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Abstract

This thesis proposes a modular architecture for neural networks that performs temporal pat-
tern recognition. The model proposes a special configuration of a sequential neural network with
one memory element per state to keep track of individual events in a sequence. Temporal integra-
tion of the network state that represents the recognition result of each event is used 10 generate an
overall response representing the sequence. Modules can be concatenated 1o recognize a long tem-
poral sequence. When used in a multilevel hierarchy, modules at higher levels can be trained 1o

recognize the temporal order of sequences presented to modules in the lower levels.

The network behaviour has been studied both analytically and through simulation. Analytical

results yield an estimate of the network parameters for a given application.

A motion detector based on the proposed network is presented to illustrate the capabilities of
the proposed structure. It can be trained to recognize the motion of an object with different speeds
along any trajectory. Simulation results show that the detector is insensitive 0 small differences

between the training and test trajectories, can recognize partial sequences, and is tolerant 1o noise.

The proposed structure uses a small number of interconnections between modules.  Hence, it

is well suited for implementation in the form of VLSI chips. Simple circuits are presented for this

purpose.
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Chapter 1

Introduction

1.1. Introduction

In temporal pattern recognition problems, such as motion detection or speech recognition, the
information to be processed consists of a sequence of temporally related events. Unlike static pat-
tern recognition where pattems are processed independently of each other, the task of temporal pat-
tern recognition involves recognizing all the pattems in a sequence, and accounting for the order in
which they occur and the time delay between successive pattemns. In general, it requires a massive

amount of computation.

This thesis presents a new structure for temporal pattemn recognition in real time using a
sequential neural network, that is, one whose next state is determined both by the network's current
state and current input. The network generates a single response representing a sequence of events
by utilizing the process of temporal integration. The response is generated in small increments at
each time step by summing in time the recognition result of each event. The temporal integration
process is made possible, and the mathematical analysis of the network is simplified, by using one
memory element per state in the network's implementation.

The combined use of one memory element per state and the temporal integration process

yields a network that is modular, easy to train, tolerant to noise, and can recognize partial

sequences.



1.2. Temporal Pattern Recognition

We generally experience events as continuous functions of time. Input signals impinging on
the sensory organs are time varying. For example, the perception of an acroplane moving across
the sky is a scene that is constantly changing. This is due to both the motion of the plane and the
motion of the observer.

In many physical systems that process time-varying information, time is quantized into
discrete steps. Inputs are sampled and held at fixed time intervals, generating a sequence of tem-
porally related events [Tsotsos 1987, Mozer 1988, Lippmann 1989]. The task of temporal pattern
recognition in such systems involves processing information which is presented in the form of one
cvent per time step. After a sufficient number of events in a sequence have been presented, the sys-

tem may be required to generate a response representing the sequence.

Temporal pattern recognition is often found in problems such as motion detection and speech
processing [Aggarwal 1986, Lippmann 1989]. In motion detection, a sequence of images is pro-
cessed and information about the motion of an object is generated. Similarly, in speech recogni-

tion, spoken words are recognized from acoustic signals sampled during the period of utterance.

Unlike a static pattem recognition system where input pattemns are treated one at a time
independent of each other, a temporal pattern recognition system needs to take into account the
temporal order and the elapsed time between pattems, because each pattern is temporally related to
the pattems before and after. The temporal pattem recognition system considered in this thesis has
several important features based on those described in [Tsotsos 1980, Tsotsos 1987]. These
features relate to the way in which the time element is treated during the computation process.
They may be summarized as follows:

e  Spatial information is presented and processed in parallel.
e  Temporal information is presented and processed serially.

® The system performs the recognition process in real time.




. Two identical inputs at different time steps are recognized as different, depending on what

patterns precede or follow them.
® The system generates meaningful output for a partial sequence.

. A correct sequence may be embedded into other sequences or noise, and may start at any

time,

. The system is stable in a noisy environment, and degrades gracefully with increasing noise.

1.3. Thesis Motivation

The thesis has been motivated by the need for a system that is capable of producing a
response in real time and by the conjecture that this task is realizable in the form of a neural net-

work.

Neural networks have attracted wide-spread research interest because they are able o perform
computations in parallel, they are fault tolerant, and most imponrtantly, they can be trained (o recog-
nize different pattems [Hopfield 1982, Ballard 1984, Hinton 1984, Kohonen 1984, Hopficld 1986,
Rumelhart 1986, Hinton 1989, Lippmann 1989]. A neural network 1s a set of nodes interconnected
by weighted connections. It is trained to recognize a set of patterns by adjusting the weights ol
these connections using certain leaming rules [Hinton 1984, Ackley 1985, Rumelhart 1986,

Rumelhart 1986b, Hinton 1989, Lippmann 1989].

Recent work on neural networks has concentrated on the processing ol static patterns, which
consist of a set of input values presented to the network in parallel. Such networks have no means
for representing time or for remembering previous input pattems. Hence, they are not suitable for
temporal pattern recognition.

