R A RS R ENA 5

Lttt

PRI B AT

i
r .-" - - ‘-‘, a
qcr TO M i35 R £G7
Institute of Computing Technology,Chinese Academy of Sciences



) VALSERH7EZ:WebinariEz)
"
m VALSE: Vision And Learning SEminar({#L 5=

\

SHHTLR)

2:‘ m VALSEEE KRS
¢ ~igtE, ®EME, BEENBXRZ!T, 55855/, H700AHKEZES
i B AKSiRE, MS<4FFig3cPosterEs, Tutorial, Panelitit...
g m VALSE QQ#$(3£4800+ AHIFL[X)
& VALSE AEf: 1$7# (2000 N\ ) —— A BIEZ NEEEIE
=' VALSE B&: 2i#(2000A) NBEZIANERIE

VALSE C&: HAI900+ A, ErILARIFIIN, 5480822477
m VALSEBEEZWebinarigsl (KFEQQEEIRSAINEE
S E = _EBVALSELEZWebinarii &< (BMLZ _EWin QQEN T
n SERIER: EEHEE, Panelitit, WA, HBARA...
SIEFEZS M AE640+ A, 1252 h50K17, REIVTILER100+A
m KRR, EBENI, BEX, LELE REE, ®8E, Wk, THE,
EhE, KR, N, S4533F...(1/33k B8/ a8 RM[X)
m X TVALSEMIE Zi¥|F: hitp://valser.org




AR RK

Bl B ioaimies O BHRS VALSE(36118899)

R LR : (NERARLLES 0 e

BEUARAAR 250
Y wtsrstms:

Ihagfﬁqaﬁﬁ Thlnkmg as a Researcher
8 e and Practicing as an Engineer

B o Lei Zhang

D zerx

P mreras Microsoft Research
N7 mzmoou November 26, 2015
B o

D) sowE

D Tmoitas

_ B et SRS 1 ’ £ SabbA - . v 1
HE(383) e 0 W= e SELARO00. v HE: 9
B O P Qomss  mnye - BrJs

& % | W 5 9% & ~ B @ oo @ ® £z 0O BETP S 2114




€3 VALSER H7#E£WebinarsEzh
= B
m VALSEFZE2R20
REe &t A
o WLt B, XBW, Bk, =%
ESHZTRE HEF)
s A8, S, MRS, B, =%, XE WL, D5, BN,
Ltk 4%, Bk R, 11, &9, BR, ALk
m VALSE OnlineZE 440
FELEA
o WLttSe, @39, 12ERRA, TEFE, BE, B, B
B BVALSE Onlinel®E4 (HSF)
» A3, 120RRF, PR, BE, BEL, LI, FiE, #E,
EBM, ZEF, EE, Lttt £hE, I, 2R,
TESE, KFITE, ILH, £k, BMEiE, £EE

AR RK




AR RK

A 1EHRRO R4 THE

1 SE SRR AR




NSRRI B —RE AR 772 (DLAT)

AR RK

o PN

L

aﬁ‘% M :
ﬂ& FHEZR ‘éj?x,ﬁt}'r 1. NLEER(EFR)FE

rd-
HV

—

hhh

>@
HREL

ERAFIE S
T BR4FAE 'é

—_
L

4HEIRE | ST |

X

Gabor, LBP, SIFT, ...
VA
2. BHET #

PCA, LDA, KDA, ML...




NSRRI B —RE AR 772 (DLETE)

Nime X RN

e

o JINT

)| ==

| ERFIES Ly,

E AL

‘Q‘% *ﬁ& DEER M:?X,ﬁt} 1. BREF+ETH

rd-
..s""

>@
HREL

o gteznzie ISP S

X

i 2 i HYFFAE S >

2. JFEZMFFEIREL
3. KRN




&y

AR RK

| ABRAIBA B ARE L2

AR |



@ M B2 T B A BRI

n FAFHERER (BEE)
71 ORL, E Yale B, AR: 1990~ (AL F130A)
n EIEIRBIER: 95%~99% [J.Wright et al, 2008]
s 5% BRI

(2" : Z; = argmin ||z||; subjectto Az =y.

-~

AR5

ulin ri(y)=|ly — Abi(z1)||5

ORL(40A , EA1018) AR(126 A , 2608 )



3 NURETITE ARIAR

n FARFHEREE (BIEE)
71 ORL, E Yale B, AR: 1990~ (A#{.>F130A)
1 FERET: 1994~2010 (1196 A\, & A2~53k[&)

s EHIEIRAER: 99%~94% (Dup.|&ll) [S.Xie, S.Shan, X.Chen, IEEE
T IP10]
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| n FARFANEER (BIEE)
ORL, E Yale B, AR: 1990~ (A#/>F130A)
FERET: 1994~2010 (1196 A, 5 A2~53K &)

s BEIEIRBIER: 99%~94% (Dup.I&ll) [S.Xie, S.Shan, X.Chen, IEEE
T IP10]

s 53%: GaboriB{EFEER#EL+GabortB i /HERL4RAS+ 5 RLDA
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Gabor + BFLD

Gabor + BFLD
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BATI T[T 1P10]

[1]LGP + Borda Count (PR11)

[2]Image Gradient Orientations(T PAMI12)
[3]LGBP+Whitened PCA (ICB09)
[4]Oriented Edge Magnitudes (ECCV10)
[5]Improved SRC (T PAMI12)

[6]LBP (ECCV04)

FB
99%
99.8%
98.1%
98.1%
96.6%
97%

FC
100%

99.5%
98.9%
99%
58.8%
79%

feature selection and enhanced Borda count. Pattern Recognition 44 (PR2011), 951-963
Georgios Tzimiropoulos, Stefanos Zafeiriou, Maja Pantic. Subspace Learning from Image Gradient Orientations. IEEE
Transactions on Pattern Analysis And Machine Intelligence, IEEE T PAMI2012
Hieu V. Nguyen, Li Bai, and Linlin Shen, Local Gabor Binary Pattern Whitened PCA: A Novel Approach for Face Recognition
from Single Image Per Person. ICB 2009, LNCS 5558, pp. 269-278, 2009
Andrew Wagner, John Wright, Arvind Ganesh, Zihan Zhou, Hossein Mobahi, and Yi Ma. Toward a Practical Face Recognition
System: Robust Alignment and is And Machine Intelligence, IEEE T PAMI2012
Ngoc-Son Vu, Alice Caplier. Face Recognition with Patterns of Oriented Edge Magnitudes. ECCV2010
A. Timo, H. Abdenour, and P. Matti. Face recognition with Local Binary Patterns. ECCV 2004

