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Abstract

Orthogonality has different definitions in geometry, statistics and cal-
culus. This thesis studies how to incorporate orthogonality to fa-
cial image restoration and retrieval tasks. A facial image restoration
method and three retrieval methods were proposed.

Blur in facial images significantly impedes the efficiency of recogni-
tion approaches. However, most existing blind deconvolution meth-
ods cannot generate satisfactory results, due to their dependence on
strong edges which are sufficient in natural images but not in facial
images. A novel method is proposed in this report. Point spread
functions (PSF) are represented by the linear combination of a set
of pre-defined orthogonal PSFs and similarly, an estimated intrinsic
sharp face image (EI) is represented by the linear combination of a
set of pre-defined orthogonal face images. In doing so, PSF and EI
estimation is simplified to discovering two sets of linear combination
coefficients which are simultaneously found by the proposed coupled
learning algorithm. To make the method robust to different kinds of
blurry face images, several candidate PSFs and Els are generated for
a test image, and then a non-blind deconvolution method is adopted
to generate more Els by those candidate PSFs. Finally, a blind im-
age quality assessment metric is deployed to automatically select the
optimal EI.

On the other hand, the orthogonality is incorporated into the pro-
posed Unimodal image retrieval method. Hashing methods have been
widely investigated for fast approximate nearest neighbor searching in
large datasets. Most existing methods use binary vectors in lower di-
mensional spaces to represent data points that are usually real vectors

of higher dimensionality. The proposed method divides the hashing



process into two steps. Data points are first embedded in a low-
dimensional space, and the Global Positioning System (GPS) method
is subsequently introduced but modified for binary embedding. Data-
independent and data-dependent methods are devised to distribute
the satellites at appropriate locations. The proposed methods are
based on finding the tradeoff between the information losses in these
two steps. Experiments show that the data-dependent method out-
performs other methods in different-sized datasets from 100K to 10M.
By incorporating the orthogonality of the code matrix, both data-
independent and data-dependent methods are particularly impressive
in experiments on longer bits.

In social networks, heterogeneous multimedia data correlates to each
other, such as videos and their corresponding tags in YouTube and
image-text pairs in Facebook. Nearest neighbor retrieval across mul-
tiple modalities on large data sets becomes a hot yet challenging prob-
lem. Hashing is expected to be an efficient solution, since it represents
data as binary codes. As the bit-wise XOR operations can be fast han-
dled, the retrieval time is greatly reduced. Few existing multi-modal
hashing methods consider the correlation among hashing bits. The
correlation has negative impact on hashing codes. When the hashing
code length becomes longer, the retrieval performance improvement
becomes slower. The proposed method incorporates a so-called min-
imum correlation constraint which can be treated as a generalization
of orthogonality constraint. Experiments show the superiority of the
proposed method becomes greater as the code length increases.
Deep neural network is expected to be an efficient way for multi-modal
hashing. We propose a hybrid neural network which consists of a con-
volutional neural network for facial images and a full-connected neural
network for tags or labels. The minimum correlation regularization is
imposed on the parameters of output layers. Experiments validates

the superiority of the proposed hybrid neural network.
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Chapter 1
Introduction

In this chapter, we discuss the definitions of orthogonality in various situations

and how we use orthogonality in our facial image restoration and retrieval tasks.

1.1 Background

1.1.1 Orthogonality in Geometry

In geometry, orthogonality means a pair of mutually vertical vectors. A coordi-
nate system in a d-dimensional space is comprised of d mutually vertical vectors.

For v,w € R?, their inner product is defined as:

(v, w) =D v, (1.1)

where v; and w; are the ¢th element of v and w, respectively. v is vertical to w
when their inner product, i.e. (v,w) = 0.

A complete set of mutually vertical vectors in a d dimensional space consists of
d vectors and it is the most efficient way to describe the location of points in
the space. Fig. 1.1 shows two widely used coordinate systems. The Cartesian
coordinate system is used for general purpose. A famous usage of polar system

is aircraft navigation.



k J

(a) (b)

Figure 1.1: Illustration of three coordinate systems. (a) Cartesian coordinate
system. (b) Polar coordinate system.

1.1.2 Orthogonality in Statistics

Principal component analysis [43] uses an orthogonal transformation to convert
a set of observations of possibly correlated variables into a set of values of lin-
early uncorrelated variables. PCA is illustrated in Fig. 1.2. The first principal
component has the largest possible variance and the succeeding component has
the highest variance possible under the constraint that it is orthogonal to the
preceding components. PCA is used in our facial image restoration and retrieval
method. Consider a data matrix X € R™*?, where each row is a data point in
d dimensional space. The columns of X are zero-centered. The first principal

component is found by

@} (1.2)

Wi = argmax -
w'w

Further principal component can be found by subtracting the first k — 1 principal

components from X:

(1.3)



55

45

- ?;nd dimension

Figure 1.2: Illustration of principal component analysis on a 2-dimensional data
set

and then maximize the variance of X

(1.4)

w'w

Wi = argmax { —————
1.1.3 Orthogonality in Calculus

In calculus, if two functions are defined in the same interval. they are mutually
orthogonal as long as the integral of the product of these two functions equals to

0, which can be formulated as:

(61 65) = / bi(0);(x)dx =0,  i#j
(Giy ) =1, 1=

(1.5)

A piecewise continuous function can be represented by a linear combination
of a complete set of orthogonal functions. Complete set contains n functions,

01, ..., 0On, that satisfy following equation for any function f.

lim || = (e161 + ..+ cadh)l| = 0 (1.6)

n—in



1.1.4 Facial Image Restoration

Blur and additive noises in facial images significantly impedes the efficiency of
recognition approaches. Facial blur is common in recorded face images. Examples
include motion blur caused by the relative movement between the target and the
camera and out-of-focus blur caused by misalignment between the target and the

camera focus. In general, an observed facial image I can be modeled as
I=1°cx¢+n (1.7)

where [ is the intrinsic sharp image, ¢ is the point spread function, 7 is the
additive noises and * is the convolution operation.

In our method, we first apply PCA on the training sharp image data set. We use a
linear combination of principal components to represent the intrinsic sharp image
I°. We represent the point spread function ¢ by a linear combination of a set of
2-dimensional mutually orthogonal functions. After computing the coefficients of

these two linear combinations, /° and ¢ can be restored simultaneously.

1.1.5 Image Retrieval

Image retrieval is a kind of uni-modal retrieval. To improve the efficiency of near-
est neighbor searching, hashing methods are proposed to map original input data
points to binary hashing codes. As the bit-wise XOR operation can be handled
fast, the retrieval speed can be greatly improved.

Generally, hashing methods embed high-dimensional real vectors to low-dimensional
binary vectors. Hence, information are greatly missed during this procedure. To
fully utilize each bit of the codes, researchers proposed various ways to generate
an orthogonal code matrix of which each row is a hashing code and columns are
orthogonal to each other. However, generating an exact orthogonal code matrix
is an NP hard problem.

One of the most popular hashing method, ITerative Quantization (ITQ), circum-

vent this problem by formulating hashing as a minimization of quantization loss.

argmin [B — XWR/7, (1.8)
B.R



where B is the code matrix, X is the data matrix, W is comprised of the first ¢
principal components, R € R“*¢ is an orthogonal matrix and ¢ is the code length.
The major drawback of IT(Q is that it cannot encode data matrix of which the
dimensionality d is smaller than the code length ¢ and it cannot generate a bal-
anced code matrix which is considered as another constraint for good codes [115].
In our method, we modify the Global Positioning System to devise an efficient
hashing method. We approximate the orthogonal code matrix by wisely dis-

tribute the satellites. Also, our method can generate a balanced code matrix.

1.1.6 Multi-modal Retrieval

In social networks, heterogeneous multimedia data correlates to each other, such
as videos and their corresponding tags in YouTube and image-text pairs in Face-
book. Nearest neighbor retrieval across multiple modalities on large data sets
becomes a hot yet challenging problem.

We extend the I'TQ to multi-modal version. As mentioned above, the ITQ does
not work when d < c. In order to handle this problem, we proposed a minimum

correlation constraint as a generalization of orthogonality constraint.

1.2 Summary of Contributions

The main aim of this thesis is incorporating orthogonality into facial image
restoration and retrieval methods. A restoration method and three retrieval meth-
ods are proposed and briefly described in the following paragraphs.

In Chapter 2, we comprehensively review and discuss state-of-the-art deblur
methods as well as facial deblur methods. Then propose our facial deblur method.
Finally, the analysis and experimental results are given.

In Chapter 3, after a brief survey of current hashing methods, a data-independent
and a data-dependent satellite distribution methods are proposed. The relation
between our methods and existing methods are discussed, then. Experimental
results are shown at the end.

In Chapter 4, a brief literature review is followed by the description of our method.



We compare our method to state-of-the-art multi-modal hashing methods and ex-
perimentally analyze the convergence property and parameter setting sensitivity
of our method. In Chapter 5, a hybrid deep neural network is proposed to handle

multimodal retrieval problem.



Chapter 2

Coupled Learning for Facial
Deblur

Blur in facial images significantly impedes the efficiency of recognition approaches.
However, most existing blind deconvolution methods cannot generate satisfactory
results, due to their dependence on strong edges which are sufficient in natural
images but not in facial images. In this chapter, we represent a point spread
functions (PSF) by the linear combination of a set of pre-defined orthogonal PSFs
and similarly, an estimated intrinsic sharp face image (EI) is represented by the
linear combination of a set of pre-defined orthogonal face images. In doing so,
PSF and EI estimation is simplified to discovering two sets of linear combination
coefficients which are simultaneously found by our proposed coupled learning
algorithm. To make our method robust to different kinds of blurry face images,
we generate several candidate PSFs and Els for a test image, and then a non-blind
deconvolution method is adopted to generate more Els by those candidate PSFs.
Finally, we deploy a blind image quality assessment metric to automatically select
the optimal EI. Thorough experiments on the The Facial Recognition Technology
(FERET) Database!, extended Yale Face Database B2, CMU Pose, Illumination,
and Expression (PIE) database® and Face Recognition Grand Challenge (FRGC)

"http://www.itl.nist.gov/iad/humanid/feret/feret_master.html

’nttp://vision.ucsd.edu/~leekc/ExtYaleDatabase/ExtYaleB.html

3https://www.ri.cmu.edu/research_project_detail.html?project_id=418&menu_
id=261



Database version 2.0! demonstrate that the proposed approach effectively restores
intrinsic sharp face images and consequently improves the performance of face

recognition.

2.1 Introduction

Facial blur is common in recorded face images. Examples include motion blur
caused by the relative movement between the target and the camera, and out-
of-focus blur caused by misalignment between the target and the camera focus.
It remains challenging to improve the quality of an observed blurred face image
(OB) for subsequent use in various applications, including face recognition and
editing. A straightforward method of overcoming OB is to use blind deconvolu-
tion methods [90] [27] [122] [16] [118] [69] to obtain an estimated intrinsic face
image (EI), and then to exploit the EI for subsequent recognition and analysis.
The success of blind deconvolution methods designed for natural images relies on
strong edges [61], which are relatively rare in most OBs. Therefore, this approach
tends to perform poorly [127] and the obtained Els do not significantly improve
subsequent recognition.

Machine learning [35] [62] [34] [31] [71] [36] [120] [89] [21] [121] [64] is an ef-
fective tool for ill-pose problems. Recently, machine learning has been exploited
to deconvolute OBs. Liao et al. [66] decomposed an intrinsic sharp face image
into the eigen-face subspace and adopted a Gaussian prior to regularizing the
EI. However, this approach assumed that the point spread function (PSF) has
only one varying parameter, such as a Gaussian kernel with variable variance or
a horizontal linear motion function of varying length, and fails to restore images
blurred by sophisticated PSFs, e.g., a linear motion function with two varying
parameters (direction and length).

Nishiyama et al. [83] proposed the FAcial DEblur INference (FADEIN) scheme,
which models the PSF estimation procedure as a classification-like problem. By
calculating the correlation matrix A; that encodes the 2D Fourier transform fea-
tures of all training images blurred by the i-th pre-defined PSF, the subspace ¢;,
corresponding to the leading eigenvectors of A;, is used to model the i-th PSF.

"http://www.nist.gov/itl/iad/ig/frgc.cfm



The PSF corresponding to the subspace closest to the feature of the OB is then
exploited to deconvolute the OB. In this way, FADEIN can only model a finite
(and, in reality, small) discrete set of PSFs and fails to model PSFs that are not
defined in the training stage.

Zhang et al. [127] proposed the Joint Restoration and Recognition (JRR)

Figure 2.1: Illustration of the drawbacks of the sparse prior. The image is blurred
by a Gaussian kernel of standard deviation 0-8. The [;-norm of sparse coefficients
monotonously decreases as the standard deviation increases. Hence, the sparse
prior may lead to a blurry result.

scheme, which combines restoration and recognition within the framework of
sparse learning. JRR assumes that the intrinsic sharp face image of an OB can
be represented as a linear combination of face images in the training set, and the
coefficients of the linear combination are assumed to be sparse. Although sparse
prior has been proven to be effective in a wide range of applications including
face recognition [105] [123] [117] [131] and image restoration [23] [24] [79] [111],



as shown in Figure 2.1, it is inappropriate for some deconvolution tasks, since the
sparse prior may predispose to blurry images. In this situation, JRR may fail to

deconvolute
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Figure 2.2: The framework of our method.

the OB. Furthermore, six parameters need to be empirically tuned, making JRR
difficult to use in practice.

Recently, J. Pan et al. [86] proposed a face image deblurring method based
on the contour of faces. The useless edges of a face, such as those around eyes
and eyebrows, are removed firstly, because these edges have negative effects on
the PSF estimation. Then, the PSF is estimated by finding a template for an
OB from the training gallery. Rather than utilizing the information on edges
intrinsically, like those unsupervised methods, J. Pan et al. try to utilize such
information directly and smartly by filtering the edges. However, this work still
depends on the edges.

To avoid the aforementioned problems and to conduct high performance face
restoration, we cast the facial deblur procedure as a regression-like problem based
on two mild assumptions: (1) any PSF can be represented by a linear combina-
tion of a set of orthogonal PSF's; and (2) the intrinsic sharp face image of an OB
can be represented linearly by a set of orthogonalized sharp face images.

Under the above two assumptions, we develop a coupled learning algorithm

(shown in Figure 2.2) to simultaneously calculate all possible PSFs and Els by
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discovering the coefficients of two associated linear combinations, in which each
PSF corresponds to a particular EI. Empirically, all the Els show far from sat-
isfactory results, for the following two reasons. First, the dissimilarities between
the training sharp face images and the intrinsic sharp face image of the OB can
result in reconstruction errors. Second, the parameter space of EI is of tens of
thousands of dimensions and thus to obtain a high quality EI requires a large
number of training sharp images. By contrast, the parameter space of PSF is
much smaller and can be estimated precisely given a small size training set. We
therefore generate a sequence of PSFs and use a classical non-blind deconvolu-
tion method [12] to deblur the OB and generate candidate results. Lastly, a blind
image quality assessment (BIQA) method [81] is adopted to automatically select
the best EI which corresponds to a particular PSF.

In contrast to conventional face recognition scheme which consists of a face
representation stage and a face matching stage [17], we propose a new recognition
method based on our deblurring procedure. Intuitively, when the sharp face im-
ages have the same identity as the OB, the resulting EI is of high quality because
these sharp face images are more similar to the intrinsic sharp face image of the
OB. We therefore only need to deblur an OB using all the sets of sharp face im-
ages, where each set only contains sharp face images of one identity. The identity
of the set that produces the best deblurring result is assigned to the OB. In this
way, the proposed deblurring method simultaneously deblurs and recognizes the
OB.

This chapter is organized as follows. The proposed deconvolution method is
described in Section 2.2. In Section 2.3, we show how to reduce the computational
costs for symmetric PSFs. In Section 3.5, we demonstrate the effectiveness of the
proposed deconvolution and recognition methods. We conclude the chapter in
Section 2.5.
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2.2 On Combining Coupled Learning and BIQA
for Facial Deblur

The proposed scheme for facial deblur, shown in Figure 2.2, is comprised of
four major steps: (1) codebook construction; (2) coefficient x computation; (3)
candidate PSF construction and candidate results generation; and (4) the BIQA-
based best candidate result selection. This section shows the motivations and
details of each step.

In general, the relationship between an OB I, its intrinsic sharp face image

I°, and the corresponding PSF ¢ is modeled as
I=1°x¢p+n, (2.1)

where 7 is the additive noise and * is the convolution operation. We assume /° can
be represented by a linear combination of a set of bases {v;},i =1,..., M, and ¢
can be represented by a linear combination of a set of functions {¢,},j =1,..., N.

Hence, we have
M N
I°% ¢ = (Z aivi> * (Z 5j¢j> : (2.2)
i=1 j=1

where ;s and ;s are coefficients of the linear combinations. Let vec(-) be the
vectorization operation. Let the (j+(i—1)N)th column of matrix A be vec(v;*¢;)
and the (j + (i — 1)N)th element of vector x be a;3;. Equation (2.1) can be
rewritten as

I = Ax + vec(n). (2.3)

where I = vec(I). In our approach, {v;} and {¢;} are predefined. Hence, the
remaining problems are calculating x in Equation (2.3) and calculating «; and f;

from x.

2.2.1 Construct A

Given a set of sharp face images {I,},p = 1,..., P, we use the first M left singular

vectors (i.e., those corresponding to the largest M singular values) of matrix D

12



as v; , where D is defined as:
D - [11,12,...,]:])] (24)
To represent the PSF's, we use a set of orthogonal functions, called function bases

f(m,n,x,y) = sin (m;rx) sin (%)

m=1,2,....,L, n=12,...,L (2.5)
0<2<a0<y<b

If the first K*(m =n = 1,..., K) function bases are used, then we let ¢4 (n—1)x =

f(m,n,z,y). Hence, we have

A = [vec(Iy % ¢1) ,...,vec (11 % Pgz) ...,

(2.6)
vec (Ip x ¢1),...,vec (Ip * pg2)]
2.2.2 Calculate x
An intuitive way to calculate x from Equation (2.3) is by minimizing
argmin || I — Ax || +R(x), (2.7)

where R(x) is a regularization on x. Here, we do not impose any regularization

on x, i.e., R(x) = 0. Hence, minimizing Equation (2.7) is equivalent to solving
Ax=1. (2.8)
Equation (2.8) has the closed form solution
x = (ATA)"H(ATT), (2.9)

where AT is the transpose of A. Alternatively, the conjugate gradient descent

method [39] can be used to solve

xT(ATA)x — x"ATT = 0. (2.10)

13



Solving Equation (2.10) using the conjugate gradient descent method is much

quicker than directly computing the inverse matrix of ATA.

2.2.3 Calculate a and f

Once x is found, o and [ can be calculated by solving the following nonlinear
equation system:
TN = @i
1=1,....M (2.11)
j=1....N

Equation (2.11) has M + N unknown variables and M N equations, and is usually
an over-determined system (i.e., MN > M + N). Hence, it can be solved by
minimizing

M N
argmin ZZ T4 (i—1)N —alﬁ]) . (2.12)

a;, 1<i<M —
=1 j=1
,3],1<]<N

Unlike linear over-determined equation systems, where the solution is unique
when the rank of the coefficient matrix equals the number of columns, Equa-
tion (2.12) may have multiple solutions. For example, if {aj} and {8} are
solutions of Equation (2.12), {a;/c} and {cf}} will also be solutions, where c is
a non-zero constant. Therefore, prior knowledge, regularizations, or constraints
are required.

We observe that the projections of 1° on {v}} (i.e., a;s) are similar to those
of I (Figure 2.3). Hence, the following item can be added into Equation (2.12):

(I, v1) — ay)?, (2.13)

where (I, v;) is the inner product, i.e., the projection of I on v;.

It is desirable that the averages of the local windows of an OB should not be
altered too much by an estimated PSF. Therefore, its integration should be equal
to 1, that is,

N
Zﬁj/ﬂ@dg =1, (2.14)
j=1

14
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Figure 2.3: The difference between projections of an image and its blurred coun-
terpart. 90% images in FERET dataset are used to construct D and the first 10
projections of a test image in the remaining 10% images and its blurred counter-
part which is blurred by a Gaussian PSF with standard deviation 2 are shown
here. It can be found that projections on the first left singular vector of these
two images are very close to each other. The difference is approximately 0.1%.

where 2 is the domain in which the PSF is defined. The PSF should also be

positive, that is,

[vec(pr), vec(ds), . .., vec(dn)|[Bi, Bas - - -, By)" > 10,0,...,0]". (2.15)
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In conclusion, the proposed minimization problem is

M N
argmin ZZ ZTjt(i—-1)N — Oéiﬁj)Q + ({L,v1) — 041)2

a;, 1<i<M

=1 5=1
gia<j<N '

N

[vec(dr), ..., vec(dn)][Br, - - >5N] > [0, >O]T

(2.16)

As SVD is adopted to generate face bases, we only use the projection on the first
left singular vector which corresponds to the largest singular value as a regular-
ization in the object function of our optimization problem. The problem (2.16)

can be solved using the augmented Lagrange multiplier method [40].

2.2.4 Generate candidate results

Since reconstruction errors exist, the a;s calculated by the procedure above cannot
usually reconstruct satisfactory results, especially when the identity of the OB is
not included in the training set. However, as stated in the introduction, a PSF' is
much easier to estimate than its corresponding EI. Setting M as a certain value,
one can get a PSF correspondingly. We therefore generate a sequence of PSFs by
setting different M’s and use a classical non-blind deconvolution method [12] to
deblur the OB to generate M candidate results.

2.2.5 Assessing candidate results

BIQA across different images is a challenging task. However, blindly assessing
the qualities of images distorted by different ways from an image is much easier.
Among various BIQA methods, BRISQUE-L [81] [80] feature is used here to select

the best candidate PSF, due to its robustness and computational efficiency.
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Figure 2.4: Typical results and their corresponding scores. -2 denotes a failure,
0 is a blurry result, and 2 is a sharp image.

BRISQUE pre-processes an image by local mean removal, i.e.

16, 7) = A(i,j) + 1

(2.17)

where i € {1,2,..., M}, j € {1,2,..., N} are spatial indices, M and N are the

image dimensions, and

K L

plij) =Y > wnl(i+kj+1) (2.18)

k=—Kl=—L

Nig) =] D D wnallli+k,j+1) = plij) (2.19)

k=—K I=—L

w=A{wilk=—-K,...,K,l=—L,...,L} is a 2D circularly-symmetric Gaussian
weighting function. K and L is set as 3 and w is normalized to unit volume.

A Generalized Gaussian Model (GGD) distribution is used to model mean
subtracted contrast normalized (MSCN) coefficients and how they change with

distortion. The GGD with zero mean is:

o) e

where

(2.21)
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and -
['(a) = / t* e tdt a>0 (2.22)
0

is the gamma function. The parameters of the GGD is estimated by the moment-
matching based approach [91].
A zero mode asymmetric generalized Gaussian distribution (AGGD) [60] is

used to model the products of neighboring coefficients:

st o) = G = (- (%)) (223)

where
r(2)
ﬁl = Ok ! (224)
\r(2)
v
r(3)
By = o, . (2.25)
r(2)
Y
Mean of the distribution is also used as a feature:
r(2)
— (2.26)

U:(ﬁr—ﬁl)r<

. .
gamma

16 parameters are computed by estimating (v, 07,02, 1) along four orientations.
Including two parameters of the GGD, i.e. (a,0?), an 18 dimensional feature
vector can be generated. Filter and downsample the image by a factor of 2, an-
other 18 dimension feature vector can be generated in the same way. Hence, a 36
dimensional feature vector is generated.

To robustify BRSIQUE, BRISQUE-L introduced L-moments which are closely
related to L-estimators and extensively used in robust image filtering theory [10].

The L-moments of a sample X;,7 = 1,..., N use probability weighted mo-
ments [37] of the order statistics [9] [76] X(;) of the sample:

S
by = ==L (2.27)
X ()
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b, — +1 7 1);\7 2)...(n—r) () (2.28)

The first four L-moments are given by:

I, = by (2.29)

Iy = 2by — by (2.30)

ls = 6by — 6By + by (2.31)

Iy = 20bs — 30by + 12b; — by (2.32)

Similar to BRISQUE, the first and fourth L-moments are computed from the
pointwise statistics of MSCN coefficients. Along four orientations, the pairwise
product of adjacent MSCN coefficients are computed, including the first and
fourth L-moments, the second L-moment using negative products and the positive
products. BRISQUE-L is also extracted on two different scales and totally 36-

dimensional.

2.2.6 Simultaneous restoration and recognition

A subset of candidate results is manually evaluated at five levels, as shown in
Figure 2.4. Finally, support vector regression (SVR) is trained to automatically
evaluate the quality of the remaining candidate results.

