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Face Recognition with Single Image

|
m |dentification m Verification
Typical applications Typical applications
= Photo matching (1:N) m Access control (1:1)
m Watch list screening (1:N+1) m E-passport (1:1)
Performance metric Performance metric
s FR(@FAR) s ROC: FRR+FAR
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Who is this celebrity? Are they the same guy?
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m Intra-class variation vs. inter-class variation
1 Distance measure ->semantic meaning
1 Sample-based metric learning is made even harder
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@ Face Recognition with Videos

m Video survelllance

Seeking missing children Searching criminal suspects

http://www.youtube.com/watch?v=M80DXI9320E
http://www.youtube.com/watch?v=RfJsGeqOxRA#t=22
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@ Face Recognition with Videos
" I
m Video shot retrieval

Smart TV-Series Character
Shots Retrieval System
‘the Big Bang Theory”
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@ Treating Video as Image Set

m A new & different problem
“1Unconstrained acquisition conditions
1Complex appearance variations

1 Two phases: set modeling + set matching

o SRR B S

1Yo ‘Abojouysa] Hunndwod jo ainiis

New paradigm:
set-based metric learning
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@ Overview of previous WOorks

T
L From the 9.

view of set
modeling

S1

Principal Principal K-L
angle angle(+) matchlng Divergence

52 % . = g ]

) o

@ Linear subspace < Nonlinear manifold € Affine/Convex hull € Statistics

[Yamaguchi, FG’98] [Kim, BMVC’05] [Cevikalp, CVPR’10] [Shakhnarovich, ECCV’02]
[Kim, PAMI'07] [Wang, CVPR’08] [Hu, CVPR11] [Arandjelovi¢, CVPR’05]
[Hamm, ICML’08] [Wang, CVPR’09] [Yang, FG'13] [Wang, CVPR’12]

[Harandi, CVPR’11] [Chen, CVPR’13] [Zhu, ICCV’13] [Harandi, ECCV’14/ICCV’15]

[Huang, CVPR'15] [Lu, CVPR'15] [Wang, ACCV'16] [Wang, CVPR'15] 13



@ Overview of previous works
" J
m Set modeling
Linear subspace->Nonlinear manifold
Affine/Convex Hull (affine subspace)
Parametric PDFs - Statistics
- m Set matching—Dbasic distance
Principal angles-based measure
Nearest neighbor (NN) matching approach
K-L divergence->SPD Riemannian metric...
m Set matching—metric learning

Learning in Euclidean space
Learning on Riemannian manifold

msu| &\ ﬁ’_‘a‘!,i.: E:‘?rﬁ‘*
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Set model I: linear subspace

| = Properties

;g} PCA on the set of image samples to get subspace

;’;* Loose characterization of the set distribution region

2 Principal angles-based measure discards the

& varying importance of different variance directions

- | = Methods 1

MSM [FG'98] Z,

DCC [PAMI'07]

f GDA [ICML’08] # No distribution boundary
. GGDA [CVPR'11] # No direction difference

PML [CVPR’15] “

RY,
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Set model I: linear subspace

Il = MSM (Mutual Subspace Method) [FG’98]

Pioneering work on image set classification

First exploit principal angles as subspace distance
Metric learning: N/A

2

(d. g)

g

2
cos H = sup
de D.ge,ldl|z0. 191120 || 1°

2

subspace method Mutual subspace method

[1] O. Yamaguchi, K. Fukui, and K. Maeda. Face Recognition Using Temporal Image
Sequence. IEEE FG 1998.
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@ Set model I: linear subspace

m DCC (Discriminant Canonical Correlations) [PAMI'07]
1 Metric learning: in Euclidean space

Set 1: X4 Set2: X,

:E[ETE )

Linear subspace by:
orthonormal basis matrix
X;X] = P,A;P]

-4000

-4000 4000

[1] T. Kim, J. Kittler, and R. Cipolla. Discriminative Learning and Recognition of Image
Set Classes Using Canonical Correlations. IEEE T-PAMI, 2007. 17
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m Canonical Correlations/Principal Angles
1 Canonical vectors>common variation modes

IIE]M

Setl: X,

P'{PZ = Q12AQ£1
U=PiQ1; = [uUy, ..., uy]
V="P;Q;; = [vy, .., V3]

A = diag(cosB4,...,cos0,)

-4000

Canonical Correlation: cos 9;
Principal Angles: 6;

Canonical vectors

18



DCC
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m Discriminative learning
Linear transformation
nT: X; > Y, =T'X,
Representation
n YY) = (TTX)(T°X)"
=~ (T"P)A(T"P;)"
Set similarity

mFpj = QIE%§i tr(M;;)
M;; = Q;P'[TT"P[Q;
Discriminant function
nT = max tr(T'S,T) /tr(T'S,T)
arg T

7P}




@ Set model I: linear subspace

m GDA[ICML'08]/ GGDA [CVPR’11]
1 Treat subspaces as points on Grassmann manifold
1 Metric learning: on Riemannian manifold

Grassmann manifold
Subspace Subspace

implicit kerng|
mapping
=

[1] J. Hamm and D. D. Lee. Grassmann Discriminant Analysis: a Unifying View on Subspace-Based
Learning. ICML 2008.

[2] M. Harandi, C. Sanderson, S. Shirazi, B. Lovell. Graph Embedding Discriminant Analysis on
Grassmannian Manifolds for Improved Image Set Matching. IEEE CVPR 2011. 20
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#p GDA/GGDA
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m Projection metric

] dp(yl, Yz) — (Zl Sinz)l/z — 2_1/2||Y1Y’{ - YZY%'”F
0;: Principal angles

G(m, D)

Geodesic distance: (Wong,
1967; Edelman et al., 1999)

dg‘ Y,,Y,) = z 9i2
i

21



GDA/GGDA

m Projection kernel
m Projection embedding (isometric)

W,:G(m,D) — RP*P| span(Y) — YYT
m The inner-product of RP*P
2
tr((Y Y1) (Y2Y3)) = ||[YIY,|,
m Grassmann kernel (positive definite kernel)

kp(Y1,Y2) = ”Y’{YZ ”12;

1Yo ‘Abojouyosa] Hunndwod jo ainiisu| &\ *&5‘.(’ i: E:'?,ﬁ -*
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GDA/GGDA
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m Discriminative learning

