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Face Analysis Tasks

Face identification (access control/ surveillance)




Face Analysis Tasks

Facial expression recognition (human-computer interaction)
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Face Analysis Tasks
Head pose estimation (human computer interaction)

-

Gender classification (social media analysis)




Face Analysis Tasks
Facial beauty prediction (multimedia analysis)
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Face Analysis Tasks

Kinship verification (social media analysis)

Father-Son (F-S) Father-Daughter (F-D)

Mother-Son (M-S) Mother-Daughter (M-D)




Related Work

e 150 image pairs

e 50%: Caucasians

e 40%: Asians

e 7% African Americans
e 3% others;

e 40%: F-S

e 22%: F-D

e 13%: M-S

o 26(y . M-D [1] Ruogu Fang, Kevin D. Tang, Noah Snavely, and Tsuhan Chen, Towards computational
0. - models of kinship verification, ICIP, pp. 1577-1580, 2010. (Best Paper Award)



Related Work
Transfer Learning (Xia2012 [2])
e 90 groups

e 3 imagesin each group

Young
D1 ( g Parents
Children \

p

D3' Optimal Discriminative Subsapce

(1) (2) (3) (1) (2) 3)
) (d)

[2] Siyu Xia, Ming Shao, Jiebo Lu, and Yun Fu, Understanding kin relationships in photos, IEEE TMM, vol. 14, no. 8,
pp. 1046-1056, 2012. 9
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Datasets
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Datasets

e KinFaceW-11:1000 kmshlp image face palrs
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Datasets

e Statistics

Distribution of ethnicity
70 T

Asian Caucasian African

(%)

90

70

Distribution of ethnicity

e Publicly available: www.kinfacew.com

Asian

Caucasian

African
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Datasets

Home Datasets Protocol Download Results References Contact Changes

Home

Welcome to Kinship Face in the Wild (KinFaceW), a database of face images collected for studying the
problem of kinship verification from unconstrained face images. There are many potential applications for
kinship verification such as family album organization, genealogical research, missing family members
search, and social media analysis.

The aim of kinship verification is to determine whether there is a kin relation between a pair of given
face images. The kinship is defined as a relationship between two persons who are biologically related
with overlapping genes. Hence, there are four representative types of kin relations: Father-Son (F-5),
Father-Daughter (F-D), Mother-Son (M-5) and Mother-Daughter (M-I, respectively.

MNewsl!

Sep-22-2014: The detailed information of The Kinship Verification in the Wild Evaluation can be found
here, which is organized as part of EG2015.
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Mahalanobis Distance
Squared Euclidean distance
d(x1.x2) = |[jx1 —x2|3
= (x1—x2) " (x1 — x2)
Let ¥ =37, (xi — )(xj — )"
The Mahalanobis distance

dm(X1:X2) = (Xl — XQ)TZ_I(Xl — )(2)
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Metric Learning

Applying Mahalanobis distance to learn a positive semi-
denite (PSD) matrix

dna(x1,5%;) = /(% = 3,)TM(x; — x;)
Relationship with subspace learning

dnr (%, Xj) = \/(X-z: — XJ')TM(X?: - Xj)
= \/(X-'zl - %) WIW(x; — x;)
= [[Wx; — Wx;||

where M = wiw.,
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Representative Metric Learning Algorithms

Large Margin Nearest Neighborhood (LMNN)
Minimize Zij 14 (ff,, — fJ)TM(fz — fj) +c Zz’j 14 (1 — yil)é_?jjg subject to:
) (T; — &) M(Z; —3) — (5, — ;) 'M(Z; — ;) > 1—&ji

(2) gijl >0

(3) M = 0.