Since a BRISQUE-L feature contains two parts (18 elements in each part), a
multiple kernel learning (MKL) method [33] needs to be adopted. Of the various
MKL algorithms, the SMO-MKL approach [107] has been shown to be efficient
and effective across a wide range of applications, and its source code is available
online!. We therefore use it here with five Gaussian kernels for each part and five

Gaussian kernels for the whole feature, that is, 15 kernels in total.

http://research.microsoft.com/en-us/um/people/manik/code/SMO-MKL/download.
html
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Let a BRISQUE-L feature be w = (w1, ...,wss)" and w(i : j) is a vector
comprised of the ¢th to jth elements in w. The standard deviation o of Gaussian
kernel is chosen from set {272,271 29 21 22} Hence, the fifteen Gaussian kernels

are:

wl(1:18)w(1:18
G1 = exp (— ( (2_>2)2( )) e
wl(1:18)w(1:18
()
wl (19 : 36)w(19 : 36
Gg = exp (— ( <2>2)2( >> e
T (2.33)
w' (19 :36)w(19 : 36)
G10 =exXp | — (22>2 )
wlw
anexp (—W) Sy
wlw
o= (757
The primal problem of multiple kernel learning for SVR is
1 A !
: - T d + - - dp
#bEr20.d20 2 Xk: 22/ di + C Zh: (& +&)+5 (Xk: ’“) 230

s.t. £ (Z z; G(wp) + b — sh) <e+&f

k

where zy is the support vector and dj, is the kernel weights of the linear com-

bination of base kernels {G}. & and &, are slack variables allowing for errors

around the regression function. C', A\, p and € are positive constants set empir-

ically. Introducing Lagrange Multipliers a; on constraints corresponding to &

and a; on constraints corresponding to &, , the dual problem of Eq. (2.34) is
max 17(S(at —a") —e(at +a7))—

1Tat=1Ta~—
0<at,a—<C1

1 + T - q%
8—/\<Z((a —a )'Gr(a” —a )))

k

(2.35)
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where S is a diagonal matrix whose elements are the scores of training samples.
p and ¢ satisfy

1 1

pq

Sequential Minimal Optimization (SMO) [88] [26] [53] is used to solve Eq. (2.35).

The proposed recognition method is based on the SVR outputs. We construct

A for each identity, which is then used to deblur each OB. Lastly, the identity

of A that produces the best deblurring result is assigned to the OB. This simple

=1 (2.36)

manipulation results in the simultaneous production of deblurring and recognition

results.

2.3 Efficient Implementation for Symmetric PSF

In the theoretical point view, our algorithm can inherently handle any kinds of
PSF. It is based on the mathematical theory - any bounded function can be
represented by a linear combination of a complete set of orthogonal functions.

We mainly focus on three types of blurring: out-of-focus blur (approximated
by a Gaussian kernel), linear motion blur, and a combination of the two. Here,
we show how to reduce computational costs by considering the symmetry of these
three types of blur. The aim is to reduce the number of function bases, i.e., N.

To simplify our analysis, we assume that the PSFs of the linear motion
blur and the combined blur only have four directions: 0,7/4,7/2 and 3w /4.
Considering the symmetry of 0-PSFs (Figure 2.5), only the f(m,n,z,y)s that are
symmetric about * = a/2 and y = b/2 (i.e., m = 1,3,5,... and n = 1,3,5,...),
can be used to represent such PSFs. Since both the symmetric axes of 0-PSFs
and 7/2-PSFs are x = a/2 and y = b/2, they can be represented by a common set
of function bases, {¢;}. By rotating this set of function bases by 7/4 clockwise
or counter-clockwise, the function bases set (denoted as {i;}) can reconstruct
7/4-PSFs and 37w /4-PSFs.

Therefore, if the directions of the PSFs of OBs can be estimated, the OBs
can be divided into two groups: Group I(0- & 7/2-PSFs) and Group II (7/4 &
31 /4-PSFs). By constructing two different As using {¢;} and {¢;}, respectively,
an OB can be deconvoluted using the method proposed in Section 2. The only
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Figure 2.5: The symmetry of PSFs. The top row illustrates three PSFs: a
Gaussian kernel, a linear motion kernel, and the combination of both. The bottom
row illustrates five function bases, i.e.m =n =1, m = 1&n =2, m = 1&n = 3,

m = 2&n = 3, and m = n = 3. The function bases of odd m and n are symmetric
about the two axes and can be used to represent the three symmetric PSF's.

remaining problem is how to efficiently estimate the direction of the PSF's.

2.3.1 PSF direction estimation

Ignoring additive noise and taking the Fourier transform on both sides of Equa-

tion (2.1), we get
F(I) = F(1°)F(9), [F()] = [FI°)[F(2)], (2.37)

where F(-) denotes the Fourier transform. Given another PSF ¢, it can be

deduced that
2(F(D[|1F ()] = 2[F(I)F ()T ()]

< |[FI)NAF @) + [F($)).
In inequality (2.38), the equation holds, if and only if |F(¢)| = |F(¢')]. In-

spired by the correlation-based shape alignment method [104], we try several ¢'s
that are similar to ¢ and find the ¢’ whose |F(¢')| maximizes [, 2|F(1°)||F(¢)||F(¢)|

(2.38)
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Figure 2.6: Illustration of proposed PSF direction estimation algorithm. A com-
bination of linear motion and Gaussian PSF locates at the center of the graph.

¢'s with different o locate around the PSF according to their direction. The
numbers are the maximum values of [, [F(¢')||F(4)[dQ2 on each direction.

(Fig. 2.6). Here, we use following function as ¢':

| 7

> > 1, (2.39)

¢'(v,y,7,0,0) = exp (
where 2/ = xcosf + ysinf and ¢y = ycosf — xsinb.

The proposed direction estimation method is shown in Algorithm 1. Al-
though we neglect the additive noises to develop our direction estimation algo-
rithm, the algorithm turns out to be efficient when noises exist (Subsection 2.4.1).
A reasonable explanation is that noises are random and directionless, and hence

have little effect on direction estimation.
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Algorithm 1 Direction Estimation Method
1: Input: [
2: for each § € {0,7/4,7/2,3n/4} do
3: for each 0 € {1,2,...,9} do

4: if V<|F()||F(¢)| then
5: V= I[F(1)|[F(¢)]

6: L=20

7 end if

8: end for

9: end for

10: Output: L

2.4 Experiments

The aim of the following experiments is three-fold: (1) to verify the accuracy
of the proposed direction estimation method; (2) to validate the deconvolution
method without recognition; and (3) to test the proposed recognition method.

We conducted experiments on FERET [87], CMU-PIE [96] and extended Yale
B [32] datasets and compared our method with FADEIN [83], Krishnan et al.
method [55], JRR [127]and Pan et al [86].

Dataset description. For FERET, we used the gallery (FA set) containing
1,196 images of 1,196 subjects. For CMU-PIE, there are 67 identities and we
collected the images named as “27_**.jpg” under the “illum” folder of each iden-
tity. The file name “27_**jpg” implies the photo was taken in frontal view. For
the extended Yale B, we directly applied the images in “Cropped Yale” available
at the official website. This subset contains 38 identities and 64 photos taken
from the frontal view under different illumination conditions for each identity.
For FRGC 2.0, we collect 2000 controlled still images and 500 uncontrolled still
images of 200 subjects from both the training and validation partitions. Please
note only placid faces were collected and a few uncontrolled still images contain
no obvious blurs.

Evaluation method. There are three widely used indexes to evaluate im-
age quality: Peak Signal-to-Noise Ratio (PSNR), Universal Image Quality Index
(UIQI) [112] and Structural Similarity Index (SSIM) [112]. PSNR is based on

the mean square error between two images, which is easy to calculate but less
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efficient than indexes based on human visual system [4], such as UIQI and SSIM.
Hence, SSIM which is an improvement of UIQI is adopted here to evaluate our
deblur method.

The SSIM has two inputs, the sharp image and its synthetically blurred coun-
terpart. To calculate SSIM, two means, two standard deviations and one covari-

ance are computed on each B x B local window of two images as in Eq. (2.40).

1 <& 1 <&
Ng‘:f;@; MﬁZT;%

a1 a1 (2.40)

Il
—

q
(2pcps + 1) (20¢9 + c2)
(g + 115 + 1) (0F + 05 + ¢2)

SSIM(C, V) =

where ¢ and 9 represent local windows on sharp images and blurred images,
respectively. ¢; and ¢y are two constants. T = B? is the total number of a local
window. The overall SSIM index is the mean of SSTM ((, 1) of all local windows.
In our experiments, the mean (u) and standard deviation (o) of SSIM are given
on every dataset.

Global settings. Throughout our experiments, 30 dB additive white noise is
synthesized into test images. We use the default setting of Chan et al.’s non-blind

deconvolution method. Its code is available online'.

2.4.1 PSF direction estimation

We randomly selected 1000 images from the three subsets of FERET, CMU-PIE
and extended Yale B. The widths of the linear motion kernels were chosen as 3,
5,7, and 9 and the standard deviations of the Gaussian kernels as 1, 3, 5, 7, and
9. Hence, 4(directions) x 4(widths) x 5(standard deviations) x 1000 = 80000

images were generated for testing the proposed direction estimation method. For

'http://videoprocessing.ucsd.edu/~stanleychan/deconvtv
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(a) (c) (d)

Figure 2.7: Results of experiments on the subset of FERET dataset. (a) Test
images and their PSFs; (b) results of the proposed method; (c) results using the
method proposed by Krishnan et al. [55]; (d) results of FADEIN [83] and (e)
results using the method proposed by Pan et al. [86]

each combination of these two types of kernels, the rate of correctly estimating
the PSF was recorded and shown to be 97%. Since the direction estimation is
imperfect, some OBs will be miscategorized. Hence, OBs in which all candidate

results have low scores, say less than 0, should be re-categorized into another

group.

2.4.2 Facial deblur

Experiments in this subsection were conducted on FERET. We used 90% of the
images to generate the matrix A. The remaining 10% of images were treated
as OBs and blurred by a Gaussian kernel of ¢ 2, linear motion of length 15 and
direction 7/4, or the combination of the two. The first 9 odd order orthogonal
functions were used to construct A. We generated nine candidate results for
each OB by setting nine Ms, where the cumulative energy content for the Mth
eigenvector occupied 60%, 70%, 80%, 90%, 91%, 92%, 93%, 94% and 95% of
the total energy, respectively. Candidate results of 10 randomly-selected OBs
were used to train SVR. FADEIN [83] and the Krishnan et al. method [55] were
implemented and examined under the author-suggested settings to guarantee fair

comparison. The final results are shown in Figure 2.7. The Krishnan et al.
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Table 2.1: SSIM Index on FERET

1
PSF Combine | Gaussian | Motion
FADEIN [83] 0.8808 0.9290 0.9053
Krishnan et al. [55] | 0.7730 0.8866 | 0.7177
Pan et al. [S6] 0.8854 | 0.9211 | 0.9123
Ours 0.8939 0.9214 0.9158
o

PSF Combine | Gaussian | Motion
FADEIN ([83] 0.0100 0.0110 0.0123
Krishnan et al. [55] | 0.0083 0.0184 | 0.0324
Pan et al. [36] 0.0101 0.0103 0.0056
Ours 0.0100 0.0098 0.0043

method did not perform well on this dataset, because of its requirement of strong
edges. Since FADEIN is a classification-like scheme, its deconvolution results are
similar to ours if the PSFs of the OBs are pre-defined in the training set (the
first row). When the PSFs are not pre-defined in the training set (the second and
third rows), it tends to give the closest PSFs. Hence, the results are degraded

somewhat.

2.4.3 Simultaneous facial deblur and recognition

The proposed method was compared with FADEIN [83] and JRR [127] on the
subset of CMU-PIE and the subset of the extended Yale B. In contrast to FERET,
the face images in these two subsets were taken under different illumination con-
ditions.

For experiments on each subset, we adopted the first 50% of images of each
identity in our method for training and the remaining 50% of images of each
identity for testing. All test images were blurred by a Gaussian kernel of ¢ 3, a
linear motion of length 15 and direction 7 /4 or the combination of both. All these
blurred images were collected together as OBs. The first 9 odd order orthogonal
functions were used to construct A. The candidate results were generated by
setting Ms in a similar way to those given in Subsection 4.2, but note that M

was occasionally zero, because only tens of sharp face images were available to
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Figure 2.8: Results of experiments on the subset of CMU-PIE dataset. (a) Test
images and their PSFs; (b) results of the proposed method; (c) results using the
method proposed by Krishnan et al. [55]; (d) results of FADEIN [83] and (e)
results using the method proposed by Pan et al. [86]

construct matrix A in each procedure of generating candidate results. We started
the procedure with the smallest non-zero .

For fair comparison, we used exactly the same setting for our method on
each dataset. According to [83], FADEIN adopted the local phase quantization
(LPQ) [3] method for recognition. We carefully tuned the parameters of JRR to
ensure it reached its best performance.

The deconvolution results on CMU-PIE are shown in Figure 2.8 and the corre-
sponding recognition rates are listed in Table 2.4. The deconvolution and recog-
nition results on extended Yale B are shown in Fig 2.9 and Table 2.5, respectively.
The method of Krishnan et al. [55] failed to provide satisfactory deconvolution
results. Due to the complex illumination conditions, FADEIN [83] cannot usu-
ally estimate the PSF's precisely and therefore performed poorly on recognition.
The deconvolution results of JRR [127] are not shown here, because the authors
explained that the deconvolution procedure in JRR was not designed for hu-
man visual perception [127]. It is unfair to compare the deconvolution results
of JRR with other methods, but note that JRR performed poorly in terms of
visual appearance. It can be concluded that the proposed method not only gives

satisfactory deconvolution results, but also significantly boosts recognition per-
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Figure 2.9: Results of experiments on the subset of extended Yale B dataset. (a)
Test images and their PSFs; (b) results of the proposed method; (c) results using
the method proposed by Krishnan et al. [55]; (d) results of FADEIN [83] and (e)
results using the method proposed by Pan et al. [86]

formance.

Since recognition is based on image quality, our proposed method does not
require compensation for illumination. However, due to the complex illumination
conditions in some images, the proposed method may fail to deconvolute in some
cases. Also, since Equation (2.16) has multiple local minima, this can result in
erroneous recognition, because the correct {3;} can be given even when {o;} is
wrong. Even though the probability of this occurring is low, as shown by the

high recognition rate, such mistakes are inevitable.

2.4.4 Experiments on camera-shaking blur

In this experiment, the restoration results of our method are compared with Kr-
ishnan et al. and its recognition results are compared with JRR on CMU-PIE
and extended Yale B datasets. FADEIN is not available for this kind of blur, i.e.,
irregular and asymmetrical PSF's.

The experiment settings are same to those in Subsection 2.4.3, except follow-
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Table 2.2: SSIM Index on CMU-PIE

1
PSF Combine | Gaussian | Motion
FADEIN [83] 0.7599 0.7909 0.8200
Krishnan et al. [55] | 0.6398 0.7705 | 0.6579
Pan et al. [86] 0.7947 0.8448 | 0.8033
Ours 0.8068 0.8780 0.8386
o

PSF Combine | Gaussian | Motion
FADEIN ([83] 0.0171 0.0174 0.0224
Krishnan et al. [55] | 0.0212 0.0171 | 0.0463
Pan et al. [36] 0.0144 0.0189 0.0151
Ours 0.0131 0.0160 0.0063

ing three points: (1) all test images were blurred by two camera-shaking PSFs;
(2) the first 36 order orthogonal functions were used; and (3) the facial images
reconstructed by a’s were also added into the gallery of candidate results.

BRISQUE which is widely used to evaluate the quality of natural images which
are assumed to be Gaussian distributed. However, as mentioned in Section 2.1,
the face images contain less strong edges, which means they may be not Gaussian
distributed. The BRISQUE-L feature was reported to be relatively unaffected by
small departures from model assumptions. Hence, we use BRISQUE-L feature
for our task.

The restoration results on CMU-PIE and extended Yale B datasets are shown
in Fig. 2.10 and Fig. 2.11, respectively. Our method significantly outperforms
that of Krishnan et al. In terms of restoration, our method has a tiny flaw on
restoring shadow areas (the bottom two images in Fig. 2.11). This phenomenon
is caused by collecting reconstructed images as candidate results. In reality, the
trained SVR tends to give higher scores to images with less illumination variance.
For example, the red numbers in Fig. 2.11 are the scores of the original sharp im-
ages, while the blue numbers are the scores of the restoration results (in this case,
the reconstructed images). The recognition results on both datasets are given in
Table 2.8, which demonstrates the superiority of our method in the recognition

of blurred facial images.
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Table 2.3: SSIM Index on Extended Yale B

1
PSF Combine | Gaussian | Motion
FADEIN [83] 0.8458 0.8537 0.8537
Krishnan et al. [55] | 0.6906 0.8822 | 0.6566
Pan et al. [86] 0.8521 0.8992 | 0.8841
Ours 0.8998 0.9167 0.9020

o
PSF Combine | Gaussian | Motion
FADEIN ([83] 0.0349 0.0547 0.0547
Krishnan et al. [55] | 0.0663 0.0297 | 0.0693
Pan et al. [36] 0.0334 0.0399 0.0372
Ours 0.0384 0.0516 0.0221

Table 2.4: Recognition rates on the subset of CMU-PIE dataset.

Gaussian | Motion | Both

FADEIN+LPQ [83] 85.6 4.1 82.3
JRR [127] 92.7 92.3 91.7
Ours 95.1 95.0 95.0

2.4.5 Experiments on real blur

In this experiment, the restoration results of our method are compared with Kr-
ishnan et al. and Pan et al. and its recognition results are compared with JRR
on FRGC 2.0 dataset. Again, FADEIN is not available for this case, because the
PSF of real blur cannot be pre-defined in the training procedure.

All the sharp images of each identity and the first 36 order orthogonal func-
tions were used for constructing A. The candidate results were generated in a
similar way to that in Subsection 2.4.4, so did the training of SVR.

The restoration results are shown in Fig. 2.12. In Fig. 2.12, our algorithm
gave three linear combinations of face bases as the final restoration results which

were marked by red rectangles. As there are no groudtruth sharp images for these

31



TYPEI

TYPE I

(a) (b) (©)
Figure 2.10: Results of experiments on the subset of CMU-PIE dataset. (a) Test
images and their PSFs; (b) results of the proposed method; (c) results using

the method proposed by Krishnan et al. [55] and (d) results using the method
proposed by Pan et al. [86]

Table 2.5: Recognition rates on the subset of extended Yale B dataset.

Gaussian | Motion | Both

FADEIN+LPQ [83] 77.3 75.8 70.1
JRR [127] 88.2 86.8 86.3
Ours 93.4 92.6 91.8

OBs, the SSIM index is not available here. However, it is easy to visually observe
the superiority of our restoration results against compared ones’. The recognition
rates of JRR and our method are 93.5% and 98.7%, respectively.

2.4.6 Computational efficiency

Our algorithm gives the deblurring and recognition results at the same time.
There are four major parts that take relative longer time to compute: 1) SVD;
2) construct A; 3) train SVR and 4) minimize Eq. (2.16). For each dataset,
1), 2) and 3) are just computed once. The computation complexity of SVD of
an Py x P, matrix is O(4PEP, + 8P, P} + 9P3). In this case, P, is the number
of image pixels and P, = MN where M and N are the number of face and
function bases, respectively. To construct A, M N 2-D convolutions are needed.

By using Fast Fourier Transformation (FFT), the computation complexity of 2-
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o __

Figure 2.11: Results of experiments on the subset of extended Yale B dataset. (a)
Test images and their PSFs; (b) results of the proposed method; (c) results using
the method proposed by Krishnan et al. [55] and (d) results using the method
proposed by Pan et al. [86]

(a) (©)

D convolution is O(P; Pylog(PyP)). In this case, P; and P, are the height and
width of an image. 3) and 4) are two constrained optimization problem which are
solved iteratively. The convergence rates are highly dependent on the datasets
and parameter settings. For all our experiments which were done on MATLAB
2014a on a PC with Intel Core i5 3.2GHz and 8GB RAM, 3) takes less than 1

second and 4) takes 20 to 40 seconds for one test image.

2.5 Conclusions

In this chapter, we proposed a coupled learning method combined with blind im-
age quality assessment (BIQA) for image deconvolution. The method is specifi-

cally designed for deblurring face images that have few strong edges, and can the-

Table 2.6: SSIM Index on CMU-PIE dataset

I o

PSF TYPET | TYPEII | TYPET | TYPE II
Krishnan et al. [55] | 0.4973 0.5982 0.0321 0.0792
Pan et al. [86] 0.8149 0.7922 0.0930 0.0958
Ours 0.8566 0.8315 0.0749 0.1834
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Figure 2.12: The restoration results on FRGC 2.0. From top to bottom, they
are OBs, and results of our method, Krishnan et al. [55] and Pan et al [86],
respectively. The results marked by red rectangles are generated by the linear
combinations of the function bases.

oretically estimate any PSF due to the reasonable assumptions and the adopted
priors. We illustrate how to reduce computational costs for three kinds of sym-
metric PSF that are common in real applications. To illustrate how subsequent
recognition tasks can be improved, we propose a new method that simultaneously
generates deconvolution and recognition results. Experimentally, our proposed
deconvolution method is superior to representative methods and the recognition
method produces high recognition rates for blurred face images. In future work,
we will focus on extending our PSF estimation strategy to natural image deblur-

ring and our recognition method to non-frontal face recognition problems [18].

Table 2.7: SSIM Index on Extended Yale B Dataset

w o

PSF TYPEI | TYPEII | TYPE T | TYPE II
Krishnan et al. [55] | 0.5379 0.6428 0.0712 0.0924
Pan et al. [86] 0.8514 0.8112 0.0897 0.0926
Ours 0.8756 0.8531 0.1273 0.1857
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Table 2.8: Recognition rates

PIE Yale B
PSF TYPEI | TYPEII | TYPEI | TYPE II
JRR [127] 90.0 85.1 82.8 77.4
Ours 94.9 91.9 90.3 83.5
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Chapter 3

Global Hashing System for Fast

Image Search

Hashing methods have been widely investigated for fast approximate nearest
neighbor searching in large datasets. Most existing methods use binary vectors
in lower dimensional spaces to represent data points that are usually real vectors
of higher dimensionality. We divide the hashing process into two steps. Data
points are first embedded in a low dimensional space, and the Global Positioning
System (GPS) method is subsequently introduced but modified for binary embed-
ding. We devise data-independent and data-dependent methods to distribute the
satellites at appropriate locations. Our methods are based on finding the tradeoff
between the information losses in these two steps. Experiments show that our
data-dependent method outperforms other methods in different-sized datasets
from 100K to 10M. By incorporating the orthogonality of the code matrix, both
our data-independent and data-dependent methods are particularly impressive in

experiments on longer bits.

3.1 Introduction

Hashing methods are efficient for approximate nearest neighbor (ANN) searching
that is important in computer vision [15] [113] [128] [103] and machine learn-

ing [65] [74] [95] [114]. Hashing methods map original input data points to binary
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hashing codes while preserving their mutual distances; that is, the binary strings
of similar data points in the original feature space should have small Hamming
distances. Hashing with short codes can substantially reduce storage require-

ments and boost the ANN searching speed.

Generally, hashing methods embed high-dimensional real vectors to low di-
mensional binary vectors. It can be divided into two steps: dimension reduction
and binary embedding. We find that there is a tradeoff between the information
losses in these two steps. For example, if the dimensionality is reduced to 1 by
Principle Component Analysis (PCA), each data point can be represented by a
real number. Although we can represent a real number by a 64-bit binary vector
with neglectable information loss, obviously the real numbers achieved in this way
cannot preserve the structure of original data points. On the other hand, if the
dimensionality is reduced to 64, we can generate efficient hashing codes by some
state-of-the-art hashing methods, such as Iterative Quantization (ITQ) [125]. In
both cases, the original data points are embedded to 64-bit binary vectors. How-
ever, different settings lead to completely different situations. In this chapter, we
devise our methods by considering this tradeoff.

We first reduce the dimensionality of the original data points, i.e., the de-
scriptor vectors, by PCA. Dimensionality reduction is used to pre-process the
data. Hence, any kinds of dimensionality reduction methods can be used. PCA
is used here because of its simplicity and popularity. Next, the projections on the
first d principal components are encoded by c-dimensional binary codes, where
¢ > d. We need an over-determined system that can uniquely position every data
point. This is similar to Global Positioning Systems (GPS) [42] that use dozens
of satellites to position a receiver on the 2D Earth surface. Since our method
is directly inspired by GPS, we name it the Global Hashing System (GHS). We
tackle the major issue of how to distribute satellites and propose two methods:
one data-dependent method and one data-independent method. Unlike most ex-
isting methods [125] [115] [50] that handle the degraded version of orthogonality
of the code matrix in the continuous domain, both our methods approximate
the orthogonal code matrix directly in the binary domain, which leads to better
performance on long-bit experiments. Note that although spectral hashing (SH)

can be regarded as assigning more bits to PCA directions along which the data
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has greater ranges, it is somewhat heuristic [125].

After satellites are well distributed, distances from data points to each satel-
lite are sorted separately (to simplify the following discussion, this distance is
denoted as D2S hereafter). The nearest half is denoted as -1, while the other
half is denoted as 1. Hence, our method can generate a balanced code matrix.
Although a balanced code matrix is considered to be one of the two conditions for
good codes [115], it is rarely considered because it usually results in an NP-hard

problem.

3.2 Related Work

Popular hashing methods can be categorized into two groups according to their
dependence on data. The most well-known data-independent hashing methods
are Locality-Sensitive Hashing (LSH) [5] and its variances, e.g., those adopting
cosine similarity [13] and kernel similarity [58]. The main drawback of these
methods is the demand of more bits per hashing table, due to randomized hash-
ing [94].

