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Chapter 1

I ntroduction

Artificial Neural Networks are abstract representations of brain information processing.
The hope to reproduce at least some of the flexibility and power of human brain by
artificial means has lead to the subject of study known as Neural Networks, Neural Com-

putation or Brain like computation [Anderson 92].

The recent resurgence of interest in neural networks has its roots in the recognition that
the brain performs computations in a different manner than do conventional computers.
Conventional computers are extremely fast and precise at executing sequence of instruc-
tions that have been precisely formulated for them. But human brain is more efficient
than conventional computers at computationally complex tasks such as vision, speech,
information retrieval and pattern recognition, though human brain is composed of neu-

rons which are million times slower than computer gates.

Unfortunately the understanding of biological neural systemsis not developed sufficiently
enough to address the functional similarities that may exist between the biological and
man made neural systems. As aresult, many major potential gains derived from such
functional similarities, if they exist have yet to be exploited. It is not necessary that the
architecture of brain is copied as it is to the extent it is understood. Implementation of

the functionality of the brain in any manner is the guiding force in neurocomputing.

Neurocomputing, afunctionally new and different approach for information processing,



is concerned with parallel, distributed and adaptive information processing systems that
develop information processing capabilities in adaptive response to an information envi-
ronment [Hecht-Nielsen 91]. In other words Artificial Neural Systems(ANS) are physical

cellular systems which can acquire, store and utilize experiential knowledge.

11 Basic Concepts of ANN

The potential of Artificial Neural Networks (ANN) relies on massively parallel architec-
ture composed of many simple computational elements connected by edges called weights.
The basic computational element in an artificial neural network is caled neuron and is
aso known as node or processing element. Brain researchers have identified over 100
different kinds of biological neurons. Processing elements also come in a variety of types.
McCulloch and Pitts [McCulloch 43] proposed a binary threshold unit as computational
model for a neuron. As a unit, the neural network can be represented with threshold and

weight functions.

In an artificial neural network, inputs are fed to neurons through synapses (connection
weights). Basically, the output of a neuron in a neural network is a weighted sum of its
inputs, but a threshold function is also used to determine the final value or the output.

For a detailed exposure for threshold functions, refer [Kosko 92].

The state of a neuron is nothing but the activity of a neuron at any time instance. This
attribute may be discrete or continuous valued. An update rule or transition rule or
activation rule is arule for evaluating the state of one or more neurons under the existing

conditions and changing them if necessary.

Topology of ANN is the pattern of connectivity in such a way that it can be viewed as

weighted directed graph in which artificial neurons are nodes and directed edges (with



weights) are connections between neuron outputs and neuron inputs. Basing on the con-
nection pattern (architecture), ANNs may be grouped into two categories: feed-forward
networks (non-recurrent) are those in which graphs have no loops, while feed back (recur-
rent) networks are those in which loops occur because of feedback connections. Broadly
speaking feed forward networks are static, where as recurrent or feedback networks are
dynamic systems. When a new input pattern is presented, the neuron outputs are com-
puted. Because of the feedback paths, the inputs to each neuron are then modified, which

leads the network to enter a new state.

The state of al neurons in a feedback network at any instance of time is the state of the
neural network. Stable states of a feedback network are the states of the network which
do not change under usual disturbances in the states of the neurons of the network.
Learning in a neural network is the process of making certain set of states of network as
stable states. The function in which one can substitute the state values of the neurons
that represents the energy of the network (at that instance) is called its energy function.
During the updation of the network, the value of the energy function decreases and even-
tually reaches a minimum. In view of the above definition this state of the network is
referred to as stable state and this minimum is called local minimum. When this state is

reached, the network is said to be stable.

Since this thesis addresses a new neural network architecture with a new learning rule,

some of the learning rules known in the literature are recalled in the next section.

12 Learning Rules

The ability to learn is a fundamental trait of intelligence. ANNS' ability to automatically

learn from examples makes them attractive and exciting. A learning process in the ANN



context can be viewed as the problem of updating network architecture and connection

weights so that a network can efficiently perform a specific task [Jain 96].

A learning algorithm refers to a procedure in which learning rules are used for adjusting
the weights. There are three main learning paradigms. supervised, unsupervised and hy-

brid.

In supervised learning, or learning with a "teacher”, the network is provided with a correct
answer (output) for every input pattern. Weights are determined to alow the network

to produce answers as close as possible to the known correct answers.

In contrast, unsupervised learning, or learning without a teacher, does not require a cor-
rect answer associated with each input pattern in the training data set. It explores the
underlying structure in the data, or correlates patterns in the data and organizes patterns

into categories from these correlations.
Hybrid learning combines supervised and unsupervised learning.

There are four basic types of learning rules. error-correction, Boltzmann, competitive

learning and Hebbian learning.

Error-correction learning [Rosenblatt 58]: In this learning paradigm, the network is
given a desired output for each input pattern. During the learning process the actual
output y generated by the network may not be equal to the desired output d. The basic
principle of error-correction learning rules is to use the error signal (d—y) to modify the

connection weights to gradually reduce this error.

Boltzmann learning [Anderson 88]: It is a stochastic learning rule derived from infor-
mation theoretic and thermodynamic principles. The objective of Boltzmann learning is

to adjust the connection weights so that the states of visible units satisfy a particular



desiredprobability distribution.

Competitive learning [Haykin 94]: In this method of learning output units compete
among themselves for activation. As aresult, only one output unit is active at any given
time. This phenomenon is known as winner-take-all. Competitive learning is found to

exist in biological neural networks.

Hebbian learning [Hebb 49]: The oldest learning rule is Hebb's postulate of learn-
ing. Hebb's rule is based on the following observation from neurobiological experiments:
If neurons on both sides of a synapse are activated synchronously and repeatedly, the
synapse's strength is selectively increased. Mathematically, the Hebbian rule can be
described as

wi(T + 1) = w;i(r) + nyi(T) Xi(r) (1.2.1)

wherex;,-and y; are the output values of neuronsi and j, respectively, which are connected
by synapse wjj, and 77 is the learning rate. Note that x; is the input to the synapse. The
important property of thisruleis that learning is done locally, that is, the change in the
synaptic weight depends only on the activities of the two neurons connected by it. This

significantly simplifies the complexity of the learning circuit in a VLSI implementation.

Some of these learning rules are recalled as and when required in subsequent chapters.

13 Models of Neural Networks

Researchers from many scientific disciplines are designing artificial neural networks to
solve a variety of problems in pattern recognition, prediction, optimization, associative
memory and control. In this direction the premier work is due to McCulloch and Pitts,
later known as Perception. Afterwards many models like Multilayer feedforward, Koho-

nen's self-organizing map, ART and Hopfield have played vital role in the development.



This section deals with different trendsetting models of neural networks.

Perceptron [McCulloch 43; Rosenblatt 58; Rumelhart 86]: Perceptron is the first
precisely specified, computationally oriented neural network. In this network processing
units may be of binary or of continuous type. Simple reinforcement kind of learning rules
are used.

Multilayer perceptron [Rumelhart 86; Minsky 69]: The most popular class of multi-
layer feed-forward networks is multilayer perceptrons with one or more layers of nodes
between the input and the output nodes. The first layer is the input layer and the last
the output layer. The layers that are placed between the first and the last layers are
the hidden layers. Multilayer perceptrons can form arbitrarily complex decision bound-
aries and can represent any Boolean function. The development of the back-propagation
learning algorithm [Rumelhart 86] for determining weights in amultilayer perceptron has
made these networks the most popular among researchers and users of neural networks.
The back-propagation algorithm enables one to determine the errors in the hidden layer
outputs which are used as a basis for adjustment of connection weights between input

and hidden layers.

Kohonen Self-organizing Map [Kohonen 84]: Many parts of the brain are organized in
such away that the aspects of the sensory environment can be represented in the form of
two dimensional maps. Self-organizing network is an attempt to construct this aspect by
artificial means. The synaptic weights to a neuron represent prototype vectors defining
the classes or clusters. The fundamental fact that must hold true for a topographically
organized system is that nearby neurons respond similarly. The essential mechanism
of this model is to cause the neural network to modify itself to achieve this character.

Kohonen's self-organizing map can be used for projection of multivarient data, density



approximation and clustering.

Adaptive Resonance Theory model (ART) [Carpenter 88]: ART is introduced to
solve the stability-plasticity dilemmai.e., learning new things (plasticity) and yet retain
the existing knowledge (stability). The networks designed by this approach are better
suited to adapt to unexpected changes as biological neural networks are geared to do.
Carpenter and Grossberg [Carpenter 91] contend that adaptive resonance, defined to be
a state of collective activity of the behavioral system as a whole, arises when feedforward
and feedback computations are consonant. Accordingly, they propose the ART1 and
ART2 networks to dea with the stability and plasticity dilemma.

The network has a sufficient supply of output units, but they are not used until deemed
necessary. A unit is said to be committed (uncommitted) if it is (is not) being used. The
learning algorithm updates the stored prototypes of a category only if the input vector is
sufficiently similar to them. An input vector and a stored prototype are said to resonate
when they are sufficiently similar. The extent of similarity is controlled by a vigilance
parameter, | with 0 <i < 1, which aso determines the number of categories. When the
input vector is not sufficiently similar to any existing prototype in the network, a new
category is created and an uncommitted unit is assigned to it with the input vector as

the initial prototype.

Hopfield network [Hopfield 82, 84]: Hopfield used the network energy function as
a tool for designing recurrent networks and for understanding their dynamic behavior.
Hopfield's formulation made explicit the principle of storing information as dynamically
stable attractors and popularized the use of recurrent networks for associative memory
and for solving combinatorial optimization problems. A Hopfield network with n units

has two versions: binary and continuous valued. Let v;, be the state or output of the i



neuron. For binary networks v; is 1 or O, for bipolar vi-is +1 or -1, but for continuous
networks v; could be any real value. Let w; be the synaptic weight connecting neurons
i and j. The network dynamics for the binary Hopfield network are as follows:
If the state of i th neuron at time t is denoted by x;,(r), then the neuron at the next time
stept + 1 is computed as
n
zi(t+ 1) = sgn(d_ wijzi(t) ti) (1.31)
j=1
where the sgn(x) is signum function that produces 1 if x > 0 and O otherwise. The central
feature of the Hopfield network is that each state can be associated with a quantity called
energy E. The energy of the network at a particular state is given by [Hopfield 82].
E= —Z%ZZwijxizj-I- P (1.3.2)

i=1j=l i=l

The energy function is of Lyapnov type which maps system state variables to real numbers
and monotonically decreases with time [Kosko 92]. The central property of the energy
function is that as network state evolves according to the network dynamics, the network
energy always decreases and eventually reaches aloca minimum point (attractor) where

the network stays with a constant energy.

Associative memory [Hopfield 82; Kohonen 72]: When a set of patterns is stored as
local minima (attractors or stable states) in a network, it can be used as an associative
memory. Any pattern present in the basin of attraction of stored pattern can be used
as index to retrieve it. The set of all initial state vectors, that converges to a stable
state is caled its basin of attraction. An associative memory usually operates in two
phases. memory storage and information retrieval. In the storage phase, the weights in
the- network are determined (using a learning rule like Hebb rule) so that the attractors
of the network memorize a set of patterns to be stored. In the retrieval phase, the input

pattern is used as theinitial state of the network, and the network evolves according to



its dynamics. A pattern is produced or retrieved when the network reaches equilibrium.

The number of patterns stored in a network is caled capacity of the network. It is finite
because a network with n binary neurons has a maximum of 2" distinct states and not
all of them are attractors. Some attractofs are called spurious attractors (or spurious

states) when they store patterns different from those in the training input.

14 Overview of the Present Work

Associative memory concept is related to the association of stored information for a giv-
en input patterns. High capacity and accurate recall are the most desired properties of
a neural network, which is being classified as an associative memory network. Models
for improving and characterizing the theoretical storage capacity of associative memories
have been suggested by many researchers in the recent past. The most significant work
related to associative memory networks is attributed to Hopfield model [Hopfield 82, 84].
However, there are certain limitations in the models known in the literature including
Hopfield, namely the practical storage capacity is 0.15n, n is the number of neurons,
the stability of the patterns decreases as the number of patterns stored in the memory
approaches the maximum capacity [Muller 90] and the accuracy of recall falls with the
increase in the number of stored patterns [Han 89]. Various learning rules including the
popular Hebb rule proposed for Hopfield network, suffer from the presence of spurious

states.

These limitations have prompted us for an alternative, which has resulted in the new
network termed here as Dynamical Neural Network (DNN for short) with the properties
such as associative memory, pruning and order sensitive learning. It is caled Dynamical
Neural Network in the sense that its architecture gets modified dynamically over time

as training progresses. The proposed network is a massively parallel and distributed



prompted us to propose this new learning algorithm. This has not yet been explored
in the context of artificial neural networks. Another novel capability of the network,
allows pruning of basic nodes in binary order as it progressively carries out associative
memory retrieval and enables a part of the network paralely reusable for another task.
Mathematical proofs and experimental results are presented to substantiate the above

inferences.

The efficiency of the network is demonstrated with the presentation of applications in
various fields. These different application areas vary from Library Database, Protein

Structure Database to Natural Language Understanding.

15 Layout of the Thesis

This thesis is organized as follows:
Chapter 1, this chapter deals with the introduction and background for this work. The

motivation for the present work is aso explained in detail.

In Chapter 2, a detailed description of the proposed model is presented. The architecture
of the proposed network has a composite structure wherein each node of the network is a
Hopfield network by itself. The Hopfield network employs the new order-sensitive learn-
ing technique and converges to user-specified stable states but not to any spurious states.
The survey on multiple neural network architectures and on learning rules is presented.
The mathematical tools required for the learning rule (synaptic matrix) is presented in
detail. The correctness of the learning rule is validated with the help of energy function
of the network. Experimental results are presented in this chapter, which confirm the
superiority of thislearning rulein recall over Hebb rule. The recall efficiency of thisDNN
is found to be better than other single and multiple neural networks (of same configura-

tion) for some known learning strategies.



In Chapter 3, the special characteristics of DNN, i.e,, order-sensitivity and relative prun-
ing are described. Let X and Y be two distinct training patterns. A learning ruleis said
to be order-sensitive if network behaves differently for different order, of presentation
of the training patterns. In the present context of Hopfield network (the basic block of
DNN), it is identified that the learning is order-sensitive, as the learning rule generates
a different synaptic matrix when X precedes Y in the training compared to the matrix
when X follows Y. It is emphasized here that order-sensitivity is one of the important
features in human learning process and has not yet been explored in the context of artifi-
cia neural networks. Moreover, the natural instinct of human learning is to have longer

impression of patterns that are learnt earlier.

Basing on another biological phenomenon a new notion caled relative pruning is intro-
duced for the network. Relative pruning is different from the standard notion of pruning
of neural networks, which ams at removing the neurons or weights that are not par-
ticipating in training and without loss of generality of the training algorithm. On the
other hand, in our proposed network, the network gets pruned relatively to an extent
that half the number of basic nodes are relieved in each iteration and this finally results
in leaving one node in the network. The advantage of this relative pruning is that the
network structure employs the hardware most optimally when it is implemented and the
relatively pruned nodes can be used for parallel processing of the next series of data. In

other words this capability enables a part of the network parallely reusable for another

task.

Chapter 4, describes the applicability of the DNN to close-proximity match in large
databases like library and protein databases. In alibrary retrieval system it is required
to retrieve a book using inexact keywords. Similarly, in the protein sequence database

determining approximate match is required to discover the relationship between newly



sequenced protein that resulted due to evolution and the various classes of proteins d-
ready available in the database. In both the cases it is required to perform approximate
retrieval from large databases. The DNN is not trained by the actual data, rather with
signatures which are obtained by superimposed coding on partitions of the input data.
With the proposed network, this problem can be solved with an accuracy of 95% and

above.

Word sense disambiguation (WSD) is the task of assigning sense labels to the occurrence
of an ambiguous word. WSD is one of the hard tasks to be accomplished in Natural Lan-
guage Understanding. Our premise is that the context in which the word is used, plays a
major role in disambiguation and the context is largely determined by co-occurring words
that are present in the sentence. In Chapter 5, it is demonstrated that DNN is suitable
to handle WSD. Manually sense-tagged corpora is used for obtaining training sentences
and an algorithm is used to extract the context of a particular sense of the word. The
disambiguation of the word takes place by matching (associating) the signatures of the

contexts of training and test sentences using the DNN.

Though the Hopfield model in its conventional form is suitable for associative memory,
it is not suitable for word-sense disambiguation due to the existence of spurious stable
states. The spurious stable states may lead to an invalid word-sense of a given word. But
the DNN with a new learning rule to avoid any spurious states and with an enhanced
retrieval capacity is suitable for word sense disambiguation. The experimental results
reported confirms the theoretical findings. The disambiguator is tested on Telugu words.
The performance of the disambiguator is quite good and it has an average accuracy of

83%.

In Chapter 6, a primitive hardware implementation of DNN is presented along with the



concluding remarksfor thethesis.

In a nutshell, the results embodied in this thesis explain about a new architecture. This
architecture betters in. many aspects over its predecessors like, avoiding spurious states,
converging only to user specified states and associative memory with 100% perfect recall.
The advantage in this architecture is that it embeds relative pruning, a new interesting
feature. The learning rule is order-sensitive, aso relatively a very recent phenomenon in

neural networks. The claims are corroborated with substantial experimental data.



Chapter 2

DNN: A New Neural Networ k Architecture

2.1 Introduction

Many models of neural networks are proposed to solve the problems of classification,
vector quantization, self-organization, associative memory. Associative memory concept
is related to the association of stored information for a given input pattern. High storage
capacity, fast learning rate and the ability to recall accurately are the most desired
properties of aneural network, whichisbeing classified as an associative memory network.
Many models by different researchers [Hilberg 97; Smith 96; Sukhaswami 93; Kang 93]
for improving and characterizing the theoretical storage capacity of associative memories
have been appeared in the recent past. One of the major contribution to the associative
memory networks relates Hopfield [Hopfield 82, 84]. However there are certain limitations
in the models known in the literature including Hopfield, namely the practical storage
capacity is 0.15n, n is the number of neurons; the stability of the patterns decrease
as the number of patterns stored in the memory approaches the maximum capacity
[Muller 90] and the accuracy of recall falls with the increase in the number of stored
pattern [Han 89]. Various learning rules including the popular Hebb rule proposed for
Hopfield network, suffer from the presence of spurious states. These limitations have

prompted us for an alternative, which has resulted in the network known as DNN with

The major contents of this chapter are communicated to "International Journal of Neural Systems'

with thetitle " A new neural network architecture as associative memory with pruning and order-sensitive
learning" and is accepted for publication.



the following properties. The proposed network is based on the principle of associative
memory but unlike other associative memories it does not alow any spurious stable
states. The network has a composite structure wherein each node of the network is a
Hopfield network by itself. A new learning rule is proposed for the Hopfield network (a
node in DNN) which converges only to user-specified stable states, not to any spurious
states. It demonstrates a novel idea of order-sensitive learning which gives preference
to chronological order of presentation of the exemplar patterns. The proposed network
prunes nodes as it progressively carries out associative memory retrieval. It may be noted
that pruning is aso one of the desired properties of neural computing. These notions are

explained in the subsequent chapters.

The mathematical derivation of this learning technique is based on geometrical structure
of the network and that of the energy function. In this work besides the introduction
of new architecture, the performance of the same is evaluated with different learning
algorithms. The proposed architecture is designed in such a way that the architecture
and the learning rule do match the best combination. This resulted due to the different

experiments conducted with different combinations of architectures and learning rules.

Since the basic node in DNN is the Hopfield network, for the sake of continuity, a brief
introduction to Hopfield network (in addition to the earlier description) and its capacity

is presented in the following sections.