AFTER

”””” - local neighborhood -~ =~

——

| ~-
7—margin=~

O Similarly labeled

~~~_ _target neighbor

. Difterently labeled

. Differently labeled

[Weinberger et al, NIPS2005] 45



Representative Metric Learning Algorithms

Information-Theoretic Metric Learning (ITML)

111{11 KL(p(x; Ao)||p(x; A))
subjectto  da(x; :L'j) <wu (¢,7) € S,
_ _ - . p(x; Ag)
where KL(p(z: A,)|p(a: A)) —/p(az,Ao)log 2 .

The optimization function can be re-formulated as

nin Dyq(A, Ag)

S.1. tr(A(a:i — LBJ)(:B?, — IBj)T) <
tr(A(m: — 25) (@ —25)") 2 £ (i,§) € D,

[Davis et al, ICML2007]
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Neighborhood Repulsed Metric Learning
Motivations

e For the verification task, the number of negative pairs is larger
than the number of positive pairs if we know the exact label
information of each sample.

e The importance of different negative pairs is different. Some
negative pairs are very discriminative and some are not so
discriminative.

e |tis desirable to identity the most informative negative pairs and
ignore the less informative negative pairs to learn a discriminative
metric for verification.
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Neighborhood Repulsed Metric Learning

max J(A) = Ji(A)+ J2(A) — J3(A)

1=1t1=1 i=1 to=1
1 - 12 oy,
71\; Z(‘ (lf;,yf)
WZZ — Yir) A2 = Yiry)
i=1 flf
+v Z; tX:l Lity — 1 'i (r’itz - yi)
¢ 2

*—Z —yi)

[4] Jiwen Lu, X|uzhuang Zhou, Yap-Peng Tan, Yuanyuan Shang, Jie Zhou, Neighborhood repulsed metric Iearnir?gofor
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Algorithm 1: NRML

k 1 Nk
WZZ(P o yin) + 5 2 D 4 (@i i)

Input: Training images: S = {(z, vi)|[i = 1.2,--- N},
Parameters: neighborhood size k, iteration
number 7', and convergence error ¢ (set as
0.0001).

Output: Distance metric W.

Step 1 (Initialization):

Search the k-nearest neighbors for each x; and
yi by using the conventional Euclidean metric.

Step 2 (Local optimization):

Forr =1,2,... T, repeat
2.1. Compute Hi, H2 and Hs, respectively.
2.2. Solve the eigenvalue problem in Eq. (9).

2.3. Obtain W" = w1, w2, - -- ,wy].
2.4. Update the k-nearest neighbors of x; and y;
by W

25. 1f r > 2 and |W" — W71 < ¢, go to Step 3
Step 3 (Output distance metric):
Output distance metric W = W,

kinship verification, IEEEE PAMI, vol. 36, no. 2, pp. 331-345, 2014.



Multi-view Neighborhood Repulsed Metric Learning
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Multi-view Neighborhood Repulsed Metric Learning

K S ) . Algorithm 2: MNRML
I‘r/lvagz ﬁpt?“[W (Hl + H2 - H3 )W] Input: Training images: S” = {(z?.,y")[i =1.2,--- . N}

p=1 be the pth view set of N pairs of kinship
K images, Parameters: neighborhood size k,
. iteration number 7', tuning parameter ¢, and
SUb]eCt to WTW — Ia Z ﬁ‘p - 17 Bp > 0. convergence error ¢ (set abg 6.0001).
p=1 Output: Distance metric W.
Step 1 (Initialization):
K 1.1.Set 3= [1/K,1/K,--- ,1/K];
max .,Sgtr[I-VT( H f + H ,f — H 3{’ YW1 1.2. Obtain W" by solving Eq. (18).
W.B Step 2 (Local optimization):
Forr=1,2,--- T, repeat
K 2.1. Compute 3 by using Eq. (16).
subject to WTW =T, Z By =1,53,>0. 22. Obtain W by solving Eq. (18).
p=1

p=1

23.If r>2and [W" —W" | < ¢, go to Step 3.
Step 3 (Output distance metric):
Output distance metric W = W".
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Experimental Results

e Comparisons with existing metric learning methods

Method | Feature | E-S  F-D M-S M-D Mean Method | Feature | -5 D M-S M-D Mean
CSML LBP | 637 612 554 624 607 CSML LBP | 66.0 655 648 650 653
LE 61.1 581 609 700 625 LE 71.8 681 738 740 719

SIFT | 665 60.0 600 564  59.8 SIFT | 620 589 568 574 588

TPLBP | 573 615 632 570 597 TPLBP | 66.4 626 628 649 642

