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Abstract—This paper presents a new discriminative deep
metric learning (DDML) method for face and kinship verification
in wild conditions. While metric learning has achieved reasonably
good performance in face and kinship verification, most existing
metric learning methods aim to learn a single Mahalanobis dis-
tance metric to maximize the inter-class variations and minimize
the intra-class variations, which cannot capture the nonlinear
manifold where face images usually lie on. To address this,
we propose a DDML method to train a deep neural network to
learn a set of hierarchical nonlinear transformations to project
face pairs into the same latent feature space, under which the
distance of each positive pair is reduced and that of each negative
pair is enlarged. To better use the commonality of multiple
feature descriptors to make all the features more robust for face
and kinship verification, we develop a discriminative deep multi-
metric learning method to jointly learn multiple neural networks,
under which the correlation of different features of each sample
is maximized, and the distance of each positive pair is reduced
and that of each negative pair is enlarged. Extensive experimental
results show that our proposed methods achieve the acceptable
results in both face and kinship verification.

Index Terms—Face verification, kinship verification, deep
learning, deep metric learning, multi-feature learning.

I. INTRODUCTION

NUMBER of face recognition methods have been pro-

posed in recent years [1], [2], and most of them have
achieved encouraging performance under controlled condi-
tions. However, their performance drops heavily when face
images were captured in the wild because large intra-class
variations usually occur in this scenario. Face recognition can
be mainly classified into two categories: face identification and
face verification. The first aims to recognize the person from
a set of gallery face samples to find the most matched one
to the probe sample. The second is to determine whether a
given pair of face samples is from the same person or not.
In this paper, we focus on the second one where face samples
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were acquired in unconstrained environments and a variety
of variations on lighting, expression, pose, resolution, and
background are contained in the captured face samples.

Recently, kinship verification via face images has been
an emerging problem in face analysis [3]-[6]. Unlike face
verification which aims to verify whether a pair of face
samples is from the same person or not, the objective of
kinship verification is to determine whether there is a kin
relation between two persons from their faces. Generally,
the kin is defined as a relation between two persons who
are biologically related with overlapping genes. Hence, there
are four representative kin relations in kinship verification:
father-son (F-S), father-daughter (F-D), mother-son (M-S) and
mother-daughter (M-D). In this work, we focus on verifying
these four kin relations from facial images which are captured
in wild conditions.

In this paper, we propose a new discriminative deep metric
learning (DDML) method for face and kinship verification.
Fig. 1 illustrates the basic idea of our proposed method.
Unlike existing metric learning methods, our DDML builds
a deep neural network to learn a set of hierarchical nonlinear
transformations to map face samples into discriminative fea-
ture spaces, under which the distance of each positive pair is
reduced and that of each negative pair is enlarged, respectively.
To better use multiple feature descriptors for face and kinship
verification, we further develop a discriminative deep multi-
metric learning (DDMML) method to jointly learn multiple
neural networks to extract the common information. Experi-
mental results on multiple face datasets show the effectiveness
of the proposed methods.

The contributions of this paper are summarized as:

« We propose a discriminative deep metric learn-
ing (DDML) method for face and kinship verification.
Unlike most existing metric learning methods which learn
a linear transformation, DDML learns a set of hierarchical
nonlinear transformations by a neural network to project
face images into discriminative feature subspaces, so that
both the nonlinear and scalability problems can be explic-
itly simultaneously addressed.

o« We develop a discriminative deep multi-metric learn-
ing (DDMML) method to jointly learn multiple neural
networks to exploit the common information to improve
the verification performance. Unlike existing multi-metric
learning methods which usually linearly combine several
Mahalanobis distance metrics, DDMML collaboratively
learns multiple neural networks so that the common and
discriminative information can be extracted to make all
the features more robust.
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Fig. 1. The flowchart of DDML method for face verification. Given a pair of
face images x| and X7, we map them into the same feature space hgz) and hgz)

by learning a set of hierarchical nonlinear transformations, where the similarity
between their outputs at the top level of the network is computed to determine
whether the pair is from the same person or not.

« We conduct extensive face and kinship verification exper-
iments to demonstrate the efficacy of our methods.

This paper is an extended version of our previous conference
work [7]. There are the following key extensions:

« We have extended discriminative deep metric learn-
ing (DDML) into discriminative deep multi-metric learn-
ing (DDMML) to jointly learn multiple neural networks
to better combine multiple feature descriptors to improve
the verification performance.

« Besides face verification, we have applied our proposed
DDML and DDMML methods to kinship verification via
face analysis. We conducted experiments on three widely
used kinship face datasets.

« We have conducted more experimental results to evalu-
ate the performance of our proposed methods including
1) more results on the LFW dataset under different
settings, 2) more analysis of the proposed approaches, and
3) extensive comparisons with the state-of-the-art face
and kinship verification methods.

II. RELATED WORK

We briefly review four related topics: 1) face verifica-
tion, 2) kinship verification, 3) metric learning, and 4) deep
learning.

A. Face Verification

A variety of unconstrained face verification methods have
been proposed in recent years [6], [8]-[18], and they can
be mainly classified into two categories: appearance-based
and geometry-based. Since geometric features usually ignore
some discriminative information of human faces, appearance-
based methods are more popular in unconstrained face veri-
fication. There are two key components in appearance-based
face verification: feature representation and similarity measure.
For feature representation, a robust hand-crafted or learned
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descriptor is usually employed, so that the inter-class varia-
tions are enlarged and intra-class variations are reduced. For
similarity measure, an effective distance metric is usually
learned from the labeled training samples, under which the
similarity of positive pairs is enlarged and that of negative pairs
is reduced as much as possible. Typical feature descriptors
include scale-invariant feature transform (SIFT) [19], local
binary pattern (LBP) [1], fisher vector faces [15], spatial face
region descriptor (SFRD) [13] and discriminant face descrip-
tor (DFD) [20]. And representative similarity measure methods
include logistic discriminant metric learning (LDML) [10],
cosine similarity metric learning (CSML) [21], and pairwise-
constrained multiple metric learning (PMML) [13]. In this
work, we contribute to the similarly measure component by
presenting a new deep metric learning approach.

B. Kinship Verification

There have been a few seminal studies in kinship verifica-
tion in recent years [3], [6], [22]-[25], and these methods can
be mainly categorized into two classes: feature-based [3], [22],
[23], [25] and model-based [6], [26]. Generally, feature-based
methods aim to extract discriminative information to preserve
stable kin-related characteristics. Representative methods in
this category include skin color [3], histogram of gradient [3],
[22], [24], Gabor wavelet [23], [24], gradient orientation pyra-
mid [23], salient part [27], self-similarity [28], and dynamic
spatio-temporal descriptor [25]. Model-based methods apply
machine learning techniques to learn an effective classifier,
such as metric learning [6], multiple kernel learning [23] and
graph-based fusion [26].