2.2 Hopfield Network

A Hopfield neural network [Hopfield 82, 84] is afeed-back neural network of n neurons and
is defined by the pair (W, T), where Wis n x n synaptic matrix (w;, i,j = 1,2,...,n)

and Tisan x 1 threshold vector (t, i = 1,2,...,n). The state of each neuron can take



one of two possible binary values. 1 and 0. However, in literature the different kinds of
continuous and discrete valued neurons have been associated with Hopfield network. If
the state of i neuron at time r is denoted by x(r), then the neuron at the next time
step r + 1 is computed as
X,-(t+1)=sgn(i1 Wipxi(T) - t) (2.2.1)
j=
The state vector X = (Xy, X»,..., X,) iscalled stable state if X = sgn(W'X — T). The set
of al state vectors, that converges to a stable state X is caled the basin of attraction of X.
The order of updating of neurons at each time step can be synchronous or asynchronous.
In synchronous updating &l the neurons are updated for each time step. In asynchronous
updating, for each time step one neuron is selected for updating. The selection of a neuron
can be either random or deterministic. Inrandom asynchronous updating, at a particular
time r a neuron is selected randomly for updating. Using update rule (Egn. 2.2.1) the
state of the selected neuron at the next time step r+ 1 is computed. If there is a changein
the state of the selected neuron, in the next step any neuron can be randomly selected for
updating. If thereis no change in the state of the selected neuron, another neuron in the
remaining list is selected randomly. If the exclusion list includes al the neurons then the
network is said to have reached astable state. Similarly in the deterministic asynchronous
update, the selection of neuron is done based on some deterministic mechanism like fixed
sequence or neurons receiving maximum loca field h;,(r).
N0 = S WXO) - (222)
3=

In the present work the order of updating of neurons is deterministic and asynchronous.

Update rule: Let X be the state vector of the network at a particular time r. The

selection of the neuron i.e. to be updated at the next timestep r + 1 is as follows:



Foreach:, 1<i<n

do
Compute X*(7+ 1) = (z},z5,..., ;) as
g = zj(7),) #i and
;= 1-zi(7)
end do

For each:, 1 <: < n, compute energy (Eq. 1.32) a X'(7 + 1) as Exi(r+ 1)
For each i, 1 <i < n, AE' = Ex(r)— Exi(r41)
Compute
AEx = min AE' = AEF (2.2.3;

The neuron that is to be updated is k** neuron.

The stable states that are different from the fundamental memories are caled spuriou.
state vectors. The patterns which are presented to the network initially are caled ezem
plar or training patterns. The input pattern for which the associated pattern is retrievec
by the network is called test pattern. The main task of designing a Hopfield network i:
the specification of the synaptic matrix and the threshold vector keeping certain desirec
states in mind as the stable states. The steps involved to compute the synaptic matrice:
is generally known as learning rule. The effectiveness of learning rule is determined by
the number of state vectors that it can make stable in the Hopfield network without

producing spurious states [Farrell 90].

Associative or content-addressable memory is a device by which storage and retrieva
of information is done by association with other information. The recal of informa

tion is based on partial knowledge of its content without the knowledge of its storage



location. Thus, it has the property to recall the correct associated stored pattern of un-
known pattern presented which is noisy, distorted or incomplete. Hopfield network has
this associative memory property which makes the network suitable for real-life retrieval

systems.

2.3 Capacity of the Hopfield Network

The number of state vectors that can be made stable in a Hopfield network is known as
capacity of the Hopfield network [Sharma 94]. Theoretically, Hopfield network with n
binary neurons has the capacity 2n. But practically it depends on many other factors like
the number of neurons in the network, learning rule, nature of synaptic weights, nature
of values that associated with neuron states, relation between state vectors and update

rules.

The estimation of the capacity of a Hopfield network is given in [Hopfield 82]. To store
arandomly selected p state vectors X™(m = 1,2,...,p; i = 1,2,...,n) in the Hopfield
network of n binary neurons, the synaptic weights w;;(z, = 1,2,...,n) are obtained as

p 1 z'- 1) for 1#7and =0 (23.1)
By using random and asynchronous update mechanism computer simulations are con-
ducted and estimated the capacity as 0.15n [Hopfield 82]. That is only 0.15n states can
be simultaneously memorized by Hopfield network before an error in recal is severe. But
even this is true only when al the patterns are orthogonal to each other, which is not
likely for randomly generated patterns [Baram 89]. A binary pattern is said to be or-
thogonal to another if there are less than or equal to 50% pixels which are same in both
of them. The practical capacity of a Hopfield network is aso affected by the learning rule

used to construct the synaptic matrix. The widely used learning rule is the Hebb rule.
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The lower and upper bounds of the capacity of Hopfield network when Hebb learning
rule is used are

Plower = 0.75(n — 1)% 4 2r (232)
Pupper = 125(n - 1);_ + 2r (233)

Where r represents the number of stable state vectors that are digned with exemplar.

It is observed that for applications like character recognition the Hebb rule is inadequate
when the number of patterns stored in a network are more than 0.05n [Sukhaswami 92].
Even the modified Hebb rules [Abbott 89; Gardner 89; Forrest 89; Muller 90] do not

ensure a convergence due to the presence of spurious states.

The stability of patterns decreases as number of patterns stored in a memory approaches
the maximum capacity, because the number of basins of attraction increases [Muller 90].
Also, accuracy of recall falls and learning time increases with the increase in the number

of stored patterns in the network [Han 89].

For the associative memory to be of any practical use it should be able to store a large
number of patterns with perfect recall. Therefore, it is important to construct the Hop-
field networks with ability to differentiate very similar but distinct state vectors and
avoid any spurious states. Hence, a Hopfield model is proposed here with new learning
rule which has user-specified states as stable states and avoids spurious states, so that
the model is robust for retrieval. This model is able to memorize any non orthogonal
pattern, but has limited capacity i.e,, p=2. In order to overcome the storage capacity

limitation a novel neural network architecture has been reported.
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2.4 A Survey of Multiple Neural Network Architectures

In the foregoing discussion, it is observed that the associative memory model has cer-
tain inherent limitations in terms of perfect recdl and capacity. In other words, more
is the number of patterns to be memorized, there would be more chance of having spu-
rious states [Muller 90]. There have been many attempts to overcome this limitation
by exploring several composite structures for associative memory. This section outlines
the major work reported in literature in this direction. Characterization of associative
memory models for fully coupled networks, asymmetric networks, Ising bonds, sign con-

strained synapses and multiconnected networks have been reported [Muller 90Q].

In [Baram 89] afractal approach to associative memory design is proposed. In this model
the network topology is to connect self-similar Hopfield units similar to fractals. In this
model, small sub networks are interconnected in a layered hierarchy. The sub networks
corresponding to different layers have the same geometric forms and different sizes, which
may be related to different spatial frequencies in the pattern field. Such interconnection

is reported to process high error correction capability.

A study to resolve the important issues like exact recall and capacity in multilayer asso-
ciative neural network was made [Kang 93]. It is atriple layered neural network consists
of two one-shot associative memories as interfaces to both ends of a BAM. The proposed
network not only maximizes the total number of stored images but also completely re-

laxes any code-dependent conditions of the learning pairs.

A hybrid neural network is presented in [Smith 96] which combines both Hopfield neu-
ral network and Kohonen's principles of self-organization to solve difficult optimization
problems. It is demonstrated that many of the traditional problems associated with each

of these approaches can be resolved when they are combined into a hybrid model.
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Association performance of Cross-Coupled Hopfield Nets with Many-to-Many Mapping
Internetworks (CCHN-MMMI) for correlated patterns is studied in [Ozawa 93]. CCHN-
MMM is composed of plural Hopfield-type neural networks which are mutually connected
via multilayered networks. The results show that storage capacity of CCHN-MMMI is

greatly increases as compared with that of Hopfield-type associative memory.

Another novel neural network structure in higher levels of abstraction is proposed in
[Hilberg 97] to understand or generate natural language texts. This concept leads to
a hierarchy of network layers which extract and store local detals in every layer and
transfer the remaining non loca context information to higher levels. At the same time
data compression is provided from layer to layer. Possible applications of this network

are storage, transmission, understanding, generating and translation of texts.

A Multiple Neural Network associative memory model to overcome the storage limitation
of associative memories reported in [Sukhaswami 93,95]. This network is used to recog-
nize printed and handwritten Telugu characters. The network consists multiple number
Hopfield networks which are divided into different layers arranged in a hierarchical man-

ner. Possible applications are to automate the sorting of mail, cheque reading etc..

In the present study, a new structure with a new learning rule is proposed.

2.5 Dynamical Neural Network

To improve the capacity of a associative memory, and to have robust recall a new architec-
ture caled Dynamical Neural Network (DNN) is proposed. It is called Dynamical
Neural Network in the sense that its architecture gets modified dynamically over time as
training progresses. The architecture of the proposed network has a composite structure

wherein each node of the network is a Hopfield network by itself. The Hopfield network
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employsthe new learning technique and converges to user-specified stable states without
having any spurious states. The capabilities of the new architecture are as following.
The proposed network is a massively paralel and distributed network. It is based on the
principle of associative memory but unlike other associative memories it does not alow
spurious stable states. It demonstrates a novel idea of order-sensitive learning which gives
preference to chronological order of presentation of the exemplar patterns. The proposed
network prunes nodes as it progressively carries out associative memory retrieval. It may

be noted that pruning is aso one of the desired properties of neural computing.
2.5.1 The Network Structure

In this section the architecture of Dynamical Neural Network is described. DNN has an
composite structure consisting of several basic nodes. The basic nodes are completely
connected Hopfield networks and they are similar to each other. In other words, al basic
nodes have same number of neurons, but these nodes differ from each other in terms of
synaptic weights and thresholds as they memorize different patterns. However, for con-
venience, in the present work it is assumed that all basic nodes memorize same number
of patterns (say p). The connections among the basic nodes are shown in Figure 2.1.
The underlined idea behind this network structure is the following. If each basic node
memorize p patterns then p basic nodes are grouped together. When a test pattern is
presented to the DNN, assume that it is presented to al the basic nodes simultaneously
and al basic nodes are activated at the same time to reach the respective stable states.
Within a group of basic nodes one of them is designated as the leader of the group.
For simplicity consider the first node as the leader. After the nodes in a group reach
the respective stable states these nodes transmit their stable states to the leader in that
group. The corresponding connections among the nodes are shown in Figure 2.1 where

p is taken to be 2.
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At this stage DNN adopts a relative pruning strategy and it returns only the leader of
each group and ignores all other basic nodes within a group. In the next pass the DNN
consists of lesser number of nodes, but the structure is retained. These leader nodes are
treated as basic nodes and each of them is trained to memorize p patterns correspond-
ing to p stable states of the member nodes of the group. These leader nodes are again
grouped together taking p nodes at atime. This process is repeated till a single node
remains. The process of grouping, pruning, and the leader nodes in the groups are shown

in Figure 2.2(a), 2.2(b) and 2.2(c).

It is clear that in the DNN if each basic node memorizes p patterns then each group
memorizes p® patterns. Thus one leader node representing a portion of the DNN memo-
rizes p? patterns. When p such leader nodes are grouped together then p?® patterns can
be memorized. If the process runs for i iterations to arrive at a single basic nodes then
the DNN can memorize p' patterns. On the other hand if it is required that the DNN to

memorize K patterns, then we must start with K/p basic nodes.

2.5.2 Training of the Network

The DNN described in the previous section can be avery powerful structurefor associa-
tive memory. It is shown in the subsequent sections that DNN achieves a perfect recall
with a substantially large capacity when the network structure of the DNN is coupled
with the proposed learning rule. In this section, it is demonstrated that DNN can work

as associative memory.

Let us assume that there are K exemplar patterns that are required to be memorized by
the network and when atest pattern is giventhe DNN as an associative memory model is

expected to return the closest of the K exemplar patterns. These K patterns are divided



. Groupl
s A
A

H, , OUTPUT

X
S, /o X - INPUT

H; -HOPFIELD
NETWORK

Group2

Figure 2.2(a) Firs Level Grouping and Leader Nodes



|
; Leader
Second level
group
To be pruned
X
s O
~ H3
Ss A~

Figure 2.2 (b) Second Level Grouping after Pruning First Leve

N

Figure2.2 (c) Final Nodeafter Pruning Second L evel



25

in to groups of p patterns and each of this p patterns are used to train one basic network.
When the test pattern is presented to al the basic nodes each node returns a pattern
which is closest among the corresponding set of p patterns. These outputs are represented
as training patterns to the leader nodes and this process is repeated as described above
till a pattern closest to the test pattern is returned. The steps involved in the training
and pruning of the network when p=2 are given as an algorithm in Figure 23. The
complete details of the steps (Figure 2.3) in the iterative process of associative memory

retrieval are given as below.

Let Hi, for i = 1,..., m be the basic nodes of the network. Since p is taken as two, each
pair of nodes Hi, Hi.; is considered as one group and Hi is considered as leader of that
group. Let §, forj = 1,..., K be the exemplars to be memorized in the network. Each
exemplar pattern § is abinary vector of size n, where n is the number of neurons in each
basic Hopfield node. These patterns are memorized in DNN that works as associative
memory, using a certain recording or learning algorithm. Memorizing the patterns in
DNN produces changes in the synaptic weight matrices. Retrieving of the memorized
patterns from associative memory, is caled as recall. Throughout the retrieving process,

the input pattern X = (X1, X2,...,Xn) 1S constantly supplied to al the basic nodes.

In each iteration (steps 5 to 15), two major tasks are performed. Firstly (steps 5 to 10),
the function train-network(Hi, Si-1, Spi) is used to train the basic Hopfield node H; with
exemplars S;i.1, $; to determine the weights and threshold. According to the dynamics
of the Hopfield network each Hi with X asinput convergesto one of S,.i, $;. Of course,
the learning rule may admit spurious states and the network may converge to a state
other than S,i.1, S . The function Hopfield(H;,X,0;,) returns the stable state O; by Hi,
that corresponds to the input state X.



Input: §5;,5,,...,52m Exemplar patterns, X Test pattern, ( where m is the number of basic

nodes in the network).

Output: 0 Output pattern.

procedure DNN(S5,,52, ..., S2m, X : in; O : out)

1

10.
11.

13.

14.
15.

16.
17.
18.

1=1 k=2
for (i=1i<=mi=1i+4j) do
constantly present the input pattern X to each node H;
end do
for i=1;i<=m;i=1i+j) do
train-network(H;, Szi—1, S2i) /* the node Hiistrained with Szi—1and Sziexemplar patterns.*/
end do
for i=1;2<=m;i=1i+]j) do
Hopfield(H;, X, O;) 1 each node H; stabilizes at a stable state 0;.*/
end do
for i=1:<m:=12+k)do
Sai—1 +— O
S?i — Oi+j
prune the node ;4 ;
end do
) =j+j; k=fc+k;m=f
repeat step 5 through step 16 until m= 1
END.

Figure 2.3 The Algorithm for Training and Pruning of DNN
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In the second task (steps 11 to 15), the output of the member nodes in each group H;, H;44
are fedback to its leader node Hi so that Hi is freshly trained with these exemplar
patterns. Once H:;; passes its output to H;, it is pruned. In the next iteration, the
output of Hi;, is fedback to Hi and so on. As this process progresses iteratively, in the
first iteration m/2 basic nodes are pruned and in the second iteration m/4 nodes are
pruned and thisfinally results in leaving one node in the entire network whose output is
the closest pattern to the input pattern. So the proposed network works as associative
memory with pruningi.e, at any iteration it can eliminate half the number of basic nodes
employed in the previous iteration. The process is illustrated using an example with

eight exemplar patterns and depicted in Figure 2.4.

Example 2.1: Let us consider the exemplar patterns as following:

Exemplar patterns are
{5: = 11111110

S, = 11111010

S3 = 10111001

S, = 00001011

Ss = 00011001

Se = 11100000

S, = 00000010

Ss = 11011010}

Test pattern X = [11111000]

Since eight exemplar patterns are to be memorized in the network, the network need

four basic nodes. That is, each node H;, i = 1,...,4,istrained by set {Ss;+1,S2j+2}
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7 =0,...,3, exemplar patterns. Using alearning rulethe weight matrices W;;,i = 1,...,4,
of the four basic nodes H;, i = 1,...,4, are computed and given in the figure. The test
pattern X is presented to al the basic nodes H;, i = 1,...,4. The dynamics of the

Hopfield model stabilizes at a stable pattern for each of the basic nodes and each basic

node retrieves one of the memorized patterns that is close to the test input pattern X.

As explained above, outputs of H; and H, are fedback to H; and the outputs of Hz and
H, are to H;. The nodes H, and H, are pruned. The nodes H; and H; are freshly
trained. The pattern X is presented to H; and H; as test pattern. The dynamics of the
Hopfield model stabilizes at a stable pattern for each of the basic nodes H, and Hs. Now
these outputs of H; and H; are fedback to H;. The node H3 is pruned. The node H;
is freshly trained with fedback patterns and the test pattern X is presented. Finally the

node H, retrieves one which in turn the closest pattern to X among the eight patterns.

The storage capacity of the DNN is mp where m is the number of basic networks in the
first layer and p is the capacity of a single basic network. In other words it is dso equal
to K i.e the total number of training patterns. The architecture of DNN is feasible for

both serial and parallel hardware implementations.

2.6 New Learning Rule

The proposed new learning ruleis discussed in the following sections.

2.6.1 Earlier Learning Rules

There have been severa learning rules for Hopfield model and these learning rules differ
from each other in adapting different techniques such as Linear programming, Fuzzy
logic and Combinatrics and in emphasizing different capabilities of the network such

as improving the capacity, computational effects, suitability of VLSl implementation,
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avoiding spurious states and providing paralelism. Some of them are [Athithan 95;
Verleysen 89; Steven 93, Kam 90; Michd 89; Deiderich 87; Forrest 89; Gardner 89;
Abbott 89; Krauth 87].

One of the major disadvantages from which most of the learning rules, including Hebb
rule, suffer is the likely convergence to spurious states. The different variations of Hebb
rule, such as Diederich and Opper rule [Deiderich 87], Gardener and Forrest rule [Forrest
89; Gardner 89], Abbott and Kepler rule [Abbott 89] and Krauth and Mezard rule [Krauth
87] dso suffer from this drawback. From a practical perspective, it is highly desirable to
have a network with a user-specified state vectors as the only stable states and avoid any
spurious states. Besides having the spurious states, Hebb rule aso has other difficulties
of having very limited capacity of 0.15n. Thus for a reasonably large number of patterns
to be memorized, it needs an insurmountably large number of neurons in the network.
Moreover, two exemplar patterns which are not orthogonal (or nearly orthogonal), it may
be difficult to memorize these patterns simultaneously. Keeping these factors in mind,
in the present work a new learning rule is proposed for Hopfield network to provide
user-specified states as stable states and avoid any spurious states. It also improves
the capacity of the Hopfield network substantially and has a order-sensitive learning

capability.

It is to be noted that with the proposed learning rule, the basic node can overcome the
constraint of limited capacity which is aproblem in small size networks. That is, though
the theoretical value of the storage capacity of the network is 2n, the practical results
of Hopfield [Hopfield 82] yield, this as 0.15n only. This bound holds tight only if al
the patterns are mutually orthogonal, which is unlikely for randomly generated patterns.
With the present learning rule, even smaller networks can have more storage capacity,

which is independent of its size. For example, if the user-specified states are 3, capacity
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of the network is 3 for al vaues of n and for al randomly generated patterns. Though
the capacity of each Hopfield node is two, the overall capacity of the network is 2m where

m is the number of basic nodes in the network.

The learning rule is based on a geometrical interpretation of the set of state vectors and

the energy function. The results of polyhedral combinatorics are used for this purpose.
2.6.2 Polyhedral Combinatorics

The st of dl 2" state vectors form a binary hypercube in n-dimensional space and the
energy functionisaquadratic function defined on the hypercube. Any quadraticfunction
of n binary variables can be equivalently written as alinear function of n(n+1)/2 binary

variables.

Consider the energy function (Egn. 1.3.2) which is a quadratic function in n binary
variables. Since the state x; = 0 or 1, by substituting z? — z; and introducing a new
variable z;; = z;z;, the equation 1.3.2 can be written as a linear function in 22t
binaryvariables.

w

-z (2.6.1)

Ez - nZ Ewizi; + té:(ti -

i=l j<i
The set of 2" binary n-vectors can be equivalently visualized as 2" binary n(n + |)/2-
vectors which is a proper subset of the unit hypercube of n(n+ |)/2 dimension. Putting
it formally,
Let By = {X|X= (z1,22,...,2.),z; = 0,1}

n(n+1

and definea: B — B, * such that,
o(X)= X = {z1,22,..-Zn,Z12,Z13y- - - y Tn—1n}
Denote B = o(B})= {X: o(X)= X for X G B}

n(ntl)

Thus B C B, *
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The energy function E,, for X € B} is numericaly equal to the linear function L(o(X))
(Egn. 2.6.1). Finding the minimizing point of a quadratic energy function over B is
same as finding the minimizing point of linear function L over Bzﬂm’ﬂ). The learning
of Hopfield model is a reverse process to that of the above one, where given a set of
n-binary vectors, it is to determine a quadratic energy function which has the given
points as minimizing points. In other words, given a set of elements in B;(%w, it is to
determine a linear function which has the specified set of points as minimizing points.
If C is a convex polytope of given set of 2™ points which are its extreme points, this
process involves determining a supporting hyperplane which touches C at the specified
set of points. A supporting hyperplane of a polytope is a hyperplane which touches the
boundary of the polytope but does not cut across the polytope [Nemhauser 88]. In other
words, this hyperplane corresponds to a linear function such that the specified set of

extreme points are its minimum points.

