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A Common Framework for Interactive Texture

Transfer

Y. Men, Z. Lian*, Y. Tang, J. Xiao

CVPR 2018 (Spotlight)
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(1) BEEETIHER (2) SIS IR
SHRISE DEMLE

B M LA (CPD) HERFE&IE{E (TPS)
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EmENE BEE

Saliency detection: Context-Aware Saliency Detection [Goferman et al. TPAMI 2012] 15 ‘
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- 1 HEL FREEREIREY (pix2pix, pix2pixHD, cycleGAN,...)
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Al 4
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Labels to Street Scene Labels to Facade BW to Color

input output

rial to Map

input » . output

Image-to-Image Translation with Conditional Adversarial Networks [Isola et al. CVPR 2017 ] 17 ‘
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Ed:j‘E*E E zmln(ﬂlEsemantm(p q)+/1 Etexture(p q) Estructure (q))
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B (@) =l T (Ng) = Seer (FIN D IF - F(N})=7HAN +p H:z?nse cf)se

(2) SEEHETIN
Ecorhence(p’ q) :“ Tsty(Nq) - Ssty( f (N p)) ”2

(3) &5 SN

N! NI )2 AN i JLANG) € Qg - i
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struct i=0..w%-1
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- SEMAE

Algorithm. 1. Guided texture transfer
Input: S__, T ,S

sem? “sty

Output: T,
1: Compute T,

via structure extraction and propagation

truct

2: Create image pyramids S! _,T! ' S! T!

sem? “sem?! “sty? " struct

3: Guided initialize NN*™, T ™

4-lforscalel = L - 1to 0 do

I
5| {f&ﬁeﬁtﬁn_jzﬁt_orﬁ&) ________ 1| :
6 :: : NN' « search(SL, Tam: Sty Tays Tatructs NN} | o |
7: T, < vote(NN', S! | . . | '

I Ty ( sty) | teration | Image pyramid
g:! lendfor ] | (coarsest-
oy [if1<L-Ithen L | >finest)
101 : NN'" « Upsample(NN") :_»lmtlatlllze f(l)r |
next leve

1) | _TH < Upsample(ry) ] |
121  endif |
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Search — find nearest-neighbor field

Propagation [right, down, left, up]
Random search

Improved
PatchMatc
< h >

88

source image

target image

v

NNF(nearest neighbor field)
[X,y,0,7]
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- SEMAE

Search — find nearest-neighbor field

Propagation [right, down, left, up]
Random search

G—S O 0,
0—T 0 | g T
\ mprove | ' |
; ‘[ : PatchMatc . +
< h > i
target image source Image

NNF(nearest neighbor field)
[X’ y’ 0’ }/]
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- SEMAE

Search — find nearest-neighbor field

Propagation [right, down, left, up]
Random search

propagation in the direction of rotation
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- SEMAE

Vote — reconstruct target image

> 90 -
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- SCIOER  FinitsIRIRERIE

Input (path 1) Input (path2) Input (path 1) Input (path2)
° —
GO Gy 22se
a G 8 NOLM

P - 1§V W

Input (source) Outputl Output2 Input (source) Outputl Output2
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Input (text) Output (target)
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Input (source) Input (text) Output (target)
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DynTypo: Example-based Dynamic Text Effects

Transfer

Y. Men, Z. Lian*, Y. Tang, J. Xiao

CVPR 2019
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- SEMAiE
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- SEMXGE
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+ LKA
m {fidEE
B3I SHRE LR XREREE -> JMUE
(1) EFIEEONEILE -> 57513 SNSEREE (DEEIRED)

Direction Guided

0.2 10.05 001 Propagation

transform input
m—) 5 1 008

N

Patch similarity

y

~

7 9 04 [1 |
mage reconstruction

y

Weight map

Distance map

(2) ETERINBRXRBIEREL -> REERE
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« SCOOLEER SH b7kttt

Source frames

long-term
consistency

[Kwatra et al. 2005)

short-term
consistency

[Yang et al. 2017]
frame-by-frame

[Yang et al. 2017]
temporal constraint

[FiSer et al. 2017]

Our method

frame no,1  frame no.20 frame no.21 frame no.53 frame no.80 frame no.116




tHSHRE(2/3)

« SLOOFEER SHMITTENLL

ETRRPRSAENENTHER

. T-Effects!®’! Animation s

b [41] 3 [67] 1
Febs Flow T-Effects (w/ temp®* ) | Stylization!'®] ARSI

A 17.5 7.5 45.0 57.5 97.5

A WA B (%) 0 5.75 4.75 6.25 83.25
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Artistic Glyph Image Synthesis via One-Stage

