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ABSTRACT
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the Adaptive Topology Extreme Learning Machine (AT-ELM) topology, named
the Gaussian kernel approximation (GKA) algorithm, is proposed, developed,
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The approach used by the algorithm, which is based on a constructive
learning algorithm, is to create the hidden units directly so that automatic de-
sign of the architecture of neural networks can be carried out. The algorithm is
de ned using the linear summation of input patterns and their randomized input
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algorithms. Real medical diagnoses and a biological classi_cation of mushrooms
are used to illustrate the performance of the algorithm.

These results con_rm that the algorithm proposed here can discover the
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CHAPTER 1

INTRODUCTION

1.1 Introduction

Recently, many real world applications need neural networks to solve
the significant problems of estimation, classification, clustering and various data
mining tasks. The ability to estimate complex nonlinear mapping directly from
the training samples is a major influence. In designing a feedforward neural
network structure and fitting it to a training data set, it is desirable to optimize
the number of connections in the network to achieve the desired performance.
The performance of neural networks for a given problem has been evaluated using
generalization and convergence criteria, depending on the network architecture.
The painfulness of a determined suitable neural network structure becomes a
major drawback in applying the neural network approaches to the real world
applications. There are too many possible arrangements of the local structure,
not only the number of layers but also the number of hidden nodes in each
layer, including their transfer function characteristics, to apply to each given
problem. For some problems, the requirement of more than one hidden layer
may be omitted under the consideration of the neural network approaches to
universal approximating. It is well known that a single hidden layer is sufficient
[1]. However, in a single hidden layer feedforward neural network, the number
of hidden nodes is still a crucial parameter. A feedforward neural network with
too many hidden nodes may overfit the model, causing poor generalization of
the data not used for training. On the other hand, the model is underfitted and

insufficiently accurate with too few hidden nodes. Therefore, it is important to
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be able to automatically determine the optimal number of hidden nodes during
the design of a neural network structure. More importantly, this is a long-term
goal in neural computing research.

This dissertation focuses on defining a proper structure of a single hid-
den layer feedforward neural network. It describes a new algorithm Gaussian
kernel approximating algorithm or GKA for automatically designing the optimal
structure of a feedforward neural network structure, namely Adaptive Topology
Extreme Learning Machine or AT-ELM. This research advocates the view that
a network structure should be determined by trial-and-error as usual but should
be computed by the learning algorithm. Moreover, we also adopt an analyti-
cal approach to replace the conventional backpropagation algorithm making our
approach able to minimize learning time.

Existing research in automatic design of neural network architecture sug-
gests that the constructive learning algorithm was built upon the generic idea
of iterative addition of a hidden node into an initially minimal structure. The
network structural complexities are increased until an appropriate structure is
found. The algorithm was driven by the nature of training data for the specific
given problem. The nature of training data was repeatedly observed via the par-
titioning in the input feature space. Each set of partitioned training data consists
of the homogeneous group of data. At the central point of the group, the mean
value of overall members in the selective association will generate a maximum
value if it passes through the Gaussian transfer function. The response value will
be the gradually decrease if is far away from the center.

Accordingly, the GKA algorithm was designed and developed. The new
algorithm captures the signal input before feeding into the hidden nodes. The

algorithm clustered these input signals into many groups by observing the ho-
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mogeneity of the class membership. The largest homogeneous group is selected.
The mean value of signals in the selected group is computed and defined as the
kernel of the Gaussian transfer function. The Gaussian hidden node is added
into the undersized organization. Then, a training member in the selected group
is removed from the full training set. The algorithm repeatedly adds the Gaus-
sian hidden while removing the selected training patterns until the training set is
empty. At last, the appropriate neural network structure is found for the specific

domain problem.

1.2 Organization of the Dissertation

The contents of the dissertation are organized in six chapters as follows:

Chapter 1: Introduction.

Chapter 2: Literature Review.

This chapter provides the background of neural networks such as feed-
forward neural network architecture design and its learning algorithm. Then,
the generic concepts of defining an appropriate neural network structure into the
problem are described. In addition, related research studies are also summarized.

Chapter 3: Research Motivation and Problem Statement.

This chapter presents the significant question for an automatic design
of a neural network structure. The determination of a network structure nor-
mally requires various ad hoc rules of thumb. Defining an appropriate neural
network topology for the given problem immediately available is a difficult task.
We elaborate the power of the feedforward neural network, the flexibility of the
constructive algorithm and the challenge of developing the Gaussian kernel auto-
matic approximation, which are research motivations. Then, problem statement,
research objectives, scope and contribution are described in the final section.

Chapter 4: The Development of Adaptive Topology Extreme Learning
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Machine.

This chapter describes the basic concepts, proposed approach and com-
ponents of the architecture in detail. A single hidden layer feedforward neural
network, the Gaussian kernel function and the constructive learning algorithm
are summarized. Then, the modification of the extreme learning machine is de-
scribed. Finally, the design of the Gaussian kernel automatic approximation
algorithm for adaptive topology extreme learning machine is emphasized.

Chapter 5: Experiments and Results.

The chapter describes the experimental system that has been developed
to verify and validate the correctness of the proposed method. Then, the exper-
imental results are shown and analyzed.

Chapter 6: Discussions and Conclusions.

This chapter generously contributes discussion of the original study. Dis-
cussion topics include its performance and generalization of the proposed archi-
tecture. Then, a comparison to existing neural networks such as extreme learn-
ing machine and other machine learning approaches for pattern classification is
discussed. It also concludes the dissertation for future research related to this

work.
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CHAPTER II

LITERATURE REVIEW

This chapter briefly introduces basic concepts of feedforward neural net-
works and their training algorithms. The existing research related to the generic
concept of matching an appropriate neural network structure into the given prob-
lem is discussed. These concepts serve as foundation knowledge for the proposed

research.

2.1 Feedforward Neural Networks and Supervised Learning

Artificial neural networks are nonlinear mapping systems whose struc-
tures are inspired by the fundamental principles repeatedly taken from the ner-
vous systems of people and animals. The basic idea is that massive systems of
simple processing units connecting together in appropriate ways can create many
complex and interesting abilities. The power and usefulness of artificial neural
networks have been demonstrated in several real world applications including
speech synthesis, diagnostic problems, medicine, business and finance, robotic
control, signal processing, computer vision and many other problems that fall
under the multiple group of pattern recognition and function approximation.
For some application areas, neural models show promise in achieving human-like
performance over more traditional artificial intelligence techniques.

This dissertation focuses on feedforward neural network architecture where
the signal only flows from the input to the hidden and finally the output layer.

In this section interesting historical stories of artificial neural networks and also



Ananta Srisuphab Literature Review / 6

their related concepts are revisited. Then, existing approaches to tackle the unre-
solved significant difficulty of hopefully determining appropriate neural network

structure for given problems are primarily probed.

2.1.1 A Brief History of Artificial Neural Networks

The history of artificial neural network traces back to 1943, when War-
ren S. McCulloch and Walter Pitts introduced the first mathematical model of
a single biological neuron[2]. The first training algorithm of the neural network
was launched (only on a psychological level) when Hebb, in 1949, published the

dramatic book, The Organization of Behavior. It states that connection weights

among neurons that are simultaneously on or simultaneously off on similar in-
puts are reinforced[3]. In 1962, Frank Rosenblatt proposed a two-layer network,
the perceptron, which was capable of learning certain classifications by simple
iterative adjusting connection weights called the perceptron learning rule[4]. The
perceptron algorithm attempts to find a separating linear hyper-plane that par-
titions the pattern space into two half-planes. Although the perceptron was
successful in classifying certain patterns, it had a number of limitations. Marvin
Minsky and Seymour Papert [5] showed that the limitation of a single neuron
perceptron was not able to solve the classic XOR (exclusive or) problem. The
perceptron algorithm poorly sunk in these trivial situations. Such limitations
led to the steep degeneration of the surrounding area of neural networks. How-
ever, the perceptron had laid deserving establishments for later work in neural
computing.

In the early 1980’s, it thus became clear that single neuron was incapable
of learning all classification tasks and some form of internal representation (hid-
den neurons) would be required to correctly learn these tasks. Several researchers

actively searched for suitable training algorithms for multi-layer neural networks.
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The most popular learning algorithm in the neural network community was pro-
posed by Rumelhart et al. [6] namely backpropagation learning algorithm. It
uses a gradient descent approach for training the multi-layer neural network. The
success of the backpropagation algorithm renewed the excitement among well in-
formed authorities and led to eager activity in both theory and applications of

neural networks.

2.1.2 Taxonomy

This section describes a taxonomy of the different neural network archi-
tecture based on the properties of the individual neurons, the topology of neural

network connections, the learning algorithm, and the application area.

Figure 2.1: A simple mathematical neuron-drawn to remind us of its biological
origin.

Neuron Properties

A simple mathematical neuron model is inspired by the real biologi-
cal neuron. Figure 2.1 shows an integration of important principles in the real

neurons into a simple mathematical neuron.
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The mathematical neuron model comprises of n input connections and
a single output. It consists of two parts, the linear summation and the transfer
function. The first part combines the received signals from other neurons or
stimuli from outside of the system. Associated with each input connection is
an adjustable weight that scales the input signals. Neurons typically have an
additional input connection called the bias or the threshold whose input signal is
held constant at 1 and connection strength is denoted by 6 . Typically, the first
part is the function of the weighted sum of the inputs of the neuron. If the input

signals to the neuron are denoted by
Z = {xg, x1, %2, ..., Ty} € R” (2.1)
and its corresponding weights are denoted by
W = {wp, w1, ws, ..., w, } € R" (2.2)

then the overall input signal is defined by

= zn:wi - T (2.3)
=0

where the bias input xg and its corresponding weight wy = 6 are perma-
nently set to 1. The second part of the neuron is the transfer function; it is the
key feature of each neuron. Neurons are distinguished by the transfer functions
they implement.