Classical kernel methods using the Grassmann kernel
= e.g., Kernel LDA / kernel Graph embedding

al KWK«
al KKa

a” = arg max
a

Grassmann kernel




@ Set model I: linear subspace

m PML (Projection Metric Learning) [CVPR’'15]
1 Metric learning: on Riemannian manifold

SNz N B

-

T @ Structure distortion
@ No explicit mapping

~ High complexity

Learning directly on the manifoldI

[1] Z. Huang, R. Wang, S. Shan, X. Chen. Projection Metric Learning on Grassmann Manifold with
Application to Video based Face Recognition. IEEE CVPR 2015. 24
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" JE
m Explicit manifold to manifold mapping
f(¥Y)=W'Y €G(q,d),Y€G(q,D), d<D

f
-
(b) G(q,D)

m Projection metric on target Grassmann manifold G(q,d)

— !/ !/ !/ !/ 2
a3 (Fa, f(vy)) = 272 WYY YT - WYY =
2_1/2tT(PTAiinjP)

n A = iy — Y:Y))", P=WW" is arank-d symmetric positive

J
semidefinite (PSD) matrix of size D X D (similar form as

Mahalanobis matrix )
= Y, needs to be normalized to Y; so that the columns of W'Y, are
orthonormal

$89UB19S Jo Awapeay asaulyd ‘Abojouydss] Bunndwo) Jo a1n1isuy| &\ *&5‘.(’ i: t’! ""s.' ‘g .%.
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"
m Discriminative learning

Discriminant function

= Minimize/Maximize the projection distances of any within-
class/between-class subspace pairs

u ] = min Zli=lj tT'(PTAUAUP) — Azliilj tT(PTAUAUP)
within-class between-class

Optimization algorithm
m Iterative solution for one of Y’ and P by fixing the other
= Normalization of Y by QR-decomposition

s Computation of P by Riemannian Conjugate Gradient (RCG)
algorithm on the manifold of PSD matrices

$89UB19S Jo Awapeay asaulyd ‘Abojouydss] Bunndwo) Jo a1n1isuy| &\ *&5‘.(’ i: t’! ""s.' ‘g .%.



Set model II: nonlinear manifold

| = Properties

SANS [CVPR’13] € Complex distribution

MMDML [CVPR’15]

;g} Capture nonlinear complex appearance variation
2’;‘ Need dense sampling and large amount of data
2 Less appealing computational efficiency

% [ m Methods

MMD [CVPR’08]

MDA [CVPR’09]

BoMPA [BMVC'05]

€ Large amount of data

S90UB10S JO Awapeoy asau



Set model II: nonlinear manifold
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| = MMD (Manifold-Manifold Distance) [CVPR’08]
Set modeling with nonlinear appearance manifold

Image set classification ->distance computation
between two manifolds

Metric learning: N/A
fR-
A
) 4 - E
"
)

[1] R. Wang, S. Shan, X. Chen, W. Gao. Manifold-Manifold Distance with Application to Face
Recognition based on Image Set. IEEE CVPR 2008. (Best Student Poster Award Runner-up)

[2] R. Wang, S. Shan, X. Chen, Q. Dai, W. Gao. Manifold-Manifold Distance and Its Application to
Face Recognition with Image Sets. IEEE Trans. Image Processing, 2012.

D(My, M)




MMD

|
+« B = Multi-level MMD framework
fﬁ Three pattern levels: Point->Subspace->
# Manifold )
a X X2 1 “"”g"

PSD SSD

= /1 ox

SMD MMD

1Yo ‘Abojouysa] Hunndwod jo ainiis
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MMD

B3

m Formulation & Solution

' \
M : C! :
R ) Three modules

local linear models € Local model construction

€ Local model distance
€«—-—=-=->
M € Global integration of local
SSD between pairs distances

of local models

ZL r;=1 fijd(/ )
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m Subspace-subspace

distance (SSD)

0.849

0.891

0.966 0.951

-
0.683 0.602 0.556 0.438
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Set model II: nonlinear manifold

m MDA (Manifold Discriminant Analysis ) [CVPR'09]

Goal: maximize “manifold margin” under Graph
Embedding framework

Metric learning: in Euclidean space
m Euclidean distance between pair of image samples

\ w\\ Lo )
—> \é\gmg;-c?naesss «--> ?ggg&%}iﬁ?ss
Intrinsic graph Penalty graph

$89UB19S Jo Awapeay asaulyd ‘Abojouydss] Bunndwo) Jo a1n1isuy| &\ *&5‘5 i: t.c;-,' ‘g -*

[1] R. Wang, X. Chen. Manifold Discriminant Analysis. IEEE CVPR 20009.



MDA
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m Optimization framework

Intrinsic

Min. within-class scatter graph
W, , = 2vI X(D+W)X"v

T
S, =2]
m,n
Penalty

Max. between-class scatter graph

S, = =2V X(D'=-W/)X'v

Objectlve function
m Global linear transformation

S,| VI X(D'-W")XTv
S.] V' X(D-W)XTv
m Solved by generalized eigen-decomposition

Maximize J(v) =



@ Set model Il: nonlinear manifold

m BoMPA (Boosted Manifold Principal Angles) [BMVC'05]
1 Goal: optimal fusion of different principal angles
1 Exploit Adaboost to learn weights for each angle

N N
| , » |
A (@) = sign |:El w; A (0;) — > E_l w;

eleleyope -UIﬁﬂ

Subject A Subject B

" P

Fae

wl - WL
23

PA->similar (common illumination) BoMPA->dissimilar

[1] T. Kim O. Arandjelovic, R. Cipolla. Learning over Sets using Boosted Manifold Principal Angles
(BoMPA). BMVC 2005. 34
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@ Set model Il: nonlinear manifold

m SANS (Sparse Approximated Nearest Subspaces) [CVPR’13]
71 Goal: adaptively construct the nearest subspace pair
1 Metric learning: N/A

Image Domain Image Domain

D (I,,Iy) =

1 Ne a
O BMLICEIRTIED

€ SSD (Subspace-Subspace Distance):

Joint sparse representation (JSR) is
applied to approximate the nearest
subspace over a Grassmann manifold.

