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Abstract

Incorporation of the available prior knowledge into to learning framework can
play an important role in improving the generalization of a machine learning
algorithm. The type of available side information can vary depending on the
context. The scope of this thesis is the development of learning algorithms
that exploit the side information. In particular the focus has been on learning
the solution of a dynamical system, parameter estimation and semi-supervised
learning. To this end, the prior knowledge is incorporated into the kernel based
core model via adding a regularization term and/or set of constraints.

In the context of dynamical systems, the available differential equations
together with initial/boundary conditions are considered as side information.
Starting from a least squares support vector machines (LSSVM) core formu-
lation, the extension to learn the solution of dynamical system governed by
ordinary differential equations (ODEs), differential algebraic equations (DAEs)
and partial differential equations (PDEs) are considered. The primal-dual
optimization formulation typical of LSSVM allows the integration of side
information by modifying the primal problem.

A kernel based approach for estimating the unknown (constant/time-varying)
parameters of a dynamical system described by ordinary differential equations
(ODEs) is introduced. The LSSVM serves as a core model to estimate the state
trajectories and its derivatives based on the observational data. The approach
presents a number of advantages. In particular, it avoids repeated integration
of the system and also in case of parameter affine systems, one obtains a convex
optimization problem. Moreover for systems with delays (state delay), where
the objective function can be non-smooth, the approach shows promising results
by converting the problem into an algebraic optimization problem.

In many applications ranging from machine learning to data mining, obtaining
the labeled samples is costly and time consuming. On the other hand with
the recent development of information technologies one can easily encounter a
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huge amount of unlabeled data coming from the web, smartphones, satellites
etc. In these situations, one may consider to design an algorithm that can
learn from both labeled and unlabeled data. In this context, elements such
as dealing with data streams (real time data analysis), scalability to large-
scale data and model selection criteria become key aspects. Starting from the
Kernel Spectral Clustering (KSC) core formulation, which is an unsupervised
algorithm, extensions towards integration of available side information and
devising a semi-supervised algorithm are a scope of this thesis. A novel
multi-clags semi-supervised learning algorithm (MSS-KSC) is developed that
addresses both semi-supervised classification and clustering. The labeled data
points are incorporated into the KSC formulation at the primal level via adding
a regularization term. This converts the solution of KSC from an eigenvalue
problem to a system of linear equations in the dual. The algorithm realizes a
low dimensional embedding for discovering micro clusters.

Though the portion of labeled data points is small, one can easily encounter
a huge amount of the unlabeled data points. In order to make the algorithm
scalable to large scale data two approaches are proposed, Fixed-size and reduced
kernel MSS-KSC (FS-MSS-KSC and RD-MSS-KSC). The former relies on the
Nystrom method for approximating the feature map and solves the problem
in the primal whereas the latter uses a reduced kernel technique and solves
the problem in the dual. Both approaches possess the out-of-sample extension
property to unseen data points.

In today’s applications, evolving data streams are ubiquitous. Due to the
complex underlying dynamics and non-stationary behavior of real-life data,
the demand for adaptive learning mechanisms is increasing. An incremental
multi-class semi-supervised kernel spectral clustering (I-MSS-KSC) algorithm
is proposed for an on-line clustering/classification of time-evolving data. It
uses the available side information to continuously adapt the initial MSS-KSC
model and learn the underlying complex dynamics of the data stream. The
performance of the proposed method is demonstrated on synthetic data sets
and real-life videos. Furthermore, for the video segmentation tasks, Kalman
filtering is used to provide the labels for the objects in motion and thereby
regularizing the solution of I-MSS-KSC.



Abbreviations

ARI

BVP

BLF

DAE

DDE
FS-MSS-KSC

IKM
I-MSS-KSC

VP

KKT
KSC
LapSVMp
LSSVM
MSS-KSC

NLP
NMI
ODE
PCA
PDE
PEM
RBF
RD-MSS-KSC

SC
SVM

Adjusted Rand Index

Boundary Value Problem

Balanced Line Fit

Differential Algebraic Equation

Delay Differential Equations

Fixed Size Multiclass Semi-Supervised Kernel
Spectral Clustering

Incremental K-means

Incremental Multiclass Semi-Supervised Kernel
Spectral Clustering

Initial Value problem

Karush-Kuhn-Tucker

Kernel Spectral Clustering

Laplacian Support Vector Machines in primal
Least Squares Support Vector Machine

Multiclass Semi-Supervised Kernel Spectral Clus-
tering

Nonlinear Programming Problem

Normalized Mutual Information

Ordinary Differential Equation

Principal Component Analysis

Partial Differential Equation

Prediction Error Method

Radial Basis Function

Reduced Multiclass Semi-Supervised Kernel Spec-
tral Clustering

Spectral Clustering

Support Vector Machine






Notation

zT Transpose of a vector x

AT Transpose of a matrix A

Ajj ij-th entry of the matrix A

In N x N Identity matrix

1n N x 1 Vector of ones

o(+) Feature map

P Feature matrix

K(zi,xj) Kernel function evaluated on data points x;, x;

|S| Cardinality of a set S

A(:,1) Matlab notation for the i-th column of matrix A

A(i,:) Matlab notation for the i-th row of matrix A

Ak :l,m:n) submatrix of matrix A consisting of rows k to [ and
columns m to n

% Second order partial derivative of f w.r.t =

mlin f(z) Minimization over x, minimal function value returned

argmin f (z) Minimization over x, optimal value of x returned
xr
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Chapter 1

Introduction

1.1 General Background

Machine Learning is an actively growing research field that aims at extracting
useful knowledge, unveiling hidden patterns and learning the underlying
complex structure from data. Machine Learning has several connections with
data mining, pattern recognition, statistics and optimization theory. Kernel
methods are one of the successful branches in the fields of machine learning
and data mining.

They can provide predictive models that often outperform competing ap-
proaches in terms of generalization performance. The main idea in kernel
based methods is to map the data into a high dimensional space by means of
a nonlinear feature map. A linear model in the feature space then corresponds
to a nonlinear model in the original domain. Support Vector Machines (SVMs)
proposed by Vapnik [170], is a well-known example of such a method, which has
been successfully applied to non-linear classification and regression problems
with high dimensional data.

In many practical applications, some forms of additional prior knowledge is
often available. For instance in the context of nonlinear system identification,
prior knowledge could be the applicability of a physical law for part of the
system or information on its stability. In the context of clustering, one may
know class labels for some items and letting them guide the clustering process.
Incorporating available prior knowledge into the data driven modeling task can
potentially improve the performance of the model. Therefore exploiting and
incorporating the available prior information into the learning framework is
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the scope of this thesis. In particular in this thesis the kernel based models
cast in the Least Squares Support Vector Machines (LSSVM) framework [159],
are considered as core models and the additional information is embodied in
the models by adding regularization terms or sets of constraints to the primal
optimization problem.

1.2 Challenges

Challenges tackled in this thesis are addressing the complications arising in the
incorporation of prior knowledge into kernel based models for handling forward
problems, inverse problems, classification/clustering and online learning.

¢ Kernel based model towards learning the solution of a dynami-
cal system: Differential equations can be found in the mathematical
formulation of physical phenomena in a wide variety of applications
especially in science and engineering [46, 91]. Analytic solutions for these
problems are not generally available and hence numerical methods must
be applied. In the case of differential algebraic equations (DAEs), most
of the existing methods are only applicable to low-index problems and
often require the problem to have special structure. Furthermore, these
approaches approximate the solutions at discrete points only (discrete
solution) and some interpolation technique is needed in order to get
a continuous solution. The challenge is to design a kernel based
formulation for learning the solution of the given differential equations
via incorporating the initial/boundary conditions into the core model.
Addressing the model selection, performing simulation on long time
intervals and dealing with nonlinear differential equations are additional
challenges for using kernel based approaches in this context.

e Parameter estimation of dynamical systems using kernel based
model: Parameter estimation of dynamical systems described by a set
of differential equations is widely used in modelling of dynamic processes
in physics, engineering and biology. The aim is to estimate the unknown
parameters of the system based on the available observational data. In
this thesis we consider parameter affine systems. Due to the nonlinear
dynamics of the system, conventional approaches formulate the parameter
estimation problem as a non-convex optimization problem. The challenge
is to develop a kernel based method formulated as a convex optimization
problem for estimating the unknown constant/time-varying parameters
of the given dynamical system described by ordinary/delay differential
equations. The approximated parameter then can serve as an initial guess
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for the conventional approaches. Parameter estimation of a system with
delays is a very important aspect in many applications and at the same
time is a challenging problem as the objective function of the optimization
problem for DDE might be non-smooth because the state trajectory might
be non-smooth in the parameter and this will make the optimization
problem more complicated.

e Semi-supervised learning for realistic and large scale data size:
In many contexts, ranging from data mining to machine perception,
obtaining the labels of input data is often difficult and expensive.
Therefore in many cases one deals with a huge amount of unlabeled
data, while the fraction of labeled data points will typically be small.
In these cases one may consider to use a semi-supervised algorithm that
can learn from both labeled and unlabeled data. The challenge is to
devise a kernel-based model that is able to learn from few labeled data
points and generalizes well on the unseen data points. In addition,
in many applications ranging from text mining, information retrieval
and computer vision the amount of (unlabeled) data points has been
increasing at exponential rate. Therefore one also should take into
account the scalability of the semi-supervised algorithms in order to deal
with large scale data.

e Online semi-supervised learning: The behavior of a dynamic system
can meet different regimes in the course of time i.e. the data distribution
can change over time. In this case, in order to cope with non-stationary
data-streams one needs to continuously adjust the model in order to
better explain the whole dynamics of the underlying system. Considering
that some labeled data points are available, a semi-supervised algorithm
that can operate in an online fashion is desirable.

1.3 Methodology

This thesis explores the possibilities of incorporating the available side-
information in the learning process. One can start with a suitable core model
corresponding to the given task, and integrate the prior-knowledge of the task
into the model via adding a set of constraints or regularization term. The
general picture of the thesis is summarized in Fig. 1.1. The core model
considered in this thesis are Least Squares Support Vector Machines (LSSVM)
and Kernel Spectral Clustering (KSC). These are kernel based models and have
been shown to be successful in many applications. They are formulated in the
primal-dual setting and therefore one enjoys working with high-dimensional
data by solving the problem in the dual. It should be mentioned that
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among different ways to obtain a kernel based model such as following a
probabilistic Bayesian setting or by using function estimation in a reproducing
kernel Hilbert space, the primal-dual approach has the advantage that it is
usually straightforward to incorporate additional structure or knowledge into
the estimation problem. Thanks to the Nystrom approximation method, one
can also deal with large scale data (the number of data is much larger than the
number of variables).

LSSVM Regularization

q Optlma
odel

KSC Constraints

Figure 1.1: General picture of this thesis.

Core
Model

In the subsequent Chapters, it will be shown how one can learn the solution
a dynamical system by adding a set of constraints to the LSSVM primal
optimization problem. In the context of semi-supervised learning where one
is interested to learn from a few labeled and a large amount of unlabeled
data points, KSC is used as a core model. The labels are incorporated to
the primal formulation of KSC by adding a regularization term. Adding this
term changes the dual formulation from an eigenvalue problem to a system of
linear equations but essential properties are maintained. Moreover, a different
mechanism based on a Kalman filter to further regularize the solution of a
developed semi-supervised learning algorithm is also discussed. This has some
applications for instance in video segmentation task.

1.4 Objectives

The primary objective of this thesis is to explore the possibilities of incorporat-
ing prior knowledge into the learning framework which can result in improving
the performance and achieving a richer model. In particular, the incorporation
of side information into kernel based approaches in a range of application
domains.
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e Kernel based framework for learning the solution of the
dynamical systems: From a kernel-based modeling point of view, one
can consider the given differential equations together with its initial or
boundary conditions as prior knowledge and seek the solution of the
differential equation by means of Least Squares Support Vector Machines
(LSSVMs) whose parameters are adjusted to minimize an appropriate
error function. The problem is formulated as an optimization problem
in the primal-dual setting. The approximate solution in the primal
is expressed in terms of the feature map and is forced to satisfy the
initial/boundary conditions using a constrained optimization problem.
The optimal representation of the solution is then obtained in the dual.
For the linear and nonlinear cases, these parameters are obtained by
solving a system of linear and nonlinear equations, respectively. The
method is well suited to solving mildly stiff, nonstiff, and singular ODEs
with initial and boundary conditions. The solution of IVPs and BVPs
in differential algebraic equations (DAES) with high index can also be
learned without requiring to use any index-reduction technique.

e Kernel based framework for parameter estimation of dynamical
systems: The parameter estimation is often formulated as a non-convex
optimization problem and moreover repeated numerical integration of a
given dynamical system is required. The objective here is to use LSSVM
as core model and design a kernel-based method to formulate a convex
optimization algorithm for parameter estimation of dynamical system in
continuous time. Furthermore the developed method should not need
repeated numerical integration. In addition we are interested to be able
to estimate both constant and time-varying parameters of the system.
In this thesis two types of differential equations i.e. ordinary and delay
differential equations (ODEs and DDEs) are considered to describe the
dynamics of the system.

e Semi-supervised learning based on KSC core model: Semi-
supervised learning (SSL) is a framework in Machine Learning which
aims at learning from both unlabeled and labeled data points. The aim
here is to develop a multi-class semi-supervised learning algorithm that
can address both semi-supervised classification and clustering. We aim
at using a completely unsupervised algorithm as a core model so that
the algorithm can learn from unlabeled data points. In addition, the
side-information (labeled data points) is incorporated to the core model
using a regularization term thus improving the model performance. The
algorithm will be able to use a few labeled data points and build a model
that can be used for both classification and clustering. The method uses
a low dimensional embedding to disclose the hidden micro clusters in the
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data. In addition, in order to make the proposed method scalable, two
approaches are developed and compared. Finally, the research performed
for solving the static semi-supervised algorithm lays the first stone for the
development of models for analyzing data streams in an online fashion.

¢ Online semi-supervised learning: The aim is to introduce an
online semi-supervised learning algorithm formulated as an optimization
problem in the primal and dual setting. We consider the case where
new data arrive sequentially but only a small fraction of it is labeled.
The available labeled data act as prototypes and help to improve the
performance of the algorithm to estimate the labels of the unlabeled data
points.

1.5 Overview of Chapters

This thesis is organized in seven chapters. An overview of the chapters is
depicted in Fig. 1.2.

Chapter 2: gives a general introduction to kernel functions, Mercer’s theorem,
and supervised and unsupervised learning using kernel-based methods. In
particular an overview of the Least Squares Support Vector Machines for
supervised task is provided. In addition the Kernel Spectral Clustering
(KSC), a spectral clustering algorithm formulated in the LSSVM optimization
framework, is reviewed.

Chapter 3: consists of three main sections. First of all the Least Squares
Support Vector machine, which will be used as core model, for regression
problems is reviewed. Then the formulation of a method with LSSVM core
model is introduced for learning the solution of the given differential equations.
In particular, the available initial/boundary conditions are integrated in the
learning framework by imposing a set of constraints on the model representing
the solution. One of the complications tackled in this chapter is the derivation
of the dual kernel based model for expressing the solution of the given
differential equations in the dual in terms of the kernel and its derivatives.
The presented approach is validated on initial and boundary value problems
(IVPs and BVPs) of ordinary differential equations (ODEs) and (DAEs).

Chapter 4: is devoted to parameter estimation of dynamical systems described
by ordinary and delay differential equations. A new convex LSSVM based
formulation for estimating the unknown parameters of the system within a
kernel based framework is presented. The approach consists of two steps. First
the trajectories of the differential equation are estimated using the available
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observational data. In the second step an optimization problem is formulated
for estimating the unknown parameters of the system. Moreover the estimation
obtained by the proposed approach is used as an initial guess for solving
the original non-convex formulation where the multiple shooting technique is
employed. Finally, the proposed method is validated on a number of examples
covering constant/time-varying parameter estimation of ordinary and delay
differential equations.

Chapter 5: introduces a general framework of non-parallel support vector
machines, which involves a regularization term, a scatter loss and a mis-
classification loss. For binary problems, the framework with proper losses
covers some existing non-parallel classifiers. The possibility of incorporating
different existing scatter and misclassification loss functions into the framework
is investigated. Moreover, a non-parallel semi-supervised algorithm is proposed
that can learn from few labeled data points and a large amount of unlabeled
data points.

Chapter 6: introduces a novel model called multi-class semi-supervised kernel
spectral clustering (MSS-KSC). The model has two modes of implementation:
semi-supervised classification and clustering. In this new formulation the
labeled data points are incorporated in the objective function of the primal
problem through adding a regularization term aiming at minimizing the
difference between the latent variables and the labels. Moreover the MSS-
KSC algorithm uses a low dimensional embedding to discover the hidden micro
clusters. This is highly desirable when the number of existing clusters is large
and only few labels from some of them are known a priori. There is also a
systematic model selection scheme which is presented as a convex combination
of cluster quality index and classification accuracy. The solution vectors are
obtained by solving a linear system of equations.

Chapter 7: presents a new algorithm to perform online semi-supervised
clustering in a non-stationary environment. The data arrives sequentially and
contains only a small number of labeled data points. The available labeled
data act as prototypes and help to improve the performance of the algorithm
to estimate the labels of the unlabeled data points. Given a few user-labeled
data points the initial model is learned and then the class membership of the
remaining data points in the current and subsequent time instants are estimated
and propagated in an on-line fashion. The update of the memberships is carried
out mainly using the out-of-sample extension property of the model. We show
how video segmentation can be cast into the online semi-supervised learning
framework. In addition we show how to integrates the Kalman filter algorithm
into the learning framework by providing an estimation of the labels for the
objects in motion in a video sequence.



8 INTRODUCTION

Chapter 8: Concludes the thesis and proposes future research directions.
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Figure 1.2: The structure of the thesis. Chapters 3, 4, 5, 6 and 7 constitute
the main contributions of this thesis.
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1.6 Contributions of the Thesis

The main contributions of this work are summarized in the following.
LSSVM based models and learning solutions of dynamical systems:

We propose a methodology based on Least Squares Support Vector machines
for simulation of dynamical systems. One starts with representing the solution
in the primal in terms of feature maps and then the optimal representation
of the solution is obtained in the dual. The solution in the dual is expressed
in terms of kernel functions and their derivatives. The initial and boundary
conditions are imposed on the primal representation using sets of constraints.
The approach is validated on dynamical systems described by ODEs and high
index DAEs.

e S. Mehrkanoon, T. Falck, J.A.K. Suykens, “Approximate Solutions to
Ordinary Differential Equations Using Least Squares Support Vector Ma-
chines”, IEEE Transactions on Neural Networks and Learning Systems,
vol. 23, no. 9, pp. 1356-1367, Sep. 2012.

e S. Mehrkanoon, J.A.K Suykens, “LSSVM approximate solution to linear
time varying descriptor systems”, Automatica, vol. 48, no. 10, pp. 2502-
2511, Oct. 2012.

e S. Mehrkanoon, J.A.K Suykens, “Learning Solutions to Partial Differen-
tial Equations using LSSVM?”, Neurocomputing, vol 159, pp. 105-116,
July. 2015.

LSSVM based models for parameter estimation of dynamical sys-
tems:

We present a new algorithm to perform parameter estimation of a given
dynamical system. The approach avoids repeated numerical integration of
the systems and it uses the ability of the LSSVM for obtaining a closed
form solution. Estimation of both constant and time-varying parameters of
ordinary and delay differential equations (ODEs and DDEs) are addressed.
The approach consists of two steps. In the fist step the trajectory of the given
differential equation is approximated by means of LSSVM. The second step
includes solving an optimization problem which is constructed based on the
information obtained in the first step.

e S. Mehrkanoon, T. Falck, J.A.K. Suykens, “Parameter Estimation
for Time Varying Dynamical Systems using Least Squares Support
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Vector Machines”, in Proc. of the 16th IFAC Symposium on System
Identification (SYSID 2012), Brussels, Belgium, pp. 1300-1305, Jul.
2012.

e Siamak Mehrkanoon, Saied Mehrkanoon, J.A.K. Suykens, “Parameter
estimation of delay differential equations: an integration-free LSSVM ap-
proach”, Communication in Nonlinear Science and Numerical Simulation,
vol. 19, no. 4, pp. 830-841, Apr. 2014.

e S. Mehrkanoon, R. Quirynen, M. Diehl, J.A.K. Suykens, “LSSVM based
initialization approach for parameter estimation of dynamical systems”,
in Proc. of the International Conference on Mathematical Modelling in
Physical Sciences (IC-MSQUARE 2013), Prague, Czech Republic, Sep.
2013.

Nonparallel (semi-)supervised classifiers with different loss functions:

A general framework of non-parallel support vector machines with the
possibility of incorporating different combinations of scatter loss and a
misclassification loss is introduced. The proposed framework can potentially
cover some of the existing non-parallel classifiers. If a certain loss function
is used, the method can be viewed as a generalized version of LSSVM core
model that is able to produce non-parallel hyperplanes (in case of linear kernel).
Furthermore, the approach is extended for tacking problems where few labeled
data points and a large amount of unlabeled data points are available.

e S. Mehrkanoon, J.A.K. Suykens, “Non-parallel semi-supervised classifica-
tion based on kernel spectral clustering”, in Proc. of the International
Joint Conference on Neural Networks (IJCNN 2013), Dallas, U.S.A, pp.
2311-2318, Aug. 2013.

e S. Mehrkanoon, J.A.K. Suykens, “Non-parallel Classifiers with Different
Loss Functions”, Neurocomputing, vol, 143, pp. 294-301, 2014.

Semi-supervised classification and clustering:

A novel multi-class semi-supervised KSC based algorithm called MSS-KSC
is introduced to learn from both labeled and unlabeled data points. The
problem is formulated as a regularized kernel spectral clustering formulation
where the side-information is incorporated to the learning algorithm via a
regularization term. The model is obtained by solving a linear system in the
dual. Furthermore, the optimal embedding dimension is designed for semi-
supervised clustering. This plays a key role when one deals with a large
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number of clusters. The proposed method can handle both semi-supervised
classification and clustering.

e S. Mehrkanoon, C. Alzate, R. Mall, R. Langone, J.A.K. Suykens, “Multi-
class semi-supervised learning based upon kernel spectral clustering”,
IEEE Transactions on Neural Networks and Learning Systems, vol. 26,
no. 4, pp. 720-733, April 2015.

e S. Mehrkanoon, J.A.K. Suykens, “Large scale semi-supervised learning
using KSC based model”, in Proc. of the International Joint Conference
on Neural Networks (IJCNN 2014) (IJCNN 201/4), Beijing, China, pp.
4152-4159, Jul. 2014.

Online semi-supervised learning for time evolving data:

A new incremental semi-supervised algorithm called I-MSS-KSC is proposed
to analyze data streams that contain few labeled an a lot of unlabeled data
points. The approach is the extension of the MSS-KSC towards on-line data
clustering, classification. The initially trained model is updated using the
out-of-sample extension property of the MSS-KSC model. Moreover for the
video segmentation task, the tracking capabilities of the Kalman filter is used
to provide the labels of objects in motion and thus regularizing the solution
obtained by the MSS-KSC algorithm.

¢ S. Mehrkanoon, M. Agudelo, J.A.K. Suykens, “Incremental multi-class
semi-supervised clustering regularized by Kalman filtering”, Internal
Report 14-154, ESAT-SISTA, KU Leuven (Leuven, Belgium), 2014,
submitted.

Other contributions:

In several occasions the technical expertises acquired in this thesis also
contributed to other problems:

e 7Z.Karevan, S. Mehrkanoon and J.A.K. Suykens, “Black-box modeling for
temperature prediction in weather forecasting”, Internal Report 14-154,
ESAT-SISTA, KU Leuven (Leuven, Belgium), 2015.

e R. Castro, S. Mehrkanoon, A. Marconato, J. Schoukens and J.A.K.
Suykens, “SVD truncation schemes for fixed-size kernel models”, in
Proc. of the International Joint Conference on Neural Networks (IJCNN),
Betjing, China, pp. 3922-3929, Jun. 2014.
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e R.Mall, S. Mehrkanoon, R. Langone, J.A.K. Suykens, “Optimal Reduced
Sets for Sparse Kernel Spectral Clustering”, in Proc. of the International
Joint Conference on Neural Networks (IJCNN), Beijing, China, pp. 2436-
2443, Jun. 2014. .

X. Huang, S. Mehrkanoon, J.A.K. Suykens, "Support Vector Machines
with Piecewise Linear Feature Mapping", Neurocomputing, vol. 117, pp.
118-127, Oct. 2013.

« R. Mall, S. Mehrkanoon, J.A.K. Suykens, “Identifying Intervals for
Hierarchical Clustering using the Gershgorin Circle Theorem”, Pattern
recognition letter, col 55, pp.1-7, 2015.
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Chapter 2

Learning and Kernel Based
Models

This chapter reviews the main concepts in kernel-based learning methods
for supervised and unsupervised problems. In particular, the primal-dual
formulation of the Least Squares Support Vector Machines (LSSVM) for
supervised tasks such as classification and regression is discussed. Throughout
most of this thesis, the primal-dual formulation of LSSVM based methods
plays a central role in the construction of new predictive models used in
different domains. Next kernel spectral clustering (KSC), one of the successful
unsupervised methods, is reviewed. It enjoys the primal-dual optimization
formulation typical of LSSVM based models. The main advantages of kernel
spectral clustering over the classical spectral clustering is the existence of a
model selection scheme and the out-of-sample extension property to unseen
data. In Chapters 6 and 7, the KSC method will be used as core model for
the construction of the semi-supervised clustering/classification algorithms.

2.1 Kernel Methods

The work in this thesis is developed using the Least Squares Support Vector
Machines (LSSVM) [159] formulation as a core model. Support Vector
Machines (SVMs) [170] and Least Squares SVM follow the approach of a primal-
dual optimization formulation, where both techniques make use of a so-called
feature space where the inputs have been transformed by means of a nonlinear

15
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mapping. This is converted to the dual space by means of Mercer’s theorem and
the use of a positive definite kernel, without computing explicitly the mapping.

Other directions in kernel methods follow different approaches. For instance
in Reproducing Kernel Hilbert Spaces (RKHS) [51] the problem of function
estimation is treated as a variational problem and Gaussian Processes (GP)
[142] follow a probabilistic Bayesian setting.  Although these different
approaches have links with each other, in general the methodologies are
different. In particular, the primal-dual formulation of LSSVM makes it easy to
add additional constraints, and therefore makes it straightforward to integrate
more prior knowledge into the models.

2.2 Least Squares Support Vector Machines

The Support Vector Machine (SVM) is a powerful methodology for solving
pattern recognition and function estimation problems. In this method one maps
the data into a high dimensional feature space and performs linear classification,
which corresponds to a non-linear decision boundary in the original input space.
The dual solution of SVM formulation is a quadratic programming problem.
On the other hand, LSSVMs for function estimation, classification, problems
in unsupervised learning and others has been investigated in [159]. In this
case, the problem formulation involves equality instead of inequality constraints.
This leads to a system of linear equations at the dual level, in the context of
regression and classification.

2.2.1 Regression Problem

Consider a given training set {z;,y;};_, with input data x; € R? and output
data y; € R. The goal is to estimate a model of the form

§(a) = w'p(x) +b.
The primal LSSVM model for regression can be written as follows [159]
1
minimize inw + %eTe
wbe (2.1)

subject to vy = wl () +b+ei, i=1,...,n,
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where v € RT,b € R, w € R". () : RY — R is the feature map and h is the
dimension of the feature space. The dual solution is then given by

Q+ 1,/ S I
1T 0 b 0
where Q;; = K(z;, ;) = ¢(z;)"¢(x;) is the ij-th entry of the positive definite

kernel matrix. 1, = [1,...,1]T € R*, a = [a1,..., ], vy = [y1,. .-, ya]T and
I,, is the identity matrix. The model in the dual form becomes:

g(x) = ZaiK(m,mi) +b.
i=1

It should be noted that if b = 0, for an explicitly known and finite dimensional
feature map ¢ the problem could be solved in the primal (ridge regression if
b=0) by eliminating e and then w would be the only unknown. But in the
LSSVM approach the feature map ¢ is not explicitly known in general and can
be infinite dimensional. Therefore the kernel trick is used and the problem is
solved in the dual.

In the subsequent chapters, the constrained optimization framework with the
LSSVM as a code model, will be used in the context of learning the solution of
dynamical system and unknown constant/time-varying parameter estimation
of parameter affine dynamical systems.

2.2.2 Classification Problem

Given a training data set {z;,v;}" ,, where z; € R? are the training points
and y; € {—1, 1} are the class labels, the convex primal problem of the LSSVM
classifier can be formulated as [160, 159]:

1 ,y n

min —wlw+ 2 E e

w,e;,b 2 2 1
1=

(2.2)
subject to  yi(w p(z;) +b) =1—eji=1,...,n.

The model in the primal space is expressed in terms of the feature map i.e.
9 = wTp(x) +b. The e; are slack variables allowing deviations from the target
value 1. The regularization parameter 7 controls the trade-off between the
regularization term and the minimization of the training error. The Lagrangian
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of (2.2) takes the following form:

1 n n
L(w, e, b, a;) = g’LUT’LU + %Z e — Zai(yi(wTQO(Ii) +0)—1+e;) (2.3)
=1 =1

where «; are the Lagrange multipliers. The KKT optimality conditions are:

275) =0-w= iz:;aiym(xi),

geﬁi =0—a; =1e;,
a@f):oﬁiaiyio,

goi =0 = yi(w () +b) —1+e =0.

Eliminating the primal variables e; and w leads to the following linear system

in the dual problem:
Q+L/v |y ][] _[1n
[ yT 0 b | | O (2.4)

where y = [y1,...,yn]%, Lo =[1,..., 17, a = [a1,...,a,]T. The kernel matrix
is denoted by Q with entries Q;; = y;y;0(z:) p(2;) = viy; K (24, 7;), where
K : R x R* — R is the kernel function which maps the input data points into
the high dimensional feature space ¢(-). The LSSVM classification model in

the dual becomes:

g(z) = Sign(z oy K(z, ;) +0). (2.5)

2.3 Kernel Spectral Clustering

Unsupervised learning techniques like principal component analysis (PCA) and
clustering aim at finding the underlying complex structure of a given unlabeled
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data points. In clustering one seeks to find partitions (clusters) that consist
of objects that are similar to each other and dissimilar to objects in other
clusters. Some of the well-known clustering algorithms are for instance k-means
and spectral clustering. In this section a more recent and advanced clustering
algorithm, kernel spectral clustering (KSC), which was originally proposed in
[4] and will be described.

Kernel Spectral Clustering (KSC) corresponds to a weighted kernel PCA
formulation and represents a spectral clustering formulation in the LSSVM
optimization framework with primal and dual representations. The solution
in the dual is obtained by solving an eigenvalue problem, related to spectral
clustering [4]. However, as opposed to classical spectral clustering, the KSC
method possesses a natural extension to out-of-sample data i.e. the possibility
to apply the trained clustering model to unseen data points. In addition it
can enjoy a good generalization performance due the existence of the model
selection scheme. The model can be trained using the training data points (a
subset of the full data) and then be used to predict the membership of the
unseen test data points in a learning framework.

Given training data D = {z;}* |, z; € R?, the primal problem of kernel spectral
clustering is formulated as follows [4]:

min 1 NCZ_I w®F® L NCZ_I ’Yze(z)TVe(E)
w® b0 () 2 P 2n =t (2.6)
subject to e = pw® 401, ¢=1,...,N.— 1
where N, is the number of desired clusters, e} = [eﬁ’”,...,e%)]T are the

projected variables (score variables) and £ = 1,..., N.—1 indicates the number
of score variables required to encode the N, clusters. ~, € RT are the
regularization constants. Here

¢ = [(P(Z‘l), L) @(mn)]T € [RnXh

where ¢(+) : R? — R" is the feature map and & is the dimension of the feature
space which can be infinite dimensional. A vector of all ones with size n is
denoted by 1,. w® is the model parameters vector in the primal. V =
diag(vy, ..., v, ) with v; € RT is a user defined weighting matrix.

Applying the Karush-Kuhn-Tucker (KKT) optimality conditions one can show
that the solution in the dual can be obtained by solving an eigenvalue problem
of the following form:

VP,0a® = xa¥, (2.7)
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where A = n/y, ¥ are the Lagrange multipliers and P, is the weighted
centering matrix:

P, =1, 1,17V,

1TV 1,
where I, is the n x n identity matrix and Q is the kernel matrix with ij-th
entry Qi; = K(z;,2;) = ¢(z:)To(x;). The effect of P, is to center the kernel
matrix by removing the weighted mean from each column. As a result, the
eigenvectors are zero-mean. Given this and due to the fact that the eigenvectors
are piecewise constant, it is possible to use the eigenvectors corresponding to
the first N. — 1 eigenvalues to partition the dataset into N, clusters. In the
ideal case of N, well separated clusters, for a properly chosen kernel parameter,
the matrix V P, has N. — 1 piecewise constant eigenvectors with eigenvalue
1.

The eigenvalue problem (2.7) is related to spectral clustering with random walk
Laplacian. In this case, the clustering problem can be interpreted as finding a
partition of the graph in such a way that the random walker remains most of
the time in the same cluster with few jumps to other clusters, minimizing the
probability of transitions between clusters. It is shown that if

1 1

— D! — diag(—.... . —
V dlag( dl ) ) dn )7

where d; = Z?’:l K (z;,z;) is the degree of the i-th data point, the dual problem
is related to the random walk algorithm for spectral clustering.

From the KKT optimality conditions one can show that the score variables e(¥)
can be written as follows:

e = dw® 01, = eaTa® 4 p1,

=0a® 401, 0=1,...,N. — 1.

The out-of-sample extensions to test points {x;}!*5* is done by an Error-
Correcting Output Coding (ECOC) decoding scheme. First the cluster
indicators are obtained by binarizing the score variables for test data points as
follows:

qéﬁzt = Sign(egilt) = Sign(q)testw(e) + b(e)lntest)
= sign(QtCSta(z) + b(é)lntest),

where @ost = [0(21),. s @(Tn, )] and Quest = Prest®?. The decoding
scheme consists of comparing the cluster indicators obtained in the test stage
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Algorithm 1: KSC algorithm [4]

Data: Training set D = {x;}1_1, test set D' = {x!***} Vo=t kernel parameters (if
any), number of clusters N..
Result: Clusters {Ai,..., Ay}, codebook CB = {c,} e, with {c,} € {—1,1}Ne~1,

a=1
compute the training eigenvectors oz(”, l=1,...,N.— 1, corresponding to the
N, — 1 largest eigenvalues of problem (2.7)

Binarize the eigenvectors matrix A = [a?, ..., a™¥e~V] and form the code-book

CB = {cq}k_, using the N. most occurrences encodings of sign(A).

Vi, i=1,...,n, assign x; to Ag= where ¢* = argmindg (sign(o;), ¢q), where dg (.,.)
q

is the Hamming distance

Compute the cluster indicators for test data sign(eg,l@)), m =1,..., Ntest, and let

sign(em) € {—1,1}¥e~! be the encoding vector of zie™

Vm, assign 25" to Ag+, where ¢* = argmindg (sign(em ), ¢q)-
q

with the codebook (which is obtained in the training stage) and selecting the
nearest codeword in terms of Hamming distance.

The KSC method is summarized in Algorithm. 1. KSC is provided with a
model selection scheme based on the Balanced Line Fit (BLF) criterion [4]. It
can be shown that in the ideal situation of well separated clusters, the data
projections (score variables e;) associated with the KSC formulation, form lines
one per each cluster. The shape of the data points in the projections space, is
exploited by the BLF criterion to select the optimal clustering parameters e.g.
the number of clusters (k) and the kernel bandwidth o. The BLF criterion is
defined as follows [4]:

BLF(DY* N.) = glinefit(DV?!, N,) + (1 — n)balance(DV¥, N,.) (2.8)

where DV2! represents the validation set and N, indicates the number of clusters.
The linefit index equals 0 when the score variables are distributed spherically
and equals 1 when the score variables are collinear, representing points in
the same cluster. The balance index equals 1 when the clusters have the
same number of elements and tends to 0 in extremely unbalanced cases. The
parameter 71 controls the importance given to the linefit with respect to the
balance index and takes values in the range [0, 1].

Later, In Chapter 6 and 7, the KSC model will serve as a core model in the
development of multi-class semi-supervised learning algorithm.






Chapter 3

Learning Solutions of
Dynamical Systems

In this chapter, kernel based approaches are formulated to learn the solution

of different types of differential equations including Ordinary Differential
FEquations (ODEs), Differential Algebraic Equations (DAEs) and Partial
Differential Equations (PDEs). The optimal representation of the solution is
obtained in the primal-dual setting. The model is built by incorporating the
initial/boundary conditions as constraints of an optimization problem. The
approximate solution is presented in closed form by means of LSSVMs, whose
parameters are adjusted to minimize an appropriate error function. For the
linear and nonlinear cases, these parameters are obtained by solving a system
of linear and nonlinear equations respectively.

3.1 Related Work

Differential equations can be found in the mathematical formulation of
physical phenomena in a wide variety of applications especially in science
and engineering [46, 91]. This chapter focuses on three types of differential
equations such as ordinary/partial differential equations as well as differential
algebraic equations. In contrast to ordinary differential equations (ODEs),
which deal with functions of a single independent variable i.e. time and
their derivatives, partial differential equations (PDEs) are used to formulate
problems involving functions of several independent variables. In other

23
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words, ODEs model one-dimensional dynamical systems and PDEs model
multidimensional systems.

¢« ODEs: Depending upon the form of the boundary conditions to be
satisfied by the solution, problems involving ODEs can be divided into
two main categories, namely initial value problems (IVPs) and boundary
value problems (BVPs). Analytic solutions for these problems are not
generally available and hence numerical methods must be applied.

Many methods have been developed for solving initial value problems of
ODEs, such as Runge-Kutta, finite difference, predictor-corrector and
collocation methods [35, 93, 44, 143]. Generally speaking numerical
methods for approximating the solution of the boundary value problems
fall into two classes: the difference methods and shooting methods. In the
shooting method, one tries to reduce the problem to initial value problems
by providing a sufficiently good approximation of the derivative values at
the initial point.

o DAEs: Differential algebraic equations (DAEs) arise frequently in
numerous applications including mathematical modelling, circuit and
control theory [33], chemistry [62, 141], fluid dynamic [103] and computer-
aided design. DAEs have been known under a variety of names,
depending on the area of application for instance they are also called
descriptor, implicit or singular systems. The most general form of DAE
is given by

F(z,z,t) =0 (3.1)
oF

where 3 is singular. The rank and structure of this Jacobian matrix
depends, in general, on the solution z(t). DAEs are characterized by
their index. In [34] the index of (3.1) is defined as the minimum number
of differentiations of the system which would be required to solve for &
uniquely in terms of z and ¢. The index of DAEs is a measure of the degree
of singularity of the system and it is widely considered as an indication
of certain difficulties for numerical methods. We note that DAEs with
an index greater than 1 are often referred to as higher-index DAEs and
that the index of an ODE is zero. See [11, 36] for a detailed discussion of
the index of a DAE. The important special case of (3.1) is semi-explicit
DAE or an ODE with constraints i.e.

z :f(w,y,t)
(3.2)
0=g(z,y,t).

The index is 1 if % is nonsingular. x and y are considered as differential
and algebraic variables respectively. Analytic solutions for these problems
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are not generally available and hence numerical methods must be applied.
Some numerical methods have been developed for solving DAEs using
backward differentiation formulas (BDF) [9, 34, 65, 11, 12] or implicit
Runge-Kutta (IRK) methods [34, 12, 10, 127]. These methods are
only applicable to low-index problems and often require the problem to
have special structure. Furthermore, these approaches approximate the
solutions at discrete points only (discrete solution) and some interpolation
technique is needed in order to get a continuous solution. Thereby,
recently attempts have been made to develop methods that produce a
closed form approximate solution. Awawdeh et al. [14] applied Homotopy
analysis method to systems of DAEs. The authors in [70] used Padé
approximation methods to estimate the solution of singular systems with
index-2.

In general, the higher the index, the greater numerical difficulty one
is going to encounter when solving differential algebraic equations
numerically and an alternative treatment is the use of index reduction
techniques which are based on repeated differentiation of the constraints
until a low-index problem (an index 1 DAE or ODE) is obtained.
There are several reasons to consider differential algebraic equations (3.2)
directly, rather than convert them to system of ODEs [34, 175]. Therefore
designing direct methods that do not require a reformulation (e.g. index
reduction) of DAEs will not only speed up the solution, also the system
structure (e.g. the modelling changes and parameter variations) can be
more readily explored.

It is known that the singular system can have instantaneous jumps
due to inconsistent initial conditions. Several approaches for consistent
initialization of DAEs have been studied in the literature and in general
they fall into two categories: rigorous initialization and the direct
initialization method (we refer the reader to [99] and references therein for
more details). Within the scope of this thesis we assume that consistent
initial conditions are available.

o PDEs: In most applications the analytic solutions of the underlying PDEs
are not available and therefore numerical methods must be applied. For
that reason, a number of numerical methods such as Finite Difference
methods (FDM) [92, 54, 82, 154, 77, 123], Finite Element methods (FEM)
[164, 172, 98], Finite Volume methods [80, 37, 55|, Splines [1, 8], Multigrid
methods [76, 169, 71] and methods based on neural networks [48, 140, 109,
166, 89, 149] and genetic programming approaches [152, 167, 132] have
been developed.

The finite difference methods provide the solution at specific preassigned
mesh points only (discrete solution) and they need an additional
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interpolation procedure to yield the solution for the whole domain. The
finite-element method (FEM) is the most popular discretization method
in engineering applications. An important feature of the FEM is that it
requires a discretization of the domain via meshing, and therefore belongs
to the class of mesh-based methods.