C. Metric Learning

Many metric learning algorithms have been proposed over
the past decade [4], [6], [10], [11], [13], [21], [29]-[32].
The common objective of these methods is to learn a good
distance metric so that the similarity of each positive pair is
enlarged and that of each negative pair is reduced. State-of-
the-art metric learning methods include large margin nearest
neighbor (LMNN) [33], information theoretic metric learn-
ing (ITML) [29], KISS metric embedding (KISSME) [30],
and pairwise constrained component analysis (PCCA) [31].
However, these methods only learn a linear transformation to
map samples into another feature space, which may not be
powerful enough to capture the nonlinear manifold. To address
this limitation, the kernel trick is usually adopted to map
samples into a high-dimensional feature space under which
a discriminative distance metric is learned [34]. However,
these methods cannot explicitly obtain the nonlinear mapping
functions, which usually suffer from the scalability problem.
Unlike these methods, in this work, we propose a deep
metric learning approach to learn hierarchical nonlinear map-
pings to address both the nonlinear and scalability problems
simultaneously.

D. Deep Learning

Deep learning has received increasing interests in computer
vision and machine learning in recent years, and a number
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of such methods have been proposed in the literature [12],
[35]-[42]. Existing deep learning methods can be mainly
categorized three classes: unsupervised, supervised and semi-
supervised. Representative deep learning models included deep
stacked auto-encoder [40], [43], [44], deep convolutional
neural networks (DCNN) [42], [45], [46], and deep belief net-
work [36]. Among these methods, DCNN has achieved excit-
ing performance in many computer vision applications such
as image classification [41], human action recognition [42],
and face verification [47]. While many attempts have been
made on deep learning in feature engineering, little progress
has been made in metric learning with a deep architecture.

III. THE PROPOSED METHODS

We first briefly review conventional Mahalanobis distance
metric learning, and then present the proposed DDML and
DDMML methods, as well as their implementation details.

A. Mahalanobis Distance Metric Learning

Let X = [x1,X2,---,xy] € RN be the training set,
where x; € R? is the ith training sample and N is the total
number of training samples, 1 < i < N. The conventional
Mahalanobis distance metric learning aims to seek a square
matrix M € R?>*4 from the training set X, under which the
distance between any two samples x; and x; is computed as:

dm(xi, x;) = \/(Xi —x;)TM(x; — ;). (1)

Since dm(x;,X;) is a distance, it is nonnegative, symmet-
rical and satisfies the triangle inequality. Hence, M can be
decomposed by as:

M=W'Ww, ()

where W € RP*4_ and p<d.
Then, dm(X;, X;) can be rewritten as

(%1, %)) = /(5 —x)TM(x;: — %))

= /& —x)TWT W(x; — x;)
= [Wx; — Wx; . 3)

We see from (3) that learning a Mahalanobis distance metric
M is equivalent to seeking a linear transformation W which
projects each sample x; into a low-dimensional subspace,
under which the Euclidean distance of two samples in the
transformed space is equal to the Mahalanobis distance in the
original space.

B. DDML

As shown in Fig. 1, we first construct a deep neural network
to compute the representations of a face pair by passing
them to multiple stacked layers of nonlinear transformations.
Assume there are M + 1 layers in our designed network, and
p™ units in the mth layer, where m = 1,2,---, M. For a
given face sample x € R?, the output at the first layer is
) = s(W(l)x + b(l)) € R”(I), where W) ¢ R”(I)Xd is a
projection matrix to be learned in the first layer, b(!) € R” s
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a bias vector, and s : R? > RY is a nonlinear activation func-
tion which operates component-wisely. Representative such
functions include the fanh or sigmoid function. Then, we use
the output of the first layer h(!) as the input of the second layer.
Similarly, the output of the second layer can be computed as
h® = s(WOhD + b®) e R?? | where W® e RP <P
p® ¢ RPQ), and s are the projection matrix, bias, and
nonlinear activation function of the second layer, respectively.
The output of the mth layer is ") = s(Wh =1 4 p0m) ¢
RP('"), and the output of the most top level can be computed
as:

£x) =h®) = g(WODRM=D 4 p0Dy ¢ g™ (4

where the mapping f : R? RP"™ s a parametric nonlinear
function determined by the parameters W and b, where
m=1,2,--- ,M.

Given a pair of face samples x; and x;, they can be finally
represented as f(x;) = hl(M) and f(x;) = hﬁ.M) at the top
level when they are passed through the (M + 1)-layer deep
network, and their similarity can be measured by computing
the squared Euclidean distance between the most top level
representations, which is defined as follows:

d%(x,-,xj-) = | rxi) — f(Xj)”;' )

It is desirable to exploit discriminative information for
face representations at the most top level in our DDML
model, which is more effective to verification. To achieve this,
we expect the distances between positive pairs are smaller
than those between negative pairs and develop a large margin
framework to formulate our method. Fig. 2 illustrates the
basic idea of our proposed DDML method. There are three
face samples in the original feature space, which are used to
generate two pairs of face images, where two of them form a
positive pair (two circles) and two of them form the negative
pair (one circle in the center and one triangle), respectively.
In the original face feature space, the distance between the
positive pair is larger than that between the negative pair which
may be caused by the large intra-personal variations such as
varying expressions, illuminations, and poses, especially when
face images are captured in the wild. This is harmful to face
verification because it causes an error. To address this, DDML
aims to seek a nonlinear mapping f such that the distance of
the positive pair is less than a small threshold 71 (71 > 0)
and that of the negative pair is higher than a large threshold
7 (72 > 71) of the most top level of our DDML model,
respectively, so that more discriminative information can be
exploited and the face pair can be easily verified.

To reduce the parameter numbers in our experiments,
we only employ one threshold 7 (r > 1) to connect 7; and
72, and enforce the margin between d]% (x;,x;) and  is larger
than 1 by using the following constraint:

tij(r — dj(xi,x))) > 1, (6)

where we have 11 = 7 — 1 and 7» = 7 + 1. With this constrain,
there is a margin between each positive and negative pairs in
the learned feature space. The pairwise label ¢;; denotes the
similarity or dissimilarity of a face pair x; and x;, i.e., £;; =1
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Fig. 2. Tllustration of the basic idea of the proposed DDML method.
if x; and x; are from the same subject, and ¢;; = —1 if x;

and x; are from different subjects.

By applying the above constrain in (6) to each positive and
negative pair in the training set, we formulate the DDML as
the following optimization problem:

1
argm}n J= E,Zj:go —fij(f —d}(xi,x,')))

R 2 2
+3 2 (IW15 + ];)

m=1

where g(z) = log + exp(,[)’z)) is the generalized logistic
loss function 3ﬂl] which is a smoothed approximation of the
hinge loss function [z]+ = max(z,0), § is a sharpness para-
meter, ||A|fr represents the Frobenius norm of the matrix A,
A is a regularization parameter. There are two terms in our
objective function (7), where the first term defines the logistic
loss of training samples and the second term represents the
regularizer of the projection matrix and bias, respectively.