Data-dependent methods have become popular in the machine learning com-
munity. Spectral Hashing (SH) [115], one of the most popular data-dependent
methods, generates hashing codes by solving a relaxed mathematical problem to
circumvent computation of pairwise distances in the whole dataset, i.e, the affin-
ity matrix and the constraints that lead to an NP-hard problem. Anchor Graph
Hashing (AGH) [73] optimizes the object function of SH by using anchor points to
construct a highly sparse affinity matrix. Discrete Graph Hashing (DGH) [72] fol-
lows this idea and incorporates orthogonality of the hashing code matrix. There
are also methods based on the linear projections of PCA [125] [54] [50] or Lin-
car Discriminant Analysis [100] and those hashing in kernel space, such as bi-
nary reconstructive embeddings (BRE) [57], random maximum margin hashing
(RMMH) [49] and kernel-based supervised hashing (KSH) [113]. Unlike ITQ [125]
that rotates the projection matrix obtained by PCA to minimize the loss func-
tion, Neighborhood Discriminant Hashing (NDH) [102] incorporates computa-

tion of the projection matrix during the minimization procedure. In general,
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linear dimensionality reduction techniques, such as PCA, are inferior to nonlin-
ear manifold learning methods that are able to more effectively preserve the local
structure of input data without assuming global linearity [101]. However, non-
linear manifold techniques may be intractable for large datasets because of their
high computation costs. To address this problem, Inductive Manifold Hashing
(IMH) [94] [92] learns the nonlinear manifold on a small subset and inductively
inserts the remaining data. Hashing methods focusing on image representations
have been developed recently. For example, Zhang et al. [130] unify feature ex-
traction and hashing function learning. Zhang et al. [129] and Liu et al [70]

develop their methods on multiple representations.

3.3 Methodology

Let us define the used notations. A set of n data points in a D-dimensional
space is represented by {xi,...,X,}, x; € R” which form the rows of the data
matrix X € R"*P. W € RP*? ig obtained by the first d eigenvectors of the data
covariance matrix X'X. Y = XW and y; is the ith row vector of Y. A binary
code corresponding to x; is defined by a row vector b; = {—1,+1}°, where ¢ is
the length of the code and the code matrix B = [blT, o bCT}T.

3.3.1 Global Positioning/Hashing System

A satellite in a GPS (Fig. 3.1 (a)) has the ability to measure the distance between
itself and a signal receiver on the Earth surface. This results in a circle on which
every point has the same distance to this satellite as the receiver. Hence, at least
three satellites are needed to determine the true position which is the unique
intersection of three such circles. More generally, a d-dimensional point can be

determined by its Euclidean distances to d + 1 other points in this space [1].

In our GHS, each satellite only has 1-bit to record the Euclidean distances.

The receivers far from a satellite are denoted as 1 while the nearby ones are
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(a) (b)

Figure 3.1: Illustration of a GPS. A satellite broadcasts its current time to the
receiver (red spot). The distance is calculated by multiplying travel velocity
of electromagnetic waves with the difference of the receivers' current time and
the received satellite time. (a) The distances of a receiver to three satellites
can uniquely determine its location on the Earth surface. (b) Such distributed
satellites fail to uniquely determine the receiver's location.

denoted as -1. Hence, our hashing function can be defined as:

D (e S e (e I
7 7/ n ’ ’
+1, 0y —=sill > £(IY =175,

where [|Al[, computes the Frobenius norm of each row of A and f can be any
proper functions that return a positive real number. Here median() is adopted
to generate a balanced code matrix. s; is the coordinate of the jth satellite and

it forms up the jth row of satellite matrix S.

3.3.2 Data-dependent method (GHS-DD)

Since we are assuming the Fuclidean distance in the feature space correlates with

the Hamming distance in hashing code space, our hashing model can be described

40



as:

arg mini Z e~ lyimyal? (Zl \h(yi —sj) — h(ys — SJ)H> (3.2)

{si} =1 i

Randomly setting s; does not produce satisfactory results. Furthermore, Eq. (4.10)
requires the pairwise distance between each pair of data points, which leads to a
heavy burden in storage and computation. Inspired by I'TQ, we circumvent it by
minimizing the quantization loss.

At first, let us consider the following quantization loss:

. n c BZ +1 2
arg min ZZ (]T — |lyi — SjH) : (3.3)

Bije{-1,1},s; , j=1

Because ||y; — s;|| is always non-negative, we scale and shift B to [0,1]. The
underlying reasonability of Eq. (3.3) is similar to ITQ. To uniquely position a
data point in d-dimensional space, at least d 4 1 satellites are required and the

locations of these satellites should satisfy the following condition [1]:

rank <[ r o D =d, (3.4)

where I' = [sy;...;8441] and 0 = [sy — s1;...;8441 — s1]. Eq. (3.4) is called the
existence and uniqueness condition for GPS solution [1]. Fig. 3.1 (b) shows an
example that a GPS fails to get a unique solution. The condition can be satisfied
by initializing an orthogonal I'.  We create g groups of satellites. Within each
group, there are d 4 1 satellites, d of which are orthogonal to each other. We
define p := ¢/ (d + 1), a parameter discussed in Section 3.3.5. Note that no more
than d mutual orthogonal vectors in a d-dimensional space can be found. Each
group is rotated by an orthogonal matrix Ry to find the best location, which

gives the following model:

n C g
argmin £ =% > 6 (sj) (Bij + 5 — o |lyi — Sij”)Q
B;je{-1,1} i=1j=1k=1 (3 5)
Bj.aj, Ry .

st. 1B=0,R, R,=1,
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where ¢, is an indicator function. d (s;) = 1, if s; € Group k and 0y, (s;) = 0, if
s; ¢ Group k. «; and ; are used to transform the values of D2S into a proper

interval. Eq. (3.5) is minimized by iterative minimization.

3.3.3 Optimization

Initialization. In each group, I' is initialized by the left singular vectors of a
d x d random matrix, so does R;. Another random 1 X d vector is added into

each group.
Update B;;. The jth column of B is calculated by Eq. (3.1).
Update «;. Take the partial derivative with respect to «;, resulting in

> 0k (85) (Bij + 8;) lyi — sjRul|

o = L ““Zln i . (3.6)
3 3 0 (5)) [y — s, Rul
i=1 k=1
Update (;. Similar to «;,
1 e
B =~ 0k (s)) (o ly: — s;Rul| = By). (37)
i=1 k=1

Please note when we deduce Eq. (3.7), >~7_, 0 (s;) = 1 is applied.
Update R;,. We divide this step to two sub-problems. First, s;Ry, is substituted

by s’ to form up the following minimization problem:
At 2
argmlnz Z (Bij + B — Hyz - S;H) ) (3.8)
s} i=1 j=1

which is equivalent to
n (&

arg@inzz (B — ||yi — s;”)2 (3.9)

i=1 j=1
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where Bj; = (Bj; + ;) /a;. If we treat s} as a receiver, y; as the satellites and
Bj; as the D28, the solution of Eq. (3.9) is the standard solution of GPS [6].

After s’s are calculated, Ry, is found by minimizing the following problem:
arg minz 5 (s;) ||s — s;Ru| - (3.10)
Ry —
J=1

We construct the following two matrices for each si: Y = [Y, B’ j} and Z =

diag (YYT>, where B/, represents the jth column of B" and diag(A) returns a

_ T\l
row vector which contains the diagonal elements of A. Let Y = (YTY> Y

Then solve the following quadratic equation about A:

(Y1) (Ya) e ((Y2) (V) -)+ (Y2T) (Y2 o

(3.11)
Eq. (3.11) usually has two solutions A; and As, therefore two possible g can be
found by g -y (ZT + Al), where g = [s;,T] and 7 which is useless in our
model is related to D2S. To automatically choose a suitable s’ from two solutions,
we initialize s; with |[s;|| = r,, where ry is a positive real constant. The s’ whose
norm is closer to r, is chosen for the following steps. r, is also used in our data-
independent satellite distribution algorithm and discussed in Section 3.3.5 along

with parameter p.

Eq. (3.10) can be solved by singular value decomposition (SVD). Given S}, and
Sk which contain s} and s; of Group k, respectively, through SVD, we can get
L, VL] =S, 'S, and R;, = L,L].

Convergence. When |E’“‘1 — EF ’ < ¢ or the maximum iteration is reached, the

algorithm is terminated, where ¢ is a small positive real constant.
Output. S and thresholds, i.e., g (||[Y — 1"*!s;[|) in Eq. (3.1).

Out-of-Sample Hashing. A new query is projected by W and then its distance
to each satellite s; is cut off by ¢ ('Y — 1™*s;] ).
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3.3.4 Data-independent method (GHS-DI)

Another condition for a good code is uncorrelation [23], i.e., BTB = nI. A direct
way to satisfy this condition is distributing the satellites such that only one is close
to each receiver; that is, there is no intersection among all (s;, r;) spheres, where
r; is the minimum radius that includes the nearby data points of s;. However,
in this situation, each receiver only has 1-bit 1. The Hamming distance between
any pair of receivers is 0 or 2, which means the distance between two data points
in the input space is not well preserved. If we strictly satisfy the balance condi-

tion as well as uncorrelation condition in this way, at most 2 satellites can be used.

An alternative way is minimizing the intersections of (s;, r;) sphere and (s;/, ;)
sphere for any j # j'. That is, we set a tolerance for the values of non-diagonal
elements of B'B. They are allowed to be non-zero numbers with small absolute

values.

The intersection of two d-dimensional spheres is too difficult to compute;
therefore, the pairwise distance between each pair of satellites is maximized.
Without constraints, the resulting ||s;|| may be +o0o. A reasonable constraint
is distributing all satellites on the surface of (0,rs) sphere. As there is no prior
knowledge about the data, we assume data points are uniformly distributed in
a (0,r) sphere. By ||s1]| = ... = ||s¢]| = 75, the D2S of each satellite will be

comparable.

Under the abovementioned assumption, minimizing intersections can be achieved

by maximizing the pairwise distance between each pair of satellites:

c—1 c
argmax F =Y > ls;—spl® st [|syl* =12,V (3.12)
(&3 j=1 j'=j+1

Eq. (3.12) can be maximized by the Gradient Projection Algorithm (GPA) [28].
The GPA iteratively updates s; by moving s; along the gradient direction of £
and projects s; to the boundary defined by the constraint (Algorithm 3). The
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gradient of E with respect to s; is

o0F =(c—4)sj— > sy (3.13)

aSj S
J'=j+1

The projection step can be directly implemented by normalizing each s;.
As the orthogonality of B is considered, our GHS-DI method usually produces
the second best results on experiments of longer hash bits. Actually, the way
that GHS-DD satisfies Eq. (3.4) intrinsically incorporates orthogonality. When
rs — 400, the hyper-sphere surface that separates near and far data points
can be treated as a hyper-plane. In this situation, with orthogonal {s;} and
the assumption of uniform distribution of data points, this property is easy to

understand in 2D and 3D cases. More generally, we have the following theorem.

Theorem 1. If (1) data points y; € RY are uniformly distributed in a (0,7)
sphere, (2) sjLs; and (3) ry — +oo, then hjhy = 0(j # j'), where h; and
h; are column vectors whose elements are the binary hashing codes generated by
Eq. (3.1).

Proof. Since the data points are uniformly distributed in a (0, 7) sphere, without
losing generality, let us set s; = 74(1,0,0, ...,O)d and s;; = rs(0,1,0, ...,O)d. In
Eq. (1), if ||y; — sj|| > 75, the ith element of h; will be set to 1, otherwise it will be
set to —1. For any two points y; and y; that satisfy ||y; —s;|| = [|y; — s;l| =7,
we have (y; —s;) (y; — sj)T/rf = 1, when ry — 4o00. That is, cosf@ — 1 which
implies 6 — 0, where ¢ is the angle between two unit vectors along y; —s; and
y; — s;, respectively. Hence, y; and y; locate on a plane P whose distance to s;

is 7s.

Algorithm 2 Data-Independent Satellite Distribution Algorithm

Input: S € R4
1: while F not converged do
2: SEH/Z = si + AtOE/0s]

t+1/2 t+1/2
4: end while
Output: S
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To generate a balanced h;, P should cross the origin and perpendicular to s;.
Since s;Ls;, P is also perpendicular to Q which corresponds to s; . It is evident

that P and Q separate the (0,7) sphere into four parts with equal volume:

([ {yillly: — s;ll > v} 0 {yil llyi — spll > 7}
h, (i) = 1,hy (i) = 1
{yil ly: = sill > e} 0 {yal lys — sl <7}
) hy (i) = 1, hy (i) = 1
il lyi — sl < red 0 {yil lys —spll > 7}
h, (i) = —1,hy (i) = 1
{yil ly: —sill < v} 0 {yal lys — syl <75}
hy (i) = —1,hy (i) = —1

(3.14)

\

Since there are equal number of data points in these four parts, it is easy to verify

In Theorem 1, condition (1) and (3) are impractical and therefore only the
second sufficient condition can be satisfied by setting ¢ = d; however, this con-
travenes and the existence and uniqueness condition for GPS solution. In Sec-
tion 3.3.5, we will show ¢ = d usually cannot generate the best results. Although
our methods cannot exactly fulfill these three conditions, its superiority of con-
sidering orthogonality was proven by its high F-measure in experiments on longer
bits (Section 3.5).

3.3.5 Parameters r; and p

There are two key parameters in our methods - r; and p. r, should not be too
small. Consider an extreme example where ¢ = 0, then bits of points close to
the origin will equal 0 and bits of other points will equal 1. Obviously, such codes
are inefficient.

p should be moderate. If p is too large, the binary codes will gradually lose
their ability to encode the values of projections which are real numbers. When
p becomes small, fewer projections can be used, so data points reconstructed by

these projections cannot approximate the original ones accurately enough.
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Figure 3.2: MAP on CIFAR-10 dataset for GHS-DI and GHS-DD. When r,
approximates 0, both methods fail to get satisfactory results. The performance
of both methods become stable after r; is larger than 1. On the other hand,
GHS-DI gets its best results when p is in the interval [0.5,1], while it is [0.7, 1]
for GHS-DD. For ¢ < 16, the best results appear when p approximates 1 because
enough amounts of principal components should be selected.

The mean average precision (MAP) on CIFAR-10 dataset [56] with varying
rs and p is shown in Fig. 3.2. CIFAR-10 consists of 60K images from the 80
Million Tiny Image dataset [103] and we use a 1024-dimensional GIST descriptor
to represent each image. Their PCA projections are normalized by the largest

Euclidean norm of all projected data. When testing on different ps , at most
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one group containing less than d + 1 satellites may exist. Based on the results
in Fig. 3.2, we empirically set r, as 2 for all experiments and set p as 1 for

experiments whose ¢ < 16 , while 0.5 for others.

We also tested our two methods by setting ¢ = d (Table 3.1). The percentages
shown in Table 3.1 denote the improvement by setting ¢ = d + 1. Referring to
Table 3.1, we observe that for ¢ > 16, both methods perform 1% — 8% better
with ¢ = d + 1, suggesting that the existence and uniqueness condition for GPS
solution is important. For experiment on ¢ < 16, the situation is the opposite,
because the number of PCA projections is too small and its effect dominates
results. However, differences are slight in these cases (less than 1%), so we did

not use parameter setting ¢ = d in experiments of Section 4.

Table 3.1: MAP @ CIFAR-10 for parameter setting c =d + 1 and ¢ = d

8 12 16 24
c=d 0.1890 | 0.2232 | 0.2392 | 0.2761
GHS-DD | c=d+1 | 0.1884 | 0.2214 | 0.2412 | 0.2806
-0.32% | -0.81% | 0.83% | 1.60%
c=d 0.1543 | 0.1838 | 0.2079 | 0.2581
GHS-DI | c=d+1 | 0.1537 | 0.1861 | 0.2098 | 0.2688
-0.39% | 1.24% | 0.91% | 3.98%
32 64 96 128
c=d 0.3053 | 0.3816 | 0.4131 | 0.4352
GHS-DD | c=d+1 | 0.3089 | 0.3972 | 0.4324 | 0.4506
1.17% | 3.93% | 4.46% | 3.54%
c=d 0.2757 | 0.3474 | 0.4018 | 0.4223
GHS-DI | e=d+1 | 0.3008 | 0.3653 | 0.4144 | 0.4410
8.34% | 4.90% | 3.04% | 4.43%

3.4 Relations to Existing Methods

During the past several years, many data-dependent hashing methods have been
proposed. In this section, those related to our proposed methods are briefly

reviewed.
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3.4.1 Iterative Quantization (ITQ)

Gong et al. [125] formulated ITQ as a minimization problem:

argmin | B — XWRJ%.. (3.15)
B.R

Eq. (3.18) is minimized by iteratively updating B and R. R is required to be or-
thogonal, which can be considered as a rotation to W. IsoH [54] is directly derived
from ITQ by finding a projection with equal variances for different dimensions.
HH [119] rotates W; however, unlike ITQ, it uses an auxiliary variable for the
code matrix during iterative optimization and places an orthogonal constraint
on it. Then, the auxiliary variable is thresholded to generate code matrix. ok-
means [84] rotates and scales B to minimize the quantization loss. Our method
rotates S and scales D2S. I'TQ, IsoH and HH use principal components whose
number is exactly equal to the bit length of hashing codes. That is, they cannot
be used to produce hashing code that is longer than the data dimension. Our

methods can produce hashing codes of arbitrary lengths.

3.4.2 Inductive Hashing on Manifolds (IMH)

IMH [94] first generates the Base matrix C by K-means clustering. Each column
of C corresponds to a cluster center. Next, it embeds B into low dimensional
space by manifold learning methods [106] [41]. The embedding methods affect
the performance of IMH. Throughout this chapter, t-SNE [106] is used because it
achieved the best results in the authors’ experiments [94]. Finally, the embedding

for the training data is calculated by
Y = WxsYs, (3.16)
where the element Wij in Wxg is defined as

s — el 122
Wij: eXP( 1% C]H /‘7) (3.17)

;GXP (=i — c;|*/o?)
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where ¢; is the jth column of C. Eq. (3.17) is quite similar to the membership
in fuzzy c-means clustering [7]. The embedding for the training data is a linear
combination of the embedding for C. In our method, each satellite encodes 1-bit
according to the distances from itself to the data points and we do not encode
the satellites.

3.4.3 Spectral Hashing (SH)

Weiss et al. [115] formulated the SH as:

argmin > e‘”xi_x1”2/"2\|bi — b,|?
X xixeX (3.18)
st. Be{-1,1}"", B'B=nl, B'1=0.

Eq. (4.10) is similar to Eq. (3.18). The graph affinity matrix W with W;; =
exp (—|x; — x;|°/ 0?) is intractable for large datasets. SH evaluates the ¢ small-
est eigenvalues for each PCA direction to create a list of ¢D eigenvalues, sorts
this list to find the ¢ smallest eigenvalues and then thresholds the corresponding
eigenfunctions. However, this approach is somewhat heuristic [125]. AGH and
DGH compute D2S to form a highly sparse affinity matrix to minimize the mod-
ified object function of SH. GHS-DD avoids computation and storage of pairwise
distances of all data points by minimizing quantization loss. Our method gener-

ates a balanced code matrix but these methods cannot.

3.4.4 Spherical Hashing (SpH)

The final step of SpH [46] is the same as our method. SpH also generates a
balanced code matrix. However, SpH searches locations of special points in the
entire space, which makes it difficult to find a good solution. The authors claim
that the distances between these points should be neither too large nor too small
and hence an empirical point-finding procedure was devised that has less theo-

retical support. With more concrete theoretical analysis, our proposed methods
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appear to outperform SpH.

F-measure @ SUN397 F-measure @ GISTIM F-measure @ SIFT10M
0. 0.18, 035
===GHS-DI e == GHS-DI ~+=GHS-DI
=e='GHS-DD 0.16} iy, == GHS-DD == GHS-DD
02 : —ITQ N —ITQ —ITQ
=+ IsoH 0.14 \ =+ |soH =+|soH
A -+ HH 0.1 \ AN vk HH
0.15f3¢ SH 2 . sH
——IMH 2 01 \ N : ——IMH

~+=okmeans
| =-=SpH

=+ okmeans

o ~#-okmeans
—SpH £o08

~=—SpH

F-measure

o
F-measure

1
004y
1
1

o
=
/ 4
o
S

0 TIISS 0 0

\ Ay
81216 24 32 64 96 12¢ 81216 24 32 64 96 128 8126 24 32 64 96 128
c c c

Figure 3.3: Mean F-measure of hash lookup with Hamming radius 2 for different
methods on SUN397, GIST1M and SIFT10M.

3.5 Experiments

Our experiments were conducted on three datasets of three different scales: SUN397 [48],
GIST1IM [47] and SIFT10M. SUN397 contains approximately 108K images and
we represent each image by a 512-dimensional GIST descriptor [85]. GIST1M
consists of 1 million 960-dimensional GIST descriptors. SIFT10M is a 10 million
subset of SIFT1B [47] dataset which consists of 1 billion 128-dimensional SIFT
descriptors [77]. The 10 million data points are randomly chosen. 1K images
are randomly selected from the whole SUN397 to form a separate test dataset.
For GIST1M, there is a 1K test dataset available. For SIFT10M, we randomly
selected 1K data points from its 10K test dataset. Groundtruth neighbors for a

given query are defined as samples in the top 2% Euclidean distance.

3.5.1 Protocols and baselines

We evaluate our methods by comparison with seven hashing methods that in-
clude: Iterative Quantization (ITQ) [125], Isotropic Hashing (IsoH) [54], Har-
monious Hashing (HH) [119], Spectral Hashing (SH) [115], Inductive Manifold
Hashing (IMH) [94], Orthogonal K-means (ok-means) [84] and Spherical Hashing
(SpH) [46]. Our data-dependent and data-independent methods are denoted as
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Table 3.2: MAP on SUN397. ¢ denotes the number of hash bits used in hashing
methods.

SUN397
c 8 12 16 24
GHS-DI | 0.1336 | 0.1744 | 0.2194 | 0.2290
GHS-DD | 0.1533 | 0.1945 | 0.2447 | 0.2746
ITQ 0.1508 | 0.1859 | 0.2301 | 0.2619
IsoH 0.1420 | 0.1677 | 0.1881 | 0.1950
HH 0.1478 | 0.1866 | 0.2213 | 0.2554
SH 0.1219 | 0.1369 | 0.1475 | 0.1705
IMH 0.1296 | 0.1357 | 0.1533 | 0.2453
okmeans | 0.1469 | 0.1852 | 0.2136 | 0.2524
SpH 0.0377 | 0.0359 | 0.0364 | 0.0365
SUN397
c 32 64 96 128

GHS-DI | 0.2579 | 0.3167 | 0.3588 | 0.3860
GHS-DD | 0.2998 | 0.3492 | 0.3880 | 0.4096
ITQ 0.2886 | 0.3317 | 0.3592 | 0.3750
IsoH 0.2278 | 0.2578 | 0.2873 | 0.2882
HH 0.2687 | 0.3253 | 0.3543 | 0.3739
SH 0.1758 | 0.1897 | 0.2180 | 0.2206
IMH 0.2689 | 0.2896 | 0.3077 | 0.3990
okmeans | 0.2716 | 0.3248 | 0.3507 | 0.3658
SpH 0.0363 | 0.0599 | 0.0942 | 0.2578

GHS-DD and GHS-DI. We use publicly available codes of the compared meth-
ods and follow parameter settings suggested by corresponding publications. All
data are zero-centered and their PCA projections are normalized by the largest
Euclidean norm of all projected data in our methods. Two types of experi-
ments - Hamming ranking and hash lookup were conducted. The performance of
Hamming ranking is measured by MAP. F1 score denoted as F-measure is used
for evaluating the performance of hash lookup, where the F1 score is defined as

2(precision - recall) /(precision + recall).
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Table 3.3: MAP on GISTIM. ¢ denotes the number of hash bits used in hashing
methods.

GIST1M
c 8 12 16 24
GHS-DI 0.1245 | 0.1552 | 0.1802 | 0.2052
GHS-DD | 0.1358 | 0.1682 | 0.1952 | 0.2211
ITQ 0.1260 | 0.1593 | 0.1851 | 0.2098
IsoH 0.1121 | 0.1310 | 0.1844 | 0.1939
HH 0.1207 | 0.1603 | 0.1780 | 0.2019
SH 0.0871 | 0.0986 | 0.1033 | 0.1208
IMH 0.1248 | 0.1449 | 0.1748 | 0.1849
okmeans 0.1239 | 0.1610 | 0.1778 | 0.2070
SpH 0.0369 | 0.0349 | 0.0348 | 0.0359
GIST1IM
c 32 64 96 128

GHS-DI 0.2191 | 0.2596 | 0.2790 | 0.2885
GHS-DD | 0.2438 | 0.2694 | 0.2854 | 0.2967
ITQ 0.2269 | 0.2577 | 0.2703 | 0.2775
IsoH 0.2288 | 0.2579 | 0.2712 | 0.2854
HH 0.2247 | 0.2597 | 0.2745 | 0.2880
SH 0.1339 | 0.1682 | 0.1781 | 0.1781
IMH 0.1965 | 0.2161 | 0.2385 | 0.2638
okmeans 0.2201 | 0.2565 | 0.2741 | 0.2809
SpH 0.0356 | 0.0637 | 0.0788 | 0.1919

3.5.2 Quantitative evaluation

The mean average precision (MAP) values are given in Table 3.2-3.4. It can
be observed that GHS-DD outperforms all the compared methods. The perfor-
mance of GHS-DI is worse than ITQ, HH and SH except in 128-bit experiments.
Benefitting from the tradeoff between information losses in two steps and a bal-
anced code matrix, GHS-DD exceeds ITQ, IsoH and HH. Due to limitations on
computation, SpH works on a small subset of the whole dataset and its empiri-
cal satellite distribution algorithm is demonstrated to be less efficient than ours.
The F-measure is illustrated in Fig. 3.3. Again, GHS-DD exceeds others. It is
worth noticing that GHS-DI generated the second best MAP and F-measure in
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Table 3.4: MAP on SIFT10M. ¢ denotes the number of hash bits used in hashing
methods.

