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Abstract

Multi-view data analysis is a key technology for making effective decisions by leveraging
information from multiple data sources. The process of data acquisition across various
sensory modalities gives rise to the heterogeneous property of data. In my thesis,
multi-view data representations are studied towards exploiting the enriched information
encoded in different domains or feature types, and novel algorithms are formulated to
enhance feature discriminability. Extracting informative data representation is a critical
step in visual recognition and data mining tasks. Multi-view embeddings provide a
new way of representation learning to bridge the semantic gap between the low-level
observations and high-level human comprehensible knowledge benefitting from enriched
information in multiple modalities.

Recent advances on multi-view learning have introduced a new paradigm in jointly mod-
eling cross-modal data. Subspace learning method, which extracts compact features by
exploiting a common latent space and fuses multi-view information, has emerged proimi-
nent among different categories of multi-view learning techniques. This thesis provides
novel solutions in learning compact and discriminative multi-view data representations by
exploiting the data structures in low dimensional subspace. We also demonstrate the
performance of the learned representation scheme on a number of challenging tasks in
recognition, retrieval and ranking problems.

The major contribution of the thesis is a unified solution for subspace learning methods,
which is extensible for multiple views, supervised learning, and non-linear transformations.
Traditional statistical learning techniques including Canonical Correlation Analysis, Partial
Least Square regression and Linear Discriminant Analysis are studied by constructing
graphs of specific forms under the same framework. Methods using non-linear trans-
forms based on kernels and (deep) neural networks are derived, which lead to superior
performance compared to the linear ones. A novel multi-view discriminant embedding
method is proposed by taking the view difference into consideration. Secondly, a multi-
view nonparametric discriminant analysis method is introduced by exploiting the class
boundary structure and discrepancy information of the available views. This allows for
multiple projecion directions, by relaxing the Gaussian distribution assumption of related
methods. Thirdly, we propose a composite ranking method by keeping a close correlation
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with the individual rankings for optimal rank fusion. We propose a multi-objective solution
to ranking problems by capturing inter-view and intra-view information using autoencoder-
like networks. Finally, a novel end-to-end solution is introduced to enhance joint ranking
with minimum view-specific ranking loss, so that we can achieve the maximum global
view agreements within a single optimization process.

In summary, this thesis aims to address the challenges in representing multi-view data
across different tasks. The proposed solutions have shown superior performance in nu-
merous tasks, including object recognition, cross-modal image retrieval, face recognition
and object ranking.
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1 Introduction

1.1 Objective

The goal of the thesis is to analyze and learn data representations in different domains
or feature types. In particular, the aim is to improve the performance of multi-view data
analysis in numerous applications by exploiting the enriched information coming from
various sources. Different groups of feature vectors are considered as views, and a
view therefore includes feature vectors in a specific domain/modality, e.g. image, text or
speech, or from a dedicated descriptor, e.g. color descriptor, texture descriptor, shape
descriptor or audio descriptor. Cross-modal matching is also enabled on heterogeneous
data, where direct matchings of data samples across feature spaces is infeasible. This is
in contrast to applications like text-based image retrieval, which largely take advantage
of ground truth textual labels surrounding the images. Although these applications
are relatively successful under certain circumstances, the deficiency in developing the
cross-modal learning capability limits them in fully understanding images.

Extracting informative data representations is a critical step in visual recognition and data
mining tasks. It aims to bridge the semantic gap between the low-level feature represen-
tations and high-level human comprehensible knowledge. This thesis introduces several
techniques in learning multi-view data representations using subspace learning tech-
nigues, and formulates novel algorithms to enhance feature discriminability. The learned
feature representation provides a discriminative input for the future tasks. Moreover,
end-to-end solutions are formulated to strenghten the learning capabability by optimizing
the entire system thoroughly. To this end, the performance of many challenging problems
in visual recognition and data mining is improved.

1.2 Motivation

Our intuition is that, visual objects are described from various view points and/or modali-
ties. The process of identifying an object can not only benefit from visual descriptions, but
interactions with image captions and enriched attributes [2]. With a huge volume of data
generated from sensor technologies, visual recognition and data mining problems urge

11



12 Chapter 1. Introduction

people to dive into multi-view and cross-domain learning [3, 4]. Meanwhile, the process
of data acquisition across diverse domains or representations by using different types of
feature extraction methods give rise to the heterogeneous property of data. Therefore, in
order to analyze the heterogeneous data, multi-view and cross-modal learning algorithms
are formulated to significantly improve the performance of machine learning [4, 3]. The
research of multi-view data analysis is of great importance, and is able to improve the
performance of numerous applications, which include but are not limited to

» Cross-modal Multimedia Retrieval. This application uses queries from one do-
main (e.g. text) while seeking for similar contents from another domain (e.g. image).
Examples can be found in [5, 3, 6].

» Object Recognition. With high-level semantic information embedded in the recog-
nition model, the object recognition performance can be improved [7, 8].

e Face Photo-Sketch Recognition. The cross-modal matching between faces
and sketches is made possible when their features are embedded in the shared
subspace. Examples can be found in [9, 10].

» Multi-view Learning to Rank. The traditional ranking model evaluates the rele-
vance between every pair of query and data by combining the features in an optimal
way. In contrast, the relevance of the same pairs may differ from various ranking
sources. A potential compositive ranking is provided as the solution to maximize
the global agreement.

» Visual question answering. Two models are built to encode the visual and
language views. Image and question embeddings are combined to obtain a single
model, so that the visual question answering can be achieved [11].

1.3 Thesis Outline

The rest of the thesis is organized as follows. Chapter 2 reviews the literature of subspace
learning, regularization and in particularly multi-view learning. The thesis contribution
is presented in details in Chapter 3. A unified formulation to generalize the multi-view
subspace learning methods is introduced. It is then extended to nonlinear mappings
using kernels and neural networks. A new regularization scheme form linear multi-view
subspace learning is described to prevent overfitting. A nonparametric multi-view learning
technique is also introduced, which enables multiple projection directions, by relaxing the
Gaussian distribution assumption of related methods. In the end, a composite ranking
method from multiple sources is proposed to enhance the joint ranking and minimize the
view-specific ranking loss. A schematic diagram illustrating the relation between methods
in the thesis is shown in Figure 1.1.
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’ Multi-view Data Analysis ‘
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Figure 1.1: The schematic view of the thesis outline.
1.4 Contributions and Publications

The major contribution of this thesis is the proposal of a unified framework of multi-view
data mapping, which is described in [P1]. A nonparametric extension is introduced in [P2],
and further extension with Dropout-like regularization can be found in [P3]. Moreover,
a multi-view learning to rank method, as an importance application of multi-view data
analysis, is developed and described in [P4].

In [P1], an unified solution for subspace learning methods is proposed using the Rayleigh
quotient, which is extensible for multiple views, supervised learning, and nonlinear
embeddings. The proposed framework is generalized to numerous statistical learning
methods including Canonical Correlation Analysis, Partial Least Square regression and
Linear Discriminant Analysis with graphs in specific forms. It is also extented to nonlinear
mappings using kernel and neural network-based methods. A simple yet effective Multi-
view Modular Discriminant Analysis is proposed by introducing the view difference. The
proposed multi-view embedding methods have shown superior performance in visual
object recongition and cross-modal multimedia retrieval. The candidate is the first author
of this publication and is responsible for developing most of the methods, performing all
experiments and writing the manuscript.

In [P2], a novel multi-view nonparametric discriminant analysis method is proposed and
achieves superior performance in cross-modal image retrieval and zero-shot recognition.
The class boundary structure and view discrepancy is exploited to formulate an opti-
mization criterion which is automatically adjusted to the multi-view class structures. The
advantage of the new method is that it enables multiple projection directions, by relaxing
the Gaussian distribution assumption of related methods. A better class discrimination
is obtained using the new graph formulation leading to an improved performance. The
candidate is the first author of this publication and is responsible for developing the whole
methods, performing all experiments and writing the manuscript.
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In [P3], inspired by the regularization for neural networks, a novel regularizer is introduced
to artificially remove the effect of certain amount of feature bins using the probabilistic
approach to prevent linear multi-view subspace learning from overfitting. A joint dropout-
regularized multi-modal subspace learning algorithm is formulated which integrates within-
class similarities and between-class separabilties to achieve good class separation. The
objective function can be solved efficiently, and the method demontrates its effectiveness
in face-sketch recognition and cross-modal retrieval problems. The candidate is the first
author of this publication and is responsible for developing the whole methods, performing
all experiments and writing the manuscript.

In [P4], a multi-view learning to rank is developed, which is one of the few methods
in data mining. A composite ranking method is introduced to keep a close correlation
with the individual rankings. Multi-objective solutions to ranking is devised by capturing
the information of the feature mapping from both within each view as well as across
views using autoencoder-like networks. Moreover, we introduce an end-to-end solution to
enhance the joint ranking with minimum view-specific ranking loss, so that the maximum
global view agreement is achieved in a single optimization process. Superior ranking
results are achieved on university ranking, multi-view lingual text ranking and image data
ranking problems. The candidate is the first author of this publication and is responsible
for developing the whole methods, performing all experiments and writing the manuscript.



2 Related Work

In this chapter, we firstly review the subspace learning algorithms. Then, several impor-
tant regularization methods are reviewed. Relevent methods in multi-view learning are
elaborated. Finally, some applications of interest are provided.

2.1 Subspace Learning

Subspace learning is an important data analysis approach which is used to extract
salient features from data. The main idea is to project the high-dimensional data into
the low-dimensional space by fitting certain criteria, so that the relevant information
to the subsequent processing is maintained [12, 13]. This type of approaches can be
classified into three categories, based on the availability of class labels: unsupervised
methods, supervised methods and semi-supervised methods. Unsupervised methods
learn the underlying data patterns by using the similarities between samples. Traditional
methods like principal component analysis (PCA) belong to this category. Supervised
methods are effective in extracting discriminative features from the labeled data, and thus
leading to good results in classification. Linear discriminant analysis (LDA) as the most
representative supervised method, shows superior results in face recognition compared
to PCA [14]. Semi-supervised methods make use of both labeled and unlabeled data,
e.g. semi-supervised discriminant analysis (SDA) extends the objective function of LDA
by using a graph-based regularization term. Many subspace learning methods can be
described as specific cases of the graph embedding framework [15]. We describe these
techniques in details in following sections.

2.1.1 Graph Embedding

Graph embedding has been considered as a general framework for dimensionality
reduction [15, 16]. The basic idea is to find a mapping function F : X CRP>*N _ Y [
RI*N to map the data from the original high-dimensional space to a low-dimensional
space, where D > d is the dimensionality of the feature space and N is the number of
samples. The function F can be linear or nonlinear, implicit or explicit, depending on the
method used to define the data projection. The method assumes that we can develop

15
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a weighted graph G = {X, VV} with similarity matrix V CRN>*N over the training data
X =[Xy, -+ ,Xn] CRP*N. A graph Laplacian matrix L = D — V can then be defined,
where

1
D[i,i] = Vij, and DI[i, j] = 0 for 0 j. (2.1)
j
We also define a penalty graph GP = {X, VVP} formed by the same vertices X but using
a different similarity weight matrix \VVP. The data is projected to a latent space, where the
similarity charateristics of VP are suppressed. Considering the sample-wise projection to

y =[y1,¥2, -+ ,yn] CRF, the graph-preserving objective is
1
WL argmin W —y;j2Vi; = argmin yLy5 (2.2)
Trly Cy B34 jgj Tr(y Cy H3q

where ¢ is a constant and C is a matrix used to constrain the minimization of the objective
function. C is also a diagonal matrix for scale optimization, and can also be the Laplacian
matix of a penalty graph GP. In the latter case, C = LP = DP — VP, Similar to (2.1), DP
is the diagnal matrix. The graph-preserving objective is the criterion of graph embedding
for all vertices. While the graph vertices in direct graph embeddings only presents the
training data, it can be extended to new test data in the original feature space.

The mapping F : X - Y defined by 2.2 can take three forms:

Linear: We consider linear projections of the original data x; [RP to a low-dimensional
feature space RY, d < D, which is expressed as Y = W =X, where W [CRP>? s the
data projection matrix. The objective function in (2.2) can be expressed as
L1
whE arg min W " — W ] 2v;; = arg min W B X DY,
Tr(W EXCX BW)=q i2j Tr(W EXCX BW)=q

(2.3)
Kernel-based: The idea behind kernel methods is to map the data from the original
feature space RP to a higher dimensional Hilbert space F. Let us define ¢() as the
nonlinear function mapping x; CRP to F, and ® = [@(X1), ..., ®(Xn)] as the data matrix
in F. The kernel trick [17] is exploited in order to implicitly map the data to arbitrary space
F, and the kernel matrix K = ® "®'contains the inner products between the training
samples in the Hilbert space, which can also be written as

[Klij = ki, Xj)] = 0(xi) "olx;), (2.4)

where K(:, -) is the so-called kernel function. The centered Gram matrix is K=K-
L1K-LK15+ L 1K1, where 1 CRN*N is an all-ones matrix. In order to find the
optimal projection, we can express W of each view as a linear combination of the training
samples in the kernel space based on the Representer Theorem [18, 19]. The data

projecttion matrix can be expressed by using a new weight matrix A as

W = DA, (2.5)
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The feature mapping in kernel methods can be derived as

Y =whe'= Ate'te'= ATK. (2.6)
The objective function in (2.2) is written as
1
AL argmin A% - A% EVij= argmin  ATKLKA (2.7)
Tr(ATKCKA)=q i=j Tr(ATKCKA)=q

Neural networks-based: The data mappnig F can take the form of a neural network with
M layers, where 8; contains the weight parameters in the jth layer, j = 1,...,M. The
network weights © = [84, ..., 0\ ] are learned by applying stochastic gradient descent
(SGD), and F(-; ©) is a nonlinear mapping function which maps X to the representation
of the last hidden layer Z of the network, i.e.

Z =F(X;0). (2.8)

© is the weight matrix trained by applying backpropagation in the network. The objective
function in (2.2) for feature mapping using the hierarchical representation obtained using
the neural network is expressed as

WL argmin wtzlztWw (2.9)
Tr(W EZEZW)=q
= argmin WizZLz'w (2.10)

TF(W Im):q W IQ:Z IW,

where C is the Laplacian matrix of the penalty graph GP. The optimization problems in
(2.3), (2.7) and (2.10) can be solved as a generalized eigenvalue problem in the following

Lv=ACv, (2.112)

where A is the set of eigenvalues and v is the set of eigenvectors.

2.1.2 Dimensionality Reduction
2.1.2.1 Unsupervised Methods
PCA is the classical method for dimensionality reduction by maximizing the variance of

data in the projection space. PCA makes three general assumptions:

1. Linearity: PCA is limited to re-expressing the data as a linear combination of its
basis vectors.

2. The data with large variances contains important structure. Specifically, by as-
suming the data has a high signal to noise ratio, principal components with larger
associated variances represent interesting information.
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3. The principal components are orthogonal. It allows an intuitive simplification which
makes PCA solvable with linear algebra decomposition techniques.

The detailed process is summarized as follows. Given X [CRP*N where D is the
number of dimensions and N is the number of samples, we firstly center the data
X=X- & X. Then, the SVD is calculated to the half of the input data which is x’lﬁ)_( L
or the eigenvectors of the covariance (Zx = ﬁXX O\ is a subset of the eigenvectors
corresponding to the leading eigenvalues. Finally, we can project X to the new space Y
with a reduced dimensionality as Y = W X

PCA finds and removes the projection directions with minimal variance, which can be
expressed in graph embedding as

WL arg maxw F=\Ww, (2.12)
W tW=1
where = = L X(I — & ee X g the covariance matrix, e is an N-dimensional vector of
ones and | is an identity matrix.

Partial least squares (PLS) regression [20] also finds a linear combination of input basis
vectors for regression. It peroforms the eigenanalysis of a variance matrix between
inputs X and Y. As in the case of PCA, the scaling of the variables has a impact on the
solutions of the PLS. When expressing the PLS as a graph embedding , the variance

between X and Y, i.e. 1 1
s =01 1 (2.13)

is used in (2.12).

2.1.2.2 Supervised Methods

Linear Discriminant Analysis (LDA) [21] finds a projection by maximizing the ratio of the
between-class scatter to the within-class scatter. Let us define by pi; the mean vector of
the c'th class, formed by N. samples, and 1 the global mean. Then, LDA optimizes the
following criterion:

J =ar maxM = ar maxTr(W X ) (2.14)
Y X THWEOW) oy Tr(W EXL X W) :
where

I— 44—,
P= Nc(He— W)(Hc— )= X Oeee = yee X (2.15)

c=1 c=1 ¢

1 1

L | 2|

Q= (i~ H)OG—H) =X 1= Zrece X (2.16)
C

i=1 c=1
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Nonlinear extensions with kernels include KDA [22] and KRDA [23].

Locality Preserving Projections (LPP) [24] seeks the k nearest neighbors of the sample X;,
among the samples having the same class label as X;. It preserves the local information,
and obtains a latent space which contains the salient manifold structure. The data
projection matrix W is obtained using the same generalized optimization form as (2.14),
while its graph Laplacian matrix C of the penalty graph is formulated by integrating the

discriminative information as follows
1

—x; 2]
. L=22= it x ON0x) or xj CN(x0); (2.17)

IFI otherwise.

2.2 Regularization

A model is trained involving all D dimensions, but the estimated coefficients are shrunken
towards zero relative to the least squares estimates. The regularization method also
known as shrinkage has the effect of reducing variance and can perform variable selection
[25]. It has been largely applied to tackle model overfitting. We discuss several recent
techniques for regularization.

2.2.1 [inorm Regularization

An additional regularization term is added to the objective function to reduce the model
complexity. Suppose we have a loss function L(X, y|8), the regularized objective then is

L(X,yl8) = L(X, y|8) + aR(8), (2.18)

where R(0) is the regularization term, and a is a control parameter.

The general form of [3norm based regularization is R(8) = I%‘G}I [g] When p < 1, the
objective is a convex optimization problem. In particular, the [zinorm regularization is
commonly used which is known as weight decay. When p < 1, the resulting regularization
exploits the sparsity of the objective function with a non-convex optimization.

2.2.2 Dropout and DropConnect

Dropout [26, 27] has been originally proposed as a regularization strategy for neural
networks training. It prunes the neurons in the network to effectively regularize the model
in an online fashion. It can be also considered analogously as a bagging ensembles of
many large neural networks, which learns the network output weights. The outputs of the
synthetic hidden layer by dropout is written as

z=mjcoPi:WJ), i=1,--- N, t=1,---,T, (2.19)
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where - denotes the Hadamard product of two vectors and m;  CRI™ is a binary mask
vector with each element equal to 1 with probability p and equal to 0 with (1 — p), and
n; the number of neurons in the Ith layer. We denote i as the number of samples, and
t is the epoch of network training. The binary mask m; ; is selected independently for
each sample from a Bernoulli distirbution and changes over the training iterations, and
therefore, the trained model is a bagged ensemble of neural networks. The difference with
a traditional bagging method is that the neural networks using bagging share parameters
from the original (full) neural network.

Besides dropout regularization, we can also set the elements of output weight matrix W
to zero, which effectively drops the connections between neurons. The synthetic hidden
layer outputs by DropConnect are

z=PitM-WHR), t=1, N, t=1... T, (2.20)

where M; ¢ [CR™>"a-v is a binary mask matrix with its elements equal to 1 with
probability p and (1 — p) otherwise. Both Dropout and DropConnect use the masked
versions of weight for nerual network training.

2.3 Multi-view learning

2.3.1 Overview

In general, a view is referred to as a group of features extracted from a domain or modality.
The modern process of data acquisition across various sensory modalities gives rise
to the heterogeneous property of data. Multiple features can be generated in diverse
domains or using different descriptors to represent the same data sample. Multi-view
learning is the set of methods which leverage the information of heterogeneous data [4].
The goal of multi-view learning is therefore to integrate multiple views to make effective
decisions.

There is a considerable difference between conventional machine learning algorithms
and multi-view learning. The former takes a single-view input or a concatenation of
multiple views, trains a model and generates an output of single view. By contrast, its
multi-view counterpart joinly learns a model by optimizing a function from the multiple
views, and make predictions using the enriched information. Methods to exploit the
sensory redundancies, which contains both common and complementary information,
can be classified into three groups, including subspace learning, co-training and multiple
kernel learning.

We can categorize the methods of multi-view learning based on the tasks that we
want to achieve [28]: representation, translation, alignment, fusion and co-learning.
Representation learning is a task to extract a feature representation by learning a mapping
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function from the original data. Subspace learning providing a compact representation
belongs to this category. Translation considers feature mapping from one modality to
another, so that a cross-view learning can be achieved. Alignment is to find the matches
in elements between modalities. Fusion aims to integrate the multi-view information for
making predictions. Multiple kernel learning belongs to this category. Finally, co-learning
considers transferring knowledge across modaltiies. Co-training and zero-shot learning
are examples of this type of methods. We will elborated the important multi-view learning
methods in the following sections.

2.3.2 Multi-view Subspace Learning

The challenge in multi-view learning is that there exists a large discrepency between
views. Mapping each of the views to their own subspace does not provide good matches
between projected features. Multi-view subspace learning mitigates the problem by
projecting them into a common latent space by optimizing a joint criterion. We present
this idea in Figure 2.1.

A RdXN * RdXN
] W o Wi
i i
X: %2 X1: %2 Yl Xy
X Y X, W, X X;
n [ n Y3 [ <@ 2=
. —> . YZ — X,
W,
. e
X 4=
Xn
Single-view subspace learning Multi-view subspace learning

Figure 2.1: Single-view subspace learning projects one input to a latent space, while multi-view
subspace learning leverages a common space from multiple inputs.

2.3.3 Unsupervised Multi-view Subspace Learning Methods
2.3.3.1 Linear CCA

Canonical Correlation Analysis (CCA) [29, 30] is a conventional statistical technique
which finds the maximum correlation between two sets of data samples X; [RP>*N
and X, [RP2*N using the linear combination Y; = W<} and Y, = W, >X,. W and
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W, are determined by optimizing:

J =arg max corr(W{ X, W)xh) (2.21)
W1, W>
W= W,
=arg max -— i s , (2.22)
W1, W> Wl'——Z'nWl . W2@22W2
where
Ta Sn 1 KXEIGXET
s- 12 _ 1 ARy 12 (2.23)

22 22 N >_<2>_(1':'>_(2>_<2|:I
2.3.3.2 Kernel CCA

Kernel CCA finds the maximum correlation between two views after mapping them to the
kernel space [31]. It is expressed mathematically as
J = argmaxcorr(W &}, W) db) (2.24)
W1,W3
Using the kernel trick [17] and the Representer Theorem in (2.5), the objective function
for the kernel CCA becomes

J= argmax - ALK Ag (2.25)

Tr(AFEA)=p A]_L.Téll Ky A - AZLITQZ K, Azl

2.3.3.3 Deep CCA

Deep CCA maximizes the correlation between a pair of views by learning nonlinear
representations from the input data through multiple stacked layers of neurons [32, 33].
A linear CCA layer is added on top of both networks, and the inputs to the CCA layer
depend on the network outputs Z; and EI Similar to thle__lnonlinear case in (2.25), a
modified objective function Wr’?’i\l;lvz —% Tr W, 21 ZB, s optimized, where W1, W,

are the projection matrices in the CCA layer, and the correlated outputs are Y; = W{Z]
and Y, = W}Z}. A modified SGD method is developed with respect to the inputs
Z; and Z; to the linear layer, which aEaIso the outqﬁs from the two networks. The
objective function is expressed as Tr W21 ZBW, = Tr(T =Pz, which describes
the correlation as the sum of the top d singular vectors of T = 21_11/221222_21/2 whose
definition can be found in [34]. The projection matrices are obtained from the singular

value decomposition of T, as T = W;DWJ}-the gradient is then computed as

Tr(T 592
@ =2N\11Z1 + N\1p7Z5, (226)
9z,
where
Dy, = S PW WS 2 (2.27)
1__
Ay = —izlf’zw1 DW= 2 (2.28)

and a(Tr(T ©F)2)/0Z, takes the symmetric form of the above definition.
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2.3.4 Supervised Multi-view Subspace Learning Methods
2.3.4.1 Multi-view Discriminant Analysis (MvDA)

MvDA [35] is the multi-view verison of LDA which maximizes the ratio of the traces of
the between-class scatter matrix to that of the within-class scatter matrix. Its objective
function is

Tr(Sg)
J = argma , 2.29
9N Tr(sw) (2.29)
where the between-class scatter matrix is
Y1 1 : 11 1
SB == Wil¥i Wecec - Ne e XJI@/. , (230)
i=1j=1 c=1 C
and the within-class scatter matrix is
1 |
Y11 1
(o3

i=1j=1 c=1

W contains the eigenvectors of the matrix S = Sy ~1Sg corresponding to the leading d
eigenvalues A;.