Dup.l
94%
89.2%
88.9%
83.8%
79%
71.6%
66%

Dup. Il
93%
86.8%
85.4%
81.6%
79.1%
61.5%
64%

Claudio A.Perez , LeonardoA.Cament, LuisE.Castillo. Methodological improvement on local Gabor face recognition based on



3 NURETITE ARIRS

] ?K%E"Jgﬁiﬁﬁ (%'& "§>
71 ORL, E Yale B, AR: 1990~ (AL F150 A)
1 FERET: 1994~2010 (1196 A, & A2~53K[&)

1 FRGC v2.0: 2004~2012 (#3500 A, = A50+3k[#])

s FEIR# 4% @ FAR=0.1% [Y.Li, S.Shan, H.Zhang, S.Lao, X.Chen,
ACCV12]
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FARFHERE (BIERE)
ORL, E Yale B, AR: 1990~ (A#F150A)
FERET: 1994~2010 (1196 A, & A2~55Kk[&])

FRGC v2.0: 2004~2012 (#9500 A\, & A50+5Kk &)

» 518 34% @ FAR=0.1% [Y.Li, S.Shan, H.Zhang, S.Lao, X.Chen,
ACCV12]

m ik Gabormm1ﬁﬁﬁﬂéﬁﬁf§+LPQ+ﬁj\i;&LDA

~

AR5
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3 ARSI EExttE——FRGC

AR RK

FRGC test set Verification Rate (when FAR=0.1%)

Methods Exp.1 Exp.4
FRGC Baseline (Eigenfaces) 66% 12%
Hybrid Fourier [Hwang 2006] 91% 74%
KFA [Liu 2006] 92% 76%

DCT_EFM [Liu 2008] n/a 84%
Gabor+LDA [Han 2010] 97% 78%

LBP & Gabor + KLDA+SN [Tan 2010] N/A 88%
Our methods [Su 2009] 98% 89%

RTF + RCF [Deng 2010] 99% 93.5%
Our Methods [Li 2012] 99% 96%

[Hwang 06] W. Hwang, et. al, Multiple Face Model of Hybrid Fourier Feature for Large Face Image Set, In CVPR’06.

[Liu 06] C. Liu, Capitalize on dimensionality increasing techniques for improving face recognition performance, In PAMI 2006.

[Liu 08] Z. Liu and C. Liu, Fusion of the complementary Discrete Cosine Features in the YIQ color space for face recognition, in CVIU 2008.

[Han 10] Z. Han, C. Fang, X. Ding, A Discriminated Correlation Classifier for Face Recognition, Proc. of 2010 ACM Sym. on Applied Computing, 2010

[Tan 10] X.Tan, B.Triggs. Enhanced Local Texture Feature Sets for Face Recognition Under Difficult Lighting Conditions. IEEE T IP 19(6), 2010.6

[Deng 13] Deng, W., Hu, J., Guo, J., Cai, W., Feng, D.: Emulating biological strategies for uncontrolled face recognition., PR, 2013

[Li 12]Y.Li, S. Shan, H. Zhang, S. Lao, X. Chen. Fusing Magnitude and Phase Features for Robust Face Recognition, ACCV2012
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+ B m EENIST MBE 201048
o JEFRR vs. JEF R
% Rank 1 Identification
o
& Sagem (Y05 1.6 million
Sagem (Y03 Photo file
Cognetic (X04
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3 NRETITE ARIAR
hRBE AT A IR R 4

D270 NRIEH IR EEATEEXY
o MR HEAS RS AR H IR
1077 MR, 270012 R EERT

AR RK

ARG 91.57%
HITtE RS ~60%
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n AR ARABAREEEVENAESES !

m FARANBEE (BUEEE)

HE2FHIRFEMNE% TFEEI1%

AR RK

[ |
LFW: 2007~Z 4 (~57498A 2, 1680 A T 23k &)
s 1EfA3R95.17% [D.Chen, X. Cao, F. Wen, J. Sun, CVPR13]
n 1EHHZRI7.35% [Y.Taigman, M. Yang, M.Ranzato, L. Wolf, CVPR14]
m 1EFHZR99.47% [Y. Sun, X. Wang, and X. Tang, CVPR14]
n 1EHZR99.63% [F. Schroff, D. Kalenichenko, and J. Philbin, CVPR15]



MR 2T E AR

| = Labeled Face in the Wild (LFW)
EFREF M TRIAB IR A

AR RK

9&‘ ;EI}—— *fﬁl_,l
E M B AN, Yahoo#|H]
- RANFENR IR

m)IZREE: JoPR

m IS UE{E SN EE
#6000 E & xt

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)
8EM%%, ABE3DIEELTRALTE

NZEHE: 4KA, 4.4MEE
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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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n 7£259 AfgPatch EAIIZCNN (UNETRE, 41 2EE
B, 4/ verificationifisk {5511 identificationin k{55 )

m IR E:

Conv-4

sl 2

Id Ve

[OT.OO FC-a [ﬁm c .