To solve the optimization problem in (7), we use the
stochastic sub-gradient descent scheme to obtain the para-
meters {W), b} where m = 1,2,---, M. The gradient
of the objective function J with respect to the parameters
WO and b™ is computed as follows:

oJ Z(A(’”)h('" 1)T+A(m)h<m 1)T>

oW (m)
ij
+2 W, ®)
oJ
= > (Ag.") + A%)) 42 bm, )

ij
where hgo) = x; and h? = x j» which are the original inputs

of our network. For the other layers m = 1,2,--- ,M — 1,
we update them as follows:

AP =g & (0" -n") o5 ("), a0
A =g 6 (0" =)o (#"),  an
A = (WorD A ) o 5 (M), (12)
Ag.’l.") = (W("’“)TA%H)) Os (ng))’ (13)

where the operation ©® denotes the element-wise multiplica-
tion, and ¢ and zl(m) are defined as follows:

c £ 1-— f,‘j (T — djzc(X,',Xj)),
2™ & Wmp"Y g,

(14)
15)

(>
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Algorithm 1 DDML

Input: Training set: X = {(x;,x;,£i;)}, number of network
layers M + 1, threshold 7, learning rate p, iterative
number I;, parameter A\, and convergence error €.

Output: Weights and biases: {W(m), b(m)}f\,le

/I Initialization:

Initialize {W(m> b m>}m 1 according to (41).

/I Optimization by back propagation:

fort=1,2,--- ,I; do

Randomly select a sample pair (x;,x;,4;;) in X.

Set hEO) = x; and hg_o) = x;, respectively.

/I Forward propagation

form=1,2,--- ,M do

‘ Do forward propagation to get hl(.m> and h§m>,
end

/I Computing gradient

form=M,M—1,---,1do

| Obtain gradient according to (8) and (9).

end

/I Back propagation

for m=1,2,--- , M do

\ Update W™ and b{™) according to (16) and (17).
end

Calculate J; using (7).

If t > 1 and |J; — Ji—1] < €, go to Return.

end
Return: {W('”), b(’”)}ﬁ{:l

Then, the parameters W and b can be updated
by using the following gradient descent algorithm until
convergence:

oJ
(m) _ Wi _ M
wi = w Tk (16)
oJ
(m) _ pm) _
where u is the learning rate, which is set to 0.001 in our

experiments.
Algorithm 1 summarizes the detailed procedure of the
proposed DDML method.

C. DDMML

DDML learns one neural networks from a single feature
representation and cannot deal with multiple feature repre-
sentations directly. In face and kinship verification, it is easy
to extract multiple features for each face image for multiple
feature fusion. However, these features extracted from the
same face image are usually highly correlated to each other
even if they could characterize face images from different
aspects [48]. For multiple feature fusion, these highly corre-
lated information should be preserved because they usually
reflect the intrinsic information of samples. An important
principle to perform multi-feature metric learning is to jointly
learn multiple distance metrics by preserving the correlation
between different feature pairs.

Previous studies [48]-[50] have shown that canonical cor-
relation analysis (CCA) is an effective technique to fuse
bi-modal features by maximizing their correlation, where a
pair of projections are learned to map features in the original
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Fig. 3. The flowchart of DDMML method for face verification. For a given pair of face images x; and X, we first extract K features for each image and
map them into K different feature subspaces h](czl? and h,Ez). (k=1,2,---, K) by jointly learning K sets of hierarchical nonlinear transformations, where the

similarity of their outputs at the most top level is adaptivély combined and weighted to determine whether the given pair is from the same person or not.

space into a latent space. There are two key advantages for
CCA-based multiple feature fusion: 1) the effects of noise
can be largely reduced and the signal-to-noise ratio (SNR) is
enlarged [50], and 2) the most correlated information across
multiple features is exploited and preserved [48]. Therefore,
a number of CCA-based information fusion methods have been
proposed in recent years, and some of them have been suc-
cessfully applied in different face analysis tasks. Motivated by
the success of CCA, we propose a DDMML method to learn
K mapping { fk},{(:1 under which discriminative information
is exploited in each feature space individually, and difference
of feature representations of each pair of face samples is
enforced to be as small as possible, which is consistent to the
canonical correlation analysis-based multiple feature fusion
approach. Fig. 3 illustrates the basic idea of the DDMML
approach.

Let X; = [X’l‘ s Xé, cee xlj‘v] be the feature set from the kth
feature representation in the training set, where xi.‘ € R% is the
ith training sample from the kth feature set, and N is the total
number of training samples. The squared Euclidean distance
between a pair of samples xf.‘ and X]; in the kth feature set at
the most top level is computed as:

43, (xF. x5 = | ) — /i) |5, (18)

where the mapping f; : R%* RpiMk) is a parametric non-
linear function determined by the parameters W,Em) and b,(cm),
where m = 1,2, ---, M.

According to (7), the DDML model in the kth feature space

can be rewritten as:
. 1
argn}ln Jy = 3 Zg(l —ij (e — d%k(xf-‘,xlj‘-)))
k ..
i, ]

S S (WO - ).

m=1

where Ay is a regularization parameter, and 73 (zx > 1) is a
threshold.

Since there are K features in the training set, we aim to learn
K networks jointly by DDMML, where fi is the kth mapping
for the kth feature. Moreover, the learning procedure should
satisfy the following two characteristics: 1) The discriminative
information from each single feature is exploited as much as
possible; 2) The differences of different feature representations
for each sample in the learned networks are minimized.

To address this, we formulate DDMML as the following
optimization problem:

K
min J = o Ji
fro fx ;

K
to X0 3 (datd b - m i)’

ku=1 i,j
k<u

K
st. > ax=1, ax>0, »>0, (20)
k=1

where aj is a nonnegative weighting parameter to reflect dif-
ferent importance of different features, w weights the pairwise
difference of the distance between two samples x; and X;
at the most top layer of the network by using mappings fi
and f,, and 7y, is a balancing factor. Since the difference
of the sample x; from the kth and uth (1 < k,u < K,
k # u) feature representations relies on the mappings f; and
fu, which could be of different dimensions, it is infeasible to
compute them directly. Here we use an alternative constrain
to reflect the relationship of different feature representations.
Since the difference of xf.‘ and x;‘, and that of x* and x are
expected to be minimized as much as possible, the distance
between xf.‘ and x*, and that of x’i‘ and x’; are also expected
to be as small as possible.
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Having obtained multiple mappings { fk},le, the distance
between two samples x; and Xx; can be computed as:

K

d}(xi,xj) = > ax d7, (xf,x5).
k=1

21

The trivial solution to (21) is a;x = 1, which corresponds
to the minimum J; over different feature representations, and
ox = 0 otherwise, which cannot exploit the common property
from multiple feature descriptors.

To address this shortcoming, we modify ay to be a,ﬁ r>1),
then revisit the new objective function as:

mln J = Zak Ji

+w z z (dfk(xf-‘,x]

ku=1 1i,j
k<u

2
— Tku dfu (Xl > ] ) >

(22)

To our best knowledge, there is no closed-form solu-
tion to the optimization problem in (22) because we aim
to learn K nonlinear mapping functions and the weight-
ing vector simultaneously. In this work, we use an alter-
nating minimization algorithm. The approach is to fix a

and f1,---, fi—1, fea1,> - > fk, update fi, and then fix
f1. f2, -+, fx, update a.

