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Werbos, P.. Beyond Regression: New Tools for Prediction and Analysis in the Behavioral Sciences. PhD thesis, Harvard University, 1974
Rumelhart, David E.; Hinton, Geoffrey E.; Williams, Ronald J. (8 October 1986). "Learning representations by back-propagating
errors”. Nature 323 (6088): 533-536.
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C3: f. maps 16@10x10
C1: feature maps 54 f. maps 15@5}{5
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s ABRAIBARSERF L2V AREEESE!

n FARFNERER (BEE)
ORL, Extended Yale B: 1990~2012 (A#i-0F40A)
n EIEIRRIER: 95%~99% [J.Wright et al, 2008]

- FERET: 1994~2010 (1196 A, & A2~53% &)

n HIEIHAIE: 99%~94% (Dup.l&ll) [S.Xie, S.Shan, X.Chen, IEEE T IP10]

FRGC v2.0: 2004~2012 (29500 A, & A50+5k &)

n FEIRE4% @ FAR=0.1% [Y.Li, S.Shan, H.Zhang, S.Lao, X.Chen, ACCV12]

LFW: 2007~Z4 (~57498A &, 1680 A Z T 25K &)
m IFABZR05.17% |
m IFFBZFR97.35% [
m IFABZ99.47% |
s IFFf%99.63% [

D.Chen, X. Cao, F. Wen, J. Sun, CVPR13]
Y.Taigman, M. Yang, M.Ranzato, L. Wolf, CVPR14]
Y. Sun, X. Wang, and X. Tang, CVPR14]

F. Schroff, D. Kalenichenko, and J. Philbin, CVPR15]
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ORL, Extended Yale B: 1990~2012 (AZDTF40N)

1 2 34E 4512 22 M 5% < FEE0.4%
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LFW: 2007~E 4 (~57498F 2, 1680 A ZF 23K )
m [Eff#95.17% [D.Chen, X. Cao, F. Wen, J. Sun, CVPR13]
» [E#H#97.35% [Y.Taigman, M. Yang, M.Ranzato, L. Wolf, CVPR14]
m IEfH#99.47% [Y. Sun, X. Wang, and X. Tang, CVPR14]
m IE§%99.63% [F. Schroff, D. Kalenichenko, and J. Philbin, CVPR15]
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| m Labeled Face in the Wild (LFW)
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Huang G B, Ramesh M, Berg T, et al. Labeled faces in the wild: A database
for studying face recognition in unconstrained environments. Technical
Report, University of Massachusetts, Amherst, 2007.
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m DeepFace(Facebook)
SEMZE, ABIDIEEMLTIALIE
WZEHE: 4KA, 4.4AMER
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[ REPRESENTATION ]

: F7:
-
Calista_Flo kh rt 0002/P9 izati 32x11x 11 3 32x3x 3 32 16x9x 9 32 16x9x! 9 16  16x7x7x16 16Xx5x5x16 4096d
Detecn’on & Localization @152X152x 3 @142x142 @71x71 @63x63 @55x55 @25x25 @21X21

DeepFace

[1] Taigman Y, Yang M, Ranzato M A, et al. Deepface: Closing the gap to human-
level performance in face verification. CVPR, 2014.
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FaceNet

(o)

Z} D. Kalenichenko, and J. Philbin, CVPR15]
.
P | DEEP ARCHITECTURE | |L2| =) (SPiEt
a o Loss
é Batch s
Negative f— N\
A"ch‘_:_'f____.--». LEARNING e
o o o Negative
—~® Anchor %
Positive Positive
N

S [I1£2) = @G = 1) - F@IE +al

1

FaceNetsh{EEATriplet Loss, JIIZx&E+2E5121980075 , SIRERsoftmax loss , I ET =FIAZI80051 ,

B7 (BgLE—NEETS10244 ) |, Mtriplet lossUAEEEIN S FHREE

n FEMNS (222 ) + B=8UEB00A A |, 2{25KEl& ) + Triplet Loss [F. Schroff,

=EZ/32GB



@ REEEEEMR, Fl1: SEASABEE
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View 1

View 2

View 3

Meina Kan, Shiguang Shan, Xilin Chen. Multi-view Deep

Network for Cross-view Classification. CVPR 2016.
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REEEEEMR, Fl1: SEASABEE

| = %}”ﬁ#uﬁu 53 17 R FE R 4% (MVDN)

Fisher Loss
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Meina Kan, Shiguang Shan, Xilin Chen. Multi-view Deep | IQ@ e
Network for Cross-view Classification. CVPR 2016.



