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Subspace Learning

J. Zhu, et al,
CycleGAN, ICCV

Chen, et al,
FaceSketchWild,
ACCV

Traditional Method4 Sparse Representation . i
1
’ :
. 1
| Graphical Model P Isola, ct al, V. Patel, et al,
pix2pix, CVPR PS2-MAN, FG
Traditional Method : :
2003 . 2015 12017 12018
—_—— g = . — .
H I I I
! I I I
1 1 1 1
i 1 1 1
X. Tang, et al, L. Zhang, et al, X. Gao, et al, S. Zhang, et al,
EigenTransformation, FCN, ACM ICMR DGFL, 1JCAI pGAN, JCAI
Iccv 1

M. Zhang, et al,
Corse-to-Fine,
AAAI




HXxTITAE

pix2pix(conditional GAN)

E1& 2 E G EFERE

U-Net(G)

L,(G) = Ex,y,z[”y — G (x,2)l4]

Legan(G, D) = Eyy[logD(x, y)] + Ex,[log(1 — D(x, G(x, 2)))]

D D
— fake = .‘" real

LRI SR LR PR E s B E G RO B R
| BIHIRIRESINTHIRE Legan

tim: MEECTLIR%, MUURKREE ARG EMEH, |
 SHREGEM—, HHBIAREEEH

BRR: 23 ARTS5RAEMNEIE, A THMEARE

_______________________________________________________________________

Phillip Isola, Jun-Yan Zhu, Tinghui Zhou and Alexei A. Efros. Image-to-Image Translation with Conditional Adversarial Networks.

CVPR 2017.



HXxTITAE

CycleGAN  E{R2|EGEIFERE

G ® oG
Dx Dy * Y N A ® Y~ | X ]
t G o F | F
X /~\ Y X o Y X Y eycle-consistency
\_"/ cycle-consistency | ,..-\ —> "\r---"" loss
F loss * .\ﬂ__ 1 ___/.
(a) | (b) | ()
Loan(G, Dy, X,Y S e — S -
o Y[JD()Hﬁv log(l—D,GCryy)] | BME: BRRLIK, (UEMARHIRALRA ML RE
7 PaaraEOTE I Baopaara OB Y 1%, RESIAT—BIRE, ERSREEEMNAR0ER
e, S3B) , MEROKERE (B, ) |
LGAN(FJ DXrXr Y) !
= Expaaia 09Dk N+ By piaran 081 = Dx(COM 4 o oo chpminmsnin, smif 2 RIS E

Leyc(G,F) %, BRAE

= Expanta0 IFG0) = xli] + By pauain IGFON =YIi] | g, g TLIHAR, EMESHERHES

Jun-Yan Zhu, Taesung Park, Phillip Isola and Alexei A. Efros. Unpaired Image-to-Image Translation using Cycle-Consistent
Adversarial Networks. ICCV 2017.



Attention Transfer Z0iRiF#

groupl group?2 group3

— A AT AT

AT loss AT loss AT loss

—WW T WW W

_________________________________________________________________________________________________________________________________

R AT, WARMERNRZEE, RREESEN—MFR. XMAEMRAARME DM, RisEIZ
NBILG, fERNEMEAERRS AR NE—BItEMER, MOMENEHE.

RSB : HAFREIBAZATORAIANMNE, EERATEGEK? EAER?

Sergey Zagoruyko and Nikos Komodakis. Paying More Attention to Attention: Improving The Performance of Convolutional
Neural Networks via Attention Transfer. ICLR 2017.



i P T[] I 4% B9 A\ B 18 4R 5 o

Motivation
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Loss -1 econstruction
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Our X| Reconstruction Collaborative Y Reco]ilstructlon
Loss Loss 0SS
] |
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Photo Latent Space Sketch (b)



Method

L(G,F,Dg) =

Ex,y,z [logDg (x, Fsyp1 (v, 2), ¥)] +
Eyz[log(1 — D¢ (x, Gsupa (%, 2), G (x, 2)))]+
Esy z[I1Gsup1 (%, 2) — Fsup1 (v, 2) ll1]

Ex,y,g[”G(x» z) — yll ]+
N

S PEIRIHRS

L(G,F,Dy) = /

Ex,y,z [logDp(x, Gsyp1(x,2),y)] +

Ey,z[log(l - DF(F(yJ Z)' Fsubl(y: Z): Y))]—i—

Ex,y,z[”Fsubl(y' z) — Ggyp1 (x, 2)|14]

Ex,yj[”G(y: z) — x||1]+

Mingrui Zhu, Jie Li, Nannan Wang and Xinbo Gao. A Deep Collaborative Framework for Face Photo-Sketch Synthesis. IEEE TNNLS 2019.



pix2pix

-

CycleGAN  Our Method Ground Truth

Average SSIM score (%) on the CUFS database and

the CUFSF database BRSNS
Methods CUFS(%) | CUFSF(%)
pix2pix 49.39 39.65
CycleGAN 49.61 34.56
Our Method 52.44 42.24

Face recognition accuracy against variations of the
number of dimensions reduced by NLDA on the