As per the design, the hyperplane has to pass through the given stable states only. But
it may even pass through some more additional points. These additional points are aso
extreme points but not the user-specified points. Hence they can be termed as "spuri-
ous stable points". It is possible to determine a supporting hyperplane that passes only
through the specified extreme points as every extreme point is an adjacent point to every
other extreme point [Pujari 83]. Determining the supporting hyperplane with specified
points as adjacent extreme points is equivalent to determining the synaptic matrix of the

Hopfield network with user-specified states as local minimum points.
2.6.3 The Synaptic Matrix

In this section a formulation is proposed for construction of Hopfield network having any

two given binary state vectors as the only stable states. This formulation is based on the
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concept mentioned above that, for any two vectors X and Y, it is possible to construct

a supporting hyperplane for convex hull touching it at X and Y only.

Considering the above equations (1.3.2) and (2.6.1) the set of 2" binary n-vectors X of
the hypercube is now visualized as 2" binary n(n + 1)/2-vectors X of the polyhedron
and the energy function (Egn. 2.6.1) defines a hyperplane. It is shown in [Pujari 83]
that each of the 2" binary state vectors is an extreme point convexhull and each pair of
extreme points are adjacent. In other words, for any given pair of extreme points, there

is a supporting hyperplane which passes through this pair.

Thus, for agiven X and K, to be as the user-specified stable states of Hopfield network,
the process of constructing the weight matrix W is described below. The Section 2.7
gives the proof that the above Hopfield network (W,T) has X and Y as only local mini-
mum points. Hence X and Y are the user-specified stable states of the Hopfield network

(W,T).

Let X, Y be the user specified states to be trained by the Hopfield network. The con-
struction of W using the proposed learning rule is as follows:

Let X = (21,29, % ¢,2,) and G(X) = {i: z; = 1}, Define

S1=G(X)NG(Y), |5 = s

S2 = G(X)\G(Y), |52| = s,

S3 = G(Y)\G(X), |Ss] = s3

S4 = otherwise |S4| = s4
The synaptic matrix W is constructed as described below. The diagonal elements are
given by

1 if 1 € G(X),
wy; = 4 1-s3+s2/s3 ift€ Sa,

—n? Otherwise
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and the off-diagonal elements w;;, i #j are given by

1/2 if i,j € G(X),
£ ifi€ Standj € Ss; orte S; andj € S,
14 2l 5 5 e S,

233(53—1)

3

—-n otherwise

The threshold vector T is given by ¢; = —0.5 V:.

2.7 Correctness of the Learning Rule

2.7.1 User-specified Local Minima

The previous section illustrates the design of a Hopfield network, with two user-specified
stable states. In this section, it is proved that these are the only stable state vectors or

only loca minima, which the network admits.

Let Z be a state of Hopfield network. Z* is a state obtained by changing the £** bit.
Ez, E,« energy values of the network at Z and Z*, respectively are as follows.

1
E; = —5 Zz Wi;2i2; -+ Z: i 2 )
L J i=1

i=1;5=1

and

Ep=-3 L;}; w{jzfsz +t;t,-z!‘ (2.7.2)
If Z* is obtained by changing k** bit in Z from 0 to 1. By subtracting equation (2.7.2)
from (2.7.1), we get
AE=Ez —Ez= - wi+2 Y wiz -t (2.7.3)
2 b=l kR
Similarly, if Z* is obtained by changing k** bit in Z from 1 to O then

1
AE = —— W+ 2 Z wikz; + ik (274)
| i=1,i2k
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In order to prove that X and Y are the only local minima of energy of Hopfield network

W(X, Y), it is sufficient to prove that AE is negative only when Z = X or Z = .

Similar to the notation of Section 2.6.3, define

S2=5US={i:Xi=1
S3s4=S3U Ss={i:2:= 0}
S13=S51US3={i:yi=1}
S2a =S, U Sy= {i:y:= 0O}

First, it is shown that, X, Y are local minima,

Case 1: In order to show that X is aloca minimum, it is to show that
AFE = Ex ’—Exk <0, Vk.

Depending on k, consider the following two cases

Case la: k £ S35, when one of 0 bits of X is changed to 1 bit to obtain X*.

1
AE== wut? T wa -4 @79
L 1€S12,k€ES34
Ab = ([ % [wkk+ QZieslz,kESS wik] = tk, k e 53.
l % [wkk +23 €S, keS8, wik]— tr, k€ Sy

By substituting the values of wg; and w;;: from Section 2.6.3 in the above equations,
AE = ! H[1-so+ 242 (g8) - an?] 4 , 1058
1 3 [-n® —2(sy + s2)n’] +1, k € Ss.
Since n® is the dominating factor and has negative sign, hence the right hand side is
negative for either case.

Case 1b: k € Si2, when one of 1 bit of X is changed to O bit to obtain X*.

AE = ~5 Wik + 2 Z wir + 1t (2.7.6)
L 1€8534,k€S),



By substituting the values of wxx and w;; from Section 2.6.3 in the above equation

j “%[31 +32]‘%, ke S
\ —%[51 +52]—-%, ke S,.

AL =

AFE is negative for either case.
Case 2: Similar to the above case in order to show that Y is a local minimum, it is to
show that

AE = Ey - Eyx < O, Vk.

Depending on k, consider the following two cases
Case 2a fc € S,4, when one of 0 bit of Y is changed to 1 bit to obtain Y*.
.
AFE = - Wikt 2 Z w;r — bk (277)
2 L 1€513,k€S24
AL = | -;‘ [wkk+22i6513,k652wfk]_tk’ k€52
1 % [wkk+22i€513,kes, U)ik] — tk, k 654-
By substituting the values of w, and w;, from Section 2.6.3 in the above equations

[12(3-snd] 41 kes

AFE =
l § [-n°-2(s; +s5)n°] + 1, fC € Sa.

Since »n* is the dominating factor and has negative sign, hence the right hand side is
negative for either case.
Case 2b: k £ S,5, when one of 1 bit of Y is changed to O bit to obtain Y*.
AE=—= wu+2 Y  wix +h (2.7.8)
2 L 1€524,kES13
AE:!_%[1+2<53§§,23‘+52;1)]“%, ke S
1_% [1 —s3+ 2 42 (2—5,23-51+ s3—1 (__)_;;3((3:3—_11)))] -3 fcebs
AE isnegativefor either case.
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Next, it isshown that X and Y are the only local minimaof the Hopfield network (W,T).
Let P be a state of Hopfield network such that P # X and P # Y. P* is astate obtained
from P by changing the k th bit of P from 1 to O or O to 1. In order to show that X
and Y are the only local minimait is to show that P is not aloca minima, that is there
exists ak such that

AE = Epv- Ep < O.

Now consider the relations between X, Y and P as follows:

It may be noted that S; is dso G(X) N G(Y) N G(P).

Ki={i:16GX)At¢GY)At¢G(P)}, |Ki|l=k
Ky ={i:1€GX) Ai ¢G(Y)A1i6 G(P)}, |Kz|= ks
K:={i:td G(X)Ai6G(Y)Ai€GP)}, |Ks|=ks
Ki={1:1¢GX)Ai € GY)Ai €G(P)}, |Ks|l= ks
K5

otherwise

The Hamming distances of P from X and Y are k; + fcs, k2 + k4 respectively and let

ki + ks # 0, ks + k4 # 0 . In order to show that P is not alocal minimum it is to show

that

If Ky # 0, K€ K3, AE = Epi - Ep< 0O

|f1\,3§£0, k€1\'2, AE:EPI:—EP<O

If ]X’g and 1\,2 = 0, ke ]\,1, AFE = Epk - EP <0

If K5, K, and K, = 0,fce Ky, AE = Epi- Ep < 0O
Pl—sa+ 2 4+2(52 + ka(-n) + (ks — 1) [1+ 2220T)] + 1, fee®

R LR 1C Rt ) fe€Xs

‘l[1+2i‘i§u]-%~ feceATi
~i[r ot ke K,



37

AFE is negative for the four cases.

Hence it is proved that any state, except X and Y, can not be the locd minimum of
Hopfield network W (X\)Y). Hence the proposed learning rule has only the user-specified
states as stable states.

To provide a practical proof for the proposed learning rule experiments were carried out
with different values of input vectors of different sizes. The results depicted here show
that the proposed learning rule will converge for any input (from 2" states) to only one of
the user-specified stable states. It is also shown that the specified states can be random
and realistic values of any size. For example let » = 4 and X = 0111 and Y = 1001
Now the Hopfield network (W, T")can be derived using the set of equations mentioned in
Section 2.6.3. Asinput state is varying from 0000 to 1111 i.e for all 2* states the network
converges to any one of the specified states i.e either to X or Y only. This phenomena
is being depicted in Figure 2.5, where X and Y are shown with thick boundaries. The
transitions are shown with arrow lines. The energy of the network at that state is shown
in brackets. One can observe that the energy of the network is continuously decreasing
and reaches a minimal value as the transitions are taking place from initial state to stable
state. Here the capacity of the network is two. The order of updation used is determin-
istic and asynchronous (Egn. 2.2.3). Thus the experimental results are complying with

theoretical observations.
2.7.2 Recall Efficiency of Learning Rule

In this section it is demonstrated that the learning rule presented in the previous section
has better recall capability than that of Hebb rule. It is well known that if we train a

network using Hebb rule with two training patterns having smaller Hamming distance,
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Figure25 Convergence Transtion Following the New Learning Rule
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the likely-hood of a test patterns converging to spurious states increases substantially. It
is shown here that the present learning rule provides a perfect recal capability irrespec-
tive of the Hamming distance. In order to demonstrate this, the following experiment
was carried out. Two patterns are randomly generated for different vaues of Hamming
distance. The synaptic matrices and threshold are computed using Hebb rule and the
present learning rule. By presenting al possible patterns as test patterns the percentage
of perfect recall and spurious recall is computed. A recall is said to be a perfect recall if
the network converges to one of the training patterns and otherwiseit is a spurious recall
as it converges to a spurious state. It is observed that even for the smaller Hamming
distance the present learning rule results in hundred percent perfect recall whereas, on
the contrary, for Hebb rule high percentage of perfect recall is achieved only for higher
values of Hamming distance. This observation is depicted graphically in Figure 2.6(a)
and 2.6(b), when the patterns are 11-bit length.

28 The Efficiency of DNN

It is observed that the learning rule has the perfect recall capability independent of the
size of the exemplar patterns and Hamming distance between the patterns. The DNN
has several basic nodes each having capacity two. If there are m such nodes DNN has ca-
pacity 2m. Since the learning rule can memorize randomly generated patterns of any size
without admitting spuriousstates, eventually the DNN memorizes2mrandomly generat-
ed patterns without spurious states. Thus as an associative memory, DNN can overcome
al maor limitations like low capacity, presence of spurious states, small Hamming dis-
tance etc. Hence the DNN works as an ideal associative memory with substantially high

capacity. Henceforth the term DNN is associated with both the network structure and

the learning rule.
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One can achieve till higher capacity of the DNN either by increasing the capacity of
individual basic nodes or by increasing the sze of the composite structure. Though it
is theoretically possible to increase the capacity of the basic node, it is impractica to
substantially increase the capacity due to combinatoria nature of the learning rule. The
only other aternative is to increase the number of nodes in the DNN. Acknowledging
the fact that there is no such limitation for the Hebb rule, experimentations are designed
to study the efficiency of the DNN in comparison with smilar composite structures with
the basic nodes (Hopfield nodes) being trained by Hebb rule with two or more than two

training patterns.

The efficiency of the DNN with other networks which have smilar structures with that
of DNN has been compared in thefollowing. For this, three different network structures
where dl are trained by eight randomly generated patterns with Hebbian rule have been

considered.

1) NET-A: a composite structure with four basic nodes each memorizing two training

patterns.

i) NET-B: a composite structure with two basic nodes each memorizing four training

patterns.

iil) NET-C: aatomic structure with one basic node which memorizes, dl eight training

patterns.

The underlying idea of choosing these three structures for comparison with DNN is due

to the following:

In these three networks the basic nodes are Hopfield nodes. Even though the Hopfield
network with Hebbian rule can memorize 0.15n patterns but for large n Hopfield network

can memorize two patterns easly. Hence with a composite structure the NET-A may
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do well. As mentioned that when Hebbian rule is used there is no limit for number of
patterns to be trained. In order to learn eight patterns less number of basic nodes is
sufficient. In the structure NET-B, two nodes are used to train eight patterns if each
node takes four patterns, which is the merit of this structure. In the structure NET-C,

since each node can memorize eight patterns only one node is used.

The experimentations conducted on DNN and other network structures NET-A, NET-B
and NET-C are described in the following. The relation between n and percentage of
perfect recal for each network structure is depicted graphicaly.

These four networks are trained with the same eight randomly generated patterns of
sze n=8. Four sets of two hundred test patterns of same size are generated randomly.
By presenting each test pattern it has been observed the type of recall whether perfect
or spurious. That is by presenting 200 randomly generated patterns the percentage of
perfect recall is calculated by using the equation

no. of. perfect recdls,
no. of test patterns

percentage of perfect recal =

The experimentation is repeated for four sets of 200 patterns and the average performance
is computed, which is depicted in the following Table 21. The same experiment is
repeated by varying the n between 8 to 60 and each time average percentage of perfect
recal is computed. The relation between n and percentage of perfect recall is shown
graphically in Figure 2.7. From the graph it has been observed that DNN has 100%
perfect recal for any randomly generated test and training patterns of any size, where
as in case of other networks it is continuously increasing starting from a low value and

never reaching 100%.

In dl the three networks namely NET-A, NET-B and NET-C spurious recalls are present,

irrespective of the sze of the patterns trained. It is concluded from the graph, that in case



Size of the DNN NET-A NET-B NET-C
pattern n=15
Set No.of | No.of | %of No.of | % of No.of | % of Noof | % of
no. patterns | perfect | perfect | perfect | perfect | perfect | perfect | perfect | perfect
recall | recall | recall | recall | recall | recall | recall | recall
Set 1 200 200 100.0 | 24 12.0 40 20.0 4 2.0
Set2 | 200 200 100.0 | 38 19.0 26 13.0 8 4.0
Set3 | 200 200 100.0 | 28 14.0 26 13.0 6 3.0
Set4 | 200 200 100.0 | 38 19.0 24 12.0 12 6.0
Avg. 200 100.0 32 16.0 29 14.5 9.0 4.5
Max 100 38 19.0 40 20.0 12 6.0
TABLE-21
Treshold Percentage of perfect recall
NET-A NET-B NET-C

-6.0 6.0 1.0 8.0

-3.0 14.0 4.0 4.0

-2.0 14.0 20.0 4.0

-1.0 19.0 20.0 3.0

-0.5 19.0 20.0 3.0

0.0 19.0 20.0 3.0

+0.5 19.0 20.0 4.0

+1.0 19.0 20.0 1.0

+2.0 19.0 20.0 1.0

+3.0 25.0 14.0 0.0

+6.0 13.0 16.0 3.0

Max 30 [250 (05 [200]-60 |80

TABLE -22
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of DNN, in order to memorize K patterns of any size, the number of basic nodes required
isK/2, which is an easy consequence. In case of other three networks it is theoretically
K/2, K/4 and K/8 respectively. But, since the capacity of the basic node with Hebb
rule depends on the size of the patterns and due to the presence of the spurious states
for dl szes of patterns one can not say how patterns in sngle Hopfield network do have
100% perfect recal. Hence one can not fix the number of basic nodes corresponding to
the given number of patterns in case of NET-A, NET-B and NET-C for 100% perfect
recall. There should be a trade-off among number of patterns, number of basic nodes
and size of patterns for a good perfect recall. This can be observed from the graphs in
Figure 2.7. Hence the merit of the network DNN over other networks is that it does not

require any trade-off and thus user friendly.

In the above experimentation NET-A, NET-B and NET-C are trained using Hebb rule
withfixedthreshold. However, the convergenceof Hopfield model with Hebb ruledepends
critically on threshold. In order to fix the optimal value of threshold a next set of
experimentations were carried out with variable threshold, in the sense that for every
value of n the threshold value is changed till the best value of recall is attained for
each of the network. It is observed for a given value of n, there may be three different
threshold values corresponding to NET-A, NET-B and NET-C. It is observed during
the experiments that even the optimal threshold value is given the recall efficiency of
NET-A, NET-B and NET-C is much lower than that of DNN. As an illustration, the

experimental observations for n = 15 are presented in Table 2.2.

29 Conclusions

In this chapter, a new neural network architecture, DNN is proposed. The network

works as associative memory with 100% perfect retrieval. The Hopfield network (the
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basic node in DNN) employs the new learning technique and converges to user-specified
stable states without having any spurious states. The survey on multiple neural network
architectures and on learning rules is presented. The mathematical tools required for the
learning rule (synaptic matrix ) are presented in detail. The correctness of the learning
rule is validated with the help of energy function of the network. Experimenta results are
presented in this chapter, which confirm the betterness of this learning rule in recall over
Hebb rule. It aso increases the storage capacity of the small size networks substantially
and provides aperfect recall capability irrespective of the Hamming distance between the
training patterns. Even though the design is shown only for two states the method can
be generalized to more number of stable states. The recall efficiency of this Dynamical
Neural Network (DNN) is found to be better than other single and multiple neural
networks (of same configuration) for some known learning strategies. This architecture
can find ready practical applications in the areas of Natural Language Processing, Protein

structure database and Library database.



Chapter 3

The Special Features of DNN

3.1 Introduction

The DNN has some interesting features besides being efficient for associative recall. The
DNN architecture exhibits a novel characteristic, termed here as relative pruning, wherein
the nodes are optionally and dynamically used (and reused) during the process of training.
The dynamically organizing features has led us to term the network as DNN. The DNN
has a composite structure wherein al nodes are similar and each node of the network
is a Hopfield network by itself. During the training al the nodes may not participate
constantly. Hence optimal utility of the nodes will definitely improve the efficiency of the
network. This enabled us to introduce anew featurein DNN, i.e. relative pruning which

provides the parallel reusability of the nodes in the DNN.

The learning rule of DNN exhibits another interesting feature of being sensitive to the
order of presentation of training patterns. Artificial Neural Networks are biologically
inspired and are introduced with the hope to reproduce some of the flexibility and power
of human brain by artificial means. Researchers usually think of the functionality of
the brain while considering new network configurations and their learning algorithms.
Human brain is biased in memorizing and retrieving certain memories. One can find this
characteristic in the learning rule of DNN, which is order-sensitive. The natural instinct

of human learning is to have longer impression of patterns that are learnt earlier, which
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in general represents order-sensitivity. In this chapter, these characteristics of the DNN

namely, the order-sensitivity and relative pruning are discussed.

3.2 Order-Sensitive Learning

The human brain continuously learns from environment and memorizes the information,
most probably in chronological order. When new memories are stored it may lose the old
memories. But this process is not aways like a pipeline, there are many exceptions to
it. A priority is given to or bias is shown for certain memories, that is certain memories
have longer impression and biased while retrieving. Emphasizing the same, the natural
instinct of human learning is to have longer impression of patterns that are learnt earlier,

“first impression is the best impression".

This biological phenomena is supported by many day to day observations. One can
observewhileachild istrying to learn words and recognize the words heis biased towards
the words he has learnt first. In other words when he has to recognize a misspell word he
may be inclined to match it with words he knew in the order he learnt them. For example
a child is usually taught the word 'apple' for the letter 'a first. He might learnt, many
more words later starting with the letter 'a’ like 'ape’, 'ant' and 'ass etc.. But when he
isgiven amisspell word such as 'aple’, heis moreinclined to match it with ‘apple' rather
than with some other word like 'ape’. It should be noted that both 'apple’ and 'ape’ are
equally likely corrections.