The choice of transfer functions strongly influence complexity and perfor-
mance of neural networks. A large number of alternative transfer functions have
been described in the literature[7]. The first neural network models proposed
by McCullush and Pitts [2] were based on the logical processing elements. The
output function of the logical elements is of the step function type, and is also

known as the Heaviside H(s;#) function:

Oifs < 0

1 otherwise (2.4)

(s 0) = {
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The most common transfer function in the neural network literature[7] is the
logistic L(s;~y) function:
1
L(s;y) = —————
(5:7) (S)
gina v

The constant v determines the slope of the logistic function around the linear

(2.5)

part. There are many functions similar in shape to the logistic function[7], form-
ing a broad class of sigmoid functions.

Another class of powerful functions used in neural network models is
called the radial basis functions. Several types of radial basis functions exist.
Among of them, Gaussian functions are unique. For Euclidean distance functions
(and other distance functions that may be presented as a sum of independent

components), they are separable. The Gaussian G(s; u,d) function:

e \/%e% (8 3 M) (2.6)

where 1 is the mean and ¢ is the standard deviation.

Topology of Neural Network Interconnection Weights

The different organization of neurons in the network and their intercon-
nections is often referred as neural network architecture or topology. In general
architecture, three subsets of neurons are defined as input, output and hidden
neurons. Each subset of neurons forms an input, output and hidden layers of
network structure. A variety of neural network architecture is used to diligently
perform different tasks. Perhaps, the most common basic type of architecture is
the fully connected feedforward neural network. The phrase, ”fully connected”
means that the output from each input and hidden neuron is distributed to all of
the neurons in the following layer and the "feed forward” means that the values

only move from input to be hidden to output layers; no values are fed back to
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earlier layers (a Recurrent Network allows values to be fed backward). The input
layer begins the computation by obtaining input signals from the user or other
data sources. Then, the individual neuron fires or remains inactive depending
on the threshold function. Once the input neurons have fired, they forward their
signal across weights into the neurons in either the hidden layer or the output
layer depending on the structure. The signals flow from input layer into hid-
den layer and then into output layer. Most practical applications require the
neural network structure to have at least one hidden node. However, it is very
hard to approximate the ideal number of hidden nodes for any given task. The
constructive neural network learning algorithms tackle the significant question
of appropriate number of hidden nodes by dynamically increasing or decreasing

until the appropriate size is found.

Learning Algorithm

The learning algorithms clearly define the different paths to find the
mapping function that approximate output from the given input. It specifies
how the interconnection weights and the threshold values are updated. There
are two kinds of learning algorithms: Supervised Learning and Unsupervised
Learning. Supervised learning is the group of comprehensive learning that takes
place when the training instances are labeled with the correct result, which gives
responses about how learning is progressing. This is akin to having a supervisor
who can tell the learning model whether it was correct. In unsupervised learning,

the goal is harder because there are no pre-determined categorizations.

Neural Network Applications

An artificial neural network has been widely used in many areas of

pattern classification, clustering, functional approximation and control.[8, 9, 10]
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This dissertation focuses exclusively on the exploitation of neural networks for
pattern classification. Pattern classification involves the job of taking in the crude
input signals and then making a decision to assign them into one of the several
a-priori fixed classes. In typical classification tasks, a set of training pair, input
pattern and its corresponding correct label are fed into a neural network during
the training stage. It is the goal of the neural network training algorithm to
train a proper network structure to learn a mapping from input patterns into its
output classes. Then, the learned neural network can be used to classify unseen

patterns.

2.2 Multi-layer Neural Networks

A multi-layer neural network has two or more layers of neurons, with the
output from one layer serving as input to the next layer. The layers in between
the input and output layer are referred to as hidden layers. The goal of the
training process is to find the set of weight values that will create the output
from the neural network to match the actual target values with minimal error.
The backpropagation learning algorithm is an iterative procedure for training
multi-layer feedforward neural networks. The backpropagation algorithm are

briefly summarized below.

Backpropagation Learning Algorithm

The backpropagation algorithm is a gradient descent based iterative pro-
cedure which usually trains the multi-layer feed forward neural networks. The
goal of the backpropagation learning algorithm is to minimize an error between
actual output and the target output. Then a typical objective function is defined
by mean squared error over the set of training patterns. In order to acquire

gradient information, the objective and transfer function must be a differentiable
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function. Each iteration of gradient descent involves two necessary phases of
weight update mechanisms. In the forward phase, the patterns are submitted
to the model and then the actual output is computed. The error is determined
by proper quantity of the difference between actual output and the desired out-
put. An accumulated error from overall training patterns is used to compute
an average error distributed on each neuron. In the backward phase, the er-
ror is propagated back through the network and the interconnecting weights are
updated in a direction that has relevance to the negative gradient of the error
measure. The procedure repeats both steps until the stopping criteria of the
objective function are satisfied.

The backpropagation learning algorithm and its variation have been suc-
cessfully used in several real world applications. However, the iterative gradient

descent based algorithms still suffer from the following disadvantages:

e The algorithm requires the predefined neural network structure. The num-
ber of hidden layers and the number of hidden nodes must be defined before
the algorithm starts. This causes a serious problem since there is no efficient
method to determining the optimal network structure for a given problem.
Then the trial and error approach is primarily used in the neural network

structure design.

e Convergence rate depends on fine tuning parameters. The backward error
propagate mechanism of updating weights is computationally expensive and
requires extensive fine tuning of learning parameters such as the learning

rate and momentum term to meet a satisfactory performance.

e The algorithm is based on the fundamental rule of an error minimization
by gradient descent. It is well known that the local minima may prevent

the neural network from converging to the desired solution.
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Extreme Learning Machine

It is clear that the learning speed of feedforward neural networks is, in
general, far slower than required, and it has been a major bottleneck in their
applications for past decades. Two key reasons behind this may be: 1)the slow
gradient-based learning algorithms are extensively used to train neural networks,
and 2) all the parameters of local structures are tuned iteratively by using such
learning algorithms.

Unlike these traditional implementations, recently, Huang, et al. [11, 12]
proposed a new learning algorithm called Extreme Learning Machine (ELM)
which randomizes all the hidden nodes parameters of generalized Single-hidden
Layer Feedforward Networks (SLEFNs) and analytically determines the output
weights of SLFNs. Many types of hidden nodes including additive hidden nodes,
multiplicative nodes, and non-neural alike nodes, can be used as long as they
are piecewise nonlinear. Strictly speaking, given a type of piecewise compu-
tational hidden node (possibly not neural alike nodes), if SLFNs can work as
universal approximations with adjustable hidden parameters, from a function
approximations point of views, the hidden node parameters of SLFNs can actu-
ally be randomly generated according to any continuous sampling distribution.
All the hidden node parameters are independent from the target functions or the
training datasets. All the parameters of ELMs can be analytically determined
instead of being tuned. In theory, this algorithm tends to generally provide
the good generalization performance at an extremely fast learning speed. The
experimental results based on a few artificial and real benchmarking function
approximation and classification problems including large complex applications
show that the new algorithm can actively offer better generalization performance

in many cases and can learn thousands of times faster than traditional popular
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learning algorithms for feedforward neural networks.
Suppose we are training the model with H hidden neurons and nonlinear

activation function G(s) to |Z| distinct samples,

Z = (X,Y) = {Z B}, (2.7)

. T B T
where 7; = [z}, 22,23, ..., 2] € R" and %; = [y}, v?,v3, ...,y € R™.

Let ¢,y = G(Wy, - 7;) be an output signal generated by hidden node h'"
according to input pattern #; where the input weights w, and hidden bias by,
are randomly generated instead of tuned. As named by Huang, et al. [11, 12,
13, 14],® = {qﬁ(h,i)}hH;'lZ’L:l is called the hidden layer output matrix of the neural

network. ELM converts the nonlinear system into a linear system:
il ARV ¢ (2.8)

where V' is the matrix of output weights and Y = 1,5, 45, ..., 4z . Thus, the
output weights matrix V' is determined by the smallest norm least-square solution
of the above linear system as

vV =oly (2.9)

where @1 is the Moore-Penrose generalized inverse of matrix. [15, 16] Huang, et
al. [17] show that ELM can be extended to a radial basis function (RBF) network
case, which allows the center and impact width of RBF kernels to be randomly
generated and the output weights to be simply analytically calculated instead of
iteratively tuned. It is also found in [9] that the ELM learning algorithm runs
around 300 times faster than the backpropagation algorithm, and 15 times faster
than the support vector machine for small problems without considering that a

C executable environment may run much faster than a MATLAB environment.
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2.3 Constructive Learning Algorithm

The constructive learning algorithm gives an attractive framework for
the automated design of near-minimal neural networks architecture for pattern
classification[18, 19]. The algorithm starts with a small network, then dynami-
cally grows by adding and training neurons as needed until a satisfactory solution
is found[20]. The algorithm exploits the geometric properties of the training pat-
terns to directly determine appropriate weights for the neurons added to the
updated structure. The GAL algorithm [21] and the DistAl algorithm [22] con-
struct a single hidden layer network that implements a kind of nearest neighbor
classification scheme. Each hidden neuron is an exemplar representing a selective
cluster of patterns that belong to the same class and are close to each other in
terms of some suitably chosen distance metric. The reliance on a suitably chosen
distance metric makes it imperative for the user to try out a variety of distance
calculations for each learning problem. Constructive learning algorithms offer
the following advantage over the conventional backpropagation style learning al-

gorithms:

e A constructive learning algorithm is dynamically determining an appropri-
ate neural network structure during training. Thus, the algorithm has the

maximum ability for generating a near minimal network for the given task.
e No extensive parameter fine tuning is involved.

e [t provides a natural framework for incorporation of significant dilemma

domain knowledge into the local structure configuration.