SIFT10M
c 8 12 16 24
GHS-DI 0.1738 | 0.2193 | 0.2674 | 0.3342
GHS-DD | 0.1864 | 0.2339 | 0.2769 | 0.3535
ITQ 0.1666 | 0.2195 | 0.2655 | 0.3452
IsoH 0.1764 | 0.2224 | 0.2469 | 0.3326
HH 0.1701 | 0.2258 | 0.2516 | 0.3143
SH 0.1704 | 0.2170 | 0.2382 | 0.2708
IMH 0.1833 | 0.1888 | 0.2007 | 0.2254
okmeans 0.1814 | 0.2260 | 0.2699 | 0.3233
SpH 0.0440 | 0.0487 | 0.0400 | 0.0475
SIFT10M
c 32 64 96 128

GHS-DI 0.3837 | 0.5156 | 0.5569 | 0.5797
GHS-DD | 0.4098 | 0.5277 | 0.5692 | 0.5889
ITQ 0.3906 | 0.5025 | 0.5522 | 0.5782
IsoH 0.3766 | 0.4653 | 0.5524 | 0.5695
HH 0.3524 | 0.4494 | 0.5163 | 0.5554
SH 0.2810 | 0.3148 | 0.3039 | 0.3157
IMH 0.2884 | 0.3052 | 0.3358 | 0.3634
okmeans 0.3605 | 0.4401 | 0.4538 | 0.4964
SpH 0.0381 | 0.0615 | 0.1721 | 0.1947

experiments on longer bits (¢ > 96) because GHS-DI considers orthogonality of
the code matrix. The way that GHS-DD satisfies the condition of uniqueness and
existence of GPS solution, i.e., Eq. (3.4) and its data-dependent property make
it work better than GHS-DI.

3.5.3 Computational efficiency

Training and testing time on 32-bit are given in Table 4.2. All experiments were
performed on MATLAB R2013b installed on a PC with 2.85 GHz CPU and 128
GB RAM. The major computation cost of GHS-DI is the calculation of D2S at
the final step, which is linearly related to the product of data dimension and the
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size of the dataset. It takes the least time on GIST1M and SIFT10M. Because
GHS-DD computes D2S in every iteration, its computation cost is moderate.
When testing a new query, GHS-DI and GHS-DD computes D2S and hence their
computation costs are approximate. Although the testing procedure of SpH is
similar to ours, it computes D2S in the original input data space, the dimension
of which is D; therefore, its testing time is longer.

Table 3.5: Training and average testing time in seconds

SUN397 GIST1M SIFT10M
Train Test Train Test Train Test
GHS-DI | 99 | 27x107* | 1304 | 3.5x107* | 166.1 | 1.4 x 10~*
GHS-DD | 243 | 32x107* | 2123 | 3.5 x107* | 1005.1 | 1.4 x 10~*

ITQ 148 | 3.1x107° | 1427 | 45x107° | 322.0 | 1.3 x 10°°
IsoH 96 [32x10°]136.5[6.1x10°| 1856 | 2.0x 10°°®
HH 26.8 | 21 x107° [ 2149 [ 39x 10 [ 1307.1 | 1.3 x 107°
SH 9.7 | 65x107* | 1193 | 9.2x10°* | 2025 | 6.2 x 107*
IMH 974 | 23 x107* | 10244 | 2.8 x 107* | 702.2 | 2.8 x 10~*
okmeans | 14.0 | 2.3 x10™° | 1445 | 5.5 x107° | 301.2 | 1.2 x 10™°
SpH 28.2 | 3.3x107* | 225.8 | 4.4 x10~* | 190.7 | 2.7 x 10~*
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Figure 3.4: Mean F-measure of hash lookup with Hamming radius 2 and MAP
for different methods on CIFAR-10.
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Figure 3.5: The query images and the query results returned by compared meth-
ods with 32 hash bits.
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3.5.4 Incorporating label information

To incorporate label information, a supervised dimensionality reduction method
can be used to capture the semantic structure of the dataset. Among various
supervised dimensionality reduction methods, Canonical Correlation Analysis
(CCA) [44] has been proven to be efficient for extracting a common latent space

from two views [29] and robust to noise [8].

Let z; €{0,1} be a label vector, where [ is the total number of labels. If the
1th image is associated with the corresponding label, z; =1 and z; =0 otherwise.
Z €{0,1}™! is the matrix whose rows are comprised of the label vectors. The
goal of CCA is to maximize the correlation between the projected data matrix
Y and the label matrix Z by finding two projection directions wy and uy. The

correlation is defined as:
WEXTYuk
\/WIXTXWkHIYTYuk (3.19)

stowg X ' Xwy =1, u) Y Yy, = 1.

C (Wk, llk) =

wy can be determined by solving the following generalized eigenvalue problem:

XY (Y'Y +p0) Y Xwy = A2 (XX + pI) wy, (3.20)

where p is a small regularization constant and is set to be 0.0001 here. Just
as in the case of PCA, the leading generalized eigenvectors wy scaled their cor-
responding eigenvalues \, form up the rows of projection matrix W € RPxd
and we obtain the embedded data matrix Y = XW. Finally, both of our data-

independent and data-dependent methods can be used to generate hashing codes.

CIFAR-10 dataset is used in this experiment. The 60K images in CIFAR-10
are labeled as 10 classes with 6,000 samples for each class. Again, each image
is represented by a 1024 dimensional GIST feature. 1,000 samples are randomly
chosen as queries and the remaining samples are used for training. Our proposed
supervised hashing methods are denoted as CCA-GHS-DI and CCA-GHS-DD,
respectively. The baseline methods are Supervised Discrete Hashing (SDH) [93],
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KSH [113], FastHash [67] and CCA-ITQ [125].

The mean F-measure of hash lookup Hamming distance 2 and MAP scores
of the compared methods are given in Fig. 3.4. CCA-GHS-DD achieves the best
F-measures and MAPs for all code lengths, while CCA-GHS-DI is only a little
inferior to SDH for 16-bit code length. In the hash lookup experiments, we
found that setting Hamming distance as 2 is favorable for both of our proposed
methods because two groups of satellites were used for experiments of ¢ > 16.
In Fig. 3.5, 5 queries with their corresponding results retrieved by compared
methods using 32-bit hashing code are illustrated to qualitatively evaluate the
performance. It can be observed that both CCA-GHS-DI and CCA-GHS-DD

outperform the compared methods. Quantization loss is shown in Fig. 3.6. It
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Figure 3.6: Quantization loss of each iteration on CIFAR-10. (a) CCA-GHS-DD;
(b) CCA-GHS-DI.

can be observed that CCA-GHS-DD converges much faster than CCA-GHS-DI

because it incorporates the data information for distributing satellites.

3.5.5 Classification with hashing codes

In this subsection, the MNIST dateset is used for evaluating the performance of
the learned hashing codes by compared methods. The MNIST dataset consists of

70, 000 images, each of which is 784-dimensional. These images are handwritten
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Figure 3.7: Classification accuracy (%) on MNIST.

digits from ‘0’ to ‘9”. BRE, CCA-ITA, KSH, FastHash and SDH are used as
baselines.

The ideal hashing codes are expected to preserve the intra-class distances
of original features by Hamming distances. For binary vectors, the Hamming
distances are equal to the square of the Euclidean distances; therefore, the ideal
hashing codes should be linearly separable. Linear support vector machine (SVM)
is applied to the hashing codes. The LIBLINEAR [25] solver is used to train the
SVM. The classification results are given in Fig. 3.7. From Fig. 3.7, it can be
observed that CCA-GHS-DD gets the highest classification accuracy over all hash
bit length, while CCA-GHS-DI is the second best when ¢ > 16 but trails SDH in

experiments on 16-bit hashing codes.

3.5.6 Performance on facial images

Additional to FERET, FRGC, CMU-PIE and extended Yale B datasets used in
Chapter 2, YouTube Faces [116] dataset is used to evaluate the retrieval perfor-
mance of our method on facial images. YouTube Faces dataset contains 1,595

different people. Following [72], we choose 340 people such that each has at least
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500 images to form a subset of 370,319 face images. Each image is represented
by a 1,770 dimensional LBP feature vector [2]. The groundtruth neighbors for a
query are those belonging to the same identity as the query.

The results can be found in Appendix A. Part of the results on YouTube Faces
dataset is reported in Table 5.1 and Table 5.2. It can be seen that our GHS-DD

method surpasses all compared methods.

Table 3.6: MAP results on YouTube Faces dataset

YouTube Faces
c 8 12 16 20 24

GHS-DI 0.1828 | 0.2303 | 0.2808 | 0.3158 | 0.3521
GHS-DD | 0.1960 | 0.2453 | 0.2912 | 0.3305 | 0.3709
ITQ 0.1749 | 0.2307 | 0.2791 | 0.3202 | 0.3621
IsoH 0.1860 | 0.2335 | 0.2589 | 0.3044 | 0.3488
HH 0.1788 | 0.2379 | 0.2635 | 0.2977 | 0.3296
SH 0.1791 | 0.2275 | 0.2498 | 0.2674 | 0.2843
IMH 0.1925 | 0.1983 | 0.2111 | 0.2241 | 0.2368
okmeans | 0.1908 | 0.2367 | 0.2834 | 0.3112 | 0.3395
SpH 0.0459 | 0.0518 | 0.0419 | 0.0461 | 0.0494

Table 3.7: F-measure results on YouTube Faces dataset

YouTube Faces
c 8 12 16 20 24

GHS-DI 0.1786 | 0.2275 | 0.2383 | 0.2269 | 0.2155
GHS-DD | 0.1843 | 0.2296 | 0.2426 | 0.2362 | 0.2298
ITQ 0.1654 | 0.1987 | 0.2159 | 0.1703 | 0.1247
IsoH 0.1648 | 0.1905 | 0.2210 | 0.1917 | 0.1624
HH 0.1615 | 0.1872 | 0.2136 | 0.1151 | 0.0166
SH 0.0817 | 0.1246 | 0.1498 | 0.1581 | 0.1663
IMH 0.1611 | 0.1698 | 0.1754 | 0.1710 | 0.1667
okmeans 0.1697 | 0.2136 | 0.2421 | 0.1475 | 0.0529
SpH 0.0799 | 0.1179 | 0.1357 | 0.1311 | 0.1265
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3.6 Conclusion

We propose a novel hashing method based on the tradeoff between information
losses in dimension reduction and binary embedding. To circumvent computa-
tion of pairwise distances between each pair of data points, we minimize the
new formulation of quantization loss which is based on the Global Positioning
System (GPS). Data-dependent and data-independent methods are proposed to
distribute satellites. According to the experimental results on three scales of
datasets, the data-dependent method (GHS-DD) was superior to other methods,
and the data-independent method (GHS-DI) produced promising results in less
training time. GHS-DD required a moderate length of time to train, and demand
on RAM was limited by computation of the covariance matrix in PCA. By incor-
porating Canonical Correlation Analysis (CCA), the proposed methods can be
used for supervised hashing. The performance of CCA-GHS-DI and CCA-GHS-
DD are superior. Finally, the retained hashing codes are used for a classification
problem to demonstrate the outstanding performance of the proposed methods.
Future work will focus on improving computational efficiency and investigating
methods to train the model using a few samples from the whole dataset to handle
larger datasets, such as SIFT1B and Tiny 80M.
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Chapter 4

Learning decorrelated hashing

codes for multi-modal Retrieval

In Chapter 3, the labels of facial images are not incorporated in training stage. If
labels are treated as another view or modality of the facial images, a multi-modal
retrieval method can be used. With label information, a multi-modal retrieval
method can achieve higher performance.

Multi-modal hashing embeds heterogeneous data to binary codes, which boosts
the nearest-neighbor-search efficiency across multiple modalities. Most existing
methods ignore the correlation of the code matrix and hence their performances
on long code experiment are incrementally improved or even worse. In this pa-
per, we model multi-modal hashing as a quantization error minimization problem.
Then, the so-called minimum correlation regularization is introduced to decorre-
late the code matrix in order to improve the retrieval performance on long codes.

Experiments validate the effectiveness of the proposed method.

4.1 Introduction

In social networks, heterogeneous multimedia data correlate to each other, such
as videos and their corresponding tags in YouTube and image-text pairs in Face-
book. Nearest neighbor retrieval across multiple modalities on large data sets

becomes a hot yet challenging problem. Hashing is expected to be an efficient
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solution, since it represents data as binary codes. As the bit-wise XOR operations
can be fast handled, the retrieval time is greatly reduced.

Existing multi-modal hashing methods can be classified into supervised and
unsupervised ones according to whether the label information is used. Unsuper-
vised multi-modal hashing aims at preserving the Euclidean distances between
each pair of data. Inter-media hashing (IMH) seeks a common Hamming space
in which binary codes preserve inter-media consistency and intra-media consis-
tency [97]. To avoid the large-scale graph which needs to compute and store the
pairwise distances, linear cross-modal hashing (LCMH) [133] computes distances
between each training data point and a small number of cluster centers. Collec-
tive matrix factorization hashing (CMFH) [22] uses collective matrix factorization
on each modality to learn a unified hashing codes.

By incorporating label information, supervised hashing can preserve seman-
tic information and achieve higher accuracy. Cross-modality similarity-sensitive
hashing (CMSSH) [11] treats hashing as a binary classification problem. Cross-
view hashing (CVH) [59] assumes the hashing codes be a linear embedding of
the original data points. It substitutes the code matrix by this embedding. The
objective function is a weighted summation of that of spectral hashing (SH) [115]
on each modality. Multilatent binary embedding (MLBE) [132] treats hashing
codes as the binary latent factors in the proposed probabilistic model and maps
data points from multiple modalities to a common Hamming space. Semantics-
preserving hashing (SePH) [68] learns the hashing codes by minimizing the KIL-
divergence of the probability distribution in Hamming space from that in semantic
space. CMSSH, MLBE and SePH need to compute the affinities of all data points,
which makes it intractable for large data set. Semantic correlation maximization
(SCM) [126] circumvents this by learning only one bit each time and the explicit
computation of affinity matrix is avoided through several mathematical manip-
ulations. Multi-modal discriminative binary embedding (MDBE) models [108]
hashing as a minimization problem. There are two main terms in its formulation.
One term indicates different modalities and the labels can be embedded to the
same latent space, while the other one indicates the embedded modalities can be
further embedded as the labels. [2-norm is used to regularize the linear embed-

ding matrix. SCM and MDBE discard the uncorrelation property of the code
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matrix or embedding matrix, which makes their performance improve slowly as
code length increases.

In this paper, we propose a new hashing method named Decorrelated Multi-
modal Hashing (DMH). First, a sigmoid function is applied on the linear transfor-
mations of original data points to map different modalities into a common code
matrix. Then, we devise a minimum correlation regularization to improve the
retrieval performance of long code length experiments. The rest of this paper is
organized as follows. In Section 4.2, we, step by step, derive our model from a
widely used uni-modal hashing method, Iterative Quantization (ITQ) [125]. The
discussions on parameter settings and optimization algorithms are also given in
Section 4.2. Experimental results are reported in Section 4.3. We conclude this

paper in Section 4.4

4.2 Methodology

Terms “view” and “modality” are discriminated in some literatures [108]. Multi-
ple views of data refers different type of features of one modality, e.g. SIFT [77]
and GIST [85] features for images. However, we use these two words interchange-
ably since our method can be used in any situations as long as the data are
represented by real matrices.

First, Let us define the used notations. Suppose that X’ is the i-th view ma-
trix of the data and X' = [x},... ,xﬁl]T, where x! € R%_ n is the number of data
points and 7 = 1,...,¢. A binary code corresponding to the m-th data is defined
by a row vector b,, = {0,1}¢, where ¢ is the code length and the code matrix
B=[b/,... ,bﬂT. h' (X"), the hashing function for the i-th view matrix, em-

beds X' into a binary code matrix.
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4.2.1 Problem Formulation

Iterative Quantization (ITQ) [125] is a successful hashing method for single view
data. The formulation of I'TQ is

argmin £ = |B - XWRJ|%, (4.1)
B.R
where X € R4 is the data matrix, W € R%*¢ is obtained by principal component
analysis (PCA) and R € R®*¢ is an orthogonal matrix. An intuitive multi-view
extension of ITQ can be

(4.2)

2
jal)

B,Ri

argmin £/ = Z o ||B — X’WZRl‘

where «; is a positive real constant. As the maximum number of principal com-
ponents pre-computed by PCA on the ith view matrix is d;, Eq. (4.2) cannot
be used when ¢ > d;. We remove R’ from Eq. (4.2). Then, we simultaneously
calculate W! € R%*¢ and B during the optimization process. This method can
be modeled as

argm_inE:Zai”B—XiWiHQF. (4.3)

B,Wi ;

Because B is a binary matrix, h*(X‘W?) = 1/(1 + exp(—(5; * X'W' 4 1v"))) is
applied to transform the values of 3; * XW' + 1v* into interval (0,1), where 1
is a n-dimensional column vector whose elements are equal to 1. ; is a constant

and v’ is a bias vector. Hence, Eq. (4.3) can be modified as following.

1 2

B — — -
1+ exp (—(B;XIWi 4 1vi))

(4.4)

F

The orthogonality condition for good codes [115] is approximated by orthogonal
W in ITQ. However, when ¢ > d;, an orthogonal W* does not exist. In this
case, we use minimum correlation regularization to approximate the orthogonal
condition. If Wi' Wi = I where I is the identity matrix, W is an orthogonal
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matrix. Thus, we define the minimum correlation regularization (MCR) as:
MCR = HW"TWZ‘ - IH (4.5)
F

It is inessential to name Eq. (4.5) as “minimum correlation regularization” or
“maximum uncorrelation regularization”. Since Eq. (4.5) will be added into our
hashing model which is formulated as a minimization problem, we use the former
one to keep literal consistency. Unlike the orthogonal units proposed in [110]
in which the square of Eq. (4.5) is used, Eq. (4.5) can results in a more sparse
Wi'wWi — 1. First, let us discuss some interesting properties of MCR. These
properties are useful for understanding our method.

Proposition 1. When ¢ < d;, the W’ that minimizes Eq. (4.5) is an orthogonal
matrix.

It is easy to prove Proposition 1 by the definition of orthogonal matrix.

Proposition 2. Let the W' that minimizes Eq. (4.5) consists of column vectors
W; where p =1,...,c. The angle between any pair of column vectors is equal to

cach other.

Proof. Let V.= Wi Wi and let V,q be the element in the pth row and gth
column of V. V,, is the inner product of w; and sz. When ||W;||2F = 1, the
diagonal elements of MCR will be 0 and the angle between W; and wfl will be

arccos(w]iwal). Eq. (4.5) can be written as:

MCR = ZW;TW;, p#q (4.6)

p.q

According to the inequality of arithmetic and geometric means, it can be deduced
that

WiTWi 2
R — T .
=zl Tvww (47)
ct—cC
p,q

The equality holds if and only if all W;Twé are equal. That is, the angle between

any pair of column vectors is equal when W* minimizes Eq. (4.5). O

Proposition 3. If W’ minimizes Eq. (4.5), the affine transformation of W7,

i.e. W'R also minimizes Eq. (4.5) where R is an orthogonal matrix.
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Proof. As R is orthogonal, we have
i T\AT T i T \AT
[ww 1] = o7 (ww 1) R, (43)
Eq. (4.8) can be rewritten as
HW”WZ‘ - IHF - HRTW”WZ'R - IHF (4.9)

Here, R'TR = [ is used in the deduction. Hence, WR also minimizes Eq. (4.5).
O

In Fig. 4.1, we illustrate Proposition 2 and Proposition 3 in 2-dimensional
case. Following the flowchart of ITQ, one can find ¢ d-dimensional vectors dis-
tributed like those in Fig. 4.1 and then transform them by R to minimize Eq. (4.2).
However, the complexity of theoretically finding such vectors increases dramati-
cally in high dimensional spaces. Hence, we leave it to an optimization algorithm.
That is, we add MCR to Eq. (4.4), which leads to the following model.

1 p_—
argmin F = o; | ||1B — |+ W W’—IH , 4.10
s =T (o= g - ) o
where ; is a positive real constant, and
A’ =exp (—(BX'W' +1v")) . (4.11)

4.2.2 Optimization

Eq. (4.10) is minimized by iterative minimization. Take the partial derivative
with respect to B, resulting in

0E Q;
g ~ 220822 T X Wi v) (4.12)

i
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Figure 4.1: Illustration of Proposition 2 and Proposition 3. If Wi ¢ R?*3,
its column vectors will align with the centerlines of an equilateral triangle. If
Wi € R4, its column vectors will align with the diagonals of a square. The
affine transformation will change the relative positions among vectors but the
overall structure is kept. For example, in the equilateral triangle, point B is
transformed to the clockwise direction of point A.

Setting Eq. (4.12) as 0, we can derive that

1 ;
B = oo : 4.13
> ZZ: 1+ exp (—(BX'W' + 1vi)) (4.13)
B is rounded in each iteration to ensure B € {0, 1}"*¢.
Take the partial derivative with respect to v¢, resulting in
oFE 2 1 - 1
- = - —B Ao —— 4.14
ov? n (1—|—Az )o( O(1+A’)2) (4.14)
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In Eq. (4.14), “o” means element-wise multiplication. The division and square

are also element-wise. The partial derivative with respect to W' is

OF T 1 i 1
gwi — 2 (1+Ai —B) ° (A m)

QW (W"TWi _ I)

+ (4.15)

werwe -1

The prototype of the proposed training method is shown in Algorithm 3. In
Subsection 4.2.3, the parameter settings and details for efficient implementation

are discussed.

Algorithm 3 The Prototype of the Proposed Training Method

Input: oy, 8, At, X!
1: while F not converged do
2: Update B using Eq. (4.12).
33 Vi vi—At-OE/OV
4: Wi« W' — At-0E/OW*
5: end while

Output: B, Wi v

4.2.3 Implementation details

a; is used to balance the value of the quantization loss of each view. Hence, it

should be set according to d;. A reasonable setting is

! ! (4.16)
Nty = SN ) .
TV, Vg
We first set a; = 1/4/d; and then divide ;s by the minimum, i.e.,
1/vd;
[V (4.17)

" min [1/\/d_1,...,1/\/d_g].

[, is used to re-scale the view matrix. We empirically found that the proposed

method achieves the best performance when the values of the re-scaled view ma-
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trix are in the interval [0,255]. For instance, in the NUS-WIDE dataset [14],
images are represented by 500-dimensional bag-of-visual-words SIFT feature vec-
tors whose values are in [0, 255], texts are represented by 1000-dimensional index
vectors whose values are 0 or 1 and labels are 10-dimensional index vectors.
Hence, we set § as 1, 255 and 255 for image view matrix, text view matrix and
label view matrix, respectively. To improve computation efficiency, f; is multi-
plied with X; before the iteration starts.

We set the maximum iteration times as K. At linearly decreases from kg to
k. by K iterations, i.e., in the k-th iteration, At = kg — (ks — ke)k/K.

For large dataset, the first term in Eq. (4.10) is too large, which makes 7; and
At difficult to be determined. We divide this term by its Frobenius norm so that
we can fix v; and At settings for all our experiments.

By considering all the above analysis, we modify the proposed method as
following. With Y* = 3,X’, Eq. (4.12) and Eq. (4.15) can be rewritten as:

or Q;
— =2 B — 2 S . 4.1
0B ZI: “ ZZ: 1+ exp (—(Y'W' + 1v?)) (4.18)
E C %W’ W' W' -1
oW |l HWiTWi — IH
where ) .
C=Y' - — B Ao —n—— 4.20
(1+A2 )( °<1+AZ>2) (4:20)

and A" = exp (—(Y*W' + 1v")). The efficient version of the proposed method is
given in Algorithm 4

4.3 Experimental Results

In this section, we evaluate the retrieval performance and computational effi-
ciency of the proposed method. First, we introduce the data sets, evaluation
metrics and comparison methods. Then, two types of experiments - Hamming
ranking and hash lookup were conducted. Finally, we analyze the convergence

and computational efficiency.
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Algorithm 4 The Proposed Training Method

Input: oy, 5;, At, X0k, kg, ke, K
1: while F not converged and k¥ < K do
2: At = ks — (ks — ke)k/ K
3: Update B using Eq. (4.18).
4: Vi vI—At-9OE/OV
5: Wi« W' — At-OE/OW*
6
7

: k< k+1
end while
Output: B, Wi v

4.3.1 Data sets

MIRFlickr [45] contains 25,000 entries each of which consists of 1 image, several
textual tags and labels. Following literature [68], we only keep those textural tags
appearing at least 20 times and remove entries which have no label. Hence, 20,015
entries are left. For each entry, the image is represented by a 512-dimensional
GIST [85] descriptors and the text is represented by a 500-dimensional feature
vector derived from PCA on index vectors of the textural tags. 5% entries are
randomly selected for testing and the remaining entries are used as training set.
Ground-truth semantic neighbors for a test entry, i.e, a query, are defined as those
sharing at least one label.

NUS-WIDE [14] is comprised of 269,648 images and over 5,000 textural tags
collected from Flickr. Ground-truth of 81 concepts is provided for the entire data
set. Following literatures [22] [68] [126], we select 10 most common concepts
for labels and thus 186,577 entries are left. For each entry, the image is repre-
sented as a 500-dimensional bag-of-visual-words SIFT feature vector and text is
represented as an index vector of the most frequent 1,000 tags. 1% entries are
randomly selected for testing and the remaining are used for training. Ground-

truth semantic neighbors for a test entry are defined as those sharing at least one

label.
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4.3.2 Evaluation Metrics

Hamming ranking and hash lookup are two widely used experiments for evaluating
retrieval performance. In Hamming ranking experiment, all data points in the
training set are ranked depending on their Hamming distances to a given query.