Order sensitivity can also be observed when solving Crossword puzzles or Scrambled

words. When forming words with the given clues in the puzzle we often try the missing

letter in an alphabetical order.

Colour recognition stands another example for order-sensitiveness. A child who is taught



45

colours in particular order say for example blue, green would correctly classify a true
blue object and a true green object. But when an object with an intemediatory colour

is given he is biased to classify it as blue rather than green.

This clearly shows that human brain may be biased with order of learning things when
recognizing ambiguous objects. This prompted us to the development of order-sensitive
learning rule. It is emphasized herethat order-sensitivity is one of the important features
in human learning process and has not yet been explored in the context of artificial neural
networks. Moreover, the natural instinct of human learning is to have longer impression

of patterns that are learnt earlier.

Putting things more formally, let X and Y be two distinct training patterns. A learning
rule is said to be order-sensitive if the network behaves differently for different order
of presentation of the training patterns. In the present context of Hopfield network, it
is identified that the learning is order-sensitive, if the learning rule generates different
synaptic matrices when X precedes Y in the training compared to the matrix when X

follows Y.

The learning rule, proposed istruly an order-sensitive one in the sense that

i) the learning rule generates different synaptic matrices for the same set of training

patterns presented in different order.
i) the basins of attractions are biased towards earlier-learnt-pattern.
Let us consider thefollowing examplefor illustration.

Let P = 11101100001, Q = 11010011100

Let Weo be the synaptic matrix computed as per derivation given in Section 2.6.3
considering P — X, Q — Y and Wgp is synaptic matrix obtained by P — Y, Q — X
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In other words, Weq corresponds to training of the network when P is presented first,

followed by Q and Wgp corresponds to the training when the patterns are presented in

the reverse order. The synaptic matrix Wpeq and Wep are given below.

10 05 05 05 05 05 05
05 10 05 05 05 05 05
05 05 10 -n° 05 05 -n
0505 -n° 20 -n* -n® 15
05 05 05 -nrP 1.0 05 -n°
05 05 05 -n*P 05 1.0 -n®
05 05 -n* 15 -n* -n* -20
0505 -nP 15 -n°® -n* 15
0505 -n* 15 -n°P -n* 15
-Nn°—n® -n® -N* -n® -n® -n®
05 05 05 -nP 05 05 -n’
1.0 05 05 05 05 05 05
05 10 05 05 05 05 05
0505 20 -n* 15 15 -n®
05 05 -n* 1.0 -n* -n® 05
0505 15 -n* 20 15 -n°
05 05 15 -n® 15 -20 -n®
0505 -n* 05 -n* -n* 1.0
0505 -n° 05 -n*® -n® 05
05 05 -n® 05 -n* -n° 05
- -n"® -n"® N - -n® -n
0505 15 -n° 15 15 -n®

05 05 -n° 05
05 05 -n* 05
-n° -n° -n° 05
15 15 -n* -n°
n - -n® 05
- - -n° 05
15 15 -n* -n®
20 15 -n® -n°
1.5 20 -n° -n°
- -N® -n® -n®
-n° - - 10
05 05 -n° 05
05 05 -n° 05
-n° -n° -n° 15
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Thus, the learning rule generates different weight matrices and henceyields different be-
havior of the network. Let us take the input pattern 11000000000 as initia date, the
Hopfield network with Weq as the synaptic weights, converges to P as the stable State.
Whereas if the same is presented to the network with Wqe as synaptic matrix the stable
state to which it converges is Q. Thus we observe that when 11000000000 is the initial
state, the network is biased towards the pattern which it learnt earlier. And aso this
input state has equi-Hamming-distant from P and Q i.e. 6. As explained above in case
of Hopfield network with synaptic matrix Weq the output state is P because it is the

earlier-learnt-pattern. Similarly in case of W the output state is Q.

Let P, Q be two user-specified stable states and Weq be the synaptic matrix corre-
sponding to the training of the network when P is presented first, followed by Q and
Wop represents the synaptic matrix when the training patterns are presented in the re-
verse order. Let Z be the input state which is equidistant from P and Q. The learning
ruleissaid to be order-sensitive when Z convergesto P in case of the network Weq and

to Q in case of the network W?".
Let P = (pi,p2,**,Pn) and G(P) — {i : pi = 1}. Define

S51=G(P)NGQ), |5 = s
S2 = G(P)\G(Q), |52] = s2
S3 = G(Q)\G(P), |Ss] = s3

It may be noted that S, is adso G(P) n G(Q) N G(Z).

K, —{i:i €G(P)A1 ¢ GQ Ai ¢€G(2)}, |Ki|= Kk
K, ={i:iGGP)AI €GQ AI€G(2)}, |Ki|l=k,
K:={i:i ¢GP)A1€GQ)AiI 6 G(Z)}, |Ks|= ks
Ke= {1:1¢G(P)Ai € G(Q)A 1 € G(Z)}, |Ks|= kq
K5 = otherwise



Theorem: Thelearning rule given in Section 2.6 is order-sensitive in the following sense.
1. For Wpq,, Z converges to P if it is nearer to P or to Q. For Wgp, Z converges to Q
if it is nearer to Q.

2. If Z is equidistant from P and Q, for Wk, Z converges to P when k, > ks or

+1
sl > k.

Proof: The case 1 is aready proved in Section 2.7.
The proof for case 2 is given as following.

Z is equi-Hamming distant from P and Q only when
k1 + k3 = k2 + k4

Using the update rule (Eq. 2.2.3), ZX is the state obtained from Z in one transition. If
Z is nearer to P than to Q, then by the earlier analysis (Section 2.7.1) Z* converges
to P, else Z“ converges to Q. So it is sufficient to check only one change of transition
from Z. This can be studied by identifying the value of k such that k™ bit is updated
according to the update rule. In case of the network Wpeq, the values AFE = E;, —E,

fori G Ky, {,,/K3 and K, are as follows (Section 2.7.1):

L[ +2(% + % + ks(—n?))| - 05, i € Ki.

A L +2(% + 52 + ky(—n%)] +05, i € Ka.
‘ 5[1—53+4+2( ka(—n® +(k3_1)[1+2’j—3(533—‘}])] +0.5, i £ K.
[1—53+J+2(u+ ka(—n®) + (ks)[I +2—‘(—%])}05 1€ K,.

So the bit k that is the candidate of update is
AEX = minAE' (3.2.1)

Clearly, foric K, andi € Ky, AE*>0andfori € Kz and: € K,, AE* <O.
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Since the dominating factors in the above equations for i € Kz and i € K, are —

and —ksn® respectively, S0 AE*ick,) < AE' ek, only when fc, > k3. So the bit £ that
is subjected to change in Z is in K3, which results in moving Z* nearer to P than to
@, and hence the Z* converges to P. So it is proved that in case of the network Weq a

equi-Hamming distance pattern Z is converged to P when fc, > ks.

Similarly, when k; = k3, then s, = 53 and k; —fcy, because k; +k3 = k2 + ks. Thenitis
clear from the above equations that AE*;cx,) < AE*(iek;) only when 25 > k3. So the
bit k that is subjected to change in Z isin K5, which results in moving Z* nearer to P
than to Q, and hence the Z* converges to P. So it is proved that in case of the network

WPQ a equi-Hamming distance pattern Z is converged to P.

Similarly in case of Wgp, it can be shown that a equi-Hamming distance pattern Z is
going nearer to Q in the next transition, when k € K;. In order to show this the synaptic

matrix Wgp is used and is given as follows:

Wir={ 1 — s34+ s3/sy ift€ S,

~n3 Otherwise

and the off-diagonal elements W;;, i # ] are given by

1/2 if 1,7 € G(P),
o -~ if1€ 51,7 €85 ort€ 5,,5 €85,
1) — 5 (33_” . ..
+ 2;2(52_1) if1,7 €8,

—35 otherwise



3.3 Experimental Results

While discussing the realistic examples of order-sensitive learning, color recognition is
considered as an example. That is, a child who is taught colors in particular order say
for example blue, green would correctly classify a true blue object and a true green object.
But when an object with an intermediatory color is given, the child is biased to classify

it as blue (first learnt) rather than green.

Basing on the above phenomenon an experiment is conducted as a practical application
to the proposed order-sensitive learning rule. The aim of the experiment is the following:
If the two user-specified stable states (P and Q] are represented by two different colors
and the input state (Z) which is at equi-Hamming distance from the two stable states
Is represented by athird color then there will be an ambiguity over to which of the first
two colors the third color is closer. Then the order-sensitive learning will resolve this

ambiguity by matching the third color to the earlier of the first two.

The steps involved in the experiment are: 1. Selecting two patterns randomly that
represent P and Q. 2. Mapping the P and Q (binary numbers) to colors. 3. Generating
all the patterns that are at the same hamming distance from the selected two patterns
and mapping them to colors. 4. Selecting a color from the colors generated in the step-3
which satisfies our aim (ambiguity over to which of the first two colors the third color is

closer).

Mapping of binary pattern to color is achieved by converting binary patterns into RGB
values. That is dividing the pattern in to three parts, first part will denote the RED
value, second part will denote the BLUE vaue and the last part will show the GREEN
value. The colors are generated by using the "PAINT BRUSH" in MS-Windows. The
results are depicted in Figure 31



Figure 3.1 Colour Experiment
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Hence the order-sensitive property of the learning rule is quite useful in automating the
resolving of ambiguity in matching a color which is equally closer to two colors. For this,
the experiment is to be conducted in a reverse fashion, that is color is to be mapped to

binary patterns and order-sensitive learning rule has to be applied.

3.4 Relative Pruning

A major problem in the applications of neural networks is the choice of a topology. A
considerable amount of architectures and methods for the construction of optimal neural
networks have been proposed in the literature. Some of these approaches try to improve
well-known architectures by training a network which is expected to be big enough to
solve the given problem and subsequently remove its units (prune units). The topology
of DNN is well organized such that the nodes that are not currently participating in the
training can be pruned and reused for parallel processing of the next series of data. This

pruning and parallel reusing of nodes will improve the efficiency of the network.

Basing on another biological phenomena a new notion cdled relative pruning is intro-
duced in the network. Consider the biological situation wherein, a person being trained
to drive a vehicle. In the initial stages of this training, al the units or the neurons
in a particular layer are engaged in the processing of information (controlling this phe-
nomenon). After a certain stage, when the trainee has achieved certain efficiency, some
of the neurons can be relaxed for this activity. Processing in a similar fashion, we arrive
at a situation that some of the neurons or units may be assigned relatively a different
job. Thus as far as this information processing is concerned one may think, that these

neurons have undergone a sort of relative pruning.

This biological phenomenais amotivation for our architecture. In our architecturetoo, a
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concept some what similar to the above, gives a scope for relative pruning. In processing
a particular task some of the neurons may be assgned relatively a different job and as
and when required these neurons may be brought back to this particular task. One may
even observe a sort of periodic phenomena as far as the sharing of information among
neurons is concerned. Thus by looking at this aspect a new word namely, ‘relative prun-

ing'is introduced.

Relative pruning: Relative engagement of neurons for a particular task in a network is

called Relative pruning.

Relative pruning is different from the standard notation of pruning of the network [Karnin
90; Reed 93; Siettma 91; Thimm 95] which ams at removing the neurons or weights that
are not participating in training and without loss of generaity of the training algorithm.
On the other hand, in our proposed network, the network gets relatively pruned to the
extent that half the number of basic nodes are relieved in each iteration and this finally
results in leaving one node in the network. The advantage of this relative pruning is that
the network structure employs the hardware most optimally when it is implemented and
the relatively pruned nodes can be reused for parallel processing of the next series of

data.

To further emphasize the differences between pruning and relative pruning, the concept
of pruning is explained first. Pruning methods optimize both size and the generalization
capabilities of neural networks. Most of this work is related to feed forward network-
s. Pruning is done as network trimming within the assumed initial architecture. The
network is trimmed by removal of unimportant weights. This can be accomplished by
estimating the sensitivity of the total error to the exclusion of each weight in the network

[Karnin 90). The weights which are insensitive to error changes can be discarded after
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each step of incremental training. Unimportant neurons can adso be removed [Siettma
91]. In ether caze it is advisable to retain the network with the modified architecture.
The trimmed network is of smaler size and is likely to be trained faster than before its

trimming.

The concepts of pruning in general and relative pruning in particular context are explained
above. However for sake of completeness the process of relative pruning is presented as

the following.

DNN has a composite structure consisting of severa basic nodes which are similar to each
other. It is assumed in the present work that al basic nodes memorize same number of
patterns (say p). As explained in Chapter 2 we reemphasize that when each basic node
memorizes p patterns then p basic nodes are grouped together. Within a group of basic
nodes designate one of them as the leader of the group. For simplicity consider the first
node as the leader. After the nodes in a group reach the respective stable states these
nodes transmit their stable states to the leader in that group. At this stage DNN adopts
a relative pruning strategy and it retains only the leader of each group and ignores al
other basic nodes within a group. In the next pass the DNN consists of lesser number
of nodes, but the structure is retained. These leader nodes are treated as basic nodes
and each of them is trained to memorize p patterns corresponding to p stable states of
the member nodes of the group. These leader nodes are again grouped together taking

p nodes at atime. This process is repeated till a single node remains.

Thus in one cycle, the nodes carry out state-transitions in parallel, keeping the weights
unchanged and in the next cycle, the nodes communicate among themselves to change
the weights. At this stage half of the network is pruned and the remaining half is available

for the next iteration of two cycles. In this process, the network eventually converges to



the closest pattern for any given pattern. The Hopfield nodes are connected to each other
in a fashion similar to interconnection network and taking advantage of such structure,
the active communication between subsets of nodes is determined and unnecessary nodes
are pruned. If one can make use of the pruned nodes in the subsequent process, smilar
to the above mentioned biological phenomenon, the present pruning process becomes a
relative pruning. Thus reiterating, one can use the pruned nodes to relatively a different

assignment in case of this architecture.

3.5 Conclusions

In this chapter the major characteristics of DNN are introduced. The concept of order-
sensitivity is explained with some live examples from children psychology and how this
important concept achieved in DNN is explained. The notion of relative pruning and the
difference between the concepts of pruning and relative pruning are explained. The need
of relative pruning is strengthened with examples from biology. Thus this chapter adds

strength to the need of introducing a new architecture.



Chapter 4

Close Proximity Match for Large Databases Using DNN

4.1 Introduction

Retrieving information from a very large database using approximate queries has been
of prime interest of researchers in the recent years. The studies in this area particularly
for unformatted databases like library databases, protein databases and image databases
have been investigated with special considerations. And methods like Full text scanning,
Inversion, Clustering and Signature files are reported [Faoutsos 85]. In unformatted
databases one of the important features is that the user tends to retrieve information
based on approximate queries, which are quite common in practice and sometimes unin-
tentional. For example, in the case of library database a user may not be sure of the exact
set of keywords to retrieve a specific book, but may have an idea of the subjects that the
book deals with. In such cases, query keywords may not match with al the keywords
stored in the database. In another case the user may be aware of the keywords but uses
them in the abbreviated form or with different spelling, with a spelling mistake or typo-
graphical mistakes. In the protein sequence database, determining approximate match is
required to discover the relationships between newly sequenced protein that resulted due
to evolution and the various classes of proteins already available in the database. Thus

close proximity match in such large databases is one of the very important operations
The contents of this chapter appeared in the Proceedings of the Eighth International Workshop on

DEXA, France, |EEE Computer Society Press, 1997, with the title " A new neural network architecture
for efficient close proximity match of large databases’
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and there are many research reports in this context [Hall 80; Shang 96].

Associative memory concept is related to the association of stored information for given
input patterns. The distinct traits of ANN-based implementations as associative memory
are their use of content-based retrieval instead of address based retrieval of stored data,
approximate instead of exact matching. Hence the present task is represented as problem
of association and can be accomplished by associative memory. The DNN is more suit-
able to accomplish the present task as it is having the properties like associative memory
with 100% perfect recall, large storage capacity, avoiding spurious states and converging

only to user specified states.

Since the DNN operates with binary data while the information in library database and
protein database are in textual form, it is required to map the textual data to a binary
string called signature. The network is not trained by the actual data, rather by signa-
tures which are obtained by superimposed coding. These signatures are used as exemplar
patternsto storethem in the DNN by training. The signature of the query is presented to
the network as a test pattern. The associative memory property of the network makes it
to recall aclosest pattern of the given query pattern among the memorized patterns. The
paradigm is tested on two different databases having totally different requirements, viz.,
library retrieval systems and protein databases. The experimental results are reported
to corroborate that high level of precision can be obtained for efficient recall of inexact

gueries using the proposed neural network.

4.2 Text Retrieval Methods

An information retrieval system is concerned with the representation, storage, organi-

zation and accessing of information items. In principle no restriction is placed on the
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type of items handled in information retrieval. But retrieval systems are normally used
to handle textual data. Hence in the present context we would like to describe the text
retrieval problem, whose main concern is with the type of queries and the operational
requirements. For the sake of completeness, a brief overview of some of the general meth-

ods used in text retrieva is presented below.

Faloutsos [Faloutsos 85 has presented a review of access methods applicable to both
formatted and unformatted data. He classifies text retrieva methods into the following

four classes:

(1) Full Text Scanning [Knuth 77; Hollaar 83]: In this method the full text database is
scanned for matching records. No extra storage overheads are incurred, but the method

isrelatively slow for large databases.

(2) Inversion [Lesk 78]: In this method each document can be represented by a list of
(key) words, which describe the contents of the document for retrieval purpose. Fast
retrieval can be achieved if we invert the keywords. This method uses an inverted file
index, wherekey words are stored alphabetically. It isimplemented in many commercial
text retrieval systems. It provides relatively efficient query speeds, but can be very ex-
pensive of storage. In addition another disadvantage is that the insertion times are dow

inthis method.

(3) Clustering [Salton 83]: In this method, ssimilar documents are grouped together to
form clusters. Clustered documents can be stored physically together, facilitating effi-
cient retrieval of related documents. A descriptor is stored for each cluster and a search
correlates, typically using a vector similarity function, these descriptors with the query
descriptor to retrieve relevant documents. The main disadvantage of this method is the

dow insertion time.



(4) Sgnature Files [Tsichritzis 83; Larson 83]: In this method, a descriptor or a signa
ture is associated with each record of document, the descriptor being a bit encoding of
the values used to retrieve the record. When a query is processed, thefile of descriptors,
rather than the data records, is examined for possible matches. A query descriptor is
formed using the same encoding technique that is used for forming record descriptors.
The possible record matches are those records whose descriptors contain bits set in each

position for which a bit is set in the query descriptor.

The signature file approach seems most promising for large databases. Signature file
methods have good retrieval properties and require small storage overheads [Sacks 87].
Notice that there is no restriction on the number of key words for any document, because
documents can be divided into "logical blocks" (pieces of text that contain a constant
number of key words). In other words the advantages are simplicity of implementation,
efficiency in handling insertions, ability to handle queries on parts of words, ability to
support a growing file and tolerance for typographical and spelling errors [Falotous 85].
Since DNN uses only a binary data and in view of the above advantages, in the present

context signature file method is more suitable.

4.3 Signature

As mentioned in the previous section, signaturefilemethod is one of the efficient methods
for text retrieval. In this section, the method of computing signature by superimposed

coding techniqueis discussed.

The basic networks in DNN are trained by the signatures of the records, rather than
the actual records. The signatures are obtained by superimposed coding technique (Sec-

tion 4.3.1.1). The signatures of the records in the database are used as exemplar patterns
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for DNN and the signature of the query is used as a test pattern. The associative memory
property of the network makes it to recal one of the closest pattern of the given query

pattern among the memorized patterns.
4.3.1 Signature Extraction Methods

As mentioned before, the signature file approach seems to be a promising method for
text retrieval. In this section, some methods of signature extraction are described. They

are Word signature method, Compression technique and Superimposed coding technique.

Word signature method [Tsichritzis 83]: In this method, each word of the document is
hashed into a bit pattern of length n. These patterns (word signatures) are concatenated

to form the document signature.

Compression technique [Mcllroy 82]: In this method the document is splited into logical
blocks (a piece of text that contains a constant number of words). The ideais to use a
(large) bit vector of zero's of size n for each block and hash that block into one bit posi-
tions, which are set to 1. The resting bit vector sparse and can therefore be compressed.

