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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.
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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

~
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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
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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
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ARG 91.57%
HITtE RS ~60%
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D FE2EHHitR—FESS
" A

n AR ARABAREEEVENAESES !

m FARANBEE (BUEEE)

HE2FHIRFEMNS% T FRI0.5%

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]
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| = 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
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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)
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 7E50 AfgPatch EAIIIZCNN (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
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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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" New York

1000 object classes that we recognize

i ‘;II“G MW e
[ A i e B R0
i 1

umr created by Fanglun Lv using VIPBase
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@ ImageNet with Deep CNN

IR R

m 505 KAHECNNMLZE [650K#4Z 7T, 60MS 3]

4 | FULL CONNECT il sl
16 FULL 4096/ReLU —
37M FULL 4096/RelLU S E
MAX POOLING s
Lo
[
MAX POOLING 2x2sub = 5%
207K CONV 11x11/ReLU 256fm ‘ ————
MAX POOL 2x2sub é‘ﬁ - 4

A. Krizhevsky, L. Sutskever, and G. E. Hinton, “ImageNet Classification with Deep Convolutional Neural Networks,” NIPS, 2012. 25
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s 50IRA0, 1BEZFIR7AI, DeepMind, Alphago...

0.3 o 101 layers
s 0.26 K
E Engines of / =
é 0.2 016 visual recognition s 66 /,
S 0.12 34 I I,’(
:"u=j 0.1 007 H o - -.16Iayers
§ 0.036 m il I
0 I_l Hoe,brv ?rlzec?ﬁ;t (:ciﬁm {Fasfee::grtm)*
2010 2011 2012 2013 2014 2015 Detection
NG LFW E45R 2R 5% T [£5)0.5% I 062
VOCE44r%]: 50%>75%(3EF-E) 2 056
B s (B R A ) - S oo 0.44
Bleu:1-Gram: 66.3 (Flickr 30killiz) oo
Bleu:2-Gram: 42.3 (Flickr 30kiljiz) ® o028 0.23
MSCOC02015 k (Google/v}f) S o
27 3% T N, 31.7%:iE it & R MR z
0
2013 2014 2015 20
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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)




— R
) DLERAREEESED?
" J
s DLAARZ ZIINERLIEANE X
MR v RZ TTHY “ZGabor/ VK 4wmiL”
RS, 9ERRHER
_TZ O
ARE, MEUITE “HE]7 B4 EM
n KENWFEFHIE, NEBEREE
MHEEEZHE, FEZ, AEEX
» Top-down, iR[EIEE, E=ikiE
FIHRERVNEERSHIE
m St XK EVHNER (CREIECERIZ)
n ERFEI—BZREFHER, THFES

i -

AR RK




) DLABEMMA?
"
m A “FHEF 3T B0 “JE TR R
FRINFERE RIFVBAMT
25 5 K2z ek B YIUFIE AT
RETSXMER XM TIRIVATITFR
n CEHFERRE, MUBRREFIA AR
FEFIAGUHIIR, HEHITERF]
m ELURSGHEE
DLEZVAMF>], MFE—R=, BEHEITEE
n B REE EROFEEREY S
AR A8 51F
s HEIRIDLAES] “BH4H”
A REE

AR RK




BARIRRN A0S S A EE 4R A0 2

| = 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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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[I[CCV2015]

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 HES BEERRE B SRR
[ECCV'14]

J

ET AR AR X RN 2 i 1 5] 5 )
[CVPR13, CVPR'15]
RIFEENETTEFRIRE S SIRE
[IEEE FG'13]
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m Face Alighment
“1Predict facial landmarks from detected face

AR RK

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

S=H(), I € R"*" s e R,

39



5 mB\EIEN. SHERREERENE
" S
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

AR RK



AR . S ELRE B %

| m Schema of Coarse-to-Fine AE Networks

So S1 S> S3

1 1 1 1

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

AR RK

Global SAN Local SANs

SAN: Stacked Auto-encoder Network
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m Pipeline
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A

| m Basic idea

Stacking multiple Progressive single-layer
Auto-Encoders

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

W

S5 EAEIEEEARE B RIS

pitl

AR RK

[ ?“] E"j E’i E"j E"j E"j E"j E"i output layer ©00.000)
A A A decoder g3
| | (X .L.o °
encoder f3
ms,asr BIRIRARRARERE 0 L S g @@
A A 4 4 Tencoder f2
[-30'1, +30°] iﬂm bl bj E‘ "j F’Jﬂ f’f‘ f;] OO00..00( Mo .00
A A A T encoder f4
laso,+aso) (o) es B Bl Bl B input layer ..
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@ Multi-view Discriminant Analysis

CVPR’16

M d L M Multi-view Discriminant Network
; Discriminall"llt Connno;l Sp;lce (MVDN)

A

Class 2 Class ¢

IR R

Fisher Loss

ECCV’12, TPAMI'16
Multi-view Discriminant
Analysis (MvDA)

view 1 VIEW | VIEW V

46



#p Bi-shifting Auto-Encoder [ICCV15)

Shifted Source
Domain (Labeled)

———————————————————

IJCV2014 ,~ Source Domain Target Domain ™

 OO000 OO0O0O.

