC. fER TR ZARBRITFE — A F 25
[J]. Z&MMH, 1995(6): 15-17.

XU Yi-yi. Traditional Tools: An Important Aspect of Art
Design Research[J]. Zhuangshi, 1995(6): 15-17.
TS, X Ash. FREHLEARTE AR B Hee
R EEE[T]. KEEA, 2012(5): 185-186.

YU Li-na, LIU Shao-kun. The Importance of Computer
Technology in the Teaching of Art Design[J]. Big Stage,
2012(5): 185-186.

TR, T A6, VgL N TR REAE 2R B i 1
55 0]. #it, 2018(12): 104-105.

XU Shuang-shuang, DING Wei, BEI Dian-hui. Applica-
tion and Breakthrough of Artificial Intelligence in Art
Design[J]. Design, 2018(12): 104-105.

ELGAMMAL A, LIU B, ELHOSEINY M, et al. CAN:
Creative Adversarial Networks, Generating “Art” by
Learning About Styles and Deviating from Style Norms[C].
Hong Kong: The eighth International Conference on

CRDG R TR

[26]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[38]

Computational Creativity, 2017.

MARTINDALE C. The Clockwork Muse: The Predict-
ability of Artistic Change[M]. New York: Basic Books,
1990.

YANG X, MEI T, XU Y Q, et al. Automatic Generation
of Visual-Textual Presentation Layout[J]. Transactions
on Multimedia Computing Communications and Appli-
cations, 2016, 12(2): 1-22.

B B AR R A B B[],
2015, 36(8): 1-5.

QIN Jing-yan. Grand Interaction Design in Big Data
Information Era[J]. Packaging Engineering, 2015, 36(8):
1-5.

RICE. A F U R & % W ST 91 [T]
2013(9): 162-163.

SONG Wen-wen. The Subjective and Objective of Col-
our[J]. Design, 2013(9): 162-163.

CHO W, BAHNG H, PARK D K, et al. Coloring with
Words: Guiding Image Colorization Through Text-Based
Palette Generation[C]. Germany: The European Confer-
ence on Computer Vision, 2018.

IIZUKA S, SERRAS E, ISHIKAWA H. Let there be
Color!: Joint End-to-end Learning of Global and Local
Image Priors for Automatic Image Colorization with
Simultaneous Classification[J]. Acm Transactions on
Graphics, 2016, 35(4): 1-11.

CHANG H, FRIED O, DIVERDI S, et al. Palette-based
Photo Recoloring[J]. Acm Transactions on Graphics, 2015,
34(4): 139.

GATYS L A, ECKER A S, BETHGE M. Image Style
Transfer Using Convolutional Neural Networks[C]. Iran:
IEEE, 2016.

CHAMPANDARD A J. Semantic Style Transfer and
Turning Two-bit Doodles into Fine Artworks[J]. Arxiv,
2016, 23(9): 51.

HUANG X, Belongie S. Arbitrary Style Transfer in
Real-time with Adaptive Instance Normalization[J]. 2017(8):
1510-1519.

JIANG S, Fu Y. Fashion Style Generator[C]. Australia:
IJCAL, 2017.

L. R P AR A (R 5T (D).
B, 2010.

LI Ya-jie. Southeast Guizhou Miao Clothing Color Study[D].
Beijing: Beijing Institute of Fashion Technology, 2010.
B5, AR RBE EAE OK 3 Y AR AR
[J]. 03 TR, 2017, 38(12): 136-140.

LUO Hao, HE Ren-ke. Evolution of Design Innovation
Driven by the Big-Data Thinking[J]. Packaging Engi-
neering, 2017, 38(12): 136-140.

Wit 5 A TR L. 2017 &5 A T8 g
[EB/OL]. (2017-04-29)[2018-10-15]. http://www.sheji.ai/.
D&AI LAB. 2017 Design & Artificial Intelligence Re-
port[EB/OL]. (2017-04-29) [2018-10-15]. http://www.
sheji.ai/.

XA BT P AT R o3 52
Drma: AR, 2013
LIU Hua. Study on the Product Design of Soymilk
Maker Based on User Behavior Analysis[D]. Jinan: Shan-
dong University, 2013.

(e

it

Jest: JbatiR

FHL” ST IEFE [D