The average precision (AP) is defined as

AP =+ > P(r)i(r) (4.21)

where N is the number of relevant instances in the retrieved set, P(r) is the
precision of the top r retrieved instances, and d(r) = 1 if the r-th retrieved
instance is a true neighbor of the query, and otherwise 6(r) = 0. Mean average
precision (MAP) is the mean of APs of all the queries. For the ideal case that
all retrieved instance are true neighbors of the queries, MAP is equal to 1, while
MAP is equal to 0 for the worst case that all retrieved instance are not the true
neighbors. Hence, the closer it is to 1, the better the performance.

In hash lookup experiment, the retrieved instances are those whose Hamming
distances to a given query are not larger than 2. The performance are evaluated

by F1l-score which is defined as

7l 9 prec‘zs.zon - recall (4.22)
precision + recall

The Fl-scores are averaged for all queries. Similar to MAP, F'1 also varies in [0, 1]

and the closer it is to 1, the better the performance.

4.3.3 Baselines

The proposed method is compared with five state-of-the-art multimodal hashing
methods CMSSH [11], CVH [59], MDBE [108], SCM [126] and SePH [68].
CMSSH and SePH requires too much computational cost. Following litera-
tures [68] [126], 10,000 entries are randomly selected for training hashing functions
and then we apply these functions to generate hashing codes. We use the codes
provided by the authors except for MDBE. We re-implement MDBE and set pa-
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rameters following the authors’ suggestions. For our method, we use the following
parameter settings, ks = 0.003, k. = 0.0015, K = 400 and ~; = 0.001. «; and 3;
are set as discussed in Subsection 4.2.3.

Table 4.1: MAP results on MIRFlickr and NUS-WIDE data sets.

MIRFlickr
16 bits 32 bits 64 bits 96 bits 128 bits
CMSSH | 0.5966  0.5674 0.5581 0.5692  0.5701
CVH 0.6591  0.6145 0.6133 0.6091  0.6052
SCM 0.6251 0.6361 0.6417 0.6446  0.6480

Task Method

Image-Text | g brr | 06505  0.6447  0.6453  0.6497  0.6612
MDBE | 0.6784 0.7050 0.7083 0.7148  0.7156
DMH | 0.7012 0.7057 0.7398 0.7424 0.7501
CMSSH | 0.6613 0.6510 0.6756 0.6643  0.6471
CVH | 0.6495 0.6213 0.6179 0.6050  0.5948
SCM | 0.6194 0.6302 0.6377 0.6377  0.6417
Text-Image

SePH | 0.6745 0.6824 0.6917 0.7059  0.7110
MDBE | 0.7521  0.7793 0.7894 0.7903  0.7919
DMH | 0.7629 0.7817 0.7962 0.8301 0.8470
NUS-WIDE
16 bits 32 bits 64 bits 96 bits 128 bits
CMSSH | 0.4124 0.3533  0.3540 0.3578  0.3600
CVH 0.4733  0.3505 0.2900 0.2812  0.2950
SCM 0.5245 0.5394 0.5332 0.5376  0.5400
SePH | 0.5573  0.5481 0.5589  0.5572  0.5569
MDBE | 0.6281  0.6409 0.6617 0.6598  0.6644
DMH | 0.6317 0.6506 0.6591 0.6740 0.6837
CMSSH | 0.4152  0.3515 0.3510 0.3555  0.3556
CVH 0.4794 04195 0.3901 0.3552  0.3501
SCM 0.5127 0.5214  0.5255 0.5302  0.5380
SePH | 0.7185 0.7258 0.7390 0.7455  0.7491
MDBE | 0.7623 0.7737  0.7953  0.7973  0.7987
DMH | 0.7653 0.7827 0.8150 0.8192 0.8246

Task Method

Image-Text

Text-Image
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Figure 4.2: Fl-score on MIRFlickr and NUS-WIDE data sets

4.3.4 Results

MAP results are shown in Table 4.1. In Table 4.1, “Image-Text” means using
images to query texts, while “Text-Image” means using texts to query images.
From Table 4.1, it can be observed that our method outperforms all compared
methods. As the bit length increases, the performance of our method increases
faster than baselines, which demonstrates the effectiveness of the proposed min-
imum correlation regularization. For example, in the “Image-Text” experiment
on MIRFlickr, the performance improvement ranges from 3% to 5% as the bit
length varies from 16 to 128, compared to the best baseline, i.e., MDBE.
Fl-score results are shown in Figure 4.2. Similar to the MAP results, our

method surpasses all baselines by a huge performance improvement, especially
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on MIRFlickr. On MIRFlickr, the performance improvement ranges from 30%
to 3,000%, compared to the best baseline. On NUS-WIDE, it is 5% to 200%. A
reasonable explanation is that our method can precisely preserve the inter-class
structure and therefore the lookup performance is significantly improved. Be-
cause the ranking performance depends on the preservation of the structure of
the whole data set regardless of inter-class or intra-class structure, it is not as
significant as that of the lookup experiment. The size of MIRFlickr is only about
1/10 of NUS-WIDE, so the simple non-linearity introduced in our method works
much better on MIRFlickr. To achieve comparable performance improvement on
NUS-WIDE data set, more sophisticated non-linear models are expected.

In both experiments, MDBE achieves the best performance among all the
baselines. Actually, the main part of MDBE,

|LU = XW,[% + [LU - YW, |2, (4.23)

is equivalent to Eq. (4.3) which is an intuitive multi-modal extension of ITQ,
where L is the label matrix, X is the image view matrix and Y is the text
view matrix. W,, W, and U are variables. If we treat the label matrix as
another view of the data and introduce an auxiliary variable B, it is easy to figure
out that Eq. (4.23) and Eq. (4.3) are equivalent. By introducing non-linearity
and minimum correlation regularization, our method performs much better than

MDBE.

Convergence Curves on MIRFlickr Convergence Curves on NUS-WIDE
3000 9 15000 L
—— 16 bits —— 16 bits
—— 32 bits —— 32 bits
2500 64 bits 64 bits
- —— 96 bits 2 —— 96 bits
= ~——128 bits = ~——— 128 bits
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c c
8 8
Y1500 g
=1 3
[F8y L5
21000 : 3 5000 =
L el e,
o o ;
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Figure 4.3: Convergence curves on MIRFlickr and NUS-WIDE data sets
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4.3.5 Convergence Study

The objective function of our method is minimized by Algorithm 4. In Al-
gorithm 4, we empirically amend the derivative of £ with respect to W* for
easy parameter tuning. The convergence property is experimentally studied in
this subsection. Fig. 4.3 shows the convergence curves. It can be seen that the
objective function value decreases fast in the first 100 iterations and then slides
relatively slowly. The convergence curves of experiments on MIRFlickr is smooth,
while those of experiments on NUS-WIDE jitters because of more sophisticated

data structure and therefore more saddle points across which the algorithm jumps.

4.3.6 Computation Efficiency

Training and testing time on 32-bit are given in Table 4.2. The training time is
the mean time of 10 runs. The testing time is the average time cost for one query.
All experiments were performed on MATLAB R2015b installed on a GNU /Linux
Server with 2.30 GHz 16-core CPU and 768 GB RAM. From Table 4.2, it can be
seen that the training time of our method is moderate among all methods. Its
testing time is close to that of MDBE, because the encoding procedure for a new

query of these two methods are similar.

Table 4.2: Training and Testing Time on MIRFlickr and NUS-WIDE data sets
in seconds. The testing time is multiplied with 10°

MIRFlickr NUS-WIDE
Method | Training | Testing | Training | Testing
CMSSH 69.7 1.016 705.2 1.270
CVH 0.9 0.910 3.6 1.087
SCM 1.3 0.308 12.5 1.270
SePH 4711.2 4.244 5082.3 5.550
MDBE 25.0 0.431 241.8 0.572
DMH 29.8 0.432 398.0 0.572
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4.3.7 Performance on Facial Images

Additional to FERET, FRGC, CMU-PIE and extended Yale B datasets used in
Chapter 2, YouTube Faces [116] dataset is used to evaluate the retrieval perfor-
mance of our method on facial images. YouTube Faces dataset contains 1,595
different people. Following [72], we choose 340 people such that each has at least
500 images to form a subset of 370,319 face images. Each image is represented
by a 1,770 dimensional LBP feature vector [2]. The groundtruth neighbors for a
query are those belonging to the same identity as the query.

The results can be found in Appendix A. Part of the results on YouTube Faces
dataset is reported in Table 5.1 and Table 5.2. It can be seen that our GHS-DD

method surpasses all compared methods.

Table 4.3: MAP results on YouTube Faces dataset

YouTube Faces

& 8 12 16 20 24
DMH 0.2035 | 0.2529 | 0.3027 | 0.3386 | 0.3712
MDBE 0.1954 | 0.2396 | 0.2909 | 0.3257 | 0.3603

CCA-GHS-DI | 0.1852 | 0.2308 | 0.2831 | 0.3137 | 0.3496
CCA-GHS-DD | 0.1960 | 0.2457 | 0.2919 | 0.3319 | 0.3698
SePH 0.1779 | 0.2302 | 0.2816 | 0.3192 | 0.3625
CMSSH 0.1862 | 0.2327 | 0.2614 | 0.3038 | 0.3466
CCA-ITQ 0.1798 | 0.2360 | 0.2633 | 0.2992 | 0.3298
SCM 0.1798 | 0.2259 | 0.2497 | 0.2688 | 0.2818
CVH 0.1916 | 0.1975 | 0.2128 | 0.2232 | 0.2362

4.4 Conclusion

This paper proposes an effective multi-modal hashing method which is modeled
as a quantization error problem and the minimum correlation regularization is
devised to improve the retrieval performance on long codes. Experiments on
MIRFlickr and NUS-WIDE data sets show that the proposed method surpasses
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Table 4.4: F-measure results on YouTube Faces dataset

YouTube Faces

c 8 12 16 20 24
DMH 0.3406 | 0.5245 | 0.6703 | 0.7264 | 0.7825
MDBE 0.2056 | 0.2545 | 0.2653 | 0.2539 | 0.2425

CCA-GHS-DI | 0.1786 | 0.2275 | 0.2383 | 0.2269 | 0.2155
CCA-GHS-DD | 0.1843 | 0.2296 | 0.2426 | 0.2362 | 0.2298

SePH 0.1654 | 0.1987 | 0.2159 | 0.1703 | 0.1247
CMSSH 0.1648 | 0.1905 | 0.2210 | 0.1917 | 0.1624
CCA-ITQ 0.1615 | 0.1872 | 0.2136 | 0.1151 | 0.0166
SCM 0.0817 | 0.1246 | 0.1498 | 0.1581 | 0.1663
CVH 0.1611 | 0.1698 | 0.1754 | 0.1710 | 0.1667

the compared methods distinctively. Future works include testing more nonlinear
embedding functions and refining optimization procedure for high computational
efficiency.

Nonlinearity acts as a key role in the proposed method. In the following chap-
ter, we will introduce deep neural network into multi-modal retrieval methods.
Theoretically, a deep neural network can approximate any non-linear structures.
Hence, the proposed deep neural network is expected to boost the retrieval accu-

racy.
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Chapter 5

A Hybrid Neural Network for
Multimodal Hashing

In Chapter 4, we found the nonlinearity could handle more sophisticated data
structure. Deep neural network (DNN) is expected to be an efficient way for
multi-modal hashing. In this chapter, we propose a hybrid neural network which
consists of a convolutional neural network (CNN) for images and a full-connected

neural network (FNN) for tags or labels.

5.1 Introduction

Deep neural networks have achieved outstanding success in machine learning [20]
[51] [30] [124] and computer vision [78] [38] [19] [63] [75]. Recently, multi-modal
deep learning becomes a hot topic [82] [99] [98]. However, few works focus
on multi-modal hashing. To our best knowledge, there are two representative
works [52] [109] in this area. However, these two works use the same type of
neural network for each modality. In this chapter, we propose a hybrid neural
network for multi-modal hashing. We choose the networks according to their

performances on different types of data, such as CNN for images.
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Figure 5.1: The network structure for double-view data

5.2 Methodology

The proposed network for two modalities is shown in Fig. 5.1. In the quantization
layer, the quantization error is back-propagated to train the network. The output
is used as the hashing codes. The loss function can be written as:

argmin [|B — N*(X%6")|| (5.1)

B.6;

where B is the hashing code matrix, X" is the ith view of the data and N'(-;6;)
is the ith neural network with parameter '
To incorporate orthogonality, we apply the minimum correlation regularization
to the output layer. Hence, the overall loss function can be written as:

argmin [|B — N¥(X';60,)| + |[Wi W, — I (5.2)

B.0;

where W' is the parameter of the output layer of the ith neural network.
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5.3 Experimental Results

We evaluate our methods on the five facial datasets, i.e. CMU-PIE, Extended
Yale B, FERET, FRGC and YouTube Faces. All results can be found in Ap-
pendix C. Part of MAP and F-measure results on YouTube dataset is given in
Table 5.1 and Table 5.2. The CNN used for images is a three-convolutional-layer
(2¢,¢,¢) network following a full-connected network. As the label is an index vec-
tor which is a simple structure, we use a full-connected network with one hidden

layer with ¢ neurons, where c is the code length.

Table 5.1: MAP results on YouTube Faces dataset

YouTube Faces

c 8 12 16 20 24
HDNN 0.2972 | 0.3630 | 0.4334 | 0.4783 | 0.5246
DMH 0.2713 | 0.3369 | 0.4048 | 0.4483 | 0.4960
MDBE 0.2554 | 0.3191 | 0.3902 | 0.4340 | 0.4820

CCA-GHS-DI | 0.2439 | 0.3029 | 0.3736 | 0.4224 | 0.4663
CCA-GHS-DD | 0.2623 | 0.3273 | 0.3878 | 0.4414 | 0.4961
SePH 0.2325 | 0.3090 | 0.3734 | 0.4266 | 0.4841
CMSSH 0.2472 | 0.3073 | 0.3439 | 0.4091 | 0.4634
CCA-ITQ 0.2396 | 0.3174 | 0.3532 | 0.3951 | 0.4399
SCM 0.2397 | 0.3059 | 0.3343 | 0.3552 | 0.3811
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Table 5.2: F-measure results on YouTube Faces dataset

YouTube Faces

c 8 12 16 20 24
HDNN 0.3541 | 0.5393 | 0.6836 | 0.7397 | 0.7958
DMH 0.3406 | 0.5245 | 0.6703 | 0.7264 | 0.7825
MDBE 0.2056 | 0.2545 | 0.2653 | 0.2539 | 0.2425

CCA-GHS-DI | 0.1786 | 0.2275 | 0.2383 | 0.2269 | 0.2155

CCA-GHS-DD | 0.1843 | 0.2296 | 0.2426 | 0.2362 | 0.2298

SePH 0.1654 | 0.1987 | 0.2159 | 0.1703 | 0.1247
CMSSH 0.1648 | 0.1905 | 0.2210 | 0.1917 | 0.1624
CCA-ITQ 0.1615 | 0.1872 | 0.2136 | 0.1151 | 0.0166
SCM 0.0817 | 0.1246 | 0.1499 | 0.1581 | 0.1663
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Chapter 6

Conclusions

In this thesis, we exploit the orthogonality to facial image restoration and re-
trieval.

First, in the proposed facial deblur method. The intrinsic sharp image is rep-
resented by a linear combination of principal components which are generated
by principal component analysis (PCA) which is an orthogonal transformation
widely used in statistics. The point spread function is represented as a linear com-
bination of a set of orthogonal functions. By recovering the coefficients of these
two linear combination, several candidate results can be found. Then, a trained
support vector regression is used for automatically selecting the best candidate
as the final output. The proposed method achieve better performance both in
synthetic and real facial images.

Second, the global positioning system (GPS) is modified for hashing. The
proposed method can generate a balanced code matrix which is an NP-hard
problem and hence it is often circumvented in literatures. To satisfy the unique-
ness and existence condition of GPS, the satellites in our data-dependent method
are orthogonally distributed in each group. Such distributed satellites also ap-
proximately satisfy the orthogonality constraint on code matrix. Therefore, the
proposed method surpasses the compared methods and as the code length in-
crease, the superiority becomes more obvious.

Third, we generalize the orthogonality to d X ¢ matrix, where d < c¢. Because it is
impossible to find ¢ mutually orthogonal d-dimensional vectors, the minimum cor-

relation constraint is proposed. When ¢ = d, the minimum correlation constraint
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is equivalent to orthogonality constraint. The mimum correlation constraint is
incorporated into the proposed multi-modal hashing method. The hashing rank-
ing and lookup experiments validate the effectiveness of out method.

From the three methods proposed in this thesis, we can conclude that or-
thogonality is an effective way of representation and regularization. Hence, it
can be used in other problem where effective representations are required, such
as space-frequency transformation or where uncorrelation is preferred, such as
image feature extraction.

The proposed methods inspire several possible directions for further improving
the performance. For example, the nonlinear terms of the proposed multi-modal
retrieval method can be treated as a single-layer neural network. One can use
convolutional neural network for images and recurrent neural network for texts

to substitute the nonlinear terms.
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Appendix A

Results of Image Hashing
Method

85



Table A.1: MAP results on CMU-PIE dataset

CMU-PIE
c 8 12 16 20 24
GHS-DI 0.1828 | 0.2303 | 0.2808 | 0.3158 | 0.3521
GHS-DD | 0.1960 | 0.2453 | 0.2912 | 0.3305 | 0.3709
ITQ 0.1749 | 0.2307 | 0.2791 | 0.3202 | 0.3621
IsoH 0.1860 | 0.2335 | 0.2589 | 0.3044 | 0.3488
HH 0.1788 | 0.2379 | 0.2635 | 0.2977 | 0.3296
SH 0.1791 | 0.2275 | 0.2498 | 0.2674 | 0.2843
IMH 0.1925 | 0.1983 | 0.2111 | 0.2241 | 0.2368
okmeans | 0.1908 | 0.2367 | 0.2834 | 0.3112 | 0.3395
SpH 0.0459 | 0.0518 | 0.0419 | 0.0461 | 0.0494
CMU-PIE
c 32 48 64 80 96
GHS-DI 0.4028 | 0.4724 | 0.5411 | 0.5630 | 0.5853
GHS-DD | 0.4299 | 0.4927 | 0.5538 | 0.5756 | 0.5980
ITQ 0.4097 | 0.4688 | 0.5278 | 0.5540 | 0.5794
IsoH 0.3947 | 0.4422 | 0.4889 | 0.5342 | 0.5799
HH 0.3706 | 0.4214 | 0.4721 | 0.5058 | 0.5419
SH 0.2943 | 0.3127 | 0.3306 | 0.3256 | 0.3191
IMH 0.3037 | 0.3119 | 0.3209 | 0.3364 | 0.3523
okmeans 0.3788 | 0.4198 | 0.4620 | 0.4694 | 0.4762
SpH 0.0392 | 0.0522 | 0.0646 | 0.1225 | 0.1808
CMU-PIE
c 128 160 192 224 256
GHS-DI 0.5964 | 0.6037 | 0.6107 | 0.6184 | 0.6256
GHS-DD | 0.6100 | 0.6168 | 0.6246 | 0.6319 | 0.6395
ITQ 0.5911 | 0.5981 | 0.6058 | 0.6131 | 0.6203
IsoH 0.5919 | 0.5990 | 0.6057 | 0.6132 | 0.6206
HH 0.5526 | 0.5598 | 0.5667 | 0.5729 | 0.5801
SH 0.3255 | 0.3297 | 0.3336 | 0.3373 | 0.3412
IMH 0.3602 | 0.3644 | 0.3692 | 0.3730 | 0.3778
okmeans | 0.4862 | 0.4916 | 0.4981 | 0.5038 | 0.5101
SpH 0.1848 | 0.1867 | 0.1890 | 0.1917 | 0.1923
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Table A.2: MAP results on Extended Yale B dataset

Extended Yale B

c 8 12 16 20 24
GHS-DI 0.1828 | 0.2303 | 0.2808 | 0.3158 | 0.3521
GHS-DD | 0.1960 | 0.2453 | 0.2912 | 0.3305 | 0.3709
ITQ 0.1749 | 0.2307 | 0.2791 | 0.3202 | 0.3621
IsoH 0.1860 | 0.2335 | 0.2589 | 0.3044 | 0.3488
HH 0.1788 | 0.2379 | 0.2635 | 0.2977 | 0.3296
SH 0.1791 | 0.2275 | 0.2498 | 0.2674 | 0.2843
IMH 0.1925 | 0.1983 | 0.2111 | 0.2241 | 0.2368
okmeans | 0.1908 | 0.2367 | 0.2834 | 0.3112 | 0.3395
SpH 0.0459 | 0.0518 | 0.0419 | 0.0461 | 0.0494

Extended Yale B

c 32 48 64 80 96
GHS-DI 0.4028 | 0.4724 | 0.5411 | 0.5630 | 0.5853
GHS-DD | 0.4299 | 0.4927 | 0.5538 | 0.5756 | 0.5980
ITQ 0.4097 | 0.4688 | 0.5278 | 0.5540 | 0.5794
IsoH 0.3947 | 0.4422 | 0.4889 | 0.5342 | 0.5799
HH 0.3706 | 0.4214 | 0.4721 | 0.5058 | 0.5419
SH 0.2943 | 0.3127 | 0.3306 | 0.3256 | 0.3191
IMH 0.3037 | 0.3119 | 0.3209 | 0.3364 | 0.3523
okmeans 0.3788 | 0.4198 | 0.4620 | 0.4694 | 0.4762
SpH 0.0392 | 0.0522 | 0.0646 | 0.1225 | 0.1808

Extended Yale B

c 128 160 192 224 256
GHS-DI 0.5964 | 0.6037 | 0.6107 | 0.6184 | 0.6256
GHS-DD | 0.6100 | 0.6168 | 0.6246 | 0.6319 | 0.6395
ITQ 0.5911 | 0.5981 | 0.6058 | 0.6131 | 0.6203
IsoH 0.5919 | 0.5990 | 0.6057 | 0.6132 | 0.6206
HH 0.5526 | 0.5598 | 0.5667 | 0.5729 | 0.5801
SH 0.3255 | 0.3297 | 0.3336 | 0.3373 | 0.3412
IMH 0.3602 | 0.3644 | 0.3692 | 0.3730 | 0.3778
okmeans | 0.4862 | 0.4916 | 0.4981 | 0.5038 | 0.5101
SpH 0.1848 | 0.1867 | 0.1890 | 0.1917 | 0.1923
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Table A.3: MAP results on FERET dataset

FERET
c 8 12 16 20 24
GHS-DI 0.1828 | 0.2303 | 0.2808 | 0.3158 | 0.3521
GHS-DD | 0.1960 | 0.2453 | 0.2912 | 0.3305 | 0.3709
ITQ 0.1749 | 0.2307 | 0.2791 | 0.3202 | 0.3621
IsoH 0.1860 | 0.2335 | 0.2589 | 0.3044 | 0.3488
HH 0.1788 | 0.2379 | 0.2635 | 0.2977 | 0.3296
SH 0.1791 | 0.2275 | 0.2498 | 0.2674 | 0.2843
IMH 0.1925 | 0.1983 | 0.2111 | 0.2241 | 0.2368
okmeans | 0.1908 | 0.2367 | 0.2834 | 0.3112 | 0.3395
SpH 0.0459 | 0.0518 | 0.0419 | 0.0461 | 0.0494
FERET
c 32 48 64 80 96
GHS-DI 0.4028 | 0.4724 | 0.5411 | 0.5630 | 0.5853
GHS-DD | 0.4299 | 0.4927 | 0.5538 | 0.5756 | 0.5980
ITQ 0.4097 | 0.4688 | 0.5278 | 0.5540 | 0.5794
IsoH 0.3947 | 0.4422 | 0.4889 | 0.5342 | 0.5799
HH 0.3706 | 0.4214 | 0.4721 | 0.5058 | 0.5419
SH 0.2943 | 0.3127 | 0.3306 | 0.3256 | 0.3191
IMH 0.3037 | 0.3119 | 0.3209 | 0.3364 | 0.3523
okmeans 0.3788 | 0.4198 | 0.4620 | 0.4694 | 0.4762
SpH 0.0392 | 0.0522 | 0.0646 | 0.1225 | 0.1808
FERET
c 128 160 192 224 256
GHS-DI 0.5964 | 0.6037 | 0.6107 | 0.6184 | 0.6256
GHS-DD | 0.6100 | 0.6168 | 0.6246 | 0.6319 | 0.6395
ITQ 0.5911 | 0.5981 | 0.6058 | 0.6131 | 0.6203
IsoH 0.5919 | 0.5990 | 0.6057 | 0.6132 | 0.6206
HH 0.5526 | 0.5598 | 0.5667 | 0.5729 | 0.5801
SH 0.3255 | 0.3297 | 0.3336 | 0.3373 | 0.3412
IMH 0.3602 | 0.3644 | 0.3692 | 0.3730 | 0.3778
okmeans | 0.4862 | 0.4916 | 0.4981 | 0.5038 | 0.5101
SpH 0.1848 | 0.1867 | 0.1890 | 0.1917 | 0.1923
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Table A.4: MAP results on FRGC dataset