Step ] (Fl'x o al’ld f]»'-.»fk—l’fk—l—[»"'»f]{;
update f,): Having fixed « and f1, ---, fi—1, Sfk+1,

, fx, equation (22) can be rewritten as:

n%in./:a,t Je + Ax
&

+w22(dfk(x,, X;) = i df, (X}, X} )2, (23)

u=1 i,
u#kj

where Ay is a constant term.

Similar to DDML, we also use the stochastic sub-gradient
descent scheme to obtaln the parameters {W('") b(m)} in fi,
where m = 1,2,- . Specifically, the gradient of the
objective function J w1th respect to the parameters W( ™ and
b,E ™ can be computed as:

oJ () = nT | ) - nT
- A p +A™ B!
(m) Z( k,ij k,ji )
aVvkm i,j
+ Ak W(m), (24)
oJ (m) | A(m) (m)
= 2 (A + AL + b, (25)
oby ij

where h(o) = x and h(o) = x¥, which are the orlglnal inputs
of our networks For the other 1ayers m=12,--,M,—1,
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we have the following updating rules:
a0 = e | (20 —u() o (o) | o

A,(fji) = [(h,ﬁM.k) ~h(") G)s/(z,%k))}, 27)

T
A,ﬂ”;j (W(’"“) A,E”;fl)) Os (z,ﬁ”?), (28)
( W( +)T ) (m+1 (
Akmj)t - ( D Akmjz )) Os (zkmj)) 29)

where the operation © denotes the element-wise multiplica-
tion, and pg, cx and z('z) are defined as follows:

A df” X?’ ’;
pe 2 af g'(ci) € +wZ( — Tk 7) (30)
dfk( i j)
u;ék
a 21— 0;(r —dj (x5, xY)), (1)
") & wg">h<m R (32)

Then, W,Em) and b,Em) can be updated with the following
gradient descent algorithm until convergence:

oJ
W =W — g — (33)
ow™
(m) _ 1, m) o/
¢ ¢ ob™

Step 2 (Fix f;, f, -+, fx, update a): We construct a
Lagrange function as follows:

K
:Za,t Ji
+w Z Z(dfk(xl, j — Tku dfu(xl’ i )2

ku=1 1i,j
k<u

—n(ZK:ak — 1).

La(e, )

(35)
Let W =0 and M = 0, we have
k on
oLa(e, _
M:ra,tle—nza (36)
oo
oL
a(oc 77) Za (37)
According to (36) and (37), ok can be updated as:
1/(r—1)
1/J,
S UE/) Ry 38)
K 1/G—1)
£

We repeat the above two steps untii DDMML converges.
Algorithm 2 summarizes the detailed procedure of the pro-
posed DDMML method.

D. Implementation Details

In this subsection, we discuss the nonlinearity activation
functions and initializations of W and b™ 1 <m < M
in our proposed DDML and DDMML methods.
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Algorithm 2 DDMML

Input: Training set X = {Xy} iy = {(xF,x}, ¢;;)}i—, from
K views; Number of network layers { M}, + 1}sz1;
Threshold {71, }7_; Learning rate {us }1—1; Iterative
number [;; Parameters {/\k}le, w and r; Convergence

erTor €.
Output: Parameters: {W,(Cm), b,(gm)}ﬁ\,/{:l and oy,
k=12, K

/I Initialization:
Initialize {W,(cm), b,(cm)}%zl according to (41), and oy, = 1/K
fork=1,2,--- | K
/I Optimization by back propagation:
fort=1,2,---,I; do
Randomly select a sample pair (x;,x;, £;;) in X.
for k=1,2,--- K do
Set h;ﬁg =x¥ and h;f; = X?, respectively.
/I Forward propagation
for m=1,2,--- , My do
Do forward propagation to get hl(:? and h%‘)'

end
Obtain py by (30).
/I Computing gradient
fOI‘m:Mk,Mk—l,--- ,1 do

| Obtain gradient according to (24) and (25).
end
/I Back propagation
form=1,2,---, My do

| Update W{™ and b{"™ by (33) and (34).
end

end

Compute {ay }£_; according to (38).
Calculate J; using Eq (22).

If ¢t >1and |Js — Ji—1| < &, go to Return.

end
Return: {W\"™) ™M | and oy, k= 1,2, , K.

1) Activation Function: There are many nonlinearity acti-
vation functions which could be used to determine the output
of the nodes in our deep metric learning model. In our exper-
iments, we use the tanh function as the activation function
because we found it achieved better performance than others
in View 1 of LFW dataset [8]. There are two views in LFW
dataset [8], View 1 and View 2. View 1 is used for model
selection and algorithm development and View 2 is used for
performance reporting. In View 1 of LFW, the training set
contains 1100 positive pairs and 1100 negative pairs, and
the test set contains 500 positive pairs and 500 negative
pairs. We evaluated three nonlinear activation functions (i.e.,
sigmoid, ns-sigmoid, and tanh) in View 1 of LFW. We find
the tanh function reports the best accuracy in View 1 of LFW,
therefore we employ the tanh function as nonlinear activation
function for all datasets. The tanh function and its derivative
can be computed as follows:

s(z) = tanh(z) = 2“:72:2 (39)
s'(z) = tanh’(z) = 1 — tanh?(2). (40)

2) Initialization: The initializations of W and b™ (1 <
m < M) are important to the gradient descent based method in
our deep neural networks. Random initialization and denoising
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autoencoder (DAE) [51] are two popular initialization methods
in deep learning. In our experiments, we utilize a simple
normalized random initialization method in [52], where the
bias b is initialized as 0, and the weight of each layer is
initialized as the following uniform distribution:

V6 V6 “n
Vp 4 pn=1" /pm) 4 pn=1) |’

where p(o) is the dimension of input layer and 1 <m < M.

wm ~ |:_

IV. EXPERIMENTS

To evaluate the effectiveness of our DDML and DDMML
methods, we perform unconstrained face and kinship verifica-
tion experiments on the LFW [8], YTF [16], KinFaceW-I [5],
KinFaceW-II [5], and TSKinFace [53] datasets.