CUFSF database.
0332 =
Our Method v \%U =]
*.._ NLDAonCUFSF_

80

701

23
=]

50

Recognition rate (%)
B
o

.,

LLE
= MRF
MWF
FCN
pix2pix 1
CycleGAN
Our Method|

.
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The reduced number of dimensions
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Method

Teacher-P: Pre-trained VGG-19

‘n. m'
-
=

-

Teacher-S: Pre-trained VGG-19

. Up-Conv (stride=1/2)
—— = |:| SE-ResBlock +
\ o I Dilated Convolution

Knowledge Transfer

Block

Stu-StoP

Knowledge Transfer
between Two Student

Mingrui Zhu, Nannan Wang, Jie Li and Xinbo Gao. Face Photo-Sketch Synthesis via Knowledge Transfer. [JICAI 2019.

- Nl ‘ 3 g, Snasiiesmar s o s
— HIRIEH H l s+ l - Conv (stride=1) ;
i : 7 '
_ a4 |
: / Stu-PtoS e - Down-Conv (stride=2)
: u-Pto l !

from Teacher to Student |
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Comparisons

pix2pix

Ground Truth

CycleGAN  Our Method

Average FSIM score (%) on the CUFS database and

the CUFSF database BRSNS
Methods CUFS(%) | CUFSF(%)
pix2pix 0.7363 0.7283
CycleGAN 0.7219 0.7088
Our Method 0.7373 0.7311

Face recognition accuracy against variations of the
number of dimensions reduced by NLDA on the

CUFSF database.

Our Method

80 -

~
o
T

NLDA on CUFSF
T T T

.,

ARG

Recognition rate (%)
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s CycleGAN
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ENRG

O E2xBE: ZEIENIEEKNEEHRE, HRENREL TEMRERERENRE, B
BRI A RE

BengioF A2t TBNN, [ ZhouZr AFEBNNAYE AL | LinF ABERFZ M EHERE

: : - . — sl I\_\ll _}_l< = 0 A=A A]r S
EIVINERAEII A ZEH. BT "] F SRV IE A I . ITIECRIEIE &R E SRAERE.
BNN DoReFa ABC-Net
for k =1to L do . .
W} « Sign(W}) Weights: ) 1 Weights: )
S — ﬂ.i’._lI'Vf o= fF(r,) = 2qua.ntizek(—tan (re) +-)-—1 B; = F, (W) :=sign(W + u;std(W)),:
. 2max(|tanh(r;)]) = 2
aj +— BatchNorm(sy. 0) Activations: Activations:
if & < L then : "
al + Sign(ay.) fE(r) = quantizey(r). ATl y N
eﬂ(el“f':li'f QuantiZeK T Te= ﬁround(@k — 1)7‘1’) C"‘HW(W' R) = Conv (:Z:l By, ; ﬁuAn)

TRBE

> EREEGRTUUUARTEGRSHX B EENEE, MxEENTERESIHIS TS
s BTN RZE R ERNT,

> ZPEUERMBKMS ESZBNERNSHBENTEERE.




HXxTITAE

O ERBE: BRESUNBTEGESHRREZES, XAT—MET _EUNENEZRE
FHEEIRERA .

D residual blocks

Ik3-ruﬁds1 k3nG4s1 k3nBds1 k3n256s1 k3n3s1

A

skip connection

Bl AIENERENERNERN_EH.

HRPBA:

> GMEHRERITT E10, MRBPRIFIEEIRANEBERE. MEFTSZIRENZ
EUEME, EERTENRERETD RN,

> ZENERIEXNTEGESRBEERIR, HE4EZR




1. ZH|IFFEMTEFZRARS], BREGREIHRMEZASEUERN A TIRITE SRR
B9, (FA—HMeE® EER MR/ NFEER BN G A, BEEGEBSYHESHEE _EK
REMREFERNNAMNE,

Algorithm

2. B EUEZERBETERGRESHERE
BIES EMELUAEIHERIRUR |

> BlREDHESX THREE R ENKEIE;
> MFIRBRTT R




O EARE: RH—MEREGESPHESHRAEWN A, B aEMNEEENTG RZELE
FARBEENRNRE, EERABEGEZREMRE.

Quantization of Weights/
Activations

ayer. er
Binary Weights/ —
Activations in Layer2 ' (&3] ‘
.

1
]
p, © ]
Binary Weights/ 1 ) . . . I
N - antization function 57, Element-wise product (with Seale n
Activations in LayerN ' @ ‘ & wee & ' : Qu gnO P ( )

: — Full-precision activations —— Full-precision weights

With With With 1 . o .
1 Full-precision activations or weights . .

it a IR 1 P < &  Element-wise addition
h m Layer n

> B—NET ZEHEMEEUEFRFHEEIAZER WEIRB T HREEZT(E.