NCA LBP | 61.7 622 564 624 607 NCA LBP | 670 665 658 660 663
LE 621 571 619 69.0 623 LE 738 701 748 750 735

SIFT | 675 61.0 61.0 574 608 SIFT | 63.0 599 588 594  60.4

TPLBP | 563 60.5 622 560 587 TPLBP | 674 636 638 669 665

LMNN LBP [ 627 632 574 634 617 LMNN LBP | 680 685 688 670 682
LE 63.1 581 629 70.0 63.3 LE 74.8 711 75.8 76.0 74.5

SIFT | 9.5 63.0 630 594 628 SIFT 65.0 579 588 594  60.4

TPLBP | 573 615 632 570 597 TPLBP | 684 656 658 679 681

NRML LBP | 647 652 594 654 637 NRML LBP | 69.0 695 698 69.0 695
LE 641 591 639 710 643 LE 76.8 731 768 770 757

SIFT 705 640 640 604 63.8 SIFT 680 609 608 614 62.8

TPLBP | 593 635 652 600 629 TPLBP | 704 676 678 699 701

MNRML All 72.5 66.5 66.2 72.0 69.9 MNRML All 76.9 74.3 77 4 77 6 76.5

On KinFaceW-I dataset.

On KinFaceW-II dataset.
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Experimental Results

e Comparisons with multi-view learning methods

Method KinFaceW-I  KinFaceW-II

MSE 68.4 74.3

MKL 67.5 73.4

MNRML 69.9 76.5

e Comparisons with human observers

Method F-S E-D M-S M-D | Mean
HumanA | 61.00 | 58.00 | 66.00 | 70.00 63.75
HumanB | 67.00 | 65.00 | 75.00 | 77.00 | 71.00

Correct verification accuracy on the KinFaceW-I| dataset.

Method F-S F-D M-S | M-D | Mean
HumanA | 61.00 | 61.00 | 69.00 | 73.00 | 66.75
HumanB | 70.00 | 68.00 | 78.00 | &0.00 | ¥4.00

Correct verification accuracy on the KinFaceW-II dataset.
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Discrim

K
min J = o fr(M Lor(Wq, ...
vy Z K fe(My) + Agk(Wh.
k=1
K
subject to Zak = 1,0, > 0.
k=1
where
fetMi) = —log([ | P(20xfs vF) < gt ¥h)
Ok
—log(H P(g(xf, ) < gt D))
ge(Wi, ..., Wg) = Z an,.{xf” - Whx2 13
I\All;z;l i=1

inative Multi-Metric Learning

K
- W) min J = on fo(W
Wy....Wk.a g k fie (W)
wlxh T ka2
Z Zl !‘1 i sz)tf- ”F
ki, kp=1 i=1
k1 #kp
where

feWi) = [ [ log(1 + exp(IW{ xZ 17 — W,

of

Wl X2 1%)

[5] Haibin Yan, Jiwen Lu, Weihong Deng, Xiuzhuang Zhou, Discriminative multimetric learning for kinship verification,

IEEE TIFS, vol. 9, no. 7, pp. 1169-1178, 2014.
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Discriminative Multi-Metric Learning

K
J(Wp) = W A G(W,
rﬂ}n (Wi) = ax fr (W) + ]%;H\ (W)

where N _
G(We) =D 1wt = w13
=1

oSk (Wi) H2+6XP(IIWT X2 = W 1%

o Wi L+ exp(|W) <[ 117 = IW X/ 1)
x(’t,k ,;};\T - r:k};:?)wk
oG (W) . T Lk
i = PHEK =W ;u;) X;
K N
—2AWi D> (!
iz = )
| (W) oG (W)
Wi = Wi — (o W T > P

I=1,l#k

lteration is terminated:  J(W}) — J(W/™!) <& or [W/ ™ —W/| <&
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Discriminative Multi-Metric Learning

K
min = J(a) = > ap fr(Wy)
’ k=1
K
subject to Za;\- =1, a > 0.
k=1

The Lagrange function can be constructed as:
K K
L(a.0) = D ai fitWo) — O ax — 1)
k=1

Let %ﬁ =0 and %Q = 0, we have

rof " fi(Wi) —¢ =0
K

Za;\-—lzﬂ

k=1

(1/fr (W)=
Zf:] (1/fx(Wi)/=D

oy =
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Prototype-Based Discriminative Feature Learning

SVM-1
Unlabeled Data SR Mid-Level Feature Mid-Level Feature |
from LFW : Representation Learning
SVM-K T
Labeled Data from
Kinship Dataset
max H(B) = Hl(B) + HQ(B) — Hy(B)
LS S e —
1=1 tl 1
+ Mk Z Z 1f (i) = F(wi)l3
1=1 tz 1
S Z £ () — Fnl3
subject to H,Bk||1§fy,lc:1,2,--- K.

Prototype
Hyperplanes

[5] Haibin Yan, Jiwen Lu, Xiuzhuang Zhou, Prototype-based discriminative feature learning for kinship verification,

IEEE TCYB,2014, accepted.
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Summary and Future Work

e Metric learning is effective for kinship verification.
e Feature learning for kinship verification?

e Deep learning for kinship verification?
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