2.4 Automatic Design of Neural Network Structures

Artificial neural networks are being extensively applied in many fields of

science and engineering. The major reason for this rapid growth and diverse ap-
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plication of neural networks is their ability to approximate virtually any function
in a stable and efficient way. Hence, they create a platform on which different
models can be constructed.

Despite the wide range of applications, neural networks are still designed
through a time consuming iterative trial and error approach. Hence, the time and
effort required for network design are totally dependent on the nature of the task
and the designer’s experience. This dependence on the designer’s experience leads
to a significant amount of time and effort being expended to find the optimum
or near optimum structure for a neural network for the desired task.

The performance of models for a given problem has been evaluated by
the ability of generalization and the convergence or training time. In many
applications, both generalization and convergence are non trivial; improving the
one at the expense of the other becomes a crucial decision.

The automatic design of artificial neural networks has attracted immense
interest because the performance of neural network models depends on their ar-
chitectures. Thus, algorithms that can automatically design near optimal archi-
tecture considering both performance parameters have been highly desirable.

In order to mitigate these deficiencies, various methods for auto-design of
neural networks have been proposed|[23, 24, 25, 26, 27]. However, these methods
have been applied only for the design of neural networks used for simple tasks such
as the XOR problem and the four-quadrant problem and not for more complex
problems typically encountered in pattern classification.

The design of neural networks involves the following steps.

e Structural design of the network, i.e., determination of the number of layers,

number of neurons in each layer, and neuron transfer function.

e Selection of the training methods and corresponding parameters. Training
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the network or determination of the network’s free parameters (i.e. synaptic

weights and neurons’ biases).

The significant problem of training method selection has been widely
addressed[28, 29, 30, 31, 32, 33]. Since the minimum error obtainable in the
training of the network depends on a large extent of the structure/topology of the
network. The first issue, above, is the 'bottleneck’” in the design of the structure
of neural networks. In spite of its importance, there are few methods available for
the selection of the topology of a neural network [34, 35, 36, 37]. Methods used to
define the topology/structure of neural networks can be classified as constructive,

destructive and parallel methods.

2.5 Constructive Method

Methods belonging to this category start with a network of minimum
structure and expand this structure (i.e. add more neurons and synapses) until
the resulting network becomes capable of performing the desired task with suf-
ficient accuracy. The method developed by Wang, et al. [36] can be cited as an
example of these methods. In this method it is assumed that the network has
at most two hidden layers and the method is used to determine the number of
neurons in each layer. Another restriction is that the method is only applicable

to fully connected feed-forward networks.

2.6 Destructive Method

The path toward an optimum structure for the neural network in these
methods is opposite to that of constructive methods. In other words, these
methods start with a large network capable of doing the desired task satisfactorily
and prune this network to the smallest one, which is still able to perform the task

accurately.
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Whitley’s method [38], Stripnet [34], and Optimal Brain Surgery [35]
based on the Genetic algorithm can be cited as examples of destructive methods.
The major disadvantage of these methods is that finding the structure of the
'large’ network capable of performing the desired task currently requires a trial
and error procedure. In order to avoid this iterative step, a network with a large
structure should be selected as the starting point of the algorithm. However, by
so doing the speed of convergence toward the optimum (near optimum) structure

is extremely slow.

2.7 Parallel Method

In these methods the performance of a set of neural networks are evalu-
ated simultaneously and based on updating rules, a new set of neural networks is
obtained. This cycle is repeated until convergence is achieved. Almost all parallel

methods are based on evolutionary algorithms[39, 40, 41, 42, 43, 44, 26].
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CHAPTER I11

RESEARCH MOTIVATION AND PROBLEM
STATEMENT

The following section presents the motivations and purposes of this re-
search. The problem statement and scope of the scientific investigation have
been defined to clarify the original research area. The research contributions are

discussed in the final section of the chapter.

3.1 Research Motivations

Multilayer feedforward networks trained using the backpropagation learn-
ing algorithm are limited to searching for a suitable set of weights in an a priori
fixed network topology. It suffers from two major drawbacks. On one hand, it is
intractable to decide if a given task can be learnt on a given feedforward network.
On the other hand, there is no way to figure out the most adequate size of struc-
ture for a specific application. When training a feedforward network to solve a
particular problem, we are always facing the following trade-off: if the network is
too large, it is easy to find the local arrangement realizing the given task but this
solution will over fit the given task and will provide a poor generalization, and in
the opposite situation the given problem is difficult to solve. This can be easily
understood by analogy to the simple dilemma of curve fitting using polynomials.
Consider a data set generated from a smooth underlying function with additive
noise on the global productions. A polynomial with too few coefficients will be
unable to capture the underlying function from which the information was gener-

ated, while a polynomial with too many coefficients will fit the noise in the data
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and again result in a poor representation of the underlying function. For an ideal
number of coefficients, the fitted polynomial will provide the best representation
of the significant function and also the best prediction for new data. A similar
situation arises in the detailed implementation of neural networks, where it is
again necessary to match the complexity of the model to the significant puzzle
being solved. A natural way to overcome these difficulties is to let the training
algorithm change the topology of the network. Algorithms that can find appro-
priate network architecture automatically are thus highly desirable. Our research
motivations emerge from the following considerations:

3.1.1 Flexibility of Exploring the Space of Neural Network
Topologies

An algorithm should overcome the weakness of searching for a solution in
the weight space of a priori fixed network architecture but extending the compre-
hensive exploration, in a controlled fashion, to the entire space of neural-network
topologies. The constructive algorithm has shown that, at least in principle, al-
gorithms that allowed to add neurons and weights represent a class of universal
learners[45]. Theoretical analysis of constructive neural networks [46] prove that
an approach providing a theoretically sound procedure for constructive approxi-
mation still preserves the universal approximation property.

3.1.2 Potential for Matching the Intrinsic Complexity of the
Learning Task

It is desirable that a learning algorithm creatively builds local arrange-
ments whose complexity (in terms of relevant criteria such as number of nodes,
number of links, and connectivity) is commensurate with the intrinsic complexity
of the underlying learning task (implicitly specified by the training data) [47].

Constructive algorithms search for small solutions first and thus offer a maximum
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capacity for discovering a near-minimal network that suitably matches the com-
plexity of the learning task. Smaller networks are also preferred by reason of their
potential for more efficient hardware implementation and greater transparency

in extracting the learned knowledge.

3.1.3 Incorporation of Prior Knowledge

Constructive algorithms provide a natural framework for incorporating
problem-specific knowledge into initial network configurations and for changing

this knowledge using added training examples[48] [49] [50].

3.1.4 Lifelong Learning

Recent research in lifelong learning [51] has proposed training networks
that learn to solve multiple related problems by applying the knowledge brought
from the simpler problems to learn the more difficult ones. Constructive learning
algorithms lend themselves well to the lifelong learning framework. A network
that has domain knowledge from the simpler task(s) built into its architecture
(either by explicitly setting the values of the connection weights or by training
them) can form a building block for a system that constructively learns more
difficult tasks.

3.1.5 Extremely Fast Analytical Determination of Intercon-
nection Weights

A fast learning algorithm for single hidden layer feedforward neural net-
works called extreme learning machine (ELM) [11] [12] [14] was proposed recently.
Instead of iterative adjustment of synaptic weights, the input weights are ran-
domly generated and the output weights are simply analytically calculated.

Therefore, the constructive learning scheme is suitable for matching the

neural network structure complexity to give the problem. The challenge of the
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research is the expected results from the combination of the constructive learning

scheme and extremely fast analytical learning scheme.

3.2 Problem Statement

This dissertation proposes to develop a new algorithm based on the con-
structive algorithm and use it to solve the significant question of network struc-
ture selection of an extreme learning machine. Although, the extreme learning
machine is known to be the extremely fast learning scheme, however, there are no
known efficient methods for figuring out the ideal network topology for a given
problem. Nevertheless, from our knowledge, there is no research that develops the
automatic design algorithm for the extreme learning machines using constructive
algorithm incorporation with Gaussian kernel function.

The evaluation of our Gaussian Kernel Automatic Approximation (GKA)
and Adaptive Topology Extreme Learning Machine (AT-ELM) will partly be
based on the neural networks learning algorithm benchmarks. The success of
the methods will be judged by comparing the results steadily gained from the

extreme learning machines and those of a control machine learning approaches.

3.3 Research Objectives

This research has the following objectives:

e To study existing research in automatic neural network design and

extreme learning machine.
e To study the constructive learning approach for neural networks.

e To study and define the constructive learning algorithm for the ex-

treme learning machines.
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e To conduct experiments to verify and validate the correctness of the

developed algorithms.

e To conduct experiments to evaluate the benefit fulfillment of developed
algorithms compared to the original extreme learning machine and

other machine learning models.