> R T —MECE RIS, %LH G BRITIE K ERSSI —EERB 2B E SRR,
ERSINTIMEBESHRVBE A T EZRHA TIRA TR

Xin J, Wang N, Jiang X, Li J, Huang H, Gao X. Binarized Neural Network for Single Image Super Resolution . ECCV-20



EWEA

FEMIEM

Methods

Set5 Set14 Urban100
PSRN SSIM PSRN SSIM PSRN SSIM

Scale

SRResNet_Ma et.al.
SRResNet_BAM

x2 35.66 0946 31.56 0.897 28.76 0.882
%2 37.51 0.956 33.03 0.912 30.79 0.915

SRResNet_Ma et.al.

x4 3034 0864 27.16 0.756 2448 0.728

SRResNet Bicubic SRResNer-BNN
SRResNet_BAM x4 31.57 0.883 28.16 0.769 24.30 0.755 (PSNRUSSIM) (20.96/0.522) (21,97 0590)
Seth Setld B100 Urban100
Methods Scale
RN SSIM PSRN SSIM PSRN SSIM PSRN SSIM
ShtResNet x2 3776 0958 3327 0914 3195 0895 31.28 0919
Bicubic *2 340660 0930 3024 0869 2056 0843 2688 0.840

SRResNet _BNN %2
SRResNet_DoReFa =2
SHResNet_ADBC %2
SRResNet _BAM %2

3521 0942 3155 0806 30064 0876 2801 0.869 RN DR SRReINeLABC SRResNel-BAM
b el-Dolela b s el ENEl-
36.00  0.950 32,09 0902 31.02 0882 2887 0.880 (22.59/0.615) {33_-]l_.- 0.612) (2291 -"_(,;g;

36.34 0,952 3228 0903 3116 0.834  29.20  0.891
37.21 0.956 32.74 0.910 31.60 0.891 30.20 0.906

SIResNet =3
Bicubic x4
SRResNet_BNN x3
SRResNet_DoRela x3
SRResNet _ABC %3
SRResNet _BAM %3

3407  0.922 3004 0835 2801 0.795  27.50  0.837
30,39 0868 2755 0774 27.21  0.739 2446 0.735
3118 0877 2820 0799 27.73 0765 25.03 0.75
3244 08903 2899 0811 2821 0778 25.84  0.783
32,69  0.908 2924 0.820 2835 0.782  26.12  0.797
33.33 0.915 29.63 0.82T7 28.61 0.790 26.69 0.816

SRResNet x4
Bicubic w4
SRResNet_BNN x4
SIResNet_Dollela x4
SRResNet _ABC w4
SRResNet_ BAM =4

3176 0888 2825 0773 27.38 0.727  25.54  0.767
28,42 0810 26.00 0703 2596 0668 23.14  (0.G58
20,33 08260 26,72 0728 26,45 0.692  23.68  0.6G83
30,38 0862 2748 0754 26,87 0708 2445 0.720
3078 0868 2771 0756 27.00 0.713 2454 0.729
31.24 0.878 27.97 0.765 27.15 0.719 24.95 0.745

SRResNet SRResNet-BNN SRResNet-ABC-Net SRResNet-BAM(Ours)
(W-32 A-32) (W-1 A-1) (W-1 A-1) (W-1 A-1)

Xin J, Wang N,

Jiang X, Li J, Huang H, Gao X. Binarized Neural Network for Single Image Super Resolution . ECCV-20
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X. Xu, M. Yang, et al.
MCGAN, CVPR

] .
E. Zhou, H. Fan, et al. S Zhu, S Liu. et al. : Y. gg;’{;;(ag%?}{a .
BCCNN, AAAI CBN, ECCV ! —
T -
! i | 2017 i ! 2019
+ : 4 ! ; .
I I
2016 . 2018 |
1
O. Tuzel, Y, Taguchi, et al. H. Huang, T. Tan, et al. Xin Yu. et al. Chih-Chung Hsu et al.,
GLN, arXiv 2016 Wavelet-SRNet, ICCV AEUN, CVPR SiGAN, IEEE TIP
1 —
| I
. 1
Xin Yu. et al. Xin Yu. etal.
URDGN, ECCV TDAE, ECCV
BCCNN: Bi-channel Convolutional Neural Network
GLN: Global Local Network TDAE: Transformative Discriminative Autoencoder
URDGN: Ultra-Resolving by Discriminative Generative Networks FSRNet: Face Super-Resolution Network
CBN: Cascaded Bi-Network AEUN: Attribute Embedded Upsampling Network

MCCGN: multi-class GAN SiGAN: Siamese GAN
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O BEAXRBE: oM, FHEEFEMERRFHERNBEANF A EREIGRRE.

Hich.R | 4x GN | 8x GN
Fully Connected Concatenation Convolutional N es.
Reconstruction deconv4 fc-512 deconvs fc-256
fc-256 fc-256
Low-Res —_ fc-512 fc-256
Image fC—(lQS X 128) fC-(128 X 128)
concatenation concatenation
Deconvolutional |4 Layer LN (LN4)[6 Layer LN (LNG)[8 Layer LN (LN8)|
convb-16 convh-16 convb-16
\ conv7-64 conv7-32 convTr-32
convb-16 conv7-64 conv7-64
conv7-32 conv7-64
convh-16 conv7-64
T conv7-32
Global Upsampling Network (GN) Local Refinement Network (LN) convh-16
convb-1 conv-1 convi-1

ERPES

> éﬂtS}é*iﬂ?%EPE’\JéLT%FE’J*?&?&%ﬂ-ﬁﬁ%j{ XA 1 B A AR HABL S o
> NEEGNERLEAZEARNLRESR, AERNSMXBERZRERK.