Then the resulted bit vectors are logically ORed to get the signature of the document.

In the present context the superimposed coding techniquefor computing the signatureis
used because it gives good retrieval performance and efficient storage [Faloutsos 85, Ra
bitti 84]. In this method al signatures are of same size, which is one of the requirements
of DNN.

4.3.1.1 Superimposed Coding Technique

Superimposed coding technique [Christodoulakis 84] is similar to compression technique
but each word is mapped into an individual signature. For the sake of completeness, cer-

tain terms used in the present work are explained as follows. In any database, Keyword
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is the basic component and Record is a collection of individual components (keyword-
s). Sgnatures of Keyword, Record and Query are encoded binary representations, which
characterize the essence of them. In case of Library database, record is a document
and individual component is a keyword. Using the superimposed coding technique, the
signature for arecord is computed by superimposing the signatures of its individual com-
ponents. If the keyword consists of more than one word, the signature of the keyword is
superimposing of the signatures of the words. The signature of the keyword is obtained

by hashing technique.

Input: n size of the signature, r number of bits set to 1, W[] word whose signature is to be
computed.
Output:tsignatureof W[].

procedure Hash (n,r,w[]: in; t:out)

1. H(w) = 0; / = length of the wordWI[];p =" C;
2. fori =1to1do

3. H(w) =H(w)*2+ ASCI (W[1]);

4. end do

5.t = H(w) modp;

6. End.

Figure 4.1 The Algorithm for Hashing Method

4.3.1.2 Hashing Method

In order to get the signature of akeyword hashing techniqueis used [Knuth 73; Knott 75].
Let the signature be a n bit pattern, in which r bits are set to 1. Then it is one among
the "Cr bit patterns that can be generated using n bits in which r bits are set to 1. The
hashing function H(w) maps the keyword into one of the above patterns generated by
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computing a hash value of the keyword. The hash function uses shift and add strategy.
The ASCII vaues of the characters in the keyword are added and shifted by H(w) in
order to compute the hash value. The final hash value is obtained by module operation
with "C,.

To further ease the understanding of the hashing method, steps involved in it are com-
piled in the form an algorithm and is presented in the above Figure 4.1. The step 3 in
Figure 4.1, denotes the shift and add strategy in calculating the hash value.

The following example illustrates the above algorithm. Let us supposethat n= 4 andr

= 2. Then all the possible (*C,) combinations are;

Hash Val ue | Signature
0 0011
1 0101
2 0110
3 1001
4 1010
5 1100

The signature for the word "DATA" is calculated as follows :

The ASCII (D) = 68
The ASCII (A) = 65
The ASCII (T) = 84

Initially H(w) = 0

Hw) = 0*2 + ASCIl (D) =0* 2 + 68 = 68
H(w) = 68* 2+ ASCIl (A) = 136 + 65 = 201
H(w) = 201 * 2 + ASCII (T) = 402 + 84 = 486
H(w) = 486 * 2+ ASCII (A) = 972 + 65 = 1037

The table sze is"C,, heren = 4, r = 2. Sotablesze =*C, = 6
The Hash value of "DATA" = 1037 mod 6 = 5
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So the signature of the word "DATA" = 1100.

Now the computational steps involved in the superimposed coding technique are present-

ed as an algorithm in Figure 4.2.

Input: D document consists of k words wy, W; ..., Wy.

Output: S signature of the document.

procedure superimposed-coding(.D : in; S: out}

1 fori=1tokdo

2. t —Hash(n,r, wi);
3. end do

4. 5=4Vt,V ..V

5. End.

Figure 4.2 The Algorithm for Superimposed Coding Technique

An example of this process is given in Figure 4.3

Example 4.1: If a book by title "Computer Applications " consists of three keywords,
1. computers 2. applications 3. mathematics. If n = 12 and r = 4 the signatures of
the keywords are as shown in the Figure 4.3. The signature of the book is obtained by

superimposing the signatures of the keywords with OR operation.

computer 1100 | 1000 | 0100
applications 0001 | 0101 | 0100
mathematics 0011 | 0001 | 1001

signature of the book | 1111 | 1101 | 1101

Figure 4.3 Example of Superimposed Coding
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In the similar line, the signature for a protein sequence is obtained by dividing the protein
seguence string into blocks of fixed size of Amino acid residues. For example a protein
sequence FLGRVDNPQNW is divided into four blocks each of size three as FLG,
RVD, NPQ, NW. For each block, the signature is computed and then these are
superimposed to get the signature of the protein sequence.

It is possible that a record signature matches a query signature but the corresponding
record does not satisfy the query. Such occurrence is referred to as fase drop. The
probability of afalse drop can be made arbitrarily small by appropriate choice of the size

of the signature.

4.4 Library Retrieval System

The need to find an approximate match to a string arises in many practical problems. A
Library database is such a system wherein documents are stored as a set of keywords that
describes the content of the document. The query from a user consists a set of keywords
which may or may not match exactly with that of the document. Sometimes the user
may be aware of the keywords but uses them in an abbreviated form or may use with
some typographical errors. In this context even if the query from the user matches par-

tially or fully with a stored pattern, the information related to that should be retrieved.

The library retrieval system uses the signaturefile method. In the signature file method
a signature or descriptor is associated with each record in the database. The signature
is a bit encoding of the values used to retrieve the record. The signature of the record
is obtained by using superimposed coding technique. These signatures are memorized in
DNN by training. A query signature is formed using the same encoding technique that

is used for forming record signature. The DNN retrieves the signature of the document
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which approximately matches with that of the query.

The computational steps involved in the library database system are given as an dgo-
rithm and is presented in Figure 4.4.

Input: L Library database consists of documents D;,D»,..., Dm, Q query.

Output: B book corresponding to query Q

procedureLibrary (D1,D,,...,Dn,Q:in; B: out)

1. fori = 1tomdo

2. S = superimposed-coding(D;)

3. end do

4. X = superimposed-coding(Q)

5 0=DmM(8,%.,...,.Sn X)

6. Look up in Library database L for a book B (document) whose signature matches
with O.

7. End.

Figure 4.4 The Close Proximity Match Algorithm for Library Database

The following example illustrates the network behaviour for approximate retrieval in case
of Library database.

Example 4.2
Let us consider a sample library database consists of eight books. Each book in the

library database has on average three keywords. The keywords of eight books are given

below:

Bookl: computer networks, computer architecture, parallel processing.

Book2: information theory, artificial intelligence, linguistics, data processing, semantics.
Book3: proceedings, computer network, usage experiences.

Book4: computer networks, queuing theory, performance evaluation.



Book5: computer networks, protocols, standards and interfaces.
BookG: data transmission systems, distributed computer networks.

Book7: electronic data processing, distributed processing, computer networks.
Book8: computer science, artificial intelligence, lecture notes.

The signature of the book, Book; is given below as S;:

S = 111110100001000100000011101010
S, = 111100010100000101011000101111
S; = 111001100001110000100010111111
S, = 111100101000110100000111111111
Ss = 111101100000000000000011001111
$=011111110000101111100011111011
S; = 111100110000101101000011101011
S = 111100101000000100111111011011

Let us assume that the user wants to retrieve a book based on the keywords com
puter architecture, parallel processing. Thus the signature of the query X is computed

by superimposing the signatures of both the keywords.
X = 111110100001000100000010101010.

The step by step process of obtaining the closest pattern to the test pattern from the
library database is explained with the help of Figures 4.5(a) to 4.5(f). Initially the signa-
tures of the records in database are presented as initial states or training patterns to the
basic nodes. Let us consider that each basic node can memorize two patterns. Since the

sample database has eight records, to memorize them the network need four basic nodes.

That is, each node Hi, i = 1,...,4, is trained by s&t {Sy+i, Sy+,}, ] = 0,...,3, exem-
plar patterns. The query pattern X is presented to dl the basic nodes H;, i = 1,... 4
[Figure 4.5(a)].

The dynamics of the Hopfield model stabilizes at a stable pattern for each of the basic
nodes H;, i = 1,...,4. Each basic node retrieves one of the memorized patterns that is

close to the test input pattern X [Figure 4.5(b)]. In the present example the outputs of
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Hy, H% Hs and Hy are S;, S5, S and S; respectively. As explained in Section 2.5.2 the
outputs of H; and H, are fedback to H; and the outputs of H; and H4 are to Hs. The
nodes H, and H, are pruned [Figure 4.5(b)].

Now the nodes H, and H, are freshly trained with the feedback patterns. The query
pattern X is presented as test pattern [Figure 4.5(c)]. Similar to the Figure 4.5(b) the
dynamics of the Hopfield model stabilizes at a stable pattern for each of the basic nodes
H; and Hj [Figure 4.5(d)]. The outputs of H; and H; are S; and S respectively. These
S,S are fedback to H;. The node Hs is pruned. The node H; is freshly trained with
patterns S;, S5 and the test pattern X is presented [Figure 4.5(¢)]. Finally the node H*
retrieves one among S; and Ss which in turn closest pattern to X in the whole database
[Figure 4.5(f)]. In the present case it is S; = 111110100001000100000011101010. This
Is the signature of the book namely computer networks, computer architecture, parallel

processing whichisrequired.

Due to false drops it is possible that record signature matches a query signature but
the corresponding record does not satisfy the query. It may degrade the performance of
DNN. Solution to thisis discussed in Section 4.6.

4.4.1 Experimental Results of Library Retrieval System

The performance of the DNN critically depends on the efficiency of signature computa-
tion and the efficiency of signature computation is also depends on the appropriate choice
of two parameters n and r. In the event of occurrence of false drop, it may happen that
two distinct records may correspond to same signature. It is observed that for appro-
priate values of n and r, false drop can be avoided. Keeping the foregoing discussion in
view experiments were carried out to evaluate the performance of DNN in the context of

library retrieval. The aim is to study the accuracy of retrieval for varying values of n.
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For the library application, the collection of books of University of Hyderabad library is
considered for a case study. This library has over 2 lakh volumes. In this case study, the
search is domain based in the sense that the collection of books falls in the domain of
Computer Science. A part of this domain consisting of 200 samples of records is consd-
ered and each record on average consists of 3 keywords. The signature for each keyword
is computed using hashing technique. The signature of the text book is determined by

superimposing these signatures.

These signatures are memorized in DNN, using them as training patterns. The process
of close proximity match starts when the signature of a query is presented as test pat-
tern. The experiment was carried out for three cases depending on the number of query
keywords. The first case (case i) deals with the case in which one keyword differ (even
deleted) from the input record, the second case (case ii) deds with that of two keywords
differing in the above sense and the third case (case iii) deals with when there is no

change in case of keywords from the input record.

Experiments were carried out by varying the values of N (size of the signature) from
8 to 50. The percentage of retrieval is calculated in each case. The relations between
percentage of retrieval and signature size are depicted graphically. The graphs (a), (b)
and (c¢) in Figure 4.6 represents the cases (iii), (i) and (ii) respectively. The formulafor

percentage of retrieval is as follows:

no. of accurate retrievals 100
no. of inpfjt' queries

percentage of retrieval =

Observations based on the graphical relations are as follows:

(1) In theinitial range of N between 8 and 20, the growth in the percentage of retrieval
is phenomenal, though with varying degrees in cases (i), (ii) and (iii). Thisis due to the

decrease in the false drop as signature size is increasing.
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(2) Further increase in the vaues of N in al cases is causing only marginal changes in the

growth of percentage of retrieval. In this stage the retrieval rate has reached the stability
as false drop can not be decreased further.

(3) The percentage of retrieval approaches a constant with the further increase of N and

there is an optimum value for N beyond which there is no growth in al the three cases

Based on the observations, it is concluded that the percentage of retrieval is dependent
on the signature size. Hence it is concluded that the DNN can perform an efficient
approximate search if appropriate technique can be developed to find the signature. Since
the present study aims at establishing the suitability of neural network for retrieval, no
attempt is made here to investigate the most efficient method for computing the signature.
However, if proper signature computation scheme is employed the retrieval performance

is believed to be improved.

4.5 Protein Database

Molecular Biologists are quite often required to search for the similarities between new-
ly determined amino acid sequences and sequences already available in the databases.
This has become more useful because of the availability of large protein databases and
increasing relationships that have been discovered between newly sequenced protein and
various classes of proteins in the databases. There have been many research reports in the
context of protein sequence similarity search [Altschul 94; Cantalloube 95]. The DNN
is used to perform a sensitive similarity search. Sensitive similarity search is required
because new protein sequences are resulted from already existing protein sequences due

to substitution, insertion and deletion of amino acids.

The process involves i) dividing the protein sequence string into blocks of fixed size



ammo acid residues (ii) the protein sequence string is converted into binary signature by
using superimposed coding technique that results in a binary sequence database. The
signature of the query consists of unknown protein sequence is presented as test pattern.

As explained above the network retrieves a protein sequence similar or nearest to the
query from the database.

It is to be noted that since protein sequence length is varying approximately from 3
to 5000 amino acid residues, but the signature size is constant for al records, probability
of false drop increases. In general amino acid replacements occur more frequently than
insertions and deletions. So any similar pairs of protein sequence may not have a drastic
difference in length. Keeping this in view, the database is divided into smaller sets
according to length so that the number of records in the search reduces and so isfalse drop.
As an example, al the sequences whose length is from 30 to 50 (with £10% variation) are
placed in one set. The following examples will clearly illustrate the approximate search

with the network on protein database.

Example 4.3

Consider a sample database of protein sequences of 1-50 length:

« VAP FPH GKL VTY KYI ADV KAG VDP SLV
« MKF GLF FQN FLS ENQ SSE

KD
. SKM KKCEFA KIAKEQHMD GYHGVSLADWVCLVNNESDFNTKAINRNKGI

.MKKAKAIFLFILIVSGFLLVACQANYIRDV QGGTVAPSSSSELTGIAVQ
.MKKITGIILLLLAVIILSACQANY IRDVQGGTV SPSSTAEVTGLATQ

* AIGYQI YVRSFRDGN LDGVGD FR

.MKKAWWKEGVVYQIY
.SNQAKADAY KEAFQNGWGAXAVDALXTAVIMGY LHPEVIESFY

ZPFATMRYPSDDSE

The signatures of the records in the database are as follows.

» 000101111000000111110110000101
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+ 000101001010100000101100000101
+ 000000001000000000000100000101
010111111000000011111110010111
111001111010101010111111100111
100011111011011111101101000111

011101010000010101111110000111
000101000100000011101100001111
101000100111110101111111100111
001000100000010001001100000111

As mentioned in the beginning a new protein sequence is resulted due to evolution.
In other words a new protein sequence is resulted due to substitution or insertion or
deletion of aminoacid residues in aready available protein in the database. These newly
sequenced protein is presented as query for approximate match by network to discover
the relation between this and already existing one in the database. Example for the case

of substitution is as follows:

Due to substitution

Query input: VAP FPH HLP VTY KYI ADV KAG VDP SLV

Sgnature of the input: 000101110000000111111110000101

Sgnature of the output: 000101111000000111110110000101

Output: VAP FPH GKL VTY KYI ADV KAG VDP SLV

The examples related to insertion and deletion are similar to that of substitution. By

observing the results above, it is concluded that the network can perform efficient ap-

proximate search on protein database if appropriate technique can be provided to find

the signature.

4.5.1 Experimental Results of Protein Database

Similar to the library database, experiments were done on protein database to study

the relation between percentage of accurate retrieval and the length of the signature N.



Protein sequences are collected from Swiss-Prot protein sequence database. The third
parameter is taken to be number of changes due to substitutions, deletions and insertions
between the query and actual protein sequence. In dl the above three cases almost smilar
results are obtained to that of the library retrieval system which are depicted in Figures
4.7, 4.8 and 4.9. In al the figures, graph (a) shows the relation between % of accurate
retrieval and TV with no changes between queries and actual records. In Figure 4.7
graphs (6) and (c) shows the relation between N and percentage of retrieval when two
and four amino acid residues are substituted in the corresponding queries respectively.
In Figure 4.8 graph (6) shows the relation when two amino acid residues are deleted in
the corresponding queries. The variation of the relation when two and four amino acids
are substituted are shown in graph (6) and (c) of Figure 4.9. In Figure 4.10 graphs (a),
(6) and (c) show the relation when protein sequence are bunched with two, four and six

amino acid residues respectively and no change between query and actual record.

4.6 Discussion

In this section, some of the cases that bring out the merits and demerits of DNN for close
proximity match are discussed. Due to false drops it is possible that record signature
matches a query signature but the corresponding record does not satisfy the query. An
example for this type of situation is as follows.

Query for a book: protocols, standards and interfaces.

Sgnature of the "ery:111100110000101101000011101011

Sgnature of the retrieved book: 111100110000101101000011101011

Retrieved book: electronic data processing, distributed processing, computer networks.
The probability of afalse drop can be made arbitrarily small by appropriate choice of the
size of the signature. The probability of the false drop will decrease with the increase of

the signature size [Faoutsos 85]. Since the maximum value of the percentage of retrieval
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is around 95, the number of false drops with the network is very small.

The performance of the DNN in case of close proximity match is very good. That is even
the query from the user differs. due to spelling mistakes, change in order of keywords,
change in order of words in a keyword, deletion of keywords and addition of keywords,

the DNN performs well. These cases are illustrated as follows.

Case 1:

If the signature of the record "parallel processing, computer architecture, computer net-
works" which is resulted due to swapping the position of the keywords "computer net-
works, computer architecture, parallel processing”, is presented as a query then the result

is as follows.

Query input: parallel processing, computer architecture, computer networks

Sgnature of the input: 01000 00100 00010 01000 11000 11000 00001 11010

Sgnature of the output: 01000 00100 00010 01000 11000 11000 00001 11010

Retrieved book: computer networks, computer architecture, parallel processing

In the above example the query is succeeded because the signature generation method,

superimposed coding technique, generates the same signature even though the position

of the keywords are changed in the records.

Case 2

If the signature of the record "designing, ethernets implementing " which is resulted due
to swapping the position of the words in the keywords "designing, implementing ether-
nets' is presented as a query then the result is as follows.

Query input: designing, ethernets implementing

Sgnature of the input: 01010 00011 00000 00110 10001 00111 00000 00011
Sgnature of the output: 01010 00011 00000 00110 10001 00111 00000 00011



Retrieved book: designing, implementing ethernets

In the above example the query is succeeded because signature generation method, su-
perimposed coding technique, generates the same signature even though the position of

the words in the keyword are changed in the records.
Case 3:

If the signature of the record "neural computers, neural networks, concepts " which is
resulted due to adding a new keyword to the record "neural computers, neural networks"

is presented as a query then the result is as follows.

Query input: neural computers, neural networks, concepts

Sgnature of the input: 00110 10010 11001 01100 00000 01100 00110 00111
Sgnature of the output: 00110 00000 11001 01100 00000 01100 00110 00111
Retrieved book: neural computers, neural networks

Case 4:

If the signature of the record "network computing, computer architecture, processing
parallely” which is resulted due to modifying the record "computer networks, computer
architecture, parallel processing " is presented as a query then the result is as follows.
Query input: network computing, computer architecture, processing parallely

Sgnature of the input: 01001 00100 10010 01000 11100 11000 00001 11010

Sgnature of the output: 01000 00100 00010 01000 11000 11000 00001 11010
Retrieved book: computer networks, computer architecture, parallel processing

Case 5:

The process of close proximity match using DNN is not considering meaning of the key-
words for retrieval. Due to this reason, even though the keywords image processing and

vision are related DNN may not do well. To ded with the cases of this type one should

adso take the knowledge base into consideration.



4.7 Conclusions

In this chapter, close proximity matching capability of DNN is discussed. Experiments
were carried out on the performance of the network by considering two case studies,
namely library database and protein database. It is shown that the neural network based
retrieval scheme works efficiently even for very large databases. Though the performance

is degraded minutely due to false drop, around 95% of retrieval makes this method a

novel one.