10K A, 202K& AEl%

1 | —DeeplD2+

-.0.98" | no Iaye-lr-.wise
= supervision
50.96 | —less data
8 —smaller network
[4V] . R
£0.94 _—~High-dim LBP |
So.92
&
- 0.9

0884 FC-3 FC-2 FC-1

Eﬂlzrihlnlulﬂ
PIAAAVE R EACIGIVE

Sun Y, Wang X, Tang X. Deeply learned face representations are sparse,
selective, and robust. arXiv preprint, 2014.
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FaceNet

NEMLS (2212 ) + BEEUEBOOLA |, 2{Z5KE®R ) +
Trlplet Loss [F. Schroff, D. Kalenichenko, and J. Philbin, CVPR15]

!c> DEEP ARCHITECTURE | |12 | & | | TRt
Batch )
Negative f’— r%:?x_
Aﬂﬂh?_[_____.,. LEARNING '.
.-_ e Negative
—~@® Anchor %
Positive Positive
N

S IF@D) = F@)IE = 1 @) = FEDI; +a
.

i
FaceNetd{EFRITriplet Loss, JIIZx&HL51£5/980075 , WIRFEAsoftmax loss , iHET R

XZN8005 1 , EEZE/P32GBETE (BB L— 1M EETH10244 ) , Mitriplet lossUIAZEZEZRAI
HAEE



3 N ETIEE A RIS

AR RK

n ABORAFARERR EZIEMARESES S !
n FARFHERR (BIEE)
ORL, Extended Yale B: 1990~2012 (A#.>TF40A\)
s EHIZIRAIE: 95%~99% [J.Wright et al, 2008]
FERET: 1994~2010 (1196 A\, &8 A2~53K[%])
s HIEIRAIZEE: 99%~94% (Dup.1&Il) [S.Xie, S.Shan, X.Chen, IEEE T IP10]
FRGC v2.0: 2004~2012 (#1500 A\, & A50+3k )
s EIHE4% @ FAR=0.1% [Y.Li, S.Shan, H.Zhang, S.Lao, X.Chen,
ACCV12]
LFW: 2007~Z 4 (~5749BA &, 1680 A ZF 23k &)
s [FHH%95.17% [D.Chen, X. Cao, F. Wen, J. Sun, CVPR13]
m [FHAHE97.35% [Y.Taigman, M. Yang, M.Ranzato, L. Wolf, CVPR14]
m IFAHZE99.47% [Y. Sun, X. Wang, and X. Tang, CVPR14]
m FHH%99.63% [F. Schroff, D. Kalenichenko, and J. Philbin, CVPR15]
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) DLERMEMTE
"
s AT Susi EniRIR > BRI Ry = 5] B8
n NEHERFR>IEFIERESERE RIS
RYEFR>RRSEEEXERE XIS
“REE+ERERERE” IR
HHRE(EE) > SETEZ(FE)
L ﬁj\'/'j\ ﬁj\ilﬁlEE\?E
>1[E% 3] (joint learning) 248
> End-to-endfI £i4 2% 3]
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n HEHDE (GPUINZ, BEEHE)
s A XWHE (R, FRURR, FEE)
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n KENWFEFHIE, NEBEREE
MHEEEZHE, FEZ, AEEX
» Top-down, iR[EIEE, E=ikiE
FIHRERVNEERSHIE
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3 DLAEILM?
" JE
s DLEIREZ
WTEE, bound
EERRE, ¥ETR
SZEER
n {BEARSEEZblack box
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| = ABURIRENFASIE D T X4 A0 B ik

s CNNZECVUUZEIRTI, BT SUg R EZR 4
&g {E. 1I£Gabor, Haar, SIFT...
Pooling#{E: Max, Sum...
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n PEEEFEAT, SUBEMALLHE
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Data is king, and DL is queen?
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What’s missing from DL?

m Yann LeCun’s Points
Theory
Reasoning, structured prediction
Memory, short-term/working/episodic memory
Unsupervised learning that actually works

AR RK
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m Deep Learning for Vision in CVPR2015

O rEa R I DeepURt B87E, HINConvolutionfy475,
Neuralg9407, HI¥Networkgi51%, Recurrent 75
= Going deeper, k...
Fully Convolutional Network (for segmentationZ¥)

AR RK

RNN with LSTM (for B[ 4bIE)
Deep Learning for XXX

i Tanguige A group of people
Deep CNN Generating shopplng at an
R

b e NN outdoor market.
W o @ There are many
vegetables at the

Output:
fruit stand. & s
ca:"ﬂ‘::z':;;;‘:::';:rt;le [&][targe |[ buitding |[ witn |[a ]

Show and Tell: A Neural Image Caption Generator
(a work from Google)

camera in a crowd.

From Captions to Visual Concepts
and Back (a work from Microsoft)

k)

Vision and Language(for&[&liiti&, Google, Fei-fei, Microsoft, UCB)

lnpm !. Il!

LSTM
Output:
Sentence
8.
(4]

Long-term Recurrent Convolutional
B Awomanholdinga | Networks for Visual Recognition and
Description(a work from UTA/UML/USB)

37
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m Deep Learning for Vision in CVPR2015

{NFr I DeepI R B87R, HIlConvolutiongy47/, HIR
Neuralgy40%, HIRNetworkpd51%s, Recurrent 755
= Going deeper, k...
Fully Convolutional Network (for segmentationZ)
= Vision and Language(for&[&liii&, Google, Fei-fei, Microsoft, UCB)
RNN with LSTM (for B F4L38)
Deep Learning for XXX
Image segmentation
Face recognition; Human Re-ID;
Object detection; Saliency detection
Metric learning; Transfer learning; Attribute learning; Hashing;
3D ShapeNet; Depth estimation; stereo matching;

Crowd counting; weather prediction;
Action recognition, Even recognition;
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ACM ICMI EmotioW 2014 challenge
IEEE FG2015 PaSC video FR challenge
ICCV15 Chalearn Apparent Age Estimation
ICCV15 ChalLearn Culture Event Recognition
m VIPL SDKIER
ANEMvA. x, $FIEENIVE.X, AREiIR7v4.x
s = PNET/PMBEIERNDLEI R A
DAE for face alignment [ECCV2014]

DAE for pose normalization [CVPR2014]
Bi-shift AE for Domain Adaptation [ICCV2015]




A 17EDL M THE

|
¢ | = mASEER
ﬁﬂ ACM ICMI EmotioW 2014 challenge
¢
7
8
&
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O

M. Liu, R. Wang, S. Li, Z.Huang, S.Shan, X. Chen. Combining Multiple Kernel Methods
on Riemannian Manifold for Emotion Recognition in the Wild. ACM ICMI 2014



EmotioW 2014: Task

AR RK

| m Task

Classify a sample audio-video clip into one of
the seven categories
» Neutral, anger, disgust, fear, happy, sad, surprise

m Challenge

Close-to-real-world conditions

m Large variations e.g. head pose, illumination,
partial occlusion, etc.