@ REEFEEERA, fl2: KESHE

m[O)fn: JEIFEAR>EWIERAS
n Bi: B—EHIER/DREA)

m 3 E: Meina Kan, et al. Stacked Progressive Auto-Encoder
(SPAE) for Face Recognition Across Poses, CVPR2014
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n ABRAFARERR ERTENAREESSE!
n FARFERESE (BEE)
ORL, Extended Yale B: 1990~2012 (A #/LF40AN)
s BEI%IHRIZR: 95%~99% [J.Wright et al, 2008]
FERET: 1994~2010 (1196 A, & A2~53Kk &)
s EIEIRAIE: 99%~94% (Dup.l&ll) [S.Xie, S.Shan, X.Chen, IEEE T IP10]
FRGC v2.0: 2004~2012 (£9500A, & A50+35K [&])
s EIRER4% @ FAR=0.1% [Y.Li, S.Shan, H.Zhang, S.Lao, X.Chen, ACCV12]
LFW: 2007~Z& 4 (~57498 2, 1680 A T 23k &)
m [FHHZ95.17% [D.Chen, X. Cao, F. Wen, J. Sun, CVPR13]
s [FHHZE97.35% [Y.Taigman, M. Yang, M.Ranzato, L. Wolf, CVPR14]
m IFFH3R99.47% [Y. Sun, X. Wang, and X. Tang, CVPR14]
s [FHH%99.63% [F. Schroff, D. Kalenichenko, and J. Philbin, CVPR15]
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IEEE FG 201585 A\ IR 18 F =38

m {55 fsnvs#linl: 156G IE

T EXp. 1: Controlled case

~ Video-to-video verification
1 1920*1080 video captured by mounted camera

1Exp. 2: Handheld case

©1 Video-to-video verification
©1 Varying resolution from 640*480~1280*720
= Videos from a mix of different handheld point-and-shoot video cameras
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fas
HOG Dense SIFT DCNN
Method
Control Handheld Control Handheld Control Handheld
HERML 25.26 19.28 33.82 28.93 58.63 59.14
o o
-7 — CAS — | — CAS
—— Uni-Lj —— Uni-Lj
— SIT — SIT
© | —— Surrey © | — Surrey
S| — uTs S| — UuTs
LRPCA LRPCA
2 e //
© € o |
F S - 058 < 3 0.59 /-
® © ’
Q O
£ < £ /
L S L o //
0.31
N SV Ve
o o 0}/3//
10.10 ~— oos
g . Control Video g i Handheld Video
0.001 0.01 0.1 1.0 0.001 0.01 0.1 1.0

False accept rate

False accept rate
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m I:N (IdERBEeEREMNA, EARRER)
ZRBEEE: ~90% (EXEHRER)
m 1:136uF (EE AP, AINHE)
IT2EE) (99%@FAR=0.01%)

BMEVSIIZR A

s 751 FA/NE (~90%@FAR=0.01%)
m 17522 GAJRKE (~95%@FAR=0.01%)
[ %%3: ':F'7J(E|] (~85%@FAR=0.01%)

m 1:N+1 (AR RSP (EFEER)
LFW Open Set (596 A) : 90+%@FAR=1%
SiEFE1000 A : 50%@FAR=10° (A —BEAHZ—HIEEE
ISsER1IA AN : 10%@FAR=107 (J&M) —F Az —HIEER
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m Viola and Jones (2000)
AE O BRI gENLE,. REMKEL

AR RS

Haar-like feature + AdaBoost + Cascade
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OMAEYHE+DRSFFES] “BREE”
Déflﬁ#&fﬂ > 2 E2EEnd-to-end=x ]