Chapter 5

Word Sense Disambiguation Usng DNN

5.1 Introduction

This chapter, deals with the solving of the problem of word sense disambiguation using
DNN. Word sense disambiguation is the problem of assigning a sense to an ambiguous
word. Our premise is that the context in which the word is used, plays a major role
in disambiguation and the context is largely determined by co-occurring words that are
present in the sentence. It is emphasized earlier too, that the knowledge of co-occurring
words is important for disambiguation [Guthrie 91; Leacock 93; Leacock 96; Smadja
89; Tsutsumi 91; Yarowsky 92]. The sense-tagged corpora and Level-wise [Agrawal 93]
algorithm are made use to identify the frequent co-occurring word combinations. These
word-sets are representative of a sense of the word having multiple senses. These co-
occurring word combinations are used by a superimposed coding technique to determine
a signature of a sense of the word. All the possible signatures are used as the training
patterns to be memorized by a Hopfield model of neural network. The disambiguation
process involves the association of the signature of the context of the instance of the
word that is to be disambiguated with one of the memorized training patterns by the

Hopfield model of neural network. Though the Hopfield model in its conventiona form is

! The contents of this chapter appeared in ACS97 International Conference Proceedings, Technical
university of Szczecin, Poland, 1997, with the title "Word sense disambiguation using artificial neural

netyorks'
\évAn improved version of thispaper isto appear in Journal of Intelligent Systems, with thetitle"Word

snse disambiguation using Hopfield neural networks'



suitable for associative memory, it is not suitable for word-sense disambiguation due to
the existence of spurious stable states. The spurious stable states may lead to an invdid
word-sense of a given word. In the present chapter, the DNN with new learning rule,
that avoids spurious states with an enhanced retrieval capacity is used for word sense

disambiguation. The experimental results presented confirms the theoretical findings.

5.2 Word Sense Disambiguation

5.2.1 What is WSD?

Word sense disambiguation (WSD) is the task of assigning sense labels to occurrences
of an ambiguous word. For example, consider two senses of the word suit, listed in
a dictionary; an action in court, and suit of clothes. Given the sentence The union's
lawyers are reviewing the suit, we would like the system to decide automatically that
suit is used here in its court-related sense. Word sense disambiguation is very useful at
one level or another in many Natural Language Processing (NL P) applications, including
machinetranslation [Brown 91; Dagan 94], information retrieval [Krovetz 92; McRoy 92],
speech synthesis [Yarowsky 92] and text processing [Yarowsky 94]. WSD has received
increased attention in recent literature on computational linguistics [Lesk 86; Yarowsky
92; Yarowsky 95; Bruce 94; Ng 96; Chang 98; Collier 97].

5.2.2 Different Approaches

All approaches to WSD rely on the fundamental principle that word sense disambiguation
involves the association of a given word in a text or a discourse with a definition or mean-
ing (sense) which is distinguishable from other meanings potentially attributable to that
word [Ide 98]. The task, therefore, necessarily involves two steps. (1) the determination
of all different senses for every word relevant (at least) to the text or discourse under con-

sideration, and (2) a means to assign each occurrence of a word to the appropriate sense.



A precise definition of a sense is, however a considerable debate within the community.
Variety of approaches in this regard has raised concern about the comparability of much
WSD work, and given the difficulty of the problem of sense definition, no definitive solu-
tion is likely to be found soon [Ide 98]. The present study addresses 2. The assignment
of senses to words, is accomplished by the reliance on two major sources of information,
namely, (a) the context of the word to be disambiguated, in broad sense this includes
information contained within the text in which the word appears and (b) the external
knowledge source such as lexical, encyclopedic, etc., resources. The work on WSD can be
categorized into different classes depending on the external knowledge sources and the
method of extracting the context. These approaches are broadly classified as Al-based
approach, Knowledge-based approach and Corpus-based approach.

5.2.2.1 Al-based Approaches

Al-based approaches [Hayes 78; Small 80; Dahlgren 88; Wilks 90] use detailed knowledge
about syntax and semantics to perform the task. Knowledge representation schemes,
such as semantic network and frames are used to represent the word meanings and other
relevant knowledge. In the semantic network [Masterman 62], the concepts and the dic-
tionary meanings of the word are represented as nodes and the links among the words
(tokens) and concepts (types) represent various semantic relations and the association
between words. The disambiguation is implicit as only one concept node associated with
a given input word is likely to be involved in the most direct path found between two
input words. Some Al-based approaches exploit the use of frames containing information
about words and their roles and relations to other words in individual sentences [Hayes
78). Besides utilizing the knowledge representation techniques, there are aso approaches
where the uses of expert system technology and reasoning process are reported in litera-

ture [Small 80; Dahlgren 88]. However, al these Al-based methods heavily rely on large



amounts of hand-crafted knowledge and not at al practical for language understand-
ing in any but extremely limited domain. A turning point in WSD occurred in 1980s
when it became possible to have large scae lexica resources such as machine readable
dictionaries and corpora. As a result, a variety of statistical methods that range from
dictionary-based (knowledge based) methods that rely upon definitions to corpus-based

methods that use context extracted from large corpora have been put forward.

5.2.2.2 Knowledge-based Approaches

As Machine-readable-dictionaries (MRDs) became a popular resource of knowledge for
language processing tasks, automatic extraction of lexical and semantic knowledge bases
from MRDs has become a primary activity in the area of WSD. Unfortunately, the use
of MRDs as knowledge sources for sense disambiguation leads to some problems [Ide
98]. Despite its shortcomings, the MRDs provide a ready-made source of information
about word senses and became a staple of WSD research. Lesk [Lesk 86] describes the
first MRD-based WSD method that relies on the extent of overlap between words in a
dictionary definition and words in the loca context of the words to be disambiguated.
The other attempts regarding MRD based WSD are [Wilks 90; Veronis 90; Y arowsky 95;
Cheng 98]. Thesauri provide information about relationship among words, most notably

synonyms. The Roget's and the other thesauri are used in WSD by [Patrick 85; Y arowsky
92].

WordNet [Miller 90], a lexical Knowledge base , has become the best-known and mostly
available knowledge base for WSD in English. WordNet combines the features that are
commonly exploited in disambiguation work. It includes definitions for individual senses
of words within it, as in a dictionary and it defines “syn-sets’ of synonymous words

representing a single lexical concept. Some of the attempts to exploit WordNet for sense



disambiguation are reported in [Voorhees 93; Resnik 95].

5.2.2.3 Corpus-based Approaches

In recent years, text corpora have been the main source of information for WSD [Gde 92).
A corpus provides a bank of samples that enable the development of numericd language
models, and thus the use of corpora goes hand-in-hand with empirica methods in WSD
[Ide 98]. A typical corpus-based algorithm constructs a training set from dl contexts of
a polysemous word in the corpus, and uses it to learn a classfier that maps instances of
this word (each supplied with its context) into the senses. The corpus-based approach
involves matching the context of the instance of the word to be disambiguated with in-
formation about the context of previously disambiguated instance of the word derived
from corpora [Gale 92; Leacock 93; Bruce 94; Ng 96; Karov 98]. Besides matching of the
context, this approach adso depends critically on manual sense tagging, a laborious and
time-consuming process that has to be repeated for every word, in every language, and
more likely than not, for every topic of discourse or source of information. Generadly,

sense information is not readily available in the corpus explicitly.
5.2.3 Context

The context of the word includes information contained within the text or discourse in
which the word appears [Ide 98] and it plays acrucial role in understanding the appropri-
ate sense of the word. The context can be of different types; local context, topical context
and domain context. The local context includes information on word order, distance,
collocation and some information about syntactic structure; it includes al tokens (words
and punctuation marks) in the immediate vicinity of the target word. The topical context
congsts of substantive words that are likely to co-occur with a given sense of the target

The context of the current script or domain represents the domain context.



5.3 Earlier Corpus-based Methods

Therecent emphasison corpus based NL P has resulted in much work on WSD of uncon-
strained real world texts.

Gale, Church and Yarowsky [Gde 92] develop a topicad classfier based on Bayesan
decison theory. The information the classfier uses is an unordered lis of words that
co-occur with the target in the training examples. The work of McRoy [McRoy 92] uses
hand crafted lexicons and it is pointed out that a diverse st of knowledge sources are
necessary to achieve WSD. Yarowsky [Yarowsky 93] uses locd collocation knowledge that
provides important clues to WSD. It is demonstrated only on performing binary (or very *

coarse) sense disambiguation.

Bruce and Wiebe [Bruce 94] develop a probabilistic classifier that uses supervised learn-
ing from tagged sentences. The work of Bruce and Wiebe uses parts of speech (POS) and
morphological form, in addition to surrounding words. Similar approach is followed by
Ng and Lee [Ng 96] but they integrate a diverse set of knowledge sources including part of
speech of neighboring words, morphological form, the unordered set of surrounding word-
s, loca collocations, and verb-object syntactic relation. The work of Miller [Miller 94],
Yarowsky [Yarowsky 92] and Leacock [Leacock 93] uses the unordered set of surrounding

words and they use statistical classifiers, neural networks, or IR-based techniques.

Yarowsky [Yarowsky 95] uses an unsupervised learning procedure to perform WSD. He
proposes automatic augmenting of a small set of experimenter-supplied seed collocation
(e.g., manufacturing plant and plant life for two different senses of the noun plant) into
a much larger st of training materials. He resolves the problem of sparseness of the col-
locations by iteratively bootstrapping the acquisition of training materias from a ssd

collocations for each sense of homograph.



Since the present work is concerned with a corpus-based neura network approach for
WSD, it is appropriate to view the previous neural network gpproaches for WSD. The
use of neural networks to disambiguate word sense is proposed by Cottrell and Smd-
1 [Cottrell 83] and Waltz and Pollack [Wdtz 85]. However these networks are created
manually and are therefore necessarily limited in size (no more than few dozen nodes)
[Ide 90]. It is not clear that these models will scae up to realistic dimensions. Veronis
and Ide [Ide 90] use large scade neural networks to resolve word sense. They describe a
method to automatically create a neural network using machine readable dictionaries.
The connections in the network represents the knowledge of semantic relations between
aword and the words used to define it. They use this knowledge to disambiguate the

ambiguouswords.

Leacock, Towell and Voorhees [Leacock 93] compare the Bayesian classifier with a content
vector classifier as used in information retrieval and a neural network with backpropaga-
tion. They show that neural networks are more effective than severa other methods of

sensedisambiguation.

Mooney [Mooney 96] describes an experimental comparison of seven different learning
algorithms on the problem of learning to disambiguate the meaning of a word from con-
text. In this comparative study the statistical, neural network, decision-tree, rule-based,
and case-based classification techniques are tested. Ample empirical evidence are given

which indicates that neural networks are at least as effective as other learning systems.

Voorhees [Voorhees 98] describes a neural network based classifier for WSD that improve
the effectiveness of information retrieval system. The classifier combines output of a neu-

ral network that learns the topical context with the output of a network that learns loca



context to distinguish among the senses of highly ambiguous words. The disambigua-
tor is a particular formulation of feed-forward neural networks which demonstrates that

contextual representation of both local and topical components are effective for resolving
word senses.

In view of the above discussion it is evident that neural networks are suitable for word
sense disambiguation. In the present context the DNN is used as a supervised classfier
for WSD. The classifier uses generaly the topical context and sometimes local context
in case of test sentences to represent the sense. The Level-wise algorithm is used for
efficient context extraction, which identify the frequently co-occurring words. It isshown
here that DNN performs very efficiently for WSD. The diambiguation for Telugu words
with a sense-tagged corpus is attempted using DNN and very encouraging results are

obtained. Thus this chapter reflects the importance of DNN for WSD.

5.4 DNN for WSD

In general, the problem of context matching can aso be viewed as associative recal in
the sense that with every sense of aword, thereis a set of contexts that can be associated
withit. Given apartial or imprecise context of thisword, the context matching isto find
the correct context as extracted from the corpus. Thus, this problem can apparently be
solved using any associative memory scheme such as Hopfield model of neural network.
However, the limitations of Hopfield network such as presence of spurious states, lack of
large storage capacity, it cannot be trivially applied to WSD. One of the most important
desirable properties that an associative memory model should possess to solve WSD is
that it must not have any spurious recal. Otherwise, the recal will be a spurious sense of
a word which can lead to an altogether confused disambiguation. However, any attempt

to remove spurious states generadly affects adversaly the capacity of the network. This



observation motivated us to justify that DNN is very appropriate for WSD.

The present work uses manually sense-tagged corpus to construct the training and testing

examples for the classifier. But efforts are made to automatically sense-tag a training
corpus using testing examples.

Let W be aword with multiple word-sense s; S3,..., Sy In the sentences where the word
W is used with sense s, there are some words (co-occurring) that represent the sense.
The set of most frequent co-occurring word combinations for a sense s of W is cdled
word-set. This word-set a1, a;o,..., a». IS the representative of the topical context of the
particular sense 5 of W. Theword-sets E; = {aj1, ap, ..., ain,} (i = 1,..., m) for al the
sense s (i = 1,...,m) of W are extracted from the corpus using Level-wise algorithm.
These word-sets E; (i — 1,..., m) are used as the training sets for the disambiguation
system. When a new sentence is presented to the system, the sentence contains the
context as a word-set {t;,t5, * * *,t;} which is representative of the meaning of the word

in the sentence. The problem is to determine the closest context among the training set

for the given context {t1,t,, * * * t}.

Thus the major steps of the disambiguation system are (1) determination of the context
from the sense-tagged corpus and (2) matching of the context of the new sentence with
the set of context extracted from the corpus. In addition to these two problems, there
are other issues that are to be resolved such as finding the context of the test sentence,

preprocessing of the corpus for context extraction and automatic sense tagging of the

corpus.



55 Context Extraction

In this section an algorithm to extract the context from the sensetagged corpus is pre-
sented. The underlying principle of the algorithm is based on that of rule discovery in
Data Mining. It is to compute the frequently occurring (co-occurring) word-set in the st
of sentences specific to a sense. That is the algorithm extracts co-occurring words (word-
sets) that are exceeding a user specified frequency threshold. Assuming that the corpus
contains reasonably large number of sentences, the algorithm attempts to make optimal
number of passes through the corpus. In this process it generates the frequent word-sets
based on a user-specified threshold frequency (a) or the minimum support count. The
Level-wise algorithm [Agrawa 93] is adopted here for this purpose.

The Level-wise algorithm ensures the selection of words that co-occur more frequently
with sense s, of word W, over those co-occurring less frequently. In other words, it prefers
words that co-occur more frequently if there is a large number of eligible keywords. And

it also reduces the possibility of selecting a word based on spurious occurrence.

Level-wise algorithm is an efficient breadth-first or level-wise method for generating can-
didate sets, i.e., potentially frequent word-sets. This algorithm make use of a binary
database (a relational table) where the columns are characterized as word-sets. A set of

definitions that are used in this algorithm are explain below.
Definitions
Let Risam x n matrix of 0,1 entries. A row of R corresponds to a sentence in the

corpus. A column of R corresponds to a word in the corpus.

1 if the i th sentence has thej th word

R;; =
’ {l 0 otherwise



Let X be a word-set

Frequent set is an word-set X in the corpus R appearing in at leest a number of Sate-
ments. If X is a frequent st dl its subsets are frequent.

Border set is an word-set in R, dl proper subsets of which are frequent sets, but it is not
a frequent set by itself.

Maximal frequent set is an word-set, which is frequent set but no superset of which is
frequent set or a border set.

Example 5.1: Let C = {{ab,}, {a bd}, {ac}, {bc}} be the sentences in a corpus
where a, b, ¢ and d are unique words. If a = 2, then the frequent sets are {&, {I3, {¢,
{a b}, (b, ¢}, {ac}, the border sets are {d} {ab, ¢} and the maximal frequent st is O.

The computational steps involved in the Level-wise algorithm are given in Figure 5.1

55.1 Stop-words

The words, which do not contribute to the disambiguation process are caled stop-words.
The initial step in the process of disambiguation is to remove these stop-words from both
the training sentences and the test sentences. Basically the stop-words are classified as

domain independent and domain dependent words.

Domain independent stop-words: The domain independent stop-words are independent
of words to be disambiguated and corpus.
For example, high frequency words such as that, the, by, you, a, etc. are domain inde-

pendent stop-words.

Domain dependent stop-words. The domain dependent stop-words depend on the sense

of the word. So there is a separate domain dependent stop-word list for each sense of the

word W.



Input: R mx n matrix of 0,1 entries, a threshold frequency.
Output: F Frequent sets, B Border setsand M Maximal frequent sets
procedure Level-wise(R, s: in; F.B.M : out)
1. C; set of word-sets of size 1, L; set of frequent sets of size 1, B, set of word-sets of
size 1 whicharenot in L;, k=2

2. while (L # qg)do
3. for all word-sets I, e L, do

4. for all word-sets /, e Lx_; do

5. if L[1] = L[] A L[2] = I[2] A ... ALk - 1] < l3[k- 1] then
6. c= L[1],4]2]... L[k — 1], [k — 1]

7. for al (k—1)-subsets s of ¢ do

8. if s € Lr_1 then

9. Cr = Cr U {c}

10. end do

11. end do

12. end do

13. for all sentencest € R do

14 Increment the count of dl word-sets in Cj that are contained in b
15. end do

16 L, = All word-sets in Cy with minimum support (&) ;

17. By = All word-sets in ¢, whose count less than minimum support (o);
18. fc =fc+1;

19. end do

20. F=ULg, B = UBx
21. M = al word-sets w; € F A superset of wi gForp

22. End.

Figure 5.1 The Level-wise Algorithm



For example let us consider a sentence in bank corpus, " An account holder wearing a
black suit enter the bank to deposit money". Here 'account holder', 'deposit'and 'money’
are co-occurring words, but 'black suit’, 'wearing' and 'enter' do not contribute towards
the disambiguation of word 'bank’. Thus the later collection consists of domain dependent
stop words. Though these are the domain dependent stop-words for the word 'bank’ in

its 'financial bank' sense, they may contribute towards disambiguation of the word 'suit’

in its 'suit of clothes sense.

Another advantage of removing these domain dependent stop-words from a test sentence
is in extracting local context with a window. Suppose to extract local context with a
window of +3 from the above sentence there is a possibility of missing the extraction of
co-occurring words ‘account holder'. If the domain dependent stop-words 'black suit’,
'‘wearing' and 'enter' are removed from the sentence, the required co-occurring words will
move into the +3 window and leads to the extraction of exact context. The question
is how to extract these domain dependent stop-words list. The Level-wise algorithm is
useful in extracting the domain dependent stop-words list. These are the words that are
present in frequent set with frequency one. So by using Level-wise algorithm the domain
dependent stop-words list for each sense are extracted. The function dd-stopwords(F)

(Ref. Figure 5.2) is used for this purpose where F is the frequent set.

5.6 Methodology

In this section the methodology adopted by DNN for disambiguation is presented aong
with an algorithm (Figure 5.2) concerning the same. The task of disambiguing the
word W into one of its possible sensss s;,S;,... ,Sm, consists of two phases. 1) training

phase 2) testing phase. In the training phase a set of sentences Cw = Sy U Sp U... U S,



with the occurrence of word W is collected from the corpus. Here the set C,, is a collec-
tion of sentences, Sy for each sense s-(i = 1,... ,,). The domain-independent stop-word
list DI is used to discard the domain independent stop-words from the sentences of the
corpus using the function discard(Cw,DI). The next step is the extraction of context

for each sense S of W, from these sentences using the level-wise algorithm.

Input: Cw sense-tagged corpora for the word W, DI domain independent stop-word list, T test
sentence, s threshold frequency .
Output: Y the test sentence tagged with correct sense.
procedure WSD(Cw,DI, T: in;Y : out)
1.S = discard(Cw, DI)
2. Partition Sto 5g, Sso,..*, Sy

3. fori =1tomdo

4. Rs = convert(Sgi); F = levd-wisg(Rg, 9);

5. DD = dd-stopwords(F); S = discard(5s,DD);
6. Ry = convert(S%); E = level-wise(Ry, 9);

7. end do

8. for each word-set Wi EU'.; E; do

9. R = superimposed-coding (w;)

10. end do

11. T4 = discard(T,Dl); Ty = discard(Tgi, DD);

12. t = context(Tqq); X = superimposed-coding(t);

13. 0 = DNN(-Ry,R;..., Rm  X);

14. Look up thesignatures of the word-setsfor signature that matcheswith O and attach its
label to test sentence.

15. End.

Figure 5.2 The Algorithm of Word Sense Disambiguation
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The set of sentences Sgifor a sense 5 of W is used to extract the context which is
represented by the set of word-sets E; = a1, ap .., S. Beforethis, a the leve-wise

thm expects a binary input, the sentences Sy for each sense sy are converted into
amatrix R of 1, 0 entries by using the function convert(Ss)). The collection of contexts

i.e., the set of word-sets UE(t,...,m) for each sense s is used as training set for
thedisambiguator DNN.