%3 EmotioW 2014: Data
" A
m Challenging data
AFEW™* 4.0 database

close-to-real-world conditions

AR RK

Attribute of AFEW 4.0 Description

Length of sequences 300-5400ms

Number of annotators 3

Emotion categories Anger, disgust, fear, happiness, neutral, sadness, and surprise
Audio/Video format Audio: WAV Video: AVI

# of samples 1368

# of subjects 428

# of movies 111

*Acted Facial Expression in Wild

» audio-video clips collected from movies showing



%2 EmotioW 2014: Protocols

+ @ ® Evaluation protocols
ﬁﬂ Dataset division: training, validation, and testing
E.;‘ The test labels were unknown.
2 Either audio/video modality or both can be used.
&
Set # of subjects Min. Age Max. Age Avg. Age # of Males  # of Females
Train 1] ) 76 34 102 7
Val 136 10 70 35 78 58
Test 115 5 88 34 64 5
Anger Digust Fear Happiness  Neutral Sadness Surprise
Train 92 66 66 105 102 82 54
Val 59 39 44 63 61 59 46

Test 58 26 46 81 117 o 26



@ Our method

IR R

Stage 1: Emotion Video Representation

( Image Feature on Aligned Faces \ [ Video (Image Set) Modeling \
x4 %g ‘“E! ::> T T
% 1

\_ HOG Dense SIFT

Linear Subspace Covariance Matrix Gaussian Distributi(y

Stage 2: Emotion
Video
Recognition

\ Classification on Riemannian Manifold via Kernel SVM/LR/PLS )

~ 7

Score-level
Fusion

M. Liu, R. Wang, S. Li, Z.Huang, S.Shan, X. Chen. Combining Multiple Kernel Methods
on Riemannian Manifold for Emotion Recognition in the Wild. ACM ICMI 2014



@ Our method
" A

m Image features

Aligned face images: 64x64; Features: HOG, dense SIFT, DCNN.
m DCNN

CaffeNet trained on CFW database

m Trained over 150,000 face images from 1520 subjects
m lIdentities are served as supervised label in the deep networks

Architecture 3@237x237 > 96@57x57 > 96@28x28 > 256@28x28
> 384@14x14 > 256@14x14 > 256@7x7 > 4096 > 1520

m Output of the last convolutional layer as final image features: 256x7x7=12, 544
m HOG
Block size: 16x16; stride: 8; # of blocks: 7x7=49
# of cells per block: 2x2; # of bins: 9; # of total dims: 2x2x9x49=1764
m Dense SIFT
Block size: 16x16; stride: 8; # of points: 7x7=49
# of dims per point: 4x4x8=128; # of total dims: 128x49=6272

AR RK



Our Results

AR RK

m Combine multiple features

Accuracy (%)
Methods Validation set Test set
Baseline (provided by EmotiW organizers) 34.40 33.70
Audio (OpenSMILE Toolkit) 30.73 -~
HOG 38.01 --
Dense SIFT 43.94 --
Video DCNN (Caffe-CFW) 43.40 --
HOG + Dense SIFT 44 .47 --
HOG + Dense SIFT + DCNN (Caffe-CFW) 45.28 --
Audio + Video ( HOG+Dense SFT) 46.36 46.68
Audio+Video (HOG + Dense SIFT + DCNN (Caffe-CFW) ) 48.52 50.37




@ Final Results of Competition

W Challenge result comparison
&t 60
'f‘t Winner Runner-Up
s 40
2
6 30 Baselne
20
10 Second
Runnerilp
0
2 > N V 2 & .o )
< e W s s 3 D >
K O ¢ & “o‘b&%

\& @ Clas. Acc.
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O IEEE FG2015 PaSC video FR challenge
]
]

AR RK
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FG 2015 Video FR Challenge

m [ask: video-to-video face verification

Exp. 1: Controlled case

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

Exp. 2: Handheld case
Video-to-video verification
Varying resolution from 640*480~1280*720

Videos from a mix of different handheld point-and-
shoot video cameras

AR RK




FG 2015 Video FR Challenge

+ M m Videos for testing in the PaSC datasets
n
i Number of Subjects 205
2 Total Videos 2.802
A Total Control Videos 1,401
Total Handheld Videos 1,401

Control Videos per Subject 4to07
Handheld Videos per Subject | 4 to 7
Number of Locations 6

[Beveridge, BTAS'13]



@ Our Method

+ B m DCNN (single frame feature)
§g{ m HERML(set model and classification)
4
oA] |- saore eve

1
(a) Mul. statistics (b) Hetero. spaces (c) KDA Leaning

Err— Hybrid Euclidean-and-Riemannian Metric Learning
DCNN [Jia'13] (HERML) [Huang, Wang, Shan, Chen, ACCV’'14]




@ Training Models

AR RK

" JE
m Training DCNN

Caffe, Jia’13>14 Cov. Layers (from 5)
Pre-train: CFW

m Start learning rate: 0.01

m 153,461 images from 1520 persons
Fine-tune: PaSC training set + COX

m Start learning rate: 0.001

m PaSC training set
170 persons, 38113 images

m COX training set (our own, surveillance-like videos)
1000 persons, 147,737 video frames

m Features exploited finally

2,048 dimensional features of fc 6-2 layer for
each frame



@ Training Models
"
m Training HERML

1,165 videos from 470 person, from two
heterogeneous datasets

m PaSC training set
170 persons, 265 videos

s COX training set

300 persons, 900 videos (3 videos/person)
m Final feature dimensions (per video)
1320 (440*3)-dimensional (KLDA features)

AR RK



@ Evaluation Results
" A
m The deeper the better

r—
—

Softmax Output

Layer 5-2: Full
Layer 5-1: Full

Layer 4-3: Conv + Pool

DCNN for single frame

!

gr—
—

Softmax Output

AR RK

i
il

Layer 4-2: Full Layer 4-1: Conv

Layer 4-1: Full

Layer 3-3: Conv + Pool

Layer 3-3: Conv + Pool

Layer 3-2: Conv

Layer 3-1: Conv

Layer 2-3: Conv + Pool
Layer 3-1: Conv

— Layer 2-1: Conv
[ Layer 2: Conv + Pool ]

t Layer 1-3: Conv + Pool
[ Layer 1: Conv + Pool ] Layer 1-1: Conv

Softmax Output

Layer 6-2: Full

i

Layer 6-1: Full

Layer 5-2: Conv

|

Layer 5-1: Conv

"

Layer 4-3: Conv + Pool

Layer 4-2: Conv

Layer 4-1: Conv

}

Layer 3-3: Conv + Pool

Layer 3-2: Conv

Layer 3-1: Conv

!