2.3.5 Multi-view Uncorrelated Discriminant Analysis (MvUDA)

Multi-view Uncorrelated Discriminant Analysis is an extension of MvDA inspired by the
uncorrelated discriminant transform in [36]. We consider the method in 2 views. Following
the same form of objective function as MvDA in (2.29), it multiplies a uncorrelated term
with between-class scatter matrix, and the solution is

1 111 I N N O I 11 1

P 0 S > wW S 0 W
1 b, YZ12 1 —\ "W 12 1 ' (2.32)
0 P2 yzlz sz W2 0 O'SW2 W2

where P; and P, uncorrelate the between-class scatters, and are expressed by
P; = 1 — Sy, WHW;S,,, WH Wy,
P2 = 1 — Sy, W3 (W,S,,, W) W,.

y and o are scaling parameters.

2.3.6 Semi-supervised Learning

Co-training method [37] is a semi-supervised learning method which maximizes the
mutual agreement on a pair of distinct views of the unlabeled data. It provides a superior
classification performance under the following assumptions.

» The training samples contain two sufficient sets of features (X, Xz), while each
sample has two corresponding views (X = [X1, X2]).
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» The two views are independent given the class label, i.e.

P (X1|X2,y) =P (X1ly), (2.33)
P (X2|X1,y) = P(Xaly).

» The two views are consistent:
[Fd, T2 © Foo-trained (X) = F1(X1) = F2(X2). (2.34)

The method has been well recognized, and many efforts have been made beyond its
original usage in text mining for search engine. Expectation-maximization (EM) was
successfully applied to classify new samples between classifiers using a probabilistic
approach [38]. Multi-view spectral clustering is enabled by introducing a co-regularization
to the clustering in [39]. Bayesian view of co-training is developed in [40]. Co-training is
also extended for learning to rank in [41].

2.4 Applications

Multi-view subspace learning can be used in numerous application domains. In the
following, we briefly describe the major applications used in the thesis to evaluated the
performance of the proposed methods.

2.4.1 Cross-modal Multimedia Retrieval

Traditional multimedia retrieval applications consider unimodal scenarios. Typical ex-
amples in this case include text search by matching strings or related topics, and
content-based image retrieval [42, 43]. In contrast to unimodal solutions, multimodal
retrieval systems have been developed mainly about image retrieval using text queries
[44, 45, 46, 47]. Large multimedia repositories such as TRECVID [48] and ImageCLEF
[49] have been collected to study and evaluate the retrieval over multiple modalities.
However, these methods are still based on the unimodal approach, e.g. people use text
queries to match the tags surrounding the images to search for the relevant images.

There is an increasing amount of efforts in cross-modal retrieval. Traditionally, the
text annotations of images can be scarsely found. Thanks to sensor technologies and
popularity of internet services, there is an explosion of multimedia content avaiable online,
and these data are richly annotated with full descriptions. Manifold learning has been
successfully applied from a matrix of distances between multimodal objects [50, 51, 52].
The multimodal distances are formulated as a function of distances between each pair of
modalities, which allows mis-matched pairs. However, it limits the queries to the training
set which is used to learn the manifold. Recently, a new cross-modal retrieval method [3]
is developed by exploiting the correlation between modalities and mapping the feature
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in the latent space towards to the semantic labels. Superior retrieval performance has
demonstrated the effective combination of correlation and semantic matching.
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Figure 2.2: An illustration of cross-modal image retrieval.

2.4.2 Zero-shot Object Recognition

Zero-shot object recogntion [53] is an emerging topic which aims to recognize objects
of unseen classes. It is inpired from the real-world scenario of human categorizing new
objects or generalizing novel concepts. The approach has a strong connection with
learning to learn [54], and lifelong learning [55]. The main idea is to establish a relation
from the objects in the source domain (seen classes) to the target domain (unseen
classes) using a universal semantic representation. There are several ways to generate
the semantic representation or attributes, which includes user-defined attributes [56, 57],
relative attributes [58, 59, 7], and data-driven attributes [60, 61]. The transferrable
knowledge enables the object recognition of unseen classes. Visual features are mapped
to the latent space of semantic representations. The unlabeled target class is projected
in the same space. One major problem of zero-shot recognition is that data distribution of
the source classes and target classes is different, and therefore a domain shift is found
when projecting both data from both domains to the same latent space. The problem
is allieviated by introducing a multi-view semantic latent space which fuses data from
multiple modalities [7].

2.4.3 Face-sketch Recognition

Face-sketch recognition is an important application enabling searches of potential sus-
pects in a mugshot database created by law enforcement. The main idea is to shortlist the
photos in the database which may match to the face of the suspect. Usually, sketches are
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drawn based on the description by the eyewitness, and the most distinctive facial features
are presented on the sketches. However, sketching a face involves many psychological
factors, which may result in misleading face recognition. Some examplar images from
the face-sketch database are shown in Figure 2.3.

Figure 2.3: Examplary face-sketch image pairs in the CUFSF dataset [1].

Subspace learning has been successfully applied in the face-sketch recognition [62, 63].
Linear mappings between faces and sketches using PCA was introduced in [62]. Kernel-
based LDA was also applied as the nonlinear mappings based on image patches [63].
Another extension in [64] is to perform random feature sampling and calculate kernel
prototype similarities before applying LDA. There are many efforts which project both
modalities into a common subspace. For example, coupled discriminant analysis is
introduced in [65] to learn from faces and sketches in a common latent space. Directly
learning the image filters from the raw faces and sketches simultaneously also shows its
effectiveness in heterogeneous face recognition [66]. Image patches are represented
using Markov random fields to incorporate the spatial information in patch neighborhoods
[67]. A novel similarity metric is also proposed to calculate the distance between faces
and sketches.

2.4.4 Learning to Rank

Ranking problems can be found in numerous applications, for example ratings of food or
movies, image retrieval and ranking [68, 69], image quality ratings [70], online advertising
[71], and text summarization [41]. In general, there is a series of data pre-processing and
indexing to generate the pairs of queries and samples for matching. The ranker, which is
the key comoponent, provides a relevance score between each pair of query and sample.
The score can be calculated based on some heuristic measure or learning approach.

Learning to rank aims to optimize the combination of data representation for ranking
problems [72]. We present its framework in Figure 2.4. Suppose we have N training
samples, which consists of g, X' and y'". X' =[xy, X,, -+ , Xn] ™8 the feature vec-
tors of the training data, where x,, [RP represents its nth sample. gt = [q1, 02, - ,0n]
is the corresponding query and y* = [y1,Y2, - ,Yn] iS the relevance, respectively. A
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ranking model h is learned over the training data, and makes predictions over the test
data g'¢, X'. We predict its relevance h(q'¢, X*) using the trained model h.

qtr,Xtr,ytr Learn
Training Data
Y
Ranking Model h > h(qte»Xte)
A .
o <ie Prediction
X .
a Predict
Test Data

Figure 2.4: The framework of Learning to Rank.

Solutions to this problem can be decomposed into several key components, including the
input feature, the output vector and the scoring function. The framework is developed by
training the scoring function from the input feature to the output ranking list, and then,
scoring the ranking of new data. Traditional methods also include engineering the feature
using the PageRank model [73], for example, to optimally combine them for obtaining the
output. Later, research was focused on discriminatively training the scoring function to
improve the ranking outputs. The ranking methods can be classified in three categories
for the scoring function: the pointwise approach, the pairwise apporach, and the listwise
approach.

The pairwise approach is considered in the thesis and therefore reviewed thoroughly
as follows. A neural network which learns a preference function was developed in [74]
to directly evaluated the pairwise order between pairs of documents. RankNet [75]
learns a neural network to optimize the pairwise ranking loss using a cross-entropy
loss. The pairwise methods generally assume the scoring function to be linear [76], so
the ranking data can be easily transformed to orders in pairs. The transformed data
enables a binary classification for ranking, and therefore numerous classifiers have been
applied. Adaboost algorithm [77] was successfully applied by iteratively reducing the
classfication errors between each pair of documents, which can subsequently improve
the overall output. Ranking SVM [78] adopted SVM to perform pairwise classification.
GBRank used Gradient Boost Trees [79] in ranking documents. Semi-supervised multi-
view ranking (SmVR) [41] is a co-training extension to ranking. Recently, there is an
increasing amount of research in optimizing the evaluation metric for ranking. Examples
include AdaRank [80], which optimizes the ranking errors iteratively, and LambdaRank
[81]. While certain success has been obtained by the aforementioned methods, ranking
multi-facet documents is important yet few can be found in literature [82, 83, 84].
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2.4.4.1 Bipartite Ranking

The pairwise transform is critical for the success in ranking and therefore described
explicitly in this section. The training data is defined in query-sample pairs {(x{, y{)},
where q [{1,2,...,Q}, x{ [RF is the d-dimensional feature vector for the pair of query
g, the i-th sample, y{ [0, 1} is the relevance score, and the number of query-specific
samples is Nqy. The pairwise transformation to generate the query-sample pairs, so that
only the samples that belong to the same query are evaluated [76].

The relevance between each pair is defined as

1
1+ exp(e(Xi) — ¢(Xq))’

P} (9) =

where @ : X — R is the linear scoring function as @(x) = a™x; which maps the input
feature vectors to the scores. Due to its linearity, we can transform the feature vectors
and relevance score into (X Yi) = (Xq — Xi,¥{). In case of the ordered list (r) as the raw
input, each data sample x; paired with its query X, is investigated, and their raw orders
(ri, rq) are transformed as y§ = 1, if rj < rq; y{ =0, else if ri > rq. In pairwise ranking,
the relevance y{ = 1, if the query and sample are relevant, and y; = 0, otherwise.

The feature difference (x;y;) becomes the new feature vector as the input data for
nonlinear transforms and subspace learning. Therefore, the probability can be rewritten
as

1 1
P(9) = T+exp(—o(xQ) 1+exp(—atxD)’ (2.35)
The ranking loss is formulated as the cross entropy loss such that,
R A il O
[Rhnk = arg min yi logp!) + (1 —y{)logp{)
g=1i=1
i ]
=argmin yilogpk) + (1 — i) log pi) (2.36)
k=1

which is proved in [75] that it is an upper bound of the pairwise 0-1 loss function and
optimized using gradient descent. The logistic regression or softmax function in neural
networks can be used to learn the scoring function.



3 Contributions

This chapter describes the novel contributions of the thesis. We will begin with the
generalized multi-view embedding method, which is the major contribution of the the-
sis. Its extention to a multi-view non-parametric method exploiting the class boundary
structure and discrepancy in views is subsquently described. Additionally, the dropout
regularization is introduced to the linear multi-view analysis. Finally, we will present
composite ranking methods for ranking problems which enhance the joint ranking with
minimum loss from each ranking source.

3.1 Generalized Multi-view Embedding

We propose a unified solution for multi-view subspace learning which generalizes several
statistical, supervised and nonlinear embeddings. Here, we solve the generalized
optimization problem
J = arg max Trw )
— AN Trow tow)
where P and Q are the matrices describing properties of the data to be maximized and
minimized, respectively, through embedding. We consider it as the uniform objective
function, reaching out to a large number of subspace learning methods. A generalized
eigenvalue problem is addressed when maximizing the criterion:

(3.1)

PW =p QW, (3.2)

and the solution is given in the following form:

1 1
W,
W= [— dp= M. (3.3)
i=1
Wy

W, p are the generalized eigenvector and the sum of the top d generalized eigenvalues
Ai, respectively. W contains the projection matrices of all views, and p is the value of
Rayleigh quotient in (3.1). The nonlinear multi-view embeddings can be achieved by

29
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using kernel-based mappings, or (deep) neural networks optimized by SGD. In the case
of linear projections, i.e. when Y = W =X we derive the objective function based on
[15, 85] as follows

B Tr(W SXILEK B
J = argmax o WL o) (3.4)

In the kernel case, we have
J = arg max THATKLTKA) (3.5)

ACRAa=] Tr(A@L KA) '

In the above, we define L as the total graph Laplacian matrix. Similarly, the penalty graph
Laplacian matrix is denoted by LY

In the case of the nonlinear embedding using neural networks, we apply a joint linear
embedding layer on top of the neural networks F,, wherev =1,.-. ,V. The scheme is
presented in Figure 3.1. We train V sub-networks whose outputs are projected to a com-
mon subspace using a linear projection W,,. We denote F (X) = [F1(X1), -+, Fyv (Xyv)]~
as the concatenation of the neural network outputs. By doing so, the objective has the
same form as in the linear case. By following the direction of the gradient for training the
neural network, we optimize the Rayleigh quotient criterion with respect to the nonlinear
feature representation from each view in the last hidden layer of the networks. The entire
network is trained in a single optimization process.

N —
.~ > - v
- 4

Figure 3.1: Schematic presentation of Multi-view (Deep) Embedding Networks.

We illustrate the proposed framework graphically in Figure 3.2. Suppose we initially
extract three types of low-level features from images, texts, and intermediate representa-
tions. The multimodal features are projected using either linear or nonlinear projections
to the common latent space. The projected features characterize the properties of
the intra-view compactness and inter-view separability based on the Rayleigh quotient
criterion.

3.1.1 Scaling Up the Inter-view and Intra-view Covariance Matrices

Numerous statisitical subspace learning methods can be generalized in the form of (3.1)
by scaling up the inter-view and intra-view covariance matrices. Multi-view CCA (MvCCA)
presented in [P1] maximizes the correlation between all pairs of views. Its objective can
be rephrased as maximizing the inter-view covariance while minimizing the intra-view
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Figure 3.2: Overview of the generalized multi-view embedding: Features from different modalities
are extracted and either linearly or nonlinearly mapped into the common subspace by maximizing
the Rayleigh quotient criterion [P1].

covariance in the latent space. Therefore, we consider inter-view covariance matrices
between different view representations in P and the covariance matrices of each view
in Q. Multi-view PLS (MvPLS) maximizes the inter-view covariance directly, and its
difference with MvVCCA is the intra-view minimization. Taking the class discrimination into
consideration, the proposed multi-view modular discriminant analysis (MvMDA) extends
to separate the data of different classes between views while making the intra-class data
compact. We present the structure of P and Q for each method in Table 3.1.

3.1.2 Linear Subspace Learning

When the subspace projection is linear, we can obtain the latent feature vectors from
each view as

Y, =WEX, (3.6)

which corresponds to the case on the top of Figure 3.2 using the linear feature mappings.
Its projection matrix is obtained by directly solving the generalized eigenvalue problem
in (3.2). Multi-view CCA minimizes the diagnal matrix and maximizes the off-diagonal
matrix of the total covariance matrix shown in Table 3.1. we derive its projection matrix
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Table 3.1: The matrices P and Q for the proposed multi-view CCA, PLS and MvMDA [P1].

P Q
I—d 212 et Zlv I—I LZ—]I_]_ O et O D
1 0 2oy 2 0
MVCCA S o .
ZV]_ ZVZ et 0 I:l 0 O et Z&/l
q 212 o 2y I_l—_l 0 0
=L, 0 . s I 0
MvPLS ] ] . .
2v1 Zvo v 0 00 |
] 1
Iflll P - P %!Ll 0 0
Pp1 P2 -0 P21 [T Q22 0
MvMDA —] —
Pvi Pv2 -+ Pvy 0 0 -+ Quvv

by optimizing the criterion

%qué —

i=1j=i
J=1

J = argmax (3.7

where the Laplacian matrix L = 1 — Zee =

Multi-view PLS considers the penalty graph only, and its objective is to maximize the
cross-covariance matrices between different views, as follows:

1

J =argmaxTr WEK LXW; (3.8)
W EW=1 i=1 jsi
i=1

We propose two new methods for multi-view LDA. The first approach is the multi-view
extension of the standard LDA, and maximizes the distance between class centers of
each view pair. Its between-class scatter Sg is

Y ¥ ¥ 1 1

Sg = (mf — md)(my, —ml) =~
i=1 j=1p=19=1
pEq
Y11
= WXL X W, (3.9)

i=1j=1
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and the between-class Laplacian matrix is
C1

¥ Q"/I 1 :IIII
2 —€pey = ——€pe ifi=j,
In_]_ q:l Ng P Nqu a
Lg = Pea (3.10)
2 €p € ifi8]j.
PE(q

m,‘a denotes the mean from the ith view of the pth class in the latent space, and e, is
the N-dimensional class vector, with N, as the number of samples in the pth class. The
class q is different from the class p.

Moreover, we also consider maximizing the distance between different view-specific class
centers in the between-class scatter matrix. As the objective is to maximize the sample
distances from the subclasses of each specific view, we name the method as Multi-view
Modular Discriminant Analysis (MvMDA). The corresponding multi-view between-class
scatter matrix is

T ¥ ¥ 1 1

Sg = (mp, — my)(m), —ml)—
i=1 j=1p=1lqg=1
PEq
= WEXLE X "W, (3.11)
i=1j=1

and the Laplacian matrix is

| 2 2 E 1
Lg =2 (2% % — oS 8 (3.12)
p:]_ q:l p pP*q

[P1] also provides a detailed derivation of the difference between the two multi-view
Y ¢1 1
LDA methods, which is that Sg has the term > (V — 1) W X e.e XN, while

i=lc=1
Y YT¢T 1
SE has the term > Wi%ecec'%'wj. This difference suggests that the
¢ j=1j=lc=1
jEi

first proposal only considers the maximum of the intra-view distances, while the second
proposal can maximize the distance between different views. It was also shown in the
experiments that the second approach achieves better results. The within-class scatter
matrix for both methods is formulated by directly scaling the single-view scatter matrix,
ie.

| L1 - L1

Sw= W 1- N Geee W
i=1 c=1 ¢

1
= Wi%]ii Wi, (313)
i=1
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where Qji = XjLwX;54nd Lw =1 — N—;C ece. —From (3.9) and (3.13), it is shown
c=1
that the between-class and within-class scatters are equivalent to the projected inter-view

and intra-view covariance, respectively. That is, the objective function is optimized as
follows

Y Y11 -
Tr WiEXiLg X W
i=1j=1
J = argmax : '
r I - -
Wy,v=1,..., v Tr Wlle—éi LWinWi
i=1

where L5s denoted as the Laplacian matrix of either Lg or L.

(3.14)

3.1.3 Kernel-based Nonlinear Subspace Learning

We also derive the nonlinear multi-view embedding using kernel-based feature mappings.
Exploiting the kernel trick in (3.30) and the Representer theorem in (2.5), the mapping is
expressed as follows

Y, = Aldlle, = AHK,. (3.15)

The criterion of kernel multi-view CCA is then,

J = argmax 1= (3.16)

— D’
Kyw=l..V I:‘:AilﬁliLKiAi

i=1
where the matrix A, can be obtained from (3.2).

Kernel multi-view PLS maximizes the covariance between different view pairs in the
kernel space and its objective function is
I%:I:I
J = argmax Tr AKI LKA . (3.17)

i=1 j&i
=1

The criterion for kernel multi-view discriminant analysis is

Y Y1 ] 1
Tr o Ai iLBq<jAj
J = argmax e

] 1
Kvv=l..V E‘:Aiql_('iLWKiAi

i=1

(3.18)

3.1.4 Nonlinear Subspace Learning using (Deep) Neural Networks

Moreover, neural networks are employed for multi-view embedding, and its nonlinear
data projection of each view through feature mappings is

Y, = WHiiX,; B,) = WHH,. (3.19)
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Since the neural network outputs Hy,,v =1, .-,V are combined by a linear layer as
shown in Figure 3.1, the assembled networks are jointly optimized and the parameters
B, of all networks are optimized together accordingly. In each training epoch, the data
projection can be considered the same as the linear multi-view embedding with respect
to Hy, and we only need an additional optimization solved by the SGD for updating the
parameters of the networks. An additional constraint to have uni-variant projection can
also be imposed as

) I |

WHH LHMW, =1, (3.20)

i=1
We use the above constraint in Deep Multi-view CCA (DMvCCA). The objective of
Deep Multi-view PLS (DMVPLS) is optimized with a constraint to have unit variance

Wb = 1, while in Deep Multi-view Modular Discriminant Analysis (DMvMDA), we

i=1
project the within-class scatter o the identity, i.e. we apply a form of whitening

i=1

Using the variance constraint, the gradients in DMvCCA and DMvPLS become

—1
0J 0
—— =T W,HH), L HEW;
O0H; oH; r =1 jei [ ] J
i=1
= Wi W HS L, (3.22)
i=1 j&i
i=1
and the gradient of DMVMDA is expressed by
—1
0J 0
= T WiH LEH W,
Y Y11
= Wi W H; Lg (3.23)
i=1j=1

Detailed derivation of (3.22) and (3.23) can be found in [P1].

3.1.5 Results and Discussion
3.1.5.1 Results on Zero-shot Recogntion

We present recognition accuracy using different methods in Table 3.2. A description of
the datasets can be found in the experiment section of [P1]. The linear projection results
are shown in the first block, the second block presents the kernel-based methods, the
results of neural network based methods are shown in the third block, and the last block
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Table 3.2: RECOGNITION ACCURACY (%) on the AwA DATASET [P1].

| Method | 2views | 3views | 4 views |
Proposed LMvCCA 55.86 75.88 82.01
Proposed LMVPLS 58.52 73.59 77.09
Proposed LMvMDA 55.85 77.64 82.88
Proposed SLMvDA 54.58 69.02 70.56

Proposed KapMvCCA | 56.41 73.40 74.76
Proposed KapMvPLS 55.58 74.40 75.05
Proposed KapMvMDA | 57.19 71.64 75.63

Proposed DMvCCA 5125 | 7112 | 82.27
Proposed DMvPLS 4328 | 68.81 | 74.63
Proposed DMvMDA 53.87 | 75.61 | 83.66
MVDA [35] 4995 | 6855 | 70.00
GMA [86] 52.12 | 73.49 | 78.46
MULDA [87] 55.46 | 74.13 | 74.88
TMV-HLP [7] - 7350 | 80.50
DCCA2 [32] 50.47 - -

provides comparative results from methods in the literature. LMVCCA perform favorably
comparing to other linear methods while the leading recognition rates can be found in the
nonlinear methods using neural nets with 4 views. We adopt the explicit kernel mappings
using random projections due to the large number of samples. However, the results are
inferior compared to linear methods due to the information loss in sampling [88].

In terms of the detailed performance, the 4-view DMvVMDA is reported to have the
best result for zero-shot recognition. We also observe all methods consistently obtain
a better accuracy with more views. Specifically in linear methods, LMVPLS has the
highest accuracy with two input views. while LMvMDA provides a more discriminantive
representation in the latent space leading to a better recognition when more views are
presented. Nonlinear methods using neural networks were inferior to linear method in 2
and 3 views, but the model fitting improves significantly with enriched data from more
views.

3.1.5.2 Results on Cross-modal Image Retrieval

Multi-modal and cross-modal image retrieval are enabled by using the proposed multi-
view embedding method shown in Figure 3.3. Two image-to-text pairs are chosen
randomly as queries, to perform image-to-image retrieval using both the VGG-16 visual
feature and the projected visual feature by the 4-view DCCA. We also perform text-to-
image retrieval by querying the corresponding captions of the query image used in CBIR
in the last column. We observe the CBIR performance can be improved by embedding the
semantic information. Cross-modal image retrieval also provides a satisfying precision.
More results comparing related methods can be found in Table V and VI in [P1].
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Image Query Text Query
1. A very big building with many windows and a clock on it.
2. A very old tall building with a large clock tower sticking out of it.

) 3. The clock tower stands high above the city.
4. A clock that is on the side of a large building.
5. The bridge is in front of a huge building with a clock tower in the middle of it.

Precision: 53.33% Precision: 86.67% Precision; 100%

(a) Query by original image feature  (b) Query by projected image feature (c) Query by text
Image Query Text Query
1. An open laptop sits on a desk in front of a window.
- 2. An Apple laptop sitting on a wooden desk.
3. An Apple laptop sitting on a wooden desk in an office.
4. An Apple laptop on a desk in an office.
5. A desk with a laptop sitting on top of it.
Precision: 60.00% Precision: 86.67% Precision: 66.67%
(a) Query by original image feature (b) Query by projected image feature (c) Query by text

Figure 3.3: Sample retrieval results on the COCO dataset. The first row of each table presents
the query image and text, and the second row shows the retrieved images by different query types.
False positive results are bounded in red [P1].

3.2 Multi-view Nonparametric Discriminant Analysis

In the previous section, we introduced a group of multi-view embedding methods under
the assumption that classes follow unimodal Gaussian distributions. Here a new criterion
for multi-view discriminant analysis is formulated to enable larger number of projection
directions by relaxing this assumption. It follows the same graph embedding framework
as before; the between-class and within-class scatters are modeled by two different
k-nearest neighbor graphs. We make use of all the samples in the intrinsic and penalty
graphs, and class discrimination is encoded in sub-classes of neighboring samples which
overpasses the assumption about the Gaussian distribution. A weighting scheme of
neighboring sample pairs based on their proximity to the class boundary is introduced,
which improves the feature discriminability in the latent space.