Tuzel Oncel, Taguchi Yuichi, Hershey John R. Global-local face upsampling network[J]. arXiv preprint arXiv:1603.07235, 2016.
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32

Crmnoetbm
- " Filter size: 3x3
Filter size: 3x3
2 128
Q l’ Decode[ ] » STI'\I1 »

> E’lﬁﬁ'ﬁ%)\ﬁ%}&ﬁ?ﬁ

Forward

ss0] |enydassad
3 Ayaejiwys Aysuaqu)

=
I s
m '"p"ts Resldual B!ocE o Deconv_2 :3 E’J %AXE l’/( ER ?I:ﬁ ﬁ ?
Upsamphng Network B 3 E,] E L SZ%
o P i P S SEEET L ,
Attribute Vectora | Replicate each dimension .
i T T S S S ; 'l"";'szﬁt:;;;;; """ ' """"" > EGHIRmE AT
ilter size: |:| =|= £ e
E Dlm_lOZd Fllter size: 5x5 i E,J 1:$ l‘$$£1EE o
i Real: 1 Dir‘n:é‘ R. E a Filter::e: 3;3. Fllte;:;e i; " V oo ‘ i Y—i}lra_iﬁ =% I:I:l , 1%
| e [ 2080 |y 00 ¢ e ; chif R A T EIGE
1 i i EERESTERK
I Concatenatuon Mca‘)’(nSOglﬁ(lg Input HR face : Eﬁ ur]
‘\ Discriminative Network Mca?‘““,’oés,f,g (real hlhallucmated h),

---------------------------- - - - -

Yu X, Fernando B, Hartley R, et al. Super-resolving very low-resolution face images with supplementary attributes[C]//Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition. 2018: 908-917.
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Facial Attribute
Capsules

o ——

> SHANETEENRTAZAMEL, ETRENRTIREEBA R PHTESETSH
FRAAFNIE A BT SI AR X o

> iR ARBRMRERIIEXEBEMGR S HEANHEXN T AREIT T ENEEAEL,
T IREMEWMEEREEEM

Xin J, Wang N, Jiang X, Li J, Gao X, Li Z. Facial Attribute Capsules for Noise Face Super Resolution. AAAI-20




Methods Performance Methods Performance
Bicubic 0.8058 BCCNN 0.8570
URDGN 0.8212 GLN 0.8580
Wavelet-SRNet  0.8820 TDAE 0.8680
AEUN 0.8694 FACN(Ours) 0.8922

Methods Bic BieN BBieN
PSRN SSIM IFC PSRN SSIM IFC PSRN SSIM IFC

Bicubic 2398 0.6505  0.6588  23.13 0.6088  0.4497  21.09 0.5329  0.3457
BCCNN 25.29 0.7135 09524 2394 0.6615  0.6677 2221 0.6154  0.5453
GLN 26.04 0.7427  1.0783  24.01 0.6718 07179 2245 0.6365  0.5758
URDGN 24.54 0.6785  0.6981  23.80 0.6444  0.5502  21.01 0.5482  0.3650
Wavelet-SRNet  24.43 0.6891  0.7835 2395 0.6768  0.7270 2248 0.6428  0.6035
TDAE 26.29 0.7411 1.1523  24.16 0.6778  0.7321 2281 0.6511  0.6211
AEUN 26.37 0.7477  1.1605  24.24 0.6801  0.7535 2283 0.6514  0.6254
FCAN (Ours) 26.79 0.7684 1.2515 24.61 0.7009  0.8060  23.14 0.6714  0.6775

Target Input

URDGN

GLN

Wavelet-SRNet

Wavelet-SRNet

TDAE

TDAE

AEUN

FACN(Ours)

FACN(Ours)

UANBR AR N IRE, SIE
B AR, RITBNGERERRS
FOIRAERRER .

BEEIREFRIEM (NEER) ,
EZARREHEZARHIER,

(2) (L)

Xin J, Jiang X, Wang N, Li J, Gao X, Li Z. Facial Attribute Capsules for Noise Face Super Resolution. AAAI-20




J. Caballero, et al.
VESPCN, CVPR

) ) I
R Liao, J. Jia, etal. AggelosK. etal. I M. Sajjadi, et al. M. Haris, et al.
DESR, Iecv VSRNet, IEEE TCI ! FRVSR, CVPR RBPN, CVPR
: . ! H 1
ey 1 : 2017 i'"": : 2019
! : ! { : ; L
1 1 — |
2015 1 2016 I 2018 ' - :
1 1
! D. Liu. et al, Y Jo, S. Kim, et al S.Li, B. Du, et al,
Y Huang, L. Wang, et al. Learned Temporal DUF, CVPR FSTRN, CVPR

BRCN, NeulPs

DESR: Draft Ensemble Super Resolution

Dynamics, ICCV

X Tao, J. Jia, etal.