Layer 2-3: Conv + Pool

Layer 2-2: Conv

Layer 2-1: Conv

)

Layer 1-3: Conv + Pool

Layer 1-2: Conv
Layer 1-1: Conv

=

[ Input Image ] I Input Image ] l Input Image I
control: 41.40%, control: 47.41% control: 54.76%
handheld: 41.62% handheld: 48.02% handheld: 56.20%
DCNN + HERML (set models)
control: 46.61%, control: 56.20%, control: 58.63%,
handheld: 46.23% handheld: 54.41% handheld: 59.14%



Primary Results

AR RK

m [mage features
HOG < Dense S

FT << DCNN

HOG Dense SIFT DCNN
Method
Control Handheld | Control Handheld | Control Handheld
HERML 25.26 19.28 33.82 28.93 58.63 59.14
21— cas 2- — cas
— Uni-lj ——  Uni-Lj
— 8IT ) — SIT /
@ | —— Surey / @ | — Sumey /
a’l — uUTsS o | — UTS }f
LRPCA LRPCA Ss’
,g " /ff ,g q ;";
§ § Y/
® ®
& S £ o ,
(,((-f"// 008
= Control Video = Handheld Yideo
0.(;01 0.61 071 1.[0 0.601 0.61 0i1 1:0
False accepl rate False accept rate
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ICCV2015 ChalLearn
Looking at People

RN fh i Se 5%

XI| A<

i
r .-" - - ‘-‘, a
qcr TO M i35 R £G7
Institute of Computing Technology,Chinese Academy of Sciences



@ Apparent Age Estimation

AR RK

m ICCV2015 Apparent Age Estimation

Challengeft 43

1 46995k E1&R, 47 Atrain, validationFitest=1NF&

s FFEMEL: trainilZk, fEvalidation ESCH %R (500 TIRZHE)
n SR ER : train+tvalillZk, fEtest ESCIRMAE (5IRIBAZHLE)

o)

.. - eS

A.pp..n iage: 20 Sid: 3.99 Apparen age: 22 Sid: 2.59  Apparent age: 49 5td:4.39  Apparent age: 20 Sid: 4.31

Apparent age: 12 Sid: 3 34 Apparent age: 63 Sud: 5.10 Appareat age: 29 5td: 5.09  Apparent age: 27 Std: 2.90

Apparent AgeEl&fl . SKEIGR10ZEEER
iE , BudEfFhapparent age , FHRIFIRERIIRAEES

train 2,476
validation 1,136
test 1,087
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5 HAMSESE: AgeNet

n 5ENER
B E SI VA5 S AR S S

ﬁ/_\

=0l

AR PN

DCNN Network-1
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5 HAMSESE: AgeNet

n KRR EEFI N LE
1%fGoogLeNet (22MEFE) #HTIE
s EHENEPIRER
n IR SN SR G

AR5
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5 HAMSESE: AgeNet

AR RK

m AgeNetF I B 5 3] TR EE
O AR A Mg > BESLF R TN > 1t S F R i T N4

General Train a multi-class Face - B
Classification Network : 1

Large scale face dataset with 10,575
identities of 500K images

Fine-tune the Real Age = »
Estimation Network N | ‘_ ~ ‘
i :

Large scale noisy web-collected and
accurate Mugshot real age dataset

Fine-tune the Apparent Age N Cha
. Estimation Network -
Specific

Apparent age training set

61



HIIEFEFE: AgeNet

vk i E

1

AR RK

| m AT — L 5iERE
AT — LRI A I Crop Size
28N FHREY

IIII'

%

J3F15722CNN,

Exterior
Exterior
Exterior
Exterior
(1) Exterior (2) Tnner Inner
Bl FRROFFY AR XISFAER , A Inner

RIS#I3—1£/9256x256

Inner

Inner

248
248
227
227
248
248
227
227

t:.

Regressor
Classifier
Regressor
Classifier
Regressor
Classifier
Regressor

Classifier
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m

BEITAN BT
FhHhAEEAFEH)T—xE (Mean
Normalized Error):

N

e = %Z [1 — exp( —(y;%?:&i)ﬂ )]

i=1

kP E R A BIMean Absolute Error
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CVL_ETH

ICT-VIPL

Ageseer

WVU_CVL

( BEHA )

SEU_NJU
( BR#TA )

mirman (BANZ2LE)

20 VGGNet, 101 reunions softmax normalized
output of the last layer

8 GooletLet, AgeNet Age Regressor and
Classifier

VGGNet, Prediction of age codes, fusion of
regressors, such as lasso,

global and local quadratic regressor, and random
forest

GoogleLet + 10 age groups, RF, SVR, and fusion

VGGNet, Fusion of different network setups,
softmax loss and KL-divergence for training.