Since the basic building block of DNN is Hopfield network and it uses only binary form of
information, to learn, the training set (word-sets) has to be converted into binary string
set (signature). The signature is computed by using superimposed coding technique (see
Section 4.3). These signatures are memorized in DNN by using them as training patterns.

In the testing phase, the actual process of disambiguation starts, when a new sentence
(test sentence T) containing the word W (with sense s) is presented as input. First, the
domain dependent and independent stop-words are removed from the test sentence by
using the functions discard(T,DD) and discard(T,DI) respectively. In order to extract
the context from the test sentence, a window of size +3 (local context) is used. The
function context(T) used for this purpose. The signature of the new sentence (for which
the word-sense is required to be determined) is calculated by the same superimposed
coding technique. This signature is presented as the test pattern to the trained network
and the network converges to one of the stable states which corresponds to s. Now this
methodology of disambiguation is illustrate with an example.

Example 5.2
Let us consider some sentences in bank corpus with financial bank sense.

* A bank services on the cash deposits it possesses.

* When money is credited to an account of a bank, it is called cash deposits.
» Cash deposits have flexibility for easy withdrawal in a bank.

» Cash deposits are easily transferable from one bank to another.

* In abank clerks are appointed to handle cash.
* The handling of cash by clerks in a bank is supervised by the manager.

. Managers help people in their cash transactions through clerks.
* In abank clerk accepts/disburses cash.
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As explained in the algorithm of WSD the first step is to discard the domain inde-
pendent stop-words from the corpus. In this example domain independent stop-words are

a, are, the, on, is, in, it, when, to, an,

of, have, for, from, one, by, their, another

Next, using the Level-wise algorithm the context (word-sets) is extracted. In the
present example the context is represented by the word-sets 'cash-deposits-bank' and
‘clerk-cash-bank’, if the threshold frequency a is 2 (out of eight sentences the word-set
is appearing in four). The domain dependent stop-words are aso extracted, using Level-
wise algorithm (words in frequent set occur with frequency one). In the present example,
domain dependent stop-words are

service, posses, account, called, easy, withdrawal,
easily, transferable, transaction, help, accept,

disburses, supervised, handl e, appointed.

The signatures of the word-sets are used as training patterns for the network. The
disambiguation starts when a new sentence with a word bank is presented to DNN for

disambiguation. For example consider the following sentence as test sentence.
» Cash deposits are accepted in a bank only when the transaction is for legal purpose.

After removing the domain dependent and domain independent stop-words from the test

sentence the resulted sentence is
» Cash deposits accepted bank only lega purpose.

In order to extract the context from the test sentence, a window of size +3 (local context)

is used. The result is

» Cash deposits bank only lega purpose.
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As explained above, DNN associates the signatures of the contexts of training and test
sentences in order to disambiguate.

57 Experimental Results

Experiments were carried out for a set of Telugu words to demonstrate the applicability
of DNN for disambiguation. Telugu is the most extensively used language in India after
Hindi. The input to the WSD program consists of unrestricted, real-world Telugu sen-
tences, where each sentence is manually pre-tagged with correct sense of the ambiguous
word. The output is tagged with the correct sense of the ambiguous word (in the form
of a sense as the definition of the word, given in the dictionary). The choice on which
sense of definitions (Dictionary dependent) to use is agreed upon in advance. In the
present work, the sense definitions that are given in Telugu dictionary (Telugu Nigham-

tuvu [Nighamtuvu 79]) are used.

The present work initially uses manually sense-tagged corpus of Centre for Applied Lin-
guistics & Trandation Studies, University of Hyderabad to construct the training and
testing examples for the classifier. But efforts are being made to automatically sense-tag
atraining corpus using testing examples. The corpus consists of 3 million words, which
is consider to be a small corpus for the present task. Experiments are conducted to
disambiguate three Telugu words 'pannu’, 'adugu’ and ‘pattu’. The word 'pannu’ has two
senses (tax and teeth), the word 'adugu’ adso has two senses (ask and foot), where as
'‘pattu’ has three senses (silk, catch and hold). The number of sentences for each word

in the training and testing corpora are given in the following table.



Tablel

Word Sens  Training sample size Testing sample size

pannu tax fin 13
2 teeth 45 9
total 105 22
adugu ask 19 6
&K foot 73 20
total 92 26
pattu  catch 34 10
} slk 33 10
RYRY
hold 7 3
total 74 23

The sample training corpora for the word pannu is given in Appendix-1. The disam-

biguaises a set of about 800 high frequency domain dependent stop-word list (see
Appendix-2) to remove from the training sentences. From the training sentences it ex-
tracts the word-sets for each sense of the word using Level-wise algorithm. The word-sets
for the two senses (teeth and tax) of the word pannu is given in Appendix-3. The domain
dependent stop-word list for the two senses (teeth and tax) are given in Appendix-4.
The signatures of the word-sets for all senses of the word are used as training (exemplar)
patterns to the DNN, they are memorized in DNN. The signature size for each pattern is
fixed as 50-bits. The disambiguation process starts when the signature of a new sentence
contain this word is presented to the system as a test pattern. Before converting the
test sentence into signature it is preprocessed as follows: i) The domain dependent and
independent stop-word are removed from it, ii) a window of +3 is used to extract the

context. The DNN converges to one of the stored pattern which corresponds to the sense
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context. The DNN converges to one of the stored pattern which corresponds to the sense



Sense Training Word—set Testing Result A Result B
sample size sample Average Average
size size  number correct number correct

tax 60 46 13 12 9
teeth 45 9 8 6
case2

tax 56 43 13 1 9
teeth 40 9 8 6
case3

tax 46 43 13 1 8
teeth 3 9 8 6
cased

tax 46 43 16 14 10
teeth 3 n 9 !
case8

tax 39 36 13 n 8
teth 29 9 7 6
caseb

tax 39 36 16 13 10
teeth 29 1L 8 !
casel

tax 18 16 13 1 &
teeth 14 9 ° °
case3

tax 18 16 16 13 10

teeth 14 n 8 !




Table 4

adugu  essoKs

easel

Sense Training Word - set Testing Result A Result B
sample size sample Average Average

Size Size number correct number correct

ask 19 21 6 5 4

foot 73 20 17 14

case?

ask 13 13 6 6 5

foot 53 20 16 14

case3

ask 7 12 6 5 4

foot 33 20 15 13

Table 5

pattu  %es

easeal
Sense Training Word —set  Testing Result A Result B
sample size sample Average Average
size size  number correct number correct
catch 34 23 10 7 7
silk 33 10 9 8
hold 7 3 1 1
case?2
24 17 10 6 6
silk 23 10 8 8
hold 4 3 2 1
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5.8 Discussion

In this section, some of the issues that effect the performance of the present disambigua-
tion process are discussed.

Data sparseness. In case of the present disambiguator, the problem of data sparseness is
severe due to small corpus. Even though the DNN does not have any limitation in storage
capacity, it could not memorize large number of training samples (which effects the per-
formance of the diambiguator) because of the small corpus. While some of the possible
co-occurrences are not observed in the corpus, and disambiguation is typically rely on the
statistics of the co-occurrence of the words, then the performance of the disambiguator
is poor. The disambiguator initially uses manually sense-tagged corpus to construct the
training examples for the classifier. After disambiguating a new test sentence (sense will
be tagged to the sentence) the output will be augmented to the corpus. This solves the

problem of manually sense tagging and the corpus will become incrementally complete.

Completeness: The disambiguator is a supervised learning classifier. It is a complete
system since it is able to disambiguate al possible word-senses of the word (listed in the
dictionary). The maximum percentage of correct disambiguation is 90 and the averageis
83. The percentage can be improved if a robust corpus is available (as explained above).
Another possibility of improving the percentage of disambiguation is incorporating the
information of word definitions and relations in signature computing technique. The su-
perimposed coding technique that is used to compute the signature uses the ASCII values
of the characters occurred in the words. Even though the add-shift strategy is adopted
to take the position of the character occurrences into account, there is a possibility that

two words, with all together different meaning may mapped to a same signature. This



97

is called false drop. The probability of a false drop can be made arbitrarily small by
appropriate choice of the size of the signature. Still the probability of a false drop can

be made minimum if one incorporate the information of word definitions and relations
inthesignature computing technique.

Domain dependent stop-word: As explained above domain dependent stop-words improve
the context extraction process from the test sentence. The Level-wise algorithm is used
in extracting the domain dependent stop-word list. These are the words that are present
in frequent set with frequency one. But thereis a possibility of listing actual co-occurring
words as domain dependent stop-words if they occur in only one training sentence(see
bank corpus example). In that particular case it may effect performance of the disam-

biguator. But it is arare possibility.

False drops. It is possible that a record signature matches a query signature but the
corresponding record does not satisfy the query. Such occurrence is refered to as false
drop. The probability of a fase drop can be made arbitrarily small by appropriate choice

of the size of the signature.

59 Conclusions

The aim of designing a disambiguating system which is sound and incrementally achieve
completeness, is succeeded. The disambiguator uses a corpus based neural network ap-
proach and works on context matching. A novel neural network architecture (DNN)
together with a new learning rule is used for sense disambiguation. The Level-wise al-
gorithm is used for the extraction of context and domain dependent stop-words. The

disambiguator is tested on Telugu words. The performance of the disambiguator is quite
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Good and it has an average accuracy of 83%. The experimental results are quite encour-

aging. But more experimentation is needed to fully evaluate the system and hence it is

proposed to extend the system to different and wider corporain future



Chapter 6

Conclusions

The availability of a Neural Network as an associative memory with high storage capac-
ity, the perfect recall without spurious states is not so common. This has prompted us
for an alternative, which has resulted in the network, Dynamical Neural Network (DNN
for short) with the properties such as associative memory, pruning and order-sensitive
learning. Thus this thesis addresses this new neural network architecture caled DNN.
The network works as an associative memory with 100% perfect retrieval. A new learn-
ing rule for Hopfield network (the basic node in DNN) is proposed and evaluated. With
this learning rule the fundamental problem of designing a network with desired states as
stable states without spurious states has been successfully resolved. And it also increases
the storage capacity of the small size networks substantially. Even though the design is
shown only for two states the method can be generalized to any number of stable states.
Though the Hopfield network memorizes two states, one can have large capacity in DNN
due to its composite structure. The suitability of this DNN for practical applications
is tested for two practical applications, viz., word sense disambiguation [Sreenivasa 97b]
and the second one is close proximity match of large databases (like library and protein

database) [Sreenivasa 974).

In addition to the above mentioned advantages, the DNN is more suitable for hardware
implementation. The proposed architecture has additional advantage, that is the network

has a regular structure which is a very important feature for hardware implementation

99
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of the network through VLSI.

The advantages of inherent neuronal properties like parallel and distributed processing,
can not be realized without specialized hardware. Unfortunately, the large number of
neurons and their highly interconnected nature make the construction of neural networks
challenging. But this fully interconnected network has the most regular structure and
small number of well defined operations, which make the network particularly suitable
for VLSI implementation. A majority of implementation rely upon analog VLSI to pro-
vide fast and compact neurons, processing the required computational primitives [Mead
89). The use of digital VLSI technology offers the advantages like high precision, low
cost, programmability and availability [Zurada 97]. The use of hybrid approach for the
VLSI implementation of neural networks provides the merits of both analog and digital
technologies [Murray 91]. In particular, the networks use digital signals to carry infor-
mation and control analog circuitry, where as analog circuitry is used for storing analog

information. So our proposed architecture can be implemented using hybrid VLSI.

As a legacy to the present work, an attempt is made for the hardware realization of

DNN. Since the design is of very primitive nature in this direction, a detailed work can

be carried out in future.

The network structure consists of fully connected, multiple number of basic networks each
of which is a Hopfield network with a new learning rule. The number of basic nodes de-
pends on the number of training patterns to be stored in the DNN. In each basic network
the weight matrix elements are computed by the combinational circuit 'C'. The equa
tions required to compute the elements in the weight matrix are given in Section 2.6.3.
The weight matrix is loaded in the electronic circuit 'W'. The sequential enabler and

terminator (SET) provides the required timing and data (the patterns) transfer signals.
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Input: S, S, ..., S;m Exemplar patterns, X Test pattern, ( where m is the number of basic

nodes in the network).

Output: 0 Output pattern.

procedure DNN(S;,S;,.. .,.Sm, X :in; 0 : out)

1.
2.

10.
1
12.
13

14.

15.

16.
17.

18.

© © N oo g > W

j=Lk=2
parallel for (i = 1;i<=m;i=1i+)) do
constantly present the input pattern X to each node Hi
end do
parallel for (i = 1;i<=m;i=i+j) do
elements of weight matrix Wi is computed by Ci with S2i-1 and S2i exemplar patterns.
end do
parallel for (i = 1,i<=m; i =i + j) do
dynamics of Hopfield stabilizes each node Hi at a stable state
end do
parallel for (i = 1;i;<m;i=i+Kk) do
output of Hi connected to C;
output of H;;; connected to C
prune the node Hi.;
end do
j=i+i k=k+km= -

repeat step 5 through step 16 until m= 1
END.

Figure 6.2 The Algorithm for Training and Pruning of VLSI Implemented DNN
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In the DNN the basic networks are fully connected using a cube network as shown in
Figure 6.1.

Initially each basic network in the DNN is trained to store two patterns. Outputs of
successive pairs of basic networks are computed and one basic network in each pair is
pruned. Thisis possible by way of supplying the output from a basic network (within
each pair) to the other basic network as shown in the Figure 6.1. When this process is
repeated, it finally results in leaving only one basic network in the entire layer, whose
output exactly matches to one of the originaly supplied patterns. As a conclusion the
proposed DNN will take al the states supplied by the user as stable states and retrieves
the desired pattern that exactly matches with it. At any current stage, the architecture
is such that it can eliminate half the number of basic networks employed in the previous

iteration.

The steps involved in the training and pruning of the VLSI implemented DNN are given

as an algorithm and is shown in Figure 6.2.

It appears that DNN is more suitable for image processing applications as well. This

would be one of the interesting works to be taken up. One can work in this direction.
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APPENDIX-1 (PANNU)

maMwm ul u | A ocana bAgunnaxani marnAde koVWwwa pannu guri Mi cAti Mpu veyi MAru
koWwwa pannu vacci padi na kAraNaMcewa A Xani kul u yuvakudi j|waM waggi McAdu

wAnu Xani kul u m xane pannu veSAnani Ayana anukunnAdu

kAni  koVwna pannu BAr Anni Xani kul u nmoyaka sAmAnya praj al a m xi ke woseSAru
pannu katt akapowe poM AnnuMci woM agi Mci nAru

e kAraNamu cewaniyi nA pannu w yi Mci na warvAwa rakwa srAvamu AgakuMIA vuM e
eVmamal i s, 200 kriyosotu 200 nmArcucu gaM akoVkasAri iwaval evhu

xunni  paMli Mci  bAbugAri ki cA Arojulu pannu kUdA katti vunnAnaMli

nAnnaku nuwu weM usA pannu kattakapowe oVkasAri pili pi MAr aMli

prajalal o Ar Wka samnawAnni w sukoVni rAvadAni ki praBuwaM cepatti na vi xAnA a
val | a AxAyapu pannu pr AnuKyaM rmari Mrva peVri gi Mi

par okRa pannu prawyakRa pannu vyakw ni uxxeS Mi vi Xi SWAro

kAni par okRa panAxAyapu pannu prawyakRa pannul a kovaku ceWki naxi

ai ranakapu pannu kastans dyWi xi gumawi suMkaM eVksE suMaM noVxal Enavi par okRa
pannul aku uxAhar aNal u

keMkra praBuwaM vi Xi Mce pannul al o AxAyapu pannu awi nuKyanEnaxi

| 0 AxAyapu pannu saMaMXi Mci na aMBAl anu pUrwi gA savari Mci, AxAyapupannu cattaM
1918 gA r UpoVKi McAr u

I cattaM o nuKyavi SeRaM AxAyAnni yZaArji Mina saMawsaraM one pannu vi Xi McadaM |
cattaM vyApArarl wA vgww rl wA | aB Me yAxgcd ka vasU Yl Yanu pannu vi Xi Me
AxAyaMJA pari gaN Mci Mi

va saMawsar aM o pr aBuwaM/Aru AxAyapu pannu cattAnni sul aBaM ceyadAni ki "1A
kam Ran" ku bAXyawa appagi McAru

aseVsl | aku kal i ge i bbaMkul aku woM agi McadaM pannu eVgavewa noVxal Ena

nmuKyavi RayAl a guri Mci w sukoval asi na caryal anu slki Mcanani praBuwaM | vi cAraNa
saMEANNi - kori Mi

ArWka cattaM o pannu m nahAyi Mpu pari mw

A ni Roawni ni ni r Nayi MeadAni ki rARrapawi praw ayi xu saMawsar Al a koVkasAri oVka
kamtlni niyam Mi VvAri siPArsula meraku AxAyaM pannu vi Baj i MadaM j ar uguwuMKi
pannu ni r XAraNa saMawsar aM seVkRan 2(9) prawi saMawsaraMepril Iva wexl nuMi
pr AraMBamayye 12 neM al a kAl Anni pannu ni r XAraNa saMrawsar anani aM Aru

uxAhar aNaku praswuwa pannu nir XAraNa saMawsaraM epril 1,1988 | o pr AraMBanayi
mArci 31, 1989 | o aMranavuwulki

pannu ni r XAraNa saMrawsar Anni  pannu saMrawsar aM Ar Xi ka saMrawsar aM ani kUJA uM Aru
aseVs! gawa saMrawsaraM o saMpAxi Mci na AxAyaM ml xa AxAyapu pannu aXi kArul u pannu
ni r XAraNa saM/awsaraM o pannu vi Xi Mi vasU u ceswAru

| cattaM o AxAyapu pannu retlu nirNayi SWAru

uMe VvAtini kUJA | eVkkal oki w sukoVni pannu vi Xi swAru

sUcana @ec3(4) prakAraM oVkasAri nirNayi Mci na gawa saMawsar Anni AxAyapu pannu
axXi kKAri anumawi | ekuMIA mAr car Axu

javAbu | vyApAr Al aku pannu nirWAraNa saMrawsar aM 1988-89 ki sari ayi na gawa
saMawsar Al u | vi XaMgA uM Ayi

ravANA ceyadAni ki vasU u cesina sovVmul o 7.5% awani AxAyaMJA pari gaN Mi  pannu
vasU u ceswAru

varaku mAw ame fAxAyAnni Arji Minappati ki BArawaxeSaM vaxili veM Yl Ye nuMku A
AxAyaMpE pannu #ceM | i Mcamani AxAyapu pannu aX kAri AxeSi Mcavaccu

uxyogul a jIwA al o nuMi  yaj amAni AxAyaM pannu waggi Mci praBuwa Kaj AnAlo dipAit
ceWyAl i

AxAyaM seVkRan2 AxAyapu pannu oVka aseVs! AxAyaM m xa AXArapadi vi Xi swAru
pannu vi Xi Mou xgRt yA AxAyaM ane paxAni ki eVMwa pr ArmuKyZyanunnaxi

AxAya pannu cattaM seVkRan2 | o ki ki aMsAl anu AxAyaM ane paxaM ki Mka cer cAru
seVkRan 28 | exA seWkRan 41 |exA selkRan 59 ki Mka AxAyapu pannu vi Xi Mce AxAyAl u
oVka vyakw ki AxAyaM svl kari Mce hakkuuM e, A AxAyaM vasU u cesukokapoyi nA
hakkul exA saMiwa pr Awi paxi kapE xAni m xa pannu vi Xi Mcavaccu

catta sammawaM kAni AxAyaM m xa kQdA pannu vi Xi swAru

AxAyaM hakkupE vi vAxaM AxAya vanaru guri Mi vi vAxaM exEnA unnappudu pannu

ceM |i Mpu kA aM poVdagi McadaM j ar agaxu

var aku pannu m nahAyi Mou uMlexi

I AxAyAl anu iwara vanarula AxAyaM SIrR ka ki Ma pannu vi Xi swAru

pannu ni r WAraNa saM/awsar aM nuMei VAti m xa pannu m nahAyi Mpu pari mw
vyavasAya AxAyaM seVkRan 2(1) 1961 AxAyaM pannucattaM seVkRan 10 (1) prakAraM
vyavasAyAxAyaMpE f pannu m nahAyi Mpu vunnaxi