3.4 Research Scope

The scope of the research emphasizes on the design and gradually en-
hances the constructive algorithm for automatic design of neural network struc-
ture. We define Gaussian kernels automatic approximation for proposed net-
works. The scope of the research ranges from design, development and evaluation

of architecture and algorithm to realistic benchmarking.

3.5 Research Contributions

The scientific study reported in this dissertation should make the fol-
lowing contributions to the difficult areas of automatic design of neural network

structure and constructive learning algorithms:

e The proposed automatic design algorithm may be used as another

alternative of universal learners.

e The proposed architecture may be used to explain the essential ability

for matching the intrinsic complexity of the learning task.

e The proposed architecture may be used as an alternative of the pattern

classification problem-solving tool.
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CHAPTER IV

THE DEVELOPMENT OF ADAPTIVE TOPOLOGY
EXTREME LEARNING MACHINE (AT-ELM)

The problem of deciding the architecture of a neural network, together
with the disadvantages of the standard backpropagation algorithm, directed the
scientific exploration towards algorithms that control not only the weights but
also the structure of the network necessary for learning the data. The ideal neural
network architecture is the architecture which generalizes the underlying function
of a given data set. Too complex or too simple architectures fail to learn this
underlying function. Determining the architecture by trial and error takes too
much time and can drop some architecture that can be successful. Determining
the architecture for a given problem in the learning process is the desired goal.

An Adaptive Topology Extreme Learning Machine or AT-ELM to figure
out both architecture and the interconnection weights is proposed. In AT-ELM,
an appropriate topology of the neural network is controlled dynamically by in-
troducing new hidden neurons and input weights in a controlled fashion using
constructive learning algorithms. Hidden layer neurons are automatically defined
to partition the input space into homogeneous regions where each region contains
patterns belonging to the same class.

In order to generate each hidden node, the Gaussian Kernel Automatic
Approximation or GKA is proposed. The algorithm starts with randomly gen-
erated input weights to connect the input layer into a single hidden node. The
linear summation is computed for all training input patterns the same as conven-

tion feedforward neural networks. These linear summations order and locate the
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largest homogeneous region. The mean value of linear summations is computed
and defined as the center of the region for further use in the Gaussian response
function. Training patterns in the selected region will be deleted from the train-
ing set before new input weights are randomly generated. The same procedure
is repeated until the training set is empty. Finally, the number of hidden nodes
is automatically discovered by the algorithm. The Gaussian function is selected
for the construction of AT-ELM hidden nodes. It is a kind of radial basis func-
tion and its characteristic is that it returns a value of 1 if input and center are
equal, and drops to an insignificant value as the distance grows. The center, the
distance scale, and the precise shape of the radial function are characteristics of
the model. Similar to ELM [2,3], after the input weights and hidden nodes are
creatively built, AT-ELM can be simply considered as a linear system and the
output weights can be analytically determined through simple generalized inverse

operation of the hidden layer output matrices and the training target matrices.

4.1 Structure of Adaptive Topology Extreme Learning Machine

For each training input-output pattern pair

Z = (& 52, (4.1)
where
T = [:B(i,l), T(5,2)5 T(i,3)5 - :z:(i,n)]T eR" (4.2)
is an input pattern vector and
Ui = (Y1) Y6.2)> Y(i.3)s o y(i,m)]T € R" (4.3)

is an output vector.

Let

X - [fl,fz,fg,...,f‘zd (44)
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represent all |Z| training input patterns and

Y = [glag27g37"'7g]Z|] (45)

represent its corresponding training output patterns and C' = {ck}szl
represent the class label for each pattern of a K-class problem.
We define

S(hyi) = W, * T; (4.6)

as the linear summation part of all input signals to 2" hidden node where
Wy, is a random input weight vector connecting all input nodes to A" hidden node
and S = {s(h,i)}hHiﬂzl represents the matrix of all input signals from all | Z] input
patterns to all H hidden nodes.

The key idea behind AT-ELM is to automatically generate a single layer
of H hidden neurons, each of which separates a subset of patterns in a training

set using S.

4.2 Gaussian Activation Function

Consider the A" hidden neuron of a single hidden layer feedforward neural
network shown in Figure 4.1. The hidden node is an information-processing unit
that is fundamental to the operation of a neural network and it is separated into
two parts, the linear summation and non-linear part. The linear summation part
is summing the input signals, weighted by the respective synapses from all input
nodes to the hidden node. The non-linear part limits the amplitude of the output
of a hidden node.

Let @ = (T(i1)s T(i.2)s T(i3) - (i) € R™ represent the i input pattern.
Let W), = (W(h1); Wk2), Wih3), s Whny) € R, —1 < w < 1 represent an input

—

weight vector connecting all input nodes to the A" hidden node. Let S(hyi) = WhT;
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the /" hidden neuron

Figure 4.1: The hidden neuron model. 1), Z(2), (3); -+, T(i,n) are the input
signals of the " training pattern.

represent the linear summation part of all input signals of the i training pattern
to the h" hidden node.

A Gaussian function is a kind of radial basis function. It returns a value
of 1 if the input and the center coincide and drops to an insignificant value as
the distance increases. The center, the distance scale, and the precise shape of
the radial function are parameters of the model. A Gaussian activation function

is defined as

(s(ni) — uh)Q)

G (S(hay, 1 6) = e ( s (4.7)

where iy, is the center of the function, and the radius is controlled by 0.

The Gaussian function appears as the density function of the normal
distribution. It is the most important of all continuous probability distributions
and is used extensively as the basis for many statistical inference methods. Its
importance stems from the fact that it is a suitable probability distribution for
direct modeling of error distributions and many other naturally occurring phe-
nomena. It is a limiting probability distribution of various complicated sums,

according to the central limit theorem.
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4.3 Gaussian Kernel Approximation (GKA) Algorithm

One of the issues in the designing of neural networks for the classification
problem is to find an appropriate number of hidden nodes and characteristics of
its activation function. Traditionally, this number is estimated using a trial-and-
error approach and the characteristics of all hidden nodes are the same.

In this work, the number of hidden nodes can be found automatically by
our proposed algorithm and each hidden node may have different characteristics.
The designing of hidden layer for the feedforward neural network will be described
in this section and the next section will explain the connecting weight between
the hidden layer and the output layer.

We can define our design of the neural network structure for a classifica-
tion problem as follows:

Given a training set of input-output pairs, Z = {X, Y} and a set of class
label, C'. Find the number of hidden nodes, H and a set of Gaussian kernel, M.

The key idea behind our proposed algorithm is grouping the training
patterns of the same class according to their information signals from the input
layer to the hidden node. We select the largest homogeneous group, computing
the mean value of its signals. The resulting mean value is used to define the
characteristics of a Gaussian activation function for each hidden node. Then
the selected group of training patterns is removing from the original training
set. The rest of the training pattern is used for the next iteration to define the
characteristic of the next hidden node. We repeat until the training set is empty.
For each iteration, we discover a hidden node together with the characteristics
of the Gaussian activation function. The number of iteration is the number of
hidden nodes for the neural network structure.

Suppose that information signals flow from the input layer through the
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hidden layer into an output layer. The signals from all input nodes are passed into
the h'™™ hidden node via the connecting weight vector, @,. Thus, W = {wj, }HL,
is the matrix of all connecting weights from all input nodes to all hidden nodes.
In the proposed algorithm, all connecting weight values from the input layer to
the hidden layer are randomly generated.

At the hidden layer, the matrix of all information signals from all input

nodes into all hidden nodes is defined by

S=W- X (4.8)

and the signal output from all hidden nodes is defined by

& = G(9) (4.9)

where G was defined in (4.7).

For a given set of training examples,

z = om &
7 = (=02 = {(@ 5} 5 (4.10)
where #; represents the " input pattern and ; is defined by its corre-

sponding output pattern and |Z| is the number of training examples. Each input

pattern contains n input signals,

—

T = (23,1), ©(6,2), X63), - Lim)) € R (4.11)

and each output pattern contains m output signals,

—

Yi = (y(i,l)a Y(i,2), Y(@i,2)s s y(i,m)) S (4.12)

Let C = {ck}‘,ﬂl be a set of class labels. The pattern classification

problem is,
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cr = k(%) (4.13)
where 7; is the i output vector encoded by & of the class label .

Initially, we have a training set,
A P Z0
Z° = {2} = (@0, Go) YT (4.14)

where Z° = Z.

The proposed algorithm starts with no hidden node, H = 0, M = & and
W = @. The number of input nodes is n nodes which is defined by the dimension
size of the input vector similar to the common technique in designing of a neural

network structure.
For the A" iteration, we perform 7 steps as follows:

Step 1: Connect all input nodes to the ht" hidden node. Set ) to a
random value, where @), = (W 1), Wh2), W(h3), - Wany) € R —1 < w < 1.
Then, add wj, into a set of connecting weights from input nodes to hidden nodes,

W =W U, and then increments the number of hidden nodes, H = H + 1.

Step 2: Compute the linear summation value of all input signals to the
ht" hidden node.