“ETES>BESE (AR ANE S, L

A SR %
L
.IIP

= TﬂﬁBEa&Fyk"
OCheckEr B A] gEfAL & FIK /)N
1> Hcheckr] g i B FA A/
O -> B3 E FK N (EIER)

33 2016/11/7



20144F LRI ZTIT

AR RS

T S5

v

| RE (FE) 53] & BB[EIYS

[l



BT RS S a0

+ B = Region CNNAR%|
" R-CNN->Fast R-CNN >Faster R-CNN
pa I RCIVEIOA=
7 YOLO
n BE R ESRERENGS
FacenessNet

Cascade CNN (coarse-to-fine)
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#c® R-CNN (R. Girshick, CVPR14, TPAMI15)

m KES
1Selective Search/ =4 ZJ2K{x ik &

OB MEIE B HEE] 227227 FH CNNIRBUUHE
ISVM4rZE (+Bounding box regression)
m Too Slow!! GPUIEZE40+s

R-CNN: Region-based Convolutional Network

1 warped region

A SR %

ﬂ 1eroplane no.

T \\ :-D‘ pgrson yes.

: = tvmonitor? no.

1. Input 2. Extracd region 3. Compute 4. Classify
image proposals (~2k) CNN features regions
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#c2 Fast R-CNN (R. Girshick, ICCV2015)

] 18] B2 BYpooling TR A& B ARoI & O K/~ —[o] @
O MEIEROIE > TR AT7XT FE:7*7*512)

m SRS R
C1Softmax 3 (BT SVM)
1Bounding Box Regression

: Outputs: bbox
{Deep softmax regressor
I {ConvNet e s

Rol FC JFC
pooling

layer FCs
i

7188 §6) projectioﬁ\\
Y ol Conv X Rol feature

feature map VECtOr s conas

b‘—&}%/ﬁ ZA/—\EZ_‘@g H% ! 38
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Faster R-CNN (S.Ren et al NIPS2015)

m ARegion Proposal Networks# #tSelective Search(2-3s)

X HManchor boxes#l#l, EREEERNE LBEE, AKGFHEER)ESF
{EF#ITHrEFBBE YT
HoFhAnchor Boxes

« MR, 3MKEL . e
SHAE A /N 40X60 A f
B £8£40%60*9/ M% 1% 256-d
ER B E g :I-_- ( 30 O) El] _J. mtermediate layer

n FFES, RER :
5fps (GPU_L) \ \ l : ‘

shiding window

2k scores 4k coordinates <%= k anchor boxes

A SR %

conv feature map
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@ YOLO(CVPR2016)

Santosh Divvala, Ross Girshick, Ali Farhadi

n A E & XI5 ASXS grid
m Xtgrid cell 7

1 B bounding boxes: x,y,w,h

1 B1BBRIEE (conf.)

1 C class probabilities

O IR TUNKE
a SXSX(BX5+C) T Sxsgridoninput.

n W44 1R > K (777+2+5+C) <
B NMS%B/%R:‘{J? Class probability map

1 Non-max suppression

m IRER: 45fps (GPUL)

AR RS

Final detections
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@ CNN Cascade
u SHN L, Z. Lin, X. Shen, J. Brandt and G. Hua, CVPR 2015

n BRERGREAFMREFEIGIA

¥

fﬂ BB CNN>EZCNN>EE ZCNN

iy s #1 CNN: 1EHE+12EER, 12x12, $K4B =

8 » #2 CNN: 1EFBR+1LEER, 24x24, BSER%

I = #3 CNN: 2R +12EERE, ELHNERZ
3R

n 15E: FEFDDBABRREE L, 85.67%@fp=100
n 1 RE: 640x480[F|14fps (CPUL, &/ ARE80x80)
= JRE: 640x480[%]100 fps (Titan Black GPU)
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AR RS

REE S AT R R RIRFA (T A 90% L, F171:92%)

unding Box Regression (BBR)% 2

0 iBANEE TR ; BRTRNEE
EVINAZ Ay S R

s 5% T3—1L KRN, TRACIE, EMERZER
s IE: EE!XLME (hard negative miningfREZE)

m O] F]