0.295116

0.292297

0.327321

0.316289

0.380615

0.264975

0.270685

0.287266

0.294835

0.305763



73 #H{1ZEDL AT E

AR RK

TUNEFER

1 1CCV15 ChalLearn Culture Event Recognition

[l

O O O

65



ICCV2015 ChalLearn
Looking at People

LS BHIRAITTE

i
r .-" - - ‘-‘, a
qcr TO M i35 R £G7
Institute of Computing Technology,Chinese Academy of Sciences
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» EFERESTELHARIES

Peik: EREIERSENE X IERE
s SHAHIHE(scene)

s S R BALE E (object: I0TEKT/EIE/B1TE)
s AMIF.7S(pose / garment)

s A- AN/ A-49149-49 2 |8]g 3 E (interaction)

ﬁ R BB
G A (FHIE) B B IRz e
. é)%z'l:E(COH’[eX’f) 5BEps%kE (cues)E Bt A




iy ILLER(1/6)

" JE
m SCIY 3& 5

MRS ME: 1£3128,705EF 1%, 100K EH
n FF ?irfﬁﬁx 1)||z,#\’5514,332% K6 85,704
MR ER . MK 5E8,669F (R ARIER5RLER)
n BB HEAR—E

MiX3EHRR: mAP(mean Average Precision)
n ST ELEEHRBEESMERSEIB TN S E25

HERfER- [B1 2 (precision-recall ) B %k
s TTHEAZ T X G m R EIAP(Average precision)
n ST EEH AT EAPRIE, BImAP

/]Illl‘ =

AR RK

Jinl




RIS EE

AR RK

n £EHEIGFFERE
AR EG L R IFFEIBK 25615 %

17 TNl A A KA =5k 256x256 [ 1%

n SERERYFIEIREY

E T Selective Search@ ik Bl{& K iFE T HERX

TE PRI B X 15
s KT TFRE20%/9 X 15,
n (2)KFEEE>2/0 X 15

éﬁﬁﬂzﬁfrﬁﬁﬁrﬂ:ﬂzéz56x256

& S
(B ter-)

REE TS
(LR/LDA)

EEBR¥FE
(Mean-pooling)




P HBNMHSEE

" JE
m FREY)IZR
VGGNet
n 16/19 2 REMKLEF), EBE—softmax loss/=(40964E)
s T ImageNet#H#EFIZ, Event#i#Efine-tuning
TR 42,9964 A, 1EKX30KK;
[EERSRRG : 1,794,988# K, £ 120KK
GooglLeNet
s 22 REMLRLEEN, =/ softmax loss/E(10244)
s - TFImageNet#HEFIIZ
» Event##Efine-tuning
TR 42,9964 A, 1EK40KK;
[EERSRRG : 1,794,988# K, £ 100KKX

AR RK



A 4 B
3 il PR e e m g\

GooglLeNet, FiillZhnfine-tuning, EHEPHEREE (loss1)
+GooglLeNet, FillZnfine-tuning, FEER4HERLE (loss2)
+GooglLeNet, FillZnfine-tuning, FER4FEREE (loss3)

AR RK

B
L
N
i
LIS
=
N
AT
it
F
=0l

+VGG16, & nfine-tuning, FER4FERLE
+VGG19, & nfine-tuning, EER4FERLE

+VGG16, FillZnfine-tuning, £ EYHE
+VGG19, FillZnfine-tuning, £ EYHE

+VGG16, %, FRERFFIERES
+VGG19, iz, BIER4FiaE
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m RS

—

VIPL-ICT-CAS

FV
MMLAB
NU&C

CVL_ETHZ

SSTK
MIPAL_SNU

AT

ZREEE (FE12

Region fine-tuned VGGNet
+GoogLeNet; LR+LDA

VGGNet+Places-CNN; LR
VGGNet+GoogleNet; FV; SVM
CaffeNet; RAW+LDA,; iterNN

Pre-trained VGGNet on Places
and ImageNet

13 pre-trained VGGNet

Person/face/region GooglLeNet;

—

71"_.

q.

0.783

0.770
0.717

0.662

0.740
0.801

F)

0.854

0.851
0.847
0.824

0.798

0.770
0.763
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1 DAE for face alignment [ECCV2014]
]
]

J. Zhang, S. Shan, M. Kan, X. Chen. Coarse-to-Fine Auto-Encoder
Networks (CFAN) for Real-Time Face Alignment. ECCV2014 (oral)
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@ Problem

m Face Alighment
“1Predict facial landmarks from detected face

AR5

Detected face Facial landmarks
region 1(u,v) S=(X15Y 15 X25 Y25 ++es X5 V1)

77



@ Problem

AR5

m Face Alighment
“1Predict facial landmarks from detected face

Detected face Facial landmarks
region 1(u,v) S=(X15Y 15 X25 Y25 ++es X5 V1)

S=H(), I € R"*" s e R,

78



@ Motivation

AR RK

"
m Directly apply Stacked Auto-Encoder

(SAE)? OK, but not good. Why?

Easily overfit to small data

m Typically only thousands of images with
landmark annotations

m Our ideas — exploiting priors

Features are partially handcrafted
s SIFT, shape-indexed
Better initialization

Coarse to fine




Our Method

« l m Schema of Coarse-to-Fine AE Networks
it

?%: SO Sl SZ 53

4

i 1 1 1 |

&

Nonlinear H I:> Nonlinear H, |:> Nonlinear H, I::> Nonlinear H;

— B i

Global SAN Local SANs

SAN: Stacked Auto-encoder Network



@ Our Method

m Pipeline

+F vy
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@ Experiments(1/8)

AR RK

" JE
m Datasets
XM2VTS [Messer99]

m 2360 face images collected over 4 sessions under the
controlled settings

LFPW [Belhumeur11]

m 1132 training images and 300 test images collected from
wild condition

HELEN [Le'12]

m 2330 high-resolution face images collected from the wild,
2000 images for training and 330 images for test

AFW [zhu'12]

m 205 images with 468 faces collected from the wild



@ Experiments(2/8)

m Evaluation of Successive SANs

ms

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

"""""""""""""""""""""""""""""""""""""""

1
______________________________________________________________

"""""""""""""""""""""""""""""""""""""

AR RK

o
______________________________________________________________________

g i —Global SAN

e e e e e e e e e et e e, —————————————— - ———
1

| e Local SAN 1

1
R & T A T LT T T T

Data Proportion

| —Local SAN 2

L e e J R 7 e U A
1

! —Local SAN 3

NRMSE

Performance gain of each SAN
(Conduct on LFPW)

Run Time (ms)

83



Experiments(3/8)

| m Comparative Methods

Local Models with Regression Fitting
m SDM [Xiong'13]
s DRMF [Asthana’13]

AR RK

Tree-structured Models
m Zhu et al. [Zhu'12]
m Yuetal. [Yu'13]

Deep Model
m DCNN [Sun’13]