[1] S. Chen, C. Sanderson, M.T. Harandi, B.C. Lovell. Improved Image Set Classification via Joint
Sparse Approximated Nearest Subspaces. IEEE CVPR 2013. 35

S92Ua19S J0 AWwapedy asaulyd ‘ABojouysal Bunndwo) jo a1nnsuy| &\ *ﬁg"‘r i: E:‘;’!' ‘ﬁ .%.



@ Set model Il: nonlinear manifold

s MMDML (Multi-Manifold Deep Metric Learning) [CVPR’15]

71 Goal: maximize “manifold margin” under Deep Learning
framework
1 Metric learning: in Euclidean space
‘ Maximal Manifold Margin ’ geRTUTTTEEEENEEEEssEEmsssnna Ry, .
1 1t A Obijective function
o0 --- 0 "....g s :
: Ly _ & L _pLg2 s
E Dl(hcz) K, ; ”hcz hctp”Q :

1 o2 :
= EZIIhé—héqH%g
g=1 .

@ Class-specific DNN

€ Model nonlinearity

llllllllllllllllllllllllllllllllllllll

[1] J. Lu, G. Wang, W. Deng, P. Moulin, and J. Zhou. Multi-Manifold Deep Metric Learning for Image
Set Classification. IEEE CVPR 2015. 36
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Set model lll: affine subspace

m Properties
Linear reconstruction using: mean + subspace basis
Synthesized virtual NN-pair matching
Less characterization of global data structure
Computationally expensive by NN-based matching

m Methods I

AHISD/CHISD [CVPR10] /7. * = %

SANP [CVPR'11] " |
RNP [FG’13] ® Sensitive to noise samples

PSDML/SSDML [|CCV’1 3] € High computation cost

PDL [ACCV'16] .

o SRR B S

1Yo ‘Abojouysa] Hunndwod jo ainiis
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Set model lll: affine subspace

|
+ M = AHISD/CHISD [CVPR’10]
4 NN-based matching using sample Euclidean distance
g* Metric learning: N/A
a
&

Subspace spanned by all the available samples
D ={d,,..,d,}Inthe set
m Affine hull
H(D) = {Da = Y. dja;| Y a; = 1}
m Convex hull
HD) ={Da=)da;|Ya;=1,0<a; <1}
[1] H. Cevikalp, B. Triggs. Face Recognition Based on Image Sets. IEEE CVPR 2010.

1Yo ‘Abojouysa] Hunndwod jo ainiis
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@ Set model lll: affine subspace

$89UB19S Jo Awapeay asaulyd ‘Abojouydss] Bunndwo) Jo a1n1isuy| &\ *ﬁg‘.(r i: t-!'g ‘ﬁ .%.

s SANP [CVPR'11]/ RNP [FG'13]

1 Improve AHISD/CHISD by imposing different regularizations
on the linear representation coefficients

1 Metric learning: N/A

Minimize the distance between
regularized nearest points (RNP)

- od Affine
u\amed S
Reg all of Y ——

H
I_ﬂ’—!?'_l-—ﬂﬁ

§ s . J
Minimize L, Distance D(x;,x;) o

Maximize Sparsity on & and g
-a
___________________________________________

el vjoslosiosioy

1
)
1S
1

Gallery image set X Probe image set Y’

SANP, L1-norm regularization RNP, L2-norm regularization
[2] Y. Hu, A.S. Mian, R. Owens. Sparse Approximated Nearest Points for Image Set Classification.
|IEEE CVPR 2011.

[3] M. Yang, P. Zhu, L. Gool, and L. Zhang. Face Recognition based on Regularized Nearest Points
between Image Sets. |IEEE FG 2013.

39



Set model lll: affine subspace

s PSDML/SSDML [ICCV’13]

1 Metric learning: in Euclidean space

1Yo ‘Abojouyosa] Hunndwod jo ainiisu| &\ *@‘!’ i: E:'?,‘ﬁ -*

point-to-set distance set-to-set distance metric
metric learning (PSDML) learning (SSDML)

20U310S J0 AWwapeoy asau

[1] P. Zhu, L. Zhang, W. Zuo, and D. Zhang. From Point to Set: Extend the Learning of
Distance Metrics. IEEE ICCV 2013.

40



PSDML/SSDML
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m Point-to-set distance
Basic distance
m d%(x, D) = ming||x — H(D)||5 = ming||x — Da||5
Solution: Least Square Regression or Ridge Regression

Mahalanobis distance

n dj;(x, D) = min||P(x — Da)||5 =
(x —Da)"P"P(x — Da) = (x — Da)’M(x — Da)

Projection matrix




PSDML/SSDML

| = Point-to-set distance metric learning (PSDML)
SVM-based method

min ||M||F+v<25 +ZEP
M“l(x)“] fl]fl

s.t.dy(x,D;) +b=1—8&Y,j #1(x); ()
dy (%, Dyxy) +b < —1+ & (+)
M>0,Yij,& =20¢& =0

1Yo ‘Abojouyosa] Hunndwod jo ainiisu| &\ *&5‘.(’ i: E:'?,‘ﬁ -*

di;(x, D) = min||P(x — Da)||5
= (x-Da)"P"P(x — Da)
=(x—-Da)"M(x — Da)
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PSDML/SSDML

m Set-to-set distance
Basic distance
nd?(Dy,D,) = ming, a, |IH(D;) — H(D1)||% =
minal,a2||D1“1 — Dz“z”%

Solution: AHISD/CHISD [Cevikalp, CVPR’10]

Mahalanobis distance
= d}(D;,D,) = min||P(Dia; — Dyat,)||3 =
(Dia; — Dyat;)"M(Dya; — Dyary)

1Yo ‘Abojouyosa] Hunndwod jo ainiisu| &\ *&5‘.(’ i: E:'?,‘ﬁ -*
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PSDML/SSDML
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| m Set-to-set distance metric learning (SSDML)

SVM-based method
. 2 N P
e iy o IMIE 4 v(Zj HE zk &) «Q
s.t.dy (D;,D;) +b=1-§Y,1(Dy) = 1(D)); () q a G
&

dy(Dy,Dy) + b < =1+ &G, DY) = 1(Dy); (+)
M>0,Yi,j,k & =08, =0

d% (D4, D,) = min||P(D,a; — D,a,)||? q e e

= (D,a; — Dz“z)TM(D1a1 — D)



Set model lll: affine subspace

| = PDL (Prototype Discriminative Learning) [ACCV'16]

Goal: jointly learn prototypes and linear transformation

= In the target subspace, for any image in each set, its NN prototype
from the same class is closer than that from different classes

Metric learning: in Euclidean space

Training process of one sample The target subspace and prototypes
r R"
R H3 H3
nn,, (y) S *

ot % bl

i %
nny(y) ¥

y=Wlx
Hl Hl

[1] W. Wang, R. Wang, S. Shan, X. Chen. Prototype Discriminative Learning for Face Image Set
Classification. ACCV 2016.
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m Prototype Representation

Original image sets
Xc — {xc,l' ...,chnc} (S RanC’ c=1,..,C
Affine hull representation [Cevikalp, CVPR’10]

= The smallest affine subspace containing affine
combinations of sample images in an image set.