SfEE .. £Z&50RYIRE o) jl
a CPU, FHl, 8r AR F/KACE R iR

1\

RE, KEHE. ERICBIBANRR
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€5 REFEET

n T ZHDCNNSLER R
Y1 Sun, Xiaogang Wang, Xiaoou Tang, CVPR2013

A SR %

Level 1

Level 2 - Level 3

1
Deep CNN F1 g* 1
Iml 1rm

lat dred 2

Deep CNN EN1

}'-l'l_f

|

a2 =

Deep CNN NM:II ni_3
B | 'ﬂT 3

mmL‘E je—ean et S
i . {_

led—€NN LE32 '

L reiennRm, , | ; _wﬁ,:uu.amz&

2 o ~ 31
_ww%_%—tgw s

46



€5 REFEET

m ETFZHBDCNNSL IR £
m ETFZ L Auto-encoderSEIfER £

AR RS
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n SEEERMNIFESEN T A
1 Jie Zhang, Meina Kan, Shigang Shan, Xilin Chen, CVPR2016

A SR %

DR : R ER]AMZE
- DA: KiEERZE
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n SHEEEENFHEREM A
Jie Zhang, Meina Kan, Shigang Shan, Xilin Chen, CVPR2016

A SR %
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@ SeetaFace5|ERV2HRL

m SeetaFace Detector
Funnel-Structured cascade
R GHFIE+ R ERZEF+MLP
m SeetaFace Alignment
Coarse-to-Fine Auto-encoder Networks
RERERFZ IR B TR EY
m SeetaFace ldentification
A CNN with 7 conv + 3 FCs
R BT 2%

A SR %




1. SeetaFacef&M|s§
n RSHEEIR R A R AE R

O XBIFE Brparallel, tree, or pyramid structure

A SR %

Fast LAB Cascade

Coarse MLP Cascade

Fine MLP Cascade

\
Shuzhe Wu, Meina Kan, Zhenliang He, Shiguang Shan, Xilin Chen. Funnel-structured cascade for multi-view face detection
with alignment awareness. Neurocomputing (to appear).



@ 1. SeetaFace# g%
= A

m e HEEE, FETREREMNEE
#1. Adaboost with LAB features

= Rapidly reject most non-face windows while keeping high face
recall

#2. Coarse MLP cascade with SURF feature
= Roughly refine candidate windows at low time cost

#3. Fine MLP cascade
= With shape-indexed SURF feature
m Accurately determine face windows

AR RS

Shuzhe Wu, Meina Kan, Zhenliang He, Shiguang Shan, Xilin Chen. Funnel-structured cascade for multi-view face detection
with alignment awareness. Neurocomputing (to appear).



1. SeetaFacefilsgs

PEN NI YN =)
JEIEE ARSI 25

m B LA MASE LA ARG
MY IE R IR IR

n IERRKEINHE] (NMS)

= BBR (Bounding box regression)

4 v, 4 ; .
'\ - Y el o & |
]= &) - k 4 8 .
f r - -~
/ - 3 ‘. T2 S -
A = i E
4 1Y, . | ! I g o
I’ \ 4 o |
B y
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1. SeetaFace®aME: BE

| = Accuracy on FDDB (2,845 images)
Standard: loU > 0.5
m TPR=84.4%@100FPs

FacenessNet: 87% @100 FPs
Cascade CNN: 85% @100 FPs

A SR %

True Positive Rate

200 400 600 800 1000
False Positives



@ 1. SeetaFacefMzE: RE

+ B = 7£VGA size image (640x480) ERIIRE

" B ¥3 AGHz i7 CPU_LE

a4

P SeetaFace 40x40 16 FPS
Detector 80x80 55 FPS -
Cascade CNN 80x80 9.1 FPS 100 FPS
FacenessNet * 80x80 - 20 FPS

Model size

m 1.6 MB (cf. FacenessNet > 1GB)

+ Haoxiang Li, Zhe Lin, Xiaohui Shen, Jonathan Brandt, and Gang Hua. A convolutional neural network cascade for face detection. CVPR 2015.
1 Shuo Yang, Ping Luo, Chen Change Loy, and Xiaoou Tang. From Facial Parts Responses to Face Detection: A Deep Learning Approach. ICCV 2015.