Another class of methods that can generate a closed form solution and do not
require meshing are based on neural network models see [110, 96, 168, 166].
Lee and Kang [96] used neural networks models to solve first order differential
equations. They do not require a mesh topology and the domain of interest is
presented by scattered discrete points. The authors in [89] introduced a method
based on feedforward neural networks to solve ordinary and partial differential
equations. In that model, the approximate solution was chosen such that it,
by construction, satisfied the supplementary conditions. Therefore the model
function was expressed as a sum of two terms. The first term, which contains no
adjustable parameters, satisfied the initial/boundary conditions and the second
term involved a feedforward neural network to be trained.

Despite the fact that the classical neural networks have nice properties such as
universal approximation, they still suffer from having two persistent drawbacks.
The first problem is the existence of many local minima solutions. The second
problem is how to choose the number of hidden units.

Support Vector Machines (SVMs) are a powerful methodology for solving
pattern recognition and function estimation problems [145, 170]. In this
method one maps data into a high dimensional feature space and there solves a
linear regression problem. It leads to solving quadratic programming problems.
LSSVMs for function estimation, classification, problems in unsupervised
learning and others has been investigated in [160, 161, 53, 133]. In this case,
the problem formulation involves equality instead of inequality constraints. The
training for regression and classification problems is then done by solving a set
of linear equations.

We propose a kernel based method in the LSSVM framework for learning the
solution of a dynamical system. It should be noted that one can derive a
kernel based model in two ways: one is using a primal-dual setting and the
other one is by using function estimation in a reproducing kernel Hilbert space
and the corresponding representer theorem. The primal-dual approach has the
advantage that it is usually straightforward to incorporate additional structure
or primal knowledge into the estimation problem. For instance in the context of
learning the solution of PDEs, one may know in advance that the underlying
solution has to satisfy an additional constraint (like non-local conservation
condition [6]). Then one can incorporate it to the estimation problem by adding
a suitable set of constraints. Furthermore, the primal and dual formulation of
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Given a
differential Assume the
equation (DE) solution has
subject to its the following
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Figure 3.1: The general steps of the process from the representation of the
solution in the primal to dual.

the method allows to obtain the optimal representation of the solution. That
means in the primal one starts with a simple representation of the solution
and by incorporating the initial /boundary conditions together with the system
dynamics, one may obtain the optimal representation of the solution in the dual.
That is in contrast with most existing approaches that produce a closed form
solution. More precisely, unlike the approach described in [90] that the user has
to define a form of a trial solution, which in some cases is not straightforward,
in the proposed approach the optimal model is derived by incorporating the
initial/boundary conditions as constraints of an optimization problem. The
interaction between three main counterparts playing in this chapter is shown
in Fig. 3.2. The general stages (methodology) of the procedure are described
by the flow-chart 3.1.

3.2 Learning the Solution of ODEs

This section describes the problem statement. After that the operators that
will be used in the subsequent sections are defined.
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Figure 3.2: Interaction between three main counterparts

3.2.1 Problem statement and overview of existing methods

Consider the general m-th order linear ordinary differential equation with time
varying coefficients of the form

Llyl = @)y () = r(t), t€a,] (3.3)

where £ represents an m-th order linear differential operator, [a,c] C R is the
problem domain and r(¢) is the input signal. fy(¢) are known functions and
y0 (t) denotes the (-th derivative of y with respect to t. The m — 1 necessary
initial or boundary conditions for solving the above differential equations are:
IVP:

jeﬂ[y(t)] = p;u H = 0» sy T — 1,
BVP:

BCLy(t)] =qu, p=0,...,m—1,

where JC,, are the initial conditions (all constraints are applied at the same value
of the independent variable i.e. ¢ = a) and BC,, are the boundary conditions
(the constraints are applied at multiple values of the independent variable ¢,
typically at the ends of the interval [a, ¢] in which the solution is sought). p,
and ¢, are given scalars.

A differential equation (3.3) is said to be stiff when its exact solution consists
of a steady state term that does not grow significantly with time, together with
a transient term that decays exponentially to zero. Problems involving rapidly
decaying transient solutions occur naturally in a wide variety of applications,
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including the study of damped mass spring systems and the analysis of control
systems (see [93] for more details).

The approaches given in [89], define a trial solution to be a sum of two
terms i.e. y(t) = H(t) + F(t,N(t,P)). The first term H(t), which has
to be defined by the user and in some cases is not straightforward, satisfies
the initial/boundary conditions and the second term F(t, N (¢, P)) is a single-
output feed forward neural network with input ¢ and parameters P. In
contrast with the approaches given in [89], we build the model by incorporating
the initial/boundary conditions as constraints of an optimization problem.
Therefore the task of defining a trial solution which can potentially be a difficult
problem is avoided and instead the optimal representation of the solution is
learned using an optimization framework.

3.2.2 Definitions of some operators

Let us assume an explicit model §(t) = wl'¢(t) + b as an approximation for
the solution of the differential equation. Since there are no data available in
order to learn from the differential equation, we have to substitute our model
into the given differential equation. Therefore we need to define the derivative
of the kernel function. Making use of Mercer’s Theorem [170], derivatives of
the feature map can be written in terms of derivatives of the kernel function
[94]. Let us define the following differential operator which will be used in
subsequent sections
8n+m
Qurdvm’

If o(u)Tp(v) = K(u,v), then one can show that

v =

Ot K (u,v)

[ @)™ (0) =V l) T (0)] = ViR (u,0)] = S0 (3.4
Using formula (3.4), it is possible to express all derivatives of the feature map
in terms of the kernel function itself (provided that the kernel function is

sufficiently differentiable). For instance the following relations hold,

u T v
VOIK (u,v)] = 200D _ T,

ou
u T v
ValK () = LD 7o)
2 u T v
VoK (u,v)] = TP 20 _ oy 700



30 LEARNING SOLUTIONS OF DYNAMICAL SYSTEMS

One starts with a general approximate solution to (3.3) of the form of
9(t) = wlp(t) + b, where w and b are unknowns of the model that have to
be determined. To obtain the optimal value of these parameters, collocation
methods can be used which assume a discretization of the interval [a, ¢] into a
set of collocation points T = {a =t <ty < - <ty = c}. Therefore the w
and b are to be found by solving the following optimization problem:

For the IVP Case:

minimize L iv: [(L[Q] - T)(tz)} 2
g 2 —~ (3.5)
subject to  JCL[J(t)] = pp, p=0,...m—1
For the BVP case:
minimize i [(L[z?] - r)(tz‘)} 2
9 2= (3.6)

subject to  BC,[7(t)] =qu, n=0,....,m—1,

where N is the number of collocation points (which is equal to the number
of training points) used to undertake the learning process. In what follows
we formulate the optimization problem in the LSSVM framework for solving
linear ordinary differential equations. For notational convenience let us list the
following notations which are used in the following sections,

[V K]t 5) = [V K (u, )]

)

u=t,v=s
"t K (u,v)
Q™ (i.7) = V'K — ’
n (17‘7) vn [ ('LL,'U)} 8unavm )
u=t;,v=t; u=t;,v=t;
u=t;,v=t;

Here Q(i,j) denotes the (i,7)-th entry of matrix Q7. The notation M (k :
I,m : n) is used for selecting a submatrix of matrix M consisting of rows k
to [ and columns m to n. M(i,:) denotes the i-th row of matrix M. M(:,j)
denotes the j-th column of matrix M.
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3.2.3 Formulation of the method for first order IVP

As a first example consider the following first order initial value problem,

y'(t) = h@yt) =r(t), yla)=p1, a<t<ec (3.7)

In the LSSVM framework the approximate solution can be obtained by solving
the following optimization problem,

minimize —w” w4+ —e e
w,b,e 2 2

subject to  wl¢'(t;) = fi(ts) {ngo(ti) + b] +

wlp(ty) + b =p;.
This problem is obtained by combining the LSSVM cost function with
constraints constructed by imposing the approximate solution §(¢) = w” () +
b, given by the LSSVM model, to satisfy the given differential equation with
corresponding initial condition at collocation points {t;}~ ;. Problem (3.8) is
a quadratic minimization under linear equality constraints, which enables an
efficient solution.

Lemma 3.2.1. Given a positive definite kernel function K : R x R — R with
K(t,s) = ¢(t)T¢(s) and a reqularization constant v € R*, the solution to (3.8)
is obtained by solving the following dual problem [113]:

IC+IN*1/7 hpl _fl o r
hT 1] 1 Bl=|m (3.9)
4T 1 0 b 0

with
a=[ag,...;an]", f1 = [filta), ..., frlty)]" € RV
r=[r(ta),..,r(tn)]T €RYT,
K= Q) — D10} — Qg Dy + Dy Dy,

hy, = [Q5(1,2: N)T — Dy[Q9(1,2: N)|T.
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D is a diagonal matriz with the elements of f1 on the main diagonal. Q:’f =
[Q™a.n 2.8 forn,m = 0,1. Also note that K € RN=VXN=1) gnd b, € RN,

Proof. The Lagrangian of the constrained optimization problem (3.8) becomes
‘C(wv ba €iy Uy, B) =
N

%wTw + %eTe — Z a; [wT (w'(ti) - fl(ti)@(ti)>

i—2
— filta)b—ri — 61} -8 (wTSD(tl) +b— P1)

where {ai}N , and f are Lagrange multipliers and r; = r(t;) for i = 2,...,N.

1=

Then the Karush-Kuhn-Tucker (KKT) optimality conditions are as follows,

oL al

g -0 W= > a (‘P/(ti) - f1(ti)<P(ti)> + Be(tr),
=2

oL o

%ZO%;O@‘fl(tl)—ﬁ:O,

0L ) yer=-% i—a N,

de; v

oL T /

5o, — 0 W O'(t:) — filt)p(ti) ) — fi(ti)b—ei=mi, i=2,...,N,

oL

— =0—=wlpt)+b=p
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After elimination of the primal variables w and {ei}f\; and making use of
Mercer’s Theorem, the solution is given in the dual by

N

=Za[ 1,i) - <m( 0.i) — fult )ﬂ%@pi))
)9 w} ( ()81, '))
+C;1—f(z _—
N
= 3 (0861 - )80 )>+598(171>+b7
iv;ajfl() B

and writing these equations in matrix form gives the linear system in (5.11). O

The model in the dual form becomes

N

@(t)zzai(wmw,t) )V 1<t“t>)+mv8m<t1,t>+b

=2

where K is the kernel function.

3.2.4 Formulation of the method for second order IVP and
BVP

IVP case:
Let us consider a second order IVP of the form,

y'(t) = ALY (1) + fa()y(t) +r(t), t€la,d]

y(a) =p1, y'(a) =ps.
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The approximate solution, §(t) = w” (t) + b, is then obtained by solving the
following optimization problem,

1
migggize §wTw + %eTe (3.10)
subject to wl " (t;) = f1(t)wT ' (t;)+

fg(tl)[wTQD(tl) + b] + T’(tz) + €, 1= 2, veny N,
wo(ty) +b = p,
w' ¢ (th) = p.

Lemma 3.2.2. Given a positive definite kernel function K : R x R — R with
K(t,s) = o(t)Tp(s) and a regularization constant v € R, the solution to
(3.10) is obtained by solving the following dual problem [113]:

K+ In_1/v | hy, R,y —fa ! T
hE 1 0 1
P1 /81 _ b1 (311)
h;{z 0 Q%(la 1) 0 B2 b2
—fF 1 0 0 b 0

where

o = [0427 .. .7O[N]T7 f1 = [fl(tg), .. .7f1(tN)}T S [RN_17
fa=1fa(t2), ..., fatn)]" € RN,

r=[r(ta),...,r(tn))" € RN,

K=0Q%-DQ) - D03 — 02D, — Q2D,
+ D1QI Dy + D1Q{Dy + Dy Dy + Do) Do,
hp, = [Q5(1,2: N)JT — D1[Q4(1,2: N)JT — Do[0(1,2: N)J7,

hy, = [Q3(1,2: N)T — Dy[Q1(1,2: N)|T — Do[9(1,2: NI,
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Dy and Dy are diagonal matrices with the elements of f1 and f2 on the main
diagonal respectively. Note that K € RIN=DXWN=1) gnd hpys by, € RVNZL QM =
Q(2:N,2:N) form,n=0,1,2.

Proof. By deriving the KKT optimality conditions and eliminating the primal
variables w and e. O

The LSSVM model for the solution and its derivative in the dual form become:

(0= o (IV8K165.0) = AIVERT 6.0 = (I8 051) )

=2

+ B1[VOK](t1,t) + B2[VIK](t1,t) + b,

400 > (193160 = ACIVERY 60~ R(eIVSKT 60 )

+ BVoK](t, 1) + B2 VIE](t1. 1).

BVP case:
Consider the second order boundary value problem of ODEs of the form

y'(t) =AY (1) + fa(t)y(t) +r(t), tE€a,d]

y(a) = D1, y(C) =q1-

Then the parameters of the closed form approximation of the solution can be
obtained by solving the following optimization problem

minimize —w w4+ —e’e
w,b,e 2 2

subject to  wl " (t;) = fi(t)wr ¢ (t:)+

wlo(ty) +b=p1,

ngo(tN) +b=q.

The same procedure can be applied to derive the Lagrangian and afterwards
the KKT optimality conditions. Then one can show that the solution to the
problem (3.12) is obtained by solving the following linear system



36 LEARNING SOLUTIONS OF DYNAMICAL SYSTEMS

K+ In_2/y hyp, hq, —f2 o o
hl 1 QN 1| 1 Bl | p
i a1 [ B |«
—fF 1 1 0 3 0
where
a=lag,...,an]", fi =[filta),..., fi(ty-1)]" € RN 7?,

f2=fa(ta), ..., foltn-1)]" € RN 72,
r=[r(ta),...,r(tx_1)]" € RV72,
K =Q3 —D:Q) — D;Q% — OIDy — O3Ds
+ DlﬂiDl + D1 Dy + D2Q(1)D1 + D2QSD2,
hpy = [Q5(1,2: N = 1T = Di[Q5(1,2: N = D]T = Ds[Q5(1,2: N —1)]7,
hg, = [QQ(N,2: N — )] — D1[Q§(N,2: N — 1)]7 — Dy[QY(N,2: N — 1)]".
Dy and D, are diagonal matrices with the elements of f; and fo on the main

diagonal respectively. Note that K € RV=2)x(N=2) and hp, hg, € RN72
Qr=Qm(2: N—1,2: N—1) for m,n=0,1,2.

The LSSVM model for the solution and its derivative are expressed in dual
form as

5™ i (1938100 0) ~ A(IVIRIE,0) - flb) T3] 000 )

+ B1VoK](t1,t) + B2 Vo K](tw, 1)



LEARNING THE SOLUTION OF ODES 37

3.2.5 Formulation of the method for the nonlinear ODE case

In this section we formulate an optimization problem based on least squares
support vector machines for solving nonlinear first order ordinary differential
equations of the following form

y/:f(t7y>7 y(a’):p1> a<t<c (313>

One starts with assuming the approximate solution to be of the form §(t) =
wlp(t) + b. Additional unknowns y; are introduced to keep the constraints
linear in w. This yields the following nonlinear optimization problem [113]:

C 1 7 s YT
wpize gl gl 3T

subject to  wl¢'(t;) = f(ti,yi) +es, i=2,...,N, (3.14)

wp(t1) +b=p1,
Yi = wTSO(tZ) + b+§lv i = 2a aN

The Lagrangian of the constrained optimization problem (3.14) becomes

[:(’LU, b7 ei7§i7yi7 aianiaﬁ) =

N
1
3 wlw + %eTe + %ETE - ;oq (nga’(ti)—

N

> <yz —wlo(t;) —b— @) .

1=2

After obtaining KKT optimality conditions, and elimination of the primal
variables w, {ei}ili2 and {fi}ﬁvﬁ and making use of Mercer’s Theorem, the
solution is obtained in the dual by solving the following nonlinear system of
equations
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ok Qd h¥ On-1 | Ov—nyx(N—1)

o f(y)

@7 9 | r |inva| —Iva . On 1
ha ho | Q1,1 | 1 0F_1 Bl=1|m
oL, [1%_, 1 0 0%, b 0

D(y) | In—1 | On-1 | On—1 | On—1)x(nv—1) Y On—1

ﬁ% = Q% + IN71/77 ﬁg = Qg + INfl/’%
D(y) = diag(f'(y))

fy) =[ft2,92), - fltnyn)]T,

of(t, af(t,
7 =20 BENCH ]
Y t=t2,y=y2 Y t=in,y=yn
a=[as,...,an]", n="[n2,...,0n]",

y=[y2, ... un]T, Q=Q(2: N,2: N),
Al =Ql2:N,2:N), Ot =Ql2:N,2: N),
ho = [Q6(1,2),...,Q)(L,N)],

hy = [Q5(1,2),...,95(1,N)],0n_1 = [0,...,0]" e RN,

The nonlinear system (3.15), which consists of 3N — 1 equations with 3N — 1
unknowns (o, 7, 3,b,y), is solved by Newton’s method. The model in the dual
form becomes

N N
i(t) :Z i [VIK](ti, ) + Zni[VSK](tht) + BIVOK](t1,t) + b,

where VYK (t,s) = K(t,s) is the kernel function.

3.2.6 Solution on a long time interval

Consider now the situation where a given differential equation has to be solved
for a large time interval [a, c]. It should be noted that in order to improve the
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accuracy (or maintain the same order of accuracy on the whole domain) we
then need to increase the number of collocation points. This approach however
leads to a larger system of equations.

In order to implement the proposed method for solving problems involving large
time intervals efficiently, the time windowing technique is applied [165]. At first
the interval Z = [a, ¢] is decomposed into S sub-intervals as E = U£:1 Zk. We
assume that the approximate solution on the k-th sub-interval has the form
x(t) = wFo(t) + bg. Then the problem is solved in each sub-interval = using
the described method in previous sections. The computed approximate solution
at the final point in the sub-interval Zj is used as starting point (initial value)
for the consecutive sub-interval =y 1.

Utilizing this approach will result in solving S smaller systems of equations,
which is computationally more efficient than solving a very large system of
equations obtained by considering the whole domain = (with the same total
number of collocation points). The procedure is outlined in Algorithm 2.

Algorithm 2: Approximating the solution on a large interval

1: Decompose the domain = = [q, ¢] into S sub-intervals.

2: set I' = (¢ — a) /S, tin := @, Yin :=p1, ty :=tin, + T

3: for k=1to S do

4:  Obtain a LSSVM model for the k-th sub-interval [t;,tf] i.e.
G (t) = wi oi(t) + by.

5: set tin :=tf, Yin := g](tf), ty =1y, +T

6: end for

7: For a given test point ¢:

e Check to which sub-interval it belongs,

o Use the corresponding model to compute the approximate solution
at the given point.

3.3 Learning the Solution of DAEs

This section presents the formulation of the method for initial and boundary
value problems in differential algebraic equations.



40 LEARNING SOLUTIONS OF DYNAMICAL SYSTEMS

3.3.1 Formulation of the method for IVPs in DAEs

Consider linear time varying initial value problem in DAEs of the following

from
ZH)X(t) = A{t)X (t) + B(t)u(t), t € [tin,ts],

(3.16)

X(tin) = Xo,
where Z(t) = [2;;(t)], A(t) = [a;;(t)] € R™*™ and B(t) € R™*". The state
vector X = [z1,...,x,]T € R™, the input vector u € R” and X(t) = %X,

Z(t) may be singular on [t;,, t;] with variable rank and the DAE may have an
index that is larger than one. When Z is nonsingular, equation (3.16) can be
converted to an equivalent explicit ODE system. In addition we assume that
Z(t), A(t) and B(t)u(t) are sufficiently smooth and the DAE (3.16) is solvable.
(see Definition 2.1 in [50] and references therein for a more detailed discussion
about solvability).

Let us assume that a general approximate solution to i-th equation of (3.16) is
of the form of #;(t) = w} p(t) +b;, where w; and b; are parameters of the model
that have to be determined. To obtain the optimal value of these parameters,
collocation methods can be used which assume a discretization of the interval
[tin,ts] into a set of collocation points T = {tm =t <ty <..<ty= tf}.
Therefore the adjustable parameters w; and b;, for ¢ = 1, ..., m, are to be found
by solving the following optimization problem:

N
1 N .
minimize — ZX'— AX — Bu)(t;
mie 33| )

2

(3.17)
subject to X (tin) = Xo,

where N is the number of collocation points (which is equal to the number
of training points) used to undertake the learning process. For simplicity let
us assume that Xo = [p1;...;pm] and g(t) = B(t)u(t). In what follows we
formulate the optimization problem in the LSSVM framework for solving linear
time varying differential algebraic equations.

Remark 3.3.1. In order to keep the notations as simple as possible, we
utilized the same feature map @(t) for all the states, i.e. Z;(t) = wl p(t) + b;.
Nevertheless it is possible to use different mapping functions, as long as the
corresponding kernel functions satisfy the Mercer’s Theorem [170], and then
one has more hyper-parameters to tune.



LEARNING THE SOLUTION OF DAES 41

3.3.1.1 Singular ODE System

Let us consider DAEs (3.16). The approximate solution, &;(t) = w] ¢(t) + b;,
for i = 1,...,m is then obtained by solving the following optimization problem

1 m m
minimize - w{we + J egeg
wisbisey 23 24
[ 211 (%) 21m (ti) wi'¢'(t;)
subject to : : : =
Zm1(ts) Zmm (t) wvj;z(p/(tz)
[ ani(ts) aim(ti) wy (t;) + by
+
aml(ti) amm(t',) wzl—;,(p(tl) + bm
[ g1(ts) e1(ts)
: + : Jfori=2,...) N,
L gm(ti) em(ti)
[ wlp(t)) + by P
| whe(t) + b Pm

Lemma 3.3.1. Given a positive definite kernel function K : R x R — R with
K(t,s) = o(t)T¢(s) and a regularization constant v € RT, the solution to
(3.18) is given by the following dual problem [119]:

K S —Fy Q@ G
ST 98(17 1) X Im><m Im><m ﬁ = P (319)
_FZ; Im><m Om><7n b 0
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with

a= : =]

B =B

R
Qo5 .. s A5 -

;ﬂm]v b= [bl;

sadt s al] e R™N-1),

ibm], P =[p1;-..;Pml,

G = [gl(t2)7 7gl(tN)7 7gm(t2)7 7gm(tN)] c [RWL(N—l)7

Fa,, = lan(t2); -

FZkl = [zkl(tQ); v

ICll

Icml

ca(ty)] € RN fork,l=1,...,m

cz(tn)] €RNTY forkl=1,...m

,Clm

Kmm

c IRm(Nfl)Xm(Nfl),

Ki =Dy 0Dy — DA Dy — Dy 0\Da +

DA D4, +Ina/y,i=1,..,m,

- T = T =171
Kij =Dz, 04Dz, —Da, WDy, —Dz,0Da, +

Da D4, i,j=1,...,m andi # j,

Sll

Sml

Sij =Dz, (1,7 — DA, Q1) i,j=1,...

...Dy,

Slm

Sm m

S

[Rm(N—l) xXm

)

7m7

im

]7DA

P [DAilv"'»DAimL

c [Rm(Nfl)Xm(Nfl)7 k,l _ 07 1.

a2
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Dy, and Dy, are diagonal matrices with the elements of Fa,, and Fz,, on the
main diagonal respectively. QL (1,:) = [ (1,2);...;QL (1, N)]T and Q}, = QL (2
N,2:N) for k,1=0,1. Also note that K = KT .

Proof. Consider the Lagrangian of problem (3.18):

L(w57b27627af755) =

/=1 /=1 /=1 1=2
m(t»w(m)) Y uf (zmmso (1) — an(t >so<tz>)—
k=1
le2t
apk(t;)b fe B w (t1) + be —

where {af} g for £ =1,...,m and {Be}72, are Lagrange multipliers. g} =
ge(ts), ep = ee(t;) for i = 2 N and ¢ = 1,...,m. Then the Karush-Kuhn-
Tucker (KKT) optimality condltions are as follows,

m N
95 0— wy = Z Z ay (zvz(ti)tp'(ti) - ave(ti)w(ti)>+

dw v=1 i=2

ﬁg(p(h), {=1,..,m,

aL m N

=0 > afap(t) =B =0, L=1,...,m,
8b£ k=1 i=2

L : ¢

0L _ o, eb=-2 j=92 N t=1,.,m,
Oe;, v

m

oL
0= E wi |z (t:)@' (t:) — aen(t:)p(t:)
&Yf k=1 ’ ( R B )

—Zagk Yo —eb =gt i=2,.,N, £=1,.,m

0L

%:0_) w{‘P(tl)‘FbZ:Pla ‘€:1a"'am
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Eliminating {we}}*, and {e}}j\; for { =1,...,m from the corresponding KKT
optimality conditions yields the following set of equations

g = Zm: [Z [Zak i) zon(t)) —

v=1 L j=2
m m

Zaék(ti)91( i) 2ok (t ZZM ) (4, 1) avk (t5)+

Za,;k i)auk(t; )HJr
Zﬁv (Zey ) (1,4) — ag,(t i)Qg(lvi))

_’_%f - Zamc(ti)bk, 1=2,...,N,and {=1,....m
k=1
m N
pe = Z [ZQ; (ZUK( )Q(l)(]v]-) avé( )Q (j, 1)>‘|
v=1 L j=2
+Be 98(17 D4by, £=1,..,m,
m N
0= ZZ@? ave(ty) = Be, £=1,...m
v=1j=2

Finally writing these equations in matrix form will result in the linear system
(3.19). O

The model in the dual form becomes

ZZ (VR 05.) = ane VB 000) ) +

Be [VOK](ty,t) +be, £=1,....,m

where K is the kernel function.

3.3.1.2 Explicit ODE System

Let us consider the system of IVPs (3.16) with Z as identity matrix as a special
case. This results in an ODE system.
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Corollary 3.3.1. Given a positive definite kernel function K : R x R — R
with K (t,s) = p(t)Tp(s) and a regularization constant v € RY, the solution to
(8.18) with the matriz Z = I, is then given by the following dual problem [119]:

K S —F4 ! G
ST 98(17 1) X Im><m Im><m ﬁ - P (320)
_FZ Imxm O’rn)(m b O

where «, 8,b, R, P and Fa are defined as in Fq. (3.19). Also with

Fa,, = [akl(t2)§ s ;akl(t]v)] S [RN_17 fork,l=1,...,m
Kll ce Ichn

K= : : c [Rm(N—l)Xm(N—l)7
Krn1i . Kom

Kii = Qf — Dy = Q4 Dyi + Tis + In—1 /7, i =1,...,m,
’Cij = —Q(l)Dji — DijQ? + T’ijy Z,j = 1, ey and 1 7é j,

Si1 ... Sim
S = . : c U%rn(Nfl)Xnm7

Smi - Smm
Sii = Q5(1,0)" = DY (1, )T, i =1,...,m,
Sij = —Di (1, ) i, j=1,...,m andi # j,
T = DAD;" € RN-DXN=D 5 =1 m,

D; = [Dj1, ..., Dim), Dj = [Dj1, ... Djm),

a8
e IRm(Nfl)Xm(Nfl)

2
Il

0

D;;j is a diagonal matriz with the elements of Fij on the main diagonal. Qm(l,:
) = [Qm(1,2);..;Qm (1, N)|T and Q7 = Qm(2: N,2: N) for n,m =0,1. Also
note that K = KT
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The model in the dual form becomes

N m N
@g(t):Zaf<[V?K](ti,t)—aa( DIVOK]( tm) S ar (av@ )[VOK](tz,t)>
1=2 Z;:é% =2

+ Be [VOK](t1,t) +bg, £=1,....m

where K is the kernel function.

3.3.2 Formulation of the method for BVPs in DAEs

Consider linear time varying boundary value problem in DAEs of the following
from .
Z(t)X(t) = A()X(t) + g(t), t € [tin, ts],
(3.21)
FX(tin) + HX(ty) = Xo,

where matrices Z(t), A(t) and the state vector X (¢) are defined as in Eq. (3.16).
F = [f;] and H = [h;;] € R™ ™. The input is g(t) and X (t) = £X. Z(¢) may
be singular on [t;,,, t ] with variable rank and the DAE may have an index that
is larger than one. As before we assume that Z(t), A(t) and g(t) are sufficiently
smooth and the DAE (3.21) is solvable. When Z is nonsingular, equation (3.21)
can be converted to equivalent explicit ODE system.

The approximate solution, 2;(t) = wl p(t) +b;, for i = 1,...,m is then obtained
by solving the following optimization problem,
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m C m
minimize Z wi we + % Z €y er+ 5 Z &

w;,b;.e; — =

—

[ zi(t) - zim(ts) wi ¢’ (t;)
subject to : : =
L Zml(tz) e me(tz) wrjr:,w/(tl)
[an(t) - am(ti) wi o(t;) + b
: . : : +
L aml(ti) e amm(tz) wg;sp(tl) + bm
[ g1(t) e1(t;)
: + : Jori=2,..,N -1, (3.22)
L gm(ti) em(ti)
[ fir o fim w?@(tl)"‘bl
: . : +
L fm1 0 fom wz;,(fg(tl) + bm
[ hir oo ham wi o(ty) + by
I P1 51
N el B
L Pm Em

Lemma 3.3.2. Given a positive definite kernel function K : R x R — R with
K(t,s) = o(t)Tp(s) and a regularization constant v,& € R, the solution to
(8.22) is given by the following dual problem [119]:

K U —FA (0% G
ur | A I Bl=|P (3.23)
—FT 1 107 | Opuxm b 0
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_ . _ 1, .1 . Lom. . .m m(N—2
Q= . —[062,...7041\/_1,"'70[2,...,O[N_1]€|R ( )7

B = [ﬂl;"' ;5771]; b= [bl;m;bm]v P = [pl;m;pm]a

G=g1(ta); - 5q1(tn=1); 5 gm(ta);- 5 gmltn—1)] € RN =2,

Fa,, ... Fyu,,
FA _ : . c Rm(N_Q)Xm,
FAml FAmm
Fa,, = lan(t2); - sap(tn-1)] € RN=2, fork,l=1,...,m,

Fy,, = lzri(tz); - 5 zr(ty-1)] € RN=2 fork,l=1,..,m,

A= (FFT> Q5(1,1) + (FHT - HFT> Q5(1, N) + (HHT> Q(N, N)

+ In /G,
IC11 e ]Clm
C = : . c [RWL(]V—Q)><1TL(]\7—2)7
Kni oo Kom

Ki =Dy 0Dy — DA WD, — Dy 0\Da +

DA D4, +1Ina)y, i=1,..,m,

—_ T = T ———=1=T

Kij=DzMDz~ —Da WDz~ —DzQDa, +
—=0=—T . . .,
Da,QDa; 0,5 =1,....,mandi # j,

L{M e ulm
U= : : c [Rm(N—Z)xm,

Z/{ml e umm
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(ZDZMka) (ZDzk ]k) (N,5)"
(ZDAlkfjk)QO (ZDM ]k.) (N, )T i 5 =1, m,

k=1

Dz, =Dz, ,....Dz. 1,Da, =[Da,,....,Da,. ],

im

Qk: e IRm(N72)Xm(N72),]€,l:0,1‘

«,
Dy, and Dz, are diagonal matrices with the elements of Fa,, and Fz,, on the
main diagonal respectively. Q% (1,:) = [Q}(1,2);..;Q (1L, N = 1)]T, QL (N,:) =
[Q%(N,Q); ...;Q%(N,N —1))" and Qﬁv = QZ(Z :N—-1,2:N—1) fork,l=0,1.
Also note that K = KT.

Proof. By deriving the KKT optimality conditions and eliminating the primal
variables w and e. O

The model in the dual form becomes

30 =3 Y- of (5Kt 1) — a0 [V3KI(0,0)) +

Zﬁv ([VgK](tl,t)fve + [VgK](tN,t)hvg) +be, £=1,...,m
v=1

where K is the kernel function.

Remark 3.3.2. A singular system with a discontinuous input will exhibit
a jump. The LSSVM approzimation with Gaussian kernel (which provides
a smooth approximation) shows a spurious oscillation near the discontinuity.
This oscillation behavior is a common phenomenon known as the Gibbs
phenomenon that appears when the underlying function being approximated has
jump discontinuities. Some methods have been suggested in the literature to
reduce the effect of Gibbs phenomenon (see [81]). Another approach is to use a
continuous approzrimation of the non smooth input signal as the new input for

the system [139].

Remark 3.3.3. Concerning practical application of the proposed method for
finding the approximate solution to the given DAEs on a very long time interval,
the approach described in Section 8.2.6 can be utilized here as well.
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Remark 3.3.4. In general, but not necessarily, one starts with equidistant
mesh points. The residual on the validation set is then monitored and for the
subintervals which the error is not sufficiently small one may refine the mesh
in order to achieve adequate accuracy. The residual at a given point t; can be

computed as )
e(ti) = Z(t:) X (t:) — A(t:) X (t:) — g(ts). (3.24)

3.4 Learning the Solution of PDEs

First some of the operators that are going to be used in the subsequent
subsections are defined. Basically what we need is the generalization of the
operators defined in subsection 3.2.2 for d-dimensional (d > 1) input space.
Without loss of generality let us assume that d = 2 i.e. the training points
z; € R%. Suppose that 23 = (z1,t1)7 and 29 = (22,t2)7 are two arbitrary
points in R? (x,t-coordinates). Then let us define the following differential
operator which will be used in subsequent sections

an+m
Vi) pm = ————. 3.25
s )7I)< ) 88"6}97” ( )
If o(21)Tp(z2) = K (21, 22), then one can show that
AT MK (21, 22)
" " =V ) _m | K(21, =7,
‘ch( ) Z1:| Pl ) wg ),Ié )|: (21 2’2):| axlname
8n+mK(217 ZQ)
‘PIW 21 } ©pem ( Vw(ln))t;m) |:K(Zl,22):| = Wa
(3.26)
"MK (21, 22)
‘pt(”) 21 :| wpem ( Vt§n>7t;m) |:K(Zl,22):| = Wv
- 8n+mK(Zl, 22)
_@t(n) (Zl):|90m(m> (22) = Vtg”%m;m {K(zl’ 22)] - W

Here ¢, and @, are the n-th derivative of the feature map ¢ with respect
to variable x and t respectively. Note that if either m or n is zero, we do
not take the derivative of the term w.r.t to the corresponding variable. More
precisely suppose m = 0 then we use the following notations:



FORMULATION OF THE METHOD 51

T

0"K (21,2
[%g(n) (2’1)]%0(0) (22) =V o @ |:K(21722)] =V._m, [K(Zl722):| = #
Ty Ty Ty 81’1
For instance if K is chosen to be the RBF kernel
2
21 — %
K(o1,2) = exp(- 22— 20
then the following relations hold
T
2(x1 —x
ot pa(en) = Vo [ 2)| = 2222 k),
T
2(ty —t
{W(Zl)}»@t(@) =Vo,t [K(21,Z2)} = ( 102 2)K(21,22).

3.5 Formulation of the Method

The general form of a linear second-order PDE with two independent variables
and s 0%u 0%u 0%u ou ou
a@ + b% + C@ + d% + ea + llu = lg. (327)
The first three terms containing the second derivatives are called the principal
part of the PDE. The coefficients of the principal part can be used to classify
the PDE into elliptic, parabolic and hyperbolic. In the case that the coefficients
a,b and c are variable (i.e. functions of  or y, or both), then the categorization
of the equation could vary throughout the solution region. Consider the one
space dimensional linear second order equation with variable coefficients of the
following form

Lu(z) = f(2), z€¥ € R? (3.28)

subject to the boundary conditions of the form
Bu(z) =g(z), z € 0%

where u(z) = u(z,t), t and = are time and space variables respectively and z =
(x,t)T. ¥ is a bounded domain, which can be either rectangular or irregular,
and 0¥ represents its boundary. B and £ are differential operators. In this
study we consider the case where £ is defined as follows

0%u ou 0%u

=5 +a(x,t)— + bz, t)u — c(z, t)@ (3.29)

L
ot
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Remark 3.5.1. It should be noted that the presented approach can be applied
for the general linear second order PDE (8.27) but for the sake of notational
sitmplicity, the method is given for the differential operator L in (3.29).

Let us assume that a general approximate solution to (3.28) is of the form of
a(z) = wl¢(2) + d, where w and d are parameters of the model that have to
be determined. To obtain the optimal value of these parameters, collocation
methods can be used which assume a discretization of the domain ¥ into a set
of collocation points defined as follows

Z:{zk|zk:(xk,tk),k:L‘..,M},

where M is a user defined number. Let us decompose Z into two disjoint
non-empty sets Zp and Zgz, i.e. Z2 = Zp U X, where Zp = {Z%}‘if' and
Zp = {Z%}zfl Here |Zp| and |Zg| are the cardinality of sets Zp and Zg
respectively. Zp denotes the set of collocation points located inside the domain
and Zp represents the collocation points situated on the boundary. Therefore
the adjustable parameters w and d are to be found by solving the following
optimization problem:

minimize ;%D: {(L[ﬂ} - f)(z;é)}2

u

(3.30)

subject to  Bla(z)] = g(24), j=1,...,|Zs].

Here | Zp|+|Z5| is equal to the number of training points used in the learning
process (see Fig. 3.3).

In what follows we formulate the optimization problem in the LSSVM
framework for solving the linear second order time varying partial differential
equation given in (3.28), (3.29). Suppose that z; € S and z; € T are two
arbitrary points and S, 7 C R?. Now for notational convenience let us list the
following notations which are used in the following sections:

2%

S, T
{Qs(n)’p('/n)} = |:V 5(71)7p(77L)K:| (Zi, Zj),

S, T
{Q:| = |:Vs(o)’p(o)K] (Zi,Zj) = |:V07QK:| (Zi,Zj) = K(Zi,Zj),

]
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the—2p 023,
A— Ze x— 23,
rhobe e ek
eeean

Figure 3.3: Zp and Zp are the sets of grid points which are located inside
and on the boundary of the domain respectively. (a) Grid points used in the
learning process for the rectangular domain, (b) Grid points used in the learning
process for the circular domain, (c) Grid points used in the learning process for
the irregular domain.

S, T

S, T
where [Q S(n)m(m)} denotes the (7, j)-th entry of matrix {Q 5<n>;p(m)] . In

i,J
S
the case that S = T, we denote the matrix by {Q 5(71)’p(m,):| . Here s and z can

take values for any t1, t2, 1 and xo combinations see (3.4).

3.5.1 PDEs on rectangular domains

Consider the PDE (3.28), with the operator £ in (3.29), defined on a rectangular
domain subject to the initial conditions of the form

ou(x,0)

u(z,0) = ho(z), 5

=hi(x), 0<z<1 (3.31)
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and boundary conditions at x = 0 and = = 1 of the form
u(0,t) = go(t), u(l,t) =gi(x), 0<t<T. (3.32)

Therefore now the set Z3, defined previously, can be written as Zg = Ze U
Zg, U Zsg,, (see Fig 1), where

Ze = {(m,O) |V € [0, 1]},
Zy, = {(O,t) |Vt € [O,T]},

Zgp, = {(l,t) |vt e [O,T]}.

Furthermore let us assume that N = |zp|, My = |Z¢|, M2 = |Z5,| and
Ms = |Zsg,]|.

In the LSSVM framework the approximate solution, @(z) = w? ¢(z) + d, can
be obtained by solving the following optimization problem:

L 1
minimize —wTw + leT
w,d,e 2 2

e

subject to wT[¢u<zg>+cuzﬁ>wxz5)+-Mzé>w<zﬁ>—

CQE%A%ﬂ+M%M=f@®+@J:L~WBM7
wTQD(Zei) + d = ho(]}i), i = 1, ceey IZ@|,

wTSDt(Z(?i) = hl(xi)v i=1,..., |Z@|a

ngo(zggl) +d=go(t;), i=1,...,|Z3,],
wTQO(Z’bZQ) +d= gl(ti)7 1= 1a BERE) |ZBQ|7
(3.33)
where
Op & 0% [

Wtzaa @tt:ﬁa @xx—wa Qo = or

Problem (3.33) is obtained by combining the LSSVM cost function with
constraints constructed by imposing the approximate solution 4 (z) = w? p(2)+
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d, given by the LSSVM model, to satisfy the given differential equation as well
as the initial and boundary conditions at the collocation points. We note
here that problem (3.33) is a quadratic minimization under linear equality
constraints, which enables an efficient solution.