FRGC
c 8 12 16 20 24
GHS-DI 0.1828 | 0.2303 | 0.2808 | 0.3158 | 0.3521
GHS-DD | 0.1960 | 0.2453 | 0.2912 | 0.3305 | 0.3709
ITQ 0.1749 | 0.2307 | 0.2791 | 0.3202 | 0.3621
IsoH 0.1860 | 0.2335 | 0.2589 | 0.3044 | 0.3488
HH 0.1788 | 0.2379 | 0.2635 | 0.2977 | 0.3296
SH 0.1791 | 0.2275 | 0.2498 | 0.2674 | 0.2843
IMH 0.1925 | 0.1983 | 0.2111 | 0.2241 | 0.2368
okmeans | 0.1908 | 0.2367 | 0.2834 | 0.3112 | 0.3395
SpH 0.0459 | 0.0518 | 0.0419 | 0.0461 | 0.0494
FRGC
c 32 48 64 80 96
GHS-DI 0.4028 | 0.4724 | 0.5411 | 0.5630 | 0.5853
GHS-DD | 0.4299 | 0.4927 | 0.5538 | 0.5756 | 0.5980
ITQ 0.4097 | 0.4688 | 0.5278 | 0.5540 | 0.5794
IsoH 0.3947 | 0.4422 | 0.4889 | 0.5342 | 0.5799
HH 0.3706 | 0.4214 | 0.4721 | 0.5058 | 0.5419
SH 0.2943 | 0.3127 | 0.3306 | 0.3256 | 0.3191
IMH 0.3037 | 0.3119 | 0.3209 | 0.3364 | 0.3523
okmeans 0.3788 | 0.4198 | 0.4620 | 0.4694 | 0.4762
SpH 0.0392 | 0.0522 | 0.0646 | 0.1225 | 0.1808
FRGC
c 128 160 192 224 256
GHS-DI 0.5964 | 0.6037 | 0.6107 | 0.6184 | 0.6256
GHS-DD | 0.6100 | 0.6168 | 0.6246 | 0.6319 | 0.6395
ITQ 0.5911 | 0.5981 | 0.6058 | 0.6131 | 0.6203
IsoH 0.5919 | 0.5990 | 0.6057 | 0.6132 | 0.6206
HH 0.5526 | 0.5598 | 0.5667 | 0.5729 | 0.5801
SH 0.3255 | 0.3297 | 0.3336 | 0.3373 | 0.3412
IMH 0.3602 | 0.3644 | 0.3692 | 0.3730 | 0.3778
okmeans | 0.4862 | 0.4916 | 0.4981 | 0.5038 | 0.5101
SpH 0.1848 | 0.1867 | 0.1890 | 0.1917 | 0.1923
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Table A.5: MAP results on YouTube Faces dataset

YouTube Faces

c 8 12 16 20 24
GHS-DI 0.1828 | 0.2303 | 0.2808 | 0.3158 | 0.3521
GHS-DD | 0.1960 | 0.2453 | 0.2912 | 0.3305 | 0.3709
ITQ 0.1749 | 0.2307 | 0.2791 | 0.3202 | 0.3621
IsoH 0.1860 | 0.2335 | 0.2589 | 0.3044 | 0.3488
HH 0.1788 | 0.2379 | 0.2635 | 0.2977 | 0.3296
SH 0.1791 | 0.2275 | 0.2498 | 0.2674 | 0.2843
IMH 0.1925 | 0.1983 | 0.2111 | 0.2241 | 0.2368
okmeans | 0.1908 | 0.2367 | 0.2834 | 0.3112 | 0.3395
SpH 0.0459 | 0.0518 | 0.0419 | 0.0461 | 0.0494

YouTube Faces

c 32 48 64 80 96
GHS-DI 0.4028 | 0.4724 | 0.5411 | 0.5630 | 0.5853
GHS-DD | 0.4299 | 0.4927 | 0.5538 | 0.5756 | 0.5980
ITQ 0.4097 | 0.4688 | 0.5278 | 0.5540 | 0.5794
IsoH 0.3947 | 0.4422 | 0.4889 | 0.5342 | 0.5799
HH 0.3706 | 0.4214 | 0.4721 | 0.5058 | 0.5419
SH 0.2943 | 0.3127 | 0.3306 | 0.3256 | 0.3191
IMH 0.3037 | 0.3119 | 0.3209 | 0.3364 | 0.3523
okmeans 0.3788 | 0.4198 | 0.4620 | 0.4694 | 0.4762
SpH 0.0392 | 0.0522 | 0.0646 | 0.1225 | 0.1808

YouTube Faces

c 128 160 192 224 256
GHS-DI 0.5964 | 0.6037 | 0.6107 | 0.6184 | 0.6256
GHS-DD | 0.6100 | 0.6168 | 0.6246 | 0.6319 | 0.6395
ITQ 0.5911 | 0.5981 | 0.6058 | 0.6131 | 0.6203
IsoH 0.5919 | 0.5990 | 0.6057 | 0.6132 | 0.6206
HH 0.5526 | 0.5598 | 0.5667 | 0.5729 | 0.5801
SH 0.3255 | 0.3297 | 0.3336 | 0.3373 | 0.3412
IMH 0.3602 | 0.3644 | 0.3692 | 0.3730 | 0.3778
okmeans | 0.4862 | 0.4916 | 0.4981 | 0.5038 | 0.5101
SpH 0.1848 | 0.1867 | 0.1890 | 0.1917 | 0.1923
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Table A.6: F-measure results on CMU-PIE dataset

CMU-PIE
c 8 12 16 20 24
GHS-DI 0.1786 | 0.2275 | 0.2383 | 0.2269 | 0.2155
GHS-DD | 0.1843 | 0.2296 | 0.2426 | 0.2362 | 0.2298
ITQ 0.1654 | 0.1987 | 0.2159 | 0.1703 | 0.1247
IsoH 0.1648 | 0.1905 | 0.2210 | 0.1917 | 0.1624
HH 0.1615 | 0.1872 | 0.2136 | 0.1151 | 0.0166
SH 0.0817 | 0.1246 | 0.1498 | 0.1581 | 0.1663
IMH 0.1611 | 0.1698 | 0.1754 | 0.1710 | 0.1667
okmeans | 0.1697 | 0.2136 | 0.2421 | 0.1475 | 0.0529
SpH 0.0799 | 0.1179 | 0.1357 | 0.1311 | 0.1265
CMU-PIE
c 32 48 64 80 96
GHS-DI 0.1341 | 0.1053 | 0.0765 | 0.0763 | 0.0761
GHS-DD | 0.1538 | 0.1258 | 0.0977 | 0.0971 | 0.0965
ITQ 0.0436 | 0.0433 | 0.0429 | 0.0424 | 0.0419
IsoH 0.0016 | 0.0018 | 0.0020 | 0.0021 | 0.0022
HH 0.0207 | 0.0147 | 0.0088 | 0.0078 | 0.0068
SH 0.1515 | 0.0873 | 0.0232 | 0.0179 | 0.0126
IMH 0.1517 | 0.1158 | 0.0799 | 0.0793 | 0.0787
okmeans 0.0342 | 0.0234 | 0.0127 | 0.0091 | 0.0055
SpH 0.1315 | 0.0992 | 0.0668 | 0.0659 | 0.0651
CMU-PIE
c 128 160 192 224 256
GHS-DI 0.0777 | 0.0786 | 0.0796 | 0.0805 | 0.0815
GHS-DD | 0.0985 | 0.0997 | 0.1009 | 0.1021 | 0.1033
ITQ 0.0427 | 0.0432 | 0.0437 | 0.0443 | 0.0448
IsoH 0.0022 | 0.0022 | 0.0023 | 0.0023 | 0.0023
HH 0.0069 | 0.0070 | 0.0071 | 0.0071 | 0.0072
SH 0.0128 | 0.0130 | 0.0131 | 0.0133 | 0.0134
IMH 0.0803 | 0.0813 | 0.0822 | 0.0832 | 0.0842
okmeans | 0.0056 | 0.0057 | 0.0058 | 0.0059 | 0.0059
SpH 0.0664 | 0.0672 | 0.0680 | 0.0688 | 0.0696
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Table A.7: F-measure results on Extended Yale B dataset

Extended Yale B

c 8 12 16 20 24
GHS-DI 0.1786 | 0.2275 | 0.2383 | 0.2269 | 0.2155
GHS-DD | 0.1843 | 0.2296 | 0.2426 | 0.2362 | 0.2298
ITQ 0.1654 | 0.1987 | 0.2159 | 0.1703 | 0.1247
IsoH 0.1648 | 0.1905 | 0.2210 | 0.1917 | 0.1624
HH 0.1615 | 0.1872 | 0.2136 | 0.1151 | 0.0166
SH 0.0817 | 0.1246 | 0.1498 | 0.1581 | 0.1663
IMH 0.1611 | 0.1698 | 0.1754 | 0.1710 | 0.1667
okmeans | 0.1697 | 0.2136 | 0.2421 | 0.1475 | 0.0529
SpH 0.0799 | 0.1179 | 0.1357 | 0.1311 | 0.1265

Extended Yale B

c 32 48 64 80 96
GHS-DI 0.1341 | 0.1053 | 0.0765 | 0.0763 | 0.0761
GHS-DD | 0.1538 | 0.1258 | 0.0977 | 0.0971 | 0.0965
ITQ 0.0436 | 0.0433 | 0.0429 | 0.0424 | 0.0419
IsoH 0.0016 | 0.0018 | 0.0020 | 0.0021 | 0.0022
HH 0.0207 | 0.0147 | 0.0088 | 0.0078 | 0.0068
SH 0.1515 | 0.0873 | 0.0232 | 0.0179 | 0.0126
IMH 0.1517 | 0.1158 | 0.0799 | 0.0793 | 0.0787
okmeans 0.0342 | 0.0234 | 0.0127 | 0.0091 | 0.0055
SpH 0.1315 | 0.0992 | 0.0668 | 0.0659 | 0.0651

Extended Yale B

c 128 160 192 224 256
GHS-DI 0.0777 | 0.0786 | 0.0796 | 0.0805 | 0.0815
GHS-DD | 0.0985 | 0.0997 | 0.1009 | 0.1021 | 0.1033
ITQ 0.0427 | 0.0432 | 0.0437 | 0.0443 | 0.0448
IsoH 0.0022 | 0.0022 | 0.0023 | 0.0023 | 0.0023
HH 0.0069 | 0.0070 | 0.0071 | 0.0071 | 0.0072
SH 0.0128 | 0.0130 | 0.0131 | 0.0133 | 0.0134
IMH 0.0803 | 0.0813 | 0.0822 | 0.0832 | 0.0842
okmeans | 0.0056 | 0.0057 | 0.0058 | 0.0059 | 0.0059
SpH 0.0664 | 0.0672 | 0.0680 | 0.0688 | 0.0696
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Table A.8: F-measure results on FERET dataset

FERET
c 8 12 16 20 24
GHS-DI 0.1786 | 0.2275 | 0.2383 | 0.2269 | 0.2155
GHS-DD | 0.1843 | 0.2296 | 0.2426 | 0.2362 | 0.2298
ITQ 0.1654 | 0.1987 | 0.2159 | 0.1703 | 0.1247
IsoH 0.1648 | 0.1905 | 0.2210 | 0.1917 | 0.1624
HH 0.1615 | 0.1872 | 0.2136 | 0.1151 | 0.0166
SH 0.0817 | 0.1246 | 0.1498 | 0.1581 | 0.1663
IMH 0.1611 | 0.1698 | 0.1754 | 0.1710 | 0.1667
okmeans | 0.1697 | 0.2136 | 0.2421 | 0.1475 | 0.0529
SpH 0.0799 | 0.1179 | 0.1357 | 0.1311 | 0.1265
FERET
c 32 48 64 80 96
GHS-DI 0.1341 | 0.1053 | 0.0765 | 0.0763 | 0.0761
GHS-DD | 0.1538 | 0.1258 | 0.0977 | 0.0971 | 0.0965
ITQ 0.0436 | 0.0433 | 0.0429 | 0.0424 | 0.0419
IsoH 0.0016 | 0.0018 | 0.0020 | 0.0021 | 0.0022
HH 0.0207 | 0.0147 | 0.0088 | 0.0078 | 0.0068
SH 0.1515 | 0.0873 | 0.0232 | 0.0179 | 0.0126
IMH 0.1517 | 0.1158 | 0.0799 | 0.0793 | 0.0787
okmeans 0.0342 | 0.0234 | 0.0127 | 0.0091 | 0.0055
SpH 0.1315 | 0.0992 | 0.0668 | 0.0659 | 0.0651
FERET
c 128 160 192 224 256
GHS-DI 0.0777 | 0.0786 | 0.0796 | 0.0805 | 0.0815
GHS-DD | 0.0985 | 0.0997 | 0.1009 | 0.1021 | 0.1033
ITQ 0.0427 | 0.0432 | 0.0437 | 0.0443 | 0.0448
IsoH 0.0022 | 0.0022 | 0.0023 | 0.0023 | 0.0023
HH 0.0069 | 0.0070 | 0.0071 | 0.0071 | 0.0072
SH 0.0128 | 0.0130 | 0.0131 | 0.0133 | 0.0134
IMH 0.0803 | 0.0813 | 0.0822 | 0.0832 | 0.0842
okmeans | 0.0056 | 0.0057 | 0.0058 | 0.0059 | 0.0059
SpH 0.0664 | 0.0672 | 0.0680 | 0.0688 | 0.0696
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Table A.9: F-measure results on FRGC dataset

FRGC
c 8 12 16 20 24
GHS-DI 0.1786 | 0.2275 | 0.2383 | 0.2269 | 0.2155
GHS-DD | 0.1843 | 0.2296 | 0.2426 | 0.2362 | 0.2298
ITQ 0.1654 | 0.1987 | 0.2159 | 0.1703 | 0.1247
IsoH 0.1648 | 0.1905 | 0.2210 | 0.1917 | 0.1624
HH 0.1615 | 0.1872 | 0.2136 | 0.1151 | 0.0166
SH 0.0817 | 0.1246 | 0.1498 | 0.1581 | 0.1663
IMH 0.1611 | 0.1698 | 0.1754 | 0.1710 | 0.1667
okmeans | 0.1697 | 0.2136 | 0.2421 | 0.1475 | 0.0529
SpH 0.0799 | 0.1179 | 0.1357 | 0.1311 | 0.1265
FRGC
c 32 48 64 80 96
GHS-DI 0.1341 | 0.1053 | 0.0765 | 0.0763 | 0.0761
GHS-DD | 0.1538 | 0.1258 | 0.0977 | 0.0971 | 0.0965
ITQ 0.0436 | 0.0433 | 0.0429 | 0.0424 | 0.0419
IsoH 0.0016 | 0.0018 | 0.0020 | 0.0021 | 0.0022
HH 0.0207 | 0.0147 | 0.0088 | 0.0078 | 0.0068
SH 0.1515 | 0.0873 | 0.0232 | 0.0179 | 0.0126
IMH 0.1517 | 0.1158 | 0.0799 | 0.0793 | 0.0787
okmeans 0.0342 | 0.0234 | 0.0127 | 0.0091 | 0.0055
SpH 0.1315 | 0.0992 | 0.0668 | 0.0659 | 0.0651
FRGC
c 128 160 192 224 256
GHS-DI 0.0777 | 0.0786 | 0.0796 | 0.0805 | 0.0815
GHS-DD | 0.0985 | 0.0997 | 0.1009 | 0.1021 | 0.1033
ITQ 0.0427 | 0.0432 | 0.0437 | 0.0443 | 0.0448
IsoH 0.0022 | 0.0022 | 0.0023 | 0.0023 | 0.0023
HH 0.0069 | 0.0070 | 0.0071 | 0.0071 | 0.0072
SH 0.0128 | 0.0130 | 0.0131 | 0.0133 | 0.0134
IMH 0.0803 | 0.0813 | 0.0822 | 0.0832 | 0.0842
okmeans | 0.0056 | 0.0057 | 0.0058 | 0.0059 | 0.0059
SpH 0.0664 | 0.0672 | 0.0680 | 0.0688 | 0.0696
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Table A.10: F-measure results on YouTube Faces dataset

YouTube Faces

c 8 12 16 20 24
GHS-DI 0.1786 | 0.2275 | 0.2383 | 0.2269 | 0.2155
GHS-DD | 0.1843 | 0.2296 | 0.2426 | 0.2362 | 0.2298
ITQ 0.1654 | 0.1987 | 0.2159 | 0.1703 | 0.1247
IsoH 0.1648 | 0.1905 | 0.2210 | 0.1917 | 0.1624
HH 0.1615 | 0.1872 | 0.2136 | 0.1151 | 0.0166
SH 0.0817 | 0.1246 | 0.1498 | 0.1581 | 0.1663
IMH 0.1611 | 0.1698 | 0.1754 | 0.1710 | 0.1667
okmeans | 0.1697 | 0.2136 | 0.2421 | 0.1475 | 0.0529
SpH 0.0799 | 0.1179 | 0.1357 | 0.1311 | 0.1265

YouTube Faces

c 32 48 64 80 96
GHS-DI 0.1341 | 0.1053 | 0.0765 | 0.0763 | 0.0761
GHS-DD | 0.1538 | 0.1258 | 0.0977 | 0.0971 | 0.0965
ITQ 0.0436 | 0.0433 | 0.0429 | 0.0424 | 0.0419
IsoH 0.0016 | 0.0018 | 0.0020 | 0.0021 | 0.0022
HH 0.0207 | 0.0147 | 0.0088 | 0.0078 | 0.0068
SH 0.1515 | 0.0873 | 0.0232 | 0.0179 | 0.0126
IMH 0.1517 | 0.1158 | 0.0799 | 0.0793 | 0.0787
okmeans 0.0342 | 0.0234 | 0.0127 | 0.0091 | 0.0055
SpH 0.1315 | 0.0992 | 0.0668 | 0.0659 | 0.0651

YouTube Faces

c 128 160 192 224 256
GHS-DI 0.0777 | 0.0786 | 0.0796 | 0.0805 | 0.0815
GHS-DD | 0.0985 | 0.0997 | 0.1009 | 0.1021 | 0.1033
ITQ 0.0427 | 0.0432 | 0.0437 | 0.0443 | 0.0448
IsoH 0.0022 | 0.0022 | 0.0023 | 0.0023 | 0.0023
HH 0.0069 | 0.0070 | 0.0071 | 0.0071 | 0.0072
SH 0.0128 | 0.0130 | 0.0131 | 0.0133 | 0.0134
IMH 0.0803 | 0.0813 | 0.0822 | 0.0832 | 0.0842
okmeans | 0.0056 | 0.0057 | 0.0058 | 0.0059 | 0.0059
SpH 0.0664 | 0.0672 | 0.0680 | 0.0688 | 0.0696
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Table B.1: MAP results on CMU-PIE dataset

CMU-PIE
c 8 12 16 20 24
DMH 0.2035 | 0.2529 | 0.3027 | 0.3386 | 0.3712
MDBE 0.1954 | 0.2396 | 0.2909 | 0.3257 | 0.3603
CCA-GHS-DI | 0.1852 | 0.2308 | 0.2831 | 0.3137 | 0.3496
CCA-GHS-DD | 0.1960 | 0.2457 | 0.2919 | 0.3319 | 0.3698
SePH 0.1779 | 0.2302 | 0.2816 | 0.3192 | 0.3625
CMSSH 0.1862 | 0.2327 | 0.2614 | 0.3038 | 0.3466
CCA-ITQ 0.1798 | 0.2360 | 0.2633 | 0.2992 | 0.3298
SCM 0.1798 | 0.2259 | 0.2497 | 0.2688 | 0.2818
CVH 0.1916 | 0.1975 | 0.2128 | 0.2232 | 0.2362
CMU-PIE
c 32 48 64 80 96
DMH 0.4242 | 0.4916 | 0.5617 | 0.5847 | 0.6042
MDBE 0.4142 | 0.4826 | 0.5518 | 0.5723 | 0.5952
CCA-GHS-DI | 0.4049 | 0.4747 | 0.5406 | 0.5618 | 0.5864
CCA-GHS-DD | 0.4260 | 0.4917 | 0.5548 | 0.5755 | 0.5949
SePH 0.4087 | 0.4705 | 0.5294 | 0.5516 | 0.5786
CMSSH 0.3977 | 0.4428 | 0.4876 | 0.5374 | 0.5788
CCA-ITQ 0.3711 | 0.4232 | 0.4710 | 0.5078 | 0.5413
SCM 0.2954 | 0.3128 | 0.3321 | 0.3235 | 0.3188
CVH 0.3037 | 0.3115 | 0.3233 | 0.3365 | 0.3510
CMU-PIE
c 128 160 192 224 256
DMH 0.6198 | 0.6252 | 0.6346 | 0.6422 | 0.6477
MDBE 0.6053 | 0.6122 | 0.6194 | 0.6288 | 0.6382
CCA-GHS-DI | 0.5971 | 0.6071 | 0.6109 | 0.6180 | 0.6259
CCA-GHS-DD | 0.6065 | 0.6147 | 0.6251 | 0.6333 | 0.6387
SePH 0.5916 | 0.5984 | 0.6060 | 0.6156 | 0.6209
CMSSH 0.5918 | 0.5983 | 0.6052 | 0.6148 | 0.6215
CCA-ITQ 0.5551 | 0.5599 | 0.5636 | 0.5735 | 0.5771
SCM 0.3243 | 0.3271 | 0.3355 | 0.3383 | 0.3411
CVH 0.3606 | 0.3653 | 0.3702 | 0.3729 | 0.3806
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Table B.2: MAP results on Extended Yale B dataset

Extended Yale B

c 8 12 16 20 24
DMH 0.2035 | 0.2529 | 0.3027 | 0.3386 | 0.3712
MDBE 0.1954 | 0.2396 | 0.2909 | 0.3257 | 0.3603

CCA-GHS-DI | 0.1852 | 0.2308 | 0.2831 | 0.3137 | 0.3496
CCA-GHS-DD | 0.1960 | 0.2457 | 0.2919 | 0.3319 | 0.3698
SePH 0.1779 | 0.2302 | 0.2816 | 0.3192 | 0.3625
CMSSH 0.1862 | 0.2327 | 0.2614 | 0.3038 | 0.3466
CCA-ITQ 0.1798 | 0.2360 | 0.2633 | 0.2992 | 0.3298
SCM 0.1798 | 0.2259 | 0.2497 | 0.2688 | 0.2818
CVH 0.1916 | 0.1975 | 0.2128 | 0.2232 | 0.2362

Extended Yale B

c 32 48 64 80 96
DMH 0.4242 | 0.4916 | 0.5617 | 0.5847 | 0.6042
MDBE 0.4142 | 0.4826 | 0.5518 | 0.5723 | 0.5952

CCA-GHS-DI | 0.4049 | 0.4747 | 0.5406 | 0.5618 | 0.5864
CCA-GHS-DD | 0.4260 | 0.4917 | 0.5548 | 0.5755 | 0.5949
SePH 0.4087 | 0.4705 | 0.5294 | 0.5516 | 0.5786
CMSSH 0.3977 | 0.4428 | 0.4876 | 0.5374 | 0.5788
CCA-ITQ 0.3711 | 0.4232 | 0.4710 | 0.5078 | 0.5413
SCM 0.2954 | 0.3128 | 0.3321 | 0.3235 | 0.3188
CVH 0.3037 | 0.3115 | 0.3233 | 0.3365 | 0.3510

Extended Yale B

c 128 160 192 224 256
DMH 0.6198 | 0.6252 | 0.6346 | 0.6422 | 0.6477
MDBE 0.6053 | 0.6122 | 0.6194 | 0.6288 | 0.6382

CCA-GHS-DI | 0.5971 | 0.6071 | 0.6109 | 0.6180 | 0.6259
CCA-GHS-DD | 0.6065 | 0.6147 | 0.6251 | 0.6333 | 0.6387
SePH 0.5916 | 0.5984 | 0.6060 | 0.6156 | 0.6209
CMSSH 0.5918 | 0.5983 | 0.6052 | 0.6148 | 0.6215
CCA-ITQ 0.5551 | 0.5599 | 0.5636 | 0.5735 | 0.5771
SCM 0.3243 | 0.3271 | 0.3355 | 0.3383 | 0.3411
CVH 0.3606 | 0.3653 | 0.3702 | 0.3729 | 0.3806
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Table B.3: MAP results on FERET dataset

FERET
c 8 12 16 20 24
DMH 0.2035 | 0.2529 | 0.3027 | 0.3386 | 0.3712
MDBE 0.1954 | 0.2396 | 0.2909 | 0.3257 | 0.3603
CCA-GHS-DI | 0.1852 | 0.2308 | 0.2831 | 0.3137 | 0.3496
CCA-GHS-DD | 0.1960 | 0.2457 | 0.2919 | 0.3319 | 0.3698
SePH 0.1779 | 0.2302 | 0.2816 | 0.3192 | 0.3625
CMSSH 0.1862 | 0.2327 | 0.2614 | 0.3038 | 0.3466
CCA-ITQ 0.1798 | 0.2360 | 0.2633 | 0.2992 | 0.3298
SCM 0.1798 | 0.2259 | 0.2497 | 0.2688 | 0.2818
CVH 0.1916 | 0.1975 | 0.2128 | 0.2232 | 0.2362
FERET
c 32 48 64 80 96
DMH 0.4242 | 0.4916 | 0.5617 | 0.5847 | 0.6042
MDBE 0.4142 | 0.4826 | 0.5518 | 0.5723 | 0.5952
CCA-GHS-DI | 0.4049 | 0.4747 | 0.5406 | 0.5618 | 0.5864
CCA-GHS-DD | 0.4260 | 0.4917 | 0.5548 | 0.5755 | 0.5949
SePH 0.4087 | 0.4705 | 0.5294 | 0.5516 | 0.5786
CMSSH 0.3977 | 0.4428 | 0.4876 | 0.5374 | 0.5788
CCA-ITQ 0.3711 | 0.4232 | 0.4710 | 0.5078 | 0.5413
SCM 0.2954 | 0.3128 | 0.3321 | 0.3235 | 0.3188
CVH 0.3037 | 0.3115 | 0.3233 | 0.3365 | 0.3510
FERET
c 128 160 192 224 256
DMH 0.6198 | 0.6252 | 0.6346 | 0.6422 | 0.6477
MDBE 0.6053 | 0.6122 | 0.6194 | 0.6288 | 0.6382
CCA-GHS-DI | 0.5971 | 0.6071 | 0.6109 | 0.6180 | 0.6259
CCA-GHS-DD | 0.6065 | 0.6147 | 0.6251 | 0.6333 | 0.6387
SePH 0.5916 | 0.5984 | 0.6060 | 0.6156 | 0.6209
CMSSH 0.5918 | 0.5983 | 0.6052 | 0.6148 | 0.6215
CCA-ITQ 0.5551 | 0.5599 | 0.5636 | 0.5735 | 0.5771
SCM 0.3243 | 0.3271 | 0.3355 | 0.3383 | 0.3411
CVH 0.3606 | 0.3653 | 0.3702 | 0.3729 | 0.3806
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Table B.4: MAP results on FRGC dataset