Ne Ne
HC= x=2aC,i'xC,i ZQC,izl},Czl’___,C
i=1 i=1

Assumption: Prototypes P. = {p.1, ., De;m,} S He
_ l
Pci = H + Ucvc,i; Ve, € R



PDL

k]

m Objective function
{w*,P{,...,P:} = argmin J(W, Py, ..., P¢)

W,Py,.. ,PC
J(W, Py, ..., Pe) = z 253 Q)
c= 1x€XC
Q, = d(y : ) A smooth approximation

d (y, cawrT x)) of the step funlction:
Sﬂ(z) T 11ef1-2

Nearest neighbor prototype
from the class Nearest neighbor prototype

from different classes

$89UB19S Jo Awapeay asaulyd ‘Abojouydss] Bunndwo) Jo a1n1isuy| &\ *ﬁg‘.(r i: t-! “3" ‘g .%.



@ Set model |V: statistics (COV+)

m Properties

1 The natural raw statistics of a sample set
"1 Flexible model of multiple-order statistical information

m Methods e

L4

| [ LMKML [ICCV'13]
: 11 DARG [CVPR'15]

& Natural raw statistics

lllllllllllllllllllllllllllllllllll

® More flexible model

ulyd ‘Abojouydsa] Bunndwo) Jo a1nisu| &\ *@‘.‘r i: E:'?,ﬁ -*

[l

[
0 LERM [CVPR’14] =
%% 0 HER [CVPR15 ] [Shakhnarovich, ECCV’02]
s ... [Arandjelovi¢, CVPR’05]
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Set model IV: statistics (COV+)
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l = CDL (Covariance Discriminative Learning) [CVPR'12]

Set modeling by Covariance Matrix (COV)
m The 2nd order statistics characterizing set data variations
= Robust to noisy set data, scalable to varying set size

Metric learning: on the SPD manifold

& Model data variations

€ No assum. of data distr.

[1] R. Wang, H. Guo, L.S. Davis, Q. Dai. Covariance Discriminative Learning: A Natural

and Efficient Approach to Image Set Classification. IEEE CVPR 2012.
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1Yo ‘Abojouyosa] Hunndwod jo ainiisu| &\ *&5‘.(’ i: E:'?,‘ﬁ -*

€ Image set: N samples with d-
dimension image feature

X =X X5y eeey Xy Jinn

_

€ COV: d*d symmetric positive
definite (SPD) matrix*

C = 1 %~ R, =)

*: use regularization to tackle singularity
problem




CDL

m Set matching on COV manifold
Riemannian metrics on the SPD manifold
» Affine-invariant distance (AID) [1] o
ig
d? (C1’ CZ) — Zid=1|n2 ﬂﬁ (C11 Cz) computational

burden
or

Y 1724 |

d?*(C,,C,) = log, (C;**C,C;**)|_
More efficient,
= Log-Euclidean distance (LED) [2] more appealing

d(CyCz) = Hlog, (Cl)_ Iog, (Cz)HF

[1] W. Forstner and B. Moonen. A Metric for Covariance Matrices. Technical Report 1999.

[2] V. Arsigny, P. Fillard, X. Pennec and N. Ayache. Geometric Means In A Novel Vector Space
Structure On Symmetric Positive-Definite Matrices. SIAM J. MATRIX ANAL. APPL. Vol. 29, No. 1, pp.
328-347, 2007.
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m Set matching on COV manifold (cont.)
1 Explicit Riemannian kernel feature mapping with LED

Y C—log,(C), (A — R™) Mercer’s

theorem

log -

Kiog (C1, C,) =traceflog, (C,)-log, (C,)]

~7
. °, W s Y Tangent space at
+* x Y3 er Identity matrix |
’ 1 ~
, s Y1

ulyd ‘Abojouydsa] Bunndwo) Jo a1nisu| &\ *ﬁ‘-‘r i: E:'?,E -*

_-7log, Riemannian manifold
of non-singular COV

Q77

52



CDL

m Discriminative learning on COV manifold
Partial Least Squares (PLS ) regression

Goal: Maximize the covariance between
observations and class labels

Space X Space Y
feature vectors, Slea;zrls b: | 1/0
e.g. log-COV indicato’rs.g.
matrices

AQA‘ oA Y =T*B*C =X*Bpls
° ,AA' A‘A .
R > €T is the common latent
2 4 %S representation

S92Ua19S J0 AWwapedy asaulyd ‘ABojouysal Bunndwo) jo a1nnsuy| &\ *&5‘5 i: E:‘?, ‘g .%.



CDL vs. GDA

o
AN
1
m COV->SPD manifold m Subspace->Grassmannian
Model Model
N _ T
C=—=3 (%, = X)X~ % ¢=UAJ
il =>U=[u,u,,...,u_ ], =
Metric Metric

d (C]_! Cz) = |||Og| (Cl) - Iogl (CZ)”F dproj (Ul’UZ) = 2_1/2 HU1U;- _UZU; HF
—> log, (C) =U log, (AU

Kernel Kernel
: C—olog, (C), (M +—R™) | ¥ ., U>UU", ¢(mD)—> R

log -

b



Set model IV: statistics (COV+)

I = LMKML (Localized Multi-Kernel Metric Learning) [ICCV’13]

Exploring multiple order statistics
m Data-adaptive weights for different types of features
m Ignoring the geometric structure of 2"9/3"d-order statistics