Lemma 3.5.1. Given a positive definite kernel function K : R? x R?2 — R with
K(z1,22) = o(21)T0(22) and a reqularization constant v € RT, the solution to
(8.33) is given by the following dual problem [121]:

K+7711N S L
ST A ERE (3.34)
b? pT 0
The elements of (3.34) are given by:
o = [al,...,aN]T, B = [ﬂ1>ﬁ2a537ﬁ4]T7 ﬁl = [5%7"'7ﬂ%/[1]ﬂ
/82:[/8]?7"'7/8%1]7 ﬁgz[ﬁi”"'?ﬁ%z]’ ﬁ4:[5f7"'76j4\43]7

V= UEC[Ho,Hl,Go,Gl] (S R2M1+M2+M3, Hy = [hg(z(lg), .. .,hQ(Zéwl)]T € [RMI,

Hy = [hl(z(l?)v .- 7h1(zé/[1)]T € IRM17 Go = [90(2%1)3 s 790(2%412)}71 € RM23
Ap A Ag Ay
AL A A A
Gr = [ni(sh,),. .., (AT e RMa, A= | D2 222 Sas Bau |
1= nes,) 91(z5,)] Aly ALy Aszs Agy
ATy AL AL Ay
C X Ze 2y Ze 2y, Ze
A= [0 A = Q0] A=) T Au=[o]
- Zp. Ze Ze 2y Ze
Aoy = QO,t2:| T Agy = |:Qt1,t2} Aoz = |:Qo,t2j| T
r Z4 Zq 721 Zq
Asz = Q} Bl, Aszy = {Q " BI,A44= [Q} 32,
S =[Se,Se, S5y, S5,], P =1y, 00015 Lasys Loy,
Ze,Zp Ze,Zp Ze,Zp Ze,Zp
Se = [Qo,tgz)} + D, [Qo,w} + Dy [Q} — D, [Qo,mf)}
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Ze,Zp Ze,Z2p

:|Z(:’73‘D
b

:|Z(:’7ZD

Se = {cht? + D, {chm} + D, {cho} — D, [ng)

}331,393 ]2317Z®

Sgl = [QO 2 + D, [Qo,tg —+
)
Z’Blazﬂ

}Z'BI,Z'D
)

Dy, [Q} — D [ngm

}37327313 ]232729

S, = [Q D, [Q(m

0,t5?

i|Z’321Z’D }Z'Bz,zfp

Dy, [Q - D [90,@

)

K= [thz)#/g)} Zp + D, |:Qt1.,t2:| Zp D. + D, [Q] Zqp Dot

Zp Zp Zp
D, {me),zf)} D, + (Da |:Qt§2),t2:| + [Qtl,téz)} Da>
Zp Zp
+ (Db {Qt(lz),O} + [Qo,tf)} Db) -
ZD Z‘D
(Dc [th w(z)} + {me) t(z)} Dc>+
1% 1 ots
Zp Zp
<Db (0] Da+ Da|00,,] Db)
Zp Zp
- (Dc (2, .0] " Dot Dal2, | Dc>—
1,To €Ty T,l2

Z: Zp
<Dc |:QO 1(2):| ? Dy + Dy [Qx(fz) 0] Dc> € UQNXN’
1 Lo 1 s

D, = dzag(a g))
Db—dmg(b )), f:[f(le),...,f(zg)]T
D, = dwg(c )) b=[b(zp),...,b(zp)]",
where vec(-) denotes the vectorization of a matriz. Also note that K = KT .



FORMULATION OF THE METHOD 57

The dual model representation of the solution is as follows:

[Zp]
i(z) =d+ > o ([vtg),o K| (2h,2) + a(25) | Vi,.0 K| (25, 2)+
i=1

bsb) [V K] (o0 2) = e(o8) [V, o K] 55 5) )

[Zel _ |Ze| .

S8 Voo K| (eé2) + 3 82 [Vuo K| (6 2)+
i=1 i=1

‘Z’B]‘ |Z'B2|

DNk [VO,OK} (24,.2)+ > B} [Vo,o K] (23,0 2)-
i=1 =1

3.5.2 PDEs on irregular domains

Consider the PDE (3.28), with operator £ in (3.29), defined on a irregular
domain subject to a Dirichlet boundary condition, i.e.

u(z) = g(z) for all z € 9%.

The approximate solution, 4(z) = w” ¢(z) +d, can then be obtained by solving
the following optimization problem,

L 1
minimize fwTw + leTe
w,d,e 2 2

subject to w’ |:90tt(2£) + a(z)@i(24)) + bz (24—
. _ _ (3.35)
e )na (21)| + 825 =

f(25)+6i,i:1,...,|ZD‘,

wlp(zd) +d=g(t;), i=1,...,|Zs|.
Here Zp and Z3 are defined as previously.

Lemma 3.5.2. Given a positive definite kernel function K : R? x R? — R with
K(21,22) = ¢(21)Tp(22) and a regularization constant v € RT, the solution to
(8.35) is given by the following dual problem [121]:
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IC‘F’}/ilIN S3 b « f
ST Ag |[ln || B =19 (3.36)
bT 15[ 0 d 0

with

N = |ZD|7 M = |23|35 = [ﬁlv“'vﬁM}T € [RJ\/Iv

Zg
9=1lo(h)... oA € RM A =[] T e RMM,

Z5,Zp :|Z‘ByZ’D

S5 = Q]+ Da|u

Z5,Zp Z5,Zp

Dol =Dl

where K, b, f, Dy, Dy, and D, are defined as previously.

The dual model representation of the solution is as follows:

[Zp ]

) =S ([v@’o K|(2,2) + a(25) Vi, 0 K| (25, 2) + b(25) [ Vo0 K] (2, 2)

i=1

—o(z) {ngm,o K} (24, z)) n %I B {vo,o K} (24, 2) +d.

i=1

Proof. Tt follows from constructing the Lagrangian of the constrained opti-
mization (3.35) as in Lemma 2.1, then obtaining the Karush-Kuhn-Tucker
optimality condition and eliminating the primal variables w and e. O

The LSSVM model for the solution derivative, with respect to space (x) and
time (¢), in the dual form become:
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[Z5]

Vous K] (s, = ) [V,p0.., K] he2)) + > 51 [Fous K] 4.,

>
—
S
~—

[

o ([T K] 25,2+ a(a5) [V K] (5 2) +b(e5) [V K] 25,

[Z5]

—c(z%)[vmgz),f }zD, > Zﬂz[vom ]zg,z),

where K is the kernel function.

Remark 3.5.2. Although in section 3.5.2, the formulation of the method is
presented for a Dirichlet boundary condition, it can be adapted, by adopting
suitable constraints, for the Neumann or Robin (a linear combination of
the Dirichlet and Neumann) type boundary conditions. Furthermore, the
formulation can also be applied for a rectangular domain by incorporating
suitable set of constraints satisfying the initial/boundary conditions.

3.5.3 Formulation of the method for nonlinear PDE

Inspired by the approach described in 3.2.5 for nonlinear ODEs, we formulate
an optimization problem based on least squares support vector machines for
solving nonlinear partial differential equations. For the sake of notational
simplicity let us assume the the nonlinear PDE has the following form:

oy 8?
aTZ L fw) =g(2), €T ER (3.37)

subject to the boundary conditions of the form
u(z) = h(z),z € 0% (3.38)

where f is a nonlinear function. The approximate solution 4(z) = w? p(z) +
d for the given nonlinear PDE can be obtained by solving the following
optimization problem [121]:
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1
ng}zngrélie EwTw + %(eTe +£T¢)
subject to w" | 0w (2) + Pua(25) | + flulzs))

, (3.39)
=g(zp)+ei, i=1,...,|Zp],

ngo(z,f) +d= u(z,ﬁ) +&,i=1,...,|Zp],

'LUTQO(Z%) +d= h(Zé), i=1,...,|Zs|

Note that the second set of additional constraints is introduced to keep
the optimization problem linear in w. As before, we assume that N =
|Zp|, M = |Zz|. After deriving the Lagrangian, taking the KKT conditions
and eliminating the primal variables w, e, £ one obtains the following nonlinear
system of equations:

Ko+ Sint + Son? — f(u) =0

S?Ox + A11771 + A127]2 +1nyd —Inu=0

ST a+ Alon' + Agon® + 1pyd =0 (3.40)
Ivn' +15m% =0

diag(fu)o—n' =0

where 71,72 and « are Lagrange multipliers. and u = [u(zp),...,u(z))]T.
fu = [ fu(zh)), ..., L fu(z£))] and diag(f,) is a diagonal matrix with

elements of f, on the diagonal.

r Zp Zpn
K= _Qtf),tf)} + [Qxf),zf)} +

Z.

) z .
Q0 $<2>} + [me t(z)} + 7y € RVXN
L 1 2 1 2

r Zqp Zq
S, = _QO,t(;)} + |:Qo7w;2)}

:|Z’BaZ‘D :|Z'B7Z'D

S2 =0y,
2

>0, + [Qo,wf)

Z5,Zp

Ay = Q} - +y N, A= {Q} , Doy = [Q} Zg-
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The nonlinear system (3.40) is solved for (a, n',n?, d, u) using Newton’s method.
The Jacobian of (3.40) can be explicitly represented as follows:

K Sy Sy | On |  —diag(fu)
ST Ay | A |1y —In
J = Sy Aly | Az |1y Orx N
0% 1% 11, 0 0%
| diag(fu) | —In | Onxm | On | diag(fuu © @) |

where fy, = [dd—;f(u(zé)), cey dd—;f(u(zg))] and © denotes the element-wise
multiplication. The dual model representation of the solution is as follows:

[Zp]

u(z) = Z a; <{Vt§2>70 K] (2dy,2) + [ngm’o K} (2, z)>+

i=1

|Zp] _ [Z5 | )
Z 7721 [VO,O K} (Z%,,Z) + Z 77@‘2 {VO,O K} (Z%,Z) +d.

i=1 i=1

3.6 Model Selection

The performance of the LSSVM model depends on the choice of the tuning
parameters. For all experiments the Gaussian RBF kernel is used. Therefore
a model is determined by the regularization parameter + and the kernel
bandwidth o. It should be noted that unlike the regression case, we do not
have target values and consequently we do not have noise. Therefore a quite
large value should be taken for the regularization constant v so that the error
e is sharply minimized or equivalently the constraints are well satisfied. This is
also verified when a grid search over different v values is performed. In all the
experiments the chosen value for « is approximately 107. Therefore the only
parameter left that has to be tuned is the kernel bandwidth. In this work, the
optimal values of o are obtained by evaluating the performance of the model on
a validation set using a meaningful range of possible (o) i.e. {1072,...,10%}.
In the case of ODE and DAE problems, the validation set is defined to be
the set of midpoints V = {v; = w,z =1,..,N — 1} where {t;}}¥, are
training points. The value of o for which the mean squared error (MSE) on
this validation set is minimum has been selected. Similar strategy has been
applied for tuning the model parameters when the solution of PDEs is learned.
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3.7 Experiments

In this section, we have tested the performance of the proposed method on
several ODE, DAE and PDE problems. In the ODE test problems, in order
to show the approximation and generalization capabilities of the proposed
method, we compare the exact solution with the computed solution inside and
outside of the domain of consideration. Furthermore the proposed method
is successfully applied to solve problem 1 for a very large time interval.
For all the experiments, the RBF kernel is used, K(u,v) = exp(f”“;%w).
MATLAB 2010b is used to implement the code and all computations were
carried out on a windows 7 system with Intel(R)-core(TM) i7 CPU and 4.00GB
RAM. The Matlab implementation of the proposed approach can be found in
https://sites.google.com/site/smkmhr/Projects.

3.7.1 ODE test problems

Problem 1: Consider the following first order ODE

%y(t) +2y(t) =sin(t), y(0)=1, t€0,10].

The approximate solution obtained by the proposed method is compared with
the true solution and results are depicted in Fig 3.4. In addition we also
considered points outside the training interval, and Fig 3.4 (d) and (e) show that
the extrapolation error remains low for the points near the domain of equation.
As it was expected by increasing the number of mesh points (training points),
the error decreases both inside and outside of the training interval. Fig 3.4 (c)
and (f) indicate the performance of the method when non-uniform partitioning
is used for creating training points. The kernel bandwidth parameter used in
the simulation is o = 21.54.

Problem 2: First order differential equation with nonlinear sinusoidal
excitation

ay(lt) +2y(t) = t3sin(t/2), y(0) =1, t€[0,10].

The interval [0,10] is discretized into N = 20 points t; = 0, ...,to9 = 10 using
the grid ¢; = (i — 1)h, i = 1,..., N, where h = %. In Fig 3.5(a), we compare
the exact solution with the computed solution at grid points (circles) as well
as for other points inside and outside the domain of equation. The obtained
absolute errors for points inside and outside the domain [0,10] are tabulated in

Table 3.1. The kernel bandwidth parameter used in the simulation is o = 21.40.


https://sites.google.com/site/smkmhr/Projects
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Figure 3.4: Numerical results for Problem 1. (a) 10 equidistant points in [0, 10]
are used for training. (c) 25 equidistant points in [0, 10] are used for training.
(e) Non-uniform partitions of [0,10] using 10 points which are used for training.
(b) Obtained absolute errors on the interval [0,12] when [0, 10] is discretized
into 9 equal parts. (d) Obtained absolute errors on the interval [0,12] when
[0,10] is discretized into 24 equal parts. (f) Obtained absolute errors on the
interval [0, 12] when [0, 10] is discretized into 9 non-uniform parts.
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The influence of increasing number of training points on the optimal value of
the kernel bandwidth o is also shown in Fig. 3.5(d). A comparison with
MATLAB built-in solver ode45 is made. The most intuitive way of comparing
the results of the two approaches is in terms of accuracy versus computational
time which is shown in Fig 3.5. We analyze the scenario where the number
of training points is increasing which results in improving the accuracy at the
expense of increasing computation time. For the ode4) solver, the tolerance
provided by the user is chosen from the set [107%,1075,...,107°]. For this
example, one can observe that the proposed approach requires less training
computational time in order to reach a desired accuracy in range [107°,10714].
This is expected as few number of training points was needed to obtain the
desired accuracy. However one may notice the error saturation behavior of the
proposed approach. Previous studies have also confirmed the occurrence of
error saturation for many types of kernels including RBFs. (Interested readers
are referred to [31, 30, 108] and references therein for more details on the
saturation error for Gaussian RBFs).

Problem 3: Consider the following nonlinear first order ODE:

%y(t) = y(t)?+2, y(0)=1, te]0,0.5].

Twenty equidistant points in the given interval are used for the training process.
The obtained approximate solution by the proposed method and the solution
obtained by MATLAB built-in solver ode45 are displayed in Fig 3.5(b). The
obtained absolute errors for points inside and outside the domain [0,0.5] are
tabulated in Table 3.1. The kernel bandwidth parameter used in the simulation
is o =0.2.

Problem 4: Consider the following first order ODE with time varying
coefficient [89, Problem 1]:

1+ 3t2
14+t4+t37

14 3t2

%y(t) + (t+
y(0)=1, tel0,1].

In order to have a fair comparison with the results reported in [89], ten
equidistant points in the given interval are used for the training process. The
analytic solution and obtained solution via our proposed method are displayed
in Fig 3.5(c). The obtained absolute errors for points inside and outside the
domain [0,1] are recorded in Table 3.1, which shows the superiority of the
proposed method over the described method in [89]. (Note that in [89, Fig 2] the



EXPERIMENTS 65

maximum absolute error outside the domain [0, 1] is approximately 12 x 1072).
The kernel bandwidth parameter used in the simulation is o = 20.0.
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Figure 3.5: (a) Numerical results for Problem 2. Twenty equidistant points
in [0,10] are used for training. (b) Numerical results for Problem 3. Twenty
equidistant points in [0,0.5] are used for training. (c) Numerical results for
Problem 4.4. Ten equidistant points in [0,1] are used for training. (d) Effect of
increasing number of training points on the optimal o value. (e) Comparison
with ode4b solver in terms of accuracy and computational time. (f) Tuning the
model parameters using the validation set.
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Problem 5: Consider the following second order boundary value problem with
time-varying input signal

d2

@y(t) + y(t) = 2 + 2sin(4t) cos(3t),

y(0) =1, y(1)=0.

Ten equidistant points in the given interval are used for the training process.
The analytic solution and the obtained solution via our proposed method are
displayed in Fig 3.6(a). The obtained absolute errors for points inside and
outside the domain [0,1] are recorded in Table 3.2. The kernel bandwidth
parameter used in the simulation is o = 1.02.

Problem 6: Consider the following second order ODE with time-varying input
signal [89, Problem 3] :

d? 1d 1,
ﬁy(t) + 5%;(;(1&) +y(t) = —58( 1/5) cos(t),
y(0) =1, y'(0) =1.

Ten equidistant points in the interval [0,2] are used for the training process.
The analytic solution and the obtained solution by the proposed method are
shown in Fig 3.6(b). The obtained absolute errors for points inside and outside
the domain [0,2] are tabulated in Table 3.2, which again shows the improvement
of the proposed method over the described method in [89]. (Note that in [89,
Fig 4] the maximum absolute error outside the domain [0,2] is 8 x 107%). The
kernel bandwidth parameter used in the simulation is o = 15.63.

Problem 7: Consider the following second order ODE [167, Example 1]:

d? 1d 1

ﬁy(t) + Z%y(t) ~3 cos(t) =0, y(0)=0, y'(0)=1.

" sin(z)

Exact solution: y(t) = / dx.

O l’

Ten equidistant points in the interval [0,1] are used as training points and the
obtained result are shown in Fig 3.6(c) and recorded in Table 3.2. The obtained
maximum absolute error outside the domain [0, 1] is 6.51 x 10~2 which is smaller

than 14 x 107! shown in [167, Fig 6]. The kernel bandwidth parameter used
in the simulation is o = 2.00.
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Figure 3.6: (a) Numerical results for Problem 5. Ten equidistant points in
[0,1] are used for training, (b) Numerical results for Problem 6. Ten equidistant
points in [0,2] are used for training. (c¢) Numerical results for Problem 7. Ten
equidistant points in [0,1] are used for training.

Table 3.1: Numerical results of the proposed method for solving Problems 2, 3 and 4.

Problem Domain ly — 9lloo MSE STD

2 Inside 4.56 x 1073 1.47x107% 1.16 x 1072
Outside 4.62x 107!  3.85x 1072 1.56 x 10 ¢

3 Inside 543 x 1073 894 x107% 1.60 x 1073
Outside 8.46 x 1072 1.49 x 10~%  2.27 x 1072

4 Inside 1.46 x 107%  8.15x 1072  3.90 x 107°
Outside 6.76 x 1072 5.53x 107*%  2.20 x 1072

Note: MSE is the mean squared error and STD is the stand deviation.

3.7.1.1 Sensitivity of the solution w.r.t the parameter

In order to illustrate the sensitivity of the result with respect to the parameter
of the model (o), for two examples we have plotted the MSE, on the validation
set, versus the kernel bandwidth on logarithmic scales in Fig 3.7. From this
figure, it is apparent that there exists a range of o for which the MSE on the
validation set is quite small.
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Table 3.2: Numerical results of the proposed method for solving Problems 5, 6 and 7.

Problem Domain Variable |[ly — 9|lco MSE STD

5 Inside y 1.14 x 1076 4.16 x 107 6.43 x 10~7
y' 4.81 x 107° 6.78 x 10~ 8.21 x 107°

Outside y 4.20 x 1072 2.64 x 107% 1.26 x 1072

Y 1.00 x 107! 3.27x 1072 3.87 x 1072

6 Inside y 5.88 x 107% 1.49 x 107! 1.63 x 10~
Y 7.34x 1076 2.18 x 107! 3.28 x 10~

Outside y 3.96 x 107% 2.39x107% 1.19 x 1074

Y 5.15x 107 7.11x 1078 1.74 x 10™*

7 Inside y 6.64 x 1079 2.01 x 1076 4.07 x 107°
y' 8.41 x 10™® 1.30 x 107 '® 3.59 x 1078

Outside y 6.51 x 1072 3.90 x 10~* 1.65 x 10~2

Y 7.80 x 1072 7.31 x 107* 2.15 x 10~2

Note: MSE is the mean squared error and STD is the stand deviation.

— Problem 2
--- Problem 6
O Selected bandwidt

log10(MSE) on validation set

-6f oy J
-8 ATEYATY 1
R
,lc L L L L
-2 -1 1 2 3
logig(o)

Figure 3.7: Sensitivity of the obtained result with respect to model parameter
o. logo(MSE) vs. log,, o is plotted for Problems 2 and 6.

3.7.1.2 Large interval

Let us consider problem 1 when the time interval is [0,10°]. It is known in
advance that the solution of this problem is oscillating. The problem is solved
by decomposing the given interval of interest into .S sub-intervals. Then the
problem is solved on each sub-interval using IV local collocation points. The
execution time and the mean squared error (MSE) for the training and test

sets Nxs
Sl () — 9(t:))?
MSE;qin = ==
S train N » S 9
MSE,,, — St = §(t:)?

M b
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where N x S'is the total number of collocation points and M is the total number
of test points over the interval [0, 10%], are tabulated in Table 3.3. The test set
is the same for all the cases and it consists of M = 5 x 10° points. It is apparent
that when S is fixed and N increases, the accuracy is improved whereas the
execution time is increased. The same pattern is observed when N is fixed and
S increases. Fig. 3.8(a) and (b) show the residual error e; = y(t) — §(¢) when
Problem 1 is solved over the interval [0,105], using N = 50 local collocation
points, S = 5000 sub-intervals and N = 500, collocation points, S = 500 sub-
intervals respectively. It should be noted that the result depicted in Fig. 3.8(a)
is obtained much faster than that shown in Fig. 3.8(b).

In Table 3.4, we analyze the situation where the total number of collocation
points i.e. N x S in the given interval [0,4000] is fixed. It can be seen that as
the number of sub-intervals increases (number of collocation points in each sub-
interval increases) the computational time decreases without losing the order
of accuracy. In this case the test set consists of M = 2 x 10* points.

Table 3.3: Numerical result of the proposed method for solving Problem 1 with time interval
[0,10°]. N is the number of local collocation points and S is the number sub-intervals.

MSE

N S CPU time Training Test
20 1000 5.5 24x1072  7.2x10"2
2000 10.6 1.3x107%  3.3x1073
5000  29.5 8.4x107% 23x1077
30 1000 6.6 22x1072 59x 1072
2000 13.4 4.1%x107% 1.3x107°
5000  37.1 82x107°% 27x10°%
40 1000 9.6 58 x 1074 1.4 x1073
2000  20.1 1.7%x 1077 5.8x1077
5000  54.2 23x107% 81x107°

Note: The execution time is in seconds.

Table 3.4: Numerical results of the proposed method for solving Problem 1 with time interval
[0,4000], while total number of collocation points i.e. N X S is constant

MSE
N S CPU time Training Test
800 10 85.5 1.36 x 1078  2.06 x 1078
400 20 26.1 1.37x 1078 2.08x 1078
20 400 2.06 1.68 x 1078 252 x 1078

Note: The execution time is in seconds.
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Figure 3.8: (a) Residual y(¢t) — §(¢) when problem 1 is solved on the interval
[0,10%], by using 5000 sub-intervals and 50 local collocation points. (b)
Obtained residual y(t) — (¢) for the same problem by using 500 sub-intervals
and 500 local collocation points.

3.7.2 DAE test problems

Three experiments are performed to demonstrate the capability of the proposed
method for solving initial and boundary value problems in DAEs. The accuracy
of an approximate solution is measured by means of mean squared error (MSE)
which is defined as follows:

2 () — 2(t))?
MSEtest - M

where M is the number test points. In all the experiments M is set to 200
points on the given domain.

Problem 8: Consider the following nonsingular system of time varying
ordinary differential equations

BRI A P R

11,‘1(1) = 1,.’1’,‘2(1) =0.

This problem is solved for ¢ € [1,10] and the approximate solution obtained
by the proposed method is compared with the solution obtained by MATLAB
built-in solver ode45 in Fig 3.9. The obtained results with different numbers of
training points are tabulated in Table 3.5. Note that the subroutine DSolve of
MATHEMATICA 6.0 failed to find the analytical solution for the above equation.
The kernel bandwidth parameter used in the simulation is ¢ = 1.67.

subject to
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Figure 3.9: Obtained approximate solution and model errors for problem 8§,
when 80 equidistant mesh points on the interval [1,10] are used for training.

apble o5.0: umerical results of the proposed method for solving Problem 8 on time interva
Table 3.5: N ical lts of th d method for solving Problem 8 ime i 1
[1,10], with N number of collocation points.

MSEtest
N 1 T2

20 3.1x1072 12x10°3
40 39x107%° 1.4x10°S
60 2.6x10"7 1.1x10°8
80 4.8x107% 3.5x10710

Problem 9: Consider the singular system of index-3 discussed as follows [125]:

ZOX(t) = A(W)X(t) + B(t)u(t), t € [0,20], X(0) = Xo (3.42)
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where

0 0
Z=|1 0 t|,A=| 0 -1 0
0 0

and B(t) = 0 with z(0) = [0,e~!,e7!T. The exact solution is given by
21 (t) = —texp(=(t + 1)), x2(t) = x3(t) = exp(—(t + 1)).

The problem is solved on domain t € [0,20] for different N (number of
collocation points) values. The approximate solution obtained by the proposed
method is compared with the exact solution (see Fig 3.10) and the results are
recorded in Table 3.6. From Table 3.6, it is apparent that as N increases, the
solution converges to the true solution. Note that the MATLAB built-in solver
odel5i can solve DAEs Up to index-1. The kernel bandwidth parameter used
in the simulation is o = 4.49.

.02 umerical results of the proposed method for solving Problem 9 on time interva
Table 3.6: N ical results of th d method for solving Problem 9 ime i 1
[0,20], with N number of collocation points.

MSEfest
N T xo T3

20 1.33x107° 4.82 x 1078 4.73 x 1077
40  1.38x107%  1.39x107'° 314 x107°
60 4.82x 10710 354x107'2 238x1071°

Problem 10: Consider the linear time varying singular system [126]

Z(t)X(t) = A(t)X (t) + B(t)u(t), t € [0,10], X(0) = Xo
(3.43)

where y(t) is the output vector and

[1+t 0 0 0 0 1 0 0
Z=1 5 o040 A0 0 01
0 0 0 o0 0 —(1+6) 1 1
[0 0
B = (1) 8 O = 8 13—t 8 (1—!—6_})5111(15)
0 1
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Figure 3.10: Obtained approximate solution and model errors for problem 9,
when 70 equidistant mesh points on the interval [0,20] are used for training.

with u = [1+t+2/2,0]7 and 2(0) = [0, —1,0, —1]T the exact solution is given
by

)

t3 14+t+3t2/2+3 +t1/4
y1(t)=—<1+t+t2+>+ Ti+at/ +t

3 1+t

1+¢

2 3 4
o(®) = (L + &= sin(®) <1+t+3t 2413+t /4)

The interval [0,10] is discretized into N points. The obtained mean squared
errors for test set are tabulated in Table 3.7. The results reveal that higher
order accuracy can be achieved by an increasing number of collocation points.
Analytical solution and obtained approximate solution, with 50 equidistant
mesh points on the interval [0, 10] as training points, are compared in Fig 3.11.
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Note that the MATLAB built-in solver odelbi failed to solve problem 10. The
kernel bandwidth parameter used in the simulation is o = 10.00.

Table 3.7: Numerical results of the proposed method for solving Problem 10 on time interval
[0,10], with N collocation points.

MSEtest
N Y1 Y2

10 1.23x107% 8.76 x 10™4
20 1.25x107° 1.31x107°
30 1.42x107% 7.80x 1077
40 5.35x 1072  7.62x107°

3.7.3 PDE test problems

Problem 11: Consider the singular linear second order hyperbolic equation
defined on a rectangular domain [123, Example 2]

1
ugr + 2t + U= (14 2%) gy —

e~ (z* — 322 + 3) sinh(x)
22

,0<ae<1,0<t<T,

subject to the initial and boundary conditions (3.31) and (3.32) with exact
solution u(x,t) = e 2!sinh(z). The approximate solution obtained by the
proposed method is compared with the exact solution in Fig 3.12. The step
length used to generate the mesh points for the training and test set are %
and é respectively. The kernel bandwidth parameter used in the simulation

is o = 0.90.

The obtained results are tabulated in Table 3.8. The proposed method shows
a better performance in comparison with the unconditionally stable finite
difference scheme of O(k? + h?) described in [123] in terms of accuracy despite
the fact that much less number of mesh points are used.

Problem 12: Consider the linear second order elliptic equation defined on a
rectangular domain [89, Example 5]

Viu(@,y) = exp(—2)(z — 2 +y° + 6y)
with 2,y € [0, 1] and the Dirichlet boundary conditions:

w(0,y) =%, u(l,y) = (1+y*)exp(-1)
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Figure 3.11: Obtained approximate solution and model errors for problem 10,
when 50 equidistant mesh points on the interval [0,10] are used for training.

and
u(x,0) = xexp(—z), u(z,1)=xexp(—z)(x+1)

The exact solution is u(z,y) = e~*(x+y*). The approximate solution obtained
by the proposed method is compared with the exact solution in Fig 3.13.

In order to make a fair comparison, the same number of grid points as in [89]
is used for training and test sets. [89] uses an approach based on Artificial
neural networks where a trial solution is provided by the user. The proposed
method shows slightly better performance in comparison with the described
method in [89] in terms of accuracy (The maximum absolute error for training
and test points shown in [89, Fig. 9 and Fig. 10] is approximately 5 x 10~7).
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Table 3.8: Numerical result of the proposed method for solving Problem 11 with time interval
[0,T7].

RMSE L
Method T Training Test Training Test

LSSVM 1 3.79%x107° 3.71x107° 8.38 x 107° 9.52 x 107°
FDM [123]  ——— — — 0.22x107% - ———— ——

LSSVM 2 1.78x107° 1.76 x 107° 4.48 x 107° 4.89 x 107°
FDM [123] = —— — — — 062x107% —————

%
s

Uyttt
Ul el
/I//fjlll/lll;({ll

Figure 3.12: Obtained model errors for problem 11, when a grid consists of
171 mesh points inside the domain [0,1] x [0, 2] are used for training.

Furthermore as opposed to the neural networks approach here one does not
need to provide a trial neural form of the solution and the solution is obtained
by solving a linear system of equations. The kernel bandwidth parameter used
in the simulation is ¢ = 0.71.
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Figure 3.13: The obtained approximate solution and the model errors for
problem 12. (a) The obtained approximate solution, (b) The model error on
training set when a grid consists of 100 mesh points inside the domain [0, 1] x
[0,1] are used for training, (c¢) The model error on test set consists of 900 mesh
points inside the domain [0, 1] x [0, 1] are used for testing.
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Problem 13: Counsider the linear second order elliptic PDE [152, Section V-
B1]

V2u(z,y) = 4z cos(z) + (5 — 2% — y?) sin(x) (3.44)

defined on a circular domain, i.e.
= {(x,y>\x2+y2—1:0, —1st1,—13yg1}

with the Dirichlet condition u(z,y) = 0 on 9%. The exact solution is given
by u(z,y) = (2% + y?> — 1)sin(z). The approximate solution obtained by
the proposed method is compared with the exact solution in Fig 3.14. The
distribution of the collocation points used to undertake the learning process is
shown in Fig. 3.3(b). The kernel bandwidth parameter used in the simulation
is 0 = 3.0. The number of collocation points (training points) inside and on
the boundary of the domain are as follows,

|Zp| = 45, |Z5] = 19,

which are less than those (52 and 24 collocation points inside and on the
boundary of the domain respectively) used in [152]. The obtained results
are tabulated in Table 3.9. The proposed method outperforms the described
method in [152] in terms of accuracy despite the fact that less training points
are used. (Note that in [152] the maximum absolute error shown in [152, Fig. 7]
is approximately 2 x 1073 and the reported mean square error in [152, Table I1],
obtained by using genetic programming with boosting approach, is 2.05 x 10~%).

Table 3.9: Numerical result of the proposed method for solving Problem 13 and 14.

MSE Lo
Problem Method Training Test Training Test
13 LSSVM  5.18 x 107! 5.94 x 107" 1.91x107° 2.71 x 107°
GPA[152] — — — — — 204x107%  ————— —— -
14 LSSVM  7.93x 1072 1.32x 1078 3.95x 107 5.90 x 107%
GPA[152] — — — — — 446 x 1074 —————

Problem 14: Consider the second order elliptic PDE [152, Section V-B2]

V2u(z,y) = 2exp(z — y) (3.45)

defined on the following domain, i.e.

S = {(x,y) \ (z,y) = r(9)(cos(0),sin(9)), 0<0<2m, }
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Figure 3.14: Obtained model error for problem 13, when a grid consists of 45
and 19 mesh points inside and on the boundary of the domain respectively are
used for training.

with r(0) = \/008(20) + /1.1 — sin?(26) and the Dirichlet boundary condition

u(z,y) = e" Y 4 e” cos(y) on IX. The exact solution is given by u(z,y) =
€*~Y + e* cos(y). The approximate solution obtained by the proposed method
is compared with the exact solution in Fig 3.15. The distribution of the
collocation points used to undertake the learning process is shown in Fig. 3.3(c).
The kernel bandwidth parameter used in the simulation is ¢ = 1.0. The number
of collocation points (training points) inside and on the boundary of the domain
are as follows,
|Xp| =48, [X5| = 28,

which are almost the same as the ones (48 and 32 collocation points inside and
on the boundary of the domain respectively) used in [152]. The computed
residuals are displayed in Fig 3.15(b)-(d). The mean squared errors and
maximum absolute errors for the test set are also recorded in Table 3.9, which
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Figure 3.15: Obtained model error for problem 14, when a grid consists of 48

and 28 mesh points inside and on the boundary of the domain respectively are
used for training.

shows the improvement of the proposed method over the described method in
[152]. (Note that in [152] the maximum absolute error shown in [152; Fig. 11]
is approximately 2 x 1072 and the reported mean square error in [152, Table I1],
obtained by using genetic programming with boosting approach, is 4.46 x 10~%).

Problem 15: Consider an example of nonlinear PDE

V2u(z,y) + u(z,y)* = sin(rx) (2 — (my)* +y* sin(ﬂa:)) (3.46)

defined on a circular domain, i.e.

Y= {(m,y)‘mQ—l—yz—l:O, —1§x§1,—1§y§1}
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with the Dirichlet condition on 93. The exact solution is given by u(x,y) =
y?sin(mx). The approximate solution obtained by the proposed method is
compared with the exact solution in Fig 3.16(b). The kernel bandwidth
parameter used in the simulation is ¢ = 0.80. The number of collocation points
(training points) inside and on the boundary of the domain are as follows,

1Zp| = 24, |25 = 19.

Figure 3.16: Obtained model error for problem 15.

3.8 Conclusions

In this chapter, we presented an LSSVM based formulation for learning the
trajectories of a dynamical system whose dynamics is described by either ODEs,
DAEs or PDEs. The solution in the primal is in terms of the feature map
and the optimal representation is obtained in the dual by solving a set of
linear /nonlinear equations. The approach produces a closed form solution and
the training points do not need to be uniformly distributed and in fact can be
scattered discrete points. As the proposed approach does not require meshing,
it has a potential to become an alternative method for learning the solution
of high-dimensional PDEs. However the derivation of the dual system still
needs user effort. We showed the applicability of the approach for providing
the solution of high-index DAEs with variable rank without a need of using
any index reduction technique.






Chapter 4

Parameter Estimation of
Dynamical Systems

In this chapter, a new approach based on Least Squares Support Vector
Machines (LSSVMs) for parameter estimation of time invariant as well as
time wvarying dynamical SISO systems is proposed. Closed-form approzimate
models for the state and its derivative are first derived from the observed data
by means of LSSVMs. The time-derivative information is then substituted
into the system of ODEs, converting the parameter estimation problem into
an algebraic optimization problem. In the case of time invariant systems one
can use least-squares to solve the obtained system of algebraic equations. The
estimation of time-varying coefficients in SISO models, is obtained by assuming
an LSSVM model for it. Furthermore we extend the approach for approrimating
time-varying as well as constant parameters in deterministic parameter-affine
delay differential equations (DDEs). As opposed to conventional approaches,
it avoids iterative simulation of the given dynamical system. The solution
obtained by the proposed approach can be further utilized for initialization of
the conventional nonconver optimization methods for parameter estimation of
DDFEs. The highlights of this chapter can be summarized as follows:

e Reducing the parameter estimation problem to an algebraic optimization
problem.

o Avoiding iterative simulation of the dynamical system governed by ODFEs,
DDEs and delay differential equation of neutral type (NDDEs) in the
parameter estimation process.

83
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e Providing closed-form approzimation for the time varying parameters.

e Requiring no prior knowledge about the history function while the fixed
delay parameter is being estimated.

e Overcoming the non-convexity of the optimization problems for parameter
estimation of parameter affine ODEs and DDEs.

4.1 Related Work

Parameter estimation is widely used in modelling of dynamic processes in
physics, engineering and biology. Various methods have been previously
investigated in the literature for handling this problem. Mainly they fall
into two categories. In the first category the approaches are based on a
classical parameter estimator, usually the least square estimator [25]. First
the dynamical system is simulated using initial guesses for parameters (if the
initial conditions are unavailable they will be appended to the parameters of
the model). Then model predictions are compared with measured data and an
optimization algorithm updates the parameters. The process of updating the
parameters continues until no significant improvement in the objective function
is observed. These approaches require numerical integration of differential
equations for each update of the parameters. Therefore there is a large amount
of computational work involved. Studies show that more than 90% of the
computation time is consumed in the ODE solver during the identification
process [124].

The second category includes methods, originally proposed by [171], that do
not require repeated numerical integration and are referred to as two-step
approaches. In [171] first a cubic spline is used to estimate the system dynamics
from observational data. The predicted model then can be differentiated with
respect to time to obtain the estimate of the derivative of the solution. In
the second step these estimates are plugged into a given differential equation
and the unknown parameters are found by minimizing the squared difference
of both sides of the differential equation.

Identification of unknown parameters in differential equations has been studied
and addressed by many authors (see [17, 18, 3, 73, 74, 181]). Most of the
available approaches utilize the classical parametric inference such as the
least squares estimator or the maximum likelihood estimation [26]. In these
approaches first the dynamical system is simulated using initial guesses for the
parameters. Then model predictions are compared with measured data and an
optimization algorithm updates the parameters.
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Therefore one has to solve the following optimization problem:
N

argmin J(0(t),71) = Y (y™ (tx) = y” (tr))?, (4.1)
o(t),m k—1
where y™(t) and yP(t) are the measured data and model prediction respec-
tively.

It should be noted that the objective function of the optimization problem for
DDE differs from that of ODE. The cost function J(6(t),71) in (4.1) might be
non-smooth because the state trajectory might be non-smooth in the parameter
and this will make the optimization problem more complicated.

Solving (4.1) requires repeated simulation of the system of DDE under study.
Since the analytic solution of DDE is usually not available, therefore one
needs to apply a numerical algorithm to simulate the given dynamic system.
Although quite efficient numerical routines for solving differential equations are
available they usually slow down the parameterization process dramatically and
this situation is even more sensible when the underlying dynamics is described
by delay differential equations. That is due to the existence of delay terms
that force the solver to use an interpolation technique in order to advance
the solution. It should also be noted that, as opposed to ordinary differential
equations, the numerical solution of DDEs not only depends on the parameter
values, but also on the history function, H;(t) for ¢ € [p, t;,], which is usually
unknown. Given that the initial function is in an infinite-dimensional set,
the problem becomes an infinite-dimensional optimization problem and very
difficult to solve [176]. Consequently, it would be of great benefit to eliminate
any need of numerical DDE solvers.

The authors in [58] first estimate the derivative &(¢) from the noisy data using
nonparametric smoothing methods and then inferred the constant delay 7, for
a special DDE model, in the framework of the generalized additive model. The
author in [56] proposed a method where an artificial neural network model is
used to estimate the time invariant parameters of a dynamical systems governed
by ordinary differential equations. Despite the fact that the classical neural
networks have nice properties such as universal approximation, they still suffer
from having two persistent drawbacks. The first problem is the existence of
many local minima solutions. The second problem is how to choose the number
of hidden units. It is the purpose of this chapter to introduce an approach based
on least squares support vector machines for estimation of time invariant as well
as time varying systems in state-space form.

Throughout this chapter, we assume that the dynamical system is uniquely
solvable and that the parameters of the model are identifiable. For stability of
the solutions of systems with delays one may refer to [88, 128].



86 PARAMETER ESTIMATION OF DYNAMICAL SYSTEMS

4.2 Dynamical Systems Governed by ODEs

Suppose that we are given a dynamical system in state-space form

% =F(t,X,0), X(0) = X, (4.2)
subject to certain boundary or initial conditions which may be imposed on
the basis of observation data. ¢ denotes the independent variable (usually
time). X is the state vector of the system where X = [43,,..., 47,17, X =
(@1, .y 2]t and F = [f1,..., fm]T. 0 = [01,...,0,] are unknown parameters of
the system and X are initial values.

In order to estimate the unknown parameters 6, the state variable X(t) is
observed at N time instants {t1,...,tx}, so that we have

Y(t;)=Xt:;)+E;, i=1,..,N,

where {E;}, are independent measurement errors with zero mean. The
objective is to determine appropriate parameter values so that errors between
the outputs of the estimated model and the measured data are minimized.

4.2.1 Constant parameter estimation

First we approximate the trajectory X(f) = [#1,...,2m]7 on the basis of
observations at N points {t;, Y (¢;)}X,. Note that Y (¢;) are the experimentally
observed values of the state variables at time instant ¢;, ie. Y(¢;) =
[y1(t:), s ym(t:)]*. Then the estimation of the state derivative is obtained
by differentiating the model with respect to time. Here we model the state
for k = 1,...,m as a Least-Squares Support Vector Machine [159]. Therefore
the goal is to find a model of the form #(t) = w} ¢(t) + by. For the k-th state
variable we formulate the following convex primal LSSVM problem [159],

1
minimize fwfwk + T Hekllg
Wk ,bk,er 2 2 (4 3)

subject to  yi(t:) = wi o(t;) + by +ep, i=1,..,N,

where v, € RT, b, € R, wy, € R". () : R — R" is the feature map and h is the
dimension of the feature space. The dual solution is then given by

Q-+ My | 1y { ot ] - { y" ] (4.4)

1% ‘ 0 bi 0
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where Q;; = K (¢;,t;) = (p(ti)Tgo( ) is the (i, 7)-th entry of the positive definite
kernel matrix. 1y = [1;...;1] € [RN = [af; ..ok ], vF = [yk(t1); s ye(tn))
and Iy is the identity matrlx. The model in dual form becomes:

N
Bult) = wlo(t) + b= > aF K (ti,t) + by (4.5)

i=1

where K is the kernel function. Differentiating (4.5) with respect to ¢, one can
obtain an analytical approximate expression for the derivative of the model

N
k() =i p(t) = Y afe(t) Te(). (4.6)
i=1

Making use of Mercer’s Theorem [170], derivatives of the feature map can be
written in terms of derivatives of the kernel function [95]. Therefore ¢(¢)7¢(s)
is given by the derivative of K (t,s) with respect to s. If we denote K, (t,s) =
%, then equation (4.6) can be written as

d .
axk(t =wl p(t Zoz Ks(ti,t). (4.7)

Egs. (4.5) and (4.7) are closed-form approximations for the k-th state in
equation (4.2) and its derivative respectively. By applying the above procedure
for all the state varlables one can obtain the LSSVM expression for X =
[#1, s )T and X = [y, ..., £7,,]7. Therefore the values of the solution
and tnne derlvatlve curves at some set of sample points {tk}é‘/le, which are
not necessarily the same as the original points where the states are observed,
can be obtained by evaluating the LSSVM expressions for X and %X . These
numerical values then are substituted into the system description (4.2), so that
the unknown parameters appear in an algebraic expression, resulting in linear
(if the system is linear in the parameters) or nonlinear (otherwise) least-squares
estimation. Therefore the estimation of time invariant parameters is obtained
by solving the following optimization problem [114]:

o 1 = 2
minimize 5 E 12315
! (4.8)

d - N
subject to  Z; = —X(t;) — F(t;, X(;),0), i=1,...., M.