Few-Shot Learning

Y. Gao, Y. Guo, Z. Lian*, Y. Tang, J. Xiao

ACM Transactions on Graphics (TOG)
(presented at SIGGRAPH Asia 2019)
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A few samples Synthesized glyph images

4 N BEF® K
¢ Y/ [AGIS Net} LPRS.
& A F INR KA
g, & ié —| AGIS-Net |—| Y &% 43 ™ .
F. X 7.9 & 4
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- fRBIHES

1] L]
content shape /;gi Shape Discriminator /;_;’E Texture Discriminator
’ =
/ output /] reali i real | ’i i
sz I /1 : /‘
& | 4 real / fake o real / fake
decoder i 0/: v | v |
‘ i i i \
L/' fake| £4 ) fake ! D,J
| P
l,/ I//
A NN . P
texture LIV Local Discriminator
’ A (’ Z =5 |
A A 4 A . [ 20 I
I 7 {t iﬁ?
=y TLE | i [ ‘ Bl 2L cut patch
:(i' | "‘Tf i encoder —9 decoder i v’; _bi 0/‘ g u/( :,/; i Lo real / fake
! / | ¥ conv e
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- S pkRREHE

* Two collaboratively working
encoder-decoder branches

 Special skip-connection

content
content concat _ shape
Ve i > >
( 18- ~H1 m-B
b : = & n g
style texture
¥ style ~__ texture
AL L hmm——— \A4
2 -l= ; encod decod ﬁ} + 6 o g El . g J g
F \ﬁ' | %1 convy | (I E)
P4 A% L7 bmme—l Output -
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- FlAlER4EH
* Adversarial training:

* Shape Discriminator D,

* Texture Discriminator Dy,

NN

real

!

TTTTTTN
N\
‘ \\\\
N
NN\

i —— e — — — ——

AN
AN

r]

3
T T TTTN

AN

AN
AN

AN

N

~ I

real

s TSR

3
‘ Qﬁ\\\\ N

Shape Discriminator

real / fake

Texture Discriminator

real / fake
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NI =TT1L=
- FIBIE24EHE
* Adversarial training:
Local Discrimina tor
real / fake
 Local Discriminator Dj,.q1
real
6/,11‘ L g
PRk
R
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- BiRiREY
e Adversarial loss
o L1|OSS
* Contextual loss
* Local texture refinement loss

L(G) — La,dv + Ll + LCX + Llocal

min max L(Ga Dshaa Dtea:a Dlocal)-
G DshaaDteacaDlocal
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- SEIOEESR

* Datasets
* Content glyph images

ABCDEFGHIJKLMNOPQRSTUVWXYZ

For English fonts

ook & IR Y R KOS IE B B LY R
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For Chinese fonts
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- SEIOEESR

* Datasets
* Synthetic artistic glyph images
English: 32,046 fonts with 26 characters (MC-GAN)
Chinese: 2,460 fonts with 639 characters

ABCDEECHTIKLY # "‘”’T,\, LR
ABCDEFGHIJKLM % %? :{(LE;
L N Y b 4 -Y)
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Datasets

* Artist-designed glyph images

English: 35 fonts with 26 characters (MC-GAN)

Chinese: 35 fonts with 7,326 characters
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a1

- SCOOFEER

 Competitors
* BicycleGAN [Zhu et al. 2017b]
* MS-Pix2Pix [Mao et al. 2019]
* MC-GAN [Azadi et al. 2018]
e TET-GAN [Yang et al. 2019]

e Evaluation metrics
* Inception Score (IS) [Salimans et al. 2016]
* Fréchet Inception Distance (FID) [Heusel et al. 2017] §
* Structural similarity (SSIM) index f¢
* Pixel-level accuracy (pix-acc) ff




iR (3/3)

o8

Pretraining Results
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Ablation Study

w/0 Liocal wiw M L—.@QNSV UW"VX‘YWZ
m FUK'S uwsz
RS TIUV)

Full AGIS-Net WF@WF T}ﬁ 1J KLMWWWURg H’WWWXYZ

5
g
.~
-y
¢l
! E: f
2
g
&l
7

SETTING IS FID SSIM PIX-ACC
W/lskip 2.3365 109.555 0.6584 0.5876
connection
W/ Ly and L, 2.4002 92.457 0.7063 0.6139
W/0 Ly, 3.2653 75.536 0.7219 0.6250