A. Datasets and Experimental Settings

The LFW dataset [8] contains more than 13000 face images
of 5749 subjects captured from the web with variations in
expression, pose, age, illumination, resolution, background,
and so on. There are two training paradigms for supervised
learning on this dataset: 1) image restricted and 2) image
unrestricted. In our experiments, we evaluate our proposed
methods on both of these two settings. We follow the stan-
dard evaluation protocol on the “View 2” dataset [8] which
includes 3000 matched pairs and 3000 mismatched pairs.
The dataset is divided into 10 folds, and each fold consists
of 300 matched (positive) pairs and 300 mismatched (negative)
pairs. We use three types of the LFW dataset for feature
extraction in our evaluation: the original LFW, LFW-a, and
“funneled” LFW. For the original LFW dataset, we employ
the over-completed high-dimensional LBP (HDLBP) provided
by [54] as the feature representation for each image. Specif-
ically, it densely samples multi-scale LBP features at each
landmarks and then these features are concatenated into a high-
dimensional feature vector (more than 120000 dimension). For
the LFW-a dataset, we crop each image into 80 x 150 from
center of this image to remove the background information
and extract the histogram of oriented gradients (HOG) [55]
from two different scales for each image. Specifically, we first
divide each image into 16 x 30 non-overlapping blocks, where
the size of each block is 5 x 5. Then, we divide each image
into 8 x 15 non-overlapping blocks, where the size of each
block is 10 x 10. Subsequently, we extract a 9-dimensional
HOG feature for each block and concatenate them to form
a 5400-dimensional feature vector. For the “funneled” LFW
dataset, we use the Sparse SIFT (SSIFT) descriptor provided
by [10]. Specifically, these SSIFT descriptors are computed at
the nine fixed landmarks with three different scales, and are
concatenated into a 3456-dimensional feature vector. As sug-
gested in [11], [21], and [56], we also use the square root of
each feature and evaluate the performance of our DDMML
method when all the six different feature descriptors are used
to learn the model. For each feature descriptor, we apply
whitened PCA (WPCA) to reduce it into an appropriate
dimension to further remove the redundancy. Specifically,
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TABLE I
THE DIMENSION PARAMETERS OF OUR DDML AND DDMML IN OUR EXPERIMENTS

LFW YTF KinFaceW-I & II
Layer | SSIFT HOG HDLBP CSLBP FPLBP LBP LBP DSIFT HOG LPQ
k=1 k=2 k=3 k=1 k=2 k=3 k=1 k=2 k=3 k=4
W%l) 200 x 300 | 200 x 300 | 250 x 400 | 150 x 200 | 150 x 200 | 150 x 200 | 150 x 200 | 150 x 200 | 150 x 200 | 150 x 200
bk1> 200 x 1 200 x 1 250 x 1 150 x 1 150 x 1 150 x 1 150 x 1 150 x 1 150 x 1 150 x 1
W%Q) 150 x 200 | 150 x 200 | 200 x 250 | 80 x 150 80 x 150 80 x 150 100 x 150 | 100 x 150 | 100 x 150 | 100 x 150
bk2> 150 x 1 150 x 1 200 x 1 80 x 1 80 x 1 80 x 1 100 x 1 100 x 1 100 x 1 100 x 1

the WPCA projection was computed on the training data of
each cross-validation split. For the image unrestricted setting,
we generated 14500 positive pairs and 14500 negative pairs
to learn the parameters of our models. In our experiments,
we select one fold as the testing set and use face images in
the other nine folds as the training set. For positive pairs,
if the number of face images for a person in the training set is
larger than 10, we randomly select 10 images for this person
and use all these 10 images to construct 45 positive pairs.
If the number of face images of this person is smaller than 10,
we use all face images of this person to generate positive pairs
if there are more than one face image for this person. For
negative pairs, we randomly choose two face images from two
different persons from the training set to construct a negative
pair and we sample 14500 negative pairs finally. We repeat
this procedure 10 times to train our models on the training set
and evaluate them in the testing set.

The YTF dataset [16] contains 3425 videos of 1595 different
persons collected from the YouTube website. There are large
variations in pose, illumination, and expression in each video,
and the average length of each video clip is 181.3 frames.
In our experiments, we follow the standard evaluation proto-
col [16] and test our method for unconstrained face verifica-
tion with 5000 video pairs. These pairs are equally divided
into 10 folds, and each fold has 250 intra-personal pairs
and 250 inter-personal pairs. We adopt the image restricted
protocol to evaluate our method. For this dataset, we directly
use the provided three feature descriptors [16] including
LBP, Center-Symmetric LBP (CSLBP) [16] and Four-Patch
LBP (FPLBP) [9]. Since all face images have been aligned
by the detected facial landmarks, we average all the feature
vectors within one video clip to form a mean feature vector
in our experiments. Lastly, we use WPCA to project each
mean vector into a vector with appropriate dimension. For
both LFW and YTF datasets, we follow the standard protocol
in [8] and [16] and use two measures including the mean
verification accuracy (%) with standard error and the receiving
operating characteristic (ROC) curve from the ten-fold cross
validation to validate our methods.

The KinFaceW-I [5] and KinFaceW-II [5] are two kinship
face datasets collected from the public figures or celebrities.
For each person in these two datasets, face image of his/her
parent or child was also collected. There are four kinship
relations in these two datasets: F-S, F-D, M-S and M-D.
In KinFaceW-I, there are 156, 134, 116, and 127 pairs of
kinship images for these four relations. In KinFaceW-II, each
relation contains 250 pairs of kinship images. For these two

datasets, we directly use each aligned 64 x 64 image for
feature extraction. For each face image, we extract four feature
descriptors: 1) LBP: we divide each image into 8 x 8 non-
overlapping blocks, where the size of each block is 8 x 8.
We extract a 59-dimensional uniform pattern LBP feature for
each block and concatenate them to form a 3776-dimensional
feature vector; 2) Dense SIFT (DSIFT): we densely sample
SIFT descriptors on each 16 x 16 patch with stepsize of 8
pixels and obtain 49 SIFT descriptors. Then, we concatenate
these SIFT descriptors to form a 6272-dimensional feature
vector; 3) HOG: we first divide each image into 16 x 16 non-
overlapping blocks, where the size of each block is 4 x 4.
Then, we divide each image into 8 x 8 non-overlapping blocks,
where the size of each block is 8 x 8. Subsequently, we extract
a 9-dimensional HOG feature for each block and concatenate
them to form a 2880-dimensional feature vector; and 4) Local
phase quantization (LPQ) [57]: we first divide each image
into 4 x 4 non-overlapping blocks, where the size of each
block is 16 x 16. Then, we extract a 256-bin LPQ histogram
with window size of 3, 5 and 7 for each block respectively,
and finally concatenate them to form a 12288-dimensional
feature vector. Following the same experimental settings in [5],
we adopt the five-fold cross validation strategy under the
image restricted setting and the mean verification rate is used
for the kinship verification performance evaluation.

For DDML, we train a deep network with three layers
(M = 2), and the threshold 7, learning rate x and regu-
larization parameter A are empirically set as 3, 1073, 1072
for all experiments, respectively. For DDMML, we jointly
train multiple deep networks where each corresponds to one
network in DDML, and the parameters are set as: @ = 10_2,
F=2 My =21 =3, up =103, 4 = 1072 and 7y, = 1,
where k = 1,2,---, K. The parameters (W, b(’”)}n";":1 of
DDML and {W,Em) , b,(cm)}r/‘,f':1 of DDMML were set as shown
in Table I. In addition, we also evaluated DDMML with
different balancing factor =y, in set {0.4,0.6,0.8,1,1.5,2}
on the LFW dataset under the image-restricted setting, and
the mean verification rate (%) of the DDMML is in the range
of [93.12,93.36] for the various mg,. Therefore, we simply
set 7g, = 1 in our experiments.