@ Experimental Result(4/8)

m Performance comparisons on HELEN

AR RK
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@ Experimental Result(5/8)

m Performance comparisons on LFPW

_________________________________________________________________________________

—————————————————————————————————————————————————————————————————————————————————————

AR RK

__________________________________________________________________________________

———————————————————————————————————————————————————————————————————————————————————
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@ Experimental Result(6/8)

+« B m Performance comparisons on XM2VTS
o
i |
4 W=
ﬁ r --------------------------------------------------------------------------------
& ey

;‘Er ------------------------------------------------------ — Zhiuetal. -----------

© S —vYuetal.

s S S —DRVMF

i —SDM

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

87



Experimental Result(7/8)

| = Comparisons with DCNN* (sun etal., cvPR 13

AR RK

_ - 7T 0.3 4

: / / // : /
t 06 / E 06 y €06 S
g I -4 A /
e / / { / 3 /
e / < / %04
504 4 / g4 /J B / /
a | a f a /

0. / f

: 5 0-
2 ] 02 - 02 .

/ —DCNN f ——CLCCHN J ——DCHNN

/ —Our method — Our method f — Our method
1] 0

XM2VTS LFPW HELEN

Note: The performance is evaluated in terms of five common landmarks



@ Experimental Result(8/8)

Pose

AR RK

Expression

Beard

@
4
(T R
| )
H i | |
i
] L i
|| il . ¥

Sunglass

N X
|
L

Occlusion
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1 DAE for pose normalization [CVPR2014]
]

M. Kan, S. Shan, H. Chang, X. Chen. Stacked Progressive Auto-

Encoder (SPAE) for Face Recognition Across Poses. CVPR2014 -



@ Motivation

AR RK

" S
m How about deep model directly?

Stacked de-noising Auto-Encoder

» Regard non-fontal view as
contaminated version of frontal view

m Unfortunately, fail again
Complex non-linear model
Easily overfit to “Small” data

m Our idea -- priors

Pose changes smoothly
Progressively reach the final goal

]

output layer

®

| o

. 90..0

»
L

= = decoder g1 ’ ’ . .
l. _-'I- ‘V /

decoder g3

encoder f3

encoder f,

encoder f4

( | \:, ‘
LR ' /NS

input layer
.:l"ir
» 9



Our Method

AR RK

| m Basic idea

Stacking multiple Progressive single-layer
Auto-Encoders

Each PAE maps non-frontal faces to
another with smaller pose

[ ?“] E"j E”j E"j E”j E"j E"j E"j output layer ..
A A A decoder g3
| (X .L.o °
encoder f3
ms,asr BIRIRARRARERE 0 L S g @@
A A 4 4 Tencoder f2
[30°, 430 b bkl 0.0 (rige.00
A A A T encoder f4
[-450‘, +45°] &h'] b E};} E“’j F’d E‘f‘ f{'} input layer .. O



@ Experimental Results

+F vy

93



@ Our Method

IR R

m Discussion

1Medium goals restrict the model, thus
alleviate overfitting
= Multi-view database provides the medium goals

10therwise, too many feasible solutions

|
=i 1
input non-frontal: -4 !

. output virtual
face image ,

frontal vigw

e

—”
-

—————

~
———————————
-------------
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'£P Experimental Results

1l

r Comparison on Multi-PIE

Probe Posc \ ,
ﬁﬁ* Mecthods G5 | 30 [ 0 | 41 | 130 | +85° | Average Pose Estimation
?ﬁ’, D Asthanall 4.1% | M.0% | 95.7% | 95.7% | 89.5% | T4.8% | 86.8% Antomatic
;i‘* MDF T8.7T% | 94.0% | 99.0% | 98.7% | 92.2% | 81.8% | 90.7% ‘

o PLS 51.1% 76.9% | 88.3% 88.3% 78.5% 56.5% 73.3%
ﬁ CCA 53.3% | 742% | 90.0% | 90.0% | 85.5% | 48.2% | 73.5% Manually
6 2D GMA 75.0% | T45% | 82.T% | 926% | 87.5% | 65.2% | 79.6%
DAE 69.9% | 81.2% | 91.0% | 91.9% | 86.5% | 74.3% | 82.5% N/A
our SPAE | B4.9% | 92.6% | 96.3% | 95.7% | 94.3% | 84.4% | 91.4%
m Comparison on FERE
Probe Pose
Mecthods hb be bd he bf bg bh bi Pose Estimation
w10 o 0 =0 ° o o o | Average
-60 -40 -25 -15 +15 +25 +40 +60
D Blanzi}3 9% 95 97% | 100% | 97% 9% | 9% | 91% 95.8% Automatic
MDF 87% 9T% | 99% | 99% | 100% | 99% | 98% | 2% | 96.4%
PLS 9% BI% | T6% | T6% 7% 2% | 53% | 3T% 60.0%
CCA 0% 66% | 83% | 85% | 84% | 8% | T0% | 39% | 69.4% Manually
o) StackFlow 18% T0% | 89% | 96% 94% 82% | 62% 12% 72.9%
DAE 62% 91% | 93% | 96% 96% 94% | 83% | 61% 84.5% N/A
Our SPAE | 7T7% 96% | 98% | 99% | 99% | 99% | 95% | 77% | 92.5%
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1 Bi-shifting AE for Domain Adaptation [ICCV2015]

M. Kan, S. Shan, X. Chen. Bi-shifting Auto-Encoder for Unsupervised

Domain Adaptation. ICCV2015 e



Related Works

m Problem
1 Training and testing data from different domains

m Domain Adaptation

1 Distribution Discrepancy between domains
m Labeled source domain and Unlabeled target domain
m Discrepancy — performance degeneration

IR R

e Vs =Dr. 959,

o Ps(y|r) = Pr(yl|z). B
75%

»4Mon Model

e But, Xs # Aror PS(I) + PT(JE‘)

M Cau Model

65%

55%
Mon Recog. Cau Recog



@ Related Works
" JE
m |[nstance-based Approaches
Resampling/reweighting source domain
= Sample Selection Bias/ Covariant Shift’
m Sample selection bias: p,) = p, ), p1 310 # p21%)

m Covariant Shift:p,(x) # p,(x), p. %) = p,(y|x)
Criterion: equalize the distribution of each sample