SPMC, ICCV

BRCN: Bidirectional Recurrent Convolutional Networks

LTD: Learned Temporal Dynamics
SPMC: Sub-Pixel Motion Compensation

VESPCN: Video-ESPCN(Efficient Sub-Pixel Convolutional Network)

FRVSR: Frame-Recurrent Video Super-Resolution
DUF: Dynamic Upsampling Filters
RBPN: Recurrent Back-Projection Network

FSTRN: Fast Spatio-Temporal Residual Network
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b » Warp = I
(" Motion _
[ > estimation
I{‘R ,  Spatio-temporal
. FEsPeN
|—>[ Motion
[ estimation
4 S| /LR
I > Warp | [

HRPBE:
> BRERRENTEIMEINBEARBMS, SaEAMERREME/REREEE T,
> BRAZIRAEDERGE NSHEMREH T e BREEMNZR M AR EAIEZMIES.

Jose Caballero, Christian Ledig, Andrew Aitken, Alejandro Acosta, Johannes Totz, Zehan Wang, Wenzhe Shi. Real-time video super-
resolution with spatio-temporal networks and motion compensation[C]//Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition. 2017: 4778-4787.
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s Fr 1

[I -2, Fl,’ -2, Ir]

Initial Feature
Extractlon

*E?élﬁf

R25, FSHRFEBMESE—MEREIELEF.

Each Projection Module

TRPA:
IEKBIREIREZNEITEEREKR, ERERMTEEK,

> HEMELEENH N ESEWEZRFHRZIR,
MTTHFE T IRARIT E ZIR RS IS HERIRIL
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Alvorith Accuracy Accuracy
B (EPRIP) (PRIP-VSGC) Agorithms Al
Fisherface ([46]) 35.30% 21.87% coutacy  Aconracy
MCWLD ([47]) 24.00 % 15.40 % PCA ([48]) 2.80%  8.40%
SSD-based ([37)) 53.30% 45.30% CBR ([30)) 5.73%  18.80%
Transfer Learning ([3])  60.20% 52.00% VGGFace ([49]) 9.33% 31.07%
P-RS ([16]) 22.13%  49.33%
CNNs ([43)) 65.60% 51.50%
DEEPS ([39]) 80.80% 54.90% DEEPS ([39])  31.60%  66.13%
Baseline 79.73% 64.53% Baseline 80.27% 97.07%
SCA ([32)) 78.13% 66.40% SCA ([32]) 82-673' 94-273)
k-RF([33]) 80.93% 68.27% k-RF([33]) 83.73%  97.20%
ILR (Proposed) 83.47% 68.67% ILR (Proposed) 84.53%  98.13%

Table 1: Rank-10 recognition accuracies of the state-of-the-art approaches and our method Table 2: Recognition accuracies of the state-of-the-art methods and the proposed iterative
on the E-PRIP and PRIP-VSGC databases. local re-ranking method on the UoM-SGFS SetA Database.

Liu D, Gao X, Wang N, et al. Iterative local re-ranking with attribute guided synthesis for face sketch recognition.
Pattern Recognition, 2020.
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AP
Comparison with state-of-the-art methods on NJU-ID
Comparison with state-of-the-art methods on CASIA NIR-VIS 2.0 dataset (rank-1, £).
dataset [rank—L %} Method Accuracy Method Accuracy
PCA [60] 23.00 CSR [22] 29.30
Method Accuracy CCA [70] 20.30 CDFE [20]  24.60
MvDA [24] 16.50 CMML [25]  20.30
CSR [22] 33.80 D-RS [31] 28.20 HMLCR [71]  27.70 ESPAC [6]  20.80
KDSR [72] 37.50 PCA+HCA [7] 23.70 CML [27] 30.90 DLFace 43.46
LCES [73] 3540 H2(LBP3) [74] 43.80
C-DED [?5] 65.80 CDFL [?5] 71.50 Comparison with state-of-the-art methods
Gabor+RBM [38]  86.20 Recon.+UDP [76] 78.50 on forensic sketch dataset (%).
CEFD [77] 85.60 TRIVET [41] 95.70 Method Rank-10  Rank-50
VGG-Face [69] 62.09 CNN [65] 85.90 PCA [60] 6.07 12.68
IDNet [78] 87.10 SeetaFace [79] 68.03 Fisherface [60]  10.71 17.14
CenterLoss [80] 87.69 Lightened CNN [81]  91.88 D-RS [31] 11.21 20.80
IDR-128 [51] 97.33 DLFace 98.68 G-HFR [5] 18.21 31.96
DLFace 40.73 57.64