Having trained our DDML and DDMML models, we apply
them to each test face pair to measure their similarity. Given
each pair of test images, we first compute their distance d%
using our DDML and DDMML and then predict them as a
matched (positive) pair if djzc is smaller than a threshold, and

vice versa. In DDMML, we first compute the distance d}
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TABLE II

COMPARISONS (%) WITH SHALLOW METRIC LEARNING METHODS ON
LFW UNDER THE IMAGE RESTRICTED SETTING

[ Feature [ DDML [ DSML |
SSIFT 86.98 + 0.43 83.67 +0.35
SSIFT (sqrt) 87.83 +0.29 84.55 + 0.29
HOG 87.35 + 0.58 85.22 + 0.62
HOG (sqrt) 88.38 £ 0.77 | 86.40 +0.55
HDLBP 91.37 £ 0.39 88.75 + 0.37
HDLBP (sqrt) 92.55 + 0.36 90.47 + 0.28
Feature DDMML DSMML
All 93.28 £0.39 | 91.10£0.38

TABLE III

COMPARISONS (%) WITH SHALLOW METRIC LEARNING METHODS ON
LFW UNDER THE IMAGE UNRESTRICTED SETTING

[ Feature [ DDML [ DSML |
SSIFT 88.42 £ 0.52 85.35 + 0.43
SSIFT (sqrt) 88.92 + 0.45 85.63 4+ 0.42
HOG 88.08 + 0.62 86.25 + 0.54
HOG (sqrt) 89.18 + 0.69 87.60 + 0.61
HDLBP 92.62 + 0.35 90.05 + 0.35
HDLBP (sqrt) 93.70 £0.37 | 91.57 +0.33
Feature DDMML DSMML
All 94.50 £ 0.35 | 92.07 £0.40

between x; and x; using (21), then we compare it with the
threshold Zle oy 7y for verification.

B. Experimental Comparison on LFW

1) Deep vs. Shallow Metric Learning: We first compare
our methods with shallow metric learning methods. Two
shallow metric learning methods called discriminative shallow
metric learning (DSML) and discriminative shallow multi-
metric learning (DSMML) are constructed, where only one
layer (M = 1) is learned in our methods and the activation
function is s(z) = z. For example, DSML is the linear
case of DDML, i.e., the linear activation function s(z) = z
and no hidden layer (M = 1) are adopted in the DDML.
Tables II and III record the verification rates with standard
error of these methods when different feature descriptors are
used. We see that our DDML and DDMML consistently out-
perform DSML and DSMML in terms of the mean verification
rate. This is because DDML and DDMML learn hierarchical
nonlinear transformations while DSML and DSMML only
learn a linear transformation, so that DDML and DDMML
can better model the nonlinear relationship of face samples.

2) Comparison With the State-of-the-Art Face Verification
Methods: We compare our methods with the state-of-the-art
face verification methods on the LFW dataset under the image
restricted and unrestricted settings. Tables IV and V show the
mean verification rate with standard error and Fig. 4 shows the
ROC curves of different methods, respectively. We see that our
DDML and DDMML improve the current state-of-the-art by
1.45% and 2.18% in terms of the mean verification rate under
the image restricted paradigm, and 0.52% and 1.32% under
the image unrestricted paradigm without using outside training
data, respectively.
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TABLE IV

COMPARISONS (%) WITH STATE-OF-THE-ART FACE VERIFICATION
METHODS ON LFW UNDER THE IMAGE RESTRICTED SETTING,
WHERE NoD DENOTES THE NUMBER OF DESCRIPTORS USED

[ Method [ NoD | Accuracy ]
CSMLA+SVM, aligned [21] 6 88.00 4+ 0.37
PAF [14] 1 87.77 +0.51
STFRD+PMML [13] 8 89.35 4+ 0.50
Sub-SML [58] 6 89.73 +0.38
VMRS [59] 10 91.10 +0.59
DDML (HOG: sqrt) 1 88.38 = 0.77
DDML (HDLBP: sqrt) 1 92.55 4+ 0.36
DDMML 6 93.28 £ 0.39

TABLE V

COMPARISONS OF THE MEAN ACCURACY (%) WITH THE STATE-OF-THE-
ART RESULTS ON LFW UNDER THE IMAGE UNRESTRICTED SETTING,
WHERE NoD DENOTES THE NUMBER OF DESCRIPTORS USED

[ Method [ NoD | Accuracy ]
Combined PLDA [60] 3 90.07 + 0.51
Combined Joint Bayesian [61] 4 90.90 £ 1.48
Sub-SML [58] 6 90.75 + 0.64
VMRS [59] 10 92.05 + 0.45
Fisher vector faces [15] 1 93.03 & 1.05
High-dim LBP [54] 1 93.18 +1.07
DDML (HDLBP: sqrt) 1 93.70 + 0.37
DDMML 6 94.50 £ 0.35

©
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Fig. 4. ROC comparison between our methods and the state-of-the-art face
verification methods on LFW under the (a) image restricted and (b) image
unrestricted settings, respectively.

3) Comparison With Deep Learning Methods: We compare
our DDML and DDMML with several recently proposed
deep learning based face verification methods: CDBN [12],
DNLML-ISA [32], ConvNet-RBM [45], DeepFace [47], and
DeepID2 [62]. Table VI shows the verification performance
of different deep learning-based face verification methods on
LFW. We see that our DDML and DDMML outperform the
other deep learning methods without outside data. The reason
is that CDBN is a unsupervised deep learning method and our
methods are supervised, so that more discriminative informa-
tion can be exploited in our DDML and DDMML methods.
Compared with DNLML-ISA which uses a stacked archi-
tecture, our DDML and DDMML adopt a fully-connection
architecture to design the network, which can explore better
hierarchical information due to the back-propagation strategy.
Compared with ConvNet-RBM, our methods employ a large
margin strategy to train the model, which is more effective
than the RBM model used in ConvNet-RBM. Since there are
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TABLE VI
PERFORMANCE COMPARISONS (%) WITH EXISTING DEEP LEARNING-BASED FACE VERIFICATION METHODS ON LFW

IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 26, NO. 9, SEPTEMBER 2017

[ Method [ Setting | Accuracy | Outside data |
CDBN [12] restricted 86.88 + 0.62 No
CDBN+Hand-crafted [12] restricted 87.77 + 0.62 No
DNLML-ISA, combined [32] | unrestricted 92.28 +0.42 No
ConvNet-RBM [45] unrestricted 91.75 No
ConvNet-RBM [45] unrestricted 92.52 Yes (>87.6K outside images)
DeepFace [47] restricted 97.15 4+ 0.84 Yes (4.4M outside images)
DeepFace [47] unrestricted 97.25 + 0.81 Yes (4.4M outside images)
DeepID2 [62] unrestricted | 99.15 +£0.13 Yes (0.2M outside images)
DDMML restricted 93.28 +0.39 No
DDMML unrestricted 94.50 + 0.35 No

TABLE VII TABLE IX

COMPARISON WITH DEEPFACE AND DEEPID2 ON LFW DATASET UNDER
THE UNRESTRICTED WITH LABELED OUTSIDE DATA SETTING

[ Method [ Feature [ Accuracy (%) |
DDML CNN 98.23 + 0.22
DDMML CNN, SSIFT, HOG, HDLBP 98.27 + 0.20
DeepFace [47] CNN 97.35 + 0.25
DeepID2 [62] CNN 99.15+0.13

TABLE VIII

COMPARISONS OF THE MEAN ACCURACY (%) WITH THE
SHALLOW METRIC LEARNING METHODS ON YTF
UNDER THE IMAGE RESTRICTED SETTING

[ Feature | DDML [ DSML |
CSLBP 75.98 £ 0.89 73.26 +0.99
FPLBP 76.60 £ 1.71 73.46 + 1.66
LBP 81.26 + 1.63 78.14 +0.94
Feature DDMML DSMML
All 82.54+1.58 | 79.38 £1.36

4.4M outside face images used in DeepFace, DeepFace can
learn more discriminative and robust features for verification.
However, our DDMML achieves the state-of-the-art perfor-
mance on LFW when no outside data is used.