When the ODE model is linear in the parameters this problem is a convex
optimization problem. As it has been remarked in [171], what we really are
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interested in to minimize is the error between the observed and model predicted
values of the state variables i.e. the integrated residual errors

est Z HX tk? HQ (49)

where X (tx) is obtained by simulating the system with the estimated parameter
aest .

4.2.2 Time varying parameter estimation

Consider a first order dynamical system of the form:

W00 £ (1) = 9(0), 2(0) = o (4.10)

subject to certain initial conditions which may be imposed on the basis of
observation data. The technique can be extended to higher order systems. f
is an arbitrary known function and 6(t) is the time varying parameter of the
system and is considered to be unknown. The state x(t) has been measured at
certain time instants {t;} ;, which can be non-equidistant, i.e.

y(m) = .Z‘(tz) + 51;, = 1, ...,N

where &;’s are i.i.d. random errors with zero mean and constant variance. g(t)
is the input signal whose values are known at data points {t;}, i.e. g; = g(t;)
for i = 1,...,N. The problem is to estimate the function 6(¢) so that the
solution of (4.10) with the estimated parameter 6(t) is as close as possible to
the given data.

First we approximate functions Z(t) and §(¢) on the basis of observations at N
points {t;,y:}2¥1, {ti, 9:}_, by means of least squares support vector regression
(4.3). The model in dual form becomes,

i(t) = +b-Zaz (ti,t) + (4.11)

where K is the kernel function. The same procedure can be applied to obtain
the LSSVM approximation of the excitation g(¢). Note that the analytic
LSSVM expression for the state trajectory allows us to obtain a closed-form
approximation for its derivative by differentiating (4.11) with respect to ¢,

d
gac(t =wl p(t Zalgo ZO‘Z (ti,1). (4.12)
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Here K,(t,s) is defined as previously. Egs. (4.11) and (4.12) are approxi-
mations for the solution of the differential equation (4.10) and its derivative
respectively. Therefore the derivative of the solution at some set of sample
points {t;}2Z, can be obtained from (4.12). These time-derivative information
together with values of the state variable at points {¢; }2L, are then substituted
into the model description (4.10). But since the parameter present in (4.10) is
time-varying, it can not be estimated by Eq. (4.8). Therefore let us assume an
explicit LSSVM model .
O(t) = v ap(t) + by

as an approximation for the parameter 6(¢). Having available the state and its
derivative at {t;}M | points, we can estimate the time-varying coefficient 6(t)
by solving the following optimization problem [114]:

M
L 1 7 Y 2
minimize —v v+ = E e;
2 + 2 ~ ¢

v,bg,e

(4.13)

subject to %i(ti) + [UTw(ti) + be} f(@(t;)) =

g(t;) +e;, fori=1,.... M.

Lemma 4.2.1. Given a positive definite kernel function K : R x R — R with

K(t,s) = ¢¥(t)Ty(s) and a regularization constant v € R*Y, the solution to
(4.13) is given by the following dual problem

—1 A ~ dz
DOD 4+~ Iy ‘ f(@) a | | 9-G (4.14)
@t | o bo 0

where Q(i,7) = K(ti,t;) = ¥(t:)T(t;) is the (i,j)-th entry of the positive
definite kernel matriz. Also o = [aq;..;an], f(&) = [f(@(t1));...; f(&(tm))],
G=10(t1);.59(tn)], & = [L2(t1);...; £2(tar)] and Iy is the identity matriz.
D is a diagonal matriz with the elements of f(&) on the main diagonal.

Proof. The Lagrangian of the constrained optimization problem (4.13) becomes

1 M
L(v,bg, €1, 0;) = 5”% + %Zef—
i=1

Moord
Z o thi"z + (UTW?%) + b9> f(&i) = 8i — ez}

i=1
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where {O‘i}i]\i1 are Lagrange multipliers. ¢; = g(t;), f(#;) = f(&(¢;)) and
43, = Li(t;) for i = 1,..,M. Then the Karush-Kuhn-Tucker (KKT)
optimality conditions are as follows,

M
% =0— U:Zaif(@i)w(t)

%—O%Za, 1— ,

oL Q5

=0 i=——, i=1,.., M,
aei — € 5 7
oL d
Ba, =0— (va(ti) + bg)f(@i) —e; =0; — a@“

for i=1,..., M.

After elimination of the primal variables v and {ei}i]\il and making use of
Mercer’s Theorem, the solution is given in the dual by

Zajf )i f (&) + ~ +
bgf(xz) i1=1,...,. M

M
0=> a;f(i
i=1
and writing these equations in matrix form gives the linear system in (4.14). O
The model in the dual form becomes
o(t) = )+ by = Zalf (2:)K (ti,t) + by (4.15)

where K is the kernel function.

The procedure of the proposed approach is outlined in Algorithm 3.

4.3 LSSVM Based Initialization Approach

Parameter estimation is typically formulated as the following non-convex
optimization problem where the multiple-shooting approach (see Fig. 4.1) is
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Algorithm 3: Approximating the model’s time varying parameter

Input: Observational data and the underlying differential equations
Output: Estimation of the unknown model’s parameters
Estimate the trajectories X from the observational data by using LSSVM

model, Eq. (4.5).

Differentiate the predicted model with respect to time to get an approximate
model for the derivative of the state, Eq. (4.7).
Evaluate the state and its derivative model at time instants {t;}},.
if parameters are time invariant then
| solve optimization problem (4.8)

else

solve Eq. (4.14) to get the estimate of the time varying parameter of the
dynamical system.

return Model parameters

employed.

minimize
X(to),..,. X (tn),0

subject to

1 N
3 2V (t:) = X ()]
=0

tht1

X(thy1) = X (1) +/ F(r, X(7),8)dr, k=0,..,N—1.
t
' (4.16)

Due to the nonconvexity coming from the nonlinear model, a Newton type
method can only find locally optimal solutions. Depending on the initialization,
one can obtain a different local solution.

X(t)

O Initialization

B Simulation

S

ty to i3 ty

Figure 4.1: The gap between B , o is minimized when the junction conditions

are satisfied.
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In case of parameter-affine models attempts have been made to provide a
good initial guess through a convex optimization approach. A Least Squares
Prediction Error Method (PEM) proposed in [101] is formulated as a convex
problem to provide such an initial guess for (4.16), with parameter-affine
function F', as follows:

N

minimize Z ()2 >

X(to),....X(tn),0 =

subject to X(tps1) =Y (tr) + T F(ty, Y (t),0), k=0,...,N —1,

(4.17)
where T is the sampling time. However the solution obtained by the PEM
approach can be biased if the process and measurement noise are not modeled
appropriately. Therefore the method does not perform well in the presence of
noisy data and one needs to filter the residual errors. On the other hand, the
authors in [28] proposed a so-called Least Squares Convex Approach (CA). In
contrast to the PEM approach, there is no need for filtering the residual error
in CA formulation [28]:

mlmmlze Y(t
xnimize Z | (t)ll3
subject to X(tps1) = X(te) + T F(ty, Y (t),0), k=0,..,N —1.

(4.18)
However in this approach in order to keep the optimization problem (4.20)
convex, one still has to rely on a simple Euler discretization of the system.

The aim of this section is to first employ the method described in section 4.2
to obtain an initial guess for the parameters and then to solve the original non-
convex problem. The latter is done using a multiple shooting discretization
and constrained Gauss-Newton to solve the nonlinear programming problem
(NLP). Furthermore, a denoising scheme using LSSVM is proposed to first
filter the measured data then proceed with the filtered signals for parameter
estimation problem. As opposed to the previous approaches, one does not need
to use any integration method to simulate the dynamical system. Therefore
the drawbacks of using the Euler method, concerning its stability region, are
removed. We refer further to this approach as LSSVM (see [114]).
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4.4 Pre-processing using LSSVM

Data pre-processing plays a very important role in many applications. We will
make use of the LSSVM regression ability to reduce the effect of noise and as
a result having a smoother signal to proceed with. Given observational data
Y(t) = [y1(t), .-, ym(t)]T, the LSSVM based model (4.5) obtained from (4.3)
can be considered as a denoised version of the observational data Y'(t). The idea
now would be to replace the measurements Y (¢) in PEM and CA formulations
(4.19) and (4.20) by X (t) where X(t) = [£1(t),..., 2, (t)]7. Therefore their
optimization problems become [114]:

minimize - Z 1Y (t; )3

X(to),..‘,X(tN),G

subject to X(tgs1) = )A((tk) + TSF(tk,)?(tk),Q), k=0,..,N—1,
(4.19)

and

minimize — Z IIY (¢ )||2

X(to),...,X(tN),e

subject to X(ths1) = X(te) + ToF(te, X (t),0), k=0,...N —1,
(4.20)

These schemes will be referred to as PEM+LSSVM (4.19) and CA+LSSVM
(4.20) respectively.

4.5 Dynamical Systems Governed by DDEs

Delay differential equations (DDEs) have been successfully used in the
mathematical formulation of real life phenomena in a wide variety of
applications especially in science and engineering such as population dynamics,
infectious diseases, control problems, secure communication, traffic control and
economics [22, 20, 84]. In contrast with ordinary differential equations (ODEs)
where the unknown function and its derivatives are evaluated at the same time
instant, in a DDE the evolution of the system at a certain time instant, depends
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on the state of the system at an earlier time. A typical first order single-delay
scalar DDE model may be expressed as:

jt(t):fl(t7x(t)>x(t_71)>9(t))’ t > tin,
z(t) = Hi(t), p<t<tin

(4.21)

where H;(t) is the initial function (history function), 7 is the delay or lag
which is non-negative and can in general be constant, time dependent or state
dependent i.e. 7 = 71(t,x(t)) and p = gltin {t — m1}. The term z(t — ) is

called the delay term. In more general moaels, the derivative &(t) may depend
on z(t) and @(t) itself at some past value ¢ — 1. In this case equation (4.21)
can be rewritten in a more general form as follows

(t) = fa(t,x(t),x(t — 1), 2t — 12),0(t)), t > tin,

x(t) = Ha(t), p<t<tin

(4.22)

where p = glgz{gtm (t — 7;)}. Equation (4.22) is called delay differential

equation of neutral type (NDDE). Models (4.21) and (4.22) usually involve
some unknown parameters that require to be estimated from the observational
data. We consider sets {0(t), H1(t), 7} and {0(t), Ha(t), 71,72} as parameters
of the models (4.21) and (4.22) respectively.

4.5.1 Problem statement

Here we consider two cases, the fixed delays are unknown or there is an unknown
time varying parameter in the system. Next the precise problem statements
are described.

4.5.1.1 Reconstruction of fixed delays

Consider the dynamics of a process during a given time interval modeled by a
system of nonlinear DDEs with associated history functions #(t) of the form:

2(t) = f(t,x(t),x(t — 1), 2t —T2), ..., x(t —7p)), > tin,

z(t) =H(t), p<t<tmn

(4.23)

where p = 1rénn {trgn (t — 1)}, z(t) € R™ and the delays {r;}7_; are constant

and unknown. In order to estimate the model parameters, all the states of the
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system are measured i.e. y(t;) = z(t;) + e(t;) where {e(t;)}}¥, are independent
measurement errors with zero mean. Here a particular structure of (4.23) is
considered. It is assumed that nonlinear model (4.23) exhibits the parameter-
affine form i.e. it is affine in the x(t — ;) for i = 1,...,p.

4.5.1.2 Reconstruction of time varying parameters

Consider the nonlinear state-dependent delay differential equation given in
(4.21) with associated history function H;(¢). In order to estimate the unknown
parameters, a set of measurements y(t;) are collected. In general the set
of measurements y(¢;) do not necessarily correspond to the model states
x(t;). However here it is assumed that the system states are measured with
measurement error e(t;), therefore the sate space model has the following form:

&(t) = filt,x(t), z(t — 0),0(t)), t> tin,
(4.24)
y(t,’) :x(ti)—kei, 1= 1,...,N

where y(t) is the output of the system which has been observed at N time
instants and {e;}?; are independent measurement errors with zero mean.
The unknown {H;(t),0(¢)} are time dependent. In order to keep the model
affine in the unknown time varying parameters we do not assume that both
of them are unknown at the same time. Therefore as in [73, 74|, we consider
the case that one of them is unknown at the time of applying the estimation
procedure. Hence the following cases can be studied: (i) H1(¢) is known and
0(t) is unknown, (ii) (¢) is known and the history function H;(¢) is unknown,
The same assumption is made for parameter estimation of the neutral delay
differential equation (4.22). The general stages of the procedure when the
dynamic system follows model (4.21) is described by the following flow-chart:
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Model (1)

) Estimate the
along with .
. state trajectory
observational
data {t; y-}N by means of
ehee o= LSSVM model

are given

Estimate the
derivative of
state by means
of LSSVM model

!

Is fixed lag 7
unknown ?

Is 6(t)
unknown ?

Estimate the Estimate 0(t) Estimate H1 (t)
fixed lag 7 using using the using the
the approach approach approach
described in described in described in
section 4.5.3 section 4.5.4 section 4.5.5

4.5.2 General Methodology

The proposed scheme will make use of the LSSVM ability to provide a closed-
form approximation for the state trajectory and its derivative from measured
data. We approximate the trajectory Z(¢) on the basis of observations at N
points {t;,y(t;)}}¥, using (4.5). Then (4.7) is utilized for approximating the
state derivative. These closed-form expressions will be used later in the process
of parameter estimation.

4.5.3 Fixed delay 7 is unknown

For the sake of simplicity the methodology is described for a scalar DDE with
single delay, but the approach is applicable for identifying multi-delays in a
system of DDEs provided that they are identifiable. Consider the following
single delay parameter-affine DDE:

#(t) = f(t,x(t)x(t —7), t > tin, (4.25)

where f(-) : R — R is an arbitrary nonlinear function and 7 is the constant
parameter of the system which is unknown. In order to estimate the unknown
7 value, the state of the system is measured i.e. y(t;) = x(t;) + e(t;) where
{e(t;)}}L, are independent measurement errors with zero mean. Let us assume
an explicit LSSVM model
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as an approximation for the term z(t — 7) where ¥(:) : R — R" is the
feature map. Substituting the closed-form expressions for the state and its
derivative, &4 (t) and 2(t) obtained from (4.5) and (4.7) respectively, into the
model description (4.25), the sought parameters v and d are identified as those
minimizing the following optimization problem [117]:

v,d,e

M

C . 1 r Y 2

minimize iv v+ 5 Z; e;
= (4.26)
d

subject to %i(tl) = (va(ti) + d)f(ti,i(ti)) +e;, fori=1,..., M.
Remark 4.5.1. Since closed-form expressions for the state and its derivative
are available we are mot limited to choose M = N, i.e. we can evaluate the
constraint of the above optimization problem at the time instant t; which is not
necessarily the same as time instants that the system is measured.
Lemma 4.5.1. Given a positive definite kernel function K :RxR — R with

K(t,s) = ¢¥(t)T(s) and a regularization constant v € RY, the solution to
(4.26) is given by the following dual problem

DOD +~"T | F « d
il S I (4.27)
FT \ 0 d 0

where Q(i,7) = K(ti,t;) = ¥(t:)T(t;) is the (i,j)-th entry of the positive
definite kernel matrix and I is the identjty matriz. Also a = [ay, ..., a7,
F = [f(t,8(t) ... ftar, #(ta)IT, % = [£i(t), .., S(ta)]T. D is a
diagonal matriz with the elements of F' on the main diagonal.

Proof. The Lagrangian of the constrained optimization problem (4.26) becomes
M

M
1 d
L(’U, d, 61'7O[i) = 5 'UT’U —+ % E 622 — E (67 |:('UT'll)(t7,) —+ d> f(t“i'(tz)) +e; — %Cﬁ(tl) 5
i=1 i=1
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where {ai }z]\i1 are Lagrange multipliers. Then the Karush-Kuhn-Tucker (KKT)
optimality conditions are as follows,

0L

5o =0 v= ;alf b, 2(8:))(ts),

oL M X

%:0_) leazf(t’m‘r(tZ))_O?

08 )= o1, M,

Oe; ~y

oL T d o

9a, =0— <v w(tz)+d>f(tl,:c( i) +e = dtx(tl),for i=1,..., M.

After elimination of the primal variables v and {ei}?il and making use of
Mercer’s Theorem, the solution is given in the dual by

Za]f )i f (t, (;))Jr%erf(ti,:i"(t,;)),izl,...,M

0= Z a; f(ti, &(t:))
i=1

Writing these equations in matrix form gives the linear system in (4.27). O

The model in the dual form becomes
2o(t) =vTP(t) +d = Zazf DK (ti, 1) + d, (4.28)

where K is the kernel function.

Remark 4.5.2. If one is not interested in having a closed-form approximation
to the term x(t — 7), an alternative way to obtain an approzimation for

x(t — 7) at the time instant t; is by using (4.25) directly, i.e. x(t; — 1) =
La(t;) " f(ti, 2(t;)). A similar strategy can be applied in the case that the
dynamics of the process is described by a system of delay differential equations.
After substituting the closed-form expressions for the states and their derivatives
into the model, then one has to solve a system of linear equations (provided
that the underlying system is affine in the unknown parameter) to obtain the
approzimation of the delay terms x(t — ;) for j = 1,...,p at time instants
t=t;, fori=1,...,N.
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After obtaining the estimation &, (), the task is to estimate the fixed delay
7. To this end, let us first define a shifting operator A,,(-) which will be used
in the process of estimation of the delay 7. Operator A,,(-) shifts the given
time series, which in our problem setting can for example be #(t) or (t), m
steps forward in time in a certain manner, while keeping the length of the time
series unchanged. This is done by adding a constant vector of size m (whose
values will be clarified later) from the left to the time series and removing the
m last elements of the time series simultaneously. Therefore, given the time

series #(t) = [2(t1), 2(t2), ..., 2(tx)]T, operator A,,(+) is defined as follows:
(2(t1), ..o, 2(tm), &(t1), .., B(EN—m)]T, 1<m <N -1
A ——
Z(t) = Am(.’li‘(t)) = Constant vector
2(t), for m=0
(4.29)
with z(t1) = z(t2) = ..., z(tm) = ¢ where ¢ is a constant. Noting that in an

ideal case (noise free) one can expect a delay differential equation to have the
following property

2 (t) = Z(t) , for >0, (4.30)

t=tin

t=1

it is natural to utilize the first element of £(t), i.e., Z(¢1) as a constant ¢ used in
operator A,,(+). In order to estimate the delay 7, we use the sample correlation
coefficient function defined as:

ra Tl )@ )
VI 0 — 1) S (@ (1) — pa)?

where p; and po denote the sample mean of time series z(t) and Z,(t)
respectively. Given &(t) and 2 (t) the process of estimating the unknown delay
7 is described in Algorithm 4.

Algorithm 4: Approximating the constant delay of a given DDE

Input: Time series &(t) and &, (t) of size N; sampling time T (in seconds).
Output: Time delay 7
for m< 0to N —1do

L 2(t) < Am(2(1))

R(m) + Corrcoef(z(t), &, (t))
T < Ts x argmax R(m)
m

return 7
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In Algorithm 4, Corrcoef is a Matlab built-in function that computes the
correlation coefficient of two signals and R(m) corresponds to 7,z . One may
notice that in this approach we are not using the history function for estimating
the time delay 7. But if the history function is known a priori, one may use
it for constructing the constant vector used in operator A,,(-) by taking the
value of history function at time t;,,.

4.5.4 Parameter 0(t) is unknown

Consider model (4.21) and case (i) where the time varying parameter 0(t) is
unknown and delay 7 is known. Therefore with a slight abuse of notation, let
us assume an explicit LSSVM model

0(t) = v"y(t) + d,

as an approximation for the parameter 6(¢). The adjustable parameters v and
d are to be found by solving the following optimization problem [117]:

minimize fv v+ E e + E

v,d,e,€,0;

subject to % (t;) = fr(ts, &(t;), 2(t; — 11),6;) +e;, fori=1,..., M,
0; = v y(t;) +d+e, fori=1,..., M.

(4.32)
Here the obtained closed-form expressions for the state and its derivative,
4 3(t) and 2(t) obtained from (4.5) and (4.7), are substituted into the model
description (4.21). If f; is nonlinear in 6(¢) then the above optimization
problem is non-convex. The solution of (4.32) in the dual can be obtained
by solving a system of nonlinear equations. However, here we present our
results for the case that the nonlinear model (4.21) is affine in the parameter
0(t). More precisely we consider the following parameter-affine form of (4.21)

x(t) = 0(t) f1(t, (), z(t —711)), t > tin,
x(t) =Hi(t), t <tp.
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This will result in the following convex optimization problem:

M
R 1 7 i 2
ml{)lylirélze 51} v+ 3 ; €;
. d . T . " .
subject to Ex(tl) = v () +d) fr(ts, &(t;),2(t; — 1)) + e, fori=1,..., M.
(4.33)

Lemma 4.5.2. Given a positive definite kernel function K : R x R — R with

K(t,s) = ¢¥(t)Ty(s) and a regularization constant v € R*Y, the solution to
(4.33) is given by the following dual problem

DQOD +~7'1 ‘ P a % (4.34)
Fo o d 0 '

where Q(i,7) = K(ti,t;) = ¥(t;)Tp(t;) is the (i,§)-th entry of the pos-
itive definite kernel matriz and I is the identity matriz.  Also o =
[al, e ,Ck]y[}T, F1 = [fl(tl,i'(tl),iﬁ(tl — Tl)), ey fl(tM,ﬁ(tM),f(tM — Tl))]T,
9 = [L3(ty),..., 22(ty)])". D is a diagonal matriz with the elements of F
on the main diagonal.

The model in the dual form becomes:
M ~
0(t) = Zoéifl(tm@(ti)a Bt — 1)) K (ti,t) + d, (4.35)
i=1
where K is the kernel function.

Proof. The approach is the same as in proof of Lemma 4.5.1. O

It should be noted that in the process of estimating 6(t), the values of the
history function #;(t) are not used. Therefore H;(t) can also be unknown
while 6(t) is being estimated which is the advantage of the proposed method
compared with conventional approaches that require the history function for
simulating the underlying model.

Remark 4.5.3. The same procedure can be applied for estimating the unknown
parameter O(t) in parameter-affine form of model (4.22).
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4.5.5 History function H,(¢) is unknown

Consider model (4.21) and case (ii) where the parameter H;(¢) is unknown and
all the other parameters are known. It is assumed that the nonlinear function
f1 is affine in a(¢t — 7). More precisely we consider the following form of (4.21):

E(t) =a(t —7m)fi(t,z(t),0(t)), t> tin,

IE(t) = Hl(t)a t S tin

(4.36)

where 7 can be time and state dependent. Since the history function is time
varying let us, with a slight abuse of notation, assume an explicit LSSVM model

Hi(t) =vTy(t) +d

as an approximation to the true H;(¢). Optimal value for v and d can be

obtained by Solvmg the fOll?Wng convex optimization problem [117]:

e vy
mlﬁgyrélze v v+ Ze
e | (4.37)
subjoct to. Ga(tha) = (V7)) it (e, O(E) +

fori=1,...,|7],

where E 2(tl,,) and 2(tl,;) are estimations of the state trajectory and its
derivative obtained by using LSSVM models (4 5) and (4.7) respectively. |T]
is the cardinality of the ordered set T = {t!

selected using Algorithm 5.

T
Lt ... ,tlse} whose elements are

Algorithm 5: Approximating the model’s time varying history function

Input: Vector T consists of time instants {¢;}}¥.; and the delay 7
Output: set T

1 fori<+ 1 to N do

L tlag(i) + t; — 11 (t;)

Find a vector of indices of elements of tlag whose values are less than ¢;,
(assuming that t;, = t1)
5 T < elements of T' corresponding to the indices found in step 2.

6 return T

The solution to (4.37) in the dual can be obtained by solving linear system (4.34)
AT a7 7]

with o = [041, e .7O£‘g"] [fl( sels L ( sel) e( spl)) B '7f1( selr ¥ ( sel)’e(tsel))]T



EXPERIMENTS 103

and 2 = [L3(t! )),..., L5 (tgl‘)] D is a diagonal matrix with the elements

of F1 on the main diagonal. The model in the dual form becomes:

|71

Zalfl sel? sel) ( sel))f{(tut) d (438)

where K is the kernel function. If delay 7; in the model (4.36) is constant, one
can first utilize Algorithm 1 to estimate the delay 71 and then apply Algorithm
2 to obtain a closed-form approximation to the history function H(¢).

Remark 4.5.4. The same procedure can be applied for estimating the unknown
history function Ha(t) in a parameter-affine form of model (4.22).

4.6 Experiments

4.6.1 Parameter estimation of ODEs

To illustrate the applicability of the proposed method, we list the computed
results of the parameter estimation for three systems with time invariant
coefficients and two first order systems with time varying parameter For all

the experiments, the RBF kernel is used, i.e. K(x,y) = exp(— (z y)° ).

4.6.1.1 Constant parameters
Example 1. Consider the nonlinear Bellman’s problem originated from a

chemical reaction [23]

dx

i 01(126.2 — )(91.9 — ) — Oo2%, (1) = 0. (4.39)

The observations of the state = with one decimal place accuracy are given in
Table 4.1.

Table 4.1:  Observations of state x for Bellman’s problem (4.39) [171].

t 10 20 30 40 50 60 70 80
zr 00 14 63 104 142 176 214 23.0
t 10 12 15 20 25 30 40
r 270 304 344 388 41.6 435 453
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Cross-validation is used to tune the regularization constant v and kernel
bandwidth o, on a meaningful grid of possible (v,0) combinations. The
estimated parameter values obtained by averaging over 50 simulation runs and
the corresponding integrated residual R; are as follows

(01,02, R;] = [0.45 x 1075,0.28 x 1072, 1.45]

which agree well with the true solution [0, f2] = [0.45x 107°%,0.27 x 1073]. The
standard deviation of our approach for the parameters #; and 65 are 8.92 x
10~% and 1.30 x 1072 respectively. It should be noted that in the described
approach in [171] the spline knots have been chosen interactively. Whereas in
our proposed method one does not need to work with the knots and instead the
regularization constant - is chosen automatically to avoid overfitting. Therefore
in contrast with the approach of [171] in our proposed method less human effort
is needed.

Example 2. Consider Barne’s problem which is based on the Lotka-Voltra
differential equations consisting of two ordinary differential equations with
three parameters 6, 6 and 03 [171]

dx
ditl = 6121 — Orx122, 21(0) = 210
dx
CT; = 0129 — 0322, 22(0) = T20.

The observed data values as given by [171] are reported in Table 4.2.

Table 4.2: Observations of the states 21 and a2 for Barne’s problem [171].

t 00 05 10 15 20 25 30 35 40 45 5.0
z» 10 11 13 11 09 07 05 06 07 08 1.0
z2 03 035 04 05 05 04 03 025 025 03 0.35

The estimated parameter values are obtained by taking the average over 50
simulation runs where each run corresponds to different training and validation
sets. Table 4.3, shows the values of the parameters reported in [171], [150],
Matlab diffpar [57] toolbox and the computed results obtained by the proposed
method. It can be seen that they all are in good agreement.

The standard deviation of our approach for the parameters 81, 5 and 63 are
6.78 x 1072, 1.83 x 10! and 1.69 x 107! respectively. In our approach the
Ri(0est) = 0.11 which is also less than that (i.e. R = 0.35) reported in [171].
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Table 4.3: Estimated parameters of Barne’s problem.

Method 91 92 93 ffo fL{Q\O
[171] 0.85 2.13 191 1.02 0.25

[57] 0.81 2.29 200 0.99 0.21

[150] 098 195 1.69 0.96 0.29
LSSVM approach 0.84 214 1.96 0.99 0.29

Furthermore, we have used the approach presented in section 4.3 to estimate
the unknown parameters of the Barne’s equations and the obtained results are
shown in Fig. 4.2.

NLP - Barne

10 ) ) ) () S
1072 E
O Initialization
m *  C zenc
210l onvergence ]
=
107 E
He e e e He A
10°°
PEM LSSVM CA USER
PEM+LSSVM CA+LSSVM
(a)
CGN iterations for Barne
12
10+ o 4
sl i
6 o o o B
o
4t o 4
2L i
0 . . . .
PEM LSSVM CA USER
PEM+LSSVM CA+LSSVM

(b)

Figure 4.2: The Barne’s system is first simulated over domain [0, 200] using the
true parameter values. Sampling time Ts = 1s is used i.e. 200 measurements.
Gaussian white noise, with zero mean and std 0.1, is added to the true solution.
(a) The obtained Mean Squared Error for Barne’s model. (b) Number of
required Newton iterations needed to satisfy the given tolerance.

In Fig. 4.2, the case where the user is providing some starting point, based
upon available prior knowledge, is referred to as USER initialization approach.
The implementations and simulations were carried out in MATLAB and for the
discretization of (4.16), the ACADO integrators were used as presented in [138].
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Fig. 4.2 shows that LSSVM based initialization requires the least number of
iterations to converge.

Example 3. Consider the Lorenz equation [102] which form a system of three
differential equations that are important in climate and weather predictions.
It is well known that the Lorenz equation is an example of a nonlinear and
chaotic system

dx

d—tl:a(acg—acl)

dx
T;:xl(b—fbg)—mg
%—xx —cx
FTRRRRE: 3

where a, b and ¢ are the unknown parameters within the system. The initial
condition at t = 0 is taken to be (21(0),z2(0),23(0)) = (—9.42,—9.34, 28.3).
The correct parameters we are trying to reconstruct are a = 10, b = 28 and ¢ =
8/3. The solution of the Lorenz system is prepared by numerically integrating
the Lorenz equations using MATLAB built-in solver ode45, on domain [0,3]
with the relative error tolerance RelTol= 10~%. Then the model observation
data are constructed by adding Gaussian white noise with zero mean to the
true solution. The level of noise (standard deviation of the noise) is denoted by
7. In this problem 7 is considered to be n = 0.0,0.2 and 0.5. The observation
points are prepared within the domain of [0, 3] at every At = 0.05. After
obtaining the closed-form approximation for the states z1, 2 and x3 by means
of LSSVM, we used 301 equally spaced sample points in the interval [0, 3] to
solve optimization problem (4.8). Table 4.4 reports the estimated parameters
of the Lorenz system by averaging over 50 simulation runs. The average and
standard deviation of our results after 50 simulations are depicted in Fig 4.3.

Table 4.4: The values of parameters estimated of Lorenz model. Parameter 7
is the standard deviation of the noise.

n Estimated parameters
a b c
Qest ‘ea ‘ best |€b| Cest |ec|
0.0 9.99 0.0014 28.00 0.0062 2.67 0.0041
0.2 9.60 0.3919 28.03 0.0352 2.67 0.0042
0.5 9.34 0.6532 27.86 0.112 2.68 0.0147
The true values of model parameters a, b and ¢ are 10.0, 28.0 and 8/3
respectively. Absolute errors are denoted by |e.|.
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Figure 4.3: Estimation of Lorenz parameters a, b and ¢ from data with
observational noise. The true value is indicated by the dashed line.
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Furthermore, we have used the approach presented in section 4.3 to estimate
the unknown parameters of the Lorenz equations and the obtained results
are shown in Fig. 4.4. Fig. 4.4 shows that LSSVM based initialization is
comparable to that of conventional convex initialization approaches.

NLP - Lorenz
T T

10 .
0 B
T = ‘O Initialization f
= O O o
g % Convergence
E -2
10 r ¥ ¥ e % * * 4
0" . . . ‘
PEM LSSVM cA USER
PEM+LSSVM CA+LSSVM

(a)

CGN iterations for Lorenz
10

LSSVM CA USER
PEM+LSSVM CA+LSSVM

(b)

PEM

Figure 4.4: The Lorenz system is first simulated over domain [0, 12] using the
true parameter values. Sampling time T = 0.04s is used i.e. 300 measurements.
Gaussian white noise, with zero mean and std 0.05, is added to the true solution.
(a) The obtained Mean Squared Error for Lorenz model.(b) Number of required
Newton iterations needed to satisfy the given tolerance.

4.6.1.2 Time varying parameters

Example 4. Consider the following linear time varying system,

dx  sin(t)
dt t+1

x(t) = cos(t), x(0)=1. (4.40)
The aim is to estimate the time varying coefficient Sir_ff) from measured data.
For collecting the data, the solution of this equation has been obtained using
Matlab built-in solver ode45, with the relative error tolerance RelTol= 1075,
over the domain of [0, 20]. Thereafter the process is observed at N discrete time
instants. Then we have artificially introduced random noise (Gaussian white
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noise with noise level 1) to the true solution in order to create observational
data. After obtaining the LSSVM closed form approximation for the state x,
we used M = 200 equally spaced sample points in the interval [0, 20] to solve
optimization problem (4.13). The mean square error (MSE) for the test set (500
sample points in interval [0,20]) are tabulated in Table 4.5. Fig 4.5, shows the
influence of noise level on the parameter estimation. 10-fold cross-validation
is used for the model selection by choosing one of several models that has the
smallest estimated generalization error.

Table 4.5: The influence of noise level and number of observed data on the
parameter estimation. Parameter n is the standard deviation of the noise and
N is the number of observed data.

N 7 MSE

100 0.0 2.02x10°%
0.1 39x107*

200 0.0 1.09x 1078
0.1 34x10*

Example 5. Consider the following nonlinear and time varying dynamical
system,
dx cos(t)

T~ () 37 @O = cos(t), 2(0) = 1. (4.41)

cos(t)

sin(t)42?
solution to (4.41) with the true parameter. Then random noise (Gaussian
white noise with noise level 1) is added to the true solution in order to
create observational data. The mean square error (MSE) for the test set (500
sample points in interval [0,20]) is tabulated in Table 4.6. Fig 4.6, shows the
influence of noise level on the parameter estimation. The kernel bandwidth o
and regularization constant v are tuned by 10-fold cross validation, while the
preference is given to less complex models.

In order to estimate the time-varying coefficient we generate the

Table 4.6: The influence of noise level and number of observed data on the
parameter estimates. Parameter 7 is the standard deviation of the noise and
N is the number of observed data.

N n MSE

100 0.0 834x107°
0.05 3.5x107°3

200 0.0 3.06x10°°
0.05 2.0x1073




110 PARAMETER ESTIMATION OF DYNAMICAL SYSTEMS

Noise Level=0

. - =-- Computed result
0.4t True solution

92 5 10 15 20
Time
(a)
100 Noise Level=0
1.5
—~ 1 b
-~
S~—
«X 0.5 —
|
< o
=
> —0.5 q
_al J
_1sl J
% 5 10 15 20
Time
(b)
Noise Level=0.1
0.5

- -- Computed result
0.4 ——True solution

10 15 20
Time
(c)
Noise Level=0.1

10
Time
(d)
Figure 4.5: Estimation of time varying parameter of dynamical system

formulated in Example 4 using M = 200 sample points. 500 sample points
in the interval [0, 20] are used for the test set.
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Figure 4.6: Estimation of time varying parameter of dynamical system
formulated in Example 5 using M = 200 sample points. 500 sample points
in the interval [0, 20] are used for the test set.

4.6.2 Parameter estimation of DDEs

In this section, six experiments are performed to demonstrate the capability of
the proposed method for time varying/invariant parameters of parameter-affine
non-neutral DDEs and neutral DDEs. The last three test problems are taken
from [73] and [74], but in contrast with the approach given in these references,
we allow to have measurement errors. The performance of the LSSVM model
depends on the choice of the tuning parameters. For all experiments, the
Gaussian RBF kernel i.e. K(z,y) = exp(—”rgiff”g) is used. Therefore, a model
is determined by the regularization parameter v and the kernel bandwidth o.
The 10-fold cross validation criterion is used to tune these parameters. The
SNR stands for signal to noise ratio which is calculated using 20 logw(%)
where Agignar and A,gise are the root mean square of the signal and Thoise
respectively. The estimated parameter values are obtained by averaging over
10 simulation runs. As error bounds we used about twice the standard deviation

of the error.
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4.6.2.1 Constant parameters

Problem 6. Consider a Kermack-McKendrick model of an infectious disease
with periodic outbreak [146, Example 1]

£1(t) = —21(t)z2(t — 1) + 22(t — 72)
Cbg(t) = (El(t)ﬁg(t — ’7'1) — I'Q(t) (442)
Jig(t) = ZZ?Q(t) — I’Q(t — 7'2)

on [0,20] with history x1(t) = 5,22(t) = 0.1 and z3(t) = 1 for ¢ < 0. The
true value of the delays are 71 = 1 and 75 = 10. For collecting the data, the
solution of the this system is prepared by numerically integrating the differential
equation (4.42) using MATLAB built-in solver dde23, on domain [0, 20] with
the relative error tolerance RelTol= 10~%. Then the model observation data
are constructed by adding Gaussian white noise with zero mean to the true
solution. The observation data points are prepared within the domain of [0, 20]
with sampling time 7 = 100 ms (i.e. 201 data points). The obtained results are
shown in Fig. 4.7. As Fig. 4.7(e) and (g) suggest the peaks of the correlation
coefficients occurred nearly at indices 10 and 100. Multiplying these indices
with sampling time T (in seconds), yields an estimate of the unknown delays
71 and 7o, respectively. Fig. 4.8(a) and (b) show the influence of noise level
on the parameter estimation. It should be noted that as the value of signal to
noise ratio increases, the standard deviation of the estimation error decreases.

Problem 7. Consider a triangle wave defined by the following scalar NDDE:

i(t) = —i(t— 1)
(4.43)
z(t)=t, —7 <t <0.

In order to prepare the observational data, the solution to (4.43) is generated,
with the true delay 7 = 1, by using MATLAB built-in solver ddesd, on
domain [0,2] with the relative error tolerance RelTol= 107%. Then the model
observation data are constructed by adding Gaussian white noise with zero
mean to the true solution. The observation points are prepared within the
domain of [0, 2] with sampling time T = 10 ms (i.e. 201 data points). Fig. 4.9
represents the results obtained by applying the proposed method for estimating
the unknown delay 7. The result of parameter estimation for different values
of signal to noise ratio is depicted in Fig. 4.8(c). From Fig. 4.8(c), one may
notice that as the value of signal to noise ratio increases, the standard deviation
of the estimation error decreases.
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Figure 4.7: Estimation of constant delays 71 and 72 in Problem 6 from observational data. (a)
Estimation of the first state z;(¢) and its derivative from the observational data. (b) Estimation
of the second state z2(t) and its derivative from observational data. (c) Estimation of the third
state z3(t) and its derivative from observational data. (d) Estimation of zo(t — 71) and z2(t). (e)
Correlation-coefficient values as a function of time index m for two time series z2(t) and z2(t —71)
as computed in Algorithm 4. (f) Estimation of z2(t — 72) and x2(t). (g) Correlation-coefficient
values as a function of time index m for two time series z2(t) and z2(t — 72), as computed in

Algorithm 4.

Problem 8. Consider an artificial example:

#(t) = sin(z(t) + t)x(t — 1), t€0,2]
(4.44)
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Figure 4.8: Estimation of constant delays 7 and 75 in Problem 6 and delay 7
in Problem 7 from observational data for different values of signal to noise ratio.
The exact value of the lags are denoted by the dashed lines. (a) Estimation
of delay 7, for problem 6. (b) Estimation of the delay 7, for problem 6. (c)
Estimation of the delay 7 for problem 7.
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Figure 4.9: Estimation of constant lag 7 in Problem 7 from observational data.
(a) Estimation of the state z(¢) and its derivative from observational data. (b)
Estimation of (¢t —7) and z(¢). (c) Correlation-coefficient values as a function

of time index m for two time series (t) and z(t — ), as computed in Algorithm
4.

where the true delay 7 = 0. The solution to (4.44) is generated, with the true
delay 7 = 0, by using MATLAB built-in solver ode/5, on domain [0,2] with the
relative error tolerance RelTol= 1076. Then the model observation data are
constructed by adding Gaussian white noise with zero mean to the true solution.
The observation points are prepared within the domain of [0, 2] with sampling
time Ts = 10 ms (i.e. 201 data points). The obtained results for estimating
the unknown delay 7 are shown in Fig. 4.10. As Fig. 4.10(c) suggests the peak
of the correlation coefficient occurred at index m = 0. Based on Algorithm 1,
multiplying this index with sampling time T (in seconds), yields an estimate
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of the unknown delays 7. Thus the estimated lag 7 is zero.

35/ Noisy measurements < -zt —7)
3 — Estimated trajectory |5 0/\ —j([)
-
<~
2.5] -
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t ]U 0.5 1 1.5 2 0 50 100 150 200
t) time index (m)
(a) (b (c)

Figure 4.10: Estimation of constant lag 7 in Problem 8 from observational
data. (a) Estimation of the state x(¢) and its derivative from observational
data. (b) Estimation of Z(t — 7) and #(¢). (c) Correlation-coefficient values as
a function of time index m for two time series #(t) and (¢ — 7), as computed
in Algorithm 4.