The criterion for multi-view nonparametric discriminant analysis (MvNDA) is

Tr(Sg)

ey’ (3.24)

Juwvnoa (W) = argmax —- g5
where S§, S\, denote the nonparametric between-class and within-class scatter matri-
ces, respectively. The data projection W can be obtained by solving the generalized
eigenvalue problem in (3.2). The intrinsic graph is designed to strengthen the intra-view
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class compactness from the subclasses by using the k;-nearest neighbors, and the
within-class scatter matrix is

—/
sy = W (Dw — V)XW, (3.25)
i=1
where L{)‘V = Dw — Vi is the within-class Laplacian matrix and the intrinsic graph Vw
is defined as 1
W — L if p CNNy, () or g TNy, (p)

pqg = .
Lo otherwise.

NNy, (p) denotes the index set of the k; nearest neighbors of the sample X, in the same
class.

(3.26)

The view-specific penalty graph is formulated to encode the variance of the marginal
samples from different classes of the same view as follows:

VS
SE¥= W{XI[Q - (Ds — Ve)IX{"W;, (3.27)
i=1
where L\és = Dg — V3 is the between-class view-specific Laplacian matrix, and its

intrinsic graph is characterized as:
—1

L if (p, q) TP, (cp) or (p, q) [Py, (cq)

VB —
'—OT,—l otherwise.

pq = (3.28)
NPy, (c) is a set of data pairs which contains the k; nearest pairs in the set {(i,j),i [
ne, J 1}, The weight matrix Q enhances the feature discrinability by strenghthening
the importance of the samples on the classification boundary. Specifically, the value in Q
goes to 0.5 if the sample falls close to the boundary, but reduces to 0 otherwise. d(p, q) is
the Euclidean distance between two vectors p and g. Q is given by:

(-
Emin{d(p, 9),dp, NN, (0))} -
E=e. o+ Mty (P@) ONPi; (cp)

or (p,q) O NP, (cq)

% otherwise.

Qpg =

The penalty graph is a linear combination of S§ of MvDA (2.30) and S\és of (3.27) to
enforce both inter-view and intra-view class discrimination

SN =aSk + (1—a)Sy, (3.29)

where a []0, 1] is a weighting factor which is set close to 1 if the training data has a
Gaussian distribution, and some other value if the data distribution is unknown.

The intrinsic and penalty graphs are illustrated qualitatively in Figure 3.4. The within-class
compactness is enforced by connecting a sample to its ki -nearest-neighbors of the same
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class and view. The between-class separability is also enforced by both connecting
marginal point pairs from the same view but of different classes, and by using the distance
of different class centers.

Figure 3.4: The adjacency relationship of the intrinsic and penalty graphs of the proposed MvNDA.
The circular and rectangle dots indicate samples from different views. We illustrate the 2-nearest
adjacencies (i.e. ks = kz = 2) of one sample in each class per view origin for clarity [P2].

We also extend to nonlinear multi-view projections by employing kernel-based mapping.
The input feature is mapped to the kernel space F, using a nonlinear function ¢, i.e. X, [
RDv=N 20) ®(X,) CRIFVIN In F,, according to the Representer Theorem [18, 19],
the data projection matrix can be expressed as W, = ®(X,)A, and dot products
between data pairs are represented using the kernel matrix K, = ®(X,) F{(X,) [17].

Then,
Tr(A™K Lg KA)
Tr(ATK L{)‘v KA)’

Juvnoa(A) = arg max (3.30)

where LY = aLf + (1 — o)Ly is the between-class Laplacian matrix, and K =
diag(Kq, - ,Ky). If the direct solution of (3.30) is impractical with a large size of
the training data, we use the approximate kernel mapping proposed in [89] followed by
the linear mapping defined in (3.24).

3.2.1 Results and Discussion

We visualize the embedded feature by the nonparametric linear multi-view discriminant
analysis on AwA dataset in Figure 3.5. It can be seen that by increasing the number
of views, the latent vector progresses from being distributed incoherently to showing
more distinct groups associated with their corresponding semantic classes. Further
comparisons on Wikipedia dataset between the various multi-view embedding methods
are shown in Figure 3.6. The 4-view kernel-based methods are presented, and we ob-
serve that MVNDA is among the leading group in cross-modal image retrieval. Moreover,
numerical analysis on the effects of different numbers of nearest neighbors and the
weight factors a is illustrated in Figure 3.6. It shows the retrieval performs consistently
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(a) 2-view NDA (b) 3-view NDA
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(c) 4-view NDA
Figure 3.5: t-SNE Embedding of Latent Feature Representation: We visualize the embeddings
from different numbers of views using the proposed method [P2].

with the different values of k or a, while only using the view-specific discrimination (a = 0)
degrades the MAP score.

3.3 Dropout Regularization for Linear Multi-view Subspace
Learning

Dropout was originally proposed for regularizing the weights of neural network models by
training an ensemble of sub-networks with certain neurons removed from an baseline
network. Inspired by this technique, we propose a novel method to regularize the
linear multi-view embedding. We define the data vectors Xi,Xz,...,Xn, Xi CRP,
where N is the number of samples and D is the feature dimension. We also define
Xy [RPv*N v =1,...,V for the feature vectors of the vth view. The representation of
each view samples in the latent space is given by a linear projection

Yy = Wvlsév- (3.31)

Inspired by dropout regularization, we apply an iterative optimization process. We create
a binary mask m; ; to remove the effects of certain values from the original feature vector
in each epoch t. The elements in m;  equals to 1 with a probability value p following a
Bernoulli distribution, and equals to 0 with (1 — p) probability. The resulting feature vector
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Figure 3.6: Clockwise from top left: The precision-recall curve by querying images for text
annotations, the retrieval performance of matching text to images, the MAP scores with various a
under different fixed numbers of nearest neighors k, (here k = k; = k), and the MAP scores with
the different k nearest neighbors and a fixed a = 0.5. The legends in the figures in the first row
indicate the method producing the PR curve, and we denote querying images for texts by “I2T”,
and querying texts by images by “T2I” in the figure in the bottom row. k is the number of nearest
neighbors [P2].

after applying dropout becomes

Xit = Mjz¢° Xj, (3.32)

where - denotes the operation for the Hadamard (element-wise) product. In order to
achieve a robust mapping, we aim to have the representations of the original samples X;
and the masked versions of them X; ¢ in the latent space as close as possible. By using
the notation X;J = X; — X; the above objective can be expressed as follows

WERL i —xyvi) =W =0. (3.33)
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Expressing the above for all training samples across the various views and iterations, we
obtain the regularization term

1 LW T 1

R(W) = W xd i — W i« [2] (3.34)
2N v=1i=1 t=1
YW1 1
= 2; v R 2] (3.35)
.

v=1t=1

When the number of epoches Nt goes to infinity, based on the weak law of large numbers,
we know that R(W) will converge to its expected value

PR ) i i 1 -
RW) = 55 E WIKAXDW, (3.36)
T y=1t=1
VI B i -
= 5N Wk kD P wy, (3.37)
Ty=1t=1
| . (.

where P = (ppD2 @11 + PI521 ,andp=[1—p),....A—p)]“ERN isa
vector whose elements shows the probability that x; = 0. We also define that 1 [RN*N
as a vector of ones, and I CRN*N s the identity matrix.

Thus, the objective function for the dropout-based regularized linear multi-view subspace
learning is

Tr(Se)
J = arg max
e Tr(Sw + GR(W))

= arg max Tr(W )
witw=1 TI(W QW + aR(W))’

where Sg is the between-class scatter matrix defined in (3.11) and Sy is the within-class
scatter matrix of (3.13). P and Q are the inter-view and intra-view covariance matrices.
a is the parameter adjusting the importance of regularization. The objective function
integrates the inter-view and intra-view similarities to the dropout regularization. It is a
modified form of Rayleigh quotient and can be solved as the generalized eigenvalue
problem in (3.2).

(3.38)

3.3.1 Results on Face-Sketch Recognition

We demonstrate the effectiveness of using dropout regularization in cross-modal recogni-
tion in this section. Table 3.3 shows the accuracy for both face-sketch and sketch-face
recognition by linear multi-view embedding methods including MvCCA, MvPLS, MvDA
[35], and the proposed LDA without and with the dropout regularization. We observe that
the MVMDA together with dropout regularization in the last row outperforms the relative
methods by a large margin. It shows the feature discriminative power and robustness of
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Table 3.3: Recognition Rate (%) on the CUFSF Dataset [P3].

| Method | Face-Sketch | Sketch-Face | Avg. |
MvCCA 48.79 52.83 50.81
MvPLS 31.38 31.38 31.38
MvDA 45.55 49.60 47.58
MvMDA 47.17 51.62 49.40
MvMDA-Dropout 61.13 64.98 63.06

the new method against over-fitting. Moreover, we also study the influence of the proba-
bility p on the recognition performance at different levels of regularization importance (o)
in Figure 3.7. It can be seen that the recognition rate is generally consistent to different
dropout probabilities, and always better than the one without the regularization, i.e. p = 1.

07 ] ] ] ] ] ] ] ]

0.65

o
o

0.55

Recognition Accuracy

—©— Sketch-Face, =-4
—#— Face-Sketch, =-4
Sketch-Face, =-5
—#— Face-Sketch, =-5
~—O— Sketch-Face, =-6 2%
Face-Sketch, =-6

0.5

045 1 1 1 1 1 1 1 1
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

1

Figure 3.7: Face-Sketch Recognition Rate for different probability p [P3].

3.4 Multi-view Learning to Ranking

Learning to rank from multiple data sources is a relatively new problem in the area of
data mining. We develop a novel way of ranking multi-facet objects. A typical example of
such is found in university ranking. Figure 3.8 shows that several attributes in the THE
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dataset [90], including teaching, research, student staff ratio and student number are
highly correlated with all of the attributes in the ARWU dataset [91]. It enables finding
a composite ranking by exploiting the correlation between individual rankings. We can
observe that the indicators from different agencies may partially overlap and have a high
correlation between each other.

alumni
award

hici

ARWU

nature science
publication

weighted score

Figure 3.8: The correlation matrix between the measurements of Times Higher Education (THE)
and Academic Ranking of World Universities (ARWU) rankings. The data is extracted and aligned
based on the performance of the common universities in 2015 between the two ranking agencies.
The reddish color indicates high correlation, while the matrix elements with low correlation are
represented in bluish colors [P4].

We describe a novel composite ranking method which also keeps a close correlation with
the individual rankings simultaneously. A multi-objective solution to ranking is introduced
by capturing the information of the feature mapping from both within each view as well as
across views using autoencoder-like networks. Moreover, we present a novel end-to-end
solution to enhance the joint ranking with minimum view-specific ranking loss, so that the
maximum global view agreements within a single optimization process is achieved. In
the following sections, we will firstly describe the multi-view subspace learning to rank
(MVSL2R), and then its specific formulations of MVCCAE and MVvMDAE are presented.
Finally, the end-to-end ranking solution is described.

3.4.1 Multi-view Subspace Learning to Rank (MvSL2R)

One straightforward way of multi-view learning to rank is to use the feature embeddings
for ranking. The projected features in the common subspace are adopted to train a
scoring function. The training data is generated from the intersection of ranking samples
between views to have the same samples but various representations from different view
origins. The overall ranking agreement is made by calculating the average voting from
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the intersected ranking orders as

O —
v (3.39)

v=1

=

The training input X = {X;,X5,..., Xy} of V views is obtained by performing the
pairwise transform on the raw data, and the cross-view relevance scores Y is the average
ranking orders T. We predict the relevance of new sample pairs using the probability
function of the scoring function

1

pv(Xy) = 1+ exp(—a W FL (X))’ (3.40)

where W, is the data projection matrix of the vth view, and a is the weight from the
logistic regressor described in (2.35). We summarize these steps in the algorithm below.

Algorithm 1: Multi-view Subspace Learning to Rank [P4].

1 Function MvSL2R (X, Y, K);
Input :The feature vectors of V views X = {Xj, X,..., Xy }, the relevance y,
and the dimensionality in the subspace k.
Output : The predicted relevance probabilities p = {p1, p2, - - ., pv } of the new
data.
2 Train a neural network to update the low-dimensinonal representation
representation Z, e.g. in (3.45) and (3.50). and the projection matrix
W = [W]_WZWV]I:I
3 Train a logistic regressor (2.35) as the scoring function to obtain the weight matrix
a.
4 Predict the new sample pairs for their relevance probabilities using (3.40) with the
trained sub-networks F and G, and the obtained weights W and a.

3.4.2 Multi-view Canonically Correlated Auto-Encoder (MvCCAE)

A multi-objective solution to multi-view ranking is proposed by maximizing the between-
view correlation while minimizing the reconstruction error from each view source, which
is largely different from DMvCCA and DMvMDA, where only the nonlinear correlation
between multiple views is optimized. Given the data matrix X = {Xi, X5,..., Xy} of V
views, the encoding network F and the decoding network G, and the projection matrix
W, the objective of MVCCAE is formulated as follows,

) — 1
JImvccae = argmax Jiyueca — o [at Xv;Gv(Fv()) (3.41)
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where we introduce the new objective

%Zq? =

i=1j=1
Jo = arg max i&i ' 342
pmveea = S T E‘:'Wi@ LZ"W;

i=1

anlc%lloss function of the vth autoencoder is LiE(Xy; Gy (Fy(4))) = X, —Gy (Fv (X)) F
P, [, F! (Xy) ) with the L? regularization at the Ith intermediate layer of the vth
view denoted by Z!, = F!(X,). Here, a and p are controlling parameters for the trade-off
between the terms. In the ranking problems, we devise a new method to directly optimize
the Rayleigh quotient criterion in (3.1) and let

f=Tr wlzZlLzAw;

and

g="Tr wlzl Lz,

i=1

Here, the output of each sub-network F, is denoted by Z, = F,(X,). Then, we have

Y11
:;_ = Wi W Zj L, (3.43)
' oi= e
=1
and
—
:zg = WiW/ZIL. (3.44)
i

i=1

By using (3.43) and (3.44) and following the quotient rule, we derive the stochastic
optimization of MVCCAE to be

oz, ¢ Yoz, "oz,

1
0Jwceae _ 1 of _f ag

1
—o5-a  LEXV; G (Fv())). (3.45)
0z,
The gradient to compute the autoencoding loss [Ak is derived from the view-specific
sub-networks F, and G,. The sub-network F, is optimized with gﬁ: to obtain the output
Z,, while the gradient of G,, network with respect to its parameters can be obtained using

the chain rule from %Z)v“).
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3.4.3 Multi-view Modularly Discriminant Auto-Encoder (MvMDAE)

Similar to MVCCAE, the objective of MVMDAE is to optimize the view-specific reconstruc-
tion error and the cross-view correlation as follows,

. ) L1
JImvmpae = arg max Jppympa — O aE Xv:Gu(Fv()) - (3.46)
\%
We define a new objective for the cross-view correlation
Y1 ] 1
Jomwmpa = arg max == , (3.47)

v o1
WIWSL 1 T WEZILw ZEW;
i=1

3.4.3.1 Optimization

The detailed optimization is derived by replacing the laplacian matrix in MVCCAE with
Lg and Ly . We let

1
f=Tr W/ ZiLe ZfW; ,
i=1 j&i
j=1
and —
g=Tr Wz Lw ZPW;
i=1
Then, we have
of ) B B | 1
37 = Wi W, Z] Lg, (3.48)
i=1 j&i
=1
and
g _ —1 (=1
37 = Wi W Z1 L. (3.49)

i=1

The stochastic optimization of MVMDAE can be derived by using (3.48), (3.49) and
applying the quotient rule as follows,

1
OJwwone _ 1 0T _ ¢ 09
0z, @ ‘oz, = oz,
K] 1
— o GRECX GV (RO, (3.50)
v v

The gradient of the objective can be calculated using the chain rule, and the stochastic
gradient descent (SGD) is used with mini-batches for optimization.
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Figure 3.9: System diagram of the Deep Multi-view Discriminant Ranking (DMvDR). First, the
features X = {X1,X2,..., X v} are extracted for data representations in different views and fed
through the individual sub-network F, to obtain the nonlinear representation Z, of the vth view.
The results are then passed through two pipelines of networks. One line goes to the projection
W , which maps all Z, to the common subspace, and their concatenation is trained to optimize the
fused ranking loss with the fused sub-network H. The other line connects Z, to the sub-network
G,0v=1,...,V for the optimization of the vth ranking loss [P4].

3.4.4 Deep Multi-view Discriminant Ranking (DMvDR)

Multi-view Subspace Learning to Rank devises a multi-objection solution, while it does
not have a direct connection to ranking. Alternatively, we propose another end-to-end
method to optimize the view-specific and the joint ranking together in the single network
as shown in Figure 3.9. University ranking can be used as an example, where different
lists are generated from different ranking agencies, and each agency has a different set of
measurements. Given the inputs X = {X3, X, ..., Xy }, the cross entropy loss (2.36) is
optimized with the view-specific relevance y during training and the joint view relevance y.
The attributes X,,, wherev =1,...,V, are trained through the view-specific sub-network
F. based on their own evaluation metric. We exploit the intermediate representation from
the neural networks Z,, = F,(Xy),v =1,...,V, which are the inputs of the joint network
HasW/!Z,v=1,...,V, after the mappings to generate the joint university ranking list.
Each of nonlinear embeddings is also the input to the view-specific network G,,, which
minimizes its distance to the original ranking r,. In contrast to MVCCAE and MVMDAE in
learning an embedding from the bottleneck of the neural network, we similarly exploit
the effectiveness of intermediate layers Z,, in between the view-specific sub-networks F,
and G, but towards the ranking loss for DMvDR. The detailed procedure of this method
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is described below.

The gradient of each view-specific sub-network G, is calculated from the output y with
respect to its parameters. Since the loss passes from each view-specific F, to G, sub-
network, the gradient can be calculated independently with respect to the output of each
view-specific Fy sub-network as §% = {$%*, 9%*,..., 3£} Then, the gradient of -
with respect to its network weights can be determined through backpropagation [92]. All

sub-networks contain several layers with Sigmoid functions.

The fused sub-network H is updated with the gradient of the ranking loss from the
cross-view relevance scores y. Similar to the generation of training data in MVSL2R, we
find the intersection of the ranking data with different representations or measurements
from various sources, and perform the pairwise transform to have the sample pairs as
the input X and y from the cross-view ranking orders T in (3.39). As a result, the input S
to the fused sub-network H is the concatenation of the nonlinear mapping from the V
view-specific networks F, as

s=wizl wiz ... wrz v (3.51)

We develop two possible scenarios during testing: (a) For the aligned testing samples,
the results from nonlinear mappings are concatenated in the same manner as the training
phase to generate a fused ranking list p at the end of common H sub-network; and (b) if
we have missing samples or completely missing views in testing, then we use S = W.,"z}
for the vth view. Note that the resulting view-specific prediction p, still maintains the
cross-view agreement which is ranked from the trained joint network. The gradient of g—g
and g—Z can be easily calculated afterwards using the SGD.

A multi-view subspace embedding layer is developed and further trained for joint ranking.
The input to the sub-network H is a concatenation of the projected features of the outputs
from the sub-networks F,. The gradient of multi-view subspace embedding (MvSE) can
be derived from (3.48) and (3.49):
aJMst 1 I:Iaf ag _—

97, = B g oz, —f 9z, (3.52)

We forward pass the gradient from the embedding layer to the fused sub-network H. The
embedding layer acts like a hub of the network as the layers of F, is backward optimized
through it. Furthermore, it also influences the parameters in G, for their view-specific
ranking loss.

The update of the common view-specific F, depends both on the view-specific ranking
output y and the cross-view relevance y. The v-th sub-networks F, and G, are optimized
consecutively using backpropagation with respect to the gradient (,"TVV. At the same
time, the loss with respect to the fused ranking y is passed through multi-view subspace
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embedding (MvVSE) from S in (3.51) as the input to the fused sub-network H. The
resulting gradient of each sub-network F, is given by

0J 0J !
DMVDR _ O~ MvSE _ 7 [Rhnk (Xv,» Yvi Gv(Fv (%))
v %

0Z, 0Z,
0

-B az Rhnk(S, ¥ H()), (3.53)

where a and (3 are the scaling factors controlling the magnitude of the ranking loss. The
gradients with respect to their parameters can be obtained by following the chain rule
similar to the other sub-networks.

We summarize the update of the entire network of DMvVDR using the SGD with mini-
batches below, and denote the parameters of the sub-network as 6 = {8¢,,0F,,...,0r,,
86,,06,,-.-,06,,04}. A gradient descent step is A8 = —H%JDM\/DR, where n is the
learning rate. The gradient update step at time t can be summarize according to the
chain rule as follows

N8t ={ABL,,ABL,,..., 06,
N8E, A6, ..., 065, , A6L}

OLahk 0y
t = — .
A, = dy G,
OLahk 0y
t = — ' —
BBy = dy oH
Aet :aJMvSE aZv _ al:a‘"lk ay . aZv

9z, oF, o9y aZ, OF,
_ 0L 9y 9S 9Z,

oy 0S 0z, oF,

(3.54)

Data is generated by the pairwise transform for both training and testing. The test
samples are evaluated based on the relative relevance to their queries. Meanwhile, it is
also possible to feed the raw ranking data into the trained model to predict their overall
ranking positions.

3.4.5 Experiments and Discussion on University Ranking

We present the ranking performance of the proposed multi-view learning to rank methods
on university ranking problems. Related methods in subspace learning and co-training
methods are included as follows for comparison. The subspace learning methods follow
the MvSL2R method proposed in Section 3.4.1 for ranking.

» Best Single View: a method which shows the best performance of Ranking SVM
[78] over the individual views.
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Feature Concat: a method which concatenate the features of the common samples
for training a Ranking SVM [78].

LMvCCA [5]: a linear multi-view CCA method.

LMvMDA [5]: a linear supervised method for multi-view subspace learning.

MvVDA [35]: another linear supervised method for multi-view subspace learning. It
differs from the above in that the view difference is not encoded in this method.

SmVR [41]: a semi-supervised method that seeks a global agreement in ranking.
It belongs to the category of co-training. We develop the complete data in the
following experiments for training so that its comparison with the subspace learning
methods is fair. Therefore, SmVR becomes a supervised method in this paper.

DMvCCA [5]: a nonlinear extension of LMvVCCA using neural networks.

DMvMDA [5]: a nonlinear extension of LMVMDA using neural networks.

* MvVCCAE: the first proposed multi-view subspace learning to rank method proposed
in the paper.

MvMDAE: the supervised multi-view subspace learning to rank method proposed
in the paper.

« DMVDR: the end-to-end multi-view learning to rank method proposed in the paper.

We show a rank correlation matrix of plots in Figure 3.10 with correlations among pairs
of ranking lists from the views 1-3 and the predicted list denoted by 'Fused’. Histograms
of the ranking data are shown along the matrix diagonal, while scatter plots of data pairs
appear off diagonal. We calculated the slopes of the least-squares reference lines in the
scatter plots from the displayed correlation coefficients. We generated the fused ranking
list by the proposed DMvDR from the common universities in 2015. From the correlations
between the views 1-3, we observe that the correlation coefficients are generally low, with
the highest (0.81) between view 1 and 3, while the others are around 0.70. In contrast,
the fused rank has a high correlation to each view. The scatter plots and the reference
lines are well aligned, and the correlation coefficients are all above 0.80, demonstrating
that the proposed DMvDR effectively exploits the global agreement with all view.

Moreover, we also report the average prediction results over 3 different university datasets
of the proposed and competing methods in Table 3.4. Due to the misalignment of ranking
data in 2015 across datasets, we make the ranking prediction based on the individual
view input, which is described in details in the Section 3.4.4. Ranking SVM [78] on the
single feature or its concatenation performs poorly compared to the other methods. It
shows that when the data is heterogeneous, the feature concatenation cannot enhance
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Figure 3.10: Rank correlation matrix for views 1-3 and the fused view [P4].

Table 3.4: Average Prediction Results (%) on 3 University Ranking Datasets in 2015 [P4].

Methods Kendal's tau Accuracy
Best Single View 65.38 -
Feature Concat 35.10 -
LMvCCA [5] 86.04 94.49
LMvMDA [5] 87.00 94.97
MvDA [35] 85.81 94.34
SmVR [41] 80.75 -
DMvVCCA [5] 70.07 93.20
DMVMDA [5] 70.81 94.75
MvCCAE (ours) 75.94 94.01
MvMDAE (ours) 81.04 94.85
DMvVDR (ours) 89.28 95.30

joint ranking. Kendal's tau from the linear subspace learning methods are comparatively
higher than their nonlinear counterparts. This is due to the fact that the nonlinear methods
aim to maximize to the correlation in the embedding space, while the scoring function
is not optimized for ranking. Finally, DMvDR has the highest ranking and classification
performance using its end-to-end optimization process.
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Figure 3.11: A summary of multi-view deep learning methods.

3.5 Contribution to Multi-view Deep Learning

We can summarize our contribution to multi-view deep neural networks in three groups
of methods shown in Figure 3.11. The first group merges the feature embeddings at
the end of each neural network. The second class of feature learning methods exploits
autoencoders and concatenates the features in between (sub-)networks. Both view-
specific reconstruction loss and the joint loss are optimized. The last category is the
end-to-end solution for direct decision making (ranking specifically in the thesis). The
compositive objective and the view-specific losses are optimized together towards to the
objective rankings.