Metric learning: in Euclidean space

llllllllllllllllllllllllllllllllllllllllllllllllll
.
*

? A 1st/ 2nd/ 3d-order statistics
=' 1 n 1 n o on .
= — T, O = 2, —m)(z; —m)Ts

. o Z i 1 Z Z(z m)(x; —m) :
. i— i=1 j=1 =
> = P - , .
L T=C®m -
° * Obijective function
a P .
@ ®) Fd(Si,5;) =Y mp(¢D) (¢ — T M(F — Fmp(ef)
. p=1 :
Complementary information : N sy N US S,
P y = max.J = Z d(SL 55) Z d(Sl 55)
(mean vs. covariance) s M = Ne- 5= New
%, (5:,5;)€C~ (5,.5,)eCct o

.....
llllllllllllllllllllllllllllllllllllllllllllllll

[1] J. Lu, G. Wang, and P. Moulin. Image Set Classification Using Holistic Multiple Order Statistics
Features and Localized Multi-Kernel Metric Learning. IEEE ICCV 2013.
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Set model IV: statistics (COV+)

k]

m DARG (Discriminant Analysis on Riemannian manifold of
Gaussian distributions) [CVPR'15]

Set modeling by mixture of Gaussian distribution (GMM)
= Naturally encode the 1st order and 2nd order statistics

Metric learning: on Riemannian manifold

Non-discriminative
IMe-consyming
o .
| [Shakhnarovich, ECCV'02]
i [Arandjelovi¢, CVPR’05]

: M. Riemannian
i manifold of Gaussian
: distributions

S o s s o o o IS S I I IS DT EEE B DEE BEE SN EEE DEE BEE EEe B Eam e

[1] W. Wang, R. Wang, Z. Huang, S. Shan, X. Chen. Discriminant Analysis on Riemannian Manifold
of Gaussian Distributions for Face Recognition with Image Sets. IEEE CVPR 2015.
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= {;AE

Kernel = Discriminative = @
embeddin @ A " learnin
K 3/““"A/ t/gb ®/

M. Riemannian manifold of Gaussian distributions
H': high-dimensional reproducing kernel Hilbert space (RKHS)
R%: target lower-dimensional discriminant Euclidean subspace 57




DARG

m Kernels on the Gaussian distribution manifold

kernel based on Lie Group
m Distance based on Lie Group (LGD)

SPD matrix according

LGD (Pi, P]) = ||108(Pi) — log(Pj)HF ) to information geometry

L (T4 uu" u—/
()

g~N(x|p,Z) — P = [Z]" d+1 1

m Kernel function

1Yo ‘Abojouyosa] Hunndwod jo ainiisu| &\ *&5‘.(’ i: E:'?,‘ﬁ -*

LGD? P;, P;
Kicp(9:,9;) = exp (‘ Z(tzl ])>

S90UB10S JO Awapeoy asau



LT DARG
"
m Kernels on the Gaussian distribution manifold

¥
fﬁ kernel based on Lie Group

Py kernel based on MD and LED

ii = Mahalanobis Distance (MD) between mean
MD (o) = Gt =) (57 +57) ()
s LED between covariance matrix

LED(Z;, %) = |[log(Z;) — log(zj)||F

» Kernel function

i Kmp+LED (gi;gj) = ¥1Kup (lii»llj) + V2K1ED (Zirzj)

> Koo (1) = exp <_ MD?2 Z(iizlﬂj))

i Koo (503,) = exp (_ LEDZZ(tZZi,Zj)>

Y1, ¥ are the combination coefficients



DARG

m Discriminative learning

Weighted KDA (kernel discriminant analysis)
= incorporating the weights of Gaussian components

asaulyd ‘Abojouydsa] Bunndwo) Jo a1n1isuy| &\ *&5‘.(’ i: E:'?,ﬁ -*

la’ Ba|
a —
J(a) aTival
C 1 N;
: T
W:zw—iz:wj()(k]‘ m) (k! —m;)
i=1 j=1
c
B =) Ny(m —m)(m; —m)”
g i=1
3 N; C N;
; m; = ! wik! m=izi wik!
YoNw & N w7



Set model IV: statistics (COV+)

| = Beyond Gauss [ICCV'15]

Set modeling by probability distribution functions (PDFs)
= More general than Gaussian assumption
m non-parametric, data-driven kernel density estimator (KDE)

Metric learning: on Riemannian manifold

€ PDFs form a Riemannian manifold,
I.e., the statistical manifold.

@ Csiszar f-divergences are exploited
to measure the geodesic distance.

[1] M. Harandi, M. Salzmann, and M. Baktashmotlagh. Beyond Gauss: Image-Set Matching on the
Riemannian Manifold of PDFs. IEEE ICCV 2015.
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Beyond Gauss
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20U310S J0 AWwapeoy asau

m Set modeling with PDFs
Kernel Density Estimation (KDE)

o) = ! _1_.T-1_.)
pC) = - Jdet(m);exp( = (e — 22 (x - x)

Given two image sets {x/}'” and {x[}'* with estimated
PDFs p(x) and g(x), how to compare two PDFs p(x) and
q(x)?

m Empirical estimation of f-Divergences
Hellinger distance

52(pllq) = n—t}i (\/T(xf’) — \/1 —T(xP) >2 +niqzq: (\/T(xlq) — \/1 — T(xl;) >2
Jeffrey dl\;ergence |
S ollo) = —Z(n(ﬁ’) Din ot a2 TG - Din L

p(x)
p(x) + q(x)

T(x) =



Beyond Gauss

m Kernels on the Statistical Manifold
Hellinger Kernel
Ku(p,q) = exp (-063(p. 0))
Laplace Kernel
K. (p,q) = exp(—-a6y(p,q))
Jeffrey Kernel
K;(p,q) = exp(—a6;(pllq) )
m Dimensionality Reduction
W* = argmin L(W),s.t. WIW = I,
w

L(W) = 7 a(Xi;Xj) : S(WTXi, WTXj)
Li  Affinity

High affinity a(X;, X;) -« small distance after mapping
Low/negative affinity a(X;, X;) « large distance after mapping

Optimization by conjugate gradient on a Grassmann manifold.

$89UB19S Jo Awapeay asaulyd ‘Abojouydss] Bunndwo) Jo a1n1isuy| &\ *@‘.(r i: t’! ""s.' ‘g .%.