4.6.2.2 Time varying parameters

Problem 9. Consider the linear delay equation [73, Problem 2]
B(t) = 0(t)(t — €()), t € [0,2]

2(t) = Ha (), t € [~2,0]

2 -2, tc0,1] =, te0,1]
g(t):{ 1, tell,2] H(t):{ —%, tell,2

and H;(t) = t2. It is assumed that the initial function H1(t) and £(t) are known
and we aim at estimating the unknown parameter 6(¢) from measured data.
For collecting the data, the solution of this system is prepared by numerically
integrating the differential equation (4.45) using MATLAB built-in solver ddesd,
on domain [0,2] with the relative error tolerance RelTol= 1075. Then the
model observation data are constructed by adding Gaussian white noise with
zero mean to the true solution. The observation points are prepared within
the domain of [0,2] with sampling time Ty = 10 ms (i.e. 201 data points).

(4.45)

where

Applying the presented scheme in section 4.3, an estimation é(t) is obtained
and the results are depicted in Fig. 4.11(a) and (b). The root mean square
errors (RMSE) for different values of signal to noise ratio are also tabulated in
Table 4.7. From Table 4.7, it is apparent that as the value of signal to noise
ratio (SNR) increases, the estimation error decreases.
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Figure 4.11: (a) and (b) Estimation of time varying parameter 6(t) in Problem
9 from observational data for different values of signal to noise ratio. (c) and
(d) Estimation of History function H;(¢) in Problem 10 from observational data
for different values of signal to noise ratio.

Problem 10. Consider the linear delay equation (4.45). In this problem
we assume that 0(¢) and &(t) are known and we aim at estimating the initial
function from measured data [73, Problem 1]

@(t) = 0(t)z(t — £(t)), t € 0,2]
(4.46)
2(t) = Hi(t), t € [-2,0].

As in Problem 9, the observational data are prepared within the domain of
[0,2] with sampling time Ty = 10 ms (i.e. 201 data points). Fig. 4.11(c) and
(d), shows the obtained approximation #{;(t) for the history function when the
scheme described in subsection 4.5.5 is utilized. The root mean square errors
(RMSE) for different values of signal to noise ratio are recorded in Table 4.7.
From Table 4.7, it is apparent that as the value of signal to noise ratio (SNR)
increases, the estimated parameter converges to the true parameter.
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Table 4.7:  The influence of signal to noise ratio on the parameter estimates
for problems 9, 10, 11 when 201 data points is used.

RMS Error
SNR Problem 5.4 Problem 5.5 Problem 5.6
6 1.72¢ — 2 2.87e —1 1.13e -1
11 1.32e — 2 2.12¢ — 2 1.17¢ — 2
18 7.0le — 3 4.02¢ — 3 3.14e — 3
24 2.10e — 3 2.03e — 3 1.0le — 3

SNR stands for signal to noise ratio.

Problem 11. Consider the following state dependent delay neutral delay

differential equations [74, Problem 1]
t2
i(t) = Pt — ——— ~1 1
#(t) = 0(0) + it — 5[0 = 1), £ € [0,1

(4.47)
1
Mﬂ=19+Lt§0

Tt is assumed that the time varying parameter #(¢) is unknown and has to be

estimated from measured data. The true parameter is 0(¢) = %tQ + % It is
easy to check that the true solution of for the given 0(t) is x(t) = 1% + 1.

The model observation data are constructed by adding Gaussian white noise
with zero mean to the true solution. The observation points are prepared within
the domain of [0, 1] with sampling time Ts = 5 ms (i.e. 201 data points). The
obtained results are shown in Fig. 4.12. The root mean square errors (RMSE)
for different values of signal to noise ratio are given in Table 4.7. The results
reveal that higher order accuracy can be achieved by increasing the value of
signal to noise ratio.
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Figure 4.12: Estimation of time varying parameter 6(¢) in Problem 11 from
observational data for different values of signal to noise ratio.

4.7 Conclusions

In this chapter, a novel approach based on LSSVM is proposed for estimation
of the unknown parameters of a dynamical system governed by ODEs and
DDEs. The ability of LSSVM for producing a continuous output is exploited
to generate a closed form solution for the time-varying parameters of the
model understudy. The approach showed a comparable performance compared
to other existing methods and can provide a good initial estimate for the
parameters that can be used as a starting point for conventional optimization
approaches that seek the optimal model parameters.



Chapter 5

Non-Parallel Classifiers

In this chapter, a general framework of non-parallel support vector machines,

which involves a regularization term, a scatter loss and a misclassification
loss is introduced. =~ When dealing with binary problems, the framework
with proper losses covers some existing non-parallel classifiers, such as
multisurface proximal support vector machine via generalized eigenvalues, twin
support vector machines, and their least squares version. The possibility of
incorporating different existing scatter and misclassification loss functions into
the general framework is discussed. Moreover, in contrast with the mentioned
methods, which apply kernel-generated surfaces, we directly apply the kernel
trick in the dual and then obtain nonparametric models. Therefore, one does
not need to formulate two different primal problems for the linear and nonlinear
kernel respectively. In addition, experimental results are given to illustrate the
performance of different loss functions. In addition the possibility of learning
from few labeled and large amount of unlabeled data points using a non-parallel
classifier is discussed through introducing the NP-Semi-KSC.

5.1 Related Work

For binary classification problems, both SVMs and LSSVMs aim at con-
structing two parallel hyperplanes (or the hyperplanes in the feature space)
to do classification. An extension is to consider non-parallel hyperplanes.
The concept of applying two non-parallel hyperplanes was first introduced
in [106], where two non-parallel hyperplanes were determined via solving two
generalized eigenvalue problems, and called generalized eigenvalue proximal

119
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SVM (GEPSVM). In this case one obtains two non-parallel hyperplanes where
each one is as close as possible to the data points of one class and as far as
possible from the data points of the other class. Recently many approaches,
based on non-parallel hyperplanes, have been developed for classification,
regression and feature selection tasks (see [187, 135, 136, 147]).

The authors in [86] modified GEPSVM and proposed a non-parallel classifier
called Twin Support Vector Machines (TWSVM), that obtains two non-parallel
hyperplanes by solving a pair of quadratic programming problems. An
improved TWSVM termed as TBSVM is given in [148] where the structural
risk is minimized. Motivated by the ideas given in [160] and [63], recently least
squares twin support vector machines (LSTSVM) is presented in [8], where the
primal quadratic problems of TSVM is modified into least squares problem via
replacing inequalities constraints by equalities.

In the above mentioned approaches, kernel-generated surfaces are used for
designing a nonlinear classifier. In addition one has to construct different primal
problems depending on whether a linear or nonlinear kernel is applied. It is
the purpose of this chapter to formulate a non-parallel support vector machine
classifier for which we can directly apply the kernel trick and thus it enjoys the
primal and dual properties as in classical support vector machines classifiers.
A general framework of non-parallel support vector machine, which consists of
a regularization term, a scatter loss and a misclassification loss, is provided.
The framework is designed for multi-class problems. Several choices for the
losses are investigated. The corresponding nonparametric models are given via
considering the dual problems and the kernel trick.

5.2 Non-parallel Support Vector Machine

Let us consider a given training dataset {xi,yi}ilil, where z; € R?, y; is the
label of the i-th data point and there are M classes. Here the one-vs-all strategy
is utilized to build the codebook, i.e., the training points belonging to the m-th
class are labeled by +1 and all the remaining data from the rest of the classes
are considered to have negative labels. The index set corresponding to class m
is denoted by Z,,. We seek non-parallel hyperplanes in the feature space:

fm(@) = 0k om(x) + by =0, m=1,2,.... M

each of which is as close as possible to the points of its own class and as far as
possible from the data points of the other class.
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5.2.1 General formulation

In the primal, the hyperplane f,,(z) = 0 for class m can be constructed by the
following problem, [115]:

. 1 5 7 Y2
wn}gg{eyg §wmwm + o ZGXI: L(1)(€i) + b} 1;': L(2)(§i)
subject to wiqﬁm(m‘i) + b, =¢;,Viel, (5.1)

1+ <wﬁ¢m(xi) + bm> =&, Vi & Ipn.

After solving (5.1) for m =1,2,..., M, we obtain M non-parallel hyperplanes
in the feature space. Then the label of the new test point x* is determined
depending on the perpendicular distances of the test point from the hyperplanes.
Mathematically, the decision rule can be written as follows:

Label(z*) = arg min {dm (™)}, (5.2)

where the perpendicular distance d,, (x*) is calculated by

don () = [P 9m (@) & bm|
" [[wnmll,

s, m=1,2,..., M.

The target of (5.1) is to establish a hyperplane which is close to the points
in class Z,, and also is far away from the points that are not in this class.
Therefore, any scatter loss function can be used for L;)(-) and at the same time
any misclassification loss function can be utilized for L) (-). Possible choices for
L1)(+) include least squares, e-insensitive tube, absolute, and Huber loss. For
L(2)(+), one can consider least squares, hinge, or squared hinge loss. Different
loss has its own statistical properties and is suitable for different tasks. The
proposed general formulation (5.1) is to handle multi-class problems, for which
we essentially solve a series of binary problems. In the binary problem related
to class m, we regard x;, i € Z,, and the remaining points as two classes. Hence,
the basic scheme of (5.1) for multi-class problems and binary problems is similar.
For the convenience of expression, we focus on binary problems in theoretical
discussion and evaluate multi-class problems in numerical experiments. Besides,
for each class, one can apply a different nonlinear feature mapping in (5.1). Here
we discuss the case that a unique ¢(z) is used for all the classes.

Remark 5.2.1. In general if one uses a nonlinear feature map (-), obviously
two non-parallel hyper-surfaces will be obtained. Here the term “hyperplane” is
used.
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5.2.2 Related existing methods

For a binary problem, we assume that there are n; points in class 1 and no
points in class 2, i.e., there are ny elements in Z; and no in Zs. Suppose
X, and X5 are matrices, containing data points of class 1 and 2 respectively.
The corresponding matrices with feature mapping ¢(-) are denoted by ®; and
®y, i.e. the i-th row of &4 is the vector p(z;),i € Z7, and so is 2. Denote
Y,, = diag{+1}/2, € R™*™ Y, = diag{—1};?, € R"*"2, and 1,, as an n
dimensional vector with all components equal to one. Then the non-parallel
SVM (5.1) can be written in matrix formulation as the following two problems:

. 1
P L U CAS
subject to  Pywy +b11,, =€ (5.3)

Yng |:(I)2w1 + b11n2:| +£ = ]-n27

and 1
. i
e et L@+ Sl
subject to  Powy + bol,, =€ (5.4)

Yn1 |:(I)1’LU2 + b21n1:| +f = 1n1~

As discussed previously, L(-) could be any scatter loss function and any
misclassification loss can be used in L(g)('). For example, if one chooses least
squares loss for L;)(-) and hinge loss for L(y)(-) and let 71 = 72 — oo, the
problem formulations (5.28) and (5.29), when a linear kernel is used, will reduce
to TWSVM introduced in [86]:

1

TWSVM1 min = || Xyw; + b1, |2 + C111 ¢

wy,b1,6 2 2

(5.5)

subject to  — (Xowy + b11y,) +& > 1,,,

1

TWSVM2 min  — || Xowsa + balp,||? + Coll ¢

w2‘,b2!£ 2 ! (56)

subject to (Xjwe +boly,,)+E>1,,.
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Another example is choosing the least squares loss for both L) (-) and L) (-).
Again, letting v1 = 72 — o0 in (5.28) and (5.29) and using a linear kernel, one
obtains the LSTSVM formulation reported in [8]

1 C
LSTSVM1 min o || Xywr + biln, 12 + ?%Tg

wi,b1,§ (5-7>
subject to  — (Xowy + b11y,,) + & = 1,,,

1 C
LSTSVM2 min = || Xows + bal,, ||* + JETS
wa,ba & 2 2

(5.8)
subject to (X1wa + baly,) +E€=1,,.

In contrast with the classical support vector machines technique, TWSVM
and LSTSVM do not take the structural risk minimization into account. For
TWSVM, the authors in [148] gave an improvement by adding a regularization
term in the objective function aiming at minimizing the structural risk by
maximizing the margin. This method is called TBSVM, where the bias
term is also penalized. But penalizing the bias term will not affect the
result significantly and will change the optimization problem slightly. From
a geometric point of view it is sufficient to penalize the norm of w in order to
maximize the margin.

Another noticeable point is that TWSVM, LSTSVM, and TBSVM use a kernel
generated surface to apply nonlinear kernels. As opposed to these methods, in
our formulation, the burden of designing another two optimization formulations,
when a nonlinear kernel is used, is reduced by applying Mercer’s theorem and
the kernel trick directly, which will be investigated in the following section.

5.3 Different Loss Functions

There are several possibilities for choosing the loss functions Lq(-) and L) (-).
Our target is to make the points in one class clustered in the hyperplane by
minimizing L1)(-), which hence should be a scatter loss. For this aim, we
prefer to use the least squares loss for L(1)(-), because the related problem is
easy to handle. Its weak point is that the least squares loss is sensitive to large
outliers, then one may also consider ¢;-norm or Huber loss under the proposed
framework. For L2)(-), which penalizes misclassification error to push the
points in other classes away from the hyperplane, we need a misclassification
loss. In what follows, we illustrate the following loss functions used in (5.3)
and (5.4). Other loss functions can be discussed similarly:
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o Least squares loss for L(1)(-) and Lg)(-) (will be referred to as LS-LS
case).

o Least squares loss for L(;)(-) and hinge loss for L)(-) (will be referred
to as LS-Hinge case).

+ Least squares loss for L1)(-) and pinball loss for L)(-) (will be referred
to as LS-Pinball case).

The above-mentioned loss functions are depicted in Fig 5.1.

Figure 5.1: Some loss functions for L(y)(-): hinge loss (solid line), least squares
loss (dot-dashed line), and pinball loss with 7 = 0.5 (dotted line).

5.3.1 Case: LS-LS loss

We first investigate the case using a least squares loss in both L)(-) and
L(2)(+). Due to the fact that applying least squares loss will lead to a set of
linear systems, this choice has much lower computational cost in comparison
with other loss functions, which may result in solving quadratic programming
problems or nonlinear systems of equations. Specifically, using least squares
loss in (5.28) and (5.29) leads to the following problems:

1
min —w; wy + €

T Mor V2T
wi,b1,e,§ 2 2 et 25 ¢

subject to  Pywy + b1, =€ (5.9)

Yng |:(I)27~U1 + bl 1n2:| + 5 = ]-77,27
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and 1
. 71 V2
L quaet pelet S
subject to  Powq + bal,, =€ (5.10)

Yn1 |:(I)1’LU2 + b21n1:| +£ = ]-n1~

In this case, problems (5.9) or (5.10) become a quadratic minimizations under
linear equality constraints, which enables a straightforward solution.

The obtained formulations (5.9) and (5.10) are closely related to LSTSVM
(5.7) and (5.8). An important difference is that there are regularization terms
involved in (5.9) and (5.10), which makes the kernel trick applicable to obtain
nonparametric models. In [8], the kernel generated surfaces were introduced
to LSTSVM, which does not consider structural risk minimization and also
brings the burden of designing another two optimization formulations when a
nonlinear kernel is used. Our nonparametric model can be directly obtained
from the dual problem of (5.9) and (5.10), illustrated below.

Theorem 5.3.1. Given a positive definite kernel K : R? x R* — R with
K(t,s) = ¢(t)T¢(s) and reqularization constants v1,7v2 € RY, the dual problem
of (5.9) is posed as:

Q1+ L,/ Q12Y,,, 1, o On,
Y5, Q01 Qoo + Iny /72 | Yoo ln, Br | = | lu, (5.11)
17TLl 1£2Yn2 0 by 0

with a; € R™M 31 € R™2,Qq = @1@{,922 = (I)Q(I)g,ng = (I)l(bg and Q91 =
Q{z. In other words, the elements of Q11 are calculated by K(x;,x;),1,7 € I1,
and so are Q12,21 and Qas.

Proof. The Lagrangian of the constrained optimization problem (5.9) becomes

L(wl,b1’e7§7alaﬁl) =

1
5 w?w1 + %eTe + %ng - a,{ (@1'[[}1 + b11n1 - 6) -

ﬁ{ (Yn2 |:<D2w1 + b11n2:| + 5 - 1n2)

where a7 and (37 are the Lagrange multipliers corresponding to the constraints
in (5.9). Then the Karush-Kuhn-Tucker (KKT) optimality conditions are as



126

NON-PARALLEL CLASSIFIERS

follows,

oL

87'1111 =0— wy = q),{al + (I)gyngﬁlv
oL

ooy = 0— 1F ay +17Y,,B1 =0,
oL (5]

= _0 _ _ -t

Oe - M’

oL B

- =0— —,

o8 . Y2

oL

— =0 (I)lw1+b11n1 —e =0,
(9041

oL

—=0— Yng [®2w1 +b11n2:| +€ = 1n2-
b

After elimination of the primal variables wq,e, & and making use of Mercer’s
Theorem, one can obtain the solution in the dual by solving linear system

(5.11).

O

Using a similar argument, one can show that the solution of optimization
problem (5.4) can be obtained in the dual by solving the following linear system:

Qoo + I, /M Q1Y) 1, Qo Orsy
Y, Q1o Qi+ Ly /e | Yo, ln, Ba | = | 1n, (5.12)
K 0 bo 0

with ag € R™2, 35 € R™.

Via solving (5.11) and (5.12), we obtain the optimal dual variables aq 2, 51,2,
and by 5. Then for the unseen test data points D'*** = {27 }7}* the labels can
be determined using (5.2) where

dl (Dtest)

_ |q)testw1 + b 1ntest |
w12

_ |(I)tcst ((I)Tal + ¢%1Yn251) + bl]'ntest
@1 a1 + @5V, |2

)
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and

_ |(I)testw2 + b21nte5t

w22

d2 (Dtest)

_ |Prest (q)gQZ + (I)?Ym B2) +baly,..,
|07 s + @Yy, B2l

Here ®regr = [0(x7), ..., (a5, )]T. Thanks to the KKT optimality conditions,
wi and wy are written in terms of Lagrange multipliers.

Next we will show that when we set 1 = 72, (5.11) and (5.12) reduce to least
squares support vector machine classifier [160], given below,
1
anl)ré inw + %eTe
(5.13)

subject to Y {(bw + blN] =1y —e,

where N = nj + ns is the number of training data in both class 1 and class 2.
and Y is a diagonal matrix which contains the labels of all classes i.e. -1 and
+1 on the main diagonal.

Theorem 5.3.2. Problems (5.9) and (5.10) are equivalent to the standard least
squares support vector machine classifier (5.13) when y1 = 7.

Proof. Consider problem (5.9) with least squares loss and v = 2. We
introduce a new variable by = b; + 1/2, and rewrite (5.9) as follows:

1
e gulmt geler e
. ~ 1
subject to Y, |Prw1 +b11,, | —e= 51"1 (5.14)

- 1
Yn2 |:‘I)2w1 + b11n2:| + é. = ilnza

where Y,,, is defined as previously. Since y; = 72, by combining the constraints,
one can rewrite (5.14) as follows:

min
wi,by,€ 2

(5.15)

subject to €

1 ~
51]\/ — YN [(I)le + lelN:|,
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where & = [ 2; ],é: [ H’YN: [ 112 ] and 1y = [ 12 ]
Now let @ = 2w, and b = 2b, then one can find that (5.15) is equivalent to the
following optimization problem:

1
min ()T () + 2 ()7 (e)
w,b,e 2 2
(5.16)
subject to e=1x5 —Yn {@w + l_le} ,
which is indeed the classical LSSVM classifier formulation. O

Similarly one can demonstrate that (5.29) with least squares loss and v = 7o
will be equivalent to (5.13). This relationship implies that the LS-LS is an
extension to LSSVM, from which we can start from LSSVM and then improve
the classifier using LS-LS model.

5.3.2 Case: LS-Hinge loss

In the non-parallel SVM framework (5.3) and (5.4), if we choose the least
squares loss for L;)(-) and hinge loss for L(3)(-), then the problem in the
primal has the following form

— ) )
wlr’n}rﬁl’ wy wq + e e+ vy nzg

subject to ®jw; +b11,, =¢

(5.17)
Yng |:(I)2w1 + b11n2:| + € Z 1712
§ 2> Oy,
and L
: T Yo7 T
= = 1
e pUtrt e et el
subject to  ®awa + bal,, =€
(5.18)

Yn1 |:‘I)1w2 + b21n1:| + f Z 1711

£ 2 0p,.
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The Lagrangian of the constrained optimization problem (5.17) becomes

£<w1?blaea§7a1551752) = (519)
1

3 wlwy + %eTe +71E ¢ —af ((Dlwl +b11,, — e) - (5.20)
ﬁ{ (Yng |:(I)2w1 + b11n2:| + E - 1n2> - ﬁgé-? (521>

where a1 and 87 > 0 and By > 0 are the Lagrange multipliers corresponding
to the constraints in (5.17). Then the solution is characterized by the saddle
point of the Lagrangian

max min £(w17b17€7€7alaﬁlaﬂ2>'
ai,B1,B2  wi,bi,e€

The Karush-Kuhn-Tucker (KKT) optimality conditions are as follows,

oL

ai’wl =0— w = q)?ozl + @gYnzﬂla

oL

o5 =0~ Lo+ 15,00 =0,
1

oL

—=0—=e= —%,

Oe T

oL

67§ZO_> 0<51 <’Y21n2

p1=>0

B2 > 0.

Substituting the equations obtained from KKT conditions into the Lagrangian
(5.19) and maximizing with respect to the Lagrange multipliers yields the
following dual problem of (5.17):

1
max — fulTHlul + Fiun
M1 2

subject to  Aju; =0 (5.22)

0 < 61 < 721712;
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Qi1 + ’Yfl[nl Q12Y),
Y, Q01 ‘ Vo Q20Vn, |
and A; =[17 1T v,.].

niy) Tng N2

p = [an T, 817, By = [0 1T ],

where H; = 1o s

Correspondingly, the dual problem of (5.18) can be constructed as follows:

1
max — —pE Hapy + Faps
142 2

subject to  Aous =0 (5.23)

0 é ﬁl S 7217111

Qoo + 77 oy Q1Y
Y, Q12 ‘ Y, Q1Y
and Ay = 1717 Y, ].

na? TNq

y M2 = [alTvﬁlT]T’ F = [OT 1k ]7

ng? TNy

where Hy =

In (5.22) and (5.23) the kernel generated surfaces are not used and our
formulation enjoys the advantages of having primal and dual formulations with
applying the kernel trick. Also the structural risk minimization is obtained by

means of the regularization terms w] w; and wl ws.

If one uses the least squares loss for both Lq)(-) and Ls)(-), then in the dual a
set of linear systems have to be solved but no sparsity will be achieved. Whereas
if one chooses typical SVM losses, e.g., e-insensitive zone loss for L(l)(-), and
hinge loss for L(,(-), then in the dual the hyperparameters of the model can
be obtained by solving a convex quadratic optimization problem. In this case
sparsity is enhanced since the training points that are correctly classified and
are far enough from the margins will have no influence on the decision boundary.
One can also use Huber loss function for L;)(-) to cope with the noise or outliers
in the data set.

5.3.3 Case: LS-Pinball loss

When the hinge loss is minimized, the distance that we maximize is related to
the nearest points which is prone to be sensitive to noise. Therefore attempts
have been made to overcome this weak point by changing the definition of the
distance between two sets. For instance, if one uses the distance of the nearest
20% points to measure the distance between two sets, the result is more robust.
Such distance is a kind of quantile value, which is closely related to pinball loss
[87, 153]. In classification, we consider the following definition of pinball loss:

u, u >0,
Lr(u) = { —T1u, u<O0.
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The pinball loss has been used for classification problems in [78]. The
advantage of using the pinball loss holds as well for non-parallel classifiers. The
corresponding model can be formulated as the following quadratic programming
problems,

: L 7 Yo7 T
— — 1
S Ut yeretialyg
subject to ®iw; +b11,, =€
(5.24)
Yn2 [fbgwl + b1 1n2] + f Z 1712
1
Yng [(I)Zwl + bl lng] - ;g S 1n25
and 1
. T T 7 T
— — 1
wiiB e gt e et mlnd
subject to  ®ows + bal,, =€
(5.25)

Ynl [(I)lw2 + b21n1] + 5 Z 1711
1
Yn1 [(I)lw2 + b2]-n1] - ;g S ]-n1~

Similar to the previous discussions (see subsection 5.3.2), we can derive the
corresponding nonparametric model. The dual problem of (5.24) is

1
max — f;[{Hlm + Fiin
K1 2
subject to Ay =0 (5.26)
- 7721712 S ﬁl S 7217127
and that of (5.25) is
1
max — 3 Hapis + Fopis
142 2
(5.27)

subject to  Asus =0

- 7721711 S Bl S 72]-n1~

When 7 =0, (5.26) and (5.27) reduces to (5.22) and (5.23), respectively. From
this point of view, the LS-Pinball is an extension to the LS-Hinge. This
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relationship also can be observed via comparing the hinge loss and pinball
loss in the primal.

Theorem 5.3.2 tells us that LS-LS with particular parameters reduces to
LSSVM. We are also interested in the relationship between other non-parallel
classifiers and parallel ones. In parallel classification methods, only one loss
function is minimized. In the proposed non-parallel framework (5.1), there are
two loss functions involved. Only when we choose a unique loss for both L1 (:)
and Lo)(-), it is possible to reduce the non-parallel models to parallel ones.

5.4 Guidelines for the User

The proposed framework for constructing the non-parallel classifier consists
of two types of loss functions: scatter and misclassification. As mentioned
previously, any scatter loss function can be used for L(-) and at the same
time any misclassification loss can be employed for L()(-). Depending on the
prior knowledge about the data under study, one may choose a specific scatter
or misclassification loss function. For instance if the data is corrupted by label
noise one may prefer to use the hinge or pinball loss misclassification which
are less sensitive to outliers compared to least squares loss. In case no prior
knowledge is available, then, in general, choosing the loss functions can be
regarded as user defined choice. One may try different loss functions and select
the one with minimum misclassification error on the validation set. Based on
the statistical properties of each of the loss functions the following qualitative
conclusion can be drawn.

Table 5.1: Qualitative conclusion for different loss functions

Type of noise LS-LS LS-Hinge LS-Pinball

Label noise O O O
Feature noise [ O 0

Remark 5.4.1. One may notice that according to Theorem 5.3.2 the LSSVM
is a special case of LS-LS (with the ratio r = 1). Therefore in practice one
can start with the LSSVM algorithm and gradually change (tune) the ratio
r, to obtain the mon-parallel classifier with a better performance compared to
the LSSVM. After reaching the stage where the non-parallel classifier is built,
one then can choose empirically the loss function that obtains the minimum
misclassification error on the validation set.
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Algorithm 6: Guidelines for the user

Input: Training data set D = {z;}}¥ ,, labels {y;})¥,, the tuning parameters

(if any)
Output: Class membership of test data points D¢

Option 1. Try all combinations of the loss functions and choose the one with
minimum misclassification error on the validation set.

Option 2. Start with the LSSVM approach,

Employ Theorem 5.3.2 and obtain a non-parallel classifier,

Search for the best possible loss functions with minimum misclassification
error on the validation set.

5.5 Non-parallel Semi-Supervised KSC

Here the LS-LS loss function introduced in section 5.3 is used to build a non-
parallel semi-supervised classifier (NP-Semi-KSC). The model uses the Kernel
Spectral Clustering as core model and the available labeled data points are
integrated into the primal optimization problem via a regularization term. In
the training phase, the algorithm learns two non-parallel hyperplanes using
both labeled and unlabeled data points. Suppose the training data set X
consists of M data points and is defined as follows:

X = {551» s TNG TN A+15 ooy CN+Ly s TN AL +15 ~7$N+el+£2}
——

Unlabeled Labeled with (+1) Labeled with (—1)
(Xv) (Xz,) (XLy)

where {z;}M, € RY. Let us decompose the training data into unlabeled
and labeled parts as X = Xy U X, U A, where subsets Ay, A7, and A7,
consisting of Ny unlabeled samples, N1 samples of class I and Nz, samples of
II respectively. Note that the total number of samples is M = Ny + N1+ Npo.
The target values are denoted by set ) which consists of binary labels:

YV=A{+1,...,+1,-1,...,—1}.

1

2

Y Y

The same decomposition procedure is applied for the available target values i.e.
Y = y' Uy? where y' and y? consist of labels of the samples from class I and
IT respectively.

We seek two non-parallel hyperplanes

filz) =wip(x) +b1 =0, folz) =w;p(x)+by=0
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where each one is as close as possible to the points of its own class and as far
as possible from the data of the other class.

5.5.1 Primal-Dual formulation of the method

We formulate a non-parallel semi-supervised KSC, in the primal, as the
following two optimization problems [118]:

1
min —wlw; + lnTn + e §T§ FY?’ el D71
wi,b1,e,m,§ 2 2

subject to  wi @(x;) + by =n;, Va; €1

(5.28)
y? {w{gp(ml) + bl} +& =1,V €11

wlTw(xi) +by=¢;, Vr; € X

where 71,7 and 73 € Rt by € R, n € RNt1 ¢ € RVe2 e € RM | wy € RM.
©(+) : R* = R" is the feature map and h is the dimension of the feature space.
: 1 Yaor Y5 or, Y6 T
= = —e' D
i, U e g e
subject to  wi @(x;) + by = pi, Ya; € IT
(5.29)

yz1 [wg@(xl) + bg] +v;=1, Vo, €1
wy o(x;) + by = e;, Vo € X

where 74,75 and 76 € RT. by € R, p € RV22 v € RV21 e € RM wy € R, (1)
is defined as previously.

The intuition for the above formulation can be expressed as follows. Consider
optimization problem (5.28), the first constraint is the sum of squared distances
of the points in class I from the first hyperplane i.e. fi(2) and minimizing this
distance will make fi(x) to be located close to points of class I. The second
constraint will push f(x) away from data points of class II (the distance of
f1(z) from the points of class II should be at least 1). The third constraint is
part of the core model (KSC). A similar argument can be made for the second
optimization problem (5.29). By solving optimization problems (5.28) and
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(5.29) one can obtain two non-parallel hyperplanes where each one is surrounded
by the data points of the corresponding cluster (class). Let us assume that class
I and II consist of samples with targets (+1) and (-1) respectively. Then one
can manipulate the objective function of the above optimization problems and
rewrite them in primal as follows:

1
min —wlw; + T Ae + B(S’l + Be)T(S1 + Be)
wl,bl,e 2 2 2
B %STDfle (5.30)

subject to  wl () + b1 = e;, Va; € X

1
min —wlwy + W eTBe + E(52 — Ae)T(Sy — Ae)
’wz,bg,e 2 2 2
_ Y6, 1p-1, (5.31)

2

subject to wgw(xi) + by =e;, Vo, € X,
where
ONuxNU ONUXNL1 ONUXNL2
A= ONL1><NU INLl ONL1><NL2 ) (532)
ONL2><NU 0NL2><NL1 ONL2><NL2

ONuXNU ONUXNLl ONUXNLQ
B = 0NL1><NU 0NL1><NL1 ONLl X Nr2 (533)
0NL2><NU ONL2><NL1 ]NLZ
S1=Bly, Ss=Aly. (5.34)

Here 1) is vector of all ones with size M. Iy,, and Iy,, are identity matrix
of size Ny1 X N1 and Npo X Ny respectively. One can further simplify the
objective of the (5.30) and (5.31) and rewrite them as follows:

1 1
min —wlw; — T (43D — 41 A — yuB)e+
wl,bl,e 2 2
2 (sTs1+257e) (5.35)

subject to Pwy + b1l = e,
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1 1
min —wiwy — el (6D — B — y5A)e+
wz,bg,e 2 2

2 (575 — 257e) (5-36)

subject to  Pwo + balys = e,

Here ® = [p(11),...,0(zr)]T.

Lemma 5.5.1. Given a positive definite kernel function K : R4 x R — R with
K(z,2) = o(z)Tp(2) and regularization constants v1,v2,v3 € RY, the solution
to (5.35) is obtained by solving the following dual problem [118]:

(ViC1Q — Inp)a = 30T Sy (5.37)
where Vi = 43D~ — v A — vB and C1 = Iy — (1/15,Vila) 113, V1, a =
[, ... ,on]T and Q = ®OT is the kernel matriz.

Proof. The Lagrangian of the constrained optimization problem (5.35) becomes

1 1 _
L(wi,bi,e,a) = 5“’;“’1 - ieT(%D '~y A —yB)et

%(S?Sl + 25?6) + OéT (e - (le — blle)

where « is the vector of Lagrange multipliers. Then the Karush-Kuhn-Tucker
(KKT) optimality conditions are as follows,

z%l =0— w =d7a,
oL _ _
a—blf()% 1{404—0,
(5.38)
9L =0— a= (D' —mA—7B)e— 1S,
9L — 0 — e = dwy + b1y

Do

Elimination of the primal variables wq, e and making use of Mercer’s Theorem,
will result in the following equation

ViQa + b Vily = Oé+’}/251 (539)
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where Vi = v3D~! — 41 A — 7o B. From the second KKT optimality condition
and (6.5), the bias term becomes:

by = (1/15,Vily) (137281 — 13, V1Qa). (5.40)

Substituting the obtained expression for the bias term by into (6.5) along with
some algebraic manipulation one can obtain the solution in dual as the following
linear system:

Vila1%, 113,
Iy — S =WVi| Iy — ———— | Qa — a.
'72<M lﬂVﬂM 1 1\ im 1{/1V11M a—Q
O
Lemma 5.5.2. Given a positive definite kernel function K : R x R* — R with

K(z,2) = p(2)T¢(2) and regularization constants vs,7s,v6 € R, the solution
to (5.36) is obtained by solving the following dual problem:

(In — Va02) B3 = 7503 Sa, (5.41)

where Vo = 4Dt —y4B—s5A, B = [B1,...,Bu|" are the Lagrange multipliers
and Cy = Iy — (1/15,Vala) 112, Vo, Q and Iy are defined as previously.

Proof. The Lagrangian of the constrained optimization problem (5.36) becomes

1 _
—eT(%6D™! — B — 5 A)e+

1
£(’U}2,b2,€,ﬁ) = 7wgﬂw2 - )

2
%(SQTS2 —25T¢) + 8T <e — Pwy — b21M>

where S are the Lagrange multipliers. Then the Karush-Kuhn-Tucker (KKT)
optimality conditions are as follows,

0L =0 — wy = 0TB,

Ows

oL __ T 3 _
2 =0 1]8=0,

(5.42)
9L =0 B= (D' —74B —ysA)e+ 755,
?Tg =0— e=dwy + balyy.

After elimination of the primal variables wsy,e and making use of Mercer’s
Theorem, one can obtain the following equation

VoQB 4+ baVoly = B — 555 (543)
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where Vo = 74Dt — 74 B — y5A. From (5.43) and the second KKT optimality
condition, the bias term becomes:

by = (1/13,Valar)(—13,7252 — 13, V208). (5.44)

Substituting the obtained expression for the bias term by into (5.43) along with
some algebraic manipulation will result in the following linear system:
11T,V ) Q

17, Valyy

Valp17T,
17 Voln

75(IM— )52:5—‘/2(11\/1—

The proposed model selection criterion can be expressed as follows:

argmax & F(y1,72,73,0) + (1 — k) Acc(y1, V2, V3, 0)

Y1,72,73,0
which is an affine combination of Fisher criterion (F) [27] and classification
accuracy (Acc). The Fisher criterion measures how localized the clusters
appear. x € [0, 1] is a user-defined parameter that controls the trade off between
the importance given to unlabeled and labeled samples. In case few labeled
samples are available one may give more weight to Fisher criterion and vice
versa.

After completing the training stage and obtaining two non-parallel hyperplanes,
the labels of the unseen test data points Xjest = {Tiegs,--., Ty} are
determined depending on the perpendicular distances of the test points from
the hyperplanes (see Fig. 5.2):

Label(X;est) = arg min {dj (Xiesr) ), (5.45)

where

Dot + b1,
A (Xpest) = HIIwkkHQk|k =1,2. (5.46)

Here (I)test - [(P(x%est)v ceey Qp(x?est)}T'

The procedure of the proposed non-parallel semi-supervised classification is
outlined in Algorithm 7.
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Figure 5.2: Data points of class I and II are marked by plus and circle signs
respectively. The obtained non-parallel hyperplanes wi¢(z) + by = 0 and
wl'o(x) + by = 0, are depicted by solid lines. The obtained decision boundary
is shown by the dashed line.

Algorithm 7: Non-parallel semi-supervised KSC (NP-Semi-KSC)

Input: Training data set X, labels ), the tuning parameters {v;}?_,, the
kernel bandwidth o and the test set Xjest.
Output: Class membership of test data.

1: Solve the dual linear system (5.37) to obtain a and compute the bias
term by by (6.6). Therefore the first hyperplane (hypersurface) can be
constructed.

2: Solve the dual linear system (6.3) to obtain § and compute the bias term
by by (5.44). Therefore the second hyperplane (hypersurface) can be
constructed.

3: Compute the class membership of test data points using (5.45) and (5.46).
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5.6 Numerical Experiments

5.6.1 Classification

In this section experimental results on a synthetic dataset called “cross-planes”
and real-life datasets from the UCI machine learning repository [13] are given.
We compare the performance of the proposed methods (LS-Hinge, LS-LS, LS-
pinball) with classical LSSVMs and the method described in [8] over the above-
mentioned datasets.

We first consider the cross-planes data set for the relationship between LSSVMs
and LS-LS, which has been studied in Theorem 5.3.2. The obtained results are
depicted in Figure 5.3. LSSVMs with linear kernel are first tuned on this data
set to obtain the optimal regularization parameter v. Then the obtained + is

fed into the LS-LS formulation as «; and regularization parameter v, is set to
7

L
From Figure 5.3, it can be seen that the performance of the LS-LS when r =1
(71 = 72), is exactly equal to the performance of classical LSSVMs, i.e., we
obtain two parallel hyperplanes. Whereas by changing the ratio r, which is
defined as ~y1/72, the classification accuracy is improved significantly. This
is purely due to the ability of the proposed approach for designing two non-
parallel hyperplanes. By changing the r value, hyperplanes start changing their
directions. The optimal value for r is obtained by cross-validation method.

Figure 5.4, corresponds to the case when we have label noise, which can be
regarded as outliers, in the data. As it was expected LS-LS is sensitive to noise
whereas applying hinge or pinball loss functions will compensate the outliers
to large extend.

For UCI data sets, the parameters, including regularization constants i, yo,
kernel bandwidth o, and in the case of pinball loss the parameter 7, are obtained
using Coupled Simulated Annealing [182] approach initialized with 5 random
sets of parameters. On every iteration step for CSA method we proceed with
a 10-fold cross-validation.

Descriptions of the used datasets from [13] can be found in Table 5.2. For
Ecoli dataset some of the classes are merged in order to avoid unbalanced
classes. One may consider the works reviewed in [156] to tackle the unbalanced
classes.

We have artificially introduced random label and feature noise. To generate
label noise, we randomly select 5% of samplings and change the observed labels.
To generate feature noise, we add Gaussian noise to each feature and the signal-
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LSSVMs LS-LS with r =1

Class 2 Class 2

Class 1 Class 1

LS-LS with r = 10000

1]
Class 2 0.8 Class 2
0.6
0.4
Class 1 02 Class 1
0
0 0.2 0.4 0.6 0.8 1
(c) (d)

Figure 5.3: (a) Classification result obtained by LSSVMs with linear kernel,
(b) Classification result obtained by LS-LS with linear kernel and r = 1, (c)
Classification result obtained by LS-LS with linear kernel and r = 166.82, (d)
Classification result obtained by LS-LS with linear kernel and r = 10000.
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LS-LS with » = 3162.27 LS-Hinge with » = 56.2341

08 Class 2 Class 2
0.6
0.4
02 Class 1 Class 1
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
(a) (b)

Figure 5.4: (a) Classification result obtained by LS-LS with nonlinear RBF
kernel and, (b) Classification result obtained by LS-Hinge with nonlinear RBF
kernel.

Table 5.2: Dataset statistics

Dataset # training data # testing data # attributes # classes
Iris 105 45 4 3
Spect 80 187 21 2
Heart 135 135 13 2
Ecoli 100 236 7 5
Monk1 124 432 6 2
Monk2 169 132 6 2
Monk3 122 432 6 2
Ionosphere 176 175 33 2
Spambase 500 4101 57 2
Magic 500 18520 10 2
Seeds 147 63 7 3
Wine 125 53 13 3

to-noise ratio is set to 20. All features for these data sets were normalized in
a preprocessing step. We computed the means of the obtained accuracy over
10 simulation runs (every run includes 10 fold cross validation). The obtained
results for RBF kernel are tabulated in Table 5.3, where the type of noise (no
noise, label noise, feature noise, both label and feature noise), dimension of the
data, and the size of the training and testing sets are reported.