1. SeetaFacet&Mlzs: Hib

A SR %

I

m C++, MBI TEME = FER#
[ 18] B2 5
Define

m vipl::fd: :FaceDetector my detector (model path)

Configure (optional)
m my detector.SetMinFaceSize (size)
m my detector.SetWindowStep(step x, step y)
m my detector.SetScoreThresh (thresh)

Detect

m Std: :vector<vipl: :FaceInfo> faces =
my detector.Detect (img)

Play with the detected faces ©



2+ SeetaFace Alignment

A SR %




@ 2+ SeetaFace Alignment

m CFAN: Coarse-to-Fine Auto-encoder Network
1 Stacked Auto-encoder Network (SAN)

A SR %

42
‘ SR
A
\\\

D
7
3

/A
QOO

Global SAN Local SAN Local SAN Local SAN

Jie Zhang, Shiguang Shan, Meina Kan, Xilin Chen. Coarse-to-Fine Auto-Encoder Networks (CFAN) for Real-Time Face Alignment. ECCV 2014



@ 2+ SeetaFace Alignment

e o
N ™

AR RS

Data Proportion
© o o o o o
—_ M [#)] NN o (87]

\
q

m CFAN7EIBUGE#ES LRIRIR

0.9——

— =

L — - —_ - — — - — - e — o — e — -

o | =Y et al.

. | == RCPR

Zhuetal [

= DRMF
= SDM

= Our method -

|
|
0.02 003 004 005 006 0.07

NRMSE

0.08 0.09 0.1

Evaluated in terms of 68 landmarks



@ 2. SeetaFace Alignment
“ o
Yy ;},?H&Zl:
C++, RBB=F7REMKE
AR, RAT27ME
W E EF523,000K @FRE T 5= B ARG

Time for detecting five facial landmarks

II)Q

&

A

AR RS

Four Stages 13.8 3.97
Four Stages+ Faster SIFT 7.6 3.97
Two Stages+ Faster SIFT 3.9 1.98

*Test on single 3.4GHz i7 CPU



@ 2+ SeetaFace Alighment

A SR %

m SeetaFace AlignmentfEAFLW#{ 17

tE1E R

\

& R EIRE KX

mean error (%)

12

10

co
|

LE RE N LM RM Average

mSDM [5]
® DCNN [6]
= TCDCN [7]

M SeetaFace

62



@ 2+ SeetaFace Alignment

m Q0] EA . =i

O Hlig i REY
PointDetectInitialize (char * model path)

O EMNEES

DetectLandmarks (VIPLImageData gray im,
VIPLFaceInfo face info, VIPLPoi *points)

‘/,i’

A SR %

Face bbox Image Landmarks

O RERUR A

PointDetectClose ()



@ 3. SeetaFace Identification

m XTAlexNetgyi& g (>faster, > deeper)
1 kernel size of convl: from11x11l - 9x9

1 5x5 conv kernel 2>two 3x3 conv kernels
m Leading to a deeper network (5 conv = 7 conv)

1 #Nodes of the 2rd FC layer: 4096->2048

AR RS

1 Exploit Fast Normalization Layer(FNL) "

m Faster and improved accuracy 98%

97%

1 Remove LRN layers s,
1 Remove group operation o

94%
m Training on 1 GPU 93%
92%
91%
90%

AlexNet VIPLFaceNet VIPLFaceNetThin

Xin Liu, Meina Kan, Wanglong Wu, Shiguang Shan, Xilin Chen. VIPLFaceNet: An Open Source Deep Face Recognition
SDK. Frontier of Computer Science (Accepted)