AxAyaMpannu BArawaxeSaM o praveSa peVtti nappati nuMi vyavasAyAxAyAni ki pannu
m nahAyi Mpu | aB swnnaxi
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| koVwa vi ZAnaMPr akAr aM vyavasAya AXAyAnni pannu retu koVraku #nmAw ane

| eVkkal oki Wl sukoVni aseVsl'ki pannu vi xi McadaM j ar ugunu

anagA aseVs! yoVkka vyavasAyewar a AxAyaM pannu vi Xi Mou pari Xi | o vunnappudu
vyavasAya AXAyAnni retu koVraku mAw aM | eVkkal oki w sukuM Aru

aMkZaval | a al AMi AxAyAni ki pannu m nahAyi Mou | exu

i Mkuku AxAyapu pannu ni baMXanal u 1962 loni 7,8 niyamA u varw swAyi

aM e A moWwwaM vyavasAya AxAyaM kanaka xAni nl xa pannu | exanna mAt a

vyavasAya yZAAxAyaM nl xa AxAyapu pannu | enappati kl A AxAyaM unna fvAri iwara
AxAyaM m xa eVkkuva pannu vi Xi Mce uxxeSyaMwo PEnAns cattAni ki 1973 #l o cesina

savaraNa prakAraM 1974-75 aseVnmeVM saMawsaraM nuMi vyavasAya AxAyAnni  noViwaM

AxAyaM o cerci pannu retu nirNayi SWAru

. A aXikaretu prakAraM iwara AxAyaM nmi xa mAw ane pannu Vi Xi SWAru

kanl sa pannu vi Xi Mou AxAyAnni m Mi na vyavasAyewara AxAyaM uM ene vyavasAya
AxAyAnni pannuretu kosaM kal upuwunnAru

xI ni m xa AxAyaM pannuretl a prakAraM pannu guN MA i

vyavasAyewar a AxAyaM eVMwM e pannu asalu uMlaxo AmoVwAni ki vyavasAya AxAyAnni
kal apAl i

Xl ni M xa AxAyapu pannuretla prakAraM pannu vi Xi MA i

A nilava aseVs! ceM i Maval asi ha pannu

AxAyaM vanarunu svl kari swunna vyakwi pannu ceM | i Maval asi na bAXyawa uM uMi
XAni ki pannu noVppi ayiwe xAnini plki pAreswe powuMi

pannu kattakapowe poVl AnnuMci woM agi Mci nAru

e kAraNamu cewani yi nA pannu W yi Mci na warvAwa rakwa srAvanmu AgakuMIA vuM e
eVmamal i s, 200 kriyosotu 200 mArcucu gaM akoVkasAri iwaval eVnu

pannu xAni svar UpaM pannuxavada eVnukal o nuMci nmoM ucukuni  vaswuMKi

pannu kri Mki BAgaM o ci nna raMXraM uM uMKki

pEKi kani pi Mce pannu aMvA eVnAm | ane paxAr XaM xvAr A kappi uMabaduwulMki

gatti AhAraM wi nnappudu pannu ari gi pokuMIA kApAduwuMKi

put t ukawone pannu walli garBaM o uMlagAne S Suvuku xaMMAl u oM ake\VAwawuwAyi

ayi we puttukawone pannu unnappudu wal liki pAu iwadAni ki bAXagA uM uMki

pannu gl sukupowuMi

aMkukani A pannu pl ki veyadaM avasaraM put ti nappude pannu pl ki we exo avuwuMkani
BayapadanavasaraM | exu

pannu pl kl nA rAval asi na samayAni ki mal YH pannu vaswuMi

pannu vubbi povadAnne kerls tUw | exA pippi pannu AnTaRU

pi ppi pannu cinnapillallo waragA er paduwulKi

pannu muKyaMyA nmdu poVral a samel YanaM

pannu pEpoVra eVnAm |, xAni kriMa poVra deVMin

paMi pEpoVra eVnAm | xeVbbawi nadaMw pi ppi pannu er paduwuMKi

sWkRmakrimul a valla wayArEna | Aktik yAsid eVsitik yAsidle pippi pannu

er padat Ani ki praxAna kAraNaM

pi ppi pannu xuRpal i WAl u pi ppi pannuni nirl akRyaM ceswe bAktlriyA krimilu paMi
| opal aki praveSi swAyi

aMkukane pi ppi pannu koVMkari ki xavada vAci povadaM xavada eVmukal o cl mu ceradaM
j ar uguwuMKi

pi ppi pannu noVxati xaSalo callati nllYl aki, pulupuki palVYlu jiwnanadamre uMe
ni xAnaMJA pal p kuharaM vAci bAgA noVppi kal uguwuMki

pi ppi pannu vaswe veVM ane dAktaruki cUpi MukovA i

pi ppi pannu potu uMe Asprin eVnAljin EbrUPeVn vaMi bilYlalu wadavaki oWkati
coVppuna rojuki 3-4 sArlu vAdA i

A krinmula valla pippi pannu erpadi Mkani namrakaM Kkal i gi SwWAru

pi ppi pannu waggadAni ki paMil o pasarlu pi MluwAru

pi ppi pannu uM e KUJA xurvAsana rAvaccu

cigul Yla vApu, pippi pannu, notilo puMiu uMe vAtiki wagi na cikiwsa ceyA i
xavada eVnukal anuMci pannu pEki vacci na cota ciguru Akram Mcukuni  uM uMKi

ni xAnaMJA pannu kaxul uwuMki

koVMhakAl Ani ki pannu Udi powuMi

ciguru vApu xQda eVmukal o pannu sWraMJA, gatti gA uMlat Ani ki paMi ciguru cAA
avasar aM

ciguru vyAWval |l a pannu kaxul uwuMKi

SASvawa pannu Udi we A sVl aM o kroVWwwa pannu noVl akeVwwadaM uMlaxu

XAniwo paMi patuwaM poyi pannu kaxal adaM novxal avuwukaMKi

Pal i wvaMyA pannu kaxal adaM Udi povadaM j ar uguwulKi

pi ppi pannu erpadi na VArilo bAktlriyAkrimulu paMi kuxurul o uMie peVri yodeVMm al
poVrani kR N Majesi paMini bal ahl napar uswAyu

xAni Pal i wvaMgA pannu Ugi sal Adat aM Udi povadaM avuwuMKi

ciguru vApuwopAtu pannu unna xQda eVimuka BAgaM o cl mu cer uwulki

pi ppi pannu aXi kaMgA unna cotla wAgenltini viS eR Mi aMulo

pi cci xAnA | edu nunsipAltlki nllYl Ya pannu katta vaxxu




APPENDI X-2

Domai n | ndependent St op- wor ds

MAvi  ani revMlu i xi kAni uM uMki  kovnni wana axi lo e ane cA A | exA nenu nA aMe ni
M Ayi unna |lexu mana nuMli aM Aru eVkkuva mxa vAru guri Mi maXya nuMei XxvArA kAxu ayiwe

uMki  xAni  avi VAri mAwame ivi waroa prawi leka pani aneka viXaMjA waruvAwa gala Ayana
kAbatti peVxxa valla mddu miru va vivi Xa yoVkka manaM peji nAku awani weVlugu nmA cinna nl
valana anni Sri VvAtini iwara gAni mariyu kUda nuMku vAti eVMva am warvAna oVke pE AmeV

xI nini  annAdu cesina vuMi koVMha KkAni  xAnini bAgA awadu saMaMXi Mina cesi ilA varaku
nmoVxati vaccina mAw aM vuMuMki jarigi Mki VAriki eVkkuvagA kahMpeVnl oVkati vi RayaM unnAyi
peru axe wakkuva xAniki uMle vacci Mki al A vyakwi naMi ippudu xIni noVxal Ena iMA vacci

wayAru batti ceVWkina yl eV A avasaraM vaMi kosaM viluva Sakwi wrig paxXawi nu nlru cese
manaku eVMw jaruguwuMki nAl ugu appudu arWaM xIni ki pWrwi gA vunna aMwa o gA ikkada am U
| ekuMdA noVwwaM prawyeka ayi nA eM ayina veVM ane koVMkaru nal YI'YI akkada nannu exo koViwna
kri Mki unnaxi cAla aMkul o praBuwaM al Age asalu aMvA mAta uMIAli ceyadaM uMe veru prakAraM
I anu avuwuMki ArWka krl vi RayaM o reVMlava kaxA oVkka uxA aBi vgxX vaswulMki rAjaklya vltini
anagA ki lu xAnni kAlaMo vacce saMKya ml ku vaxxa pEna walli KkAval asina maMki mari  kanuka
kAraNaM Sa BUm erpAtu waravAwa uMlunu BARa maroVka anexi aMkuvalla sAXAraNaMjA BArawa
eVMkuku si i Mkulo awi nuKya prajalu uwpawn vAdu aMkuru noVxata anna cGsi mani R AyA xaggara
vyavasWa uMli praBuwa kalisi wAnu muKyaMgA sAhiwya AXunika ni eVnno vuMAyi rAwi KkAka
mAtalu pEki nigilina vaccunu leni kAkuMJA ku gAli bi wappa uxAharaNaku KkiMi nlku nmArpu
oVkkoVkka annAru rU ceSAru ika nlti kA aM dabbu kalig uMlaxu saMbaM<aM ituvaMi sATA ika
Srama weMl usu kalipi kevalaM pillalu | ABaM paxXawi |l o jarigina muKyanEna nuwu i xe wagi na di
avakASaM swl xeSaMo praXAna pUw prajala awaniki vuwpawn nArpulu vyApAra aMki BARA nlvu
aXika vArini veMYlYl iMJIIRu VA YIYu |a ananu kAMN cariwa ki Mka saMsVWa gAni  kAvuna eVnni
waMlri kriMa eV nltilo ceswAru vaswuvu naro | evu sAMd ka i nAnava AXArapadi eniti i jAnapaxa
goVppa kaWa kaMeV sAXAraNa nmAnavudu sumAru ceyadAni ki erpaduwuMki pari SoXana prAclna vi
wala samAjaMo vliti wo ceswuMi rAu loni weMugulo lalo vixyuw roju carya vaccu ceyAl i
aMkar U noVxal agu vi RayAl u jarige wanu nuMkuku ceVppina vitilo vAtiki em AMXra yuMlunu gUrci
Karcu varakU uwnara atuvaMi vunnAyi xAxApu manamu saMgawi vi RayAnni samayaM o viru rakA a
anni | aku nmahA peVtti clswe aMuke rUpaM o BAgaM xgR il o wanaku aMwe koVMceVM sAmAnya sari gA
axanapu | ekapowe BARal o prapaMa peVttubadi nEna pi Ata noVxal Enavi i Mva clci eVppudU SAwaM
InAdu menu BAgamu ceSAdu erpadina xlnilo itlu vuMe parisWw nannaya VA YlYa uMAru wiMKi
muMKugA keV saruku paxi moVxalu nmaMeixi pAtu jAwW cuttU a ravANA vi XAnaM xakR Na eWaru
rAlyaM cesi ki cewa seVM BArawlya KAVAli rAjanlwi ceswe bayataku saMskgwa avunu noVkkal u
uMlexi vesi ceVppi gawa ceVppAdu ayi Mki kaMe gAru kavi end. uMlavaccu ameVri kA BArya nUnaana
viri prajalaku keMkra il AMi uxayaM prakgwi uRNograwa sare vaswuvul u i Miki bAXyawa vi XamugA
rojulu revMlo saMrawsaraM gAka vAni vAdi spaRtaMgA BOwni ka dA pannu VvAtilo pari panulu ti
clswJ vuMiAli  w sukovni w si lakRaNAlu iccina oVWkasAri erpadawdyi noVkkal a poyi Mki anmalu
praBAvaM kgR aMkuval ana aMkuku yaMku prema nida rediyo pra weMiyaxu ceswd vaswldyi raMyu
aMku exEnA m gawA gopi kaligina pAwa saM iMo anl VvEpu mulu vyAXi ceVppavaccu ixxaru sArlu
veVnuka VvArilo nmAku BArawaxeSaM o nltini avasaranEna marl rAjya mawa eVkkada Aru reVMU
jlvinwaM kAvu kAl amu unnAru rasAyani ka kAvaccu kal upu ne AhAra paxAr WAl u xaSal o BAvana cewul u
pataM i Mi wakkuvagA itti paxAlu eVlaktrAn xlnine alAMi |lopala xAnilo kAswa weWl uswuMi
nmoVkka waragA kaWalu ninnu xeSa vini rARra vi RayAlanu poyi jAwMya neti nirmANaM vivarA u
kanl saM unnappudu vel a vaccAdu wappu eVww gatti gA kAryA aya vAni ni Sakwi ni nedu ganuka arona
praSna kal avu SAswa vuMle ceyataM kal Yl Yu pEgA ceVMWi javAbu erpadi nunu xInni aMarikl
SarlraM wirupawi iMIlo saMawsarA a val eV baMii ni panicese leci lilll KkoVni unnavi viBajana
mAnasi ka prayawnaM Akul u sarEna na xAniwo E Sarlra paxXaw ni j AgrawwagA kannA mAnU u yani
jlviwa kaNAl u exi aMucewa dAktaru mAw anmu akRar Al u sanasya ceyavaccu kal axu AnaMkaM adi gAdu
ceswAyi prapaMcaM o paxaM ceVppu nani prayANaM nari koVnni BAgaM o bayata APl su vaccAyi
kramaMgjA kaRtaM vedi nunna ceri saMskgwi vaswe naxi ceVppAiru sanAcAraM SabxaM vrAyunu
rAjyamu mari Mva pAlu vaswuvul a paxXawul u kUdi na appude gUda ayi vuMlaxu xaggar aku war agaw
ci varaku cakkagA samAcArAnni BayaM oVkate unnawa SAMAM  eVppudu nmAnavuni  peM YIYi dAni ki
mJdava ceya awyaMiva weVl upu sanmAXAnaM roj uku perlu padi ceyunu xUraMgA caryal u aMukani
powulMki wedA SAswaM Barwa poVdavu erpadunu itlA pAri SrAmika rasAyana xUWraM gal avu uMlat aM
ammA pAwa wAmMu  si xXAMvaM bAhya praSnalu cattaM illu kanaka panini paMwlu cUdaMli AxAyaM
sWkRma sul aBaMgA pUrvaM nyAya ivannl cota iwadu sAhiwaM prAMaM o nAti sa ti caxuvu
aBi prAyaM muMke narala prAVvamika jillA coVppuna gaxA hiMIl lexani rakRaNa nirvahaNa
ceVppi ki A ocana Xara koVxxi AhAraM Amiamu bAXa pollsu civari kroVima AnAti rakaM
neVnrai axi gA cakkani rAexu ji uwharaM avasaranu vere mkkili nijAniki xeSaM unnatlu ayixu
saMaM nmaMwi  peVrigi  Aksijan samA aM nenejneVM  koVxxi gA aByAsamu BARanu poVIi na
rakarakAla sariggA rojullo pAtalu SAKa prawyekaMgA sAMew ka puswakaM xAri atu vaswuvul anu

ceVppAli grahi i aXi kaMJA r AvadaM praswuwaM aXyayanaM raMga jlviwaM o saMsWal u kani pi swuMki
aNuvul u rakaMgA moVwamu Exu Exu
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APPENDI X-3 (Wbrd-sets)

AxAyapu pannu

aseVs! pannu

m nahAyi Mpu pannu

ni r XAr aNa pannu

pannu saM/awsar aM

pannu vi Xi Mce

AxAyAnni pannu vyavasAya
AxAyaM pannu vi Xi SWAr u
AxAyaM pannu vyavasAya
pannu AxAyAnni AxAyaM

pannu AxAyaM AxAyapu

pannu AxAyaM aseVs!

pannu AxAyapu aseVs!

pannu AxAyapu pr akAraM
pannu AxAyapu vi Xi Mce

pannu ni r XAraNa saMawsar aM
pannu pr akAraM vyavasAya
pannu AxAyaM pannu pr akAraM
Udi povadaM pannu

cl nu pannu

. eVnukal o pannu

kaxal adaM pannu

kaxul uwuMKi  pannu

ni xAnaMgA pannu

pEpoVra pannu

pannu xavada

ciguru pannu xQda

er paduwuMki - pannu pi ppi
paMi pannu pi ppi

pannu pi ppi uMe

pannu Udi povadaM kaxal adaM
pannu cl mu ciguru

pannu cl mu eVnukal o

ci guru eVimukal o

pannu ci guru kaxul uwulKi
pannu ciguru paMi

pannu eVmukal o xQda

. eVnukal o xavada
. pannu er paduwuMki pEpoVra
. pannu kaxal adaM paM i

pannu ni xAnaMyA pi ppi
pannu pEpoVra paMi
pannu pi ppi xavada
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APPENDIX 4

Domain dependent stop-words ( Teeth)

3-4 AhAraM AmTaRU BayapadanavasaraM PdiwaMgA SiSuvuku Udiwe aMwA aMxukani arigipokuMdA avuwuMxi
bAKktlriyA balahlnaparuswAyu cUpiMcukovAli ceradaM ceswe ceyAli cikiwsa coV ppuna coda deVMtin eV muka eVnAljin
eVstik erpadatAniki erpadina gaMtakoVkasAri gatti iwadAniki jiwumanadame kAraNaM kRINiMpajes kauguwuMxi
kappi kattakapowe koVMwakAJAniki kriMxa krimulu kroVwwa kuxurulo lopaaki maYIl moVIakeVwwuwAyi
moV xalavuwukaMxi munsipAltlki nilYlaki, nirlakRyaM pAlu plkinA paMtilo paYlu pannu, pannuxavada patuwvaM
peVriyodeVMta piccixAnA poVra poVrani povadAnne poyi praxAna pulupuki rAvaccu raMXraM rojuki sSUkRmakrimula
sWiraMgA, sammelYanaM svarUpaM uM cabaduwuMxi uMdatAniki unnappudu vAcipovadaM, vApu VApuwopAtu VAtiki
vaxxu viSeRiMci vubbi wlyiMcina waggadAniki walli wayArEna woVlagiMcinAru  wvaragA XxAniwo xaSdo
xuRpaliwAlu yAsd yAsdle

Domain dependent stop-words ( Tax)

#AXAYANni #\o #pannu 1,1988 1000 1918 1961 1973 1981 1987-83 19892 200 31,59 7.5% AXArapadi Alocana ArXika
AxAyAlanu AxAyAniki AxAyaMpE AxAyapupannu BArAnni BArawaxeSaMlo PEnAns aMwamavuwuMxi aXikAmlu
aAMti anagA anukunnAdu appagiMcAru aseVnmeVMt aseVsllaku ayixu bAgunnaxani  cAtiMpu cattAniki catta
ceVMxinaxi ceVyyAli cercAru cesukokapoyinA, dipAjit eVMwuMte eVksE] exEnA guNiMcAli  hakkupE iMxuku
iwavaleVnu jlwaM jarugunu KALANNi kAraNaMcewa kalapAJi kalupuwunnAru kamitlni kanaka katti ki koVkasAri
kovaku ku laBiswunnaxi lexanna mArcarAxu mArcucu mixane maMwrulu mamAde miMcina moyaka muKyaviRayAla
nAnnaku niRpawwini nilava nirNayiMcina niyamiMci paMdiMci  pannucattaM pannulaku pannuretu  parigaNiMci
paxAniki peVrigiMxi pilipiMcAraMdi  poVLAnnuMci prAmuKyaM prAraMBamayye praBuwva prgida praswuwa
rARtrapawi  rUpoVMxiMcAru ravANA AmAnya sUciMcamani saMcdwa saMva saMvawsarAlu - saMvawsaramani
sammawaM sari savariMci, soVmmulo suMkaM svikariMce uMdaxo uMtAru uMtene uxAharaNaku uxxeSMci uxyogula
vanaru vanarunu vasUlYlYanu veSAnani veyiMcAru viXAnaM  viXiMcavaccu ViXiswAro vivAxaM  vawwirlwyA
vunnAnaMdi vunnaxi vyApArarlwyA, vyakwini vyavasAyAxAyaMpE wlsukovadasina wlyiMcina waggiMci  wex!
woVlagiMcinAru xInimixa xqRtyA yAxqgcCika yZaArjiMcina
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