Full AGIS-Net 3.4046 74.567 0.7389 0.6241




AGIS-Net | 1 [@

MC-GAN

TET-GAN i

Ground tmth A, M I : [ : nn: :
AGIS-Net (A FR N N

MC-GAN

TET-GAN M@

tH5
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Comparison

Few-shot size n =5
Style input size m = 4
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- SEIOEESR

Comparison

USER
MODEL N FID SSIM PIX-ACC PREFER.
TET-GAN 3.6378 193.043 0.4772 0.4322 0.0523
MC-GAN 3.7867 98.922 0.6620 0.5713 0.2463

AGIS-Net 3.8151 73.893 0.7217 0.6249 0.7014
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R
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Few-shot size n = 30
Style input size m = 4

Comparison
Bz B B s T ihg B OER oty B2 3= S
Gomdwth [ B G A3 | WP FR F5 AR BN w2 X
: :ES 8V 7= T Un B 8B 5 B2 3= Sth
AGIS-Net /j- B2 S 43 ] U0 BB 58 9 BS 3% 49X
TET-GAN By s %J" e B B0 55 B4 & LB
=% ¥ owe PRI R T BN E’g’i’ E23
Wi 22& W
cmira 50 75 8 35 12 70, B, 12 % 2 66 &
d S | W AN v
' = :
sasve B IR 56 55 1o Bl #E &5 o B B
} } 2 ), 8 B B = ¢
maN MM FEBP L EEFIALER
MODEL IS FID SSIM PIX-ACC
TET-GAN 2.3285 165.308 0.3937 0.4775
AGIS-Net 2.1122 70.875 0.6116 0.7035
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FrEMATANER. ARES. SHTREGSH
v REIEXSE+BHEMESE [CVPR 20](oral)
v NREIRBEREE, ESAREMEERE (CVPR 21]

L ——1 A
attributes vector A AdaIN ResBlock
] .‘ \| J‘ =1 = == E!S

Res Res | AdaIN | Res Res | el | f& = F g 2|8 g 28 F;
oc Block Block ResBlock Block Block| ¥ g ’T’

Wavelet-based Skip-connection ; Wavelet-based Skip-connection

- - output —-l—
Wavelet-based Skip-connection F ; : [ | j_‘F i

JI Wavelet-based Skjp—connectionI Wavelet transform

(a) Wavelet-Based Generator G

::Ij\realf’fakc g:D—rcalf fake BDM
| predicted attributes
output ¥

output y Wamelet output §

(b) ngh -Frequency Discriminator D, (©) Image -Level Discriminator D, (d) Attnbute Classifier C
mEa L T T

————————a L

Somce 1 Semantics
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FrEMATANER. ARES. SHTREGSH
v REIEXSE+BHEMESE [CVPR 20](oral)
v NREIRBEREE, ESAREMEERE (CVPR 21]

%MM% B TR m

A

BeEg  pliEld, BEXETEE Tmﬂ'




B GeXFIE)

[1] Y. Gao, Y. Guan, Z. Lian*, Y. Tang, J. Xiao. Artistic Glyph
Image Synthesis via One-Stage Few-Shot Learning. ACM
Transactions on Graphics (70G). (presented at SIGGRAPH
Asia 2019)

2] Y. Gao, F. Wel, J. Bao, S. Gu, D. Chen, F. Wen, Z. Lian*.
High-Fidelity and Arbitrary Face Editing, CVPR 2021

[3] Y. Men, Y. Mao, Y. Jiang, W. Ma, Z. Lian*. Controllable
Person Image Synthesis with Attribute-Decomposed GAN.
CVPR 2020 (Oral)

[4] Y. Men, Z. Lian*, Y. Tang, J. Xiao. DynTypo: Example-based
Dynamic Text Effects Transter. CVPR 2019

[5] Y. Men, Z. Lian*, Y. Tang, J. Xiao. A Common Framework for
Interactive Texture Transfer. CVPR 2018 (Spotlight)

6] S. Yang, J. Liu, Z. Lian, Z. Guo. Awesome Typography:
Statistics-Based Text Effects Transfer. CVPR 2017

62‘




it

o

RIF3

e e e e

|||||||||

h\
3
7

it

AP FEHENGT RS



BEE

NFREARZUSHPIROER, NFERREIBRIRE]:

FIMAXEARTRNEREZRN— M EZHATAE

FHFHESMHEFCHA S RECRIT

AEIREREA, ERFEEY

NANNR

3703




- & )NFEREN. =27 -3 vember
S » EXHIBITION 28 - 30 November 2017
:Q< 4,  BITEC, Bangkok, Thailand

, AEGISTRATION




& CCF-CVEHEH

iLiR5eEe AR

:; ﬂtg)’..,,

PEKING UNIVERSITY