Peng C, Wang N, Li J, et al. DLFace: Deep local descriptor for cross-modality face recognition. Pattern Recognition, 2019.
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TABLE I TABLE IT
RECOGNITION PERFORMANCE (RANK-10, %) BETWEEN PHOTO DOMAIN AND COMPOSITE SKETCH DOMAIN ON THE =~ RECOGNITION PERFORMANCE (%) BETWEEN PHOTO DOMAIN AND COMPOSITE SKETCH DOMAIN ON THE UOM-SGFS DATABASE
E-PRIP DATABASE AND PRIP-VSGC DATABASE

Accuracy on subset A Accuracy on subset B

Method Accuracy on e-PRIP  Accuracy on PRIP-VSGC Metbod Rank-1 Rank-10 Rank-1 Rank-10
Fisherface [61] 35.30 21.90 PCA [61] 2.80 8.40 5.33 9.87
MCWLD [35] 24.00 15.40 HAOG [76] 13.60 37.33 21.60 4227

SSD [73] 53.30 45.30 CBR [22] 5.73 18.80 7.60 2547
Composite-Components [74] 70.10 61.60 LGMS [77] 21.87 51.20 4347 73.60
TLDNN [41] 60.20 52.00 VGG-Face [78] 9.33 31.07 16.13 48.00

CNN [75] 65.60 51.50 D-RS [37] 2213 49.33 40.80 70.80

DEEPS [1] 80.80 54.90 D-RS+CBR [62]  25.87 56.00 42.93 75.87
DLFace [59] 82.80 74.60 DEEPS [1] 31.60 66.13 52.17 82.67
AADCNN [72] 76.40 72.30 DILFace [59] 64.80 92.13 72.53 94.80
Proposed 84.60 77.12 Proposed 70.16 94.60 73.83 95.10

Peng C, Wang N, Li J, et al. Soft Semantic Representation for Cross-Domain Face Recognition. IEEE Transactions on
Information Forensics and Security, 2020.
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Zheng, et al, . Ji, et al, Hao, et al, Hou, et al,
Deep Zlecrg-\lgaddlnga cmGAN, IJCAI HSME, AAAI AlignGAN, ICCV
i ! I !
i ! | l
1 1 | 1
1
I 2018 1 2019 !
: ? t :
2017 i e aaatt i
= |
X. Lan, et al, , 1
TONE+HCML, !
HCAI Hao, et al,
DFE,
i ACM MM
! i
X. Lan, et al, , :
BDTR, AAAI !
Shin'ichi Satoh, et al,
D?RL, CVPR
TONE: TwO-stream CNN NEtwork cmGAN: cross-modality GAN
HCML: Hierarchical Cross-modality Metric Learning DFE: Dual-alignment Feature Embedding
BDTR: Bi-directional Dual-constrained Top-Ranking loss D”2 RL: Dual-level Discrepancy Reduction Learning

HSME: HyperSphere Manifold Embedding 74
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Wu, A., Zheng, W.-S., Yu, H.-X., Gong, S., & Lai, J. (2017). RGB-Infrared Cross-Modality Person Re-Identification. ICCV-17.

75



ETNENARAFHRENERSITAERA

Feature Extractor Feature Embedding
A A
~ — ¥ O — >
e > Identity Loss
MaxPool [~ RelU [~ | RelLU rw
FCN >1Q S S > Q > §
Dropout ~
Dropout — \
N Visible Images Shared Ranking Loss
MaxPool |~ RelU |~ RelU g /
FCN 19 > S > Q > = T |
Dropout Dropout N —>{ Identity Loss |/ [Ss& <--> Intra-modal
~ <€—> Cross-modal |
N Thermal Images Dual-Path Network Dual-Constrained Top-Ranking

> E%E{F)ﬂ; TREHEZERMIURMEHITHHER T ERARR, ERNERARAEFHREIGIRE
1TE.