4) Comparison With DeepFace and DeepID2 on the LFW
Dataset Under the Unrestricted With Labeled Outside Data
Setting: We evaluated our DDML and DDMML methods
using convolutional neural network (CNN) feature for face ver-
ification [47], [62], [63]. In our implementations, we employed
the VGG-Face CNN model provided by [63] to compute the
CNN feature descriptor. Specifically, for each face image in
the LFW dataset, we first cropped a 150 x 150 region from
its center, and then resized it into 224 x 224 to compute
a 4096-dimensional CNN feature vector with the network.
Moreover, each feature vector is reduced to the size of 300 by
PCA for verification. Table VII shows the mean verification
accuracy on the LFW dataset under the unrestricted with
labeled outside data setting, respectively. We see that our
DDML and DDMML are comparable to DeepFace [47], and
DeepID2 [62] obtains the best accuracy on the LFW dataset
under the unrestricted with labeled outside data setting.

C. Experimental Comparison on YTF

1) Deep vs. Shallow Metric Learning: We compare our
methods with DSML and DSMML methods on the YTF

COMPARISONS OF THE MEAN ACCURACY (%) WITH THE STATE-OF-THE-
ART FACE VERIFICATION METHODS ON YTF UNDER THE
IMAGE RESTRICTED SETTING

[ Method [ Accuracy ]
MBGS (LBP) [16] 76.40 = 1.80
APEM (LBP) [64] 77.44 + 1.46
APEM (fusion) [64] 79.06 + 1.51
STFRD+PMML [13] 79.48 £+ 2.52
MBGS+SVM6 (LBP) [17] 78.90 £ 1.90
VSOF+0SS (Adaboost) [65] 79.70 £ 1.80
PHLASILD (LBP) [56] 80.20 + 1.30
DDML (LBP) 81.26 +1.63
DDMML 82.54 +1.58

true positive rate

—— MBGS (LBP)

—— APEM (fusion)
SFRD+PMML

-~ VSOF+0SS (Adaboost)

—— DDML (LBP)

—— DDMML

0.2 03 04
false postive rate

0.5

Fig. 5. ROC curves comparison of different methods on YTF under image
restricted setting.

TABLE X

COMPARISON WITH CNN BASED METHODS ON THE YTF DATASET
UNDER IMAGE UNRESTRICTED SETTING

[ Method [ Feature [ Accuracy (%) |
DDML CNN 94.58 +1.01
DDMML CNN, CSLBP, FPLBP, LBP | 94.80 +1.01
DeepFace [47] CNN 914+ 1.1
DeepID2+ [66] CNN 93.2 4+ 0.2

dataset. Table VIII shows the verification rates with standard
error when different feature descriptors are compared. Our
DDML and DDMML consistently outperform DSML and
DSMML in terms of the mean verification rate on YTF.

2) Comparison With the State-of-the-Art methods: We com-
pare our methods with the state-of-the-art face verification
methods on the YTF dataset. These compared methods include
Matched Background Similarity (MBGS) [16], APEM [64],
STFRD+PMML [13], MBGS+SVM6& [17], VSOF+O0SS
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TABLE XI

PERFORMANCE COMPARISONS (%) WITH THE SHALLOW METRIC LEARNING METHODS ON KinFaceW-I AND
KinFaceW-I1I DATASETS UNDER IMAGE-RESTRICTED SETTING

Method Feature KinFaceW-1 KinFaceW-I1

F-S [ FFD [ M-S [ M-D | Mean F-S [ FF-D [ M-S [ M-D | Mean
DSML LBP 70.8 67.2 72.5 74.0 71.1 72.4 64.3 67.6 71.2 68.9
DSML DSIFT 70.0 70.9 73.9 78.1 73.2 75.6 63.8 70.0 74.7 71.0
DSML HOG 73.9 69.1 70.8 76.9 72.7 74.9 66.5 73.1 73.4 72.0
DSML LPQ 78.3 72.6 75.1 80.5 76.6 80.0 75.2 76.4 78.3 77.5
DSMML All 80.4 75.5 77.6 82.1 78.9 83.2 76.0 79.0 81.0 79.8
DDML LBP 78.4 71.9 75.8 75.8 75.5 81.4 73.8 78.1 7.2 77.6
DDML DSIFT 78.0 75.9 76.5 83.3 78.4 82.5 75.7 79.1 79.2 79.1
DDML HOG 80.5 72.8 75.4 81.2 77.5 80.9 75.7 78.8 77.0 78.1
DDML LPQ 83.8 77.0 78.1 86.6 81.4 84.8 82.6 79.4 81.8 82.2
DDMML All 86.4 | 79.1 | 81.4 | 87.0 | 83.5 874 | 83.8 | 83.2 | 83.0 | 84.3

TABLE XII

COMPARISONS OF THE MEAN VERIFICATION ACCURACY (%) ON THE TSKinFace DATASET

[ Method [ Featwre [ FS | FD [ MS [ MD | FM-S [ FM-D |
DSML LBP 74.5 69.9 71.1 71.0 75.8 73.9
DSML DSIFT 75.2 71.5 71.9 72.3 76.3 75.8
DSML HOG 75.8 70.0 70.3 71.6 77.1 76.0
DSML LPQ 76.1 73.2 74.5 73.8 78.6 78.2
DSMML All 79.3 76.5 76.2 771 82.0 81.6
DDML LBP 76.0 73.8 75.7 76.3 80.2 79.5
DDML DSIFT 78.6 75.1 75.2 76.8 81.5 81.0
DDML HOG 79.2 75.0 76.9 76.1 81.9 81.3
DDML LPQ 81.0 78.3 80.8 79.6 83.7 83.2
DDMML All 86.6 82.5 83.2 84.3 88.5 87.1
RSBM-block-FS [53] - 83.0 80.5 82.8 81.1 86.4 84.4
GMP [67] - 88.5 87.0 87.9 87.8 90.6 89.0

(Adaboost) [65], and PHL+SILD [56]. Table IX and Fig. 5
show the mean verification rate with the standard error and
ROC curves of DDML and DDMML and the state-of-the-art
methods on the YTF dataset under image restricted setting,
respectively. We see that the performance of our DDML
with the LBP feature is 81.26 & 1.63, which improves the
PHL~+SILD method by 1.0% in the gain of the mean verifica-
tion rate. Moreover, the gain can be further improved 1.28%
when DDMML is used.