FRGC
c 8 12 16 20 24
DMH 0.2035 | 0.2529 | 0.3027 | 0.3386 | 0.3712
MDBE 0.1954 | 0.2396 | 0.2909 | 0.3257 | 0.3603
CCA-GHS-DI | 0.1852 | 0.2308 | 0.2831 | 0.3137 | 0.3496
CCA-GHS-DD | 0.1960 | 0.2457 | 0.2919 | 0.3319 | 0.3698
SePH 0.1779 | 0.2302 | 0.2816 | 0.3192 | 0.3625
CMSSH 0.1862 | 0.2327 | 0.2614 | 0.3038 | 0.3466
CCA-ITQ 0.1798 | 0.2360 | 0.2633 | 0.2992 | 0.3298
SCM 0.1798 | 0.2259 | 0.2497 | 0.2688 | 0.2818
CVH 0.1916 | 0.1975 | 0.2128 | 0.2232 | 0.2362
FRGC
c 32 48 64 80 96
DMH 0.4242 | 0.4916 | 0.5617 | 0.5847 | 0.6042
MDBE 0.4142 | 0.4826 | 0.5518 | 0.5723 | 0.5952
CCA-GHS-DI | 0.4049 | 0.4747 | 0.5406 | 0.5618 | 0.5864
CCA-GHS-DD | 0.4260 | 0.4917 | 0.5548 | 0.5755 | 0.5949
SePH 0.4087 | 0.4705 | 0.5294 | 0.5516 | 0.5786
CMSSH 0.3977 | 0.4428 | 0.4876 | 0.5374 | 0.5788
CCA-ITQ 0.3711 | 0.4232 | 0.4710 | 0.5078 | 0.5413
SCM 0.2954 | 0.3128 | 0.3321 | 0.3235 | 0.3188
CVH 0.3037 | 0.3115 | 0.3233 | 0.3365 | 0.3510
FRGC
c 128 160 192 224 256
DMH 0.6198 | 0.6252 | 0.6346 | 0.6422 | 0.6477
MDBE 0.6053 | 0.6122 | 0.6194 | 0.6288 | 0.6382
CCA-GHS-DI | 0.5971 | 0.6071 | 0.6109 | 0.6180 | 0.6259
CCA-GHS-DD | 0.6065 | 0.6147 | 0.6251 | 0.6333 | 0.6387
SePH 0.5916 | 0.5984 | 0.6060 | 0.6156 | 0.6209
CMSSH 0.5918 | 0.5983 | 0.6052 | 0.6148 | 0.6215
CCA-ITQ 0.5551 | 0.5599 | 0.5636 | 0.5735 | 0.5771
SCM 0.3243 | 0.3271 | 0.3355 | 0.3383 | 0.3411
CVH 0.3606 | 0.3653 | 0.3702 | 0.3729 | 0.3806
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Table B.5: MAP results on YouTube Faces dataset

YouTube Faces

c 8 12 16 20 24
DMH 0.2035 | 0.2529 | 0.3027 | 0.3386 | 0.3712
MDBE 0.1954 | 0.2396 | 0.2909 | 0.3257 | 0.3603

CCA-GHS-DI | 0.1852 | 0.2308 | 0.2831 | 0.3137 | 0.3496
CCA-GHS-DD | 0.1960 | 0.2457 | 0.2919 | 0.3319 | 0.3698
SePH 0.1779 | 0.2302 | 0.2816 | 0.3192 | 0.3625
CMSSH 0.1862 | 0.2327 | 0.2614 | 0.3038 | 0.3466
CCA-ITQ 0.1798 | 0.2360 | 0.2633 | 0.2992 | 0.3298
SCM 0.1798 | 0.2259 | 0.2497 | 0.2688 | 0.2818
CVH 0.1916 | 0.1975 | 0.2128 | 0.2232 | 0.2362
YouTube Faces

c 32 48 64 80 96
DMH 0.4242 | 0.4916 | 0.5617 | 0.5847 | 0.6042
MDBE 0.4142 | 0.4826 | 0.5518 | 0.5723 | 0.5952

CCA-GHS-DI | 0.4049 | 0.4747 | 0.5406 | 0.5618 | 0.5864
CCA-GHS-DD | 0.4260 | 0.4917 | 0.5548 | 0.5755 | 0.5949
SePH 0.4087 | 0.4705 | 0.5294 | 0.5516 | 0.5786
CMSSH 0.3977 | 0.4428 | 0.4876 | 0.5374 | 0.5788
CCA-ITQ 0.3711 | 0.4232 | 0.4710 | 0.5078 | 0.5413
SCM 0.2954 | 0.3128 | 0.3321 | 0.3235 | 0.3188
CVH 0.3037 | 0.3115 | 0.3233 | 0.3365 | 0.3510

YouTube Faces

c 128 160 192 224 256
DMH 0.6198 | 0.6252 | 0.6346 | 0.6422 | 0.6477
MDBE 0.6053 | 0.6122 | 0.6194 | 0.6288 | 0.6382

CCA-GHS-DI | 0.5971 | 0.6071 | 0.6109 | 0.6180 | 0.6259
CCA-GHS-DD | 0.6065 | 0.6147 | 0.6251 | 0.6333 | 0.6387
SePH 0.5916 | 0.5984 | 0.6060 | 0.6156 | 0.6209
CMSSH 0.5918 | 0.5983 | 0.6052 | 0.6148 | 0.6215
CCA-ITQ 0.5551 | 0.5599 | 0.5636 | 0.5735 | 0.5771
SCM 0.3243 | 0.3271 | 0.3355 | 0.3383 | 0.3411
CVH 0.3606 | 0.3653 | 0.3702 | 0.3729 | 0.3806
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Table B.6: F-measure results on CMU-PIE dataset

CMU-PIE
c 8 12 16 20 24
DMH 0.3406 | 0.5245 | 0.6703 | 0.7264 | 0.7825
MDBE 0.2056 | 0.2545 | 0.2653 | 0.2539 | 0.2425
CCA-GHS-DI | 0.1786 | 0.2275 | 0.2383 | 0.2269 | 0.2155
CCA-GHS-DD | 0.1843 | 0.2296 | 0.2426 | 0.2362 | 0.2298
SePH 0.1654 | 0.1987 | 0.2159 | 0.1703 | 0.1247
CMSSH 0.1648 | 0.1905 | 0.2210 | 0.1917 | 0.1624
CCA-ITQ 0.1615 | 0.1872 | 0.2136 | 0.1151 | 0.0166
SCM 0.0817 | 0.1246 | 0.1498 | 0.1581 | 0.1663
CVH 0.1611 | 0.1698 | 0.1754 | 0.1710 | 0.1667
CMU-PIE
c 32 48 64 80 96
DMH 0.5661 | 0.5373 | 0.5085 | 0.3733 | 0.2381
MDBE 0.1611 | 0.1323 | 0.1035 | 0.1033 | 0.1031
CCA-GHS-DI | 0.1341 | 0.1053 | 0.0765 | 0.0763 | 0.0761
CCA-GHS-DD | 0.1538 | 0.1258 | 0.0977 | 0.0971 | 0.0965
SePH 0.0436 | 0.0433 | 0.0429 | 0.0424 | 0.0418
CMSSH 0.0016 | 0.0018 | 0.0020 | 0.0021 | 0.0022
CCA-ITQ 0.0207 | 0.0147 | 0.0088 | 0.0078 | 0.0067
SCM 0.1515 | 0.0873 | 0.0232 | 0.0179 | 0.0126
CVH 0.1517 | 0.1158 | 0.0799 | 0.0793 | 0.0787
CMU-PIE
c 128 160 192 224 256
DMH 0.2429 | 0.2459 | 0.2489 | 0.2518 | 0.2548
MDBE 0.1052 | 0.1065 | 0.1078 | 0.1091 | 0.1104
CCA-GHS-DI | 0.0777 | 0.0786 | 0.0796 | 0.0805 | 0.0815
CCA-GHS-DD | 0.0985 | 0.0997 | 0.1009 | 0.1021 | 0.1033
SePH 0.0427 | 0.0432 | 0.0437 | 0.0443 | 0.0448
CMSSH 0.0022 | 0.0022 | 0.0023 | 0.0023 | 0.0023
CCA-ITQ 0.0069 | 0.0070 | 0.0071 | 0.0071 | 0.0072
SCM 0.0128 | 0.0130 | 0.0131 | 0.0133 | 0.0134
CVH 0.0803 | 0.0813 | 0.0822 | 0.0832 | 0.0842
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Table B.7: F-measure results on Extended Yale B dataset

Extended Yale B

c 8 12 16 20 24
DMH 0.3406 | 0.5245 | 0.6703 | 0.7264 | 0.7825
MDBE 0.2056 | 0.2545 | 0.2653 | 0.2539 | 0.2425

CCA-GHS-DI | 0.1786 | 0.2275 | 0.2383 | 0.2269 | 0.2155
CCA-GHS-DD | 0.1843 | 0.2296 | 0.2426 | 0.2362 | 0.2298
SePH 0.1654 | 0.1987 | 0.2159 | 0.1703 | 0.1247
CMSSH 0.1648 | 0.1905 | 0.2210 | 0.1917 | 0.1624
CCA-ITQ 0.1615 | 0.1872 | 0.2136 | 0.1151 | 0.0166
SCM 0.0817 | 0.1246 | 0.1498 | 0.1581 | 0.1663
CVH 0.1611 | 0.1698 | 0.1754 | 0.1710 | 0.1667

Extended Yale B

c 32 48 64 80 96
DMH 0.5661 | 0.5373 | 0.5085 | 0.3733 | 0.2381
MDBE 0.1611 | 0.1323 | 0.1035 | 0.1033 | 0.1031

CCA-GHS-DI | 0.1341 | 0.1053 | 0.0765 | 0.0763 | 0.0761
CCA-GHS-DD | 0.1538 | 0.1258 | 0.0977 | 0.0971 | 0.0965
SePH 0.0436 | 0.0433 | 0.0429 | 0.0424 | 0.0418
CMSSH 0.0016 | 0.0018 | 0.0020 | 0.0021 | 0.0022
CCA-ITQ 0.0207 | 0.0147 | 0.0088 | 0.0078 | 0.0067
SCM 0.1515 | 0.0873 | 0.0232 | 0.0179 | 0.0126
CVH 0.1517 | 0.1158 | 0.0799 | 0.0793 | 0.0787

Extended Yale B

c 128 160 192 224 256
DMH 0.2429 | 0.2459 | 0.2489 | 0.2518 | 0.2548
MDBE 0.1052 | 0.1065 | 0.1078 | 0.1091 | 0.1104

CCA-GHS-DI | 0.0777 | 0.0786 | 0.0796 | 0.0805 | 0.0815
CCA-GHS-DD | 0.0985 | 0.0997 | 0.1009 | 0.1021 | 0.1033
SePH 0.0427 | 0.0432 | 0.0437 | 0.0443 | 0.0448
CMSSH 0.0022 | 0.0022 | 0.0023 | 0.0023 | 0.0023
CCA-ITQ 0.0069 | 0.0070 | 0.0071 | 0.0071 | 0.0072
SCM 0.0128 | 0.0130 | 0.0131 | 0.0133 | 0.0134
CVH 0.0803 | 0.0813 | 0.0822 | 0.0832 | 0.0842
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Table B.&: F-measure results on FERET dataset

FERET
c 8 12 16 20 24
DMH 0.3406 | 0.5245 | 0.6703 | 0.7264 | 0.7825
MDBE 0.2056 | 0.2545 | 0.2653 | 0.2539 | 0.2425
CCA-GHS-DI | 0.1786 | 0.2275 | 0.2383 | 0.2269 | 0.2155
CCA-GHS-DD | 0.1843 | 0.2296 | 0.2426 | 0.2362 | 0.2298
SePH 0.1654 | 0.1987 | 0.2159 | 0.1703 | 0.1247
CMSSH 0.1648 | 0.1905 | 0.2210 | 0.1917 | 0.1624
CCA-ITQ 0.1615 | 0.1872 | 0.2136 | 0.1151 | 0.0166
SCM 0.0817 | 0.1246 | 0.1498 | 0.1581 | 0.1663
CVH 0.1611 | 0.1698 | 0.1754 | 0.1710 | 0.1667
FERET
c 32 48 64 80 96
DMH 0.5661 | 0.5373 | 0.5085 | 0.3733 | 0.2381
MDBE 0.1611 | 0.1323 | 0.1035 | 0.1033 | 0.1031
CCA-GHS-DI | 0.1341 | 0.1053 | 0.0765 | 0.0763 | 0.0761
CCA-GHS-DD | 0.1538 | 0.1258 | 0.0977 | 0.0971 | 0.0965
SePH 0.0436 | 0.0433 | 0.0429 | 0.0424 | 0.0418
CMSSH 0.0016 | 0.0018 | 0.0020 | 0.0021 | 0.0022
CCA-ITQ 0.0207 | 0.0147 | 0.0088 | 0.0078 | 0.0067
SCM 0.1515 | 0.0873 | 0.0232 | 0.0179 | 0.0126
CVH 0.1517 | 0.1158 | 0.0799 | 0.0793 | 0.0787
FERET
c 128 160 192 224 256
DMH 0.2429 | 0.2459 | 0.2489 | 0.2518 | 0.2548
MDBE 0.1052 | 0.1065 | 0.1078 | 0.1091 | 0.1104
CCA-GHS-DI | 0.0777 | 0.0786 | 0.0796 | 0.0805 | 0.0815
CCA-GHS-DD | 0.0985 | 0.0997 | 0.1009 | 0.1021 | 0.1033
SePH 0.0427 | 0.0432 | 0.0437 | 0.0443 | 0.0448
CMSSH 0.0022 | 0.0022 | 0.0023 | 0.0023 | 0.0023
CCA-ITQ 0.0069 | 0.0070 | 0.0071 | 0.0071 | 0.0072
SCM 0.0128 | 0.0130 | 0.0131 | 0.0133 | 0.0134
CVH 0.0803 | 0.0813 | 0.0822 | 0.0832 | 0.0842
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Table B.9: F-measure results on FRGC dataset

FRGC
c 8 12 16 20 24
DMH 0.3406 | 0.5245 | 0.6703 | 0.7264 | 0.7825
MDBE 0.2056 | 0.2545 | 0.2653 | 0.2539 | 0.2425
CCA-GHS-DI | 0.1786 | 0.2275 | 0.2383 | 0.2269 | 0.2155
CCA-GHS-DD | 0.1843 | 0.2296 | 0.2426 | 0.2362 | 0.2298
SePH 0.1654 | 0.1987 | 0.2159 | 0.1703 | 0.1247
CMSSH 0.1648 | 0.1905 | 0.2210 | 0.1917 | 0.1624
CCA-ITQ 0.1615 | 0.1872 | 0.2136 | 0.1151 | 0.0166
SCM 0.0817 | 0.1246 | 0.1498 | 0.1581 | 0.1663
CVH 0.1611 | 0.1698 | 0.1754 | 0.1710 | 0.1667
FRGC
c 32 48 64 80 96
DMH 0.5661 | 0.5373 | 0.5085 | 0.3733 | 0.2381
MDBE 0.1611 | 0.1323 | 0.1035 | 0.1033 | 0.1031
CCA-GHS-DI | 0.1341 | 0.1053 | 0.0765 | 0.0763 | 0.0761
CCA-GHS-DD | 0.1538 | 0.1258 | 0.0977 | 0.0971 | 0.0965
SePH 0.0436 | 0.0433 | 0.0429 | 0.0424 | 0.0418
CMSSH 0.0016 | 0.0018 | 0.0020 | 0.0021 | 0.0022
CCA-ITQ 0.0207 | 0.0147 | 0.0088 | 0.0078 | 0.0067
SCM 0.1515 | 0.0873 | 0.0232 | 0.0179 | 0.0126
CVH 0.1517 | 0.1158 | 0.0799 | 0.0793 | 0.0787
FRGC
c 128 160 192 224 256
DMH 0.2429 | 0.2459 | 0.2489 | 0.2518 | 0.2548
MDBE 0.1052 | 0.1065 | 0.1078 | 0.1091 | 0.1104
CCA-GHS-DI | 0.0777 | 0.0786 | 0.0796 | 0.0805 | 0.0815
CCA-GHS-DD | 0.0985 | 0.0997 | 0.1009 | 0.1021 | 0.1033
SePH 0.0427 | 0.0432 | 0.0437 | 0.0443 | 0.0448
CMSSH 0.0022 | 0.0022 | 0.0023 | 0.0023 | 0.0023
CCA-ITQ 0.0069 | 0.0070 | 0.0071 | 0.0071 | 0.0072
SCM 0.0128 | 0.0130 | 0.0131 | 0.0133 | 0.0134
CVH 0.0803 | 0.0813 | 0.0822 | 0.0832 | 0.0842
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Table B.10: F-measure results on YouTube Faces dataset

YouTube Faces

c 8 12 16 20 24
DMH 0.3406 | 0.5245 | 0.6703 | 0.7264 | 0.7825
MDBE 0.2056 | 0.2545 | 0.2653 | 0.2539 | 0.2425

CCA-GHS-DI | 0.1786 | 0.2275 | 0.2383 | 0.2269 | 0.2155
CCA-GHS-DD | 0.1843 | 0.2296 | 0.2426 | 0.2362 | 0.2298
SePH 0.1654 | 0.1987 | 0.2159 | 0.1703 | 0.1247
CMSSH 0.1648 | 0.1905 | 0.2210 | 0.1917 | 0.1624
CCA-ITQ 0.1615 | 0.1872 | 0.2136 | 0.1151 | 0.0166
SCM 0.0817 | 0.1246 | 0.1498 | 0.1581 | 0.1663
CVH 0.1611 | 0.1698 | 0.1754 | 0.1710 | 0.1667
YouTube Faces

c 32 48 64 80 96
DMH 0.5661 | 0.5373 | 0.5085 | 0.3733 | 0.2381
MDBE 0.1611 | 0.1323 | 0.1035 | 0.1033 | 0.1031

CCA-GHS-DI | 0.1341 | 0.1053 | 0.0765 | 0.0763 | 0.0761
CCA-GHS-DD | 0.1538 | 0.1258 | 0.0977 | 0.0971 | 0.0965
SePH 0.0436 | 0.0433 | 0.0429 | 0.0424 | 0.0418
CMSSH 0.0016 | 0.0018 | 0.0020 | 0.0021 | 0.0022
CCA-ITQ 0.0207 | 0.0147 | 0.0088 | 0.0078 | 0.0067
SCM 0.1515 | 0.0873 | 0.0232 | 0.0179 | 0.0126
CVH 0.1517 | 0.1158 | 0.0799 | 0.0793 | 0.0787
YouTube Faces

c 128 160 192 224 256
DMH 0.2429 | 0.2459 | 0.2489 | 0.2518 | 0.2548
MDBE 0.1052 | 0.1065 | 0.1078 | 0.1091 | 0.1104

CCA-GHS-DI | 0.0777 | 0.0786 | 0.0796 | 0.0805 | 0.0815
CCA-GHS-DD | 0.0985 | 0.0997 | 0.1009 | 0.1021 | 0.1033
SePH 0.0427 | 0.0432 | 0.0437 | 0.0443 | 0.0448
CMSSH 0.0022 | 0.0022 | 0.0023 | 0.0023 | 0.0023
CCA-ITQ 0.0069 | 0.0070 | 0.0071 | 0.0071 | 0.0072
SCM 0.0128 | 0.0130 | 0.0131 | 0.0133 | 0.0134
CVH 0.0803 | 0.0813 | 0.0822 | 0.0832 | 0.0842
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Appendix C

Results of Hybrid Deep Neural
Network
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Table C.1: MAP results on CMU-PIE dataset

CMU-PIE
c 8 12 16 20 24
HDNN 0.2972 | 0.3630 | 0.4334 | 0.4783 | 0.5246
DMH 0.2713 | 0.3369 | 0.4048 | 0.4483 | 0.4960
MDBE 0.2554 | 0.3191 | 0.3902 | 0.4340 | 0.4820
CCA-GHS-DI | 0.2439 | 0.3029 | 0.3736 | 0.4224 | 0.4663
CCA-GHS-DD | 0.2623 | 0.3273 | 0.3878 | 0.4414 | 0.4961
SePH 0.2325 | 0.3090 | 0.3734 | 0.4266 | 0.4841
CMSSH 0.2472 | 0.3073 | 0.3439 | 0.4091 | 0.4634
CCA-ITQ 0.2396 | 0.3174 | 0.3532 | 0.3951 | 0.4399
SCM 0.2397 | 0.3059 | 0.3343 | 0.3552 | 0.3811
CVH 0.2567 | 0.2646 | 0.2836 | 0.2974 | 0.3154
CMU-PIE
c 32 48 64 80 96
HDNN 0.5904 | 0.6822 | 0.7811 | 0.8021 | 0.8376
DMH 0.5644 | 0.6575 | 0.7520 | 0.7796 | 0.8078
MDBE 0.5479 | 0.6445 | 0.7340 | 0.7663 | 0.7928
CCA-GHS-DI | 0.5366 | 0.6309 | 0.7191 | 0.7516 | 0.7775
CCA-GHS-DD | 0.5752 | 0.6574 | 0.7365 | 0.7658 | 0.7969
SePH 0.5476 | 0.6264 | 0.7047 | 0.7362 | 0.7741
CMSSH 0.5313 | 0.5912 | 0.6505 | 0.7138 | 0.7765
CCA-ITQ 0.4930 | 0.5593 | 0.6274 | 0.6749 | 0.7215
SCM 0.3946 | 0.4188 | 0.4404 | 0.4350 | 0.4251
CVH 0.4039 | 0.4126 | 0.4271 | 0.4468 | 0.4702
CMU-PIE
c 128 160 192 224 256
HDNN 0.8494 | 0.8615 | 0.8695 | 0.8831 | 0.8932
DMH 0.8239 | 0.8345 | 0.8440 | 0.8525 | 0.8649
MDBE 0.8082 | 0.8208 | 0.8271 | 0.8380 | 0.8512
CCA-GHS-DI | 0.7937 | 0.8034 | 0.8134 | 0.8234 | 0.8354
CCA-GHS-DD | 0.8118 | 0.8231 | 0.8342 | 0.8448 | 0.8517
SePH 0.7882 | 0.8004 | 0.8070 | 0.8189 | 0.8312
CMSSH 0.7932 | 0.7992 | 0.8070 | 0.8182 | 0.8266
CCA-ITQ 0.7364 | 0.7476 | 0.7578 | 0.7665 | 0.7741
SCM 0.4328 | 0.4392 | 0.4463 | 0.4483 | 0.4577
CVH 0.4783 | 0.4844 | 0.4920 | 0.4943 | 0.5056
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Table C.2: MAP results on Extended Yale B dataset

Extended Yale B

c 8 12 16 20 24
HDNN 0.2972 | 0.3630 | 0.4334 | 0.4783 | 0.5246
DMH 0.2713 | 0.3369 | 0.4048 | 0.4483 | 0.4960
MDBE 0.2554 | 0.3191 | 0.3902 | 0.4340 | 0.4820
CCA-GHS-DI | 0.2439 | 0.3029 | 0.3736 | 0.4224 | 0.4663
CCA-GHS-DD | 0.2623 | 0.3273 | 0.3878 | 0.4414 | 0.4961
SePH 0.2325 | 0.3090 | 0.3734 | 0.4266 | 0.4841
CMSSH 0.2472 | 0.3073 | 0.3439 | 0.4091 | 0.4634
CCA-ITQ 0.2396 | 0.3174 | 0.3532 | 0.3951 | 0.4399
SCM 0.2397 | 0.3059 | 0.3343 | 0.3552 | 0.3811
CVH 0.2567 | 0.2646 | 0.2836 | 0.2974 | 0.3154

Extended Yale B

c 32 48 64 80 96
HDNN 0.5904 | 0.6822 | 0.7811 | 0.8021 | 0.8376
DMH 0.5644 | 0.6575 | 0.7520 | 0.7796 | 0.8078
MDBE 0.5479 | 0.6445 | 0.7340 | 0.7663 | 0.7928
CCA-GHS-DI | 0.5366 | 0.6309 | 0.7191 | 0.7516 | 0.7775
CCA-GHS-DD | 0.5752 | 0.6574 | 0.7365 | 0.7658 | 0.7969
SePH 0.5476 | 0.6264 | 0.7047 | 0.7362 | 0.7741
CMSSH 0.5313 | 0.5912 | 0.6505 | 0.7138 | 0.7765
CCA-ITQ 0.4930 | 0.5593 | 0.6274 | 0.6749 | 0.7215
SCM 0.3946 | 0.4188 | 0.4404 | 0.4350 | 0.4251
CVH 0.4039 | 0.4126 | 0.4271 | 0.4468 | 0.4702