» Baseline
m With FNL



@ 3. SeetaFace Identification

¥ m Structure comparison of AlexNet and SeetaFace
55} AlexNet VIPLFaceNet
&, Conv1: 96x11x11, S:4, Pad:0 Conv1: 48x9x9, S:4, Pad:0
4 LRN -
= Pooll: 3x3.S:2 Pooll: 3x3,S:2
-~ Conv2: 256x5x5, G:2, S:1,Pad:2 Conv2: 128x3x3,S:1, Pad:1
é LRN _
- Conv3: 128x3x3.S:1, Pad:1
Pool2: 3x3.S:2 Pool2: 3x3,S:2
Conv3: 384x3x3, S:1, Pad:1 Conv4: 256x3x3.S:1, Pad:1

Conv4: 384x3x3. G:2. S:1. Pad:1 Conv5: 192x3x3.S:1. Pad:|1
— Conv6: 192x3x3.S:1. Pad:1
Conv5: 256x3x3, G:2, S:1, Pad:1 Conv7: 128x3x3.S:1. Pad:1

Pool3: 3x3,S:2 Pool3: 3x3.S:2

FCI. 4.096 FCI. 4.096

Dropoutl: dropout_ratio:0.5 Dropoutl: dropout_ratio:0.5
FC2. 4,096 FC2, 2,048

Dropout2: dropout_ratio:0.5 Dropout2: dropout_ratio:0.5

FC3. Number of training classes  FC3. Number of training classes




3. SeetaFace Identification

m Results on LFW test set/protocol of View 2
Trained on WebFace (500,000 images of 10,000 subjects)

A SR %

Method Accuracy # of Network # of Training Images
High-dim LBP[27] 95.17% - -
Fisher Vector Face[118] 03.10% - -
DeepFace[133] 97.35% 3 M
DeeplD[126] 97.45% 25 200K
DeeplD2[126] 99.15% 25 200K
Gaussian Face[97] 98.52% - -
DeeplD2+[127] 99.47% 25 290K
DeepID2+(Single)[127] 98.70% | 290K
DeeplD3 [123] 99.53% | 290K
WSTFusion[134] 98.37% - 10M
VGGFace[106] 98.95% | 2.6M
FaceNet[115] 99.63% 1 200M
AlexNet + FNL [73] 97.70% | 500K
VIPLFaceNetFull + FNL 98.62% | 500K
VIPLFaceNet + FNL 98.60% | 500K




3. SeetaFace Identification

| » FFERRACIZRE

¥

fg 1.6 A

# 140 /7 & &%
& [ HFEFREL

FC2H920481M 1 i B AE AHFIE
m FFEEE X
B = RAFRZCosine (O)




3. SeetaFace Identification

u *%1
£ B 2% (R SeetaFacet& M A X 5F)ZELFW_E97.1%
m AJ|E) 4 BE
xR 18] g AlexNetad20%
M3z B8] g AlexNet#160%
m 120ms (EBEFi3.4GHz i7 CPUL)

Kt

AR RS

Training environment: one Titan-X GPU, Test environment: 3.4 GHz i7 CPU



3. SeetaFace Identification

£

m %

A SR %

8] 52 2

Initialize face recognition model
VIPLFaceRecognizer

-

FR;

FR.LoadModel (const char* model path)

Extract face feature from an input image
FR.ExtractFeatureWithCrop (const VIPLImageData
gray im,VIPLPoint * pofnts, FaceFeatures/ﬁgatS)

Image

Landmarks

Identity feature

Compute similarity of two face features
FR.CalcSimilarity (FaceFeatures const fcl,

FaceFeatures const fc2) ;



SeetaFace5|E R4

| m TEER: https://github.com/seetaface/

s =HER. C++hi. ZBaIAREIRRI5|EE
BSD-2 license (&% &HEM)
To 58 = J5 BR 3 B Ak it
s FEEMERERRERZNATEK (B53.4GHz 7 CPU)
SeetaFace Detector: 20ms/VGAE& (& /) ABE80x80)
SeetaFace Alignment: 5ms/face
SeetaFace ldentification: 120ms/face
m Totally ~200ms/image (on single i7 CPU core )

m Performance
SeetaFace Detector: DR=84.4%@100FPs (VGAR{&LAT)
LFW_E~98.6% (XBmhES)
LFWLE~97.1% (£Bh&E%)