As discussed previously, the proposed non-parallel SVMs have more flexibility
than the classical SVMs. The advantage of non-parallel classifiers is more
obvious in the linear kernel than in the RBF kernel case, since the RBF
kernel itself provides enough flexibility for many cases. Therefore, in many
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Table 5.3: Average binary classification accuracy on test sets with RBF kernel
over 10 simulation runs with 5% label or/and feature noise

Datasets Noise LSSVM [160] LS-Hinge LS-Pinball LS-LS LSTWSVM (8]

Monkl  no noise 0.77 0.81 0.91 0.96 0.77
label 0.78 0.79 0.79 0.78 0.78

feature 0.72 0.73 0.72 0.72 0.64

both 0.71 0.71 0.73 0.71 0.73

Monk2  no noise 0.87 0.86 0.87 0.88 0.88
label 0.83 0.82 0.83 0.83 0.84

feature 0.71 0.70 0.71 0.70 0.72

both 0.69 0.72 0.72 0.70 0.71

Monk3  no noise 0.92 0.92 0.92 0.93 0.91
label 0.90 0.91 0.92 0.90 0.88

feature 0.85 0.85 0.87 0.83 0.81

both 0.84 0.84 0.86 0.84 0.80

Spect no noise 0.74 0.76 0.77 0.84 0.81
label 0.77 0.78 0.75 0.77 0.77

feature 0.71 0.77 0.74 0.78 0.81

both 0.67 0.71 0.77 0.73 0.74

Ionosphere no noise 0.94 0.94 0.94 0.94 0.93
label 0.93 0.93 0.94 0.94 0.93

feature 0.92 0.92 0.93 0.93 0.90

both 0.89 0.92 0.93 0.93 0.92

Heart no noise 0.83 0.82 0.81 0.83 0.70
label 0.82 0.82 0.82 0.82 0.62

feature 0.86 0.85 0.85 0.85 0.54

both 0.82 0.82 0.82 0.83 0.63

Magic no noise 0.78 0.79 0.79 0.78 0.59
label 0.78 0.78 0.78 0.79 0.50

feature 0.78 0.78 0.77 0.78 0.54

both 0.77 0.71 0.77 0.78 0.51

Spambase no noise 0.88 0.91 0.91 0.91 0.50
label 0.89 0.90 0.90 0.90 0.50

feature 0.88 0.88 0.89 0.89 0.51

both 0.86 0.86 0.88 0.88 0.50

applications, the performance of classical SVMs and the non-parallel SVMs
are similar. In Table 5.2, we only list the data sets with significant difference.
The proposed non-parallel SVMs have different properties, due to the used loss
functions. These properties have been discussed previously. The least squares
error is insensitive to feature noise but could be significantly affected by large
outliers. Hence LS-LS generally performs well in feature noise cases but not in
label noise cases. The LSTWSVM is also a kind LS-LS scheme and has similar
performance as LS-LS. In contrast, the hinge loss is robust to outliers but only
a few samples contribute the classifier. In this way the obtained classifier is
robust to label noise but is sensitive to feature noise. The property of pinball
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loss used in classification has been discussed in [78]. Accordingly, LS-Pinball
is a trade of between LS-LS and LS-Hinge and can give a good classifier when
the data are contaminated by both label and feature noise.

The non-parallel framework (5.1) is proposed for multi-class problems. In
the next experiment, we consider four data sets from UCI machine learning
repository. As for binary case, four scenarios: no noise, label noise, feature noise
and feature/label noise are investigated. The average classification accuracy on
test sets over 10 simulation runs are tabulated in Table 5.4. The performance
of the proposed schemes on multi-class problem coincides with our explanation
for binary classification tasks.

Table 5.4: Average multi-class classification accuracy on test sets with RBF
kernel over 10 simulation runs with 5% label or/and feature noise.

Datasets Noise LSSVM [160] LS-Hinge LS-Pinball LS-LS LSTWSVM [g]

Ecoli no noise 0.85 0.84 0.84 0.85 0.84
label 0.81 0.82 0.81 0.79 0.81

feature 0.83 0.82 0.83 0.81 0.80

both 0.78 0.77 0.79 0.79 0.76

Iris no noise 0.97 0.96 0.96 0.94 0.96
label 0.93 0.94 0.95 0.93 0.93

feature 0.93 0.93 0.94 0.94 0.93

both 0.93 0.92 0.94 0.93 0.89

Seeds  no noise 0.95 0.93 0.94 0.95 0.95
label 0.93 0.94 0.94 0.91 0.92

feature 0.92 0.92 0.93 0.94 0.92

both 0.89 0.90 0.91 0.90 0.89

Wine no noise 0.98 0.99 0.99 0.97 0.98
label 0.97 0.98 0.99 0.96 0.98

feature 0.97 0.98 0.98 0.98 0.97

both 0.97 0.98 0.98 0.97 0.97

5.6.2 Semi-supervised classification

The synthetic problem consist of four Gaussians with some overlap. The full
dataset includes 200 data points. Each one of the training and validation sets
consist of 100 points randomly selected form the entire dataset. Artificially
binary labels are introduced for eight points.

The performance of the Semi-KSC [5] and the proposed method in this chapter
when a linear kernel is used are shown in Fig. 5.5. Due to the ability of the
method to produce two non-parallel hyperplanes the data points are almost
correctly classified whereas Semi-KSC is not able to do the task well in this
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case. This example can motivate the use of non-parallel Semi-KSC over Semi-
KSC.

The performance of the method is also tested on some of the benchmark
datasets for semi-supervised learning described in [42]. The benchmark consists
of four data sets as shown in Table 5.5. The first two i.e. g241c and g241d,
which consist of 1500 data points with dimensionality of 241, were artificially
created. The other two datasets BCI and Text were derived from real data. All
datasets have binary labels. BCI has 400 data points and dimension 117. Text
includes 1500 data points with dimensionality 11960.

For each data set, 12 splits into labeled points and remaining unlabeled points
is already provided (each split contains at least one point of each class). The
tabulated results indicate the variability with respect to these 12 splits. In
order to have a fair comparison with the recorded results in [5], for each split a
training set of Ny, = 150 unlabeled samples are randomly selected for BCI data
set and for all the other data sets IN;,. = 600. The same number of unlabeled
samples used in training sets are drawn at random to form the unlabeled
samples of the validation sets. Among the labeled data points, 70% is used
for training and 30% for the validation sets.

The result of the proposed method (NP-Semi-KSC) is compared with that
of Semi-KSC, Laplacian SVM (LapSVM) [21] and its recent version LapSVMp
[122] recorded in [5] over the datasets mentioned. When few labeled data points
are available the proposed method shows a comparable result with respect to
other methods. But as the number of labeled data points increases NP-Semi-
KSC outperforms in most cases the other methods.

Table 5.5: Average misclassification test error x100%. The calculation of the
test error is done by evaluating the methods on the full data sets. Two cases for
the labeled data size are considered (i.e. # labeled data points=10 and 100).
In the case of 10 labeled data points, the performance of the proposed method
is comparable to that of the other methods. When 100 labeled data points are
used, the proposed method shows a better perfromance compared to LapSVM
[21], LapSVMp [122] and Semi-KSC [5].

# of Labeled data Method g241c g241d BCI Text

10 LapSVM 0.48 £0.02 0.42+0.03 0.484+0.03 0.37+0.04
LapSVMp 0.49 +£0.01 0.434+0.03 0.48+0.02 0.40+0.05

Semi-KSC  0.42 + 0.03 0.43 +0.04 0.46 £ 0.03 0.29 + 0.06
NP-Semi-KSC 0.44 £+ 0.03 0.41 4 0.02 0.47 +£0.03 0.40 £+ 0.05

100 LapSVM 0.40 £0.06 0.31£0.03 0.37 £0.04 0.27 £ 0.02
LapSVMp  0.36 +£0.07 0.31 £0.02 0.324£0.02 0.3240.02

Semi-KSC  0.2940.05 0.28 +0.05 0.28 £0.02 0.22 4 0.02
NP-Semi-KSC 0.23 £ 0.01 0.26 4+ 0.02 0.26 £ 0.01 0.23 £ 0.02
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KSC with RBF kernel Semi-KSC with linear kernel

Figure 5.5: Toy Problem-Four Gaussians with some overlap. The training and
validation parts consist of N;. = 100 and N,, = 100 unlabeled data points
respectively. The labeled data points of two classes are depicted by the blue
squares and green circles. (a) Result of kernel spectral clustering (completely
unsupervised). (b): Result of semi-supervised kernel spectral clustering when
linear kernel is used. The separating hyperplane is shown by blue dashed line.
(c): Result of the proposed non-parallel semi-supervised KSC when linear kernel
is used. Two non- parallel hyperplanes are depicted by blue and green dashed
lines.
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5.7 Conclusions

In this chapter, a general framework for non-parallel classifier is proposed.
As opposed to conventional approaches, the burden of formulating different
optimization problems in the case of applying a non linear kernel, is avoided
via utilizing the kernel trick in the dual. This framework enables the possibility
of using different types of loss function. Generally, different loss functions
perform well for different problems, which is supported by the numerical
experiments.  With the proposed non-parallel classifiers, one can choose
the suitable loss functions and achieve satisfactory performance for different
noise levels. Moreover, a non-parallel semi-supervised formulation based on
kernel spectral clustering is developed. Semi-KSC formulation [5] is a special
case of the proposed method when parameters of the new model are chosen
appropriately. The validity and applicability of the proposed method is shown
on synthetic examples as well as on real benchmark datasets.






Chapter 6

Semi-Supervised Learning

In this chapter, a multi-class semi-supervised learning algorithm using kernel
spectral clustering (KSC) as a core model is proposed. A reqularized KSC
is formulated to estimate the class memberships of data points in a semi-
supervised setting using the one-vs-all strategy while both labeled and unlabeled
data points are present in the learning process. The propagation of the labels
to a large amount of unlabeled data points is achieved by adding regularization
terms to the cost function of the KSC' formulation. In other words, imposing
the regularization term enforces certain desired memberships. The model is
then obtained by solving a linear system in the dual. Furthermore, the optimal
embedding dimension is designed for semi-supervised clustering. This plays
a key role when one deals with a large number of clusters. In addition, two
approaches are proposed in order to make the algorithm scalable to large scale
data sets where a huge amount of unlabeled data points is available. The
highlights of this chapter can be summarized as follows:

e Using an unsupervised model as the core model and incorporating the
available side-information (labels) through a regularization term.

o Addressing both multi-class semi-supervised classification and semi-supe-
rvised clustering.

o FExtension of the binary case to multi-class case and addressing the
encoding schemes.

e Realizing low embedding dimension to reveal the existing number of
clusters.

149
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o Addressing scalability of the algorithm for dealing with large scale data
sets.

6.1 Related Work

The incorporation of some form of prior knowledge of the problem at hand into
the learning process is a key element that allows an increase of performance in
many applications.

In many contexts, ranging from data mining to machine perception, obtaining
the labels of input data is often difficult and expensive. Therefore in many
cases one deals with a huge amount of unlabeled data, while the fraction of
labeled data points will typically be small.

Semi-supervised algorithms aim at learning from both labeled and unlabeled
data points. In fact in semi-supervised learning one tries to incorporate
the labels (prior knowledge) in the learning process to enhance the cluster-
ing/classification performance. Semi-supervised learning can be classified into
two categories, i.e. transductive and inductive learning. Transductive learning
aims at predicting the labels for a specified set of test data by taking both
labeled and unlabeled data together into account in the learning process. In
contrast, in inductive learning the goal is to learn a decision function from a
training set consisting of labeled and unlabeled data for future unseen test data
points. Throughout this chapter we refer to semi-supervised inductive learning
as semi-supervised learning.

The semi-supervised inductive learning itself can be categorized into semi-
supervised clustering and classification. The former addresses the problem
of exploiting additional labeled data to adjust the cluster memberships of the
unlabeled data. The latter aims at utilizing both unlabeled and labeled data to
obtain a better classification model, and higher quality predictions on unseen
test data points.

In some classical semi-supervised techniques, a classifier is first trained using
the available labeled data points and then the labels for the unlabeled data
points are predicted using out-of-extension. In the second step, unlabeled data
that are classified with the highest confidence score are added incrementally to
the training set and the process is repeated until the convergence is satisfactory
[42, 189, 2]. Several semi-supervised algorithms have been proposed in the
literature, see [79, 131, 21, 183, 184, 85, 177]. For instance, the Laplacian
support vector machine (LapSVM) [21], is one of the graph based methods
with a data-dependent geometric regularization which provides a natural out-
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of-sample extension. The authors in [183] used local spline regression for semi-
supervised classification by introducing splines developed in Sobolev space to
map the data points to class labels. A transductive semi-supervised algorithm
called ranking with Local Regression and Global Alignment (LRGA) to learn
a robust Laplacian matrix for data ranking is proposed in [184]. In this
approach, for each data point, the ranking scores of neighboring points are
estimated using a local linear regression model. A label propagation approach
in graph-based semi-supervised learning has been introduced in [85]. The
authors in [177] developed a semi-supervised classification method based on
class membership, motivated by the fact that similar instances should share
similar label memberships.

Many semi-supervised algorithms perform well on relatively small problems,
(see [42] and references therein), but they do not scale well to large
datasets. Therefore turning semi-supervised learning algorithms into practice
is important. For instance a family of semi-supervised linear support vector
classifiers for large data sets is introduced in [151].

Spectral clustering methods belong to a family of unsupervised learning
algorithms that make use of the eigenspectrum of the Laplacian matrix of
the data to divide a dataset into natural groups such that points within the
same group are similar and points in different groups are dissimilar to each
other [130, 174, 49].

Kernel spectral clustering (KSC) is an unsupervised algorithm that represents
a spectral clustering formulation as a weighted kernel PCA problem, cast in
the LSSVM framework [4]. In contrast to classical spectral clustering, there
is a systematic model selection scheme for tuning the parameters and also the
extension of the clustering model to out-of-sample points is possible.

In [157], for the sake of dimensionality reduction, kernel maps with a reference
point are generated from a least squares support vector machine core model
via an additional regularization term for preserving local mutual distances
together with reference point constraints. In contrast with the class of kernel
eigenmap methods, the solution (coordinates in the low dimensional space) is
characterized by a linear system instead of an eigenvalue problem.

Recently the authors in [5] have extended the kernel spectral clustering to
binary semi-supervised learning (semi-KSC) by incorporating the information
of labeled data points in the learning process. Therefore the problem formu-
lation is a combination of unsupervised and binary classification approaches.
Contrary to the approach described in [5], a non-parallel semi-supervised
classification (NP-Semi-KSC) is introduced in [118]. It generates two non-
parallel hyperplanes which are then used for out-of-sample extension.



152 SEMI-SUPERVISED LEARNING

It is the purpose of this chapter to develop a new Multi-class Semi-Supervised
KSC-based algorithm (MSS-KSC) using a one-versus-all strategy. In contrast
to the methods described in [42, 189, 2, 21, 183, 184, 85|, in the proposed
approach we start with a purely unsupervised algorithm as a core model and
the available side information is incorporated via a regularization term. Given
@ labels, the approach is not restricted to find just @ classes (semi-supervised
classification) and instead it is able to uncover up to 29 hidden clusters (semi-
supervised clustering). In addition, it uses low embedding dimension to reveal
the existing number of clusters which is important when one deals with large
number of clusters. There is a systematic model selection scheme for tuning
the parameters and it is provided with the out-of-sample extension property.
Furthermore the formulation is constructed for the multi-class semi-supervised
classification and clustering.

Here KSC [4] is used as the core model. In this case thanks to the discriminative
property of KSC one can benefit from unlabeled data points. Unlike the KSC
approach that projects the data to a k — 1 dimensional space for being able to
group the data into k clusters, here the embedding dimension is rather equal to
the number of available class-labels in the semi-supervised learning framework.

6.2 Semi-Supervised Classification

In this section we assume that there is a total number of @ classes (C;, j =
1,...,Q). The corresponding number of available class labels is also equal to
Q. Suppose the training data set D consists of M data points and is defined
as follows
D= { L1,y TN TN+, "7931\/[}
——
Unlabeled data Labeled data
U) DL

where {z;}M, € R?. The labels are available for the last N, = M — N data
points in Dy, and are denoted by

T _
Z=[2h41s--n201) € RM-N)xQ

with z; € {+1, =1} is the encoding vector for the training point z;.

In the proposed method we start with an unsupervised algorithm as a core
model. Then by introducing a regularization term, we incorporate the available
side information, which in this case are the labels, to the core model. Here the
kernel spectral clustering is used as the core model. Because as it has been
shown in [4] in contrast to classical spectral clustering, KSC has a systematic
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model selection scheme for tuning the parameters and it is provided with the
out-of-sample extension property.

The one-vs-all strategy is utilized to build the codebook, i.e., the training points
belonging to the i-th class are labeled by +1 and all the remaining data from
the rest of the classes are considered to have negative labels. Both the labeled
and unlabeled data points are arranged such that the top N data points are the
unlabeled ones and the rest, i.e. N, are the labeled data points. We consider
the labels of the unlabeled data points to be zero as in [5]. In our formulation
unlabeled data points are only regularized using the KSC core model.

6.2.1 Primal-Dual formulation of the method

We formulate the multi-class semi-supervised learning in the primal as the
following optimization problem [112]:

- ! i OT & _ N i OT o0
wu)ﬁ%{e(@) 2 v v 2 ¢ ¢
=1 =1
Q (6.1)
% 3 (e — )T A@E® — )
=1
subject to e =duw® + 1), 0=1,...,Q,
where ¢ is the ¢-th column of the matrix C' defined as
C =1, DNng = [ONZXQ ] : (6.2)
MxQ

where Oy is a zero matrix of size N x @ and Z is defined as previously. b
is a bias term which is a scalar. The matrix A is defined as follows:

A OnxN ‘ Onx Ny
Onxn | Inpxnvg, |

where Iy, « N, is the identity matrix of size N x Np.

The available prior knowledge, i.e. the labels, is added to the KSC model
through the third term in the objective function of (6.1). This term aims
at minimizing the difference between the score variables of the labeled data
points, i.e. e; for ¢ € Dy, and the actual labels provided by the user. Therefore
it enforces the e; values for the labeled data points to be close enough to the
actual labels in the projection space. Furthermore, since we do not intend to
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prejudge about the memberships of the unlabeled data points, the matrix A is
taking place in the third term in the objective function.

Lemma 6.2.1. Given a positive definite kernel function K : R x R* — R with
K(x,2) = p(x)T(2) and regularization constants v1,ve € RY, the solution to
(6.1) is obtained by solving the following dual problem [112]:

(Ing — RSQ)a®) = 4,8Tc® 1 =1,...,Q, (6.3)
where R = vV — A, alf) = = [o (e) ag\?] are the Lagrange multipliers and

S=1Iy—(1/1%Ripm)1m1%R. Q and Iy are defined as previously.

Proof. The Lagrangian of the constrained optimization problem (6.1) becomes

Lw® 5O e® o®) Zw % BORR VNG
(=1
’y Q
52 e® — )T A(e® _ Oy

=1

Q
Za(e)T(e(z) P — b1 ),

r=1
where a¥) is the vector of Lagrange multipliers. Then the Karush-Kuhn-Tucker
(KKT) optimality conditions are as follows,

3% =0— w® =0Ta® 1=1,....Q,

a?,(% =0— 1%404(2)20,5:17~-~7Q7

(6.4)

% =0— a®) = (71V ’}/QA) +’YQC ® A= 1,. Q

s =0— e =0w® + b1y, 0=1,...,Q.

Elimination of the primal variables w®,e(®) and making use of Mercer’s
Theorem [170], results in the following equation
RO + bW R1y = aD —45c® 0=1,...,0Q, (6.5)

where R = vV — 12 A. From the second KKT optimality condition and (6.5),
the bias term becomes:

b9 = (115, R13) (=15 75¢® — 1T, RQD), 0 =1,..., Q. (6.6)
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Substituting the obtained expression for the bias term b() into (6.5) along
with some algebraic manipulation one can obtain the solution in dual as the
following linear system:

R1y17 117 R
o ([M _ TMM)cw) o _ R<IM _ w)gaw
1y, Rl 13, Rl

O

Remark 6.2.1. It should be noted that since the optimization problem (6.1)
does have equality constraints therefore the KK'T conditions include the primal
equality constraints and the gradient of the Lagrangian with respect to the primal
variables (see [32, Chapter 5]). In (6.4), the first three equations correspond
to the derivative of the Lagrangian with respect to primal variables and the
primal equality constraints are equivalently obtained by taking the derivative of
the Lagrangian with respect to dual variables.

It should be noticed that one can also obtain the following linear system when
the primal variables w(®), e(¥) are eliminated from (KKT) optimality conditions
in (6.4):

Q-R7'|1 al) —R™1ypc®
Y - R =10, (6.7)
TR AT 0
where a9 = [ozgé), . ,ozg\?]T and ) = ®®T is the kernel matrix. Matrix R is
a diagonal matrix and it is invertible if and only if yyv; # 7o fori =1,..., M.

The linear systems (6.3) and (6.7) have a unique solution when the associated
coefficient matrix is full-rank which depends on the regularization parameters.

6.2.2 Encoding/Decoding scheme

In semi-supervised classification, the encoding scheme is chosen in advance since
the number of existing classes is known beforehand. The codebook CB used
for out-of-sample extension is defined based on the encoding vectors for the
training points. If Z = [zlj\}Jrl, oo, 217 is the encoding matrix for the training

points, the CB = {cq}qul, where ¢, € {—1,1}¥, is defined by the unique rows

of Z (i.e. from identical rows of Z one selects one row). Considering the test
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set Dtest = [gtest}Neest the score variables evaluated at the test points become:
¢
egelt = q)t&?th + b(E)thest
= Qe + 001y, 0=1,...,Q, (6.8)

where Qs = Pt ®”. The procedure for the multi-class semi-supervised
classification is summarized in Algorithm 8.

Algorithm 8: Multi-class semi-supervised classification

Input: Training data set D, labels Z, tuning parameters {v;}?_,, kernel

parameter (if any), test set D't = {ztest}Neest and codebook

CB = {cq}gy
Output: Class membership of test data points D?¢s¢

Solve the dual linear system (6.3) to obtain {O/Z}ZQ:1 and compute the bias
term {b'}2_, using (6.6).

Estimate the test data projections {egﬁlt}?zl using (6.8).

3 Binarize the test projections and form the encoding matrix

[Sign(egllt), e ,sign(eggs)t)]mm xq for the test points (Here

egﬁlt = [egﬁlt,lv R ewgi)st,Ntest]T)'

Vi, assign z£°*" to class ¢*, where ¢* = argmin dp (e[, ;, ¢q) and dp (-, -) is the
Hamming distance. ’

6.3 Semi-Supervised Clustering

In what follows we assume that there is a total number of T clusters and a
few labels from @ of the clusters are available (@Q < T'). Therefore we are
dealing with the case that some of the clusters are partially labeled. The aim
is to incorporate these labels in the learning process to guide the clustering
algorithm to adjust the membership of the unlabeled data. Next we will show
how one can use the approach described in section 6.2 in this setting.

6.3.1 From solution of linear systems to clusters: encoding

Since the number of existing clusters is not known a priori, one cannot use
the predefined codebook as in semi-supervised classification. Therefore a new
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scheme is developed for generating a codebook to be used in the learning
process.

It has been observed that the solution vector a¥), £ = 1,. .., Q of the dual linear
system (6.3) has a piecewise constant property when there is an underlying
cluster structure in the data (see Fig. 2(d)). Once the solution to (6.3) is found,
the codebook CB € {—1,1}P*? is formed by the unique rows of the binarized
solution matrix (i.e. [sign(a),...,sign(a(?))]). The maximum number of
clusters that can be decoded is 2¢ since the maximum value that p can take is
29 In our approach the number of encodings, i.e. p, is tuned along with the
model selection procedure. Therefore a grid search on the interval [Q, 29] is
conducted to determine the number of clusters.

It should be noted that in Algorithm 8, the static codebook CB (static in a
sense that the number of codewords is fixed and only depends on @) is known
beforehand and is of size @ x Q. On the other hand in Algorithm 9, the
codebook CB is no longer a static codebook and is of size p x @, where p can
be maximally 2%. Furthermore, it is obtained based on the solution matrix S,
(see steps 2 and 3 in Algorithm 9).

6.3.2 Low dimensional spectral embedding

One may notice that as opposed to kernel spectral clustering [4] where the score
variables lie in a T'— 1 (where T is the actual number of clusters) dimensional
space, in our formulation the embedding dimension is @ which can be smaller
than 7. This can also be seen as the optimized embedding dimension for
clustering which plays an important role when the number of existing clusters
is large. In fact one only requires Q = logT solution vectors to uncover T’
clusters. Therefore one is able to deal with a larger number of clusters in
a more compact way. In contrast with the KSC approach where one needs
to solve an eigenvalue problem, in MSS-KSC formulation one solves a linear
system. It should be noted that although the two approaches share almost the
same computational complexity, the quality of the solution vector obtained by
the proposed algorithm is higher than that of KSC as shown in Fig. 6.6 and
6.7. This demonstrates the advantage of prior knowledge incorporation. The
proposed semi-supervised clustering is summarized in Algorithm 9.
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Algorithm 9: Semi-supervised clustering

Input: Training data set D, labels Z, the tuning parameters {7;}?_;, the
kernel parameter (if any), number of clusters k, the test set
Drest = {glestiNeet and number of available class labels i.e. Q
Output: Cluster membership of test data points D5t

Solve the dual linear system (6.3) to obtain {o/}?zl and compute the bias
term {bé}?:1 using (6.6).

Binarize the solution matrix S, = [sign(a(), ... sign(a!®)]yrxq, where
of =[af,..., a7,
Form the codebook CB = {cq}’q’zl, where ¢, € {—1,1}9, using the k most

frequently occurring encodings from unique rows of solution matrix S,.

4 Estimate the test data projections {eﬁﬁlt};?:l using (6.8).
5 Binarize the test projections and form the encoding matrix
[sign(eﬁlt), e ,sign(eggsi)]]vtest xq for the test points (Here
— ¢ T
Ctest — [etest,h e etest,Nteszc
Vi, assign z!¢* to class/cluster ¢*, where ¢* = argmin dgy (efest’i, ¢q) and
q
dg(-,-) is the Hamming distance.

6.4 Model Selection

The performance of the multi-class semi-supervised model depends on the
choice of the tuning parameters. In the case of RBF kernel the optimal
values of 71,72 and the kernel parameter o can be obtained by evaluating the
performance of the model (classification accuracy) on the validation set using
a grid search over the parameters. One may also consider to utilize Coupled
Simulated Annealing (CSA) in order to minimize the misclassification error in
the cross-validation process. CSA leads to an improved optimization efficiency
due to the fact that it reduces the sensitivity of the algorithm with respect to
the initialization of the parameters while guiding the optimization process to
quasi-optimal runs [182].

In the experiments, based on the analysis given in [5, Section III.C] we set
v1 = 1. Then v, and ¢ are tuned through a grid search. The range in which
the search is made is discussed for each of the experiments in section VI. In
general in the experiments we observed that a good value for 2, most of the
times, is selected from the range [0, 1].

Since labeled and unlabeled data points are involved in the learning process, it
is natural to have a model selection criterion that makes use of both. Therefore,
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for semi-supervised classification, one may combine two criteria where one of
them evaluates the performance of the model on the unlabeled data points
(evaluation of clustering results) and the other one maximizes the classification
accuracy [5, 118].

A common approach for evaluating the quality of the clustering results consists
of using internal cluster validity indices [24] such as Silhouette, Fisher and
Davies-Bouldin index (DB) criteria. Here the Silhouette index is used to assess
the clustering results. The Silhouette technique assigns to the ith sample of
J-th class, C;, a quality measure s(i) which is defined as:

b(i) — ali)
max{a(i), b(i)}

Here a(i) is the average distance between the i-th sample and all of the samples
included in C;. b; is the minimum average distance from the -th sample to
points in different clusters. The silhouette value for each sample is a measure
of how similar that sample is to samples in its own cluster versus samples in
other clusters, and is in the range of [—1, 1].

s(i) =

The proposed model selection criterion for semi-supervised learning, with kernel
parameter o, can be expressed as follows:

max 7 Sil(y1,72,0,k) + (1 —n)Acc(y1, 72, 0, k). (6.9)
V1,72,0:k
It is a convex combination of Silhouette (Sil) and classification accuracy (Acc).
n € [0,1] is a user-defined parameter that controls the trade off between the
importance given to unlabeled and labeled instances. In case few labeled data
points are available one may give more weight to Silhouette criterion and vice
versa.

The silhouette criterion is evaluated on the unlabeled data points in the
validation set. One can also consider to evaluate it on the out-of-sample solution
vectors.

In equation (6.9), k denotes the number of clusters that is unknown beforehand.
In the case of semi-supervised classification where the number of classes is
known a priori, one does not need to tune k and thus it can be removed from
the list of decision variables of the aforementioned model selection criterion.

In any unsupervised learning algorithm one has to find the right number of
existing clusters over the specified range which is provided by the user. When
there is a form of prior knowledge about the data under study, the search space
is reduced. In our semi-supervised clustering the lower bound of the range in
which the number of clusters are sought is @ (assuming that Q cluster labels
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are available). Therefore applying the proposed MSS-KSC algorithm will make
it easier to reveal the lower level of the cluster hierarchy. In the proposed MSS-
KSC approach one requires to solve a linear system. Therefore the complexity
of the proposed MSS-KSC algorithm in the worst case scenario is O(M?) where
M is the number of training data points.

6.5 Large Scale Semi-Supervised Learning

Considering the large amount of unlabeled data, making a semi-supervised
algorithm scalable is an important task. In this section I adopt the MSS-KSC
algorithm and make it scalable. To this end, two possible schemes are proposed.

e The first approach, which will be referred to as Fixed-Size MSS-KSC
(FS-MSS-KSC), is based on the Nystrom approximation and the primal-
dual formulation of the MSS-KSC. This is done by using a sparse
approximation of the nonlinear mapping induced by the kernel matrix
and solving the problem in the primal.

e The second approach is by means of the reduced kernel technique that
solves the problem in the dual by reducing the dimensionality of the kernel
matrix to a rectangular kernel. The second approach will be referred to
as Reduced MSS-KSC (RD-MSS-KSC) approach.

6.5.1 Approximation to the feature map

In order to handle large data sets the so called fixed-size approach, where the
feature map is approximated by the Nystrom method [180, 16], is introduced in
[159] and has been applied in [59, 52]. In what follows, the fixed-size approach
is briefly summarized.

The approach is based on the fact that one can obtain an explicit expression
finite dimension for the feature map () by means of an eigenvalue decompo-
sition of the kernel matrix 2. Consider the Fredholm integral equation of the
first kind:

| Ko@) = xoa) (6.10)

where, for the sake of simplicity, C' is a compact subset of R?, the kernel K(.,.)
is continuous on C x C and p is a probability measure on C' (see e.g. [64]
for more details). Given a finite sample {x;}}Z, distributed according to u,
the approximation of the eigenfunction ¢;(x) in (6.10) can be obtained by the
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Nystrom method which applies a quadrature rule for discretizing the left-hand
side of (6.10). This will lead to the eigenvalue problem [180]:

M

1

M 37K (@, 2w = A ugg (6.11)
k=1

where here measure p is approximated by ﬁ > 0z,. The eigenvalues \; and
eigenfunctions ¢; from the continuous problem (6.10) can be approximated by

the sample eigenvalues /\Z(-s) and eigenvectors u;. Therefore, the i-th component
of the feature map ¢ : R? — RM | for any point z € R%, can be obtained as

follows:
| M
Gi(x) = W ];Uki K(zk,x) (6.12)

i

where )\Es) and u; are eigenvalues and eigenvectors of the kernel matrix Qp;xas.

Furthermore, the k-th element of the i-th eigenvector is denoted by ug;. In
practice when M is large, one works with a subsample (prototype vectors) of
size m < M whose elements are selected using an entropy based criterion. The
entropy criterion ensures that the selected subset is spread over the entire data
region and not only concentrated on a certain area of the data set. In this case,
the m-dimensional feature map ¢ : R? — R™ can be approximated as follows:

p(x) = [P1(2), - Pm(@)]" (6.13)
where
. 1 .
<p2(x) = )\(S) ;ukiK(mkax)vz: 1;"'am (614)

where /\Z(-S) and u; are now eigenvalues and eigenvectors of the constructed kernel
matrix ,,x., using the selected prototype vectors.

6.5.2 Fixed-Size MSS-KSC for large scale datasets

Since in Equation (6.1) the feature map ¢ is not explicitly known, one uses the
kernel trick and solves the problem in the dual. But as it has been shown in
subsection 6.2.1 in the dual one has to solve a linear system of size M (number
of data points). Therefore for large scale data, it is not appropriate to solve
the problem in the dual. In what follows we will show how one can use the
approximation of the feature map to solve the problem in primal. Given the
finite dimensional (m-dimensional) approximation to the feature map, i.e.

A

b = [p(r), ... plaa)] € RMXm (6.15)



162 SEMI-SUPERVISED LEARNING

one can rewrite the above optimization problem as an unconstrained optimiza-
tion problem and solve it in primal:

min J(w®, ) = Zw

w® O
Q
% Z (Guw® + b(f)lij)TV((i)w(o + 5O 1)+ (6.16)
=1

Q
T2 @ _ &0 L 5O N A(O _ Gay©) 1 30
5 D (@D = 2w +501,)" A — 2w +bO1y)

where the matrix C' is defined as previously.

Lemma 6.5.1. Given a finite dimensional (m-dimensional) approzimation to
the feature map ® and reqularization constants vi,7v2 € RT, the solution to
(6.16) is obtained by solving the following linear system [120]:

(0 -1
{ %’(Z) } = (fI)eTbee +I(m+1)) 1@ 1 =1,...,Q, (6.17)

5T
where R = oA — 1V is a diagonal matriz, ®1 = [ i{)T

:| and I(m+1)
M 1 (m+1)xM

is the identity matriz of size (m + 1) x (m + 1).

Proof. Taking the derivative of the cost function J with respect to w® and
b® yields:

ai{@ =0-
(I +DTR®)w® + ST R1 b = 4,0Tc® 1 =1,...,Q,
(6.18)

abw =0—

17, ROw® + (1T R1,)00) = 71T, 0 =1,...,Q,

which then by using some algebraic manipulation can be rewritten as in (6.17).
O

The codebook CB used for out-of-sample extension is defined based on the
encoding vectors for the training points. If Y is the encoding matrix for the
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training points, the CB = {cq}?zl, where ¢, € {—1,1}¥, is defined by the
unique rows of Y (i.e. from identical rows of Y one selects one row). The score

variables evaluated at the test set D** = {z;}"*%* become:
eéﬁlt = étestw(é) + b(Z)lntest = 17 tr Q’ (619)

where (i)test = [@(351)7 BN @(xmest)]T € Rrestxm,

The decoding scheme consists of comparing the binarized score variables for
test data points with the codebook CB and selecting the nearest codeword in
terms of Hamming distance. The computational complexity, neglecting lower
order terms, for solving linear system (6.17) is approximately O(m? + Mm?)
with m <« M. (The complexity of calculating the Nystrom approximation
O(m3 +m?2M) is also included).

The procedure for the Fixed-Size MSS-KSC approach is summarized in
Algorithm 10.

Algorithm 10: Fixed-size MSS-KSC approach for large scale data
Input: Training data set D, labels Y, tuning parameters ; and s, kernel
parameter (if any), test set D' = {z;}*%* and codebook

CB = {cq}gy
Output: Class membership of test data points Dbest

Select m prototype vectors (small working set) using quadratic Rényi entropy
criterion [66]. (see section IV. B)

Obtain the m-dimensional approximation of the feature map (6.15) by means
of Nystrom approximation (6.14).

Compute {w(l)}?:1 and the bias term {b(g)};;’?:l using (6.17).

4 Estimate the test data projections {eﬁﬁit}?ﬂ using (6.19).
5 Binarize the test projections and form the encoding matrix

[Sign(eggt), .. ,sign(eégl)}nmtx(g for the test points (Here

0 _ [ (0) (0) }T)
test 7 L“test,17 * * “test,ntest ‘
Vi(i =1,...,Nest), assign x; to class ¢*, where ¢* = argmindy (efcsm, ¢q) and

q
dp(-,-) is the Hamming distance.

6.5.3 Subsample selection for Nystrom approximation

We aim at using an m-dimensional approximation to the feature map .
Therefore as it is explained in subsection 6.5.1, one needs to select a subset
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of fixed size m from a pool of training points of size M. Since the training set
is composed of labeled and unlabeled data points, we select a subset (of size
m) such that it consists of m; and mqy data points from labeled and unlabeled
training data points. (m = mj 4+ ms). As it has been motivated in [159], the
Rényi entropy criterion [66] is used, twice only, to select my points from the
labeled and msy points from the unlabeled training data. Once the subset is
available, the m-dimensional feature map is obtained using equation (6.14). See
Fig. 6.11 as an application of FS-MSS-KSC approach on two moons problems.

6.5.4 Reduced MSS-KSC for large scale datasets

For large-scale problems, the difficulty of solving the MSS-KSC formulation
(6.1) in the dual results from the huge kernel matrix which cannot be stored into
memory. The authors in [97] proposed to restrict the number of support vectors
by solving the reduced support vector machines (RSVM) for classification
problem. The reduced kernel technique is utilized to reduce the M x M
dimensionality of the kernel 2 to a much smaller M xn dimensionality. Here n is
the size of a randomly selected subset of training data considered as candidates
of support vectors. A smaller matrix then can be stored into memory.

In what follows, the reduced kernel technique described in [97] is applied to the
MSS-KSC formulation (6.1) in order to make it scalable. Suppose the matrix
of training data points which includes both labeled and unlabeled samples is
denoted by:

X =[z1,...,zp]" € RM*d,

Let us start with a linear kernel and reformulate (6.1) as follows:

Q Q
. 1 T n T
- @7 & (l’) REY 0 ()
wu)r,?(lf?,eu) 2 Z( + 2 Ze Ve
=1 /=1
Q (6.20)

+ 22 T ®

+ g 20— A — )

subject to e = xuw® 4 b(e)lM, (=1,...,0,

where here the bias term is also penalized just to make the subsequent
derivations simpler. Setting the gradient of the associated Lagrangian of (6.20)
with respect to w® to zero gives the following KKT condition:

w® = xTa®), (6.21)
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where a(¥) are the Lagrange multipliers associated with the equality constraint
of (6.20). By replacing the primal variables w®) from (6.21) one obtains:

Q Q

min EZ (a(Z)TQ{(Z) + (b(f))Q) o ﬂ G(Z)Tve(e)

© b o) 2 2
a5 e =1 =1

Q (6.22)
+ 22 e® _ VT g(o® _ O
2 2 JFA@EY )

subject to e =XXTa® 4 p® 1y, 0=1,...,0Q,

where the objective function is modified to have the L2 norm regularization
of the problem variables (¥, b e®). Following the lines of [97] one can
now replace the linear kernel matrix X X7 by a nonlinear kernel matrix with
elements Q;; = K (z;,x;) to obtain the following optimization problem:

Q Q
1
i = OF @ 4 (p0y2y = L
a([)gl(lel)l’e(l) 3 Z (a + (b 5 Ze Ve
=1 =1
Q (6.23)

+ 22 ()T g(e® — (O

5 ; — )" Ale )

subject to e = QoY) + VD1, 0=1,...,Q.

Lemma 6.5.2. Given regularization constants vi1,72 € R, the solution to
(6.23) is obtained as follows [120]:

<R1 + GGT)ﬂ“) = Ryoc90=1,...,0, (6.24)

where R = A — vV is a diagonal matriz and G = [Q,15]. BY =

[ ;e), o ,BJ(\?]T are the Lagrange multipliers.
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Proof. The Lagrangian of the constrained optimization problem (6.23) be-
comes:

0 b0 o0 g0y 1 < (a®7a® 1 (32
L(a')b , B¢ 52 o« (b)) -
/=1
Q Q
ﬂzga%geulz T A(e® — )
2 =1 2 /=1

Q
Z B ( —Qal® — b<f>1M)
=1

where 5 is the vector of Lagrange multipliers. Then the Karush-Kuhn-Tucker
(KKT) optimality conditions are as follows,

e =0 e ZR_1<72AC(€) —ﬁe),f=17~-~7Q7

0 _ 1T 4
D =000 =178, 1=1,...,Q, (6.25)

2y =0— o =0T30 1=1,...,Q,

86(@)—0H Qa0 + 601, =e® 1=1,...,Q,

where R is defined as previously. Elimination of the primal variables a9, (),
results in the following equation

(R—l - GGT)ﬂ(") = RypcD 0 =1,...,Q, (6.26)

with G defined as previously. O

Obviously for large scale data, still matrix G is of size M x M which is
problematic. Therefore here the reduced kernel technique can be used to
overcome this issue by reducing the M x M dimensionality of kernel € to
a much smaller dimensionality of a rectangular kernel matrix Q € RM*" with
Q;j = K(v;,7;) and 7; € X and ; € X. Here X is a (7 x d) random submatrix
of X. Here, the subset is selected using a Rényi entropy based criterion [66]). If
one works with the reduced kernel © in the primal optimization problem (6.23),
then by using the Sherman-Morrison-Woodbury formula [68], the solution in
the dual can be obtained as follows:

—1
B = {IM - RG (Iﬁﬂ + GTRC‘;) C:T] 2P 0=1,...,Q, (6.27)
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where G = [, 13] € RM*(@+1D and I, is the identity matrix. The expression
(6.27) involves the inversion of a small matrix of order (n+ 1) x (n+ 1). After
obtaining the 4*) | the score variables evaluated at the test set X5t = {x; }
become:

e = 2 0 1501,

= {Qt“t QT}ﬁ(“ +001,,..,, (=1,...,0Q, (6.28)

where QE;“ = K(z;,2;) with z; € X**s* and z; € X.

The decoding scheme consists of comparing the binarized score variables for test
data points with the codebook CB and selecting the nearest codeword in terms
of Hamming distance. The procedure for Reduced MSS-KSC is summarized in
Algorithm 11.

Algorithm 11: Reduced MSS-KSC approach for large scale data

Input: Training data set X, labels Y, tuning parameters v; and 72, kernel
parameter (if any), test set X" = {z;}** and codebook
CB = {cq}qul

Output: Class membership of test data points Xtest

Select a subset matrix X € R"*¢ from the original training data matrix

X € RM*4 using Rényi entropy based criterion [66]).

Solve the linear system (6.27) to obtain {ﬁ“)}gzl and compute the bias term
{b(o}?:1 using the second equation of the KKT condition (6.4).