4 Conclusion

Multi-view data analysis is an important and active research topic in the field of visual re-
ocognition and data mining. We are entering a world of heterogeneous data, which urges
extensive studies on unifying data representations from multiple sources to enhance
feature discriminability. Semantic gap has been mitigated by exploiting the multi-view
embeddings in various domains and feature types. Moreover, cross-modal matchings
are enabled using the methods presented in the thesis.

Multi-view learning was reviewed in Chapter 2. Subspace learning finds a common latent
space from different sensory modalities by fitting an optimization criterion. The compact
and discriminant feature is used for cross-modal multimedia retrieval, zero-shot object
recognition, face-sketch recognition and learning to rank. Regularization methods were
reviewed in particularly dropout and dropconnect to alleviate the outfitting problem in
neural networks. Multi-view learning methods in the literature were described extensively
including multi-view subspace learning and co-training. Unsupervised learning tech-
nigues including Canonical Correlation Analysis, Partial Least Squares regression. Their
nonlinear correspondences were also briefly reviewed. Multi-view discriminant analysis
and several of its extensions were included in the thesis as supervised methods.

The methods developed throughout the thesis were presented in Chapter 3. The general-
ized multi-view embedding method using the graph embedding framework was introduced.
Multi-view CCA, PLS and LDA were shown to be characterized by their specific intrinsic
and penalty graph matrices within the same framework. Multi-view Modular Discriminant
Analysis was proposed by exploiting the distances between class centers of different
views. Meanwhile, nonlinear embeddings were studied, together with implicit and explicit
kernel mappings for multi-view learning. A unified scheme for learning by neural networks
was developed which combined the learned representations with a linear embedding
layer. The stochastic gradient descent for optimizing the proposed objective function
were formulated.

Secondly, a multi-view nonparametric discriminant analysis method were formulated by
using two different KNN graphs to encode view discrepancy and weighting the contribution
of neighboring pairs based on their proximity to the class boundary.The novel method

55
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allows for multiple projecion directions, by relaxing the Gaussian distribution assumpton
of related methods. Additionally, a dropout regularization for linear multi-view subspace
learning was introduced and demonstrated its effectiveness in overcoming the overfitting
problem in cross-modal recognition. Finally, novel deep multi-view learning to rank
methods were presented which can provide a composite ranking method while keeping a
close correlation with the individual rankings simultaneously. The proposed methods were
multi-objective solutions to ranking by capturing the information of the feature mapping
from within each view as well as across views. Moreover, intermediate representations
were exploited using either autoencoders or discriminant learning. The end-to-end
solution presented in the thesis is able to enhance the joint ranking with minimum
view-specific ranking loss within a single optimization process.

To conclude, the thesis addressed several challenging multi-view data analysis problems
by learning representations using the unified solution for multi-view embedding. Proposed
methods have shown promising performance in object recognition, cross-modal image
retrieval, face recognition and object ranking. In the future, we should further explore
the reduction of computational complexity for multi-view kernel methods for big data.
Learning from incomplete and unlabeled multi-view data should be studied for video
analysis. Potential applications in automated driving and video surveillance systems can
be explored to broaden the scope of applications.
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Abstract—In this paper, the problem of multi-view embed- (LDA) have been extended to multi-view cases. Additionally,
ding from different visual cues and modalities is considered. the transformation can also be kernel-based or learned by
We propose a unied solution for subspace learning methods (deep) neural nets to exploit their non-linear properties.
using the Rayleigh quotient, which is extensible for multiple Two-view learningand multi-view learning One of the
views, supervised learning, and non-linear embeddings. Numer- most popular methods in multivariate statistics is Canonical
ous methods including Canonical Correlation Analysis, Partial Correlation Analysis (CCA) [6]. It seeks to maximize the
Least Square regression and Linear Discriminant Analysis are correlation between two sets of variables. Alternatively, its
studied using specic intrinsic and penalty graphs within the multi-view counterpart aims to obtain a common space from
same framework. Non-linear extensions based on kernels and V > 2 views [4], [5], [7]. This is achieved either by scaling the
(deep) neural networks are derived, achieving better performance cross-covariance matrices to incorporate the covariances from
than the linear ones. Moreover, a novel Multi-view Modular more than two views, or by nding the best rank-1 approx-
Discriminant Analysis (MvMDA) is proposed by taking the view imation of the data covariance tensor. A similar approach to
difference into consideration. We demonstrate the effectiveness nd the common subspace is Partial Least Square Regressions
of the proposed multi-view embedding methods on visual object [8]. It maximizes the cross-covariance from two views by
recognition and cross-modal image retrieval, and obtain superior regressing the data samples to the common space. Besides

results in both applications compared to related methods. transformation and regression, Multi-view Fisher Discriminant
Analysis (MFDA) [9] learns the transformation minimizing
. INTRODUCTION the difference between data samples of predicted labels. The

People see the world differently, and objects are describBgopout regularization was introduced for the multi-view
from various point of views and modalities. Identifying adinear discirminant analysis in [10].
object can not only bene t from visual cues including color, Unsupervised learningndsupervised learningin contrast
texture and shape, but textual annotations from different obsk- unsupervised transformations, including CCA and PLS,
vations and languages. Thanks to data enrichment from serlsBf [11], [12] exploits the class labels effectively by maxi-
technologies, the accuracy in image retrieval and recognitiftizing the between-class scatter while minimizing the within-
has been Signi Cantiy improved by taking advantage of muithaSS scatter Simultaneously. CCA has been SUCCeSSfU”y com-
view and cross-domain learning [1], [2]. Since matching tH@ined with LDA to nd a discriminative subspace in [13], [14],
data samples across various feature spaces directly is infead- Coupled Spectral Regression (CSR) [16] projects two
sible, subspace learning approaches, which learn a comnfifferent inputs to the low-dimensional embedding of labels by
feature space from multi-view spaces, becomes an effectS regressions. Consistent with the original LDA, a Multi-
approach in solving the problem. view Discriminant Analysis (MvDA) [17] nds a discriminant

Numerous methods have been proposed in subspace lefgRresentation ovel/ views. The between-class scatter is
ing‘ They can be grouped into three maior Categories bag@gXImlzed regardless of the difference between inter-view
on the characteristics of machine |earnimgo_view |earning and intra-view COVarianCES, while the within-class scatter is
andmulti-view |earning unsupervised |earningndsupervised minimized in the mean time. Generalized Multi-view AnaIySiS
learning and linear learning and non-linear learning While (GMA) [18] was proposed to maximize the intra-view dis-
traditional techniques in multivariate analysis take two inpufiminant information. Recently, a semi-supervised alternative
[3], multi-view methods have been proposed to nd an optiméi-°] was also proposed for multi-view learning, which adopts
representation from more than two views [ ], [ ] Compared ﬁt)non-negative matrix factorization method for view mapplng
learning the feature transformation in an unsupervised manrétd a robust sparse regression model for clustering the la-
discriminative methods, such as Linear Discriminant Analysfeled samples. Moreover, a multi-view information bottleneck

method [20] was proposed to retain its discrimination and

) The authors are with the Labora_to_ry_of Signa_l Processing, Tampere U_"”F‘ﬁbustness for multi-view learning.
sity of Technology, Finland. A. losi dis is also with the Dept. of Engineering,

Electrical and Computer Engineering, Aarhus University, DK-8200, Aarhus Linear and non-linear learning Many problems are not
N, Denmark., Denmark. linearly separable and thereby kernel-based methods and learn-

This work was supported by the NSF-TEKES Center for Visual anthg representation by (deep) neural nets are introduced. By
Decision Informatics (CVDI), sponsored by Tieto Oy Finland. A. losi dis and

K. Chen were supported from the Academy of Finland Postdoctoral Reseampping the featur_es to the high dimensional feature space
Fellowships (No. 295854 and 298700, respectively). using the kernel trick [21], kernel CCA [22] adopts a pre-




de ned kernel and limits its application on small datasets.
Many linear multi-view methods subsequently made their
kernel extension [23], [15], [24]. Kernel approximation [5]
was adopted later to work on big data. Deep CCA [25]
was proposed using neural nets to learn adaptive non-linear
representations from two views, and uses the weights in the
last layers to nd the maximum correlation. A similar idea has
been exploited on LDA [26]. PCANet [27] was introduced to
adopt a cascade of linear transformation, followed by binary
hashing and block histograms.
We make several contributions in this paper: First, we
propose a uni ed multi-view subspace learning method for
CCA, PLS and LDA techniques using the graph embedding
framework [11]. We design both intrinsic and penalty graphs
to characterize the intra-view and inter-view information,
respectively. The intra-view and inter-view covariance matri-
ces are scaled up to incorporate more than two views for
numerous techniques by exploiting their speci ¢ intrinsic and
penalty graphs. In our proposed Multi-view Modular Discrim-
inant Analysis (MvMDA), the two graphs also charaterize
the within-class compactness and between-class separability.
Based on the aforementioned characteristics of subspace learn-
ing algorithms, we propose a generalized objective function fBig. 1: Visualization of test images from the AwA dataset
multi-view subspace learning using Rayleigh quotient. Thigrouped by the features in the subspace. We highlight one
uni ed multi-view embedding approach can be solved as @ the representative classes “leopard” bounded in orange to
generalized eigenvalue problem. show images of the same animal categories are positioned in
Second, we introduce a Multi-view Modular Discriminantheir neighborhoods after multi-view embedding. Note the 2-
Analysis (MvMDA) method by exploiting the distances bedimensional t-SNE map [37] is generated from a near circular
tween centers representing classes of different views. Thisape.
is of particular interest since the resulting scatter encodes
cross-view information, which empirically is shown to provide The rest of the paper is organized as follows. Section Il
superior results. Third, we also extend the uni ed frameworfeviews the related work. In Section I1l, we show the uni ed
to the non-linear cases with kernels and (deep) neural nffrmulation to generalize the subspace learning methods. It
works. Kernel-based multi-view learning method is deriveg followed by the extension to multi-view techniques and
with an implicit kernel mapping. For larger datasets, we Usferivation in kernels and neural nets. Then, in Section IV, we
the explicit kernel mapping [28] to approximate the kernglresent the comparative results in zero-shot object recognition
matrices. We also derive the formulation of stochastic gradiesid cross-modal image retrieval on three popular multimedia

descent (SGD) for optimizing the objective function in theatasets. Finally, Section V concludes the paper.
neural nets.

Last but not least, we demonstrate the effectiveness of the Il. RELATED WORK
proposed embedding methods on visual object recognition anq ) ) .
n this section, we rst de ne the common notations used

f:ross-modal Image retrleyal. Speci caI_Iy, zero-shot_ recognmof'ﬂroughout the paper. Then, we will brie y review the related
is evaluated by discovering novel object categories based on

S . : methods for multi-view subspace learning. Moreover, recent
the underlying intermediate representation [29], [30], [31]. ItS . .
- . % "work on non-linear methods concerning kernels and (deep)
performance is heavily dependent on the representation in the -
. . . neural networks are discussed.
latent space shared by visual and semantic cues. We inte-
grate observations frorattributesas a middle-level semantic

property for the joint learning. Superior recognition result§- Notations

methods for cross-modal image retrieval [1], [373],[[33]. the feature vectors of theth view, and discard the index in the
This type of methods differs from the co-training methodsingle-view case for notation simplicity. Note that the dimen-
for image classi cation [34] and web image reranking [35]sionality of the various feature spacBs, may vary across
[36]. In the experiments, we show promising retrieval resultie views. The covariance matrix is a statistics commonly
performed by embedding more modalities into the commarsed in CCA and PLS. We deno¥, = X, Nixv ee”
feature space, and nd that even conventional content-basesithe centered data matrix. The cross-view covariance matrix
image retrieval can be improved. between viewi andj is then expressed asj = NiXin> =



Axi 1 Ree X7, wheree 2 RN is a vector of ones where " # " #

and|l 2 RN N s the identity matrix. For the supervised . o112 _ 1 X1X1  XaX3 ®)
learning problems, the class label of the samples noted 21 22 N X,X7 XoX3

asc 2f1;2;:::;Cg, whereC is the number of classes. We

de ne the class vectoe® 2 RN with e.(i) =1, if g = ¢,

andeg(i) = 0, otherwiseW, 2 RPv 9;v=1;::::V is the C. Kernel CCA

projection matrix for each viewd is the number of dimen-  kernel CCA nds the maximum correlation between two

sions in the latent space. The feature dimendlonin the yiews after mapping them to the kernel space [22]. This is

original space of each view is usually high, which makes th&pressed by

distribution of the samples sparse, leading to several problems

including the small sample size problem [38]. Therefore we J =arg wnax. corWi ;W3 ») )

want to project the samples to the latent space. '
The generic projection function is de ned to proje¥t 2

RP N toY 2 RY N, We dene the linear projection by

Y = W?> X. In kernel methods, we map the data to a Hilbert AIK 1K2 Az

We use the kernel trick [39] and the Representer Theorem in
(2), and derive the objective function for the kernel CCA as

spaceF . Letus de ne ( ) as the non-linear function mapping J =ag m A P AT KK A A KK A2 ®
Xi 2 RP toF,and =1 (x1);:::; (xn)] as the data
matrix in F. In multi-view cases, =[ 7;:::; §]”. Since

the dimensionality ofF is arbitrary, the kernel trick [39] is D. Deep CCA

exploited in order to implicitly map the data fo. The Gram  peep CCA maximizes the correlation between a pair of
matrix is given by views by learning non-linear representations from the input
Kv= XuiXo)= 2 1) dat_a through multiple stacked layers of neurons [25], [42].
A linear CCA layer is added on top of both networks, and
where (;) is the so-called kernel function. The centereghe inputs to the CCA layer depend on the network outputs
Gram matrix isKy = Ky 1K, &Ky 1>+ &1Ky1, H, andH,. Similar to the non-linear case in (8), a modi-
wherel 2 RN N s an all- ones matrlx In order to nd the ed objective function mln fTr Wi Hy H3W, is
optimal projection, we can expred¥, of each view as a
linear combination of the training samples in the kernel spa
based on the Representer Theorem [21], [40]. This can pe
expressed by using a new weight mat#ix, as

A layer, and the correlated outputs &fe = W7 H; and
W3 H,. A modied SGD method is developed with
respect to the inputsl; andH, to the linear layer, which
W, = A, (2) are also the outputs from the two networks. The obJectlve
function is expressed & WiHi H3W, =Tr(T> T)z,

In the case where a neural network whh layers is con- hich describes the correlatlon as the sum of thedtemgular
1=2 1=

sidered, ; contains the weight parameters in thih layer, vectors of T = 2 2 \whose de nition can be
j =1;:::;M. The weightsB = [ 1;:::; wm] are learned found in [3].

by applylng stochastic gradient descent (SGD), &fd;B)

is a non-linear mapping function which maps, to the

representation of the last hidden layey, i.e. E. Partial Least Squares (PLS) regression

Hy = h(Xy;By); ) Partial Least Squares (PLS) regression [8] is another di-
mensionality reduction technique derived from the linear com-
bination of the input vectorsX; together with the target
information which is considered as the second viéw PLS
maximizes the between-view covariance by solving

J =arg max [Tr(W1X1X; Wo)l; ©

%%tlmzed whereW 1,W2 are the projection matrices in the

whereB, is the weight matrix trained by applying backprop;
agation in thevth network.

B. Canonical Correlation Analysis (CCA)
subject toW ;W = ;W3 W = I: (10)
Canonical Correlation Analysis (CCA) [©], [*1] is a con- The non-linear extensions of PLS are obtained in the similar
ventional statistical technique which nds the maximum €Ol anner as the ones in CCA
relation between two sets of data samptes2 RP: N and '
X2 2 RPz N ysing the linear combinatiovi; = W 7 X; and
Y2= W3 X2 Wy andW  are determined by optimizing: £ Generalized Multi-view Analysis (GMA)

J =arg Wﬂ%ZCOH(Wixl;WE X2) (4)  GMA [18] is a generalized framework incorporating nu-
’ N merous dimensionality reduction methods. It maximizes the
Wi W

=arg max p— = ; (5) intra-view discriminant information, but ignores the inter-view
WuWz o Wi Wy W3 W information.




where P and Q are the matrices describing the inter-view

20 N and intra-view covariances, respectively. The above equation
J = argmax 4T @ 2 5 W7 XiX7 W+ iW{ PiW;AS5; has the form of the Rayleigh quotient. Therefore, all subspace
P i=1 learning methods that maximize the criterion can be reduced
subject tox’ WIOW, = It (1) to a generalized eigenvalue problem:
i PW = QW; (19)

Here bothP andQ are the intra-view covariance matricés.
is a square matrix an@ is a square symmetric de nite matrix.
We adopt Generalized Multiview Marginal Fisher Analysis

(GMMFA) in this framework. The method is also kernelizable

using the Representer Theorem and kernel trick. W = % § and

and the solution is glven |n (20) below:

= i (20)

G. Linear Discriminant Analysis (LDA)

Linear Discriminant Analysis (LDA) [11], [43] nds the are the generalized eigenvector and the sum of thel tpgner-
projection by maximizing the ratio of the between-class scattalized eigenvalues;, respectivelyW contains the projection
to the within-class scatter. Let us de ne by the mean vector matrices of all views, and is the value of Rayleigh quotient.
of the cth class, formed byN. samples, and the global We address the Rayleigh quotient as the uniform objective
mean. Then, LDA optimizes the following criterion: function, reaching out to all subspace learning methods in the
paper. The non-linear multi-view embeddings can be achieved

J =arg max M (12) by kernel mappings, or (deep) neural networks optimized by
T(W>QW)’ SGD. Suppose we have a linear projectigsh = W > X,
where Sij is a similarity weight matrix which encodes the intra-
. X 1 o1 view properties to be minimized, arﬁj}ij is a penalty weight
P= Ne(c e )=X NGl yee X~ expressing the inter-view properties to be maximized. Then
e=1 e=t (13) based on [11], [46], we can express the objective function as
follows
o=" o o =x 1 F leer x> a
= Xi c)(Xi c) = —€c€ec : PRE
=1 =1 Ne D Sh KW Xy WXy, k2
Non-linear extensions with kernels include KDA [44] and J = argmax "';0 ';0 JINO (21)
KRDA [45]. W=l S kW3 Xy W3 Xy K2
v=0 i=0 j =0

H. Multi-view Discriminant Analysis (MvDA) THOW > XL %> W)

MvVDA [17] is the multi-view verison of LDA which maxi- = arg max THOW> XLX W) - (22)
mizes the ratio of the determinant of the between-class scatter W~ W =!
matrix to that of the within-class scatter matrix. Its objectivén the kernel case, we also have
function is TI'(A> KL OKA )
_ TH(SY) T AN TH(ATKLKA ) 23)
J =argmax ; (15) . . . .
wo Tr(S) In the above, we de ne the diagonal mafrix of each view pair
where the between-class scatter matrix is asDu whosei-th element iSDy Ji = ;[Sw]; , and the
total graph Laplacian matrix as = D S. Similarly, we
s Xow WX, x Niecec> Nlee> X>Wj; (16) haveD? S%LY%in the penalty graph.
i1 j=1 et C For the non-linear mapping by neural networks, we deploy a
and the within-class scatter matrix is linear embedding layer on top of the networks. This scheme is
N x 4 iIIustra_ted in Fig. 2. Since we have more than two input views,
SIS WX | ~ece” XTWi: (17) Wwe train multiple neural networks whose outputs are connected
i=1 j=1 ea Ne to the linear layer and the objective is the same as in the linear

case. By backpropagating the error of the weight matrix, we
optimize the Rayleigh quotient criterion with respect to the
non-linear feature representation from each view in the last
11l. GENERALIZED MULTI-VIEW EMBEDDING hidden layer of the networks. The projection is found in the
Same way as in the linear case, and we will address the SGD
grmulatlon for the speci c algortihms in the next section.

W contains the eigenvectors of the mat@x= SY 'SV
corresponding to the leadirgeigenvalues ;.

Here we propose a generalized expression of objective
function for multi-view subspace learning. The generalize
optimization problem is given by: Fig. 3 illustrates the proposed framework graphically. We

N can extract different types of low-level features from images,
Tr(W”PW) (18) texts, and intermediate representations. The multi-modal fea-

J =arg ma
Tr(W?> QW) ture vectors are passed through linear or non-linear projec-



B. Linear subspace learning

When the subspace projection is linear, we can obtain the
latent feature vectors from each view as

Y= WXy (24)

and the projection matrix is derived directly by solving the
Fig. 2: Anillustration of Multi-view (Deep) Embedding Neuralgeneralized eigenvalue problem in (19). As shown in Table I,
Networks. multi-view CCA has the total covariance matrix= P + Q,

and we derive its projection matrix by ful lling the criterion

tions to the latent space. The projected features characteﬁf ow
the properties of the intra-view compactness and inter-view

separability based on the proposed criterion. We show the o P P wex Lxow,
scaled inter-view and intra-view matrices for each multi-view i=1 jei P P
algorithm in the next section. Then, the projection matrices J = argmax p"l . (25)
are presented with respect to their own intrinsic and penalty WyvsLEN gy W?>XiLX?W,i
graph matrices and the optimization methods. i=
where the Laplacian matrik = | Nie e .

_ Multi-view PLS has the same Laplacian matrix as the one in
Multi-view CCA. We only optimize the Rayleigh quotient by
maximizing the cross-covariance matrices between different
The idea behind multi-view CCA (MvCCA) is to maximizeviews as

A. Scaling up the inter-view and intra-view covariance matri
ces

the correlation between all pairs of views. Its objective can be woW
rephrased as maximizing the inter-view covariance while mini- J =argmax Tr WP XiLXTW; (26)
mizing the intra-view covariance in the latent space. Therefore, W>w=lI i=1 j6i

we consider inter-view covariance matrices between different =1

view representations ifP and the covariance matrices ofwhose solution is the projection matrix.

each view inQ. Multi-view PLS (MvPLS) maximizes the e propose two ways to determine the projection matrix
inter-view covariance directly. Since we also embed the targgt multi-view LDA. The rst appoach is the multi-view
information for the subspace learning, the proposed MvPlgxtension of the standard LDA, and its between-class scatter

differs from MvCCA only in the intra-view minimization. S; maximizes the distance between the class means from all
Taking the class discrimination into consideration, the nov@jews:

multi-view modular discriminant analysis (MvMDA) extends

to separate the data of different classes between views while YO X X
making the intra-class data compact. We illustrate the structure Sg = (mip m {])(m b mgy
of P andQ for each method in Table . N
P& q
TABLE I: The matricesP andQ for the proposed multi-view X WX LaX> W,
= i Xiks X7 Wi 27)
CCA, PLS and MvMDA. ie1 je1
5 P . Q ,where the between-class Laplacian matrix is
0 12 v un 0 0 8
a0 2 0 2 0 ) Yoo el fi=j
MvCCA : : .. : : : - : p=1 g=1 Ng NpNq
: : - : : : n : 6q
Le = ’ (28)
, V1 V2 0 3 02 0 Vv § 2>€ x 1 > fi6i
0 12 v (] 0 NoNg €p € if i 6j:
p=1 g=1
21 0 2v 0 | 0 p6
MVPLS . . . S . : o )
E : oo % g oo % m , denotes the mean from tlith view of thepth class in the
0 0 0 | latent space, and, is the N -dimensional class vector, with
2 vt 2 3N, as th ber of samples in tpeh class. The clasg i
P P Py ou 0 0 d'?f as t? nurrt1h er Io samples in thth class. The clasg is
Po Pa P 0 Qm o gdifferen r‘om e clasg. .
MvMDA . . . . Alternatively, we propose the between-class scatter matrix
which maximizes the distance between different class centers

Pvi Pvz Pvv 0 0 Qvv across different views. Since it considers the samples from the
class of the speci c view origin, we call it Multi-view Modular
Discriminant Analysis (MvMDA), and its forumulation is



Fig. 3: Overview of the generalized multi-view embedding: Features from different modalities are extracted and either linearly
or nonlinearly mapped into the common subspace by maximizing the Rayleigh quotient criterion.

s XX m " Wi xgw,
Sg = (mp mg)(my my) J = argmax '_1; = ; (32)
i=1 j=1 p=1 g;lq Wyvsliy W7 XiLw X7 W
XOW o
= W7 XiLEXTWy; (29) Wwherel is denoted as the Laplacian matrix of eittey or
i=1 j=1 LS.
and the Laplacian matrix is
X X 1 1
Lg =2 (mep e; Wep e; ): (30) C. Kernel-based non-linear subspace learning
p=1 q=1 p pYq

Exploiting the kernel trick in (1) and the Representer

The difference between the two approaches is Bat theorem in (2) and (24) can be expressed as follows

PR
hasN—lcz(V 1) W7 Xiecel X7 W, while S§ has the

PR Yy= AD T v=ATKy (33)
term W? Xiec.eg X7 W which suggests that The criterion of kernel multi-view CCA is then,
¢ i=1i=1 c=1
e : : - 7 PP ArKiLK A,
the rst proposal only considers the maximum of the intra- P 17

view distances, while the second proposal can maximize the J = 1=t . (34)

arg max
distance between different views. We also validate experimen- Ky ;9:1 Vo P AP K LK A,
tally that the second proposal achieves better results. Detailed =
derivation of the two approaches of (27) and (29) are included
in the supplementary material. It can be easily shown that the solution ¥, is the same
We extend the same formulation of within-class Laplacia®s (19).
matrix in the latent space as the single-view LDA, i.e. Kernel multi-view PLS maximizes the covariance between
W X g pairs of feature vectors in the kernel space and therefore the
Sw= WX | N—cecec> X7 Wi objective function is
i=1 c=1
X !
= WiQi Wi (1) J = agmax Tr o ></ATK‘LK,A,- : (35)
i=1 Kyiv=l Vv i=1 j6i
[ )=
whereQ; = XiLw X7, andLy = | N—lcecef. From o o S o
(27) and (31), it is shown that the bet\?\féen-class and withi-rll-he criterion for kernel multi-view discriminant analysis is
class scatters are equivalent to the projected inter-view and PP
intra-view covariance, respectively. The projection matrix of L i=1 = ATKiLeKjA;
the multi-view LDA is found by optimizing the following J = argmax (36)

fviomid 5]
KW=tV gy AKiLwKiA,

objective function i1



D. Non-linear subspace learning using (deep) neural netrodal feature representations can be generated. The Animal

works with Attribute (AwA) dataset consists 80 animal classes
Exploiting the non-linear mapping using neural networks ith 30; 475images in tot_al, an@5 clas_s_—level attributes. We
(3), (24) can expressed as ollow the same setup as in [31] by splitting 40 class&% 295
N N images) to train the categorical model while the detlasses
Yy =W7h(Xy;By)= W{Hy: (37)  with 6; 180images for testing. Sample images from the test set

Since the network outputs are combined by a linear layBFe .s‘hown in Fig. 1. Each animal class contains more than one
as shown in Fig. 2, the parameteBs of each network are pos_ltlve attribute, and the attrlbL_Jt_es are shareq across classes
jointly trained to reach the optimal criterion value. After thd/hich enables zero-shot recognition. The detailed class labels
transformation by neural networks, the projection becom@8d attributes are provided in [31].
the same as the multi-view linear subspace learning with\Vikipedia is a cross-modal dataset collected from the
respect toH . Therefore, we need an additional optimizationVVikipedia featured articles” [1]. The dataset is organized
solved by SGD. We experimented with SGD without variand@ 10 categories and consists @866 documents. Each
constraints, and found that we could obtain much better resffgcument is a short paragraph with a median text length of
with the projections constrained to have the unit variance, i€90 Words, and is associated with a single image. We follow
in Deep Multi-view CCA (DMvCCA), we have the_ tram_/test split in [1] who us®; 173 training and693 test
pairs of images and documents.
(38) The third dataset we use is the Microsoft COCO 2014
Dataset [47] (abbreviated as COCO in latter paragraphs). We
) ) ) . o collect the images belonging to at least one ne-grained cat-
Wlthpu_t intra-view mlnlmlzgtlon, the_optlmlzatlon of‘ Deepegory, which amounts t82; 081 training images, and0; 137
Multi-view PLS (DMVPLS) is constrained to have unit vari~ajigation images. More than 5 human-annotated different
ance W?>W; = I, while in Deep Multi-view Modular captions are associated to each image. We follow the same
i de nition in [47] to use 12 super classes as the class labels, and
91 ne-grained categories as the attributes. The class names
and attributes are presented in Table Il. The classes that the
images belong to are highly semantic, and the same image
can have multiple class labels. Meanwhile, similar images may
belong to several different classes.