The actual information signal generated by the i training pattern

forward to the A*" hidden node is defined by

S(h,ith-) = Wh * Titn-1) (4.15)

where 1 < "1 < |Z(=D| and @), - Z;;n-1) represent the inner product.
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Step 3: Group the training examples based on their information signals
to the h'" hidden node.
Let

el

Qh = {Q(h,i(hfl))}i(hfl)zl (416)

where A(pith-1)) = (5(h7i(h—1)),'ll?h,fi(h—l), /ﬁ(gj;(hq))).
Two functions ¢ and ¢ are constructed to extract the information signal

and the input-output set from g, »-1y such that s, ;1) = &(q(0-1)) and

Z(h,ith=1) = C(Q(h,m—l)))-

We group the training examples by sorting elements of Q" by S(h,ih—1))
value. Let
i . 1Z(n—)l
Qh T {Q(h,i(h_l))}i(h(ﬁl)lil (4.17)

where £(qi-1y) < E(@pan-n11))), 1 <8 < |ZB=D — 1],

and @(h,iw—l)) € Q" where 1 < i*-1 < |Z(hf1)|_

Step 4: Identify each homogeneous class region.
To approximate up, we identify each homogeneous class region in Q.

The run-length encoding string of Q" is denoted as
Rlc?(h,l)RQQ(h,Q)RBQ(h,S)mRlQ(h,l)R(l+l)Q(hv(l+1))_._RLQ(h:L) (4.18)

where all £(x-1) in R;Q"Y are the same class label and the &(;x-1)) in R,Q"
and R(Hl)Q(h’(l“)), 1 <1 < L are different class labels. The lengths of the
runs Rlé(h’l)RgQ(h’z)R;gQ(h’?’)...RZQ(}”Z) are denoted by 1x,1), M(h,2), N(h,3) -+ M(h1)»
respectively.

Let

720 = ¢(RQ™) (4.19)
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be a set of training examples in the [*" region and
SO = ¢(R,Q"MN) (4.20)
Let
T" = {m}iy (4.21)

be the vector of the number of training examples in the sorted regions.

Step 5: Select the largest homogeneous class region. The largest homo-

geneous class region is defined by

R,Q"Y) = R,Q"D (4.22)

where 74 = maz(Y"),1 < v < L. Then, Zy,) = C(R,Q") rep-
resents the set of training examples in the largest homogeneous class region,
RVQ(}W) and S"7) represents the set of all linear summation values calculated

from all input patterns belonging to this largest homogeneous class region.

Step 6: Approximate the Gaussian kernel. The Gaussian kernel is ap-

proximated from

En(hﬁ)s(h,%k)
Hh = kz?l?T (4.23)
7’y

Then, add uy into a set of Gaussian kernels, M = M U py,.

Step 7: Prepare the set of training patterns for approzimating the next

Gaussian kernel. We remove the training examples Z7) from Z(-D zh =

z(h=1) _ 7(hy)
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Step 8: Repeat until the training set is empty, while Z" # @, do steps

The results of the algorithm are W = {w, }7_, M = {p,},. Then H
is the number of Gaussian hidden nodes discovered by the proposed algorithm.
The information in each discovered Gaussian hidden node consists of its center
and its corresponding class label. In the two-class problem, class 0 maps into
GY(spi) = 1 — Gh(sn) and class 1 maps into G} (sn;) = Gu(sn;). Figure 4.2

shows the result of algorithm where a total of H hidden nodes are discovered.

X1y Wep,1—— Sea,ip | Gilseaaen)

L‘- Sy | G502

\\\ Sz | GalSz,003)

Figure 4.2: The input weight connections and Gaussian hidden nodes discovered
by Gaussian kernel approximation algorithm.
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4.4 Automatic Design of a Single-Hidden-Layer Feedforward Neural
Network

Consider the task of designing a single-hidden-layer feedforward neural
network for a particular problem. Let Z = {X,Y} be a set training pairs of
inputs and outputs drawn from the given problem and a set of class labels, C.
By applying the proposed algorithm as detailed in Section 4.3 with Z and C' as
inputs, the results are the number of hidden nodes, H, the matrix of synaptic
weights connecting the input layer to the hidden layer, (1¥), and a vector of

Gaussian kernel function center values (M).

Let ¢ = Gr(Wy - @; + by) be an output signal generated by the hth
hidden node according to the i** input pattern, Z;, where a hidden bias is defined
by by,. Similarly to the method of Huang, et al. [12], the nonlinear system can

be converted into a linear system:

PV =Y (4.24)

where ® = {¢@)} is the hidden-layer output matrix; V' is the matrix
of output weights, and the set of training outputs, Y. Thus, the output-weight
matrix V is determined by the smallest normal least-squares solution of the above

linear system as:

vV =0aly (4.25)

where @ is the Moore-Penrose generalized inverse of matrix [15]. Fig-
ure 4.3 shows the single hidden layer feedforward neural network automatically

designed by the Gaussian kernel approximation algorithm.
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Figure 4.3: The full connected single hidden layer feedforward neural network
automatically designed by Gaussian kernel approximation algorithm.

4.5 Convergence Proof in Adaptive Topology Extreme Learning Ma-
chine (AT-ELM)

Let us consider a feedforward neural network which consists of an input
layer with /N + 1 nodes, a single hidden layer with H nodes, and an output layer

with M nodes:
O(iym) = Z,If:lv(mﬁ)Gh(fo:lw(h,n)x(m), Lh, 5), m=1.M,i= 1..’Z|, (4.26)

where z(; ,) indicates the n'* input node of the i pattern from the training set
Z and we define |Z| as the number of training examples, o) the m output
value of the i input pattern, w, ) a weight connecting the n* input node with

the A" hidden node, and vy, ;) a weight between the h*" hidden node and the
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m'™ output node. The function G, is defined by (4.7). We write (4.26) as

o = VG(Wi) (4.27)

where 7; = [$(z‘,1)7 L(3,2)5 L(i,3) ==+ L(i,N)> x(z‘,N+1)}T withzg iy =1, W = {w(h,n) hH;IY,n:p

V' = {0pnm bty G = {Gr}lily and 8; = [og,), 06.2): 03), -+, 0(i,an)] 7. This
network is shown in Figure 4.3.

Let Z = {(fl,gjl)}‘zi‘l be training data for the network. We define an
output error between the output of the network for the input #; and the relevant

output 7; by
z
ZL=|1(01‘ - yi)2

==

(4.28)

To determine W and V, we need to minimize the error function (4.28).

Theorem:

Given a finite set of non-contradictory training examples Z, GKA is
promised to converge to a minimum classification error rate after adding a finite
number (H) of hidden nodes, where H < |Z|. (In practice, H < |Z]).

(Proof)

Let W), be the set of patterns that are excluded by the h** hidden node.
Each hidden node finds the largest subset of patterns to be excluded. GKA keeps
creating a hidden node until Z becomes an empty set (i.e., Z = Z — ¥},). Since
Z = {(Z1,1), (Z2, %), (¥5,93), ..., (T)2], Y z)) } Is the set of training patterns where
the number of training patterns is |Z]. |V, Wy, Vs, ..., Uy| < |Z]| where Uy is
the last subset of patterns to be eliminated. It is clear that at least one pattern
(Z;,7;) can be excluded by an introduction of a new A*" hidden node. Since there
is a finite number of training patterns in the training set, and since each hidden
node represents a cluster of non-empty subsets of the training set which is then

eliminated from further consideration, no more than |Z| hidden nodes are needed.



Fac. of Grad. Studies, Mahidol Univ. Ph.D. (Computer Science) / 37

The internal representation of the A" hidden layer output, P(hi) = Gp(Wy-
Z; + by,) according to the i input pattern, 7;, where a hidden bias is defined by
bn. Then, the hidden-layer output matrix is defined by ® = {gb(h’i)}lii‘i,Hh:l.

When the matrix W is fixed, the matrix V' which minimizes the error
function (4.28). Thus, determining the matrix V' simply converted into the solu-
tion of a linear system, ®V =Y of output weight matrix V. Under the constraint
of the smallest normal least-square solution, i.e., min || V || and min || PV =Y ||,
the output-weight matrix is determined by V = &Y where @' is the Moore-
Penrose generalized inverse of matrix [15] similar to the method of Huang, et al.
[12].

Therefore, GKA is promised to converge to a minimal classification error

after adding a finite number of hidden nodes for a finite non-contradictory set of

training examples.

4.6 Experimental Verification of the Error Convergence in Adaptive
Topology Extreme Learning Machine (AT-ELM)

In this section, we investigate the error convergence of the proposed algo-
rithm GKA in a CANCER benchmark application (more details of the CANCER
problem will be described in Chapter 5).

In order to experimentally verify the convergence rate of AT-ELM, we
constructed an AT-ELM based on the GKA algorithm as detailed in Chapter 4
section 4.3. For each discovered Gaussian hidden node (in step 6 of GKA algo-
rithm), the output Weight,V will be determined by Equation 4.25. An experiment
consisted of building a network using 90% of the training instances in the hidden
nodes and then using this network to classify both training instances and the re-
maining 10% of the instances to measure an error, .J as defined in Equation 4.28.

Figure 4.4 shows the error convergence during training period in the CANCER
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problem.
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Figure 4.4: The error convergence during incrementally discovered Gaussian hid-
den nodes.
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CHAPTER V

EXPERIMENTS AND RESULTS

This chapter presents the experiments that have been developed to verify
and validate the idea and algorithms proposed in Chapter 4. The experimental
objective and the experimental framework are provided at the beginning of the
chapter. Then, the experimental system overview is described. After that, the

experimental results are shown and summarized, consecutively.