3 Estimate the test data projections {eéglt}?:l using (6.28).

Binarize the test projections and form the encoding matrix

[sign(egigt), e ,sign(egi)t)}ntesth for the test points (Here

0 _ 1,0 ) T
Ctest = [etest,l’ cee ?etest,ntest] )

. . . _ . Z
Vi(i=1,...,nest), assign z; to class ¢*, where ¢* = argmin dp (€;oq ;5 ¢q) and

q
dg(-,-) is the Hamming distance.

Remark 6.5.1. Without loss of generality, in our experiments we set n (in
Algorithm 11) equal to the number of prototype vectors, i.e. m, used in
Algorithm 10.

Remark 6.5.2. Based on the given formulations in subsections 6.5.2 and 6.5.4,
the following differences between the Reduced and Fized-size MSS-KSC' can be
observed:

In the Fized-Size MSS-KSC approach:
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e One relies on the eigen-decomposition of the kernel matriz (associated
with the prototype vectors) to approzimate the feature map.

e The solution vector w'®) obtained by Fized-size MSS-KSC has the same
dimension as the number of prototype vectors.

e One solves the problem in the primal.
In the Reduced MSS-KSC approach:

e One does not need to apply the eigen-decomposition of the kernel matrix
associated with the prototype vectors to obtain the explicit feature map.

e The solution vector ) obtained by Reduced MSS-KSC has the same
dimension as the number of training points.

e One solves the problem in dual.

6.6 Experimental Results

In this section, some experimental results are presented to illustrate the
applicability of the proposed semi-supervised classification and clustering
approaches. We start with a toy problem and show the differences between
the obtained results when semi-supervised classification and semi-supervised
clustering are applied on the same data. (see Fig. 6.1 and 6.2).

The performance of the proposed algorithms is also tested on two moons
and two spirals data sets which are standard benchmarks for semi-supervised
learning algorithms used in the literature [43].

Next the proposed semi-supervised classification is applied to some benchmark
data sets taken from the UCI machine learning repository and the performance
is compared with Laplacian SVM [21] and Means3VM [100]. Afterwards,
the performance of the semi-supervised clustering on image segmentation
tasks has been tested and the obtained results are compared with the kernel
spectral clustering algorithm [4]. Finally the application of the semi-supervised
classification is also shown in community detection of real-world networks.

6.6.1 Toy problems

The performance of the proposed semi-supervised classification and clustering
algorithms are shown on a synthetic data set consisting of seven well separated
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Gaussians. Some labeled data points from three of them are available (see Fig.
6.1(a)). When the semi-supervised classification algorithm is used the data
are grouped into three classes due the fact that the codebook used in semi-
supervised classification is a static codebook and it consists of three codewords.
On the other hand, in semi-supervised clustering algorithm the codebook is
designed based on the solution vector of the associated linear system and is not
static, i.e. the number of codewords is not fixed and is tuned. Therefore, by
applying the semi-supervised clustering one is able to partition the data into
seven clusters. As it can be seen from Fig. 6.1(d) and 6.2(b), the projected
data points are embedded in 3 dimensional space and yet we are able to cluster
them in contrast with kernel spectral clustering algorithm [4] which requires
an embedding space with dimension 6 to be able to group the given data sets
into 7 clusters.

We also conducted experiments on nonlinear toy problems such as two moons
and two spirals and the obtained results are shown in Fig. 6.3. For two spirals
data set two scenarios are tested corresponding to different positions of the
labeled data point. A comparison is made with LRGA algorithm! proposed in
[184]. The LRGA algorithm has two parameters k and A. In these experiments
the parameter & (size of the neighborhood) is set to 10 and A is searched within
[1,10'] using a logarithmic scale. As Fig. 6.3 shows, for the two moons data
set the results of both method are comparable. However the results of the two
spirals data set indicate that our proposed algorithm is less sensitive to the
position of labeled data points? compared to LRGA algorithm.

In these experiments, 72 and ¢ are tuned through a grid search. The range in
which the search (using a logarithmic scale) is made for v, and o is shown in
Fig. 6.2(c) and Fig. 6.4. From these figures, it is apparent that there exist a
range of v, and o for which the value of the utilized model selection criterion
is quite high on the validation set.

6.6.2 Real-life benchmark data sets

Four benchmark data sets used in the following experiments are chosen from
the UCI machine learning repository [13]. The benchmark consists of Wine,
Iris, Zoo and Seeds data sets. In all cases, the data points are divided using
proportion 80% and 20% into training and test counterparts respectively. Then
one fourth of randomly selected data points in the training set are considered to
be labeled and the remaining three fourths are unlabeled. The performance of
the proposed semi-supervised classification approach (MSS-KSC), is compared

L Available at: http://www.cs.cmu.edu/~yiyang/LRGA_ ranking.m
2The equivalent of the query provided by the user.
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Data points in the input space SS-classification using LapSVMp
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Figure 6.1: Toy Problem: Seven well separated Gaussians. The labeled data
points of only three classes are available and are depicted by the blue squares
(M) , green triangles (A) and red circles (o). (a): Data points in the original
space (b): Result of multi-class semi-supervised classification using LapSVMp
with RBF kernel. (c): Result of the proposed multi-class semi-supervised
classification with RBF kernel (Note that the algorithm detected three classes.
The first class consists of one cluster whereas the second and third class consist
of three clusters respectively). (d): The projections of the validation data points
when the proposed semi-supervised classification algorithm is used (indicating
the line structure in the projection-space).
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SS-clustering using Algorithm 9 Projection space for SS-clustering
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Figure 6.2: Toy Problem: Seven well separated Gaussians. The labeled data
points of only three classes are available and are depicted by the blue squares
(W) , green triangles (A) and red circles (o). (a): Result of the proposed
multi-class semi-supervised clustering with RBF kernel. (b): The projections
of the validation data points when semi-supervised clustering algorithm is used
(indicating the line structure in the projection-space). (c): Model selection for
semi-supervised clustering using Silhouette validity index corresponding to the
best case T = 7. The asterisk (*) marks the optimal model. (d): Piecewise
constant property of the solution vector.
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Spiral dataset Spiral dataset Moon dataset
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Figure 6.3: Toy Problems: two spiral and two moon data sets. The labeled data
point is depicted by the red squares (B). First row: Data points in the original space.
Second row: Result of the proposed semi-supervised algorithm with RBF kernel.
Third row: Model selection of the proposed algorithm. (The asterisk (*) marks the
optimal model for these examples.) Fourth row: Result of the LRGA algorithm
corresponding to the worst case when the parameter k (size of the neighborhood) is
set to 10 and X is searched within [1,1el6] using a logarithmic scale. Fifth row:
Result of the LRGA algorithm corresponding to the best case when the parameter
k (size of the neighborhood) is set to 10 and A is searched within [1,1el6] using a
logarithmic scale.
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Figure 6.4: Toy Problems: two spiral and two moon data sets. The labeled data
point is depicted by the red squares (H). Model selection of the proposed algorithm.
(The asterisk (*) marks the optimal model for these examples.)

with Laplacian SVM (LapSVMp)? [21] and MeanS3VM [100] using the one-vs-
all strategy.

In this experiment, the procedure used for model selection is a two-step
procedure which consists of Coupled Simulated Annealing [182] initialized with
random sets of parameters for the first step and the simplex method [129] for
the second step. After CSA converges to some local minima, the parameters
that obtained the lowest misclassification error are used for initialization of the
simplex procedure to refine our selection. At every iteration for CSA method
a 10-fold cross-validation is utilized. In all the experiments the RBF kernel is
used.

For MeanS3VM method, the regularization parameters C'1 and C2 are fixed to
1 and 0.1 (default values), respectively and the width parameter in RBF kernel
is tuned with respect to the accuracy on the validation set. For the Laplacian
SVMs, the kernel parameter and 4 are tuned with respect to the accuracy
on the validation set. The remaining parameters, i.e. vy and NN (number of
nearest neighbors), are set to their default values (y;y = 1 and NN = 6).

The mean and standard deviation of the accuracy rates on test data points
with respect to 10 random splits are reported in Table 6.1. Table 6.1 shows
that the proposed MSS-KSC approach outperforms in most cases the other
approaches on these tested problems. The effect of changing the value of the
user defined parameter 7, used for model selection, on the performance of the
proposed algorithm with respect to 10 random splits can be seen in Fig. 6.5.

3 Available at: http://www.dii.unisi.it/~melacci/lapsvmp/
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Table 6.1:

The average accuracy and the standard deviation of the LapSVMp [21], means3vm-

iter [100], means3vm-mkl [100] and the proposed MSS-KSC approach on four real data sets from
UCI repository [13].

Dataset Method

(var,cls,dp) fo /DSL /Dts* "MISS-KSC LapSVMp means3vm-iter means3vm-mKkI
Wine (13, 3, 178) 36/107/35 0.96 + 0.02 0.94+0.03 0.95 =+ 0.02 0.94 £ 0.07

Iris (4, 3, 150) 30/90/30 0.89 +0.08 0.884+0.05 0.90 + 0.03 0.89 + 0.01

Zoo (16, 7, 101) 21/60/20 0.93 + 0.05 0.90 4+ 0.06 0.88 4= 0.02 0.89 + 0.07
Seeds (7, 3, 210) 42/126/42 0.90 + 0.04 0.89 +0.03 0.88 4 0.07 0.89 + 0.02

Note: fo and DSL denote the labeled and unlabeled training points respectively. Also triple
(var,cls,dp)=(variables,classes,data points).
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6.6.3 Image segmentation

In this section, the task is to segment the given image using the proposed
semi-supervised clustering. Here the aim is to show that by incorporating the
side-information (labels in this case) to the unsupervised model, it is possible
to improve the result of the unsupervised algorithm.

Experimental results on two synthetic images and some color images from the
Berkeley image data set [107] are shown in Fig. 6.6 and 6.8. For each image, a
local color histogram with a 5 x 5 local window around each pixel is computed
using minimum variance color quantization of eight levels. A subset of 500
unlabeled pixels together with some labeled pixels (see Table 6.2) are used for
training and the whole image for testing.

For the synthetic images a qualitative evaluation of both approaches is provided,
since the ground truth of these images were not available. For the Berkeley
images data set for which the ground truth segmentations are known, the
segmentations obtained by MSS-KSC and KSC are compared with the ground
truth in Table 6.2. Two evaluation criteria are used:

2 X Precision X Recall

d F_measure’ l.e. Precision+Recall

boundaries.

with respect to human ground-truth

e Variation of information (VI): it measures the distance between two
segmentations in terms of their average conditional entropy. Low values
indicate good match between the segmentations [7].

In these experiments, the range in which the search (using a logarithmic scale)
is made for tuning the parameters v, and o are [0, 1] and [10~3, 10'] respectively.
The length of the codebook p is also tuned on the interval [@Q,2%9]. The score
variables obtained by the proposed MSS-KSC algorithm for two images are
shown in Fig. 6.6 when Silhouette criterion is used. As it can be seen, the
embedding dimension (spectral embedding) is three and yet we can detect more
than four clusters from the given image. Unlike the toy example 1 for these
images, due to the fact that clusters are not well separated, the line structure
of the score variables is less clear. In Fig. 6.7, the maximum value of the
Silhouette criterion for each p (length of the codebook) while tuning v and o
is plotted. Therefore the predicted number of clusters is equal to p for which
the Silhouette value is maximum. The obtained results are shown in Fig. 6.6
and 6.8 which reveal that incorporating the prior knowledge (labels provided
by human), can potentially increase the performance in the segmentation task
with respect to a genuinely unsupervised approach.
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Original image

KSC

Labeled Image

MSS-KSC

Score variables

2

T @

Figure 6.6: First row: Original image used for the KSC algorithm. Second
row: Segmented image using the KSC approach. Third row: Labeled image
used for the proposed MSS-KSC. Fourth row: Segmented image using the
MSS-KSC approach. Fifth row: Score variables in the projection space.
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Figure 6.7: Model selection curves corresponding to the obtained Silhouette
value for different p value. (a) Three labels were provided (Q=3). The
maximum Silhouette value for the first syntactic image, while o and v, are
tuned, over a range of p € {Q, ...,29}. (b) Three labels were provided (Q=3).
The maximum Silhouette value for the second syntactic image, while o and s
are tuned, over a range of p € {Q, ...,29}.

Table 6.2: Comparison of KSC and MSS-KSC for image segmentations in terms of F-measure
and variation of information indices

D pvel F-measure Variation of information
Image ID|Q D, D D, D KSC MSS-KSC KSC MSS-KSC

100007 |4 500 8 3000 8 0.57 0.62 1.64 1.95
295087 |4 500 8 3000 5 0.59 0.62 2.54 2.88
372019 |3 500 6 3000 6 0.40 0.44 2.83 2.44
385039 |5 500 14 3000 12 0.48 0.48 3.20 3.18
388067 |3 500 6 3000 6 0.60 0.74 4.61 4.50

8049 3 500 6 3000 7 0.70 0.75 2.22 2.07

Note: For variation of information the lower the value the better, whereas for F-measure the
higher value the better the segmentation is.
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Original image KSC Method Labeled image MSS-KSC

Figure 6.8: Image segmentation results using the proposed method and the KSC [4]. A subset
of 500 and 3000 randomly chosen pixel histograms (unlabeled data points) together with some
labeled data points are used for training and validation respectively. The whole image is used for
testing. The original image is shown in the first column. The segmentation results obtained by
KSC using the original images are shown in the second column. The third column shows the images
labeled by human. The results of the proposed semi-supervised clustering algorithm applied on
the labeled images are depicted in the fourth column.
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6.6.4 Community detection

Community detection is an important topic related to complex networks [60].
It consist of finding clusters of strongly connected nodes such that nodes in the
same community share more connections than nodes in different communities.
Once properly identified, the community structure can help to shed light on
the whole functioning of the network. Community detection is an unsupervised
technique. However, if some form of prior knowledge of the community
structure is present, semi-supervised techniques could in principle be used to
improve the results [104, 105].

In this section the performance of the proposed method is analyzed in the
community detection problems when there exist some form of prior knowledge
about the existing communities. We conduct the experiments on two well
known real-world networks, i.e. Karate, Football data sets shown in Fig. 6.9,
which are described briefly as follows:

Karate: The Zachary’s karate club network [185] consists of 34 member nodes,
and splits into two smaller clubs after a dispute emerged during the course of
Zachary’s study between the administrator and the instructor.

Football: This network [67] describes American college football games and is
formed by 115 nodes (the teams) and 616 edges (the games). It can be divided
into 12 communities according to athletic conferences.

Concerning the Karate network, a comparison with the methods described
in [173] is performed. In [173] a percentage of node pairs, which then are
determined weather they belong to must-link or cannot-link groups, is used
in the learning process. The reported results in Table 1 of [186] for different
percentages of node pairs are tabulated in Table 6.3.

Since in the proposed approach we work with the labeled nodes, not pairs, we
randomly select some nodes and labeled them according to the true community
to which they belong. The averaged normalized mutual information (NMI) over
10 simulation runs for Karate network is reported in Table 6.3. One can observe
that the proposed method is able to achieve the maximum performance using
less labeled nodes than the other algorithms. In particular with 10 labeled
nodes the maximum value of NMI is achieved.

Concerning the Football network, we conducted the semi-supervised classifica-
tion task. The training set consists of both labeled and unlabeled nodes. 40%
of each class (community) is randomly selected and form the labeled training
nodes and another 40% randomly selected nodes form the unlabeled nodes. The
whole network is considered as the test set and the obtained result is compard
with KSC approach. The partitions found by KSC and MSS-KSC are evaluated
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Figure 6.9: Visualization of the networks when nodes are colored according to
their degree value (a) American college football undirected graph. (b) Zachary’s
karate club undirected graph.
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Figure 6.10: American college football network. (a) Obtained ARI value
when KSC and MSS-KSC algorithm are used. (b) Kernel matrix showing the
partitioning related to 7 = 0.6. A clear block structure revealing the presence
of the 12 communities can be noticed.

according the to adjusted Rand index (ARI) [173]. The obtained ARI values
on the test set after 10 runs is shown in Fig. 6.10 respectively. We can observe
that, the prior knowledge incorporation helps to improve the performance with
respect to KSC.

Table 6.3: Karate network. Comparison of MSS-KSC and methods described in [186] in
terms of averaged normalized mutual information (NMI).

Methods in [186 The proposed method
pairs constraints % pairs [r,t - - nodes -
2% 4 [4,8] 0.98 0.73 0.51 0.90 4 0.91
4% 6 (6,12 0.99 0.85 0.60 0.96 6 0.95
5% 8 (8,16 0.99 0.89 0.53 0.95 8 0.98
10% 16 (16,32 1.00 0.89 0.57 1.00 10 1.00
20% 31 (31,34 1.00 0.98 0.56 1.00 12 1.00

Note: The minimum and maximum number of nodes that could results in the given number of
pairs are denoted by r and t.

6.6.5 Large scale data sets

In this section experimental results on synthetic and real-life datasets taken
from UCI machine learning repository? [13] and LIBSVM datasets ® [40] are
given. The experiments are performed on a laptop computer with Intel Core
i7 CPU and 4 GB RAM under Matlab 2012a.

4 Available at: http://archive.ics.uci.edu/ml/datasets.html
5 Available at: http://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/
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The performance of the proposed FS-MSS-KSC algorithm on two moons
dataset with 4000 data points is shown in Figure 6.11. The selected prototype
vectors are depicted by circles. For the real datasets the size of the data on
which the experiments were conducted ranges from small to large and covering
both binary and multi-class classification. The amount of labeled data points
used in the learning process, depending on the size of the dataset, ranges from
1% to 40% of the remaining data points (i.e. test set is not included).

Descriptions of the used datasets from [13] and [40] can be found in Table
6.4. For Ecoli and Covertype datasets we merge some of the classes in order
to avoid unbalanced classes. In both Fixed-Size MSS-KSC and Reduced MSS-
KSC approaches the prototype vectors (small working set) were selected via
maximization of the Rényi entropy. The total amount of prototype vectors
consists of prototype vectors selected from labeled and unlabeled data points.
Noting that in the semi-supervised setting one usually encounters a small
amount of labeled and a large amount of unlabeled data points, in our
experiments, for the labeled data points the number of the prototype vectors

is set as follows:
Ny, if Ny, < 200

e = { [1 vVNi ] otherwise, (6.29)

where ¢; € QT\{0}. For all the experiments g; is set to one. For the unlabeled
data points if its number is small (less than 1000) then the number of the
prototype vectors is set as follows:

N if N < 500
o _{ [VN] otherwise. (6.30)

In case the amount of unlabeled data points is huge, first we randomly select a
fraction of them of size NV = [p N ], where p € N, for training set and then
choose the number of prototype vectors from the new set of unlabeled data
points as follows:

[ [Nrev] if [NV < 500
= { [g2vV Nmew ] otherwise, (6.31)

where g € QT\{0}. It should be noted that ¢;, g2 and p are the user defined
parameters that can be designed in accordance with the available memory
of the computer that is being used to conduct the experiments. The values
of these parameters, i.e. ¢o and p, together with the number of training
and validation data points used in the experiment are tabulated in Table
6.5. The obtained results of the proposed (Fixed-Size and Reduced) MSS-
KSC approaches together with the Fixed-Size implementation of the LSSVM
approach [159] are tabulated in Table 6.6. The results reported in Table 6.6,
are obtained by averaging over 10 simulation runs with x = 0.25 used in the
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model selection criterion. For the LapSVMp approach, we tuned the kernel
parameter and 4 with respect to the accuracy on the validation set. The
remaining parameters, i.e. y; and NN (the number of neighbors), are set to
their default values (y; =1 and NN = 6).

Table 6.4: Dataset statistics

Dataset # of data points # of attributes # of classes
Iris 154 4 3
Spect 267 21 2
Heart 270 13 2
Ecoli 336 7 5
Pima-Indian 768 8 2
Spambase 4597 57 2
Satimage 6435 36 6
Ring 7400 20 2
Magic 19020 10 2
Cod-rna 331152 8 2
Covertype 581012 54 3

Two moons dataset with 2000 data points each

Figure 6.11: The performance of the FS-MSS-KSC method with RBF kernel
on two moons dataset yielding a sparse kernel-based model. In total there are
4000 data points. The prototype vectors (small working set) selected by the
Rényi entropy criterion are depicted by circles.

Table 6.6 shows that for these data one can improve the generalization
performance by incorporating unlabeled data points into the learning process.
It should be noted that the FS-LSSVM is a supervised algorithm that uses only
the labeled training points. The training computation times for the algorithms
used to obtain the results of Table 6.6 are then reported in Table 6.7. These
results are expected since the FS-LSSVM does not use unlabeled data in the
training process therefore it is the fastest one. The FS-MSS-KSC requires to
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Table 6.5: The average test accuracy and the standard deviation of the
proposed Fixed-Size, Reduced MSS-KSC approaches and Fixed-Size LSSVM
[159] method on real datasets over 10 simulation runs.

ne /My
Dataset q2/p (% of Labeled data) ny2lidation /yvalidation — py, /py/,
Heart /1 19/76 (20%) 19/75 19/76
Pima-Indian 1/1  54/215 (20%) 54/215 54/215
Spect /1 19/75 (20%) 19/74 19/75
Iris 1/1 24/36 (40%) 24/36 24/36
Ecoli 1/1  54/81 (40%) 54/80 54/81
Satimage 1/1  1030/1030 (40%) 1030/1030 33/33
Ring 1/1  592/592 (20%) 592/592 25/25
Spambase 2/2  368/736 (20%) 368/736 20/55
Magic 2/2  761/1522 (10%) 761/1522 28/79
Cod-rna 1/1  1325/1325 (1%) 1325/1325 37/37
Covertype 1/1 276072760 (1%) 2760/2760 53/53

Note: The reported (%) of the labeled data used in the learning process, is the percentage from
D\D'** i.e. the test set is not included.

Table 6.6: The average test accuracy and the standard deviation of the
proposed Fixed-Size, Reduced MSS-KSC approaches and Fixed-Size LSSVM
[159] method on real datasets over 10 simulation runs.

Method
Dataset D (%) FS-MSS-KSC RD-MSS-KSC LapSVMp FS-LSSVM
Heart 81 (30%) 0.803 + 0.05 0.795 4+ 0.05 0.761 4+ 0.001 0.759 + 0.05
Pima-Indian 230 (30%) 0.740 £ 0.02 0.746 £+ 0.02 0.748 + 0.001 0.729 £+ 0.03
Spect 80 (30%) 0.832 £ 0.07 0.838 + 0.02 0.821 + 0.01 0.825 + 0.03
Iris 30 (20%) 0.946 + 0.05 0.960 + 0.02 0.938 +0.13 0.601 + 0.05
Ecoli 67 (20%) 0.746 £ 0.03 0.740 £ 0.04 0.748 + 0.06  0.468 £+ 0.03
Satimage 1287 (20%) 0.864 + 0.006 0.831 + 0.009 0.834 4+ 0.007 0.325 + 0.08
Ring 1480 (20%) 0.975 + 0.005 0.974 £ 0.005 0.972 + 0.006 0.968 + 0.007
Spambase 919 (20%) 0.885 + 0.01 0.883 + 0.01 0.880 + 0.03 0.838 + 0.02
Magic 3804 (20%) 0.836 4 0.006 0.829 + 0.006 0.827 + 0.005 0.825 + 0.005
Cod-rna 66230 (20%) 0.957 4= 0.006 0.947 + 0.008 0.951 4+ 0.001 0.941 + 0.006

Covertype 29050 (5%) 0.715 + 0.005 0.684 + 0.008 0.697 + 0.001 0.362 + 0.003

Note: The reported (%) of test set is the percentage from the entire data set.

apply an eigen-decomposition technique whereas RD-MSS-KSC does not apply
any eigen-decomposition technique.

In Table 6.8, we examine the situation where the utilized size of unlabeled data
is large and therefore applying LapSVMp will result in out-of-memory problems
whereas the proposed FS-MSS-KSC and RD-MSS-KSC approaches that use an
approximation of the feature map and reduced kernel matrix respectively, can
deal with a large amount of unlabeled data points. Figure 6.12 shows the
training computation times with respect to an increasing number of training
points for Covertype data set. The RD-MSS-KSC showed a considerably
reduced computation times due to the fact that, unlike FS-MSS-KSC, it does
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Table 6.7: The average training computation times in seconds for the proposed
Fixed-Size, Reduced MSS-KSC approaches, LapSVMp [21] and Fixed-Size
LSSVM [159] methods on real datasets over 10 simulation runs.

Training computation times in seconds

Dataset FS-MSS-KSC RD-MSS-KSC LapSVMp FS-LSSVM
Heart 0.0090 0.0043 0.0267 0.0017
Pima-Indian 0.0381 0.0192 0.0295 0.0040
Spect 0.0081 0.0051 0.0265 0.0019
Iris 0.0090 0.0055 0.0025 0.0032
Ecoli 0.0395 0.0184 0.0030 0.0095
Satimage 0.1552 0.1192 0.2317 0.0277
Ring 0.0172 0.0139 0.1727 0.0069
Spambase 0.0246 0.0179 0.1497 0.0053
Magic 0.0737 0.0474 0.6026 0.0107
Cod-rna 0.3646 0.2349 7.6779 0.1590
Covertype 1.0721 0.7231 8.0201 0.6572

Covertype dataset
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Training computation time in seconds

2760 27600 55200 82800 138000
Number of unlabeled training points n,,

Figure 6.12: Training computation time in seconds for the Covertype dataset
with an increasing number of unlabeled training points and fix number of
labeled points (ny = 2760). The Reduced MSS-KSC approach takes less
training time than the Fixed-Size MSS-KSC approach.

not involve an eigen-decomposition step.
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Table 6.8: The average test accuracy of the proposed methods on Covertype
dataset. The test set is 5% of the entire dataset.

Method
nr/ny q2/p PVy/PV, FS-MSS-KSC RD-MSS-KSC LapSVMp

2760/2760 1/1 53/53 0.715 £+ 0.01 0.684 + 0.03 N.A
2760/27600 0.5/10 53/84 0.729 £ 0.04 0.709 + 0.05 N.A
2760/55200 0.5/20 53/118 0.731 £ 0.02 0.712 +0.04 N.A
2760/82800 0.5/30 53/144 0.739 £ 0.04 0.716 +0.03 N.A
2760/138000 0.5/50 53/186 0.742 £+ 0.05 0.723 £+ 0.06 N.A

6.7 Conclusions

In this chapter, a multi-class semi-supervised formulation based on kernel
spectral clustering (MSS-KSC) has been proposed. MSS-KSC can address
both semi-supervised classification and clustering. A low embedding dimension
is designed and utilized for semi-supervised clustering. The method is able to
find hidden micro clusters without requiring to have a side-information about
them. The validity and applicability of the MSS-KSC is shown on synthetic
examples as well as on real benchmark datasets in different areas including
semi-supervised classification, image segmentation and community detection
problems. In order to deal with large scale data, two approaches are proposed
to make the MSS-KSC scalable. The first approach, FS-MSS-KSC, uses the
Nystrom approximation of the feature map and solves the semi-supervised
problem in the primal space. The second approach, RD-MSS-KSC, solves the
problem in the dual using a reduced kernel matrix. The first approach requires
an eigen-decomposition technique to obtain the explicit feature map whereas
the second one does not rely on any eigen-decomposition technique.



Chapter 7

Incremental Semi-Supervised
Learning Regularized by
Kalman Filtering

In this chapter an on-line semi-supervised learning algorithm is formulated by
a reqularized kernel spectral clustering (KSC) approach. We consider the case
where new data arrive sequentially but only a small fraction of it is labeled. The
available labeled data act as prototypes and help to improve the performance of
the algorithm to estimate the labels of the unlabeled data points. We adopt a
recently proposed multi-class semi-supervised KSC based algorithm (MSS-KSC)
and make it applicable for on-line data clustering. Given a few user-labeled
data points the initial model is learned and then the class membership of the
remaining data points in the current and subsequent time instants are estimated
and propagated in an on-line fashion. The update of the memberships is carried
out mainly using the out-of-sample extension property of the model. Initially
the algorithm is tested on computer-generated data sets, then we show that video
segmentation can be cast as a semi-supervised learning problem. Furthermore
we show how the tracking capabilities of the Kalman filter can be used to provide
the labels of objects in motion and thus reqularizing the solution obtained by the
MSS-KSC algorithm. In the experiments, we demonstrate the performance of
the proposed method on synthetic data sets and real-life videos where the clusters
evolve in a smooth fashion over time.

187
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7.1 Related Work

In many real-life applications, ranging from data mining to machine perception,
obtaining the labels of input data is often cumbersome and expensive.
Therefore in many cases one encounters a large amount of unlabeled data
while the labeled data are rare. Semi-supervised learning (SSL) is a framework
in machine learning that aims at learning from both labeled and unlabeled
data points [189]. SSL algorithms received a lot of attention in the last
years due to rapidly increasing amounts of unlabeled data. Several semi-
supervised algorithm have been proposed in the literature [21, 183, 184, 41, 177].
However, most of the SSL algorithms, operate in batch mode, hence requiring
a large amount of computation time and memory to handle data streams like
the ones found in real-life applications such as voice and face recognition,
community detection of evolving networks and object tracking in computer
vision. Therefore designing SSL algorithms that can operate in an on-line
fashion is necessary for dealing with such data streams.

In the context of on-line clustering, due to the complex underlying dynamics
and non-stationary behavior of real-life data, attempts have been made to
design adaptive clustering algorithms. For instance, evolutionary spectral
clustering based algorithms [38, 134, 47|, incremental K-means [39], self-
organizing time map [144]. However, in all above-mentioned algorithms the
side-information (labels) is not incorporated and therefore they might under-
perform in certain situations. Here we adopt the recently proposed multi-class
semi-supervised kernel spectral clustering (MSS-KSC) algorithm introduced in
Chapter 6 and make it applicable for an on-line data clustering/classification.
In MSS-KSC the core model is kernel spectral clustering (KSC) algorithm
introduced in [4]. MSS-KSC is a regularized version of KSC which aims at
incorporating the information of the labeled data points in the learning process.
It has a systematic model selection criterion and the out-of-sample extension

property.

In contrast to the methods described in [21, 183, 184, 41, 2], in the MSS-
KSC approach a purely unsupervised algorithm acts as a core model and the
available side information is incorporated via a regularization term. In addition,
the method can be applied for both on-line semi-supervised classification and
clustering and uses a low-dimensional embedding. In the MSS-KSC approach,
one needs to solve a linear system of equations to obtain the model parameters.
Therefore with n number of training points, the algorithm has O(n?) training
complexity with naive implementations. The MSS-KSC model can be trained
on a subset of the data (training data points) and then applied to the rest of the
data in a learning framework. Thanks to the previously learned model, the out-
of-sample extension property of the MSS-KSC model allows the prediction of
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the membership of a new point. However, in order to cope with non-stationary
data-stream one also needs to continuously adjust the initial MSS-KSC model.

To this end, in this chapter we propose the Incremental MSS-KSC (I-MSS-
KSC) algorithm which takes advantage of the available side-information to
continuously adapt the initial MSS-KSC model and learn the underlying
complex dynamics of the data-stream. The proposed method is rather general
and can be used in several application domains including complex networks,
medical imaging and video segmentation.

There have been some reports in the literature on formulating the object
tracking task as a binary classification problem. For instance in [163] a tracking-
based semi-supervised learning algorithm is developed for the classification
of objects that have been segmented. The authors in [15] introduced a tree
structured graphical model for video segmentation.

Due to the increasing demands in robotic applications, Kalman filtering has
received significant attention. In particular Kalman filter has been applied in
wide applications areas such as robot localization, navigation, object tracking
and motion control (see [45] and references therein). The authors in [155] use
the Kalman filter for monitoring a contact in a video surveillance sequence. In
[188], a Kalman filter based algorithm is presented to segment the foreground
objects in video sequences given non-stationary textured background. An
adaptive Kalman filter algorithm has been used for video moving object
tracking in [179].

In case of the video segmentation, we show how Kalman filter can be integrated
into the I-MSS-KSC algorithm as a regularizer by providing an estimation of
the labels throughout the whole video sequences.

7.2 Incremental Multi-class Semi-Supervised Clus-
tering

It has been shown in Algorithm 9 of Chapter 6 that for the MSS-KSC approach,
one has to solve a linear system of size n (number of training data points) in the
dual to obtain the cluster membership of the data points. This is fine for batch
mode but does not fit practical applications such as on-line semi-supervised
clustering, in which the data are entered sequentially. If the distribution of the
new arriving data points is not in line with the one of the training points, then
the trained model cannot explain well the new distribution. Therefore in those
cases an adaptive learning mechanism is required. In what follows we will show
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how one can use the out-of-sample extension property of the MSS-KSC model
for dealing with data streams in an on-line fashion.

7.2.1 Out-of-sample solution vector

In the batch MSS-KSC algorithm 9, the cluster membership of new and
unseen test points D'*S' = {z;}*<* is done by an Error-Correcting Output
Coding (ECOC) decoding scheme. First the cluster indicators are obtained by
binarizing the score variables for test data points as follows:

qt(ﬁit = sign(eéﬁit) = Sign(q)testw(f) + b(Z)]‘ntest)

= sign(QteSta(f) + b(é)lntcst), (=1,---,0,

where ®iest = [p(1), -, @(xmest)]T and Qgest = Ppest @7 € RrtteseX™ (n is the
number of training points). The decoding scheme consists of comparing the
cluster indicators obtained in the test stage with the codebook CB (which is
obtained in the training stage) and selecting the nearest codeword in terms of
Hamming distance.

For an on-line fashion, once the model is built using the training data points,
one can use the above procedure to estimate the cluster membership of the new
test points. But in order for the model to be able to track the non-stationary
changes in the data stream, the initial codebook CB should be adapted on-line
so that it has the information of the more recent data points.

In addition one has to incrementally update the solution vectors «. Since in
the MSS-KSC approach one needs to solve a linear system of equations, it is
possible to use for instance the Sherman-Morrison-Woodbury formula [68] to
efficiently update the inverse of the coefficient matrix whenever a new data
point is arrived without explicitly computing the matrix inverse. In this case,
also one should use some decremental algorithm to cope with non-stationary
data stream [111].

Here we aim at using the out-of-sample extension capability of the MSS-KSC
model. Consider nyest new data points, D** = {z;}*<*. The score variables
are:
e = Dpeguw® + 001, = Qest0®@ +0O1,, =1, .Q, (7.1
where Pieoqr and Qyest are defined as previously. The third KKT condition in
(6.4),
D = (1 V =y A)el® +ypeP 0 =1,...,Q,
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links the score variables for training, i.e. e, to the solution vector .. The idea
now is to extend this link to out-of-sample projections, such that we obtain an
out-of-sample solution with localized properties. An estimation of the out-of-
sample solution vector a¥), ¢ = 1,--. . Q for the new test data points can be
computed as follows:

déﬁit é (71%6% - ’YQAtest)eEf;lt + 726‘52‘57 t= L... aQ? (7'2)
where ciesy consists of label information of some data points. Viest = D[e;t =
diag(d—ll, e ,ﬁ) is the inverse degree matrix for the test data points. If
there is no label available, one can simply estimate the solution vector by
setting cpest and Aiegy equal zero. In case that the test dataset is sampled from
the same distribution as the training data points, then the approximated out-of-
sample solution vector diest, from equation (7.2), will display localized cluster
structures. Thus the data points z; € R? are embedded in the Q-dimensional
Euclidean space called a-space, i.e.

Ti — oy = (agl),--~ ,a(Q)),W =1, -, Ntest-

In the MSS-KSC formulation, the clusters in the projection space (e-space)
obtained by e form lines with well-tuned RBF kernel parameters. Whereas
the projection of the points in the a-space obtained by a®) show a localized
behavior. For the sake of clarity we illustrate the projected points in both «
and e-spaces, in the case of a synthetic two moons dataset in Fig 7.1.

In the case of well separated clusters, the data points that lie in the same cluster
in the original space, are all mapped to one point in a-space. But in practical
applications where clusters are not well separated, the data points in the same
cluster in the input space will be close to each other in the a-space with respect
to the other points in different clusters. Using this localized representation for
out-of-sample solutions in a-space it is possible to introduce the representative
or conceptual centroid of a cluster in this space.

From now on, we use two spaces: the original space X where the data point
z; lies and the a-space where the embedded solution vector a; lies. Before
starting to introduce the on-line semi-supervised clustering algorithm, let us
introduce some definitions that will be used in the remaining of the chapter.

Definition 1. The representative or conceptual centroid of the ith cluster A;
in the X -space, is defined as the mean value of the data points in A;. We denote
the cluster representative in the X-space by repx(A;).

Definition 2. The representative or conceptual centroid of the ith cluster A;
in the a-space, is defined as the mean value of the embedded solution vector
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Figure 7.1: Two moons dataset: The labeled data point of only one class is
available and is depicted by the red circle (o). (a): Data points in the original
space. (b): The result of MSS-KSC algorithm with RBF kernel. (c): The
mapped data points in the a space. (d): The mapped data points in the e
space.

areg, (J ={j |z; € Ai}), across all dimensions of the features. We denote
the cluster representative in the a-space by repo(A;).

Definition 3. A prototype is defined as a point in the X -space or a-space that
has been labeled. The jth prototype is denoted by proty ; and prot, ; in X-space
and a-space respectively.

Definition 4. (Cluster creation and elimination). Assume that the cluster
representatives repx(Ai(k)) at time step k are obtained. A new set of data
points DY) at time step k + 1 are defined as outliers or in other words they
form a new cluster if their kernel evaluations with respect to all training data
points are very close to zero. Therefore x, € D¥Y s considered as outlier
if Yot K (., 23)* < 6 where 6y is a user defined threshold. Furthermore if
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Figure 7.2: Flow-chart of the Incremental Multi-class Semi-Supervised Kernel
Spectral Clustering (I-MSS-KSC) algorithm.

there is no single data point and prototype assigned to the ith cluster A; then
this cluster is eliminated.

In what follows, the on-line semi-supervised algorithm will be described. The
proposed on-line multi-class semi-supervised clustering consists of two stages.
In the first stage, one trains the MSS-KSC algorithm 9 using n training data
points D (that contains both label and unlabeled data points) to obtain the
initial solution vectors a; and the cluster memberships. Assuming that N,
clusters are detected, the initial cluster representative repy(A;) and reps(A;)
are then obtained. The aim of the second stage is to predict the membership
of the new arriving data points using the updated solution vectors «;. When
batch of new data points are arrived the out-of-sample extension properties of
the MSS-KSC algorithm is used to approximate the score variables associated
with the new points. Next steps composed of the estimation of the projection of
the points in the a-space is obtained using (7.2) and calculating the membership
of the points. Finally the cluster representatives in both « and X-spaces are
updated (step 13 in Algorithm 12).

Remark 7.2.1. If the algorithm is initialized poorly (the first stage), then one
cannot expect to have a good clustering performance for the on-line stage (the
second stage). The good initialization can be achieved by the aid of user labels
and and well tuned model parameters. The performance of the initialization
can be monitored by checking the value of an internal quality index such as
Silhouette, Fisher and Davies-Bouldin indices.
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Remark 7.2.2. The data points that are to be operated can arrive either one-
by-one or as a batch of new points. In the proposed I-MSS-KSC algorithm when
a batch of new data points arrives at time step k, more than one cluster can be
detected without the need of using any extra step (like applying K-means in the
projection space). Given Q cluster representatives at time instant k — 1, the
total number of clusters that can be created at time step k is Q. The binarized
projections of the points in the alpha space is used as an indicator for the
number of new clusters at time instance k. In the case of sequential one-by-one
case since at time instance k, only one sample is fed to the algorithm, there
will be a possibility of creation of at most one cluster.

The proposed on-line semi-supervised clustering algorithm is summarized in
Algorithm 2. The general stages of the I-MSS-KSC approach are described by
the flow-chart in Fig. 7.2. In Algorithm 12, the data-stream might already have
some labeled samples which then can be considered as prototypes. Otherwise,
depending on the application, the prototypes can be provided by the user or for
instance, for a video segmentation task the prototypes of the objects in motion
can be estimated by means of a Kalman filter.

7.2.2 Computational complexity

The computational complexity of the proposed I-MSS-KSC (Algorithm 12)
consists of two parts. In the first stage of the algorithm the MSS-KSC is
employed to obtain the initial clusters representatives. As in MSS-KSC one
needs to solve a linear system of size n x n, therefore the algorithm has O(n?)
training complexity with naive implementations.

In the the second stage which corresponds to updating the clusters repre-
sentatives for the arriving data-stream, mainly computing the kernel matrix,
score variables and out-of-sample solutions vectors contribute to the complexity
of the algorithm. As in the second stage, the number of training points is
ng = N, (see step 7 of Algorithm 12), the overall complexity of the second
stage of Algorithm 12, neglecting lower order terms, is O(npoints X d X Ngy)
with 7y < Npoints and d < Npoints. Therefore the complexity of the on-line
algorithm is linear with respect to the number of data-points (npeints) at each
time instant.

7.2.3 Regularizing I-MSS-KSC via Kalman filtering

The Kalman filter, also known as Linear Quadratic Estimator (LQE), is
an algorithm that provides an efficient computational (recursive) means to
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estimate the state of a linear dynamical system from noisy measurements, in a
way that the variance of the estimation error is minimized.

The Kalman filter was introduced in the sixties by R. E. Kalman [83], and it has
been successfully applied to the guidance, navigation and control of vehicles,
particularly aircraft and spacecraft. In computer vision, the Kalman filter has
been extensively used for tracking objects, and it is precisely in this context
that we apply this tool in order to generate the labels for objects in motion.

As it can be seen in equation (6.1) the third term of the cost function is
influenced by the labels ¢(¥) which are provided by either the user or a Kalman
filter. Therefore the Kalman filter is regularizing the solution of the MSS-KSC
through ¢(©) values associated with the pixels of the objects in motion in a given
video sequence. (See the conceptual diagram in Fig. 7.3) in equation (6.1).