A SR %


https://github.com/seetaface/
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. -ﬂmﬁﬁ PRALTToR, Wste, AIARRE, A%
“ B = NARE: ABETRYE, SOHE, BESHE
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D INIEBEEGTHRESY

y

AR MR, ZMEBURE B 4RSI 4%
[ECCV'14]

( 53 BT RY IeES 7 B EmRE ﬁéﬁﬁ%ﬂéﬁ
L = SR [CVPR'14]

Y

E18E s e
[ECCV'14]

AR RS
)
4

EFT NRERAFEXRE S W E IEF ]
| EHIL LI [CVPR'13, CVPR'15]
mp | SR RIBER R R FHREF SRR
5 [IEEE FG'13]
MAZEE. SEERENTREFESF S

Eﬁiﬁ]ﬁﬁ [IEEETIP13]

\ 4 5 AR R FIRE T ESR ISR E NS S

[ACM ICML14RIBIRBIZTREE]
[ICCV1ISEHNXETEETE]
[ICCV15ER T =RITE]
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A SR %

Stacked Progressive Auto-Encoder (SPAE) for Face Recognition Across
Poses [CVPR2014]

Coarse-to-Fine Auto-encoder Networks (CFAN) for Real-time Face Alignment
[ECCV2014]

Deep Network Cascade for Image Super-resolution[ECCV2014]

Shape Driven Kernel Adaptation in Convolutional Neural Network for Robust
Facial Traits Recognition|[CVPR2015]

Bi-shift Auto-Encoder for Domain Adaptation [ICCV2015]

Leveraging Datasets with Varying Annotations for Face Alignment via Deep
Regression Network[ICCV2015]

m A Unified Multiplicative Framework for Attribute Learning [ICCV2015]

Multi-view Discriminant Deep Network [CVPR2016]

Occlusion-free Face Alignment: Deep Regression Networks Coupled with De-
corrupt AutoEncoders [CVPR2016]

Deep Supervised Hashing for Fast Image Retrieval [CVPR2016]
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B BEXNRERERTSF

Problem Measurement
* mean Average Precision (mAP) @ 20
Goal
* Recalling as more same styles as possible in top 20 results;
« Ranking relevant samples as front as possible;
* Retrieving as soon as possible (compact data representation).

76
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H4$EDCNN

£ BN

n BEIRXHWGEREBERERIX, BAD?

¥
ot ORI BB F S “error-correcting” learning
E
4
a
&5

N N+j N+M
“ J J

Max

Output node

Labeled node

Node selector

-activated node
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AN A EZ—BZ$EDCNN

m Evaluation of proposed method

Method Accuracy with different noise ratio (%)

0% 20% 40% 60% 80%

A SR %

Benchmark:; MNIST

LeNet 99.3 96.8 84.2 56.0 20.6

LeNet + Proposed

Method 99.3 99.2 98.9 98.6 98.4

Benchmark: CIFAR-10
LeNet 64.5 47.9 34.5 23.0 15.5

LeNet + Proposed

Method 63.6 59.9 52.9 49.9 34.6
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zp R4 (Take Home Message)

AF_LEI'J’F_L}F"J 5157 E
AE

1= flc% TR !

FIMARIEH T ABRIRAIGE !
m H T%’;‘&iﬁm FFLTAEE'( ES]!

A SR %

n F AL ERERERE

S m BENMEERE, TR EETEARFI@E!

B SIS I el AN A ER |

m SeetaFace X321

LY — P iERbaseline©

n REZSEARIR RS

< dominate!

g dominateF A~ Z=BA EL{th o] g



@ FRMILEATR LF LA

Institute of Computing Technology, Chinese Academy of Sciences 82



cp éEEJJAH&I,\%U?%/ME(DL?_HU)

i

A SR %

_l ‘\
A\
// ] AR
“ \ 1
=

Yo=F(X5)  FREA
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1. NIL(EFR)4FE: Gabor, LBP, SIFT, ... N ,- of R
2. Y5{EZTHk: PCA, LDA, KDA, ML... Y g
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