With the variance constraint, the expressions of the gradie . ;
in DMVCCA and DMVPLS are the same as M&BLE I1: The class labels and attributes on the COCO

WZH LHTW, = I:
i=1

=1
Discriminant Analysis (DMvMDA), we project the within-
class scatter into unit, i.e.

W HLwH W, = | (39)
i=1

N dataset.
%=QT¥ W7 HiLH] W, Classes
‘ I =g outdoor, food, indoor, appliance, sports, person, animal,
oW vehicle, furniture, accessory, electronic, kitchen
= igiW‘Wi HiLs (40 ["Attributes
=1 person, bicycle, car, motorcycle, airplane, bus, train,
and the gradient of DMVMDA is computed as truck, boat, traf c, light, re, hydrant, stop, sign, parking,
¥ W ! meter, bench, bird, cat, dog, horse, sheep, cow, elephant,
o _ Qn W H Lg H W bear, zebra, giraffe, backpack, umbrella, handbag, |tie,
@i @i i=1 j=1 suitcase, frisbee, skis, snowboard, sports, ball, kite, pat,
W baseball, glove, skateboard, surfboard, tennis, racket, |bot-
= WiW;J HjLg; (41) tle, wine, glass, cup, fork, knife, spoon, bowl, banana,
i=1j=1 apple, sandwich, orange, broccoli, carrot, hot dog, pizza,
Detailed derivation of (40) and (41) can be found in thg donut, cake, chair, couch, potted, plant, bed, dining, taple,
supplementary material. toilet, tv, laptop, mouse, remote, keyboard, cell phone,
microwave, oven, toaster, sink, refrigerator, book, clock,
IV. EXPERIMENTS vase, scissors, teddy, bear, hair, drier, toothbrush

In this section, we evaluate the multi-view methods on
two important multimedia applications: zero-shot recognition We use the following feature representations in the experi-
on the Animal with Attribute (AwA) dataset, and crossiments:
modal image retrieval on the Wikipedia and Microsoft-COCO Image feature by CNN models We employ the off-the-

datasets. shelf CNN models as stated in [48] arfg] pn all image
datasets — Visual features are extracted by adopting two
A. Experimental Setup powerful pre-trained models. We rescale the size of the
We conduct the experiments on three popular multimedia input images t®24 224, and generate the features from
datasets. One common property in these datasets is that multi- the outputs of théc 8 layer in a VGGNet with 16 weight
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The Experiment protocol and performance metrics are
scribed below:

layers [
the loss3=classifier layer from a GoogleNet [
models producd000dimension feature vectors.
Class label encoding Since each image corresponds
to one class label on the AwA and Wikipedia dataset,
we can describe the image category using the textual
feature mapped from the image feature. Speci cally, we
rstly train a 100-dimension skip-gram model [51] on
the entire English Wikipedia articles composed of 2.9
billion words. Then we can extract a separate set of
word vectors from class labels of our datasets. In order
to correlate the labels with the image contents, we train a
ridge regressor with 10-fold cross-validation to map the
VGG-16image features to each dimension of the word
vectors respectively. The regressor outputs are used as the
class label features.

Attribute encoding: We also adopt another important
modality from visual attributes on the AWA and COCO
datasets. On the AwA dataset, we use 50e 85 class-
attribute matrix in [52], [53] which species attribute
probabilities of each class, while on the COCO dataset,
we develop a 91-bin feature vector as attributes for each
image of whichl's denote the image has the ne-grained
tag andd's otherwise. Then, we train a ridge regressor be-
tween thevVGG-16image feature and formulated attribute
probabilities. The predicted probabilities associated with
each image are used as the attribute feature.

Sentence encodingA vital feature of cross-modal re-
treival system is that we make use of textual features di-
rectly. We can nd a paragraph of text describing each im-
age on the Wikipedia dataset, while on the COCO dataset,
a similar paragraph can be developed by concantenating
all captions from the annotators which are associatéd

] (denoted a¥GG-16in latter sections), and
]. Both

the multi-view methods in this paper. For the evaluation
metric, we use the average classi cation accuracy which
is also employed in [31], [56].

Cross-modal retrieval on the Wikipedia and COCO
datasets We perform two tasks in cross-modal retrieval,
i.e. text query for image retrieval and image query for
text retrieval. Moreover, a conventional content-based
image retrieval system is evaluated in Section IV-C4. We
rst extract the test features in their own domains. A
latent space is joinly learned from the image features,
intermediate feature and sentence feature in the training
set. Test features are then projected to the latent space
by the trained model. The semantic matching from [1]
is performed by training a logistic regressor over the
embedded features from all of the ground truth samples
which maps the projected features of both queries and
to-be-retrieved images/texts towards the class labels. The
feature vectors generated from the ground truth class
labels are essentially the class vectors, whose dimen-
sionality is the number of classes. We use the class
probabilities from the regressor outputs for matching
between modalities.

We present the results using 11-point interpolated
precision-recall (PR) curves. The Mean Average Precision
(MAP) score, which is the average precision at the ranks
where recall changes, can be computed based on the
Precision Recall curves. The Average Precision (AP)
measures the relevance between a query and retrieved
items [57], and the MAP score calculates the mean AP
by querying all items in the test set.

Parameter Settings

to each image. We generated the sentence vectors fronThe dimensionalityd in the latent space is a pre-de ned
the paragraphs by the pre-trained skip-thoughts modsrameter. We will evaluate the effects of differehvalues
[54]. The model was trained over the MovieBook anéh the following section. In the experiment, we ude= 50

BookCorpus dataset [

]. On the Wikipedia, we emplofpr linear projections on all datasets. On the Wikipedia and

the combined-skipvector 0of4800dimensions, while due AwA dataset, we choosd = 150 for kernel mappings, and
to the large size of COCO dataset, we only usethe d = 200 for the COCO dataset. For computational ef ciency

skip vector of 2400 dimensions.

Zero-shot recognition on the AwA dataset We follow
a similar experiment pipeline as in [

on the AwA and COCO dataset, an approximated RBF kernel
apping is adopted for the non-linear mappings. We skt

fie RBF kernel as the average distance between samples from

different views/modalities, which is the natural scaling factor

for each dataset. In all of the experiments, the original training

], and the compaset is further partitioned into 80% training split and &20%

ative results show the performance of the proposed mulalidation split.
view embedding methods. We project the multi-view The topology of neural networks has more variabilities,
representations to the latent space. Zero-shot recogniteomd we chose the optimal one according to the held-out

is achieved by semi-supervised label propagation onvalidation set. We refer to [

1 [

] for a detailed discussion

transductive hypergraph in the latent space. Speci callgn topologies. On the AWA dataset, we to8khidden layer,
the cross-domain knowledge learned from the commaach with1; 024 neurons with theelu activation before the

semantic space is tranferred to the target space of 80-dimensional linear embedding layer. We only adopted the
test animal classes via attributes. The prediction of tardetear and kernel-based embeddings on the Wikipedia dataset
classes is undertaken on a hypergraph to better integramtesiew of its small size. On the COCO dataset, we chose a
different views. We replace the multi-view linear CCAsingle hidden layer witli500relu neurons, and the dimension-
for joint embedding in [56] with the generalized embedality of the nal linear layer is alsal50Q We experimented
ding methods. Since the same hypergraph is used, tith with the whole batch and multiple mini-batches for SGD,
recognition results indicate the different performance gnd adopted a batch size @00 which achieves a superior
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sentence features for two views, and augment attribute and
GoogleNet encodings as the additional modalities. It is shown
that a better MAP score is obtained when enriching the
latent feature with more modalities as shown in Table V.
We also observe that the supervised methods perform better
than the unsupervised counterparts, and non-linear projections
(8) 2-view LMVCCA  (b) 3-view LMVCCA  (c) 4-view LMVCCA  py kernel methods are superior. KMVMDA achieves the best
retrieval results with supervision and non-linearity.
We present more detailed results in the form of PR curves in
Fig. 5. For image queries, KMvVMDA consistently outperforms
the other methods across all views, which can be explained by
its utilization of class labels and kernel-based representations.
For text queries, the supervised and non-linear methods also
(d) 4-view MVDA [17] (€) 4-view GMA [18] () 4-view DMvMDA  outperform their linear counterparts. KMvCCA and KMvMDA
Fig. 4: The rst row shows the 2-D visualization of embedare the leading methods in this category, which shows the
dings by LMVCCA with an increasing number of views on thétrength of cross-modal retrieval by making use of view
AWA dataset. The second row presents the embedding maliféerence.
by different methods all with 4 views on the same dataset. The3) Cross-modal retrieval results on the COCO Dataset:
samples from different classes are denoted in different colofdle COCO dataset is much larger than the Wikipedia dataset,
and we pay more attention to the non-linear methods especially
the ones using neural networks. Many images have more than
one class labels, and therefore we focus on the unsupervised
learning algorithms. Similar to the experiments above, the
MAP scores in Table VI show that a gain of retrieval accuracy
can be obtained by embedding additional modalities into the
The abbreviations of the numerous methods are shownlatent space. DCCA2 [25] achieves a superior performance
Table IlI. with 2 views thanks to its non-linear projection which makes
1) Results on zero-shot recogntiolVe visualize the em- the latent feature more discriminant for retrieval. However, its
bedded space in Fig. 4. We use the VGG-16 feature afumulation limits the algorithm to 2 views, and DMvCCA and
class label encoding for two views, and augment attribute aBdivPLS based on the proposed framework can improve the
GoogleNet encodings as the additional views. In the rst rovgtate-of-the-art method by increasing the number of modalities.
it is shown with the increasing number of views in MvVCCAFrom the PR curves in Fig. 6, we compare the methods using
the latent feature vector progresses from being distributéte proposed objective function with DCCA2 which contains
incoherently to showing more distinct groups. In the secordo views. For image queries, KapMvCCA obtains the best
row, we compare different methods with 4 views. It is clearlyetrieval result with 2 views, but it is further improved by
shown we obtain a set of more compact and separable featutes methods using neural networks bene tted by attributes
by the proposed DMvMDA. and GoogleNet features. For text queries, it also suggests
Recognition accuracy of different methods is comparadore modalities and neural network-based representations
quantitatively in Table IV. The rst group contains the lineaicontribute to the retrieval performance. The cross-modal re-
projection results, the second uses the kernel methods, theval by the 4-view DMvCCA achieves the overall highest
third are the results by deep neural nets, and the last categorgcision score on this dataset.
includes several comparative results in the literature. The4) Content-based Image Retrieval (CBIR) Performance on
linear methods perform favorably in general while the leadirthe COCO datasetWe also show the effectiveness of multi-
recognition rates can be found in the non-linear methods usivigw embedding method on the conventional CBIR task in
neural nets with 4 views. The kernel approximation does nbig. 7. We randomly pick two image-to-text pairs as queries,
provide superior results compared to linear methods due tto perform image-to-image retrieval using both M&G-16
the information loss in sampling [28]. Above all, the 4-viewisual feature and the projected visual feature by the 4-view
DMvMDA is reported to be the best method for zero-shddCCA. We also perform text-to-image retrieval by querying
recognition. The results are also organized by the numbertb&é corresponding captions of the query image used in CBIR
views in columns, and it is shown for all methods that wim the last column. We observe the CBIR performance can be
consistently obtain a better accuracy with more views. Specitither improved by incorporating the semantic information.
ically, the proposed LMvPLS achieves the highest accuratty Table VII, we present the quantitative results of CBIR
with two input views. while the novel LMVMDA has a moreby the projected visual features. “RAW” in the Table shows
discriminant representation in the latent space leading tothee retrieval results by visual features directly, while the rest
better recognition when more views are presented. are the multi-view embedding results. It is shown that more
2) Cross-modal retrieval results on the Wikipedia Datasetnodalities and non-linear projections yield a discriminant
Due to the limited number of samples, we use PCA befolatent visual feature, which improves the retrieval performance.
performing the subspace learning. We use #@&G-16 and

performance. The number of epoches is sei@@mpirically.

C. Experimental Results



TABLE llI: List of Abbreviations

LMvCCA / KMvCCA / KapMvCCA / DMVCCA

Linear / Kernel / Approximate Kernel / Deep Multi-view Canonical Correlation Analysis

LMVPLS / KMvPLS / KapMvPLS / DMVPLS

Linear / Kernel / Approximate Kernel / Deep Multi-view Partial Least Square Regression

SLMvDA/ SKMvVDA

Standard Linear / Kernel Multi-view Discriminant Analysis using (28)

LMVMDA / KMVMDA / KapMvMDA / DMVMDA

Linear / Kernel / Approximate Kernel / Deep Multi-view Modular Discriminant Analysis using (30

MULDA / KMUDA [15]

Multi-view Uncorrelated Linear / Kernel Discrimiant Analysis

MVDA [17] Multi-view Discrimiant Analysis
GMA [18] Generalized Mult-view Analysis
DCCA2 [25] Deep Canonical Correlation Analysis

(a) PR curves for image queries with(B) PR curves for image queries with(8) PR curves for image queries with 4

views

views

views

(d) PR curves for text queries with 2 views) PR curves for text queries with 3 view PR curves for text queries with 4 views

Fig. 5: PR curves across different number of views on the Wikipedia dataset for the Image-to-Text retrieval and the Text-to-
Image retrieval.

TABLE IV: RECOGNITION ACCURACY (%) on the AwA

DATASET D. Parameter sensitivity analysis of dimensibm linear and
: - . kernel cases
[ Method | 2 views | 3 views [ 4 views |
Proposed LMVCCA 55.86 | 75.88 | 82.01
Proposed LMvPLS 58.52 | 7359 | 77.09
Proposed LMVMDA | 55.85 | 77.64 | 8288 The number of dimension of the feature vectors in the
Proposed SLMvDA 54.58 69.02 70.56 . K . .
Proposed KapMvCCA| 56.41 | 7340 | 74.76 Iate_nt space is determ_lnt_ed by the tdpe_lgenvectors in the
Proposed KapMvPLS | 5558 | 74.40 | 75.05 prOJectlon matrix, a_nd |t_ is pre_—de ned in the_former exper-
Proposed KapMvMDA| 57.19 | 71.64 | 75.63 iments. Therefore in this section, we investigate the effect
Proposed DMvCCA 5125 | 7112 | 8227 by the variation ofd shown in Fig. 8 and 9, ranging from
Proposed DMvPLS 4328 | 68.81 | 74.63 f10; 20; 50; 100, 150, 200g. The performance on the Wikipedia
Proposed DMvMDA 53.87 | 75.61 | 83.66 dataset is reported with both text queries on images and image
MVDA [17] 49.95 | 68.55 | 70.00 queries on texts. The results on different number of views
GMA [18] 52.12 | 7349 | 78.46 are also recorded. In general, we obtain a better retrieval
MULDA [15] 55.46 | 7413 | 74.88 performance whend is between50 and 150. It can be
TMV-HLP [56] - 73.50 | 8050 explained by the fact that the most informative eigenvectors are
DCCA2 [25] 50.47 - - included within the range. Thereford,= 50 was chosen for
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the multi-view linear embeddings in the experiments. Except
LMVPLS and KMvPLS, we nd the majority of the methods
are robust to the dimensionality changes in the subspace.



TABLE V: MAP Scores (%) on the Wikipedia

‘ | 2 views | 3 views | 4 views |
img. query | txt. query | avg. | img. query| txt. query | avg. | img. query| txt. query | avg.
MvDA [17] 39.73 37.14 38.43 39.34 35.04 37.19 41.07 39.21 40.14
GMA [18] 41.91 38.55 | 40.23 42.26 38.66 | 40.46 42.26 38.67 | 40.47
MULDA [15] 43.04 39.87 | 41.46 43.45 40.68 | 42.07 43.79 40.32 | 42.06
Proposed LMvCCA 41.37 39.07 40.22 42.10 39.64 40.87 42.53 39.98 41.26
Proposed LMVPLS 42.49 40.42 41.46 41.29 39.34 40.31 41.86 39.74 40.80
Proposed SLMvDA 43.20 40.07 41.64 43.14 39.86 41.50 43.77 40.24 41.80
Proposed LMVMDA 43.38 40.32 | 41.85 43.74 40.46 | 42.10 43.90 40.23 | 42.07
KMUDA [15] 44.38 39.52 41.95 45.40 39.96 42.68 44.29 38.12 41.20
Proposed KMVCCA 44.78 41.83 43.30 44.06 41.41 42.73 45.13 41.66 43.40
Proposed KMvPLS 42.94 40.46 41.70 42.03 39.40 40.71 41.94 38.84 40.39
Proposed SKMvDA 4552 38.39 | 41.96 44.66 38.47 | 41.57 42.94 39.32 | 41.13
Proposed KMVMDA 46.01 40.96 43.49 45.40 40.16 42.78 46.48 40.73 43.61

TABLE VI: MAP Scores (%) on the COCO dataset

\ | 2 views | 3 views | 4 views

img. query | txt. query | avg. | img. query| txt. query| avg. | img. query| txt. query | avg.
Proposed LMvCCA 87.18 86.92 87.05 87.20 87.01 87.11 87.31 87.22 87.27
Proposed LMvPLS 84.76 85.05 84.91 84.83 85.07 84.95 84.82 85.05 84.94
Proposed KapMvCCA 88.42 87.58 88.00 88.35 87.52 87.94 88.45 87.60 88.03
Proposed KapMvPLS 87.16 86.58 86.87 87.14 86.56 86.85 87.14 86.56 86.85
Proposed DMvVCCA 88.14 88.10 88.12 88.20 88.26 88.23 88.49 88.40 88.45
Proposed DMVPLS 88.01 88.03 88.02 88.06 88.03 88.05 88.45 88.34 88.40
DCCA2 [25] 88.30 88.27 88.29 - - - - - -

(&) PR curves for image queries with(B) PR curves for image queries with(8) PR curves for image queries with 4
views views views

(d) PR curves for text queries with 2 views) PR curves for text queries with 3 vie PR curves for text queries with 4 views

Fig. 6: PR curves across different number of views on the COCO dataset for the Image-to-Text retrieval and the Text-to-Image
retrieval. Note the curve by DCCAZ2 [25] is presented across all numbers of views.

V. CONCLUSION by their speci c intrinsic and penalty graph matrices within
In this paper, we proposed a generalized multi-view erthe same framework. A novel discriminant analysis method

bedding method using the graph embedding framework. Wwamed MvMDA was introd_uced by_exploiting the_distances
showed multi-view CCA, PLS and LDA can be characterizetaetween class centers of different views. Meanwhile, we also
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Image Query

Text Query

t.

1. A very big building with many windows and a clock on it.
2. A very old tall building with a large clock tower sticking out of it.
3. The clock tower stands high above the city.
4. A clock that is on the side of a large building.
5. The bridge is in front of a huge building with a clock tower in the middle of i
Precision:53:33% Precision:86:67% Precision;100%
(a) Query by original image feature (b) Query by projected image feature (c) Query by text
Image Query Text Query
1. An open laptop sits on a desk in front of a window.
2. An Apple laptop sitting on a wooden desk.
3. An Apple laptop sitting on a wooden desk in an of ce.
4. An Apple laptop on a desk in an of ce.
5. A desk with a laptop sitting on top of it.

Precision:60:00%

(a) Query by original image feature

Precision:86:67% Precision:66:67%

(b) Query by projected image feature (c) Query by text

Fig. 7: Sample retrieval results on the COCO dataset. The rst row of each table presents the query image and text, and the

second row shows the retrieved images by different query types. False positive results are bounded in red.
TABLE VII: MAP(%) scores of CBIR on the COCO dataset

[ Method | 2 views [ 3 views | 4 views |
Raw 83.77
Proposed LMVCCA 85.64 85.76 85.93
Proposed LMvPLS 84.30 84.30 84.32
Proposed KapMvCCA 85.43 85.47 85.49
Proposed KapMvPLS| 84.56 84.57 84.58
Proposed DMvCCA 89.33 89.62 89.84
Proposed DMVPLS 89.50 89.34 89.79 X . . X .
DCCA2 [25] 89.71 . i (a) Image queries with 2 views (b) Image queries with

studied non-linear embeddings, and found implicit and explicit
kernel mappings for multi-view learning. A uni ed scheme for

learning by neural networks was developed which combined
the learned representations with a linear embedding layer.
We thereby formulated the expression of stochastic gradient

descent for optimizing the proposed objective function.