@ Set model |V: statistics (COV+)

m Properties

1 The natural raw statistics of a sample set

"1 Flexible model of multiple-order statistical information
m Methods e

-1 CDL [CVPR12] (\

- LMKML [ICCV’13]
- DARG [CVPR'15]

& Natural raw statistics

ulyd ‘Abojouydsa] Bunndwo) Jo a1nisu| &\ *@‘.‘r i: E:'?,ﬁ -*

:.I;l..g.'...c.;..a.l.'l..s.% I.I.Q.C..Y.,:I.é].‘ € More flexible model
0 :
L0 LEMLIICML15]......

0 LERM [CVPR’14] g

g 0 HER [CVPR15 ] [Shakhnarovich, ECCV’02]

s ... [Arandjelovi¢, CVPR’05]
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Set model IV: statistics (COV+)
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| = SPD-ML (SPD Manifold Learning) [ECCV’'14]

Pioneering work on explicit manifold-to-manifold

dimensionality reduction

Metric learning: on Riemannian manifold

(d

& Structure distortion
€ No explicit mapping

[1] M. Harandi, M. Salzmann, R. Hartley. From Manifold to Manifold: Geometry-Aware

Dimensionality Reduction for SPD Matrices. ECCV 2014.




7 SPD-ML
"
m SPD manifold dimensionality reduction

Mapping function: f: §¥, x R**™M —» §"
» f(X, W) =W'XW e S >0, X €8, W e R™™ (full rank)

m Affine invariant metrics: AIRM / Stein divergence on
target SPD manifold S
S2(WTX,W WX W) =52(WTX;.W,WTX;W)
s« W=MW, MeGL(n), We R, WIW =1,

$89UB19S Jo Awapeay asaulyd ‘Abojouydss] Bunndwo) Jo a1n1isuy| &\ *&5‘5 i: t’! “3" ‘g .%.



7 SPD-ML
"
m Discriminative learning

Discriminant function

s Graph Embedding formalism with an affinity matrix that
encodes intra-class and inter-class SPD distances

= min L(W) = min 3;; A;;82(WTX;W, W X;W)
s.t. WTW = I, (orthogonality constraint)
Optimization

= Optimization problems on Stiefel manifold, solved by
nonlinear Conjugate Gradient (CG) method

1Yo ‘Abojouyosa] Hunndwod jo ainiisu| &\ *&5‘.(’ i: ?gﬁ,‘ﬁ -*
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Set model IV: statistics (COV+)

| = LEML (Log-Euclidean Metric Learning) [ICML’15]

Learning tangent map by preserving matrix symmetric
structure

Metric learning: on Riemannian manifold
FI_’ /’, - . | X\/E
/".,”(I},. ’\'. log - X\/E OR »
’ . X2
_ (c)

(b1)

CDL [CVPR’12]

%ﬂ»l

(d) (e)
[1] Z. Huang, R. Wang, S. Shan, X. Li, X. Chen. Log-Euclidean Metric Learning on Symmetric

Positive Definite Manifold with Application to Image Set Classification. ICML 2015.
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3 LEML

m SPD tangent map learning
71 Mapping function:DF: f(log(S)) = W'log(S)W

ulyd ‘Abojouydsa] Bunndwo) Jo a1nisu| ﬁ\ *ﬁﬁ‘ﬂ, i: E:'?,E -*

S90UB10S J0 Awapeoy asa

m W is column full rank

1 Log-Euclidean distance in the target tangent space
= dup (f(TD, f(T) = IWT,W - WIT;W||

= QT =TT =T

Q=Www")?

Tr(s)Sk

DF(S)[¢s]

T = log(S)

analogy to 2DPCA

69




LEML
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m Discriminative learning
Objective function

m ar%rglin D14(Q,Q¢) +1Dy(§,$o)
s.t.,tr(QA[;A;;) < &cijy, (L)) €S
tl‘(QAiTinj) = ¢y (LJ) ED
s A;; =log(C;) —log (C;), Diy: LogDet divergence

Optimization
m Cyclic Bregman projection algorithm [Bregman’'1967]



@ Set model |V: statistics (COV+)

m Properties
1 The natural raw statistics of a sample set
"1 Flexible model of multiple-order statistical information

m Methods )
7 CDL [CVPR'12] A %
-1 LMKML [ICCV’13] L M
-1 DARG [CVPR’15]
1 B. Gauss [ICCV’135]

& Natural raw statistics

® More flexible model

ulyd ‘Abojouydsa] Bunndwo) Jo a1nisu| &\ *@‘.‘r i: E:'?,ﬁ -*

]
O LEML OCMLU 19l .
{0 LERM [CVPR'14] 3 2
1O HER [CVPRIIS] . [Shakhnarovich, ECCV'02]
s ... [Arandjelovi¢, CVPR’05]
B 71



@ Set model IV: statistics (COV+)

m LERM (Learning Euclidean-to-Riemannian Metric) [CVPR'14]
1 Application scenario: still-to-video face recognition

1 Metric learning: cross Euclidean space and Riemannian manifold
Watch list Survellance video

Y

[1] Z. Huang, R. Wang, S. Shan, X. Chen. Learning Euclidean-to-Riemannian Metric for Point-to-Set
Classification. IEEE CVPR 2014. 72

$89UB19S Jo Awapeay asaulyd ‘Abojouydss] Bunndwo) Jo a1n1isuy| &\ *ﬁg‘.(r i: t-!'g ‘ﬁ .%.



m Point-to-Set Classification
Euclidean pomts VS. Rlemannlan points

Corresponding
manifold:

Euclidean space (E) 1.Grassmann (G)
2.AffineGrassmann (A)
3.SPD (S)

[Hamm, ICML’08]
[Harandi, CVPR’11]
[Hamm, NIPS’08]
[Pennec, IJCV’06]
Point [Arsigny, SIAM'07]
Set model

Linear subspace Affine hull Covariance matrix
[Yamaguchi, FG’98] [Vincent, NIPS’01] [Wang, CVPR’12]
[Chien, PAMI'02] [Cevikalp, CVPR’10] [Vemulapalli, CVPR’13]

[Kim, PAMI'07] [Zhu, ICCV'13] [Lu, ICCV'13]