5.1 Experiment Objective

The objective of the experiments is to verify and validate the correctness
of our proposed adaptive topology extreme learning machine and the Gaussian
kernels automatic approximation algorithm. The new neural network structure
design algorithm and new architecture were validated by using the Noisy-XOR
nonlinear separable with adjustable distribution problem and LIVER as a test
case. Three real world benchmark problems were tested in order to evaluate
the algorithm and network architecture as the neural classifier. Each network

architecture is evaluated and the results are measured.

5.2 Experiment Framework

The experiment framework describes the complete preparation process

for our experimentation. There are 2 major steps as follows:

e Setup The Experimental Environment

e Prepare the Experiments
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5.2.1 Setup of the Experimental Environment

Our experimental environment has been set up in order to do the ex-
periments with various data sets to verify and validate our idea and algorithms
proposed in chapter 4. Therefore, one synthesis data and five benchmark data
sets are used. The synthesis Noisy-XOR, and two benchmark data sets, LIVER
and SPLICE were used to validate the algorithm and the network architecture.
The rest three benchmark data sets : CANCER, DIABETES and MUSHROOM
were tested as the neural classifier. Fach test consisted of ten trials. Each trial
used one of ten partitions of the data randomly selected from the data set, i.e.,
10-fold cross-validation. Each trial consisted of building a network using 90% of
the training instances in hidden nodes and then using this network to classify the

remaining 10% of the instances to see how many were classified correctly.

5.2.2 Preparation of the Experiments

As we described before, the experiments consist of 6 data sets. In this sec-
tion, we will describe the characteristic of experimental data, data visualization,
network configuration, evaluation criteria and learning visualization.

Visualization of a high-dimensional data set is beyond human imagina-
tion. So, we employ the Isomap technique, which is based on classical MDS
(multi-dimensional scaling) but seeks to preserve the intrinsic geometry of the
data, as captured in the geodesic manifold distances between all pairs of data
points while classical approaches can see just the Euclidean structure. Accord-
ing to the first three Isomap coordinates, the high-dimensional data points are

arranged in a 3-dimensional space.

The Data Set

The data sets use in the experiment consist of 6 classifications as follows:
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Noisy-XOR Classification

The XOR problem is the classical classification for validating the learning
ability of neural networks. The problem data set was generated from the XOR
logical operation. For noisy-XOR data , a Gaussian distribution with controlled
variance centered at each of the 4 points is used to generate 99 additional points.
Figure 5.1 illustrates the distribution of data points controlled by a Gaussian
distribution with varying from 0.1 to 0.6 variance centered at each of the 4 points
in the 2-dimensional space.

Liver Disorder Classification

The LIVER dataset is obtained from UCI Machine Learning Repository
(www.ics.uci.edu/ mlearn/MLRepository.html). Liver is an effective organ in
neutralizing toxins and throwing them from the body. If the amount of toxins
reaches a level exceeding working capacity of the organ, the cells of the related
parts in the organ are destroyed. Then, some substances and enzymes appear and
interfere in the blood. During diagnosis of disease, the levels of these enzymes
are analyzed. Because of the fact that the effects of different alcohol dosages
vary from one person to another as well as the fact that there are many enzymes,
there can be frequent possible errors in diagnosis. The LIVER data set, which
is prepared by BUPA medical research company, includes 345 samples with 6
features and 2 class labels. All of the samples are taken from only one single male.
Two hundred samples of the whole data set belong to the first class label and the
remaining 145 samples belong to the second class label. The first five features
for each sample are obtained from blood tests. The last feature is daily alcohol
consumption. The first 5 variables are all blood tests which are thought to be
sensitive to liver disorders that might arise from excessive alcohol consumption.

Figure 5.2 shows the data distribution in the BUPA liver disorder data set and
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Figure 5.1: The Noisy-XOR data(a Gaussian distribution with 0.1, 0.2, 0.3, 0.4,
0.5, 0.6 variance centered at each of the 4 points is used to generate 99 additional
points.)

each variable is described as follows:

e mean corpuscular volume (Mcv);
e alkaline phosphotase (Alkphos) protein in cell membrane of gall secretion;

e alanine aminotransferase (Sgpt)which is one of the aminotransferase va-
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rieties which causes raising of blood level when hepatocellular necrosis is

set;

e aspartate aminotransferase (Sgot) which is one of the aminotransferase va-

rieties which causes raising of blood level when hepatocellular necrosis is

set;

e 7-glutamyl transpeptidase (Gammagt) this is a test which determines the

amount of GGT enzyme in blood;

e drinks daily alcohol consumption (half-pint).
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Figure 5.2: The first three Isomap coordinates plot of LIVER data set.
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DNA SPLICE-junctions Classification

The data set consists of 60 variables, representing a sequence of DNA
bases, and an additional class variable. The task is to determine if the middle
of the sequence is a splice junction and what its type is. Splice junctions are of
two types: exon-intron (EI) represents the end of an exon and the beginning of
an intron, whereas intron-exon (IE) is the place where the intron ends and the
next exon, or coding section, begins. Hence, the class variable can take 3 values
(EIL, IE or no junction) and the other variables take 4 values corresponding to
the 4 possible DNA bases (C, A, G, T). The data set consists of 3,175 labeled
examples. Figure 5.3 shows the data distribution in the DNA SPLICE-junction

data set.

X exon-ntron
©  intron-exon

2rd Embedded Dimension

2nd Embedded Dimension -15 -20

1st Embedded Dimension

Figure 5.3: The first three Isomap coordinates plot of the DNA SPLICE-junction
data set.

Wisconsin Breast Cancer Classification

Breast cancer [17] [52] [53] [54] is a common disease and a frequent cause

of death in women in the 35-55 year age group. The presence of a breast mass
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is a warning sign, but it does not always indicate a malignant cancer. Here an
effort is made to classify a tumor as either benign or malignant based on cell
descriptions gathered by microscopic examination. The data set consists of 683
samples collected by Dr. W.H. Wolberge at the University of Wisconsin-Madison
Hospitals from fine-needle aspirates from human breast tumor tissues. Table 5.1
describes the attributes and their corresponding ranges of the breast cancer data

set. Figure 5.4 shows the data distribution in the breast cancer data set.
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Figure 5.4: The first three Isomap coordinates plot of the Wisconsin Breast
Cancer data set.

Pima Indian Diabetes Diagnosis

In the diabetes diagnosis problem [53], the diabetes data set had been
given to the UCI repository by Johns Hopkins University. To create this database,
the university selected cases from a larger database owned by the National Insti-
tute of Diabetes and Digestive and Kidney Diseases. All patients in the data set
are females at least 21 years old, of Pima Indian heritage, living near Phoenix,

Arizona, United States. The data set consists of 768 samples. Table 5.2 describes



Ananta Srisuphab Experiments and Results / 46

Table 5.1: Attributes and their corresponding ranges in the breast cancer classi-
fication problem

Attribute Interval

Clump Thickness 0,1]
Uniformity of Cell Size [
Uniformity of Cell Shape [
Marginal Adhesion [
Single Epithelial Cell Size | |
[
[
[

Z,
o

QO | O O = | W N —

Bare Nuclei
Bland Chromatin
Normal Nucleoli

the attributes and their corresponding ranges of the diabetes data set.Figure 5.5

shows the data distribution in the diabetes data set.
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Figure 5.5: The first three Isomap coordinates plot of the Pima Indian Diabetes
Diagnosis data set.

Mushroom Classification

The data set for the mushroom classification problem [53] includes de-

scriptions of hypothetical samples corresponding to 23 species of gilled mush-
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Table 5.2: Attributes and their corresponding ranges in the diabetes diagnosis
problem

No. | Attribute Interval
1 | Number of times pregnant 0, 5]
2 | Plasma glucose concentration [0,199]
in an oral glucose tolerance test
3 | Diastolic blood pressure [0,122]
4 | Triceps skin fold thickness [0,99]
5 | 2-Hour serum insulin [0,846]
6 | Body mass index [0,7]
7 | Diabetes pedigree function [0.078,2.42]
8 | Age [21,81]

rooms in the Agaricus and Lepiota families. Each species is identified as definitely
edible, definitely poisonous, or of unknown edibility and not recommended. This
last class was combined with the poisonous one. The Guide [14] clearly states
that there is no simple rule for determining the edibility of a mushroom. The
data set consists of 8124 samples. Each n-valued nominal input is represented by
a 1 —to —n encoding using n input values. The relevant input is 1; others are 0.
This procedure resulted in 125 input values to the network. Table 5.3 describes

the attributes and their corresponding values of the mushroom data set.

5.2.3 Network Setting

There are three main experimental studies in verifying and validating the
AT-ELM here, i.e., a capability in estimating the number of hidden nodes, an
effect in the sequence of training patterns presented to the GKA algorithm and
the classification performance. The variation of the original ELM architecture is
defined to make it suitable for the comparative study with our AT-ELM.