(c) Image queries with 4 views

in zero-shot visual object recognition and cross-modal image
retrieval. It was shown that supervised and non-linear subspace
learning outperformed the unsupervised and linear methadstly improved by embedding more views/modalities into the
when large amount of images and texts were available. Motatent feature space. We also performed the traditional CBIR
over, the recognition or retrieval performance were consiexperiments where the multi-view embeddings can contribute

3 views

) ; ) ) Fig. 8: Performance variation for image queries on texts of
We validated the formulation by conducting experimentgjikipedia dataset with respect to the different dimension



[12]
(23]

(14]

(a) Text queries with 2 views (b) Text queries with 3 views  [15]

(16]
[17]

(18]

) (c) Text queries with 4 views )
Fig. 9: Performance variation for text queries on images ﬂfg]

Wikipedia dataset with respect to the different dimension

to the performance gain. [20]

Interesting future research directions include learning from
the raw data to achieve an end-to-end solution for multi-vie,
learning. We should further reduce the computational cog%]
for kernel methods to cope with large scale of images. In
addition, learning from incomplete and unlabeled multi-viev[v22
data should be studied for video analysis.
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Multi-view Nonparametric Discriminant Analysis
for Image Retrieval and Recognition

Guanqun Cao, Alexandros losi di§enior Member, IEEEMoncef GabboujFellow, IEEE

Abstract—A novel multi-view nonparametric discriminant
analysis method is proposed for the application of cross-modal
image retrieval and zero-shot recognition. We exploit the class
boundary structure and discrepancy information of the available
views in order to formulate an optimization criterion which is
automatically adjusted to the multi-view class structures. The
proposed method allows for multiple projection directions, by
relaxing the Gaussian distribution assumption of related methods.
The experiments demonstrate that the proposed method can
achieve superior results comparing to several existing methods.

retlr?gvz)i Terms—Multi-view leaming, subspace leaming, image Fig. 1: t-SNE visualization of word2vec represenations before
and after applying the proposed method. The samples are
grouped together automatically, and each class label indicates
the majority class in its group, which matches the correspond-
We have entered a world of multimedia big data. Multimeditd test class.
contents also become increasingly diverse in their representa-
tion and exist in different modalities. It urges the research
community to dive into the heterogeneous data to nd thi&at of the within-class scatters regardless of view origins. This
desired content across modalities or classify them into tAeethod can be further extented to nonlinear cases by using
right category from many views. For example, thanks to tH@pproximate) kernel mappings [9], [10], or integrating with
available text-image datasets from the collaborative contdhural nets [11], [6]. Generalized Multi-view Analysis (GMA)
creations in Wikipedia, matching textual description with thelf-2] was proposed as a framework for numerous techniques
corresponding images becomes a hot-button issue. ped@énaximize the intra-view discriminant information.
start to revisit the image retrieval problem not only in the MvDA has certain limitations originating from LDA [13],
conventional way of retrieving the best matching image usinghich is developed upon the assumption that data in each
the query text, but generating human understandable senteratass follow a Gaussian distribution. Only class centers are
given an image [1]. A visual object can also be observemnsidered when calculating the between-class scatter matrix
in various domains in terms of illumination, noise leveland within-class matrix. These parametric methods also suffer
viewing angle, and self deformation. Integrating the knowperformance degradation when the data is non-Gaussian. Sev-
edge obtained from multiple views/modalities contributes teral nonparametric techniques [14], [15] were thereby devel-
improving the task of object recognition [2]. oped to design alternative between-class scatters by exploiting
Subspace learning has proved to be successful among M distances of the data close to the class boundary. However,
techniques in multi-view learning for multimedia analysighese techniques are applied in the single-view cases, and view
[3]. It nds a common latent space from different inputdiscrepancies should not be overlooked using direct extensions
modalities by tting an optimization criterion. Among un-in the multi-view learning.
supervised methods, Canonical Correlation Analysis (CCA)We propose a new formulation for multi-view discriminant
[4] has been widely used to establish a correlation betweanalysis which successfully exploits the boundary structure of
views [5], [6]. On the other hand, Multi-view Discriminantthe classes on data from different sources, as well as the view
Analysis (MvDA) [2] as a supervised algorithm is a directliscrepancy for balancing the contribution of each view in the
extension of Linear Discriminant Analysis (LDA) [7], [8]. It overall optimization process. Following the graph embedding
seeks for the most discriminant features by maximizing tHeamework [16], we design the intrinsic and penalty graphs
determinant of the between-class scatters while minimizimfaracterizing the within-class compactness and between-class
Coowti ) i ) geparability, while encoding both intra-view and inter-view
opyright (c) 2017 IEEE. Personal use of this material is permitted,. =~ . . g . .
However, permission to use this material for any other purposes must @tscrlmlnatlon simultaneously. Class compactness is encoded
obtained from the IEEE by sending a request to pubs-permissions@ieee.ti§ing a ki-nearest neighbor graph connecting neighboring

The authors are with the Laboratory of Signal Processing, Tampere U"ivg%imples from the same class with the same view origin
sity of Technology, Finland. A. losi dis is also with the Dept. of Engineering ’

Electrical and Computer Engineering, Aarhus University, DK-8200, Aarhd@lh'le class dlscrlmlnathn is modeled using anpﬂqgmearest
N, Denmark. neighbor graph connecting nearest sample pairs from the same
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view but belonging to different classes. We also enhancehere the between-class scatter matrix is

the class discrimination of each node in the penalty graph WoW N 1
by weighting the contribution of neighboring pairs based on S = W7 X Noeee”  yee Xfwy o ()
their proximity to the class boundary. Moreover, global class == =t 5 }
discrimination is combined to the adaptive local graph to better LE
adjust to the properties of heterogeneous classes. and the within-class scatter matrix is

We outline the strength of the proposed method as follows: N x 1
1) It allows for a larger number of projection directions than siy = WX N—ecec> X7 W (©)]
MvDA, and makes use of all the samples when developing == I }
the intrinsic and penalty graphs, while MvDA merely uses Ly

the class centers. 2) It assumes that each class is formedLlay

P . )
multiple subclasses, denoted by the different views. In this _and Ly are the betwe_en class L_aplaman matrix and
- : . within-class Laplacian matrix, respectively [17]. Both the
way, it relaxes the assumption of MvDA in that each class IS . o . S ;
o . .Single-view and multi-view linear discriminant analysis are

formed by samples drawn from a multi-dimensional Gaussian

distribution, independent from the view they come from. 3§arametrlc methods under the assumption that the data of each

o Iy .class follows a Gaussian distribution. Their performance de-
By exploiting both the between-class and within-class margins T .
. - : Lo gnrades when the data distribution is non-Gaussian. Moreover,
in the same view, we obtain a better class discrimination

. N since the rank of the between-class matrix is at nidst1 in
the pe_nalty _graph and compactness in the_ |n_tr|n5|c graph, AEvth view, the number of the nal MvDA feature is at most
result in an improved performance. 4) Multi-view extension o 1) V. The classi cation performance is constrained by
Marginal Fisher Analysis (MFA) under the GMA framework e ) ) . o

. ) / N ) - the limited number of dimensionality in the subspace.
[12] only considers the intra-view discriminant information,
while MVNDA also takes into account of the inter-views, Proposed Multi-view Nonparametric Discriminant Analysis
discrimination. (MVNDA)

The rest of the letter is organized as follows. In Section Wi iterion to | ing f th
II, we will present our multi-view nonparametric discriminant = Propose a new criterion 1o learn a mapping from the
analysis in detailed after describing the previous work onr?UItIpIe feature spaces de ned over the various views to a
MvDA [2]. In Section Ill, we present quantitative results ircommon space as follows,
cross-modal image retrieval on the Wikipedia dataset and zero- J W) = Tr(SY) . 4
shot recognition on the Animal with Attribute (AwA) dataset. moa (W) = arg max Tr(sh)’ @)

Finally, Section IV concludes the letter.

whereW is the projection matrix containing the eigenvectors
Il. APPROACH of S = s, 'SN associated with the tog eigenvalues ,
We denote the data matrix by = [X1;X2i::i:Xn], and can be s_olved ef ciently from the gen_eralized eigenvalue
xi 2 R, whereN is the number of samples ardl is prob!em as in [2], [6]. We de ne the within-class scatter
the feature dimension. In the multi-view case, we de n8'alix Siy and between-class scatter mat8§ as follows.

X, 2 RPv N:y = 1:::::V for the feature vectors of the N the latent space, we enforce the samples from the same
vth view. The dimensionality of the various feature spac Ass 0',( th_e same view to. be close to each other. Therefore,
D, can vary across the viewsV =[W3 W3 ;W3 T, the intrinsic graph is designed to strengthen the |nFra_-V|ew
whereW, 2 RPv 9:v=1:::::V is the projection matrix in class compa_ctpess from these subclasses, and the within-class
view v, d is the number of dimensions in the latent (commorjCatter matrix is

space. For multi-class learning problems, the class label of W

the samplex; is dened asc 2 f1;2;:::;Cg, whereC is S W Xi(Dw  Vw)X] W, 5)

the number of classes. We also denote the index set atlthe i=1

class by c. whereL)}, = Dw Vy is the within-class Laplacian matrix

We use the graph embedding notation, where we de ne @pd the intrinsic grapWV v is de ned as

G = fX;Vg an undirected weighted graph with vertex set 1. if p2 NN, (@) or g2 NNk, (p)

X and simlarity matrixv 2 RN N The diagonal matri>D Vg = ) (6)
f ) . . 0; otherwise.
and the Laplacian matrik of a gragphG in the vth view are
denoted as, = D, V.;Dj = 4V, 8i NNy, (p) denotes the index set of the nearest neighbors of
A. Multi-view Discriminant Analysis (MvDA) the samplex, in the same class.
. . . . We also design a view-speci ¢ penalty graph to push apart
MVDA [7] is the multi-view version of parametric LDA {he marginal samples from different classes of the same view

which maximizes the ratio of the determinant of the betweeith the following between-class scatter matrix:
class scatter matrix to that of the within-class scatter matrix. %
Mathematically, it is written as Sys = W>Xi[Q (Ds Ve)X Wi; @
) TH(SE) . . . .
Jmvoa (W) = arg max TSy’ (1) whereLYS = Dg Vg is the between-class view-speci ¢




Laplacian matrix, and its intrinsic graph is characterized as:

(
1 if (p;a) 2 NP, (cp) or (p;g) 2 NP, (cq)

Ve = g
P 0; otherwise.

()]
NPy, (c) is a set of data pairs which contains tke nearest
pairs in the sef (i;j );i 2 ¢;j 2 9. The weight matrix
Q aims to highlight the importance of the samples on the
classi cation boundary. Speci cally, the value i® goes to
0:5 if the sample falls close to the boundary, but reduces to
0 otherwise.d(p; q) is the Euclidean distance between two

vectorsp andg. Q is mathematically described below, Fig. 2: The adjacency relationship of the intrinsic and penalty
graphs of the proposed MvNDA. The circular and rectangle
g mindzs(;;q)d;?;pmmkz(p))g it (51 ) 2 NP, (Go) dots md|cate_ samp_les from_ dlffe_rent views. We ||Iu_strate the
Qpq = . 1Q)+ d(p: NNk, (P)) or (p:0) 2 NPy, (Cq) 2-nearest adjacencies (ila. = kz = 2) of one sample in each
‘0 otherwise. class per view origin for clarity.

_In _orger_to enforce both inter_-view and intra-\{iew clasgye follow the train/test split in [1] using; 173 training
d!scr!mlnatlog, our penalty term '\?Sbase‘j on the linear comnd 693 test pairs of images and documents. Furthermore, a
bination of Sy of MvDA (2) and Sg™ of (7) as follows validation set is held out b0% of the training image/text

sN= sh+(1 ) SYS: ©) p_airs._We perform PCA beforehand and red'uce the di.men-
) o o sionality of input features td00 We set the dimensionality
where 2 [0;1] is a weighting factor which is set close toof the latent spacel to 50 for all methods, and the maximal
1 if the training data has a Gaussian distribution, and som@mber of dimesional by MvDA is used. We set 0:5 and
other value if the data distribution is unknown. ki = kp =20 in all experiments based on the validation set.

We provide a qualitative illustration of the intrinsic and Here, we brie y describe the feaures extracted from each
penalty graph in Fig. 2. The intrinsic graph shows the withiniew in this dataset. For images, two off-the-shelf CNNs
class compactness by connecting a sample téjiteearest- models are used to produce the visual features. VGGNet
neighbors of the same class and view. The between-clggsvides theview 1 feature using the output from thie 8
separability is characterized by both the connected margingjer in VGGNet with 16 weight layers [21]. We also use
point pairs from the same view but of different classes, anfle GoogleNet outputs as thvew 3features.View 2 feature
the distance of different class centers. is extracted from the Wikipedia paragraphs surrounding the

We also follow the standard kernel-based learning approdghages using a pre-trained skip-thoughts model [22]. An
to de ne non-linear multi-view mappings. Each input space @&dditional view 4 feature is the regression outputs from the
then mapped to the so-called kernel sp&ceusing a non- Word2Vec by mapping the visual feature to the word feature
O (Xy) 2 RIFvi N [23]. The same set of features has been adopted and detailed

linear function , i.e. X, 2 RPv N 1 Hhe ¢
sglescription can be found in [6].

In Fy, following the Representer Theorem [18], [19], a line

projection can be expressed ¢, = (X,)A, and dot The cross-modal retrieval is conducted in both ways by
products between data pairs can be expressed using the kernel
matrix Ky = (Xy)>  (Xy) [20]. Then, TABLE |: MAP Score (%) on the Wikipedia Dataset
T(A>KLN KA \ Linear methods Kernel methods
Jmpa(A) = arg mgx W'\?KA)); (10) [ Method img. query|[ txt. query [ Avg. | img. query] txt. query [ Avg.
w 2 views
where the between-class Laplacian matrfk = L5 +(1 MVCCA[G] [ 36.92 | 3496 [3594] 4478 | 4183 [4331
VS — i . MVPLS [6] | 42.49 2042 | 41.46| 42,94 2046 | 41.70
_)LB ’ and'K d'agK_l', 'KV,)' For the cases V\{h_ere the GMA [12] 41,91 3855 | 40.23| 4565 36.97 | 4131
direct solution of (10) is impractical, due to the training datdwpa ) 3973 | 3714 |3844| 4416 | 37.82 | 40.99
size, we employ the approximate kernel mapping proposed mivNDA 4351 40.72 | 42.12| 4841 41.97 | 45.19
[10] followed by the linear mapping de ned in (4). 3 views
MVCCA [6] | 36.40 3451 [3546] 44.06 4141 | 42.74
MVPLS [6] | 41.29 39.34 | 4031| 42.03 39.40 | 40.71
IIl. EXPERIMENTS GMA [17] 42.26 38.66 | 40.46| 43.96 36.06 | 40.01
o MVDA [2] 39.34 3504 | 37.19| 4125 3458 | 37.92
A. Wikipedia dataset MVNDA 4321 4081 | 42.01| 4817 4267 | 45.42
4 views
The cross-modal retrieval dataset named “Wikipedia” waSmvcca [6] | 20.50 3791 |39.21]| 4513 4166 | 43.40
collected from the “Wikipedia featured articles” [1]. The| MvPLS [6] 41.86 39.74 | 4080 41.94 38.84 | 40.39
dataset has 10 generic classes and is compose?t 8ff6 | GMALZ] | 4226 | 3867 |4047) 4330 | 8595 | 39.63
. . | I\AVDA[ | 41.07 39.21 40.14 41.31 37.16 39.24
documents. Each document is a short paragraph with a medigNoa 2344 | 4063 4204 4800 | 4243 4521

text length of200 words, and is coupled with a single image.



4

TABLE II: Recognition accuracy (%) on the AwA dataset

Linear methods Approxmiate kernel methods
Method 2 views | 3 views | 4 views | 2 views | 3 views | 4 views
MVCCA [6] 55.86 75.88 82.01 43.93 47.33 49.51
MVPLS [6] 58.52 73.59 77.09 45.37 47.50 52.10
MvDA [2] 49.95 68.55 70.00 36.65 42.73 42.72
GMA [12] 52.12 73.49 78.46 42.42 44,81 46.84
TMV-HLP [24] - 73.50 80.50 - - -
MvNDA 56.16 77.16 82.78 48.78 46.74 47.56
. . . (a) 2-view NDA (b) 3-view NDA
Fig. 3: Clockwise from top left: The precision-recall curve by
querying images for text annotations, the retrieval performance
of matching text to images, the MAP scores with various
under different xed numbers of nearest neighkrgherek =
ki = kz), and the MAP scores with the differekt nearest
neighbors and a xed = 0:5. The legends in the gures in
the rst row indicate the method producing the PR curve, and
we denote querying images for texts by “I12T", and querying (c) 4-view NDA ]
texts by images by “T2I" in the gure in the bottom row Fig. 4 t-SNE Embeddlng of Latent‘Feature Representgnon:
is the number of nearest neighbors. We visualize the embeddings from different numbers of views

using the proposed method.
querying every test image and searching for the most relevant . . .
texts in the test set and vice versa. The Mean Averabi zero-shot recognition. Each animal class contains more
Precision (MAP) is us'e d to evaluate the. retrieval performan an one positive attribute, and the attributes are shared across

based on the position of all retrieved images/annotations. gsses which enables zero-shot recognition. The detailed class

compare the retrieval performance using the features in els and attributes are provided in [25]. Besides the visual

subspace of the proposed MvNDA with that of numero gatures mgw 1.4 and the class Iabe_l_enc_odlngle{w 3
methods in the literature. Both matching image@@ 1) to generated in the same way as the Wikipedia dataset, a new

text (view 2 and text to images are tested. Additional views aftmbme encodlng is added LW 2by mapping the visual
projected to the latent space to show more results. In Ta ?gture to the attribute probabilities of the animal classes [25].
I, we see MvNDA outperforms the previous methods in all Table Il shows the quantitative results in zero-shot recogni-
scenarios using different numbers of views. The further result@n- ;K 1:k, are determined based on the grid search using
are con rmed by the Precision-Recall curves in Fig. 3, whicke held-out set. By integrating all available views, we see that
shows the retrieval results by the proposed MvNDA are amofcognition accuracy improves with more input views. Due to
the leading group in both querying images for text and usifife Size of the training set, we adopt the Nyatiimethod for
text to seek relevant images. We also analyze the effectstd® approximate kernel mapping [10]. MVNDA produces the
different numbers of nearest neighbors and the weight facté?@ding results in all linear cases. We can also observe that the
in Fig. 3. It shows the consistent retrieval performance witherformance of nonlinear methods is inferior compared to the
the different values ok or , while only using the view- linear ones, which can be explained by the high-dimensionality
speci ¢ discrimination ( = 0) degrades the MAP score. WeOf the input representations and the use of approximate kernel-

also show the word embedding in its original feature spag@sed learning. We also graphically show in Fig. 4 that with
and the projected latent space in Fig. 1. more available views, the embedded features are grouped into

the correct animal classes using the proposed method.

B. Animal with Attributes (AwA) IV. CONCLUSION

We also demonstrate the effectiveness of multi-view em-We proposed a novel multi-view nonparametric discriminant
beddings in tackling the domain shift problem for zero-shatnalysis technique for the problem of cross-modal image
recognition [24]. The Animal with Attribute (AwA) datasetretrieval and recognition. This method has several advantages
has 50 animal classes witl80; 475 images, and85 class- in exploiting the view difference and class boundary structure
level attributes. We follow the experimental protocol in [6] bynformation, providing more available projection directions,
splitting 40 classes2g; 295 images) to train the recognitionand achieving better class discrimination in different tasks on
model while the othetO classes witl; 180images for testing both Wikipedia and AwA dataset.
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Abstract—There has been a surge of efforts in cross-modal ing the class discrimination. Multi-view Discriminant Analysis
recognition and retrieval in recent multimedia research. Towards  [5] is a technique which extends Linear Discriminant Analysis
this goal, we investigate a multi-modal subspace learning algo- (MVDA) [6] to project more than two input modalities into the

rithm together with the Dropout regularizer. Inspired by the . .
regularization for neural networks, we propose to ariti cially latent space. On top of MVDA, Joint Feature Selection and

remove the effect of certain amount of feature bins using the Subspace learning (JFSSL) [7] is proposed for multi-modal
probabilistic approach to prevent the linear subspace learning learning with class discriminant in the regularization term.

from over- tting. The novel regularizer is well integrated into the There are certain limitations in the existing subspace learn-
multi-modal learning algorithm which maximizes the between- . . "
class scatter while minimizing the within-class scatter in the INd techniques. Traditional methods such as CCA and PLS
projected latent space. The new objective function can be solved accept only pairwise information, and it has been shown
ef ciently as the generalized eigenvalue problem. Experimental to provide performance gain from more modalities [8]. In
results have shown that superior performance can be obtained MyDA, the between-class scatter is maximized regardless
g]atti)grtwrs] face-sketch recognition and cross-modal retrieval appli- ¢ e gifference between inter-modality and intra-modality
' . .. covariances, while the within-class scatter is minimized in the
Keywords-subspace  learning; face-sketch —recognition,ean time. JFSSL has taken the cross-modality relation into
cross-modal retrieval; account by building a multi-modal graph regularization term.
However, the modality discrimination is only considered in
I. INTRODUCTION the regularization step. The class and modality information

. . L h is n i r nd theref h ntial of join
Multimedia content is diverse. It has been witnessed r%} ot well integrated and therefore the potential of joint

cently that, a huge amount of images, videos and annota &lmlzatlon cannot be suf ciently exploited. In contrast, the

texts are generated on a daily basis. There is an increastl)nmpom regularizer inpired in neural neworks [J], [10] can

need to match the contents sharing the same meaning or | Ya simple yet powerful alternative to penalize the modality

. " oo O Riffference and avoid over- tting for linear subspace learning.
pose across different modalities. One example is identifying 9 P 9

criminals based on the forensic sketches. This problem is!N this paper, we propose a Dropout regularized multi-modal
intrinsically dif cult as matching between the criminal facesSUbspace leaming algorithm based on [L1] for face-sketch
and the sketches is a challenging issue. Another problemf§$ognition and cross-modal retrieval. The novel method
retrieving the best matching image from a large image datab @S to reduce the modality discrepancy when projecting the
using the query text, or nding the best textual description dpultiple features into a common space, which makes the
an image. This so-call cross-modal image retrieval has al§§™Ming algorithm robust in case of over- tting. We introduce

attracted much attention in multimedia research. the Dropout regularizer for linear subspace learning which
ﬁgndomly removes the effect of certain number of feature

the relationship between modalities. It aims to proiect di%{ector bins. This arti cially corrupting term is well combined
- P ’ proJ - with the inter-modality and intra-modality scatters to become

ferent input features to a common latent space by ttmg . . . L
uni ed objective function. The proposed formulation inte-

an optimization criterion. Among these subspace learnin :
. . . ates the cross-modal scatters and cross-class covariances
methods, Canonical Correlation Analysis (CCA) [1] becom ; )
as a whole, and can be solved efciently as a generalized

widely used in establishing pairwise relations for numerous . .
applications [2], [2]. The idea behind CCA s to project OIif_e|genvalue problem. We conduct a series of experiments to

S b ; how the proposed learning algorithm consistently achieves
ferent modalities into a latent space, where the mter-modalf?}/J . : > . o
L - o . - —.superior results in both recognition and retrieval applications.
correlation is maximized and the within-modality correlation is ] ) )
minimized. Another popular technique is Partial Least Square The rest of the paper is organized as follows. In Section
(PLS) regressions [4], which maximize the covariance betwelin We describe explicitly the joint multi-modal subspace
modalities only. Recent attempts have been focused on expl#i@Ming with Dropout. Then, in Section Ill, we present the

Subspace learning method is a type of algorithms to bu



comparative results in face-sketch recognition and cross-mottedt R(W ) will converge to its expectation
image retrieval on two popular multimedia datasets. Finally,

Section IV concludes the paper. R(W) = 2; XX E WJR, Ry W, (6)
Ty=1t21
1 XoRr S S
1. MULTI-MODAL SUBSPACE LEARNING WITHDROPOUT = 2N Wo RuRye PWy (@)
REGULARIZATION h v i h i
whereP = (pp”) (11> 1) + (pI”) | ,andp =
In this section, a novel multi-modal subspace learnil§l P)i:::i(1 P~ 2 R" is a vector whose elements shows

algorithm with Dropout regularization is presented. We rstiyfe probability thatx; = 0. We also de ne thatt 2 RN N
introduce the regularization term. Then the multi-modal su§S & vector of ones, arid2 RN N is the identity matrix.
space learing is described. Finally, we show the integration of

the regularization into the multi-modal objective function, anB. Multi-modal subspace learning

its solution as a generalized eigenvalue problem. . L .
9 9 P Here we propose the expression of objective function for

multi-view subspace learning as

A. Dropout regularization for linear subspace learning Maximize: %
We de ne the data matriX = [x1;X2;:::;Xn], Xi 2 RP, 5 (W~ PW) )
where N is the number of samples arld is the feature T(W>QW + R (W)’
dimension. We alsode nX, 2 RPv N:y=1::::;V forthe Subject to. W> W = |
feature vectors of theth view. Note that the dimensionality (8)
of the various feature spac&, may vary across the Views.yhere Sy and Sy are the matrices describing the between-
Wy 2 RPv dv =1;:::5V is the weight matrix for each ¢lass and within-class scatters, respectivély.and Q are

view, d is the number of dimensions in the latent space. Aftghe inter-view and intra-view covariance matrices.is the
the linear projection, we can obtain the latent feature vectqigrameter adjusting the importance of regularization.

from each view as We exploit the Dropout regularization of the objective
Yy= W7 Xy: (1) function in the case of linear projectioS,; is a similarity

. o ) weight matrix which encodes the intra-view properties to be

The idea of Dropout regularization is to create a binary maﬁlﬁnimized, andseij is a penalty weight expressing the inter-

mi; to remove certain number of values from the originglg,, properties to be maximized. The weight mati is
feature vector at each epoch. It originates from droppiqgereby obtained from

out neurons and their connections while training the neural

networks. The elements m ;; equals tol with a probability p P p

i o Ame S v NCOTNSh KW Xy WXy K2
value p following a Bernoulli distribution, and equals © 1 vimize: p py=0 [i=0  j=0 Vi v A v
with (1 p) probability. Then the feature vector after applying Ve N izo Svi KW Xy  W{Xyk?+ R (W)
Dropout is

Tr(W > XL g X” W) )
T(W>XLwX>W + R (W)’
where denotes the operation for the Hadamard (elemensubject to: W™ W = |
wise) product. We also express the feature vector for shrinkage

Xit = Mt Xj; 2 =)

the above, we de ne the diagnal mgrix of each view pair

aseit = Xi  Xit, then it is easy to derive the regularizeqﬂsDuv whosei-th element iSDuw i = ;[Suw; , and the
feature vector in the latent space as total graph Laplacian matrix dsg = D S. Similarly, we
W2 (Xyi  Xyit)= W RByiq = O (3) haveD%S%Lw in the penalty graph.