3) Comparison With DeepFace and DeepID2+ [66] on YTF
Dataset Under the Image Unrestricted Setting: Following the
same VGG-Face CNN model [63] as used in the LFW dataset,
we only extracted CNN features on the first 100 frames of
each video at a single scale. For each face image in the
YTF dataset, we first resized it to size of 200 x 200 pixels
and cropped a 100 x 100 region from its center. Then,
we resized it into 224 x 224 to compute a 4096-dimensional
CNN feature vector. Finally, we average these CNN feature
vectors of the first 100 frames for each video, and each video
is represented by a 4096-dimensional feature vector. Moreover,
each feature vector is reduced to the size of 200 by PCA before
verification. Table X shows the mean verification accuracy of
our proposed methods and several CNN based methods (e.g.,
DeepFace [47], DeepID2+ [66]) on the YTF dataset under the
image unrestricted setting. We see that the performance of our
DDML and DDMML methods are comparable to the current
state-of-the-art results under the same setting.

D. Experimental Results on KinFaceW-1 and KinFaceW-I1I

1) Deep vs. Shallow Metric Learning: We compare our
methods with the DSML and DSMML methods on the
KinFaceW-I and KinFaceW-II datasets. Table XI shows the
mean verification rates when different feature descriptors are
compared. As can be seen, our DDML and DDMML consis-
tently outperform DSML and DSMML in terms of the mean
verification rate on these two datasets.

E. Experimental Results on TSKinFace

The TSKinFace [53] dataset contains 513 Father-Mother-
Son (FM-S) groups and 502 Father-Mother-Daughter (FM-D)
groups, respectively. Following the same setting in [53],
we adopted the cropped face images (i.e., 64 x 64 pixels)
provided by the dataset creators and extracted LBP, DSIFT,
HOG and LPQ features for each image. Then we employed the
5-fold cross-validation strategy to conduct kinship verification
experiments with the same number of positive and negative
groups for evaluation. Table XII lists the mean verification
accuracy of our methods and two current state-of-the-art
methods on the TSKinFace. We see that our DDMML method
obtains the second best results for all relationships, and our
methods are comparable to other methods on this dataset.

F. Effect of the Activation Function

We analyze the effect of the activation function in our
DDML method. We compare the tanh function with two
other popular activation functions: sigmoid and non-saturating
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Fig. 6. Convergence curves of DDML and DDMML on the (a) LFW and
(b) YTF datasets, respectively.

sigmoid (ns-sigmoid).! Table XIII lists the performance of
our DDML method with different activation functions on the
LFW and YTF datasets, where the HDLBP (sqrt) and LBP
features are used, respectively. We see that the ranh function
performs the best and the sigmoid function performs the worst.
The reason is that the output of the fanh activation function
is symmetrical, where the output of the standard sigmoid
activation function is asymmetrical. The asymmetry in the
sigmoid function introduces a bias that pushes the activations
of the later layers towards saturation, which is not a good
position to obtain good training.

G. Convergence Analysis

We have evaluated the convergence of our DDML and
DDMML methods. Fig. 6 plots the value of the objective
function of DDML and DDMML versus different number of
iterations on the LFW and YTF datasets under image restricted
setting. In our experiments, the objective function values of
DDML and DDMML are the sum of all 5400 training pairs
on LFW and 4500 pairs on YTFE, respectively. We see that the
proposed DDML and DDMML methods converge in 30 ~ 40
iterations on these two datasets.

H. Discussion

While deep features have achieved state-of-the-art perfor-
mance on various visual applications, their performance can
still be improved by combining them with conventional metric
leaning or deep metric learning methods [63]. Table XIV
shows performance comparison of deep features without and
with metric learning on LFW and YTF datasets, where the
results are directly taken from [63]. In SoftMax (L,) [63],
softmax log-loss is used to learn VGG-Face CNN feature [63],
and Euclidean distance (L7) is used to compare CNN features.
In Embedding loss [63], a triplet loss training scheme (i.e.,
metric learning method) is used to tune the VGG-Face CNN
model and learn a discriminative metric for face verifica-
tion. From this Table, we can see that CNN feature with
metric learning significantly improves the performance of
CNN feature without metric learning scheme on both LFW
and YTF datasets. More details of VGG-Face CNN feature,
SoftMax (L»), and Embedding loss can be found in [63].

IThe sigmoid function is defined as s(z) = 1/(1+e7%), and the ns-sigmoid
function is defined as z = s3(z)/3 + s(z).
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TABLE XIII

COMPARISONS (%) OF DIFFERENT ACTIVATION FUNCTIONS ON LFW AND
YTF UNDER THE IMAGE RESTRICTED SETTING

[ Dataset | sigmoid [ ns-sigmoid | tanh ]
LFW 81.93+£0.46 | 92.10+0.43 | 92.55 + 0.36
YTF 70.20+1.26 | 80.78 £1.15 | 81.26 £ 1.63

TABLE XIV

THE EQUAL ERROR RATE (EER) (%) OF CNN FEATURE WITHOUT AND
WITH METRIC LEARNING SCHEME ON LFW AND YTF DATASETS
UNDER THE UNRESTRICTED WITH LABELED OUTSIDE
DATA SETTING

[ Method | Feature Dims. | LFW | YTF |
SoftMax (L2) [63] 4096 97.27 | 92.8
Embedding loss [63] 1024 99.13 | 974

TABLE XV

THE MEAN VERIFICATION ACCURACY (%) OF DDML AND Ly WITH CNN
FEATURE ON LFW AND YTF DATASETS UNDER THE UNRESTRICTED
WITH LABELED OUTSIDE DATA SETTING

[Method [  LFW |  YIF |
Ly 96.57 £ 0.26 | 90.33 £ 1.10
DDML | 98.23+0.22 | 94.58 +1.01

We also evaluated DDML and L; using CNN feature for
face verification. In experiments, we employed the VGG-Face
CNN model provided by [63] to compute the CNN features.
Table XV shows the mean verification accuracy of DDML and
L, using CNN feature on both LFW and YTF datasets under
the unrestricted setting. We also see that DDML with CNN
feature significantly improves the performance of CNN feature
on two datasets. These results also show that it is necessary
to learn a distance metric for deep features.

V. CONCLUSION

We have proposed a discriminative deep metric learn-
ing (DDML) method for face and kinship verification. To bet-
ter use multiple features for face and kinship verification,
we have also proposed a discriminative deep multi-metric
learning (DDMML) method to extract the common infor-
mation of multiple features to improve the verification per-
formance. Our methods achieve the competitive or accept-
able face and kinship verification performance on the widely
used LFW, YTF, KinFaceW-I, KinFaceW-II, and TSKinFace
datasets. How to apply our DDML and DDMML to other
visual applications such as image classification, human activity
recognition and visual tracking [68] is a proposing direction
of our future work.
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