Ye, M., Wang, Z., Lan, X., & Yuen, P. C. (n.d.). Visible Thermal Person Re-Identification via Dual-Constrained Top-Ranking. [JCAI-18
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Dai P, Ji R, Wang H, Wu Q, Huang Y, Cross-Modality Person Re-identification with Generative Adversarial Training, [ICAI-18 7
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Wang G, Zhang T, Cheng J, Liu S, Yang Y, Hou Z, RGB-Infrared Cross-Modality Person Re-Identification via Joint Pixel and Feature Alignment, ICCV-19
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Comparison with the sate-of-the-art methods. Different query settings
CMC(%) and mAP(%)
Datasets RegDB SYSU-MMOI Visible to Thermal
Methods =1 =10 =20 | mAP || 1=1 =10 =20 | mAP Methods r=1  r=10 r=20 | mAP
HOG 349 3322 43.66 | 1031 || 2.76 1825 3191 | 4.24 TONE+HCML | 24.44 4753 56.78 | 20.08
MLBP 220 733 1090 | 6.77 || 2.12 1623 2832 | 3.86 Zero-Padding | 17.75 5642 67.52 | 31.83
LOMO 0.85 247 410 | 228 || 1.75 14.14 2663 | 3.48 BDTR 3347 5842 67.52 | 31.83
One-stream 13.11 3298 4251 | 14.02 || 12.04 49.68 66.74 | 13.67 Ours(HSME) | 41.34 65.21 75.13 | 38.82
Two-stream 1243 3036 40.96 | 13.42 || 11.65 47.99 65.50 | 12.85 Ours(D-HSME) | 50.85 73.36 81.66 | 47.00
Zero-Padding 17.75 3421 4435 | 1890 || 1480 54.12 7133 | 15.59
TONE 16.87 34.03 44.10 | 1492 || 1252 50.72 68.69 | 14.42 Thermal to Visible
TONE+XQDA 21.94 4505 5573 | 21.80 || 1401 5278 68.60 | 14.42 Methods r=1 r=10 1=20 | mAP
TONE+HMCL 2444 4753 56.78 | 20.80 || 1432 53.16 69.17 | 16.16 TONE+HCML | 21.70 45.02 55.58 | 2224
BCTR 32.67 57,64 66.58 | 30.99 [ 16.12 5490 71.47 | 19.15 Zero-Padding 16.63 3468 4425 1| 17.82
BDTR 3347 5842 67.52 | 31.83 17.01 5543 7196 | 19.66 BDTR 3272 5796 6886 | 31.10
Ours(HSME) 41.34 6521 75.13 | 38.82 || 18.03 58.31 7443 | 19.98 Ours(HSME) 40.67 65.35 7527 | 3750
Ours(D-HSME) 50.85 7336 81.66 | 47.00 || 20.68 62.74 77.95 | 23.12 Ours(D-HSME) | 50.15 72.40 81.07 | 46.16

Hao Y, Wang N, Li J, Gao X. HSME: Hypersphere Manifold Embedding for Visible Thermal Person Re-Identification.

In Proceedings of the AAAI Conference on Artificial Intelligence 2019 Jul 17 (Vol. 33, pp. 8385-8392). -
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O +f5’j . AN ERNERASHIEESYSU-MMO01F1RegDB L #B#EER1S T SRS HUSI R %’Eﬁ
F IR T X IRA MO IR RS TFEEEEER . EXENNMRIEATE
% S 8] A X 55 3 A] LA B RUIR S RS AEm%m&ﬁEO

s L N LSRN
7ERegDBHIIEFE E 5SOTAF JERIRTEL, AR FESYSU-MMO1_E5SOTATTFERIXTEE, CMC(%) and mAP(%)
N Ed 2L
lﬁmﬁ% ﬁ E‘J%% o CMC(%) and mAP(%) all-search indoor-search
Method single-shot multi-shot single-shot multi-shot
rl rl0 r20 mAP rl rlo r20 mAP rl rio r20 mAP rl rio r20 mAP
Method Rank1 Rank 10 Rank20 mAP HOG+Euclidean | 2.76 | 18.25 | 3101 | 424 | 382 | 2277 | 37.63 | 216 || 322 | 24.68 | 4452 | 7.25 | 475 | 29.06 | 4938 | 351
HOG+CRAFT 259 | 17.93 | 31.50 | 424 | 3.58 | 22.90 | 3859 | 2.06 || 3.03 | 2407 | 4289 | 7.07 | 416 | 27.75 | 47.16 | 3.17
HOG 13.49 33.22 43.66 10.31 HOG+CCA 274 | 1891 | 3251 | 428 | 325 | 21.82 | 3651 | 2.04 || 438 | 2996 | 5043 | 870 | 4.62 | 34.22 | 56.28 | 3.87
GSM 17.28 34.47 45.26 15.06 HOG+LFDA 233 | 1858 | 33.38 | 435 | 3.82 | 20.48 | 3584 | 220 || 244 | 24.13 | 4550 | 6.87 | 3.42 | 25.27 | 45.11 | 3.19
; LOMO+CCA 242 | 1822 | 3245 | 419 | 263 | 19.68 | 3482 | 215 || 4.11 | 3060 | 52.54 | 8.83 | 4.86 | 34.40 | 57.30 | 447
LOMO 0.85 2.47 4.10 2.28 LOMO+CRAFT | 2.34 | 18.70 | 3203 | 422 | 3.03 | 2170 | 37.05 | 2.13 || 3.89 | 27.55 | 48.16 | 837 | 2.45 | 20.20 | 38.15 | 2.69
One-stream 13.11 32.98 4251 14.02 LOMO+CDFE 3.64 | 23.18 | 37.28 | 453 | 470 | 2823 | 43.05 | 2.28 575 | 3435 | 5490 | 10.19 | 7.36 | 4038 | 60.44 | 564
Two-stream 12.43 30.36 40.96 13.42 LOMO+LFDA 298 | 21.11 | 35.36 | 4.81 | 3.86 | 24.01 | 4054 | 261 || 4.81 | 32.16 | 5250 | 9.56 | 6.27 | 36.29 | 58.11 | 5.15
) ’ ) ’ ’ Asymmetric FC | 9.30 | 43.26 | 60.38 | 10.82 | 13.06 | 52.11 | 69.52 | 6.68 || 1459 | 57.94 | 78.68 | 20.33 | 20.09 | 69.37 | 85.08 | 13.04
Zero-Padding 17.75 34.21 44.35 18.90 Two-stream 1165 | 47.99 | 6550 | 12.85 | 1633 | 5835 | 7446 | 8.03 || 1560 | 61.18 | 81.02 | 21.40 | 22.49 | 72.22 | 88.61 | 13.92
TONE+XDQA 21.94 45.05 55.73 21.80 One-stream 12.04 | 49.68 | 66.74 | 13.67 | 16.26 | 58.14 | 75.05 | 859 || 16.94 | 63.55 | 82.10 | 22.95 | 22.62 | 71.74 | 87.82 | 15.04
) Zero-padding 1480 | 54.12 | 7133 | 1595 | 19.13 | 61.40 | 7841 | 10.89 || 20.58 | 68.38 | 85.79 | 26.92 | 24.43 | 7586 | 91.32 | 18.64
TONE+MLAPG 17.82 40.29 49.73 18.03 cmGAN 2697 | 67.51 | 80.56 | 27.80 | 31.49 | 72.74 | 85.01 | 2227 || 31.63 | 77.23 | 89.18 | 42.19 | 37.00 | 80.94 | 92.11 | 32.76
TONE+HMCL 24.44 47.53 56.78 20.80 Ours(baseline) 4313 | 85.37 | 93.67 | 43.56 | 48.60 | 88.94 | 95.63 | 36.92 || 45.24 | 86.40 | 94.75 | 53.75 | 50.38 | 02.02 | 96.98 | 44.48
BCTR 39 67 57 64 66.58 30.99 Ours(DFE w/o I¢) | 45.81 | 86.81 | 94.50 | 4637 | 52.26 | 90.58 | 96.14 | 39.76 || 51.32 | 80.17 | 96.46 | 58.73 | 57.97 | 92.42 | 976 | 49.66
: ) ) : Ours(DFE) 48.71 | 88.86 | 95.27 | 48.59 | 54.63 | 91.62 | 96.83 | 42.14 || 52.25 | 89.86 | 95.85 | 59.68 | 59.62 | 94.45 | 98.07 | 50.60
BDTR 33.47 58.42 67.52 31.83
A . . . . 3 A N A S 4t
HSME 131 52l 7503 388 BHRFERHFIIR, RENEMOLR, TENHRORRER.
D-HSME 50.85 73.36 81.66 47.00 .