We propose the between-class scatter matrix which maxi-

The regularization term is shown as mizes the distance between different class centers of different

1 XX X N N R Views as
R(W) = N7 . KW T xvi  WTXyie ke  (4) WX O X . v . v
v=l i=1 t=1 SB = (mlp mlq)(mjp qu)>
— 1 XX > 2 i=1 j=1 p=1 g=1
= oNT KW § Ry ki (5) Pe q
Tvat t= XOW €
We consider the case when the number of epodhegjoes to = W Xilg X[ Wy, 9)

in nity. Then from the weak law of large numbers, we know i=1 j=1 p=1 g=1



and the Laplacian matrix is vice versa. Facial feature and sketch features are extracted in
_ S . their own domain. Speci cally, all images are aligned based
Le =2(epe, epeq); (10) on their ducial points and cropped t80 64 pixels. We
where e,; € are the class vectors, and both are de ned asse the pre-trained CNN models produced by deep residual
eP 2 RN with e,(i) =1, if pi = p, andey(i) = 0, otherwise. net [14] to generate the facial feature. The output from the
We de ne the formulation of within-class Laplacian matrix asdatd layer is used as the feature vectors. The sketches
are represented by Histogram of oritented Gradients (HoG)

Sw = X W>X | x ie e X>W. feature [15]. Principal Component Analysis (PCA) is applied
4o g No o8 20 to reduce the dimensionality of both face and sketch features.
Empirically, we the set number of dimensionality to 500 to
= W2 Qi Wi; (11) show the best recognition accuracies. Thereafter, we train a
i1 i1 c=1 model by projecting both features into a common space, and

The above equation has the form of the Rayleigh quotier(ff)mpme the matching between new faces and sketched in the

Therefore, all subspace learning methods that maximize tRE" SPace.

criterion are reduced to a generalized eigenvalue problem: CUHK Face Sketch FERET (CUFSF) [16], [2] is used to
2 3 2 evaluated the Face-Sketch recognition. The dataset is consist

Pu P P Qu 0 0 of 1; 194 subjects with lighting variations from FERET dataset
Po1 P P 0 Q2 0 [17]. Each subject is represented by a pair of face and sketch,
. . = . . . W and each sketch is drawn manually with shape exaggeration

according to its face image. We use the rst 700 subjects for

PyiPyva Pyy 0O 0 Quv training and the rest for testing. The evaluation of matching

(12) different modalities is presented quantitatively using rank-1

and the solution is %iven below: recognition rate.

Wll In cross-modal retrieval, we perform both text query for

. xd image retrieval and image query for text retrieval. Furthermore,

W = % : § and = i (13) the experiments are extended to 2-view, 3-view and 4-view
Wy i=1 cases and the retrieval performance are compared between

numerous algorithms. We rst extract the query features in
are the generalized eigenvector and the sum of thectoptheir own domains. We learn a joint model from the latent
generalized eigenvalues respectivelyW contains the pro- SPace using the image features, class label features and sen-
jection matrices of all views, and is the value of Raleigh tence features. Query features are then projected to this latent
quotient. We take the tod dimensions of eigenvectors intoSPace. We also undertake a semantic matching step [3] which
the projection matrix, and their corresponding eigenvalu&&ins a logistic regressor over the embedded features from all
for as the solution. We address the Rayleigh quotient 85the ground truth samples mapping the projected features of
the uniform objective function, reaching out to all subspad®th gueries or to-be-retrieved images/texts towards the class

learning methods in the paper. labels. The feature vectors generated from the ground truth
class labels is essentially the class vectors, whose number of
I1l. EXPERIMENTAL RESULTS dimension is the number of classes. We nally use the class

probabilities based on the logistic regressor outputs to perform
We perform several experiments to demonstrate the effehe cross-modal retrieval.

tiveness of the proposed method in multi-modal face-sketchyye yse the following feature representations in the experi-
recognition and cross-modal image retrieval tasks. Firstly, Weants:
describe the procedure of conducting each experiment, the
features that we employed, and the evaluation metrics. Then, .
we show the comparative results of matching between faces Image feature by CNN models We agam_employ the
and sketches by algorithms including CCA [12], PLS [13], off-the-shelf CNN mO(_:ieIs to exFract the visual features.
MvDA [5] and the propose method. We continue to evaluate We rstly r'e_scale the_ size of the images2@4 224 and
the performance of multi-modal learning in cross-modal re- set the ml_nl-batch size (50, We use the output from the
trieval. In each section, we present gures and analysis of the fc8 layer in VGGNet with 16 weight layers [18] (denoted

results and discuss the effect of using the proposed method on as VGG-16in latter sections) and thipss3=classifier
different datasets. layer from GoogleNet [19]. Both models produt800

dimension feature vectors.

Class label encoding Since each image corresponds to

one class label on the Wikipedia dataset, we exploit the
In the Face-Sketch recognition experiment, we nd the textual feature from the category names mapped from

best matching face to each sketch from the test database and the image features. Speci cally, we rstly train a 100-

A. Experimental Setup



dimension skip-gram model [20] on the entire Englisimportance (). We observe that the recognition rate is gener-
Wikipedia articles composed of 2.9 billion words. Therlly consistent to different Dropout probabilities, and always
we can extract a separate set of word vectors from classtter than the one without the regularization, pes 1.

labels of our datasets. In order to correlate the word and

images, we train a ridge regressor with 10-fold cross-

validation to map thevGG-16 image features to each

dimension of the word vectors respectively. The regressor

outputs are used as the class label features.

Sentence encodingA vital feature of cross-modal re-

treival system is that we make use of textual features

directly. We can nd a paragraph of text describing

each image on the Wikipedia dataset. We generated

the sentence vectors from the paragraphs by the pre-

trained skip-thoughts model [21]. The model was trained

over the MovieBook and BookCorpus dataset [22]. The

resultant feature extracted by the Skip-thought model

4800dimensions.

Wikipedia is a cross-modal dataset collected from the
“Wikipedia featured articles” [3]. The dataset is organized
in 10 categories and consists @866 documents. Each Fig. 1: Face-Sketch Recognition Rate for different probability
document is a short paragraph with a median text length f
200 words, and is associated with a single image. We follow
thg train(test split in [3] who us@; 173 training and§93ltest C. Results on Cross-modal Retrieval
pairs of images and documents. PCA is also applied in before
the subspace learning. and we set the number of dimension tdVe use the/GG-16features and sentence features for two
100 views, and augment class label and GoogleNet encodings as
We present the retrieval results graphically using 11-poifté additional modalities. The quantitative results are shown
interpolated precision-recall (PR) curves. The Mean Averadje Table Il It can be seen that a better retrieval is obtained
Precision (MAP) score, which is the average precision at tHé1en enriching the latent feature with more modalities. We
ranks where recall changes, can be computed based on @@ observe that the discriminant information improve the
Precision Recall curves. The Average Precision (AP) measuR&§formance, and both text-image and image-text retrieval
the relevance between a query and retrieved items [23], af@gress with more modalities. Moreover, the proposed meth-
the MAP score calculates the mean AP by quering all iten®§!S with Dropout is the best algorithm in all categories of
in the test set. using different number of modalities. We present more detailed
results in the form of PR curves in Fig. 2. It can be seen
that the proposed method consistently outperforms the other
methods across all views, while most methods are comparable
TABLE |: Recognition Rate (%) on the CUFSF Dataset except CCA.

B. Results on Face-Sketch Recognition

[ Method | Face-Sketch Sketch-Facd Avg. | IV. CONCLUSION
CCA 48.79 52.83 | 50.81
PLS 31.38 31.38 | 3138 We have proposed a novel Dropout regularized multi-
t"{;’EA 33?3 ‘S‘i-gg ;‘;-ig modal subspace learning algorithm. The regularizer articially
LDA-Dropout 6113 6198 | 6306 generates zero feature values to penalize the view difference

and avoid over- tting during linear projections. The expression
for regularization is a natural extension in neural networks, and
Table | shows the accuracy for both face-sketch and sketih-well integrated in the uni ed objective function .The joint

face recognition by CCA, PLS, MvDA, and the proposed LDAptimization formulation can maximize the inter-modality
without and with the Dropout regularization. It can be seen thstatters and minimize the intra-modality scatters. Meanwhile,
the proposed algorithm in the last row outperforms the relatitiee between-class covariance are maximized while within-
methods by a large margin. It exhibits the property of adoptiatass covariances are minimized. The formulation can be
of supervised information and robustness against over- ttingolved ef ciently as a generalized eigenvalue problem. We
The matching between different modalities bene ts from theonducted several experiments in Face-Sketch recognition
discrimination and regularization. Moreover, we present and Cross-modal retrieval. In both applications, the results
graph showing the inuence of the probabilitg on the have shown that the proposed algorithm achieves consistently
recognition performance at different levels of regularizatiosuperior results against state-of-the-art methods.



(a) PR curves for image queries with 2 vie{@® PR curves for image queries with 3 vie PR curves for image queries with 4 views

(d) PR curves for text queries with 2 views(e) PR curves for text queries with 3 views(f) PR curves for text queries with 4 views

Fig. 2: PR curves across different number of views on the Wikipedia dataset for the Image-to-Text retrieval and the Text-to-
Image retrieval.

TABLE II: MAP Score (%) on the Wikipedia Dataset

- Conference on Computer Vision and Pattern Recognition (CVPR).
[ Method [ img. query| txt. query | Avg. | IEEE, 2011, pp. 513-520.
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Deep Multi-view Learning to Rank

Guanqun Cao, Alexandros losi dis, Moncef Gabbouij, Vijay Raghavan, Raju Gottumukkala

Abstract —We study the problem of learning to rank from multiple sources. Though multi-view learning and learning to rank have been
studied extensively leading to a wide range of applications, multi-view learning to rank as a synergy of both topics has received little
attention. The aim of the paper is to propose a composite ranking method while keeping a close correlation with the individual rankings
simultaneously. We propose a multi-objective solution to ranking by capturing the information of the feature mapping from within each
view as well as across views using autoencoder-like networks. Moreover, a novel end-to-end solution is introduced to enhance the joint
ranking with minimum view-speci ¢ ranking loss, so that we can achieve the maximum global view agreements within a single
optimization process. The proposed method is validated on a wide variety of ranking problems, including university ranking, multi-view
lingual text ranking and image data ranking, providing superior results.

Index Terms —Learning to rank, multi-view data analysis, ranking
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1 INTRODUCTION

Learning to rank is an important research topic in infor-
mation retrieval and data mining, which aims to learn a
ranking model to produce a query-spec c ranking list. The
ranking model establishes a relationship between each pair
of data samples by combining the corresponding features
in an optimal way [1]. A score is then assigned to each
pair to evaluate its relevance forming a global ranking list
across all pairs. The success of learning to rank solutions
has brought a wide spectrum of applications, including
online advertising [2], natural language processing [3] and
multimedia retrieval [4].

Learning appropriate data representation and a suitable
scoring function are two vital steps in the ranking problem.
Traditionally, a feature mapping models the data distribu-
tion in a latent space to match the relevance relationship,
while the scoring function is used to quantify the relevance
measure [1]; however, the ranking problem in the real world
emerges from multiple facets and data patterns are mined
from diverse domains. For example, universities are posi-
tioned differently based on numerous factors and weights
used for quality evaluation by different ranking agencies.
Therefore, a global agreement across sources and domains
should be achieved while still maintaining a high ranking
performance.

Multi-view learning has received a wide attention with
a special focus on subspace learning [5], [6] and co-training
[7], and few attempts have been made in ranking problems
[8]. It introduces a new paradigm to jointly model and
combine information encoded in multiple views to enhance
the learning performance. Speci cally, subspace learning
nds a common space from different input modalities using
an optimization criterion. Canonical Correlation Analysis
(CCA) [9], [10] is one of the prevailing unsupervised method
used to measure a cross-view correlation. By contrast, Multi-
view Discriminant Analysis (MvDA) [6] is a supervised
learning technique seeking the most discriminant features
across views by maximizing the between-class scatter while

minimizing the within-class scatter in the underlying feature

space. Furthermore, a generalized multi-view embedding
method [5] was proposed using a graph embedding frame-
work for numerous unsupervised and supervised learning
techniques with extension to nonlinear transforms includ-
ing (approximate) kernel mappings [11], [12] and neural
networks [5], [13]. A nonparametric version of [5] was also
proposed in [14]. On the other hand, co-training [7] was
introduced to maximize the mutual agreement between
two distinct views, and can be easily extended to multiple
inputs by subsequently training over all pairs of views. A

solution to the learning to rank problem was provided by

minimizing the pairwise ranking difference using the same
co-training mechanism [8].

Although there are several applications that could ben-
et from multi-view learning to rank approach, the topic
has still been insuf ciently studied up to date [15]. Ranking
of multi-facet objects is generally performed using com-
posite indicators. The usefulness of a composite indicator
depends upon the selected functional form and the weights
associated with the component facets. Existing solutions for
university ranking are an example of using the subjective
weights in the method of composite indicators. However,
the functional form and its assigned weights are dif cult to
de ne. Consequently, there is a high disparity in the eval-
uation metric between agencies, and the produced ranking
lists usually cause dissension in academic institutes. How-
ever, one observation is that, the indicators from different
agencies may partially overlap and have a high correlation
between each other. We present an example in Fig. 1 to show
that, several attributes in the THE dataset [16], including
teaching, research, student staff ratio and student number
are highly correlated with all of the attributes in the ARWU
dataset [17]. Therefore, the motivation of this paperisto nd
a composite ranking by exploiting the correlation between
individual rankings.

Earlier success in multi-view subspace learning provides
a promising way for composite ranking. Concatenating
multiple views into a single input overlooks possible view



Fig. 1: The correlation matrix between the measurements of
Times Higher Education (THE) and Academic Ranking of
World Universities (ARWU) rankings. The data is extracted
and aligned based on the performance of the common
universities in 2015 between the two ranking agencies. The
reddish color indicates high correlation, while the matrix
elements with low correlation are represented in bluish
colors.

discrepancy and does not fully exploit their mutual agree-
ment in ranking. Our goal is to study beyond the direct
multi-view subspace learning for ranking. This paper offers
a multi-objective solution to ranking by capturing relevant
information of feature mapping from within each view as
well as across views. We propose a generic framework for
multi-view subpsace learning to rank (MvSL2R). It incor-
porates novel feature embedding methods of both multi-
view unsupervised and discriminant autoencoders. More-
over, we propose an end-to-end method to optimize the
trade-off between view-speci ¢ ranking and a discriminant
combination of multi-view ranking. To this end, we can
improve cross-view ranking performance while maintaining
individual ranking objectives.

Intermediate feature representation in the neural net-
work are exploited in our ranking solutions. Speci cally, the
rst contribution is to provide two closely related methods
by adopting an autoencoder-like network. We rst train a
network to learn view-speci ¢ feature mappings, and then
maximize their correlation with the intermediate represen-
tations using either an unsupervised or discriminant pro-
jection to a common latent space. A stochastic optimization
method is introduced to t the correlation criterion. Both
the autoencoding sub-network per view with a reconstruc-
tion objective and feedforward sub-networks with a joint
correlation-based objective are iteratively optimized in the
entire network. The projected feature representations in the
common subspace are then combined and used to learn for
the ranking function.

The second contribution (graphically described in Fig.
2) is an end-to-end multi-view learning to rank solution. A
sub-network for each view is trained with its own ranking
objective. Then, features from intermediate layers of the sub-
networks are combined after a discriminant mapping to a

2

common space, and training towards the global ranking
objective. As a result, a network assembly is developed
to enhance the joint ranking with mimimum view-speci c
ranking loss, so that we can achieve the maximum view
agreement within a single optimization process.

The rest of the paper is organized as follows. In Section
2, we describe the related work close to our proposed
methods. The proposed methods are introduced in Section
3. In Section 4, we present quantitative results to show the
effectiveness of the proposed methods. Finally, Section 5
concludes the paper.

2 RELATED WORK
2.1 Learning to rank

Learning to rank aims to optimize the combination of data
representation for ranking problems [18]. It has been widely
used in a number of applications, including image retrieval
and ranking [4], [19], image quality ratings [20], online
advertising [2], and text summarization [8]. Solutions to
this problem can be decomposed into several key compo-
nents, including the input feature, the output vector and the
scoring function. The framework is developed by training
the scoring function from the input feature to the output
ranking list, and then, scoring the ranking of new data.
Traditional methods also include engineering the feature
using the PageRank model [21], for example, to optimally
combine them for obtaining the output. Later, research was
focused on discriminatively training the scoring function to
improve the ranking outputs. The ranking methods can be
organized in three categories for the scoring function: the
pointwise approach, the pairwise apporach, and the listwise
approach.

We consider the pairwise approach in this paper and
review the related methods as follows. A preference net-
work is developed in [22] to evaluate the pairwise order
between two documents. The network learns the preference
function directly to the binary ranking output without using
an additional scoring function. RankNet [23] de nes the
cross-entropy loss and learns a neural network to model the
ranking. Assuming the scoring function to be linear [24], the
ranking problem can be transformed to a binary classi ca-
tion problem, and therefore, many classi ers are available
to be applied for ranking document pairs. RankBoost [25]
adopts Adaboost algorithm [26], which iteratively focuses
on the class cation errors between each pair of documents,
and subsequently, improves the overall output. Ranking
SVM [27] applies SVM to perform pairwise classi cation.
GBRank is a ranking method based on Gradient Boost
Tree [28]. Semi-supervised multi-view ranking (SmVR) [8]
follows the co-training scheme to rank pairs of samples.
Moreover, recent efforts focus on using the evaluation metric
to guide the gradient with respect to the ranking pair
during training. These studies include AdaRank [29], which
optimizes the ranking errors rather than the classi cation
error in an adaptive way, and LambdaRank [30]. However,
all of these methods above consider the case of single view
inputs, while limited work on multi-view learning to rank
has been studied [15], [31], [32].



2.1.1 Bipartite ranking

The pairwise approach of the ranking methods serves as
the basis of our ranking method, and therefore, reviewed
explicitly in this section. Suppose that the training data
is organized in query-sample pairs f(x{;y{")g, where q 2
£1;2;:::;Qg, x{' 2 RY is the d-dimensional feature vector
for the pair of query g, the i-th sample, y 2 f 0;1g is the
relevance score, and the number of query-speci ¢ samples
is Ng. We perform the pairwise transformation before the
relevance prediction of each query-sample pair, so that only
the samples that belong to the same query are evaluated
[24].

The modeled probability between each pair in this paper
is de ned as

1

pﬁ( )= 1+exp( (Xi)

(xa)’
where : x ! R s the linear scoring function as (x) =
a> x, which maps the input feature vectors to the scores.
Due to its linearity, we can transform the feature vectors
and relevance score into X2;y?) = (Xq  Xi;y{). In case
of the ordered list (r) as the raw input, each data sample
X; paired with its query Xq is investigated, and their raw
orders (rj;rq) are transformed asy;' = 1;if rj < rq; yiq =
0; elseifr; > rq. In pairwise ranking, the relevance y;' = 1,
if the query and sample are relevant, and y;' = 0, otherwise.
The feature difference (x2;y?) becomes the new feature
vector as the input data for nonlinear transforms and sub-
space learning. Therefore, the probability can be rewritten
as
1 _ 1 )
T+exp( (x0)) ~ Ll+exp( a>x?)’

(@)

pk( )=

The objective to make the right order of ranking can then be
formulated as the cross entropy loss such that,

X Ra
yilogp) + (1
g=1 i=1

*Rank = arg min yi)log p{’)

yelogp )+ y)logpy) i (2

k=1

=argmin

which is proved in [23] that it is an upper bound of the

pairwise 0-1 loss function and optimized using gradient de-
scent. The logistic regression or softmax function in neural
networks can be used to learn the scoring function.

2.2 Multi-view deep learning

Multi-view learning considers enhancing the feature dis-
criminability by taking inputs from diverse sources. One
important approach to follow is subspace learning, which is
traced back to CCA [33], [34] between two input domains,
and its multi-view extension, which has been studied in [35],
[36], [37]. This approach can also be generalized using a
higher-order correlation [37]. The main idea behind these
techniques is to project the data representations in the two
domains to a common subspace optimizing their mutual
correlation. Subspace learning with supervision has also
been extensively studied. Multi-view Discriminant Analysis
[6] performs the dimensionality reducation of features from

multiple views exploiting the class information. Recently,
these methods were generalized in the same framework
[5], [38], which accommodates multiple views, supervision
and nonlinearity. Co-training [7] rst trains two seperate
regressors and then, iteratively maximizes their agreements.

Deep learning, which exploits the nonlinear transform
of the raw feature space, has also been studied in the multi-
view scenario. The multi-modal deep autoencoder [39] was
proposed by taking nonlinear representations of a pair of
views to learn their common characteristics. Deep CCA [13]
is another two-view method which maximizes the pairwise
correlation using neural networks. Thereafter, a two-view
correlated autoencoder was developed [40], [41] with objec-
tives to correlate the view pairs but also reconstruct the in-
dividual view in the same network. By contrast, we propose
a generic framework which is extensible for multiple views
and both unsupervised and discriminant autoencoders for
ranking. The previous work on discriminant autoencoders
introduced an additional regularization term [42], while our
method embeds the class discrimination in the Laplacian
matrix, and is extensible for multiple views.

Multi-view Deep Network [43] was also proposed as an
extension of MvDA [6]. It optimizes the ratio trace of the
graph embedding [44] to avoid the complexity of solutions
without a closed form [45]. In this paper, however, we show
that the trace ratio optimization can be solved ef ciently
in the updates of the multi-view networks. Deep Multi-
view Canonical Correlation Analysis (DMvCCA) and Deep
Multi-view Modular Discriminant Analysis (DMvMDA) [5]
are closely related to our work, and hence, they are de-
scribed in the following sections.

2.2.1 Deep Multi-view Canonical
(DMVCCA)

Correlation Analysis

The idea behind DMvCCA [5] is to nd a common subspace

to project nonlinearly mapped input samples Z, from the
vth view where the correlation is maximized. Speci cally, it
aims to maximize

oW
Wi>Zi LZJ->W]

i=1j=1

isi

arg max Tr

W?Zilz>wi=1
i=1

(©)

Jpmvcea =

where the matrix L = | Niee> centralizes the input data
matrix of each view v, and e is a vector of ones, . By de ning
the cross-view covariance matrix between views i and j

view, the data projection matrix W, which has the column
vector of W in the vth view, can be obtained by solving the
generalized eigenvalue problem

2 0 12 1v3 2 1 0 0 8
21 0 2v 0 2 0
D : = RS &'\ O]
Vi V2 0 0 0 vV

It shows that the solution to this problem is derived with the
maximal inter-view covariances and the minimal intra-view



covariances.

2.2.2 Deep Multi-view Modular Discriminant Analysis

(DMvMDA)

DMVMDA [5] is the neural network-based multi-view solu-
tion of LDA which maximizes the ratio of the determinant
of the between-class scatter matrix of all view pairs to that of
the within-class scatter matrix. Mathematically, it is written
as the projection matrix of the DMvMDA and is derived by
optimizing function

XX

J oMuMDA = arg max Tr W? ZiLg Zj> Wi ;
W2 ZilyZ> Wizl i=1j=1
i=1

®)
where the between-class Laplacian matrix is

L-Z)(:)@(lee> 1ee>)'
B~ N2PE NoNL P Sa)
p=1 g=1 NP Nqu
and the within-class Laplacian matrix is
¥ 1
Lw = | N—ecec>:
c=1 ¢

3 MODEL FORMULATION

We rst introduce multi-view subspace learning to rank
(MVSL2R). It is followed by the formulations of MVCCAE
and MvMDAE. Finally, the end-to-end ranking method is
presented.

3.1 Multi-view Subspace Learning to Rank (MvSL2R)

Multi-view subspace learning to rank is formulated based
on the fact that the projected feature in the common sub-
space can be used to train a scoring function for ranking.
We generate the training data from the intersection of
ranking samples between views to have the same samples
but various representations from different view origins.
The overall ranking agreement is made by calculating the
average voting from the intersected ranking orders as

1 X
r=y 0

v=1

(6)
By performing the pairwise transform in section 2.1.1 over

of V views and the cross-view relevance scoresy obtained
from the average ranking orders T. The proposed ranking
method consists of feature mapping into a common sub-
space, training a logistic regressor as the scoring function,
and predicting the relevance of new sample pairs using the

probability function

1 .
1+exp( @ WJFy(Xy)'
where W  is the data projection matrix of the vth view, and

a is the weight from the logistic regressor described in (1).
We summarize these steps in the algorithm below.

pv(Xy) = (7)

Algorithm 1: Multi-view Subspace Learning to Rank.