Experimental study in an estimating the hidden nodes number

Three data sets, Noisy-XOR, DNA SPLICE-junction and LIVER are

used in the study. The variation of the ELM architecture is shown in Table 5.4.
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Table 5.3: Attributes and their corresponding ranges in the mushroom classifi-
cation problem

No. | Attribute Values
1 | Cap-shape bell=b, conical=c, convex=x, flat=f, knobbed=k,
sunken=s
2 | Cap-surface fibrous=f, grooves=g, scaly=y, smooth=s
3 | Cap-color brown=n, buff=b, cinnamon=c, gray=g, green=r,
pink=p, purple=u, red=e, white=w, yellow=y
4 | Bruises? bruises=t, no=f
5 | Odor almond=a, anise=l, creosote=c, fishy=y, foul=f,
musty=m, none=n, pungent=p, spicy=s
6 | Gill-attachment | attached=a, descending=d, free=f, notched=n
7 | Gill-spacing close=c, crowded=w, distant=d
8 | Gill-size broad=b, narrow=n
9 | Gill-color black=k, brown=n, buff=b, chocolate=h, gray=g,
green=r, orange=o0, pink=p, purple=u, red=e,
white=w, yellow=y
10 | Stalk-shape enlarging=e, tapering=t
11 | Stalk-root bulbous=b, club=c, cup=u, equal=e, rhizomorphs=z,
rooted=r, missing="?
12 | Stalk-surface- ibrous=f, scaly=y, silky=k, smooth=s
13 | Stalk-surface- ibrous=f, scaly=y, silky=k, smooth=s
below-ring
14 | Stalk-color- brown=n, buff=b, cinnamon=c, gray=g,
above-ring orange=o, pink=p, red=e, white=w, yellow=y
15 | Stalk-color- brown=n, buff=b, cinnamon=c, gray=g,
below-ring orange=o, pink=p, red=e, white=w, yellow=y
16 | Veil-type partial=p, universal=u
17 | Veil-color brown=n, orange=o, white=w, yellow=y
18 | Ring-number none=n, one=o0, two=t
19 | Ring-type cobwebby=c, evanescent=e, flaring=f, large=I, none=n,
pendant=p, sheathing=s, zone=z
20 | Spore-print-color | black=k, brown=n, buff=b, chocolate=h, green=r,
orange=o, purple=u, white=w, yellow=y
21 | Population abundant=a, clustered=c, numerous=n, scattered=s,
several=v, solitary=y
22 | Habitat grasses=g, leaves=l, meadows=m, paths=p, urban=u,

waste=w, woods=d

For each network setting, we vary the number of hidden nodes with ten set of

weight randomly initialized. Therefore, we can perform 10 experiments on each
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different ELM architecture. For AT-ELM we perform 10 experiments of each
data set. Then, the average values such as average and standard deviation of the
number of hidden nodes and errors were observed. This makes us obtain a more

accurate result.

Table 5.4: The variation of ELM architectures in experimental study of estimat-
ing number of hidden nodes

Number of Total

Number of each experiment | number of

Data Set hidden nodes execution experiment

execution
Noisy-XOR (0.1) I 3 10 400
Noisy-XOR (0.2) N2 3440 10 400
Noisy-XOR (0.3) L AL 10 400
Noisy-XOR (0.4)  AZARBALL) 10 400
Noisy-XOR (0.5) ( sfa g 10 400
Noisy-XOR (0.6) N 2ws: | it 10 400
DNA SPLICE-junctions | 1, 2, 3, ..., 150 10 1500
LIVER Disorder X 2 o080 10 3000

Experimental study in an effect of the sequence of training patterns

To observe the dependency between the order of training patterns and
the performance of the hidden node’s number approximation, the LIVER data
set is used in this experimental study. We perform the permuting on the training
input columns. Six columns of LIVER input patterns generate 720 different
combinations as detailed in Table 5.5. The first column in Table 5.5 describes
the sorting criteria in each experiment. The [1|2|3]|4]5|6] means we perform in
ascending order on the leftmost first, then apply on the other columns from left

to right. All column numbers are described as follows:

1. mean corpuscular volume (Mcv);

2. alkaline phosphotase (Alkphos);
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3. alanine aminotransferase (Sgpt);

4. aspartate aminotransferase (Sgot);

5. y-glutamyl transpeptidase (Gammagt);

6. drinks daily alcohol consumption (half-pint).

Table 5.5: The permutation of LIVER Disorder data set in experimental study
of an effect of the sequence of training patterns

Number of Total

Number of | each experiment | number of

No. | Column permutation | hidden nodes execution experiment

execution
1 [1|2]3]4]5|6] | DI OBfp 1) 10 400
2 [1|2]3]4|6]5] B e ) 10 400
B [1|2]3]5]4|6] 1@ 3. gl 40 10 400
4 [1|2]3]5]6]4 N, WS S 10 400
5 [1|2]3]6]4]5 NN 7N 10 400
6 [1|2]3]6]5]4] A\ R\ \ i 10 400
7 [1]2]4]3]|56] 1 23| g 10 400
8 [1|2]4]3]6]5] AN 10 400
9 [1|2]4]5|3]6] LS= =y 10 400
10 [1|2]4]5/6]3] Y p— 1§ 10 400
| lg 2o e A0 10 400
713 [6]5]3]4]1]2] i, 243,49 40 10 400
714 [6]5]3]4]2]1] o e 1Y) 10 400
715 [6]5]4]1]2]3] 1, 2,3, ..., 40 10 400
716 [6]5]4]1]3]2] 1,2, 3, ..., 40 10 400
v [6]5]4]2]1]3] 1,2, 3, ..., 40 10 400
718 [6]5]4]2]3]1] 1,2, 3, ..., 40 10 400
719 [6]5]4]3]1]2] 1,2, 3, ..., 40 10 400
720 [6]5]4]3]2]1] 1,2, 3, ..., 40 10 400

Experimental study in the classification performance

Three benchmark data sets (CANCER, DIABETES and MUSHROOM)
are used. Each test consisted of ten trials. Each trial used one of ten partitions

of the data randomly selected from the data sets, i.e., the trial was a 10-fold
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cross-validation. Each trial consisted of building a network using 90% of the
training instances in the hidden nodes and then using this network to classify the

remaining 10% of the instances to see how many were classified correctly.

5.3 Design of the Experimental System

The design of AT-ELM was described in Chapter 4. There are interfaces
between the system and experimental data. Both inputs and outputs are read
from the hard disk. The outputs are written into the hard disk for further data
analysis. The overall of the experimental system will be described in the next

section.

5.3.1 Experimental System Overview

This section presents the experimental procedures that have been devel-
oped to verify and validate the concepts and algorithms proposed in Section 4.3
and 4.4.

The experimental system has been developed to test the classification
rate. It can be recognized into four parts; namely, input, processes, output and

input-output as shown in Figure 5.6.

5.4 Experiment Results

In this section, the experimental results of AT-ELM against all six data
sets are shown. The experimental results were categorized into two groups as

follows:

e Summarization of Convergence and Errors

e Summarization of Recognition
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Figure 5.6: Experimental System Overview.

5.4.1 The Description of Experimental Result Reports

The experiment of AT-ELM is complicated and not easy to understand.
Therefore, this section serves as a guideline to explore each part of the result of
each case.

As mentioned earlier, in our experiment, we perform ten executions for
each network configuration. The difference of network configurations is deter-
mined by the number of hidden nodes. Below are the descriptions of the report

in each case.

1. Network Configuration Summary. The report described the variation of

network configuration in the experiment.

2. A Report of error convergence during addition of the ELM hidden nodes
and the approzimation result by AT-ELM. The errors are reported in the
form of a line graph. The graph shows the value of errors of the network
when the training is ended. The mean square error (MSE) are plotted in a

line graph along with the number of hidden nodes added. The results from
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the approximation by AT-ELM are plotted in the graph.

5.4.2 The Experimental Results in Noisy-XOR Problem

The main objective in using this data set is the controllable distribution

of the data points. We try to observe an effect of the data distribution factor in

the training patterns.

Convergence and Learning Reports of Noisy-XOR Problem

The network configuration summary in the Noisy-XOR, experiment is

shown in Table 5.6. Figure 5.7 visualize the error convergence during addition

of ELM hidden nodes and the approximation by AT-ELM in Noisy-XOR (0.1

variance) problem (see Table 5.8, 5.9, 5.10, 5.11, 5.12).

Table 5.6: The network configuration summary in Noisy-XOR problem

Number of Total

Number of each experiment | number of

Algorithm Data Set hidden nodes execution experiment

execution
AT-ELM | Noisy-XOR (0.1) | (discovered by AT-ELM) 10 10
AT-ELM | Noisy-XOR (0.2) | (discovered by AT-ELM) 10 10
AT-ELM | Noisy-XOR (0.3) | (discovered by AT-ELM) 10 10
AT-ELM | Noisy-XOR (0.4) | (discovered by AT-ELM) 10 10
AT-ELM | Noisy-XOR (0.5) | (discovered by AT-ELM) 10 10
AT-ELM | Noisy-XOR (0.6) | (discovered by AT-ELM) 10 10
ELM | Noisy-XOR (0.1) 1,23, ..., 40 10 400
ELM Noisy-XOR (0.2) 1,2, 3,..,40 10 400
ELM | Noisy-XOR (0.3) 1,2,3 ..., 40 10 400
ELM | Noisy-XOR (0.4) 1,2,3, .., 40 10 400
ELM | Noisy-XOR (0.5) 1,2,3 ..., 40 10 400
ELM | Noisy-XOR (0.6) 1,23, ..., 40 10 400

5.4.3 The Experimental Results in DNA SPLICE-junctions

Problem

Convergence and Learning Reports of DNA SPLICE-junctions problem
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Figure 5.7: The error convergence during addition of ELM hidden nodes and the
approximation by AT-ELM
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Figure 5.8: The error convergence during addition of ELM hidden nodes and the
approximation by AT-ELM