Ours(baseline) 57.50 75.63 83.47 57.30
Ours(DFE w/o L) 64.18 81.48 87.84 63.60
Ours(DFE w/o Ly)  62.48 81.29 88.16 61.10
Ours(DFE) 70.13 86.32 91.96 69.14
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Metric Learning
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Ly_eri(XV, XT:E+ L,) = E max[(m + dbo . — dnd ), 0]
Laay(XV,XT; Ef, Dpy) = —Ev_yv10g(Dp(F¥)) d trl( f e) & yNH~xVyY) [( cross — cross)

+]ExT~XT(1 - log(Dm(fT))) + IE(xT’yT)~(XT’YT)maX[(m + dg;-)gss Zl:bgss) O



T IRSITME R A A -FAZIIMT AE IR F)
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gﬁgﬁﬁ%ﬁfigzﬁg)ﬂqﬁm U Rifih ] FESYSU-MMOI #4B R | SSOTATSSARIRTLL, BURGHRBA
TR 0 ° S IHLER . CMC(%) and mAP(%)

Method Rank-1 Rank-10 Rank-20 mAP
HOG [32] 13.49 33.22 13.66 1031 Method Rank-1 Rank-10 Rank-20 mAP
MLBP [5] 2.20 7.33 10.90 6.77 HOG [32] 2.76 18.25 31.91 424
LOMO [33] 0.85 247 4.10 2.28 One-stream [4] 12.04 49.68 66.74 13.67
One-stream [4] 1311 3298 4251 14.02 Two-stream [4] 1165  47.99 65.50 12.85
Two-stream [4] 1243 3036 40.96 1342 Zero-Padding [4]  14.80  54.12 71.33 15.95
Zero-Padding [[4]] 17.75 34.21 4435 18.90 TONE [5] 12.52 50.72 68.69 14.42
TONE+XDQA [34 21.94 45,05 55.73 21.80
TONEAMLAPG [33] 1782 4029 473 1803 TONECKDOA[34) 1401 5278 GA60 1442
TONE+HMCL [5] 2444 4753 56.78 20.80 BCTR (6] 1612 2490 147 1915
BCTR [6] 32.67  57.64 66.58 30.99 : . : :
BDTR (6] 3347 5842 67.52 3183 BDTR [6] 17.01 55.43 71.96 19.66
MANN w/o L4, 31.38 56.25 66.90 29.86 MANN w/o Lagy 2534 68.65 82.86 27.99
MANN(Ours) 4867 7155 80.06 41.11 MANN(Ours) 30.04 74.34 86.98 32.18

Hao Y, LiJ, Wang N, Gao X. Modality Adversarial Neural Network for Visible-Thermal Person Re-identification. Patter

Recognition, 107, 107533. %