AR RK

1. Quionero-Candela, et al, Data Shift in Machine Learning, MIT Press 2009



@ Related Works
" JE
m Feature-based Approaches

Feature representation that minimize the
discrepancy

m structural correspondence learning [Blitzer etal., EMNLP
2000]

m Transfer Component Analysis [Pan etal., 2009]

m Sampling Geodesic Flow [Gopalan etal., ICCV 2011]

m Geodesic Flow Kernel [Gong etal., CVPR 2011]
Criterion

® maximum mean discrepancy

m K-L divergence

s Bregman divergence

m Low-rank

AR RK



@ Related Works

AR RK

= JEE
m Model-based Approaches
Transductive SVM [Chen et al. PRL 2003]

Domain Adaption SVM [Bruzzone etal. PAMI 2010]
Addaptive AML[Duan, etal. TPMAI 2012]

m Criterion

Distribution distance

Iteratively include more target domain
samples



&3 Bi-shifting Auto-Encoder

+ @ m Main ldea

ﬁg 1Shifting samples between domain
% m Approach

& INon-linear model for shifting

1Sparse-reconstruction for closeness
measurement
m Shifted domain and desirable domain

"
L/




&3 Bi-shifting Auto-Encoder

W L] OVGFVIeW Shifted Source

# Shifting model <SR ey
it s Auto-Encoder ,* Source Domain  Target Domain >
i m sparse representation 0000  0000:
| Shifted source domain AN |
_ | OO0 :
= with class label | £, |
Learn classification model ! O00O0 |
m On shifted source samples “\___Eii-ffliffing_/iu_tO;E”fed_er_x’l

——————————————————————

/

: Labeled Unlabeled
' Source Target

: Domain Domain
\

——————————————————————

- - —



Bi-shifting Auto-Encoder

| m Why sparse reconstruction for closeness
measurement?
Distance between corresponding local structure

IR R

‘ \
S v /A<
A\ ‘ \ .
Ny Y source domain sample
A . .
1 shifted target domain sample
"""""""" bi-shifting AE (BAE)
R
Y v
’VT >,‘?\
v §
v s
A A \ \4 N v . .
\ - s A shifted source domain sample

target domain sample



Bi-shifting Auto-Encoder

| m Formulation min ¢ + Q5

o
. in{ly = ¢ gmignB 1X s —gs( C(XS))HZ"' || X B —ge(fo(Xs)) ||2 +’YZ 2|1
shasetrs

& Reconstruct Itself |-~ ----------~&=2 . Closeness to targdetb
'/ ource omain arget omain \‘ Omain Constraine y
| 0000 0000 | sparse representation
: Es Bt :
| OO0 |
: f :
! QOO0 |
b Bi-shifting Auto-Encoder e I

———————————————————

______________________

’

I

: Labeled Unlabeled

I Source Domain Target Domain
I
\

- —

——————————————————————



&3 Bi-shifting Auto-Encoder
" JE
m Formulation

_omin X g (fo(Xo)) 13+ [ XeBe— g2 (£o(X.))I13
csgsagt)Bsth

+ || XsBs —gs (Fo (X)) [+ X — g (£(Xe) |2

(X 1B+ 18t

m Shifted Source Domain

(Xs,¥s) = (G, ¥s)
G = gt(fC(XS))

AR RK
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) Experiments

m Shifting across poses on MultiPIE

45° 50°  -30° —15°  -15° =30° 0° —45° 45° —-15° -15° —15° 15° —45° | Average
Source LDA 0.665 0.693 0.669 0.617 0.703 0.719 0.637 0.672
Target PCA 0.615 0.632 (.583 0.541 0.651 0.632 0.541 0.599
TTL 0.745 0.727 0.653 0.597 0.721 0.714 0.634 0.684
SGF+LDA 0.716 0.714 0.669 0.629 0.735 0.748 0.629 0.691
GFK (PCA,LDA 0.751 0.754 0.699 0.615 0.767 0.761 0.624 0.710
Landmarks (PCA,LDA) 0.747 0.759 0.701 0.640 0.763 0.763 0.642 0.716
LTSL (LDA 0.736 0.735 0.698 0.642 0.752 0.767 0.640 0.710
AE+LDA 0.735 0.708 0.702 0.656 0.746 0.739 0.649 0.705
BAE+LDA(Ours) 0.795 0.794 0.763 0.698 0.803 0.796 0.693 0.763

i .. Hidden Layer i

10

10|

A5 H

=20

150, -

nput Layer

-20

-10 L] 10 20

15

10

-10 I': s

=15

Qutput Layer

-20 -10 1] 1



@ Experiments

AR RK

m Shifting across ethnicity

Cau—Mon Mon—Cau | Average
Source LDA 0.679 0.676 0.678
ITL 0.801 0.775 0.788
SGF+LDA 0.790 0.751 0.771
GFK (PCA,LDA) 0.738 0.721 0.730
Landmarks (PCA,LDA) 0.718 0.763 0.741
LTSL (LDA) 0.791 0.793 0.792
AE+LDA 0.784 0.786 0.785
BAE+LDA(Ours) 0.892 0.826 0.859




@ Experiments

AR RK

m Shifting across lighting modality

VIS—NIR NIR—VIS | Average
Source LDA 0.816 0.779 0.798
ITL 0.858 0.877 0.868
SGF+LDA 0.841 0.832 0.837
GFK (PCA,LDA) 0.850 0.867 0.859
Landmarks (PCA,LDA) 0.859 0.871 0.865
LTSL (LDA) 0.868 0.878 0.873
AE+LDA 0.827 0.846 0.837
BAE+LDA(Ours) 0.904 0.920 0.912




@ Summary and discussion
" J
m DL (esp. CNN) wins with “big” data
So, collect big data...
The deeper, the better

m No ability to collect big data? Or, big
data is impossible?
Past experiences help to build model
Data structure help to design network
Priors help to design the objective functions

AR RK
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Thanks, Q & A

Lab of Visual Information Processing and Learning (VIPL) @ICT@CAS

Academic codes available at: http://vipl.ict.ac.cn/resources/codes
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