S90UB10S JO Awapeoy asau

1Yo ‘Abojouyosa] Hunndwod jo ainiisu| &\ *&5‘.(’ i: E:'?,‘ﬁ -*

| m Basic idea

Reduce Euclidean-to-Riemannian metric to
classical Euclidean metric
m Seek maps F,® to a common Euclidean subspace

a(x ) = @) = @y )T F ) - 0(3)
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| m Basic idea

Bridge Euclidean-to-Riemannian gap

= Hilbert space embedding
Adhere to Euclidean geometry
Globally encode the geometry of manifold

s Tangent space (locally)

~, #’
~~~~~~~~~~~
-----




LERM

g ® Formulation Different:
Final maps F,®

;f} Three Mapping Modes  a Ps

8 0F7) (Oud Same:
ﬁ /, Objective fun. E(F, @)
8

é Further

- reduce

= the gap

° Mapping Mode 1

g Single Hilbert space

: R R

Iy

S RP Furth | T

g Mapping Mode 2 ur Iert explore Mapplng Mode 3

3 Double Hilbert spaces corretations +Cross-space kernel 6
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me.g. Model

Single Hilbert space
]Rd

]
i Discriminate Distance

-
P

______

,,,,,
~

________

Normalize Transformation

Final maps:
F=f,=WIx
® = fy 0, = WK,
<(Pyi: <py,.> =Ky, (i, /)
Ky (i,)) = exp(—d*(y;,¥;)/20%)

Riemannian metrics [ICML’08, NIPS’08, SIAM’06]

Distance metric:
d(xy) = |(Fw) - @) F ) - 9(3)

Objective function: E(F, @)

min{ + 41 G(F, @) + 2, [T(F, @)

Distance Geometry Transformation

77



Set model IV: statistics (COV+)

gm HER (Hashing across Euclidean and Riemannian) [CVPR’15]

Image Query

Video Database
A

)

Application scenario: Image-video face retrieval

Metric learning: hamming distance learning across heter. spaces

i\

S01E03:10°53”

{ ’
SOIEO4 12’117

SO1E02: 04 20 )

ﬂ

SO01E01:22°20”

S01E02:13’23”

S01E02: 00°21”

SOIEO4 03’42”

SO1E05: 19°20”

11]|2

3

4

5

7

8

9

Next Page
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[1] Y. Li, R. Wang, Z. Huang, S. Shan, X. Chen. Face Video Retrieval with Image Query via Hashing
across Euclidean Space and Riemannian Manifold. IEEE CVPR 2015.
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Previous Multiple Modalities
Hash Learning Methods

m Heterogeneous Hash Learning

011 111
001 101
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100
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/AA

a8 .

Riemannian Manifold

Euclidean Space

The Proposed Heterogeneous
Hash Learning Method
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HER
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m Two-Stage Architecture
Stage-1: kernel mapping

@et Hamming Space}

A [ )
(o} ()
a ©

AA Subject A
O® Ssubject B
Subject C

Reproducing Kernel Reproducing Kernel
Hilbert Space (Euc.) Hilbert Space (Rie.)

[ ] H . . .
Euclidean Kernel (Image)  : \ A : Riemannian Kernel (Video)
’ ||x: — xj||z Euclidean Space Riemannian Manifold *: g [log(%:) — IOg(y»j)”i
K (- —r ) : (Image-Vector-x;) (Video-Covariance Matrix-1;) K, = exp(— 02
e . r

[*] Y. Li, R. Wang, Z. Cui, S. Shan, X. Chen. Compact Video Code and Its Appllcatlon to Robust Face
Retneval in TV Series. BMVC 2014. (**: CVC method for video-video face retrieval)
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m Two-Stage Architecture
Stage-2: binary encoding

Hash Functions F
W,
Te

AA Subject A
O@® Ssubject B
Subject C

Hash Functions
W,

arget Haomming Space
\ Hyperplane

M Discriminability
M Stability

Reproducing Kernel Reproducing Kernel
Hilbert Space (Euc.) Hilbert Space (Rie.)

A

Euclidean Space
(Image-Vector-x;)

Riemannidn Manifold
(Video-Covariance Matrix-y;)



Hyperplane A
& Discriminability
M Stability

\\\\ Hyperplane C
~ ™ Discriminability
™ Stability

Hyperplane B
M Discriminability
& Stability
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Objective Function
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Discriminability (LDA)

KE[TK) KE[TK) KE(TK) KETLK)
i€{1:N} i€{1:N}
s.t.
Bk = K o(x)),Vk € {1:K},Vi € {1: N ”
e = Sgn\w. ¢p{(xi)), Ry, V1 : Stability (SVM)

Bkt = sgn (w’,fTr](/y,i)),Vk € {1:K},Vi € {1: N}

B (wf p(x)) 21— &4,
. T ,
BS (o () = 1- &4,

k> 0,vk € {1:K},Vi € {1: N}
ki > 0,vk € {1:K},Vi € {1: N}




@ DL extension for video hash learning

m DVC (Deep Video Code) [ACCV'16]

1 Application scenario: video-video face retrieval
1 Metric learning: hamming distance learning

/ .\ / W BinaryCode\
A' 1101...1010

W Binary Code
o . 1110...1001

B "2 _
\ / \Dg 1100...1110/

Samples in Hamming Space Binary codes for sets

Binary Code
0001...1111

1Yo ‘Abojouyosa] Hunndwod jo ainiisu| &\ *@‘!’ i: E:'?,‘ﬁ -*

20U310S J0 AWwapeoy asau

[1] S. Qiao, R. Wang, S. Shan, X. Chen. Deep Video Code for Efficient Face Video Retrieval. ACCV 20%%.



DVC

m An end-to-end video hashing framework

;f} A multi-branch CNN for frame-level feature extraction

&, Temporal pooling for fusing complementary feature

‘j, Learning to hash with upper bounded triplet loss function
&

i data

& . . — >

- Frame-level CNN Feature Extraction Video-level Representation  Binary Encoding

«=l10] [ Bounded
sigrir et Loss *

Temporal Feature Pooling

Fully
Connected

gradient

N

[*] H. Liu, R. Wang, S. Shan, X. Chen. Deep Supervised Hashing for Fast Image Retrieval. IEEE CVPR
2016. (**: DSH method for DL-architecture based hash learning for image retrieval)
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m Evaluations
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/LT Evaluations
» I

m Two YouTube datasets

YouTube Celebrities (YTC) [Kim, CVPR'08]