1 Function MVSL2R (X;Y ;Kk);
Input : The feature vectors of V views

the dimensionality in the subspace k.
Output: The predicted relevance probabilities

2 Train a neural network to update the
low-dimensinonal representation representation Z,,
e.g. in (12) and (17). and the projection matrix
W :[W1W2:::W\/]>.

3 Train a logistic regressor (1) as the scoring function to
obtain the weight matrix a.

4 Predict the new sample pairs for their relevance
probabilities using (7) with the trained sub-networks
F and G, and the obtained weights W and a.

3.2 Multi-view Canonically Correlated Auto-Encoder
(MVCCAE)

In contrast to DMVCCA and DMvMDA, where the non-
linear correlation between multiple views is optimized,
we propose a multi-objective solution by maximizing the
between-view correlation while minimizing the reconstruc-
tion error from each view source. Given the data matrix

F and the decoding network G, and the projection matrix
W , the objective of MVCCAE is formulated as follows,

“ae XviG(Fv()) ;5 (8)

_ 0
Jmvccae = arg max Jpmvcea
v

where we introduce the new objective
LA AN S
Tr WP ZiLZ7 W
i=1j=1
J Owvcea = arg max e ;
WEWEL T T WPZiLZE W
i=1
and the loss function of the vth autoencoder is
(X G(FV() = kXy Gv(Fv(Xy)ko +
| kr XVF\',(X\,)kz, with the L, regularization at
the Ith intermediate layer of the vth view denoted by
Z!, = F!(Xy). Here, and are controlling parameters for
the trade-off between the terms.

©)

3.2.1 Optimization

Following the objective of DMvVCCA [5], we aim to directly
optimize the trace ratio in (9) and let
!
W |> Zi L Zj> Wj )
i=1 j6i
=1

f=Tr

and !
W ZiLZTW;

i=1

g=Tr



Here, the output of each sub-network F, is denoted by Z, =
Fy(Xy). Then, we have

ef _ XX -
== W W?ZL; (10)
@ i=1 j6i :
j=1
and W
gg: Wi W?>ZiL: 11)
1

i=1
By using (10) and (11) and following the quotient rule, we
derive the stochastic optimization of MVCCAE to be

@ wvccae _ 1 g@ @g
@, ¢ T @y @.
2 T e(GGEOD): ()

\

The gradient to compute the autoencoding loss “ag is
derived from the view-speci c sub-networks F, and G,.
The sub-network F, is optimized with % to obtain the
output Z,, while the gradient of G, network with respect

to its parameters can be obtained using the chain rule from
@ (Xy)
@,

3.3 Multi-view Modularly Discriminant Auto-Encoder
(MVMDAE)

Similar to MVCCAE, the objective of MVMDAE is to op-
timize the combination of the view-speci c reconstruction
error and the cross-view correlation as follows,

“ae XviG(Fy()) -

_ 0
Jmwmpae = arg max J pyumpa
\

(13)
The new objective for the cross-view correlation is
PP S S
™ W{ZiLlgZ] W,
J Owvmpa = @rg max =i ;o (14)

WIWEL T T WP ZiLwZT W
i=1

3.3.1 Optimization

The detailed optimization is derived by replacing the lapla-
cian matrix in MVCCAE with Lg and Ly in (14). We let
!

f=Tr W Zilg ZTWj ;

and !
g="Tr
Then, we have

@f _
@ - (15)

and
Q@g_

@i = i:1WiWi>Zi Lw:

(16)

The stochastic optimization of MVMDAE can be derived by
using (15), (16) and applying the quotient rule as follows,

@ wmvmpae _ 1 ef @g
@, 9 T @y @,
o T GGEO): @D

\

The gradient of the objective can be calculated using the
chain rule, and the stochastic gradient descent (SGD) is used
with mini-batches for optimization.

3.4 Deep Multi-view Discriminant Ranking (DMvDR)

Multi-view Subspace Learning to Rank provides a promis-
ing method with MVCCAE and MvMDAE. However, it
does not have a direct connection to ranking. Continuing
the idea of multi-objective optimization, we propose to
optimize the view-specic and the joint ranking together
in the single network as shown in Fig. 2. Taking university
ranking as an example, various ranking lists are generated
from different agencies, and each agency uses a different
set of attributes to represent the universities. In training,
given the inputs X = fX1;X2;:::; Xv g, the cross entropy
loss (2) is optimized with the view-specic relevance Yy
and the joint view relevance y. Based on their evaluation

metrics, the attributes X, where v =1;:::; ;V, are trained
through the view-speci ¢ sub-network FV The nonlinear
representations Z, = F,(X);v =1;:::;V, are the inputs

of the joint network H asW 3 Z,, v = l """ 'V, after the
mappings to generate the Jomt university ranklng list. Each

of them is also the input to the view-specic network G,
which minimizes its distance to the original ranking ry.
We similarly exploit the effectiveness of intermediate layers
Z, in between the view-speci ¢ sub-networks F, and G,,
but towards the ranking loss for DMVDR. The detailed

procedure of this method is described below.

The gradient of each view-specic sub-network G, is
calculated from the output y with respect to its parameters.
Since the loss passes from each view-speci cF, to G, sub-
network, the gradient can be calculated independently with
respect to the output of each view-specic F, sub-network
as % = %%%g Then, the gradient of %’.}:
with respect to its network weights can be determined
through backpropagation [46]. All sub-networks contain
several layers with Sigmoid functions.

The fused sub-network H is updated with the gradient
of the ranking loss from the cross-view relevance scores
y. Similar to the generation of training data in MvSL2R,
we nd the intersection of the ranking data with different
representations or measurements from various sources, and
perform the pairwise transform to have the sample pairs
as the input X and y from the cross-view ranking orders 1
in (6). As a result, the input S to the fused sub-network H




are extracted for data representations in different views and fed through the individual sub-network  F, to obtain the
nonlinear representation Z, of the vth view. The results are then passed through two pipelines of networks. One line
goes to the projection W, which maps all Z, to the common subspace, and their concatenation is trained to optimize the

optimization of the vth ranking loss.

is the concatenation of the nonlinear mapping from the V
view-speci ¢ networks F, as

S=[WJiZ3 W3Z; 11t WGZyT[: (18)
In testing, we can distinguish two possible scenarios: (a) If
the samples are aligned and all presented from each view,
the results from nonlinear mappings are combined in the
same manner as the training phase to generate a fused
ranking list p at the end of H sub-network; and (b) If there
are missing samples or completely unaligned in the test
data, S = W Z, for the vth view. The resulting view-
speci ¢ prediction py still maintains the cross-view agree-
ment which is ranked from the trained joint network. The

gradient of & and &} can be easily calculated afterwards
using the SGD.

Joint ranking is achieved using a multi-view subspace
embedding layer. Similar to MVMDAE, we take the map-
pings from the outputs from the sub-networks F,. The
gradient of multi-view subspace embedding (MvSE) in the
trace ratio form is calculated by combining (15) and (16):

@ MvSE = i g g f Qg .
@y ®? @ @,

The embedding layer is important as its gradient is forward
passed to the fused sub-network H. Meanwhile, it is back-
ward propagated in the layers of F, to reach the input X,.
In turn, the parameters in G, are also affected by the outputs

(19)

of F, sub-networks.

The update of the view-speci c F, depends on the view-
speci c ranking output y and the cross-view relevance y as
it is a common sub-network in both pipelines of networks.
Through backpropagation, the v-th sub-networks F, and
G, are optimized consecutively with respect to the gradient
. Meanwhile, the training error with respect to the
fused ranking Y is passed through multi-view subspace
embedding (MVSE) from S in (18) as the input to the fused
sub-network H. The resulting gradient of each sub-network
Fy is given by

@omor _ @ wmvse X @.
—DMWDR = —rank(Xv; Yv; G/ (F
@v @v y @v Rank( viYv G\/( v( )))
@. .
@, Rank(S; ¥ H ()5 (20)
\
where and are the scaling factors controlling the

magnitude of the ranking loss. Similar to the other sub-
networks, the gradients with respect to their parameters can
be obtained by following the chain rule.

The update of the entire network of DMvDR can
be summarized using the SGD with mini-batches. The
parameters of the sub-network are denoted by =

""" y Geriily oy HO. A gradient de-
scentstepis =  -2Jpwor, Where s the learning
rate. The gradient update step at time t can be written down



with the chain rule collectively:

R B S S
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[ @r\ank Q
“T @ @&
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" @ e
t _@MVSE @v @r‘ank @ @v
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We generate the training data using the pairwise transform
presented in Section 2.1.1. The weights are normalized to
the unit norm during backpropagation. In testing, the test
samples can also be transformed into pairs to evaluate the
relative relevance of each sample to its query. The raw
ranking data can also be fed into the trained model to
predict their overall ranking positions.

4 EXPERIMENTS

In this section, we evaluate the performance of the proposed
multi-view learning to rank methods in three challeng-
ing problems: university ranking, multi-linguistic ranking
and image data ranking. The proposed methods are also
compared to the related subspace learning and co-training
methods. The subspace learning methods follow the steps
proposed in Section 3.1 for ranking. All neural network
topologies are chosen based on a validation set and trained
for 100epoches. We compare the performance of the follow-
ing methods in the experiments:

Best Single View : a method which shows the best
performance of Ranking SVM [27] over the individ-
ual views.

Feature Concat: a method which concatenate the fea-
tures of the common samples for training a Ranking
SVM [27].

LMvVCCA [5] : a linear multi-view CCA method.
LMvMDA [5] : alinear supervised method for multi-
view subspace learning.

MVDA [6] : another linear supervised method for
multi-view subspace learning. It differs from the
above in that the view difference is not encoded in
this method.

SmVR [8]: a semi-supervised method that seeks a
global agreement in ranking. It belongs to the cat-
egory of co-training. We develop the complete data
in the following experiments for training so that its
comparison with the subspace learning methods is
fair. Therefore, SmVR becomes a supervised method
in this paper.

DMVCCA [5] : a nonlinear extension of LMVCCA
using neural networks.

DMVMDA [5] : a nonlinear extension of LMVMDA
using neural networks.

MVCCAE : the rst proposed multi-view subspace
learning to rank method proposed in the paper.
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MVMDAE : the supervised multi-view subspace
learning to rank method proposed in the paper.
DMVDR : the end-to-end multi-view learning to rank
method proposed in the paper.

We present the quantitative results using several evaluation
metrics including the Mean Average Precision (MAP), clas-
si cation accuracy and Kendal's tau. The Average Precision
(AP) measures the relevance of all query and sample pairs
with respect to the same query, while the MAP score calcu-
lates the mean AP across all queries [47]. After performing
pairwise transform on the ranking data, the relevance pre-
diction can be considered as a binary classi cation problem,
and therefore the classi cation is utilized for evaluation.
Kendal's tau measures the ordinal association between two
lists of samples.

We also present the experimental results graphically, and
the following measures are used. The Mean Average Preci-
sion (MAP) score, which is the average precision at the ranks
where recall changes, is illustrated on the 11-point interpo-
lated precision-recall curves (PR curve) to show the ranking
performance. Also, the ROC curve provides a graphical
representation of the binary classi cation performance. It
shows the true positive rates against the false positive rate
at different thresholds. The correlation plots show linear
correlation coef cients between two ranking lists.

4.1 University Ranking

The university ranking dataset available in Kaggle.com [48]
collects the world ranking data from three rating agencies,
including the Times Higher Education (THE) World Univer-
sity Ranking, the Academic Ranking of World Universities
(ARWU), and the Center for World University Rankings
(CWUR). Despite political and controversial in uences, they
are widely considered as authorities for university ranking.
The measurements are used as the feature vectors after
feature preprocessings, which includes feature standardiza-
tion and removal of categorical variables and groundtruth
indicators including the ranking orders, university name,
location, year and total scores. The271common universities
from 2012 to 2014 are considered for training. After the pair-
wise transform in each year, 36542samples are generated
as the training data. The entire data in 2015 is considered
for testing. The data distribution (after binary transform)
of the 196 common universities in 2015 is shown in Fig. 3.
We use a topology of [16 32] in the hidden layers of F,
for both MVCCAE and MvVMDAE, and the nal layer has
10 dimensions. The decoding network of each view has 64
hidden sigmoid nerons before reconstructing to the input.
In DMVDR, F, consists of [50 10] hidden neurons, and both
the vth decoding network G, and H have 100 neurons in the
hidden layer.

We can make several observations from the data distri-
bution in Fig. 3. Firstly, the pairwise transform is applied
on the university ranking data, which equally assigns the
original ranking data to two classes. Then, the dimension-
ality of the data is reduced to 2-dimensional using PCA
in order to display it on the plots of Fig. 3. The data is
then labelled with two colors red and green indicating the
relevance between samples. We can notice a high overlap



(@) Raw data distribu- (b) Projected data distri-

tion. bution.
Fig. 3: The left plot shows the data distribution by con-
catenating the measurements as features of the common
universities from 3 different agencies in 2015. The right
plot shows the concatenated and projected features using
MVMDAE for the same universities.

between the two classes in the case of raw data (left plot of
Fig. 3), while the data on the right is clearly better separated
after the projection using the proposed MvMDAE. This
shows the discrimination power of the proposed supervised
embedding method.

Fig. 4: Rank correlation matrix for views 1-3 and the fused
view.

Furthermore, a rank correlation matrix of plots is pre-
sented in Fig. 4 with correlations among pairs of ranking
lists from the views 1-3 and the predicted list denoted by
'Fused'. Histograms of the ranking data are shown along
the matrix diagonal, while scatter plots of data pairs appear
off diagonal. The slopes of the least-squares reference lines
in the scatter plots are equal to the displayed correlation
coef cients. The fused ranking list is produced by the pro-
posed DMVDR, and the results are also generated from the
common universities in 2015. We rst take a closer look at
the correlations between the views 1-3. The correlation co-
ef cients are generally low, with the highest ( 0:81) between
view 1 and 3, while the others are around 0:70. In contrast,
the fused rank has a high correlation to each view. The
scatter plots and the reference lines are well aligned, and
the correlation coef cients are all above 0:80, demonstrating
that the proposed DMVDR effectively exploits the global
agreement with all view.
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Finally, the average prediction results over 3 different
university datasets of the proposed and competing methods
are reported in Table 1. Due to the misalignment of ranking
data in 2015 across datasets, we make the ranking prediction
based on each view input, which is further elaborated in
the Section 3.4. We observe that Ranking SVM [27] on
the single feature or its concatenation performs poorly
compared to the other methods. This shows that when
the data is heterogeneous, simply combining the features
cannot enhance joint ranking. Kendal's tau from the linear
subspace learning methods are comparatively higher than
their nonlinear counterparts. This is due to the fact that
the nonlinear methods aim to maximize to the correlation
in the embedding space, while the scoring function is not
optimized for ranking. In contrast, DMvVDR optimizes the
entire ranking process, which is con rmed with the highest
ranking and classi cation performance.

TABLE 1: Average Prediction Results (%) on 3 University
Ranking Datasets in 2015.

Methods Kendal's tau Accuracy
Best Single View 65.38 -
Feature Concat 35.10 -
LMvCCA [5] 86.04 94.49
LMvMDA [5] 87.00 94.97
MVDA [6] 85.81 94.34
SmVR [8] 80.75 -
DMVCCA [5] 70.07 93.20
DMVMDA [5] 70.81 94.75
MvCCAE (ours) 75.94 94.01
MvMDAE ( ours) 81.04 94.85
DMVDR ( ours) 89.28 95.30

4.2 Multi-lingual Ranking

The Multi-lingual Ranking is performed on Reuters
RCV1/RCV2 Multi-lingual, Multi-view Text Categorization
Test collection [3]. We use Reuters to indicate this dataset
in later paragraphs. It is a large collection of documents
with news ariticles written in ve languages, and grouped
into 6 categories by topic. The bag of words (BOW) based
on a TF-IDF weighting method [47] is used to represent
the documents. The vocabulary has a size of approximately
150000n average and is very sparse.

We consider the English documents and their transla-
tions to the other 4 languages in our experiment. Speci cally,
the 5 views are numbered as follows:

View 1: original English documents;

View 2: English documents translated to French;
View 3: English documents translated to German;
View 4: English documents translated to Italian;
View 5: English documents translated to Spanish.

Due to its high dimensionality, the BOW representation of
each document is projected using a sparse SVD to a 50-
dimensional compact feature vector. We randomly select 40
samples from each category in each view as training data.
The training data composed of 28680samples is generated



(a) PR curve on Reuters.

(b) ROC curve on Reuters.
Fig. 5: The PR and ROC curves with 2-5 views applied to Reuters dataset.

TABLE 2: Quantitative Results (%) on the Reuter Dataset.

2 views 3 views 4 views 5 views

Methods MAP@100 Accuracy MAP@100 Accuracy MAP@100 Accuracy MAP@ 100 Accuracy
Feature Concat 58.87 70.41 56.97 70.10 57.59 69.88 58.46 69.97
LMvCCA [5] 59.10 70.20 62.40 72.01 54.41 66.61 60.41 72.62
LMvMDA [5] 59.09 70.16 58.81 71.94 61.54 72.45 59.28 72.07
MvDA [6] 55.95 69.03 55.42 67.57 55.64 68.64 58.93 68.46
SmVR [8] 78.37 71.44 78.24 71.15 78.66 71.37 79.36 71.64
DMVCCA [5] 53.87 67.41 42.68 62.02 54.51 68.03 57.27 65.00
DMvMDA [5] 60.08 71.40 63.12 70.93 61.55 72.12 62.52 70.78
MvCCAE (ours) 48.75 66.43 49.10 62.90 60.70 71.86 48.80 63.05
MvVMDAE ( ours) 62.63 74.20 63.02 71.04 60.74 72.60 62.74 71.20

DMVDR (ours) 80.01 72.68 79.34 72.23 80.32 73.07 81.64 72.39




between pairs of English documents based on the pairwise
transform in Section 2.1.1, and the translations to other
languages are used for augmenting the views. We select
another 360 samples from 6 categories and create a test
dataset of 64620document pairs. If considering the ranking
function linear as proved in [24], we make document pairs
comparable and balance them by assigning some of the
data to the other class with the opposite sign of the feature
vectors, so that the number of samples is equally distributed
in both classes. For MvCCAE and MvMDAE, the encoding
network F, has the topology of [100 10 10], while the
decoding network G, has a hidden layer of 32 neurons. F,
in DMVDR has the topology of [50 10], while G, has sigmoid
neurons in the structore of [64 1]. H is a sub-network of [100
1].

We rst analyze the PR and ROC curves in Fig. 5.
Since we have all translations of the English documents,
each sample is well aligned in all views and, therefore we
perform joint learning and prediction in all multi-lingual ex-
periments. The experiments start with 2 views with English
and its translation to French, and then the views are aug-
mented with the documents of other languages. Subspace
ranking methods are trained by embedding with increasing
number of views, while SmVR as a co-training takes two
views at a time, and the average performance of all pairs is
reported. The proposed methods with two competing ones
are included in the plots in Fig. 5. The proposed DMvDR
clearly performs the best across all views as can be seen in
the PR and ROC plots in Fig. 5. SmVR is the second best with
a lower precision and less area under curve compared to
DMvDR. Among the remaining three methods, DMvMDA
performs favorably in the PR curves but not as well in the
ROC plots. The results are comparatively consistent across
all views.

We can observe the quantitative MAP and accuracy
results in Table 2. It shows that the linear methods together
with the feature concatenation have similar results which
are generally inferior to the nonlinear methods in classi ca-
tion. Note also that nonlinear subspace learning methods
cannot provide any superior MAP scores, which can be
explained by the fact that the embedding is only intended
to construct a discrimative feature space for classifying the
pairs of data. We can also observe the MAP scores and
accuracies are stable across views. This can be interpreted
as the global ranking agreement can be reached to a certain
level when all languages correspond to each other. It is
again con rmed that the end-to-end solution consistently
provides the highest scores, while SYMR is a few percent-
ages behind. When the features from different views follow
a similar data distribution, the co-training method performs
well and competes with the proposed DMvDR.

4.3 Image Data Ranking

Image data ranking is a problem to evaluate the relevance
between two images represented by different types of fea-
tures. We adopt the Animal With Attributes (AWA) dataset
[49] for this problem due to its diversity of animal appear-
ance and large number of classes. The dataset is composed
of 50 animal classes with a total of 30475images, and 85
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animal attributes. We follow the feature generation in [5] to
adopt 3 feature types forming the views:

Image Feature by VGG-16 pre-trained model: a 1000-
dimensional feature vector is produced from each
image by resizing them to 224 224and taken from
the outputs of the fc 8 layer with a 16-layer VGGNet
[50].

Clas Label Encoding: a 100-dimensional
Word2Vector is extracted from each class label.
Then, we can map the visual feature of each image
to the text feature space by using a ridge regressor
with a similar setting as in [5] to genenate another
set of textual feature, with connection to the visual
world. The text embedding space is constructed by
training a skip-gram [51] model on the entire English
Wikipedia articles, including 2:9 billion words.
Attibute Encoding: an 85-dimensional feature ve-
tor can be produced with a similar idea as above.
Since each class of animals contains some typical
patterns of the attribute, a 50 85 lookup table can
be constructed to connect the classes and attributes
[52], [53]. Then, we map each image feature to the
attribute space to produce the mid-level feature.

Fig. 6: PR and ROC curves on AWA.

We generate the image ranking data as follows. From the
50 classes of animal images, we nd 400 pairs of images
with 200 in-class pairs and 200 out-of-class image pairs
from each class. We then end up with 20000training data
pairs. Similarly, we will have 20000test data pairs. We select
40 images from each class used for training data and a
separate set of40 samples as test data. Another 10 images
are used as queries: 5 of them are associated with the in-class
images as positive sample pairs and 5 as negative sample
pairs. For the negative sample pairs, we randomly select
40 classes from 49 remaining animal classes at a time, and
one image per class is associated with each query image
under study. We found a common topology for both MvC-
CAE and MvMDAE from the validation set. The encoding
networks have the topology of [64 10] in the hidden layers
with sigmoid neurons and the output dimensionality in the



common latent space is 10. The decoding networks have one
hidden layer with 50 sigmoid neurons and each has a nal
layer of the input dimensionality. For DMVDR, each of the
encoding networks F, has a topology of [100 100 10] and its
vth decoding netuwork G has [100 1] sigmoid neurons. The
merging network H has also the network structure of [100
1]. =0:01is chosen from the grid search.

TABLE 3: Quantitative Results (%) on the AWA Dataset.

Methods MAP@100 Accuracy
Feature Concat 38.08 50.60
LMvCCA [5] 49.97 51.85
LMVMDA [5] 49.70 52.35
MvDA [6] 49.20 52.82
SMVR [g] 52.12 50.33
DMVCCA [5] 51.38 50.83
DMvMDA [5] 51.52 51.38
MvCCAE (ours) 49.01 53.28
MVMDAE ( ours) 48.99 53.30
DMVDR (ours) 76.83 71.48

We can observe the performance of the methods on the
animal dataset graphically in Fig. 6 and quantitatively in
Table 3. DMvDR outperforms the other competing methods
by a large margin as shown in the plots of Fig. 6. Due
to the variety of data distribution from different feature
types as view inputs, the co-training type of SmVR can no
longer compete with the end-to-end solution. From Table
3, one can observe that the performance of the feature
concatenation suffers from the same problem. On the other
hand, our proposed subspace ranking methods produces
satisfactory classi cation rates while the precisions remain
somewhat low. This implies again the scoring function is
critical to be trained together with the feature mappings.
The other linear and nonlinear subspace ranking methods
have comparatively similar performance at a lower position.

Fig. 7: Performance of DMvDR on different values of  and

We also study the effects of selecting different values of
and during training on the classi cation performance
of DMVDR. The results are shown in Fig. 7. One parameter
varies across the neural network models while the other one
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is xed based on a grid search. While the performance is
mostly consistent with the value changes of and , itdrops
when is below 0:001 It shows the importance of jointly
optimizing the view-speci ¢ ranking.

5 CONCLUSION

Learning to rank has been a popular research topic with
numerous applications, while multi-view ranking remains
a relatively new research topic. In this paper, we aimed to
associate the multi-view subspace learning methods with
the ranking problem and proposed three methods in this
direction. MVCCAE is an unsupervised multi-view embed-
ding method, while MVMDAE s its supervised counter-
part. Both of them incorporate multiple objectives, with a
correlation maximization on one hand, and reconstruction
error minimization on the other hand, and have been ex-
tended in the multi-view subspace learning to rank scheme.
Finally, DMVDR is proposed to exploit the global agreement
while minimizing the individual ranking losses in a single
optimization process. The experimental results validate the
superior performance of DMvDR compared to the other
subspace and co-training methods on multi-view datasets
with both homogeneous and heterogeneous data represen-
tations.

In the future, we will explore the scenario when there
exists missing data, which is beyond the scope of the current
proposed subspace ranking methods during training. Mul-
tiple networks can also be combined by concatenating their
outputs, and further optimized in a single sub-network. This
solution may also be applicable for homogeneous represen-
tations.
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