Extended Yale B

C 128 160 192 224 256
HDNN 0.8494 | 0.8615 | 0.8695 | 0.8831 | 0.8932
DMH 0.8239 | 0.8345 | 0.8440 | 0.8525 | 0.8649
MDBE 0.8082 | 0.8208 | 0.8271 | 0.8380 | 0.8512
CCA-GHS-DI | 0.7937 | 0.8034 | 0.8134 | 0.8234 | 0.8354
CCA-GHS-DD | 0.8118 | 0.8231 | 0.8342 | 0.844%8 | 0.8517
SePH 0.7882 | 0.8004 | 0.8070 | 0.8189 | 0.8312
CMSSH 0.7932 | 0.7992 | 0.8070 | 0.8182 | 0.8266
CCA-ITQ 0.7364 | 0.7476 | 0.7578 | 0.7665 | 0.7741
SCM 0.4328 | 0.4392 | 0.4463 | 0.4483 | 0.4577
CVH 0.4783 | 0.4844 | 0.4920 | 0.4943 | 0.5056
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Table C.3: MAP results on FERET dataset

FERET
c 8 12 16 20 24
HDNN 0.2972 | 0.3630 | 0.4334 | 0.4783 | 0.5246
DMH 0.2713 | 0.3369 | 0.4048 | 0.4483 | 0.4960
MDBE 0.2554 | 0.3191 | 0.3902 | 0.4340 | 0.4820
CCA-GHS-DI | 0.2439 | 0.3029 | 0.3736 | 0.4224 | 0.4663
CCA-GHS-DD | 0.2623 | 0.3273 | 0.3878 | 0.4414 | 0.4961
SePH 0.2325 | 0.3090 | 0.3734 | 0.4266 | 0.4841
CMSSH 0.2472 | 0.3073 | 0.3439 | 0.4091 | 0.4634
CCA-ITQ 0.2396 | 0.3174 | 0.3532 | 0.3951 | 0.4399
SCM 0.2397 | 0.3059 | 0.3343 | 0.3552 | 0.3811
CVH 0.2567 | 0.2646 | 0.2836 | 0.2974 | 0.3154
FERET
c 32 48 64 80 96
HDNN 0.5904 | 0.6822 | 0.7811 | 0.8021 | 0.8376
DMH 0.5644 | 0.6575 | 0.7520 | 0.7796 | 0.8078
MDBE 0.5479 | 0.6445 | 0.7340 | 0.7663 | 0.7928
CCA-GHS-DI | 0.5366 | 0.6309 | 0.7191 | 0.7516 | 0.7775
CCA-GHS-DD | 0.5752 | 0.6574 | 0.7365 | 0.7658 | 0.7969
SePH 0.5476 | 0.6264 | 0.7047 | 0.7362 | 0.7741
CMSSH 0.5313 | 0.5912 | 0.6505 | 0.7138 | 0.7765
CCA-ITQ 0.4930 | 0.5593 | 0.6274 | 0.6749 | 0.7215
SCM 0.3946 | 0.4188 | 0.4404 | 0.4350 | 0.4251
CVH 0.4039 | 0.4126 | 0.4271 | 0.4468 | 0.4702
FERET
c 128 160 192 224 256
HDNN 0.8494 | 0.8615 | 0.8695 | 0.8831 | 0.8932
DMH 0.8239 | 0.8345 | 0.8440 | 0.8525 | 0.8649
MDBE 0.8082 | 0.8208 | 0.8271 | 0.8380 | 0.8512
CCA-GHS-DI | 0.7937 | 0.8034 | 0.8134 | 0.8234 | 0.8354
CCA-GHS-DD | 0.8118 | 0.8231 | 0.8342 | 0.8448 | 0.8517
SePH 0.7882 | 0.8004 | 0.8070 | 0.8189 | 0.8312
CMSSH 0.7932 | 0.7992 | 0.8070 | 0.8182 | 0.8266
CCA-ITQ 0.7364 | 0.7476 | 0.7578 | 0.7665 | 0.7741
SCM 0.4328 | 0.4392 | 0.4463 | 0.4483 | 0.4577
CVH 0.4783 | 0.4844 | 0.4920 | 0.4943 | 0.5056
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Table C.4: MAP results on FRGC dataset

FRGC
c 8 12 16 20 24
HDNN 0.2972 | 0.3630 | 0.4334 | 0.4783 | 0.5246
DMH 0.2713 | 0.3369 | 0.4048 | 0.4483 | 0.4960
MDBE 0.2554 | 0.3191 | 0.3902 | 0.4340 | 0.4820
CCA-GHS-DI | 0.2439 | 0.3029 | 0.3736 | 0.4224 | 0.4663
CCA-GHS-DD | 0.2623 | 0.3273 | 0.3878 | 0.4414 | 0.4961
SePH 0.2325 | 0.3090 | 0.3734 | 0.4266 | 0.4841
CMSSH 0.2472 | 0.3073 | 0.3439 | 0.4091 | 0.4634
CCA-ITQ 0.2396 | 0.3174 | 0.3532 | 0.3951 | 0.4399
SCM 0.2397 | 0.3059 | 0.3343 | 0.3552 | 0.3811
CVH 0.2567 | 0.2646 | 0.2836 | 0.2974 | 0.3154
FRGC
c 32 48 64 80 96
HDNN 0.5904 | 0.6822 | 0.7811 | 0.8021 | 0.8376
DMH 0.5644 | 0.6575 | 0.7520 | 0.7796 | 0.8078
MDBE 0.5479 | 0.6445 | 0.7340 | 0.7663 | 0.7928
CCA-GHS-DI | 0.5366 | 0.6309 | 0.7191 | 0.7516 | 0.7775
CCA-GHS-DD | 0.5752 | 0.6574 | 0.7365 | 0.7658 | 0.7969
SePH 0.5476 | 0.6264 | 0.7047 | 0.7362 | 0.7741
CMSSH 0.5313 | 0.5912 | 0.6505 | 0.7138 | 0.7765
CCA-ITQ 0.4930 | 0.5593 | 0.6274 | 0.6749 | 0.7215
SCM 0.3946 | 0.4188 | 0.4404 | 0.4350 | 0.4251
CVH 0.4039 | 0.4126 | 0.4271 | 0.4468 | 0.4702
FRGC
c 128 160 192 224 256
HDNN 0.8494 | 0.8615 | 0.8695 | 0.8831 | 0.8932
DMH 0.8239 | 0.8345 | 0.8440 | 0.8525 | 0.8649
MDBE 0.8082 | 0.8208 | 0.8271 | 0.8380 | 0.8512
CCA-GHS-DI | 0.7937 | 0.8034 | 0.8134 | 0.8234 | 0.8354
CCA-GHS-DD | 0.8118 | 0.8231 | 0.8342 | 0.8448 | 0.8517
SePH 0.7882 | 0.8004 | 0.8070 | 0.8189 | 0.8312
CMSSH 0.7932 | 0.7992 | 0.8070 | 0.8182 | 0.8266
CCA-ITQ 0.7364 | 0.7476 | 0.7578 | 0.7665 | 0.7741
SCM 0.4328 | 0.4392 | 0.4463 | 0.4483 | 0.4577
CVH 0.4783 | 0.4844 | 0.4920 | 0.4943 | 0.5056
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Table C.5: MAP results on YouTube Faces dataset

YouTube Faces

c 8 12 16 20 24
HDNN 0.2972 | 0.3630 | 0.4334 | 0.4783 | 0.5246
DMH 0.2713 | 0.3369 | 0.4048 | 0.4483 | 0.4960
MDBE 0.2554 | 0.3191 | 0.3902 | 0.4340 | 0.4820
CCA-GHS-DI | 0.2439 | 0.3029 | 0.3736 | 0.4224 | 0.4663
CCA-GHS-DD | 0.2623 | 0.3273 | 0.3878 | 0.4414 | 0.4961
SePH 0.2325 | 0.3090 | 0.3734 | 0.4266 | 0.4841
CMSSH 0.2472 | 0.3073 | 0.3439 | 0.4091 | 0.4634
CCA-ITQ 0.2396 | 0.3174 | 0.3532 | 0.3951 | 0.4399
SCM 0.2397 | 0.3059 | 0.3343 | 0.3552 | 0.3811
CVH 0.2567 | 0.2646 | 0.2836 | 0.2974 | 0.3154

YouTube Faces

c 32 48 64 80 96
HDNN 0.5904 | 0.6822 | 0.7811 | 0.8021 | 0.8376
DMH 0.5644 | 0.6575 | 0.7520 | 0.7796 | 0.8078
MDBE 0.5479 | 0.6445 | 0.7340 | 0.7663 | 0.7928
CCA-GHS-DI | 0.5366 | 0.6309 | 0.7191 | 0.7516 | 0.7775
CCA-GHS-DD | 0.5752 | 0.6574 | 0.7365 | 0.7658 | 0.7969
SePH 0.5476 | 0.6264 | 0.7047 | 0.7362 | 0.7741
CMSSH 0.5313 | 0.5912 | 0.6505 | 0.7138 | 0.7765
CCA-ITQ 0.4930 | 0.5593 | 0.6274 | 0.6749 | 0.7215
SCM 0.3946 | 0.4188 | 0.4404 | 0.4350 | 0.4251
CVH 0.4039 | 0.4126 | 0.4271 | 0.4468 | 0.4702

YouTube Faces

C 128 160 192 224 256
HDNN 0.8494 | 0.8615 | 0.8695 | 0.8831 | 0.8932
DMH 0.8239 | 0.8345 | 0.8440 | 0.8525 | 0.8649
MDBE 0.8082 | 0.8208 | 0.8271 | 0.8380 | 0.8512
CCA-GHS-DI | 0.7937 | 0.8034 | 0.8134 | 0.8234 | 0.8354
CCA-GHS-DD | 0.8118 | 0.8231 | 0.8342 | 0.844%8 | 0.8517
SePH 0.7882 | 0.8004 | 0.8070 | 0.8189 | 0.8312
CMSSH 0.7932 | 0.7992 | 0.8070 | 0.8182 | 0.8266
CCA-ITQ 0.7364 | 0.7476 | 0.7578 | 0.7665 | 0.7741
SCM 0.4328 | 0.4392 | 0.4463 | 0.4483 | 0.4577
CVH 0.4783 | 0.4844 | 0.4920 | 0.4943 | 0.5056
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Table C.6: F-measure results on CMU-PIE dataset

CMU-PIE
c 8 12 16 20 24
HDNN 0.3541 | 0.5393 | 0.6836 | 0.7397 | 0.7958
DMH 0.3406 | 0.5245 | 0.6703 | 0.7264 | 0.7825
MDBE 0.2056 | 0.2545 | 0.2653 | 0.2539 | 0.2425
CCA-GHS-DI | 0.1786 | 0.2275 | 0.2383 | 0.2269 | 0.2155
CCA-GHS-DD | 0.1843 | 0.2296 | 0.2426 | 0.2362 | 0.2298
SePH 0.1654 | 0.1987 | 0.2159 | 0.1703 | 0.1247
CMSSH 0.1648 | 0.1905 | 0.2210 | 0.1917 | 0.1624
CCA-ITQ 0.1615 | 0.1872 | 0.2136 | 0.1151 | 0.0166
SCM 0.0817 | 0.1246 | 0.1499 | 0.1581 | 0.1663
CVH 0.1611 | 0.1698 | 0.1754 | 0.1710 | 0.1667
CMU-PIE
c 32 48 64 80 96
HDNN 0.5796 | 0.5508 | 0.5220 | 0.3868 | 0.2516
DMH 0.5661 | 0.5373 | 0.5085 | 0.3733 | 0.2381
MDBE 0.1611 | 0.1323 | 0.1035 | 0.1033 | 0.1031
CCA-GHS-DI | 0.1341 | 0.1053 | 0.0765 | 0.0763 | 0.0761
CCA-GHS-DD | 0.1538 | 0.1258 | 0.0977 | 0.0971 | 0.0965
SePH 0.0436 | 0.0433 | 0.0429 | 0.0424 | 0.0419
CMSSH 0.0016 | 0.0018 | 0.0020 | 0.0021 | 0.0022
CCA-ITQ 0.0207 | 0.0147 | 0.0088 | 0.0078 | 0.0067
SCM 0.1515 | 0.0873 | 0.0232 | 0.0179 | 0.0126
CVH 0.1517 | 0.1158 | 0.0799 | 0.0793 | 0.0787
CMU-PIE
c 128 160 192 224 256
HDNN 0.2567 | 0.2598 | 0.2630 | 0.2661 | 0.2693
DMH 0.2429 | 0.2459 | 0.2489 | 0.2518 | 0.2548
MDBE 0.1052 | 0.1065 | 0.1078 | 0.1091 | 0.1104
CCA-GHS-DI | 0.0777 | 0.0786 | 0.0796 | 0.0805 | 0.0815
CCA-GHS-DD | 0.0985 | 0.0997 | 0.1009 | 0.1021 | 0.1033
SePH 0.0427 | 0.0432 | 0.0437 | 0.0443 | 0.0448
CMSSH 0.0022 | 0.0022 | 0.0023 | 0.0023 | 0.0023
CCA-ITQ 0.0069 | 0.0070 | 0.0071 | 0.0071 | 0.0072
SCM 0.0128 | 0.0130 | 0.0131 | 0.0133 | 0.0134
CVH 0.0803 | 0.0813 | 0.0822 | 0.0832 | 0.0842

113




Table C.7: F-measure results on Extended Yale B dataset

Extended Yale B

c 8 12 16 20 24
HDNN 0.3541 | 0.5393 | 0.6836 | 0.7397 | 0.7958
DMH 0.3406 | 0.5245 | 0.6703 | 0.7264 | 0.7825
MDBE 0.2056 | 0.2545 | 0.2653 | 0.2539 | 0.2425
CCA-GHS-DI | 0.1786 | 0.2275 | 0.2383 | 0.2269 | 0.2155
CCA-GHS-DD | 0.1843 | 0.2296 | 0.2426 | 0.2362 | 0.2298
SePH 0.1654 | 0.1987 | 0.2159 | 0.1703 | 0.1247
CMSSH 0.1648 | 0.1905 | 0.2210 | 0.1917 | 0.1624
CCA-ITQ 0.1615 | 0.1872 | 0.2136 | 0.1151 | 0.0166
SCM 0.0817 | 0.1246 | 0.1499 | 0.1581 | 0.1663
CVH 0.1611 | 0.1698 | 0.1754 | 0.1710 | 0.1667

Extended Yale B

c 32 48 64 80 96
HDNN 0.5796 | 0.5508 | 0.5220 | 0.3868 | 0.2516
DMH 0.5661 | 0.5373 | 0.5085 | 0.3733 | 0.2381
MDBE 0.1611 | 0.1323 | 0.1035 | 0.1033 | 0.1031
CCA-GHS-DI | 0.1341 | 0.1053 | 0.0765 | 0.0763 | 0.0761
CCA-GHS-DD | 0.1538 | 0.1258 | 0.0977 | 0.0971 | 0.0965
SePH 0.0436 | 0.0433 | 0.0429 | 0.0424 | 0.0419
CMSSH 0.0016 | 0.0018 | 0.0020 | 0.0021 | 0.0022
CCA-ITQ 0.0207 | 0.0147 | 0.0088 | 0.0078 | 0.0067
SCM 0.1515 | 0.0873 | 0.0232 | 0.0179 | 0.0126
CVH 0.1517 | 0.1158 | 0.0799 | 0.0793 | 0.0787

Extended Yale B

C 128 160 192 224 256
HDNN 0.2567 | 0.2598 | 0.2630 | 0.2661 | 0.2693
DMH 0.2429 | 0.2459 | 0.2489 | 0.2518 | 0.2548
MDBE 0.1052 | 0.1065 | 0.1078 | 0.1091 | 0.1104
CCA-GHS-DI | 0.0777 | 0.0786 | 0.0796 | 0.0805 | 0.0815
CCA-GHS-DD | 0.0985 | 0.0997 | 0.1009 | 0.1021 | 0.1033
SePH 0.0427 | 0.0432 | 0.0437 | 0.0443 | 0.0448
CMSSH 0.0022 | 0.0022 | 0.0023 | 0.0023 | 0.0023
CCA-ITQ 0.0069 | 0.0070 | 0.0071 | 0.0071 | 0.0072
SCM 0.0128 | 0.0130 | 0.0131 | 0.0133 | 0.0134
CVH 0.0803 | 0.0813 | 0.0822 | 0.0832 | 0.0842

114




Table C.8: F-measure results on FERET dataset

FERET
c 8 12 16 20 24
HDNN 0.3541 | 0.5393 | 0.6836 | 0.7397 | 0.7958
DMH 0.3406 | 0.5245 | 0.6703 | 0.7264 | 0.7825
MDBE 0.2056 | 0.2545 | 0.2653 | 0.2539 | 0.2425
CCA-GHS-DI | 0.1786 | 0.2275 | 0.2383 | 0.2269 | 0.2155
CCA-GHS-DD | 0.1843 | 0.2296 | 0.2426 | 0.2362 | 0.2298
SePH 0.1654 | 0.1987 | 0.2159 | 0.1703 | 0.1247
CMSSH 0.1648 | 0.1905 | 0.2210 | 0.1917 | 0.1624
CCA-ITQ 0.1615 | 0.1872 | 0.2136 | 0.1151 | 0.0166
SCM 0.0817 | 0.1246 | 0.1499 | 0.1581 | 0.1663
CVH 0.1611 | 0.1698 | 0.1754 | 0.1710 | 0.1667
FERET
c 32 48 64 80 96
HDNN 0.5796 | 0.5508 | 0.5220 | 0.3868 | 0.2516
DMH 0.5661 | 0.5373 | 0.5085 | 0.3733 | 0.2381
MDBE 0.1611 | 0.1323 | 0.1035 | 0.1033 | 0.1031
CCA-GHS-DI | 0.1341 | 0.1053 | 0.0765 | 0.0763 | 0.0761
CCA-GHS-DD | 0.1538 | 0.1258 | 0.0977 | 0.0971 | 0.0965
SePH 0.0436 | 0.0433 | 0.0429 | 0.0424 | 0.0419
CMSSH 0.0016 | 0.0018 | 0.0020 | 0.0021 | 0.0022
CCA-ITQ 0.0207 | 0.0147 | 0.0088 | 0.0078 | 0.0067
SCM 0.1515 | 0.0873 | 0.0232 | 0.0179 | 0.0126
CVH 0.1517 | 0.1158 | 0.0799 | 0.0793 | 0.0787
FERET
c 128 160 192 224 256
HDNN 0.2567 | 0.2598 | 0.2630 | 0.2661 | 0.2693
DMH 0.2429 | 0.2459 | 0.2489 | 0.2518 | 0.2548
MDBE 0.1052 | 0.1065 | 0.1078 | 0.1091 | 0.1104
CCA-GHS-DI | 0.0777 | 0.0786 | 0.0796 | 0.0805 | 0.0815
CCA-GHS-DD | 0.0985 | 0.0997 | 0.1009 | 0.1021 | 0.1033
SePH 0.0427 | 0.0432 | 0.0437 | 0.0443 | 0.0448
CMSSH 0.0022 | 0.0022 | 0.0023 | 0.0023 | 0.0023
CCA-ITQ 0.0069 | 0.0070 | 0.0071 | 0.0071 | 0.0072
SCM 0.0128 | 0.0130 | 0.0131 | 0.0133 | 0.0134
CVH 0.0803 | 0.0813 | 0.0822 | 0.0832 | 0.0842
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Table C.9: F-measure results on FRGC dataset

FRGC
c 8 12 16 20 24
HDNN 0.3541 | 0.5393 | 0.6836 | 0.7397 | 0.7958
DMH 0.3406 | 0.5245 | 0.6703 | 0.7264 | 0.7825
MDBE 0.2056 | 0.2545 | 0.2653 | 0.2539 | 0.2425
CCA-GHS-DI | 0.1786 | 0.2275 | 0.2383 | 0.2269 | 0.2155
CCA-GHS-DD | 0.1843 | 0.2296 | 0.2426 | 0.2362 | 0.2298
SePH 0.1654 | 0.1987 | 0.2159 | 0.1703 | 0.1247
CMSSH 0.1648 | 0.1905 | 0.2210 | 0.1917 | 0.1624
CCA-ITQ 0.1615 | 0.1872 | 0.2136 | 0.1151 | 0.0166
SCM 0.0817 | 0.1246 | 0.1499 | 0.1581 | 0.1663
CVH 0.1611 | 0.1698 | 0.1754 | 0.1710 | 0.1667
FRGC
c 32 48 64 80 96
HDNN 0.5796 | 0.5508 | 0.5220 | 0.3868 | 0.2516
DMH 0.5661 | 0.5373 | 0.5085 | 0.3733 | 0.2381
MDBE 0.1611 | 0.1323 | 0.1035 | 0.1033 | 0.1031
CCA-GHS-DI | 0.1341 | 0.1053 | 0.0765 | 0.0763 | 0.0761
CCA-GHS-DD | 0.1538 | 0.1258 | 0.0977 | 0.0971 | 0.0965
SePH 0.0436 | 0.0433 | 0.0429 | 0.0424 | 0.0419
CMSSH 0.0016 | 0.0018 | 0.0020 | 0.0021 | 0.0022
CCA-ITQ 0.0207 | 0.0147 | 0.0088 | 0.0078 | 0.0067
SCM 0.1515 | 0.0873 | 0.0232 | 0.0179 | 0.0126
CVH 0.1517 | 0.1158 | 0.0799 | 0.0793 | 0.0787
FRGC
c 128 160 192 224 256
HDNN 0.2567 | 0.2598 | 0.2630 | 0.2661 | 0.2693
DMH 0.2429 | 0.2459 | 0.2489 | 0.2518 | 0.2548
MDBE 0.1052 | 0.1065 | 0.1078 | 0.1091 | 0.1104
CCA-GHS-DI | 0.0777 | 0.0786 | 0.0796 | 0.0805 | 0.0815
CCA-GHS-DD | 0.0985 | 0.0997 | 0.1009 | 0.1021 | 0.1033
SePH 0.0427 | 0.0432 | 0.0437 | 0.0443 | 0.0448
CMSSH 0.0022 | 0.0022 | 0.0023 | 0.0023 | 0.0023
CCA-ITQ 0.0069 | 0.0070 | 0.0071 | 0.0071 | 0.0072
SCM 0.0128 | 0.0130 | 0.0131 | 0.0133 | 0.0134
CVH 0.0803 | 0.0813 | 0.0822 | 0.0832 | 0.0842
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Table C.10: F-measure results on YouTube Faces dataset

YouTube Faces

c 8 12 16 20 24
HDNN 0.3541 | 0.5393 | 0.6836 | 0.7397 | 0.7958
DMH 0.3406 | 0.5245 | 0.6703 | 0.7264 | 0.7825
MDBE 0.2056 | 0.2545 | 0.2653 | 0.2539 | 0.2425
CCA-GHS-DI | 0.1786 | 0.2275 | 0.2383 | 0.2269 | 0.2155
CCA-GHS-DD | 0.1843 | 0.2296 | 0.2426 | 0.2362 | 0.2298
SePH 0.1654 | 0.1987 | 0.2159 | 0.1703 | 0.1247
CMSSH 0.1648 | 0.1905 | 0.2210 | 0.1917 | 0.1624
CCA-ITQ 0.1615 | 0.1872 | 0.2136 | 0.1151 | 0.0166
SCM 0.0817 | 0.1246 | 0.1499 | 0.1581 | 0.1663
CVH 0.1611 | 0.1698 | 0.1754 | 0.1710 | 0.1667

YouTube Faces

c 32 48 64 80 96
HDNN 0.5796 | 0.5508 | 0.5220 | 0.3868 | 0.2516
DMH 0.5661 | 0.5373 | 0.5085 | 0.3733 | 0.2381
MDBE 0.1611 | 0.1323 | 0.1035 | 0.1033 | 0.1031
CCA-GHS-DI | 0.1341 | 0.1053 | 0.0765 | 0.0763 | 0.0761
CCA-GHS-DD | 0.1538 | 0.1258 | 0.0977 | 0.0971 | 0.0965
SePH 0.0436 | 0.0433 | 0.0429 | 0.0424 | 0.0419
CMSSH 0.0016 | 0.0018 | 0.0020 | 0.0021 | 0.0022
CCA-ITQ 0.0207 | 0.0147 | 0.0088 | 0.0078 | 0.0067
SCM 0.1515 | 0.0873 | 0.0232 | 0.0179 | 0.0126
CVH 0.1517 | 0.1158 | 0.0799 | 0.0793 | 0.0787

YouTube Faces

C 128 160 192 224 256
HDNN 0.2567 | 0.2598 | 0.2630 | 0.2661 | 0.2693
DMH 0.2429 | 0.2459 | 0.2489 | 0.2518 | 0.2548
MDBE 0.1052 | 0.1065 | 0.1078 | 0.1091 | 0.1104
CCA-GHS-DI | 0.0777 | 0.0786 | 0.0796 | 0.0805 | 0.0815
CCA-GHS-DD | 0.0985 | 0.0997 | 0.1009 | 0.1021 | 0.1033
SePH 0.0427 | 0.0432 | 0.0437 | 0.0443 | 0.0448
CMSSH 0.0022 | 0.0022 | 0.0023 | 0.0023 | 0.0023
CCA-ITQ 0.0069 | 0.0070 | 0.0071 | 0.0071 | 0.0072
SCM 0.0128 | 0.0130 | 0.0131 | 0.0133 | 0.0134
CVH 0.0803 | 0.0813 | 0.0822 | 0.0832 | 0.0842
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