Regularization

Kalman
for the ¥ values Fﬂter

MSS-KSC

Figure 7.3: Kalman filter acts as a regularizer for the MSS-KSC algorithm

Consider the following discrete-time linear state-space model of a given
dynamical system,

z(k+1) = Az(k) + Bu(k) + Gw(k) (7.3)
y(k) = Cax(k) + v(k)

where z(k) € R", u(k) € R™ and y(k) € R™ are the state, input and
output vectors respectively, A € R"=*"= B € R"*" and C € R™*"= are
the matrices defining the system dynamics, G € R™=*" is a weighting matrix
and w(k) € R™ and v(k) € R™ are random variables that represent the
process (model uncertainties) and measurement (measurement uncertainties)
noises respectively. The process noise w(k) is modeled as a Gaussian white
noise with zero mean and covariance matrix Q € R™»*"» and the measurement
noise v(k) is modeled as a Gaussian white noise with zero mean and covariance
matrix R € R™v*"v.

Notice that for control and object tracking purposes, it is necessary to know
the state vector x(k). However, in general, this vector is not always available.
Therefore the use of an estimator such as the Kalman filter becomes necessary
in order to provide an estimate of x(k) from the inputs and outputs of the
system, on the basis of a mathematical model. The estimate of the state vector
z(k) will be denoted by #(k). For the derivation of the Kalman filter equations,
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readers are referred to [19, 61]. The Kalman filter is summarized in Algorithm
13, where P!(k) is the prior error covariance matrix, #(k) is the estimate of 2 (k),
P(k) is the estimation error covariance matrix and y(k) is a vector comprising
the measurements.

In this work, we use some image processing techniques to roughly determine
the position (measurement) of a moving object for which we would like to
provide a label, and afterwards we further improve this position estimate by
using a Kalman filter. We use the following kinetic model to describe the object
motion:

2

so(k) = su(k — 1) + Toa (k — 1) + %az(k ~1) (7.4)
v (k) = v (k— 1)+ Ta,(k—1)

sy (k) = (k= 1) + Ty (k= 1) + a, (k= 1)

wy (k) = vy (k — 1) + Tay(k 1)

where T is the sampling time, s, (k), v, (k) and a, (k) are the position, velocity
and acceleration of the object in the z-coordinate, and s, (k), v, (k) and a,(k)
are the position, velocity and acceleration of the object in the y-coordinate. If
we define the state vector as x(k) = [s,(k), sy (k), vz (k), vy (k)]T, we can write
down the kinematic model in a state-space form as follows:

x(k+1) = Az(k) + Ga(k) (7.5)

y(k) = Cx(k) +v(k)

where
1 0 T 0 T2/2 0
o1 o T | o T2)2 [t 0o 0 o0
A=1lo 0 1 o “=| T 0 ’C*{o 10 0}’
0 0 0 1 0 T

and a = [a;(k),a,(k)]". Here it is assumed that a, (k) and a,(k) are normally
distributed, with zero mean and standard deviations o, and o, respectively.
Observe that there is no Bu(k) term in the previous equations given that there
are no control inputs. Finally, the covariance matrices of the process and
measurement noise are defined as follows:

2 2

o 0 o 0
Q:|:aw :|’R:|:ml :|’

0 agy 0 0'72ny
where 0,,, and 0,,, are the standard deviations of the measured position of
the object in the x and y coordinates respectively. These measurements are
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1 200 2 300 360

270
Figure 7.5: Some of the frames of the second video sequence. Each slice is
treated as a batch of new data points that are fed to the algorithm.

A video sequence consists of several frames see Fig. 7.5 and each frame will be
treated as batch of new data points for the algorithm.

7.3 Experimental Results

In this section, some experimental results are presented to illustrate the
applicability of the proposed I-MSS-KSC algorithm. In the implementation
of Algorithm 12, there are two possibilities:

o I-MSS-KSC (-): the labels (prototypes) are only provided in the first
stage, i.e. just for obtaining the initial cluster representatives and the
subsequent set of data points do not have any label information.

o I-MSS-KSC (+): the user can also provide the labels (prototypes) for
some of the subsequent set of data points.

In order to illustrate the effect of prototypes (labels), we start with synthetic
problems and show the differences between the obtained results when I-MSS-
KSC(+) and I-MSS-KSC(-) are applied (see Fig. 7.6 and 7.8). Next we
show the application of I-MSS-KSC reqularized by a Kalman filter to video
segmentation. We used RBF kernels for all experiments unless otherwise noted.

L A;(k) is the ith cluster at time k.
2Here index k denotes the kth frame.
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Algorithm 12: I-MSS-KSC: On-line Semi-supervised clustering

Input: Training data set D, labels Y, the tuning parameters {~;}7_;, the
kernel parameter (if any), number of clusters N., number of
prototypes p and number of available class labels i.e. Q

Output: Cluster membership of test data points

First stage: INITIALIZATION OF CLUSTERS REPRESENTATIVES.

1 Read the training data points (initial set of points, k=1).

10

11

12
13

Train the MSS-KSC model using Algorithm 1 and obtain the cluster
membership of the training data points.

Calculate the initial cluster representative repy(A;) and rep,(A;) for
t=1,--+, N. using Definition 1 and 2.

Second stage: UPDATING THE CLUSTERS REPRESENTATIVES
for k=2 to the end of the data-stream do

Read the set of data points (npoints) at time k, z;(k),7 =1, ..., Npoints-
Detect the indices of the outlier points according to Def. 4.

Provide the prototypes (prot,, ;(k),j =1,...,p) and form the codebook
matrix CB for the current time instant k:

CB = {repa(fli(k)) ,prote (k)

i=1,...,N,

T
:| c R(NC+P)XQ'1
j=1,...,p
Employ the [rer(Ai(k:))

} as training points and calculate the

i=1,...,N,
score variables ef(k),i = 1, ..., Npoints for £ = 1,...,Q using (7.1).
Compute the out-of-sample solution vectors c;(k),i =1,..., Npoints Using
(7.2).

Form the encoding matrix for the outlier points by binarizing the
obtained «;(k), for all ¢ belonging to the set of outlier indices. .

The unique rows of the encoding matrix obtained in step 9, indicates the
number of new clusters at time step k.

For non-outlier points, assign z;(k) to cluster ¢*, where

q* = argmin dgy.(a;(k),CB(j,:). Here dgy.(-,-) is the Euclidean distance

J
and the jth row of the matrix CB is denoted by CB(j,:).
Eliminate a cluster if necessary according to Def. 4.
Update the cluster representative repy (A;(k)) and rep,(A;(k)) according
to the Definition 1 and 2.
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Algorithm 13: Kalman filter

INITIALIZATION.
Provide the initial guess for state vector Z(0) and the estimation error
covariance matrix P(0).

for k=1 to end do

TIME UPDATE (PREDICTION)

Propagate the state vector 2(k — 1) one-step ahead, 2
#'(k) = A#(k — 1) + Bu(k — 1)

Propagate the covariance matrix P(k — 1) one-step ahead,
Pi(k) = AP(k — 1) AT + GQGT

MEASUREMENT UPDATE (CORRECTION)
Compute the Kalman gain,

L(k) = P(k)CT (CP"(k)CT + R) ™
Update (k) to #(k) by using the measurements y(k),

#(k) = 2"(k) + L(k) (y(k) — C3'(k))
Update Pf(k) to P(k),

P(k) = (I - L(K)C) P'(k)

7.3.1 Synthetic data sets

In Fig. 7.6, there is a cloud of points which can be clustered in three groups
(red, blue and green). The red and green clusters are static over time, whereas
the blue cluster is moving toward the other two clusters and then it returns to
its initial position.

Fig. 7.6, shows the snapshots of the evolution at specific time instants where
one can see the impact of having prototypes in the incremental semi-supervised
clustering. At time instants £ = 11 and 12, where the blue cluster is close to
the other two clusters, there are some points that are not correctly clustered
using the I-MSS-KSC(-) algorithm. On the other hand I-MSS-KSC(+) that
uses the prototypes (shown by small-squares in the Fig. 7.6) is able to cluster
all the data points correctly. Hence incorporating the prototypes helps to
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improve the performance. In order to evaluate the performance of the two I-
MSS-KSC(-) and I-MSS-KSC(+) algorithms quantitatively, the adjusted rand
index (ARI) [72] is used and the obtained results are tabulated in Table 7.1.
ARI is an external evaluation criterion which measures the agreement between
two partitions and takes values between zero and one. The higher the value of
the ARI the better the clustering result is. In this example, at new time step
k, the algorithm receives a batch of data where the number of data points is
the same as that of time step k& — 1. Initially at time step k = 1, there are 1191
data points forming three clusters. The total number of labeled data points is
21 and is fixed along all the time steps. The regularization parameters and the
kernel bandwidth are v, = 1, v = 1072 and ¢ = 0.7 respectively.

The proposed I-MSS-KSC algorithm is able to detect the creation of more than
one new cluster at the given time step k, when batch of new data are fed to the
algorithm. In the next example, we consider the case that three new clusters
are created and eliminated at different time steps.

At time step 1, the data set consists of three clusters as in the previous example
(see Fig. 7.7). Three other new clusters (clusters 4, 5 and 6) are created at time
step 2. The cluster 4 and 5 are eliminated at time step 10 whereas cluster 6
disappears at time step 12. The Definition 4 is used along with the Algorithm 12
and all the above mentioned events are correctly detected. Fig. 7.7, shows the
snapshots of the evolution at specific time instants where clusters are detected
and eliminated. The number of data points at time step £k = 1 is 1171. In the
next step 1371 new data points that form six clusters are fed to the algorithm.
This number of data points is fixed until time step £ = 10 where two clusters are
eliminated and therefore the total number of points is 1241 and finally at time
step & = 12 another cluster disappears from this step onward the number of
data points fed into the algorithm at each step is 1171. The model parameters
are y1 = 1, 79 = 1 and o = 1 respectively.

7.3.2 Synthetic time-series

We show the applicability of the proposed I-MSS-KSC algorithm for on-line
time-series clustering. The idea is to cluster signals with similar fundamental
frequencies using a sliding window approach. Therefore we have generated
two groups of signals with length 600 (each group contains 18 signals) with
fundamental frequencies 0.1 rad/s and 0.3 rad/s respectively. Then from time
instant £ = 200 till £ = 400, some of the pure signals of the first group are
contaminated with noise which has the same fundamental frequency as the
other group. The ground-truth of the time-series are shown in Fig. 7.8. For
I-MSS-KSC, we have labeled one of the pure signals and a contaminated one
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from the first group. The proposed I-MSS-KSC with and without labels has
been applied to cluster the given time-series using a moving window approach.
In this experiment the window size was set to 150. To evaluate the outcomes of
the model, the average adjusted rand index (ARI) [72] is used and the results
are reported in Table 7.1.

Here the similarity between the time-series is computed using the RBF kernel
with the correlation distance [178]. The obtained clustering results are
compared with the known ground-truth. The snapshots of the obtained results
at certain time instants, where the signals from the first group have noise, are
depicted in Fig. 7.9, which shows the advantage of having labels. From Fig.
7.9, one can observe that when the labels are not provided to the algorithm, it
mixes things up, some of the signals from the first group are assigned to the
second group and vice versa. However when the prototypes are used by the
algorithm, this pattern is not observed.

Table 7.1: Averaged ARI index over time for the synthetic data points and
time-series

Experiment I-MSS-KSC(-) I-MSS-KSC(+)
Synthetic data points 0.992 0.999
Synthetic time-series  0.624 0.998

7.3.3 Real-life video segmentation

In this section the proposed I-MSS-KSC algorithm is tested on real-life videos.
We compare the performance of the proposed method with incremental K-
means (IKM)[39]. K-means is one of the most popular data clustering methods
due to its simplicity and computational efficiency. It works by selecting some
random initial centers and then iteratively adjust the centers such that the total
within cluster variance is minimized. In its incremental variant (Incremental K-
means), at each time-step it uses the previous centroids to find the new cluster
centers, thus avoiding to rerun the K-means algorithm from scratch [39].

The EHGB algorithm is an efficient and scalable technique for spatio-
temporal segmentation of long video sequences using a hierarchical graph-based
algorithm. The algorithm begins with oversegmenting a volumetric video graph
into space-time regions grouped by appearance. Then a “region graph” over
the obtained segmentation is constructed and this process is repeated over
multiple levels to create a tree of spatio-temporal segmentations [69]. This
algorithm comes with some parameters. In all the experiments, we have
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selected a minimum and maximum number of regions which are stated in
the corresponding caption of each of the tested video sequence. Although
the EHGB algorithm does not employ labels, it is one of the state-of-the-art
algorithms for video segmentation that uses past and future information (in
offline mode) in order to segment the current frame. Also this algorithm uses
advanced features, such as color and flow histograms. It should be noted
that our algorithm uses the previous segmentation results to perform the
segmentation of the current frame. And the algorithm uses only the color
feature as discriminator (local color histograms).

Four real examples are used to test the validity of the proposed method. The
first example shows two bouncing balls and the second example presents a
human’s hand throwing a ball upwards. The third video is a video sequence
taken from Berkeley video segmentation dataset ® and is called dominoes video
and the fourth video is a high definition video showing birds. Descriptions of
the used videos can be found in Table 7.2.

In order to extract features from a given frame, a local color histogram
with a 5 x 5 pixels window around each pixel using minimum variance color
quantization is computed. The level of quantization in general depends on the

video under study. The number of levels used for each of the video is reported
2

in Table 7.3. The x? kernel K (h(?), h(9)) = exp(—24) with parameter o, € R*

Tx

is used to compute the similarity between two color histograms h(") and h7).

R _p(3)y2
Here xZ = 3>.0%4 (hy —hg)

—%5—4%=— where n, is the number of quantization levels.
hg +hq'7

The performance of the proposed I-MSS-KSC model depends on the choice of
the tuning parameters. We set the regularization parameters v; = v = 1 to
give equal weights to unlabeled and labeled data points. The initial o, (kernel
parameter) is tuned using a grid search in the range [1073,10']. The training
and validation data points, i.e. D and D', consist of the histograms of the
chosen pixel (unlabeled data points) together with some labeled data points.
These data points are used for training and validation respectively to obtain
the initial cluster representatives for the first frame. Then the solution vectors
and cluster representatives are updated in an on-line fashion using Algorithm
12 for the subsequent frames. The number of unlabeled/labeled training and
validation data points used to obtain the initial cluster representatives are
tabulated in Table 7.3. We obtain the initial model using the MSS-KSC
algorithm trained on the first frame and then I-MSS-KSC is applied to segment
the upcoming frames in an on-line fashion. For IKM, we let the algorithm to
initialize itself and the maximum number of iterations allowed is set to 100.

tp://ftp.cs.berkeley.edu/pub/projects/vision __train.tar.gz
3 fi berkel d b j isi BVDS i
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Both qualitative and quantitative evaluations of the proposed approaches are
provided. For quantitative evaluation of the video segmentation there is not
a unique criterion to evaluate the performance of the algorithm under study.
Several evaluation criteria are proposed in the literature [29, 162]. Here two
criteria are used to evaluate the segmentation results. In the first criterion the
segmentation obtained by the I-MSS-KSC and IKM are compared in Table 7.4
with the results of the minimum variance quantization method (the number
of levels is defined by the user) [75] using the Variation of Information (VOI)
index. This index measures the distance between two segmentations in terms
of their average conditional entropy. Low values indicate good match between
segmentations [7].

In the second criterion, the segmentations obtained by I-MSS-KSC and IKM
approaches are compared in Table 7.4 with the original frames using the Cluster
Quality Index (CQI) which is empirically defined in the following lines.

Suppose for a given image I, the segmented image has N, clusters (regions).
We define the quality index per cluster as follows:

ZiE{R,G,B} mean(|Pji — m;|)

L=1-—
Q1 .

ajzla"'aNca

where Pji denotes the ith channel of the RGB color for pixels of of the original
image I that belong to cluster j. m/ is the mean value of P. Next the cluster
quality index (CQI) for a given image I is heuristically defined as a weighted
sum of the quality index per cluster i.e.

N
CQI(I) =Y 0;QI, (7.6)
j=1

where Z;V;1 0; = 1. In our setting the highest weight is assigned to the cluster
with minimum QI index. The CQI takes values in the range [0, 1]. The higher
the value of the CQI(I) the better the segmentation is.

The obtained results of the proposed I-MSS-KSC algorithm (with two modes
of implementation: I-MSS-KSC(-) and I-MSS-KSC(+)) and Incremental K-
means algorithm for some of the frames of the bouncing-ball and Siamak’s
hand videos are depicted in Fig. 7.10 and 7.11 respectively. (The whole videos
of this simulations are presented in the supplementary material of the thesis).
Fig. 7.10 and 7.11, show that it is possible to improve the performance of the
video segmentation by incorporating prototypes. Note that for the first video
sequence, one of the ball and the table are the objects of interest. Since the
table is static, the labels are provided by the user and they are fixed through
out the video sequence. Whereas the ball’s prototype is provided by a Kalman
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filter. Here one may notice that I-MSS-KSC(+) makes it possible to improve
the performance by carrying the object labeled through out the video sequence.
The labeled pixels of the objects are shown by red and white asterisks (*).
The obtained results of the proposed method (I-MSS-KSC(+)) and IKM for
the third video are shown in Fig. 7.13. (The whole video of this simulation
is provided in the supplementary material of the thesis). Fig. 7.13, indicate
that the on-line segmentation results can be improved when the labels are
incorporated into the algorithm. In Fig. 7.13, the labeled pixels of the objects
are shown by yellow and white asterisks (*).

Table 7.2: Videos statistics

Video width x height # batch data points # of frames Frame rate

Bouncing ball 320 x 180 57600 139 29 frames/second
Siamak’s hand 320 x 180 57600 395 29 frames/second
Dominoes 435 x 343 149205 121 29 frames/second
Birds 1280 x 720 921600 162 29 frames/second

Table 7.3: The number of quantization levels, unlabeled/labeled training and
validation points used to obtain the initial cluster representatives.

D Dual
Video Quantization level Q@ D Dy D;’i‘” Dz‘”
Bouncing ball 10 3 1000 4 1500 3
Siamak’s hand 8 3 800 3 1500 3
Dominoes 15 3 600 3 1500 3

Table 7.4: Comparison of IK-means, EHGB, I-MSS-KSC (-) and I-MSS-KSC
(+) in terms of averaged cluster quality and variational information indices over
number of frames.

Evaluation Method
Video Criterion IKM EHGB I-MSS-KSC (-) I-MSS-KSC (+4)
Bouncing ball CQI 0.906 0.875 0.895 0.924
VOI 1.17 0.839 0.912 0.627
Siamak’s hand CQI 0.872  0.890 0.919 0.925
VOI 1.08 1.118 0.494 0.344
Dominoes CQI 0.843 0.880 0.855 0.866
VOI 1.552  1.598 1.584 1.352
Birds CQI 0.848 0.874 0.868 0.868
VOI 0.564  0.539 0.376 0.376

Note: The higher the value of cluster quality index the better the segmentation is. The lower
the value of VOI, the better the segmentation is.
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7.4 Conclusions

A new incremental semi-supervised algorithm is proposed. It uses the multi-
class semi-supervised kernel spectral clustering (MSS-KSC) as core model. The
update of the solution vectors and the memberships are obtained using the
out-of-sample solution property of the MSS-KSC approach. The user labels or
labels provided by a Kalman filter are incorporated into the algorithm in an
on-line fashion to improve the performance of the proposed I-MSS-KSC. The
validity and applicability of the proposed method is shown on synthetic data
sets and some real-life videos sequences. For the video segmentation test cases,
the results obtained by the proposed I-MSS-KSC algorithm where in general
better than those of the incremental K-means (IKM)[39] and comparable with
the ones of the Efficient Hierarchical Graph-Based Video Segmentation (EHGB)
[69].
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Figure 7.6: Synthetic data sets. On-line semi-supervised clustering using the proposed I-MSS-
KSC approach implemented in two modes with and without prototypes (i.e. I-MSS-KSC(-) and
I-MSS-KSC(+)). First row: The original data points at different time steps. Second row: I-MSS-
KSC(-): The results obtained by I-MSS-KSC algorithm without the help of any prototypes after
the initialization. Third row: The embedded solution vector a when I-MSS-KSC(-) is applied.
Fourth row: I-MSS-KSC(+): The results obtained by the proposed I-MSS-KSC algorithm with
the help of prototypes. Fifth row: The embedded solution vector o when I-MSS-KSC(+) is
applied.
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Figure 7.7 Synthetic data sets. On-line detection of the creation of more than one cluster at
time step k using the proposed I-MSS-KSC(+) approach. At time step k = 2, three new clusters
appear and evolve. Two of them disappear at time step k = 10 and the third one dies out at k = 12.
The labels are just provided for the consistent clusters i.e. the ones that are always present at all
the time steps and can possibly evolve over time.
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Figure 7.8: Ground-truth of the time-series (a) Signals that are in cluster 1 ,
(a) Signals that are in cluster 2
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Figure 7.9: Synthetic time-series. On-line semi-supervised clustering using the proposed I-
MSS-KSC approach implemented in two modes with and without prototypes (I-MSS-KSC(-) and I-
MSS-KSC(+)). First row: I-MSS-KSC(-): The signals assigned to cluster 1 using the I-MSS-KSC
algorithm without the help of any prototypes after the initialization. Second row: I-MSS-KSC(+):
The signals assigned to cluster 1 using I-MSS-KSC algorithm with the help of the prototypes.
Third row: I-MSS-KSC(-): The signals assigned to cluster 2 using the I-MSS-KSC algorithm
without the help of any prototypes after the initialization. Fourth row: I-MSS-KSC(+): The
signals assigned to cluster 2 using I-MSS-KSC algorithm with the help of the prototypes.
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Figure 7.10: Bouncing balls video. On-line video segmentation results using the proposed
I-MSS-KSC, IKM [39] and EHGB [69]. First row: The original frames. Second row: The
segmentation results obtained by on-line IKM. Third row: The segmentation results obtained by
EHGB approach [69] with Min/Max Number of regions=10/200. Fourth row: The segmentation
results obtained by the proposed I-MSS-KSC algorithm without the help of any labeled pixels
after the first frame i.e. I-MSS-KSC(-) mode. Fifth row: The results of the proposed I-MSS-
KSC algorithm when labeled pixels for two clusters are provided during on-line segmentation, i.e.
I-MSS-KSC(+) mode.
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Figure 7.11: Siamak’s hand video. On-line video segmentation results using the proposed
I-MSS-KSC, IKM [39] and EHGB [69]. First row: The original frames. Second row: The
segmentation results obtained by on-line IKM. Third row: The segmentation results obtained by
EHGB approach [69] with Min/Max Number of regions=10/200. Fourth row: The segmentation
results obtained by the proposed I-MSS-KSC algorithm without the help of any labeled pixels
after the first frame, i.e. I-MSS-KSC(-) mode. Fifth row: The results of the proposed MSS-
KSC algorithm when labeled pixels for two clusters are provided during on-line segmentation, i.e.
I-MSS-KSC(+) mode.
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Figure 7.12: Dominoes video. On-line video segmentation results using the proposed I-MSS-
KSC, IKM [39] and EHGB [69]. First row: The original frames. Second row: The segmentation
results obtained by on-line K-means. Third row: The segmentation results obtained by EHGB
approach [69] with Min/Max Number of regions=10/100. Fourth row: The segmentation results
obtained by the proposed I-MSS-KSC algorithm without the help of any labeled pixels after the
first frame i.e. I-MSS-KSC(-) mode. Fifth row: The results of the proposed I-MSS-KSC algorithm
when labeled pixels for two clusters (objects) are provided during on-line segmentation. Note that
one object is static and therefore its labels will be static and can be provided by the user.

segmented frame

segmented frame
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Figure 7.13: Birds video. On-line video segmentation results using the proposed I-MSS-KSC,
IKM [39] and EHGB [69]. First row: The original frames. Second row: The segmentation results
obtained by on-line K-means. Third row: The segmentation results obtained by EHGB approach
[69] with Min/Max Number of regions=10/100. Fourth row: The segmentation results obtained
by the proposed I-MSS-KSC algorithm without the help of any labeled pixels after the first frame
i.e. I-MSS-KSC(-) mode. Fifth row: The results of the proposed I-MSS-KSC algorithm when
labeled pixels for two clusters are provided during on-line segmentation.






Chapter 8

General Conclusions

8.1 Concluding Remarks

This thesis discussed a series of novel methodologies for the incorporation of
the available side-information into the kernel based core models in different
contexts such as semi-supervised learning, parameter estimation of dynamical
system and learning the trajectories of a dynamical system. The problems
are formulated in the primal-dual setting where the additional knowledge
at hand is integrated in the primal via regularization terms and/or set of
constraints. The solution in the primal is in terms of the feature map and
the optimal representation of the solution in the dual is obtained through the
KKT optimality conditions.

This thesis adopts Least Squares Support Vector Machines (LSSVM) and
Kernel Spectral Clustering (KSC) as core models and extend them, by
incorporating the the prior knowledge, in the following aspects:

e Learning the solution of a dynamical system: The LSSVM based
model is extended to learn the solution of a dynamical system governed
by ordinary/partial differential equations (ODEs/PDEs) and differential
algebraic equations (DAEs). The solution is learned by imposing a set
of constraints into LSSVM formulation satisfying the given differential
equation and its initial/boundary conditions. In the case of a linear
operator, the solution in the dual is obtained by solving system of linear
equations. For the nonlinear operators, one has to solve a system of
nonlinear equations. The model produces a closed-form solution in the

215
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dual. The method does not need to reduce the index of DAEs and can
address both initial and boundary value problems.

Parameter estimation of dynamical system: A two step approach
based on LSSVM core model is introduced for the estimation of the
unknown parameters (constant/time varying) of a dynamical system
described by ODEs and DDEs. For the ODE case, the solution obtained
by the model, is further used as an initial guess for solving the original
non-convex optimization problem for estimating the unknown model
parameters. For the DDE case, the unknown model parameters can
be either the time delay, the history function or constant/time varying
parameter presence in the model. For the parameter affine system, the
problem formulation is convex otherwise non-convex.

Non-parallel classifiers: A general framework for non-parallel LSSVM
classifier under different loss functions is introduced. For evaluating the
loss functions two types of noise are are considered: label and feature
noise. The strength of each one of the loss functions are discussed under
different circumstances. In particular the proposed non-parallel classifier
with square loss can reduce to the LSSVM formulation for a specific
regularization constant.

Semi-supervised learning for realistic and large scale data: A
multi-class semi-supervised learning algorithm is proposed. The kernel
spectral clustering (KSC) is used as a core model and the available side-
information is incorporated into the model using a regularization term.
This leads to a model (MSS-KSC) capable of addressing both multi
class semi-supervised classification and clustering using a low dimensional
embedding. The solution in the dual is obtained by solving a system of
linear equations. Furthermore the extension of the approach for large
scale data is carried out by the development of FS-MSS-KSC and RD-
MSS-KSC approaches.

Online semi-supervised learning: A new online semi-supervised clas-
sification/clustering algorithm (I-MSS-KSC) is introduced for analyzing
non-stationary data streams. The data points can arrive in two modes:
one-by-one or a batch of data points. The method is able to detect more
than one new cluster at the given time step k. For the video segmentation
task, a Kalman filter is used to provide the labels of the objects in motion
thus regularizing the solution obtained by I-MSS-KSC.
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8.2 Future Research

This thesis presented new contributions originated by crossing the borders
between computational mathematics and machine learning. For future work
some possible directions of research may consider the adaptation/application
of the proposed algorithms or the development of new methodologies based on
the existing ones:

e A natural extension of the method proposed for learning the solution of
PDEs would be to consider other types of loss functions and regularization
terms aiming at imposing a low rank solution or having a sparse solution
for high dimensional PDEs. An explicit feature map or other types
of kernels could also be suitable for certain applications. Combining
the proposed method with traditional numerical solvers would be an
additional direction of research. Other types of PDEs that involve more
complex structure could also be considered for future direction.

o Techniques based on LSSVM are designed for estimation of parameters of
dynamical system whose states are all measured. Extending the approach
for estimation of unknown parameters of the partially observed models is
an open research area. The adaptation of the algorithm for other types
of differential equations presents another challenge.

e The non-parallel classifiers introduced in this thesis can also be extended
for semi-supervised learning where one encounters few labeled data points
and large amount of unlabeled data points. This requires the design of
a more generic model selection criteria. Addressing the scalability of
the proposed approach to deal with large scale data and their parallel
implementation can also be an interesting area of research.

e Developing robust to noise models for the proposed semi-supervised
formulation can potentially boost the performance of the method.
Although two algorithms are proposed to handle large scale data, sparse
models with interpretable results and applicable for broader applications
are desirable.
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Appendix

A.1 Symbolic Computing of LSSVM based models

A software tool SYM-LSSVM-SOLVER. has been written in Maple to derive
the dual system and the dual model representation of LSSVM based models
with equality constraints, symbolically. SYM-LSSVM-SOLVER constructs the
Lagrangian from the given objective function and list of constraints [116].
Afterwards it obtains the KKT (Karush-Kuhn-Tucker) optimality conditions
and finally formulates a linear system in terms of the dual variables. The
effectiveness of the developed solver is illustrated by applying it to a variety of
problems involving LSSVM based models.

A.2 Motivation

LSSVM core models are formulated in the primal in terms of high-dimensional
feature maps, equality constraints and an Lo loss function. In most
cases, solving the primal problem directly is not possible due to the high
dimensionality of the variables involved in the optimization problem. Through
the constrained optimization framework, it is possible to obtain a dual system
where the problem is recast in terms of kernel evaluations (the so-called kernel
trick) and which grows with the number of data points. Building the dual
is a systematic process: first write the Lagrangian, then obtain the Karush-
Kuhn-Tucker (KKT) optimality conditions and finally wrap up and formulate
a system in terms of the dual variables that fulfills all KKT conditions. Fig.
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A.1 shows an illustration of building models based upon LSSVM core models;
as outlined in [158].
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Figure A.1: Illustration of advanced LSSVM models.

A.3 Development of Symbolic Solver

In order to be able to work with a symbolic solver for LSSVM model, at first
the model should be transformed to the symbolic expressions i.e. in the matrix
or vector notation. It should be noted that this stage is done by the user before
utilizing the symbolic solver. An example is provided to clarify this procedure.

Let us consider a given training set {xi,yi}é\il with input data z; € R? and
output data y; € {—1,1}. The LSSVM model for classification [158], can be
rewritten in a matrix form as follows

. 1 7 T
minimize —w w+le e
w,b,e 2 2

(A1)
subject to Y [@w + blN:| =1y —e

where v € Rt)b € R, e € RN, w € R", Y = diag(y1,v2,...,yn) € RVXN,
1y € RY, & € RV*" with
= [p(e1) - éan)] ",
#(-) : RY — R" is the feature map and h is the dimension of the feature space.
The approach on which the LSSVM symbolic solver is based can be summarized
as follows:
1. Constructing the Lagrangian.

2. Taking derivatives of the Lagrangian with respect to the primal and dual
variables and setting them equal zero.

3. Elimination of primal variables (or part of it).



SYM-LSSVM-SOLVER PACKAGE 221

4. Expressing the solution in terms of the Lagrange multipliers.

5. Obtaining the dual representation of the model.

A.4 SYM-LSSVM-SOLVER Package

A specific module, denoted by SYM LS SVM_SOLVER, is designed for the
symbolic solver for LS-SVMs. This module is composed of four main procedures
denoted by:

e Pro_Lag,
e Pro KKT,
e Pro_Dual system,

e Pro Dual Model

In Maple one read this as follows:
> print(SYM_LS_SVM_SOLVER) ;

module()
export Pro_Lag, Pro_ KKT, Pro_Dual System, Pro_ Dual Model;

end module

More details of these procedures are discussed in the following subsections.

A.4.1 Procedure Pro-Lag

The aim of this procedure is to form the Lagrangian from a given primal
problem. The arguments of the Pro Lag procedure are thus the objective
function, list of constraints and Lagrange multipliers, respectively. It should
be noticed that in our code the vectors are considered as a special case of
matrices. Also the possibility that the users can define the type of the matrix
is provided.

Example 1. Consider the LSSVM model (A.1). One initially reads the
package into memory using the ‘with’ command. A second task is to utilize
the ‘assume’ command to specify the matrix variables. If the variable
has additional properties such as being symmetric or positive definite, the
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additionally function can be used which adds additional assumptions without
removing previous assumptions.

> with(SYM_LS_SVM_SOLVER) ;
> assume(w::Matrix,e::Matrix,Phi::Matrix,

> Ni::Matrix,alpha::Matrix,Y::Matrix),additionally(Y::symmetric);
> L[1]:=Pro_Lag(0.5*w"T.w+0.5%gamma*(e"T.e),

> [Y.Phi.w+b*(Y.N1)=N1i-e], [alphal);

L4 :0.5wTw+O.5’yeTefaT~Y~<I>~wfbaT~Y~N1 +aT - N1 —aT - e Note
that N1 is a vector of all ones and equals 1.

Example 2. Consider the following problem,

minimize %wTw +yele+nY —Y)T (Y —Y")
w,b,e,Y

s A2
subject to Y —Y =e (A-2)

Y = dw+ bly
> assume(e::Matrix,w::Matrix,
> Y::Matrix,Yhat::Matrix,alpha[1]::Matrix,alpha[2]::Matrix,

> Phi::Matrix,N1::Matrix, Ystr::Matrix);
> L[2]:=Pro_Lag(0.5%(w"T.w)+gamma*(e"T.e)+eta*((Yhat-Ystr) T.

> (Yhat-Ystr)), [Y-Yhat-e,Yhat-Phi[1].w-b*N1], [alpha[1],alphal[2]]);

1
Lo = inw +~eTe+n (Yhat — Ystr)" - (Yhat — Vstr) + oq© - YV —

a1 T Yhat —aq T e+ as’ - Yhat — an’ - ® - w — bas” - N1

Example 3. As another example, we consider the data visualization model,
see ([157]),

> with(SYM_LS_SVM_SOLVER) ;

> assume(z::Matrix,N1::Matrix,P[D]::Matrix);

> dims:=2;

> for k from 1 to dims do

> assume(wl[k]::Matrix,el[k]::Matrix,Philk]: :Matrix,v[k]::Matrix,

> alphalk]::Matrix,C[k]::Matrix,M[k]::Matrix,Omegalk]::Matrix,

> betall,k]::Matrix,e[1,k]::Matrix); end do;
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> L[3]:=Pro_Lag(-0.5*gamma*z"T.z+0.5%(z-P[D].z) T.(z-P[D].z)+

>  (gamma/2)*(sum(w[j]1"T.w[j],j=1..dims))+0.5*eta*(sum(e[j] T.e[j],
> j=1..dims)), [seq(v[j1~T.z-Phi[j]l.w[jl-b[jl1*Ni1=e[j],j=1..dims),

> seq(C[j1°T.z=q[jl+e[1,j],j=1..dims)],

> [seq(alphalj],j=1..dims),seq(betall,j],j=1..dims)]);

Ly =—05v212405 (z— Pp - z)T (2= Pp-2)+0.5y (wlTwl + ngwg) +
0.57 (€1T€1 + €2T€2) +al T z—aqT @y wy — byt - NI—
OélT'€1+042T'U2T'Z*OéQT'(I)z'U&*bzazT'N] *OlzT'€2+51,1T'C1T

T T T T T T
'2*51,1 '%*51,1 '61,1+51,2 <Oy ‘Z*ﬂl,Q '%*51,2 ©€1,2

A.4.2 Procedure Pro-KKT

After obtaining the Lagrangian, the task is to take derivatives of this function
with respect to the primal variables and Lagrange multipliers. In our code,
Procedure Pro-KKT sets the derivatives of the Lagrangian to zero which leads
to the system of linear equations.

The built-in differentiator in Maple (i.e diff command) is not able to handle
the derivative with respect to a vector or matrix (of known dimension, but
unknown values). Therefore a special procedure so called Pro_DIFF is
designed to do differential operations on generalized matrices symbolically,
under the framework of LS-SVMs. Pro DIFF has two parameters, the
algebraic expression that has to be differentiated and differentiation variable
respectively.

Most cases encountered when solving LS-SVMs are as follows,

0XTA 9ATX 0ATXB

4 XX 0XTAX
ox — ox 7

- T
=X, T = (A+AT)X

Where A, B, X are symbols for matrices. For more details we refer to [137].

Let us give an example to show how this procedure works individually,

> with(SYM_LS_SVM_SOLVER) ;
> assume(A::Matrix,B::Matrix,X::Matrix),additionally(A::symmetric);
> Pro_DIFF(b*(X"T.A.X) *q+X"T.X-A"T.X"T.B, X);
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2b(A.X)q +2X — BA"

Note that b and ¢ were not defined as matrix, so they just behave like a scalar.

Having the Lagrangian function available from the Pro Lag, we can call
the function Pro KKT to generate the KKT optimality conditions. The
parameters of Pro_ KKT are thus the Lagrangian, list of differentiation
variables and number of w vectors (the dimension of the problem) respectively.
In order to illustrate the procedure we apply it to the example 2 and 3, thus
the KKT optimality conditions are as follows,

For example 2,
> Pro_KKT(L[2], [w,e,alpha[1],alpha[2],Yhat,b],1);

%:Qw—@T-azzov
%:276—041:07

;oii] =Y — Yhat —e =0,
;)[L[;]:Yhat—fb-w—bNI:O,
%:QUYhatf2ant7’fa1+062:0a
%:—N]T-agzo.

For example 3,
> Pro_KKT(L[3], [seq(w[i],i=1..dims),seq(e[i],i=1..dims),

> seq(e[1,i],i=1..dims),seq(alphali],i=1..dims),

> seq(betall,i],i=1..dims),seq(b[i],i=1..dims),z],2);
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A.4.3 Procedure Pro-Dual System

The procedure Pro-Dual System, as its name suggests, will produce the
corresponding dual system for the given primal problem. The remaining
variables are defined by the user. Pro-Dual System has four parameters,
Lagrangian, differentiation variables, remaining variables and number of w
vectors, respectively. In what follows, we illustrate this procedure by applying
it to the example 2.

For example 2, we have
> Pro_Dualsystem(L[2], [w,e,alpha[1],alpha[2],Yhat,b], [alpha[2],b],1);

0

2Y~y + 27 Ystr ]
—’yQ~IN—[N—7]Q~[N 2’yINN] +277[NN1
‘where G1¢ =
NiT . Iy 0
where Q=®®7T denotes the N x N kernel matrix.

For example 3, we have
> Pro_Dual system(L[3], [seq(w[i],i=1..dims),seq(e[i],i=1..dims),

> seq(el1,i],i=1..dims),seq(alphali],i=1..dims),seq(betal[l,i],i=1..dims)
> seq(bl[il,i=1..dims),z],
> [z,b[1],b[2]1],2);

z Cr-qin+C2-qan
G1-| b | = 0
bo 0
U —vy - Myt INNI —we - Mo™' - INNI
‘where G1¢= | —N1T .M~ -0 T Iy N1T. M, IyNI 0
—N1T M=t 0T Iy 0 Ni1T . M,™" - IyN1

‘where U¢ = —1.0’)/.[1\] +1.0 (I—PD)T - (I—PD) I+ ~M171 -’U1T - In+

vg-M271~v2T'IN+C'1'ClT‘INﬁ+C2'CzT'IN77
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A.4.4 Procedure Pro_Dual Model

The last procedure denoted by Pro_ Dual Model, constructs the dual model
representation. The input of this procedure is just the primal model provided
by the user. Implementing this procedure for the examples 2 and 3 will result
in the following model expressions.

For example 2,
> Pro_DualModel (Phi.w+b*N1);

%@'@T-ag +bN1

For example 3,
> Pro_DualModel ([Phil[1].w[1]+b[1]*N1,Phi[2].w[2]+b[2]*N1]);

&0, 7 (M Tz — My b NT) Do®o T (Mot v T oz — My~ baNT)
+b1 N1,
¥ ¥

“+ba N1

where ; ;
M, = &8, 7 + E, My = $ody T + E

A.5 GUI Application

In order for the code to be user friendly, the Maplet of the code is designed,
(see Fig. A.2), containing windows, textbox regions and other visual interfaces,
which gives the user point-and-click access. It is an alternative to the worksheet.
Users can perform the SYM-LSSVM-SOLVER Package without having to get
involved in the Maple syntax. Example 1 has been performed using the Maplet
package (see Fig. A.2). The snapshots of the result taken from the Maplets
are shown in Fig. A.3.

A.6 Conclusion and future work

A symbolic solver written in Maple is developed for LSSVM models. The
Maplet of our code is also provided as an alternative to the worksheet. The
application of the solver is illustrated on three examples. Currently the LSSVM
models that can be handled in our symbolic solver include equality constraints
only. Dealing with additional inequality constraints is a further challenge for
future work.
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F2 SYM-LS-SYM-SOLVER

APPENDIX

Fil=  Help

Primal Problem

List of wectors/matrices:

[[2,w,PHi[1],alphia,M1, ]

#*, P e s
Ohbjective Funckion: 0.5%w T w054 (2T e)
i #*
List of Caonstraints: L BRI R NE N e
List of Lagrange Multipliers: L[alpha]
Would you like to continue
i ¥ES' | NO
KKT Conditions
List of primal & dual warisbles: E[b,wJeJalpha]
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Dual System

List of remaining wariables:

|[alnha,b]

Prirnal Maodel:
[PhIl1].w+bEN1

Civial Syskem

[ Dual Model representation ]

Figure A.2: The GUI for SYM-LSSVM-SOLVER
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Figure A.3: Lagrangian function, KKT optimality conditions, Corresponding
dual system and model representation for Example 1.
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