m 47 subjects, 1910 videos from YouTube

YouTube FaceDB (YTF) [Wolf, CVPR'11]
m 3425 videos, 1595 different people
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@ Evaluations
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m COX Face [Huang, ACCV'12/TIP’15]

11,000 subjects

m each has 1 high quality images, 3 unconstrained video
seqguences

Videos
http://vipl.ict.ac.cn/resources/datasets/cox-face-dataset/cox-face

87



: ] Table 2. Summary of Video PaSC Data.
@ Eval U at| ons Number of Subjects 265

Total Videos 2,802
u Total Control Videos 1,401
Total Handheld Videos 1,401

. ] PaSC [Beveridge, BTAS’ 1 3] Control Videos per Subject 4107

Handheld Videos per Subject | 4 to 7

Control videos Number of Locations 6

= 1 mounted video camera

m 1920*1080 resolution
Handheld videos

m 5 handheld video cameras

m 640*480~1280*720 resolutic

¥
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Control video Handheld video



@ Evaluations
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m Results (reported in our DARG paper*)

COoX
Method YTC
COX-11 COX-12 COX-23 COoX-21 COX-31 COX-32
CHISD [CVPR'10] 66.46 56.87 30.10 14.80 44.37 26.44 13.68
GDA [CVPR’08] 65.91 72.26 80.70 74.36 71.44 81.99 77.57
GGDA [CVPR'11] 66.83 76.73 83.80 76.59 72.56 82.84 79.99
MMD [CVPR'08] 65.30 38.29 30.34 15.24 34.86 22.21 11.44
MDA [CVPR’09] 66.98 65.82 63.01 36.17 55.46 43.23 29.70
SGM [ECCV’'02] 52.00 26.74 14.32 12.39 26.03 19.21 10.50
MDM [CVPR’05] 62.12 30.70 24.98 14.30 28.90 31.72 19.30
CDL [CVPR'12] €9.70 78.37 85.25 79.74 75.59 85.83 81.87
‘
DARG-KLD 72.21 71.93 80.11 73.65 70.87 81.03 76.99
DARG-LGD 68.72 76.74 84.99 78.02 72.93 33.88 81.54

DARG-MD+LED 83.71 90.13 85.08 81.96 89.99 88.35

[*] W. Wang, R. Wang, Z. Huang, S. Shan, X. Chen. Discriminant Analysis on Riemannian Manifold of
Gaussian Distributions for Face Recognition with Image Sets. IEEE CVPR 2015. 89




@ Evaluations

m Results (reported in our DARG paper*)

VR@FAR=0.01 on PaSC AUC on YTF

mDCC WGDA WGEDA mMDA mCDL ® DARG-MD+LED - MSM = AHISD = CHISD
20 m SANP = MMD coL
18 B DARG- MD+LED
16 :
14
12

10

8

6

4

2

0

Control Handheld
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Evaluations

k]

m Performance on PaSC Challenge (IEEE FG'15)

HERML-DeLF

s DCNN learned image feature
m Hybrid Euclidean and Riemannian Metric Learning*

Qe
-\

o L= S

)l CA._§._-
— Uni-Lj
— SIT
—— Surrey
| — UuTS
LRPCA

A X4

0.8
0.8

. 0.59

0.6
0.6

Verification rate

0.4
0.4

0.2
0.2

7 0.08
g ¥ Control Video g. | Handheld Video
T | T T T I T |
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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[*] Z. Huang, R. Wang, S. Shan, X. Chen. Hybrid Euclidean-and-Riemannian Metric Learning for Image
Set Classification. ACCV 2014. (**: the key reference describing the method used for the challenge)



Evaluations

m Performance on EmotiW Challenge (ACM ICMI'14)*
1 Combination of multiple statistics for video modeling
1 Learning on the Riemannian manifold

60
S0
M Runnesr-Up
40
30 Tatelne
20

10 Second
Runner-L)
0
N) S > N v 2 & 0 W
Q N s PE- D =
& (RS & & ¢ 9

N

Clas. Acc.

[*] M. Liu, R. Wang, S. Li, S. Shan, Z. Huang, X. Chen. Combining Multiple Kernel Methods on
Riemannian Manifold for Emotion Recognition in the Wild. ACM ICMI 2014.
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m Summary
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@ Route map of our methods
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MMD
CVPR’08/TIP’12

MDA

DARG
CVPR’15

Appearance manifold

CDL

€ Complex distribution

€ Large amount of data

coocoooooooo o

Covariance matrix

& Natural raw statistics

€ No assum. of data dist.

LERM
CVPR’14 .
%
N3
\\
\%\
%\
het -
cvc " HER
BMVC’14 CVPR’15
LEML/PML
ICML’15/CVPR’15 94



@ Summary
"
m \What we learn from current studies

Set modeling
m Linear(/affine) subspace - Manifold = Statistics

Set matching
m Non-discriminative - Discriminative

Metric learning
» Euclidean space - Riemannian manifold

m Future directions
More flexible set modeling for different scenarios
Multi-model combination
Learning method should be more efficient
Set-based vs. sample-based?
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@ Additional references (not listed above)
" S
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[Arandjelovi¢, CVPR’05] O. Arandjelovi¢, G. Shakhnarovich, J. Fisher, R.
Cipolla, and T. Darrell. Face Recognition with Image Sets Using Manifold
Density Divergence. IEEE CVPR 2005.

[Chien, PAMI'02] J. Chien and C. Wu. Discriminant waveletfaces and nearest
feature classifiers for face recognition. IEEE T-PAMI 2002.

[Rastegari, ECCV’12] M. Rastegari, A. Farhadi, and D. Forsyth. Attribute
discovery via predictable discriminative binary codes. ECCV 2012.
[Shakhnarovich, ECCV’02] G. Shakhnarovich, J. W. Fisher, and T. Darrell.
Face Recognition from Long-term Observations. ECCV 2002.

[Vemulapalli, CVPR’'13] R. Vemulapalli, J. K. Pillai, and R. Chellappa. Kernel
learning for extrinsic classification of manifold features. IEEE CVPR 2013.
[Vincent, NIPS’01] P. Vincent and Y. Bengio. K-local hyperplane and convex
distance nearest neighbor algorithms. NIPS 2001.
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Codes of our methods available at: http://vipl.ict.ac.cn/resources/codes 97
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