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Creative Sequential Data Learning Method for Artistic Stylisation and Rendering System
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Abstract: Among various traditional art forms, brush stroke drawing is one of the widely used styles in modern computer graphic tools
such as GIMP, Photoshop and Painter. In this paper, an Al-aided art authoring (A4) system of non-photorealistic rendering is developed
that allows users to automatically generate brush stroke paintings in a specific artist’s style. Within the reinforcement learning framework
of brush stroke generation, the first contribution in this paper is the application of regularized policy gradient method, which is more
suitable for the stroke generation task. The other contribution is to learn artists’ drawing styles from video-captured stroke data by inverse
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reinforcement learning. Experiments demonstrate that the presented system can successfully learn artists’ styles and render pictures with
consistent and smooth brush strokes.
Key words: multimedia information processing; sequential data analysis; image artistic stylization; stroke-based rendering; IRL (inverse

reinforcement learning); policy search
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Fig.1 Automatic artistic rendering
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PSR 3 ANT7TH X B RE S ARG HIEAT R RN TIZIWEI, B 75 W THATF R 3 1 T ) Z AR K 1L
[ B 5 20 B8 7 B 6 A4 (agent) 5% 2] 5 1R S0 FRAE S0 B AT SR B A T SR 4R 5 XA R AE T 4% 1) . XUB B—
8 5 4 R AR 1) R, B AT B A HEE DR Ak [n] B PR g vk B A B ORI B0 R SCLRI I 388 AT DA A 4 T R B A 1 &
Guot T8 F R B [ I B RE 7 A B R R AR B S D R R s ) HOR R B — B B e LS B
W AR I

AL EETIRA W 4 5

(1) 2 H T I BT i V) 2 R 2 BRI SR AR S R AE SR B

(2) 2 H T30 1) A Ak 22 3] 1 B AT Y,

(3) # i %ET PGPE(policy gradient with parameter based exploration with optimal baseline)# 1F U £¥, 5 i 2%
277 LABE e RS 2 ST R IR R e 12

(4) HRT—EBEAGEIRNIIEBENZRKIEET R 5.

KRICE 1 EARRREA T E AT B 45 58 2 XA SRR K VR AT Sk i IR B 3 AR A TR
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stylisation)!®. % T2 fi (1) 2 #1 (stroke-based rendering, fAi Fk SBR)J7 202 M ok 25 A 22 1 ol 8 (147 3007 2. 1% 2K 07 1%
H1 35 [ 1 S WLRL 2 5K Strassmann {8 -1 8 VR 3 22 M 0 220 ) B L LA 7 2 B T 2R B AT ST LRE
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Fig.2 Overview of multimedia system for aritisc rendering (A4)
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Fig.3 Capuring device for creative process
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(2) H:T WA 2 R E AR PR ER 5 AR SR BT V5N T Re % T8 0k ot b X 28 RS Bl AT BRI, AR SCHR AR
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—BIRR e A T R U sRAR 5 2T ) R S Rk e —.
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Wt i B 5 3 T AR A
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=YE
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S,V J(p) I I T p, B
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2 7 13 2 2
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26 ST R G BT — S M, B (5 B RO, ) chi 5Lt B R 328 6. 340 14 2695 FL 7 580
A AT I
5 SRTEARRAS BTN B R SRR E S8
5 0 25 R UL 22 6157 VS o 2R 1 2 5410 5 BT 5 PRUK 5 5 93, 61 e 2R 2 P S0

i

BT REARG IR, Z T ARl F5 (k) s i 55 F I8 2% 3 (supervised learning) (47 4 7 [
(behavioral cloning) /7 2% i 45 2 7 51y 25 55 s, X LA AR et ot A BR A T 1) 82 4% 4 5 50008 190 J=3 358 s G 0 A A1 i,
FRAVHT 5 T30 15 346 2 =] (inverse reinforcement learning, fEiFR g IRL)Z8I R 5 T- 45 M AL BRAF 1 S R4 B 8
A B 7 v EL ot XU A — B0 B A A ORI B B ) L b AR S R Bl A AT A A 1 SR A P 4 1 R ) B
e AR AR A B8 R AR 1 0 DLIA 1 DL TR R SR I T B B 0 2 ok 1 e SR R H .
R 1k, A5 SR 308 1) 58 A 27 ST (IRL) O 5 R AR R VA0 B8 B AN R 24 IRL S0k fe i LB X 10
Wit 45 52 B R BRI (reward features) (25 1F T At I L6ty iF 44 SR AR 4R I o6 5010 2 B0 AT 15

A SR R AS REAE 55 3 25 0 1k 20 & B W 3 HRAE BTSRRI B AR R 5 S5 M AR AE @ FHCIR ASHRAE s #
MK, ® = g(x,Z,U;8), H i x A M4 B Hlbs e, BRI R 2SS 55— BURHEME S,Z 71 U R KR LK
MR Z BARARIC R R THE S 5 RO S5 AL E, U R R0 SO AE , 55— bR 2 00 TR TR 41F [7] At 0 10

SERALH 2 IR AR U B AR e 2 R Y

if vy=v,

R(s,a)=1 .
(1) {tG+(1—t)K, otherwise
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Hl, Gs, a) = @ ©(s,,a,) FRREE LR AE L R B oy B 5 BT Y 0, =10, 0,V 5 K RFEA A
TEE K, | = k(¢ 0,) NFFLE ¢, Fl g BOFIALE ¢ J9 55030 /2 0 <1 <1.

6 BRENImREANERETSRRRITSLH

BT BN HEM W Ge b B A 22w J7 I ER A gE B BB A )1 s SR IR 8 A & A B iR ER T
A SR R R BN B E ARG M RR. ZARTH P 5B B AW T 2 5, @i
TR B B A A EAE RN E TR R 2R R BT sk SR AREE 5 i B B TS S A I
B REL T RGUAR L, 1% R GEK AL AR UE ST P 0 [R]B, B2 A B AT 30 50 1 51 (1 XU A4 K@ B 1Y) 42 1 A Joi 8 5

TAVEH T a2 ARWE L & B ARG B R,

(1) T HTML 5 5 WebGL {158 .5 3. 5 21 T B8R4 IE7E B AL Be It PC st T A% 7 44 1) 2 3 L L BB )
ui A AR SCR AT HTML 5 1) WebGL R G816 J0 75 22 2548 14, B AT S0 LR 30 55 28 7 & 10 Q1) 2 A o ] [
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