The network configuration summary in the DNA SPLICE-junctions ex-

periment is shown in Table 5.7. Figure 5.13 visualize the error convergence dur-
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Figure 5.9: The error convergence during addition of ELM hidden nodes and the

approximation by AT-ELM
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Figure 5.10: The error convergence during addition of ELM hidden nodes and

the approximation by AT-ELM

ing addition of ELM hidden nodes and the approximation by AT-ELM in DNA

SPLICE-junction prediction.
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Figure 5.11: The error convergence during addition of ELM hidden nodes and
the approximation by AT-ELM
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Figure 5.12: The error convergence during addition of ELM hidden nodes and
the approximation by AT-ELM

5.4.4 The Experimental Results in LIVER Problem

The network configuration summary in the LIVER experiment is shown

in Table 5.8.
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Table 5.7: The network configuration summary in DNA SPLICE-junctions Prob-
lem

Number of Total
Number of each experiment | number of
Algorithm | Data Set hidden nodes execution experiment
execution
AT-ELM | SPLICE | (discovered by AT-ELM) 10 10
ELM SPLICE 1, 2,3, ..., 150 10 1500

Splice - determine the type of DA splice junction
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Figure 5.13: The error convergence during addition of ELM hidden nodes and
the approximation by AT-ELM

Table 5.8: The network configuration summary in LIVER problem

Number of Total
Number of each experiment | number of
Algorithm | Data Set hidden nodes execution experiment
execution

AT-ELM | LIVER | (discovered by AT-ELM) 10 x 720 7200
ELM LIVER 1,2, 3, ..., 150 10 x 720 1,080,000
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The number of hidden nodes approximated by AT-ELM

Figure 5.14 visualize the number of hidden nodes approximated by AT-

ELM when applying a different sequence of training patterns.
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Figure 5.14: The number of hidden nodes approximated by AT-ELM

5.4.5 The Experimental Results in CANCER Problem

Classification results for breast cancer based on the AT-ELM

The AT-ELM were trained for classification of CANCER problem (Table
5.9).

Performance comparison in the breast cancer classification problem

Table 5.10 shows the comparative study between AT-ELM and others

approaches in CANCER problem.

5.4.6 The Experimental Results in DIABETES Problem

Classification results for diabetes based on the AT-ELM

The AT-ELM were trained for classification of DIABETES problem (Ta-

ble 5.11).
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Table 5.9: Classification results for breast cancer based on the AT-ELM

Trial No. | Number of Discovered | Percent Classification | Percent Classification
Hidden Nodes Correct (Training) Correct(Testing)
1 25 96.50 98.57
2 28 96.98 98.57
3 30 96.66 100.00
4 D 95.87 98.57
5 24 96.34 100.00
6 30 96.03 100.00
7 23 96.82 98.57
8 27 96.66 97.14
9 21 96.66 98.57
10 28 97.14 98.57
Mean 26.30 96.57 98.86
STD 2.98 0.40 0.90

Table 5.10: Performance comparison in the breast cancer classification problem

Algorithm Testing Rate (%)
AT-ELM 98.86
ELM ¢ 97.14
FS-AIRS [55] 08 51
C4.5 [56] 04.74
NEFCLASS [57] 95.06
AIRS [53] 97.20

“http://www.ntu.edu.sg/home/egbhuang

Performance comparison in real medical diagnosis application: diabetes

Table 5.12 shows the comparative study between AT-ELM and others

approaches in DIABETES problem.

5.4.7 The Experimental Results in MUSHROOM Problem

Classification results for mushrooms based on the AT-ELM

The AT-ELM were trained for classification of MUSHROOM problem

(Table 5.13).

Performance comparison for the mushroom classification problem
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Table 5.11: Classification results for diabetes based on the AT-ELM

Trial No. Number of Percent Classification | Percent Classification
Discovered Hidden Nodes | Correct (Training) Correct(Testing)
1 79 79.59 83.12
2 73 81.19 77.92
3 79 80.90 79.22
4 75 81.33 80.52
5 75 80.90 79.22
6 78 80.75 80.52
7 74 81.33 81.82
8 72 80.32 80.52
9 75 81.33 79.22
10 74 81.04 84.42
Mean 75.40 80.87 80.65
STD 2.46 0.55 1.98

Table 5.12: Performance comparison in real medical diagnosis application: dia-

betes

Algorithm Testing Rate (%)
AT-ELM 80.65
ELM [12] 7757
SVM [59] 76.50
RBF [60] 76.30
Heterogeneous RBF [61] 76.30
BP [12] 7473

Table 5.14 shows the comparative study between AT-ELM and others

approaches in MUSHROOM problem.
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Table 5.13: Classification results for mushrooms based on the AT-ELM

Trial No. Number of Percent Classification | Percent Classification
Discovered Hidden Nodes | Correct (Training) Correct(Testing)
1 131 98.26 98.64
2 128 99.06 99.75
3 149 98.99 98.89
4 129 99.10 98.89
5 123 99.12 98.40
6 142 99.00 99.14
7 131 98.29 97.42
8 126 99.22 99.51
9 143 99.03 99.38
10 170 99.44 99.12
Mean 137.20 98.95 98.91
STD 14.25 0.38 0.66

Table 5.14: Performance comparison for the mushroom classification problem

Algorithm Testing Rate (%)
AT-ELM 98.91
ELM ¢ 99.95
STAGGER [62] 95.00
HILLARY [63] 95.00
D3 [64] 99.90

“http://www.ntu.edu.sg/home/egbhuang
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CHAPTER VI

DISCUSSIONS AND CONCLUSIONS

In this chapter, the proposed Adaptive Topology Extreme Learning Ma-
chine (AT-ELM) is discussed and concluded. Its performance and generalization
of the proposed neural network are discussed. Then, the comparative studies to
the original Extreme Learning Machine (ELM) are discussed. Some interesting

issues for further research are also suggested in the final section of the chapter.

6.1 Discussions

The contribution of this work to the neural network community is the
proposition, development, analysis and experimental validation of a novel con-
structive learning algorithm for automatic design of feedforward neural networks:
the Gaussian kernel approximation (GKA) algorithm.

In designing a feedforward neural network structure and fitting it to
training data set, it is desirable to optimize the number of connections in the
network to achieve the desired performance. The difficulty in selecting the proper
neural network structure becomes the major drawback of applying the neural
approaches into the real world applications. Therefore, it is important to be
able to determine automatically the optimal number of hidden nodes during the
design of a neural network structure.

The essence of the GKA strategy is that in the process of designing the
network for training data by adjusting the number of hidden nodes, the training
data characteristics are observed by capturing the input signals into a hidden

layer. The GKA partitions the signals inside the input space into homogeneous
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regions where each region contains patterns belonging to the same class. The
characteristic of the largest region was examined and used to define the center of
the Gaussian based hidden node. By this approach, the training instance which
is located in the center of the region will generate the strongest signal from the
hidden node to the input layer. The signals drop to an insignificant value as the
distance from center increases. The algorithm repeatedly adds Gaussian hidden
node while removing selected training patterns until the training set is empty.
At last, the appropriate neural network structure is found for the specific domain

problem.

6.2 Conclusions

To summarize, a Gaussian kernel approximation algorithm based on con-
structive learning is proposed in this dissertation. The main algorithm classifies
each hidden node based on its input signals to partition the input space into
homogeneous regions where each region contains patterns belonging to the same
class. The algorithm filters out the training patterns belonging to the largest
region. Mean values of the input signals to the selected region are used to define
the centers of the Gaussian functions for the hidden nodes. The algorithm re-
peats until the training set is empty. At this point, the number of hidden nodes
and their centers have been determined for a particular training problem. From
the experimental results, it can be seen that a network which uses the Gaus-
sian kernel approximation algorithm can achieve good performance on real-world
benchmark problems. These results confirm that the algorithm proposed here
can discover the optimal number of hidden nodes for each problem and provide
good results for each classification problem. Moreover, the experimental results
also show that the new algorithm can attain consistently good classification per-

formance, as good as that of gradient-based, analytically based, and rule-based



Ananta Srisuphab Discussions and Conclusions / 64

classifiers.

6.3 Future Work

In experiments, the new network architecture and the Gaussian kernel
approximation algorithm yields good performance on most real world data sets
that were considered. It also produced good performance on the approximation
of the number of hidden nodes in the Noisy-XOR and the protein splice site
prediction problems, which have been used for evaluation of the automatic neu-
ral network structure design algorithm. In particular, AT-ELM and GKA are
suitable to problems that have well-formed clusters in the pattern space.

A potential disadvantage of AT-ELM is its needs for maintaining the
hidden-output matrix during learning. The memory is also needed in the process
of the Moore-Penrose generalized inverse calculation. It would be interesting
to explore variants of the algorithm that are able to calculate in the parallel
programming paradigm.

Because of its ability to automatically design the neural network struc-
ture, GKA is particularly well-suited to many real world applications involving a
large amount of data such as knowledge acquisition tasks that use neural network
learning as the internal mechanism of a more complex knowledge discovery pro-
cess. The most important task for the immediate future is the design of versions
of GKA that can be used for unsupervised learning, perhaps with some additional
manifold characteristics and then apply them to a variety of real world large scale
data sets. An interesting direction for future research would be to explore the

use of GKA in knowledge discovery in large scale time series data sets.
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