IR R

o e e e e e e e e e

V N
: Labeled Unlabeled

I Source Target

: Domain Domain

\

ICCV2015
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ACM ICMI EmotiW 2014 challenge(7d %)
IEEE FG2015 PaSC video FR challenge (7@ %
ICCV15 Apparent Age Estimation (M %)
ICCV15 Culture Event Recognition (74 %)

] BB KRR 1%%12,%j<% (F—3A)

m SRELHIVIPL SDKIHE;
AH_L 7|:_L ,)ﬂl] v4 . X
YFEXE fLv4 . x
ANB&R 5lv4 . x

AR RK
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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.




@ 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.

53



D HABERBEHEE T E

AR5

B A=

S L ELE

&

" J
FEMN
ACM ICMI EmotiW 2014 challenge (/&
IEEE FG2015 PaSC video FR challenge (/&%

ICCV15 Apparent Age Estimation (»
ICCV15 Culture Event Recognition (7

%ﬁak%(a

S —%)

L EJVIPL SDKIE

AH_L 7|:_L ,)ﬂl] v4.X
YHIEE ALv4.x
AR Allva . x

%)

/$)

%)

)



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




@ 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]




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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ACM ICMI EmotiW 2014 challenge(iE %)
IEEE FG2015 PaSC video FR challenge (%)
ICCV15 Apparent Age Estimation (I %)
ICCV15 Culture Event Recognition (£ %)
] BB KRR [E 1%?5‘2,%%:% (F—2)
n SREALHIVIPL SDKIE!

A&t lv4

FFIETE iLv4 X

AR Alv4 x
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@ 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

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
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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
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ICCV15 Culture Event Recognition (5& 3

] BB K AR [E 1%%12,@:% (F—3)
n SREHVIPL SDKIE!

Aﬂﬁdﬁ /)”JJ v4 . X

HFEEALv4 X

ARG 1R Bllv4 .x




AR RK

|0 1 % 22

n (S EHEIGR RG]
OMEETHRY: EEMA, FEELT
%w;;ﬁ,i¢*** 73 AL

0

.|.F|~
0
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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
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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)
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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
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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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ACM ICMI EmotiW 2014 challenge(7d %)
IEEE FG2015 PaSC video FR challenge (7@ %
ICCV15 Apparent Age Estimation (M %)
ICCV15 Culture Event Recognition (74 %)

] BB K HNIR[E 1%%12,%jc% (F—3A)

m SRELHIVIPL SDKIHE;
AH_L 7|:_L ,)ﬂl] v4 . X
YFEXE fLv4 . x
ANB&R 5lv4 . x
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@ o] @i i34 (3/3)

AR RK

3rd -/ 4th - 5th \/ ‘ Gth \/

gth

.

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).
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B &) ERIZ

B

m Motivation

Step2: Discovering more using the “seeds”
Kicking out “noise” and “outliers”

AR RK

More same style
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3 BiNMSE

Estimated as i

i
Activation ( T

B

AR RK

Computation

i N

Refined as N + j

N+j N+M

\— - N\ 7

Deep Convolutional Neural Networks

Labeled as i

Labeled as i

H4$5DCNN

m Simulate human “error-correcting” learning

Shared noise node

Output node

Max-activated node

Labeled node

Node selector

N noisy classes

Mnoisy slots
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KA1 EZ—B2$5DCNN

« B m Evaluation of proposed method

i

¢,

% Method Accuracy with different noise ratio (%)

»

% 0% 20% 40% 60% 80%

Benchmark: MNIST

LeNet 99.3 96.8 84.2 56.0 20.6
kje’\t’lfé; Proposed 99.3 99.2 989 986 984

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




Experimental results

m Experimental data

Preliminary round
m Training set: ~1 million;
m Evaluation set: ~1 million;
m Validation query: 500 images;
m Test query: 1,659 images.
Final round
m Training set: ~2 million;
m Evaluation set: ~3 million;
m Validation query: 1,417 images;
m Test query: 3,567 images.

AR RK
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Experimental results

2; I Performance on validation and test data.

g%: Method mAP

ﬁ Same style mining DCNN i LDA training

ﬁ tuning

S . Val  Test
Similarit SPL- Normal Noise- Standar Improved
y eSVM robust d P

1 \ X \ X X X 0.26 -
2 \ X X \ X X 0.32 --
3 X \ v X X X 031 038
4 X \ X \ X X 0.38 0.44
5 X \ X \ \ X 0.42 0.48
6 X \ X \ X \ 0.40 0.4929
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1 Demos
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@ Thanks, Q & A

Jie Zhang Zhiwu Huang Yan Li Mengyi Liu Xin Liu

b

Shaoxin Li Meina Kan Ruiping Wang  Shiguang Shan Xilin Chen

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

Academic codes available at: hitp.://vipl.ict.ac.cn/resources/codes 77
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