Two approaches to temporal pattem recognition based on neural networks have been pro-
posed and will be described in chapter 2. They are time-delay networks [Lang 1988, Widrow 1988,
Lippmann 1989] and sequential networks [Jordan 1986, Prager 1986, Shamma 1989]. These

approaches have limitations. This thesis proposes the use of a special case of a sequential network,




which will be presented in chapter 3, to overcome some of these limitations.

A child can catch a ball with case. However, before the child can catch the ball, it needs to
recognize the trajectory and then estimate the next position of the ball. The brain is obviously able
to process lime-varying inputs effortlessly and naturally. The temporal behavior of a neuron,
Barlow's carly vision model for rabbits, and Tsotsos’s high-level vision model have influenced the

approach taken in this thesis [Barlow 1964, Barlow 1965, Kandel 1985, Tsotsos 1987].

1.4. Thesis Objectives

Given the following design specifications for sequence:

T - sampling period

Tioat — duration of interest

Nog maximum number of events for which the recognition result is negative

N,, = minimum number of events for which the recognition result is positive

the main objective of this thesis is to design a neural network which can be trained to recognize a
temporal sequence, detect partial sequences, and is stable in a noisy environment. It will be shown
in this thesis that a special form of a sequential neural network, together with an integrator, can be
used to achieve this objective and meet all the design constraints mentioned in the previous sec-

tion.

Most neural networks for temporal pattem recognition were designed and tested based on
computer simulation. Since simulation alone is not sufficient to provide a full understanding of the
dynamics of a network, the second objective of the thesis is to study the behavior of the proposed
network using both simulation and mathematical analysis. The analysis provides means for estima-

tion of the network parameters.

The VLSI (Very Large Scale Integration) implementation of a large neural network on one

chip is technically infeasible, due to the limited number of external connections and transistors that



can be fabricated on a die [Mead 1980, Mead 1989]. One way to overcome these limitations is to
partition a network into smaller modules arranged in a hierarchical structure, such that individual
modules can be implemented on a single VLSI chip. The third objective of the thesis is to design a
modular network where each module is responsible for recognition of only one particular sequence
or subsequence. When a number of such modules are interconnected, the network can recognize

longer sequences or detect a sequence of sequences.

1.5. Desired Input-Output Specifications

The neural network considered in this thesis has M inputs and one output, as shown in Fig.
1.1. In order to meet the main thesis objective, the network needs to have the following input-

output characteristics.

0 Input to the network consists of a vector of M continuous-time signals given by

O = {q,), q2(0), q3(0), ..., qu(1) ) M2

where gi(r) € R, i =1,2,....M, and R is the set of real numbers.

0 Input Q is sampled and held every T seconds, generating a sequence S of temporally related
events. Let ro be the time of the first sample and E; be the input event at ¢ + (i—1)7. The

input sequence S can be represented by a vector given by
S=(E|.EQ.E].....EN} N 21

For the convenience of specification, the ith event of sequence S will be denoted as E,(5).

e EventE;, i=1.2,..,N is represented by a vector of the form
E, ={e e e;3,..,ey) M21

where e;e R, j=12,.,M is the sampled and held value of input variable ¢;(r) at

t =to + (i—1)T. Input samples are assumed to be scaled such that ) < e¢; < 1. The jth input
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Fig. 1.1 A neural network with M inputs and one output for
temporal pattern recognition.

variable of the ith event of sequence S will be denoted as e;(E;(S)).

Let Uy denote the set of all possible input sequences for M inputs. A network is trained
using a training sequence /, € Uy, and the performance of a trained network is evaluated
using a test sequence 1, € Uy. Sequence /; and 7, are chosen such that

kNt D

We define D(a, b) € R 10 be the sum of the squares differences between corresponding
events of two sequences @ and b € Uy of equal length. That is
N M

D(a. b) = ¥ ¥ (¢j(Ei(a) - e;(Ei(b)) )?

1=1j=1



where ¢,(E;(a)) and ¢;(E;(b)) are sampled values of the jth input variable of the ith event of
sequences a and b, respectively. Sequences a and b are regarded as the same it D(a, b) = 0.
Sequence a is regarded as similar to b when D(a, b) < 0, where 0, € R,0; 2 0is athres-
hold value. After a network has been trained o recognize sequence /g, a test sequence f, 1s
regarded as a correct sequence when D(/y, ;) < 0. It is regarded as an incorrect sequence

otherwise.

Let a € Uy and b € Uy be sequences of lengths n and N, respectively, and n £ N. We
define P(a, b, k) € R 10 be the partial difference between two sequences a and b as follows:
n M A
P(a' b‘ k) = ZZ( (,[(El(d)) —el(Enfk—l(h)) ).
i=lj=
where k € 1, the set of integers, is an index such that I € k £ Nand n +k =1<N. Sequence a

is regarded as a partial sequence of sequence b if P(a, b, k) < 0, for some value of k, where

0; € R, 6, 2 0is athreshold value.

When a test sequence #; € Uy is presented, the network is required 1o generate an output y,
representing the sequence, where y, € Rand 0 < y, < 1. The output remains ) until enough
samples are viewed, at which point the output starts to rise gradually from 0 to 1. The result
of each event contributes only a small increment (o the output, such that an output of 1 means
that a full correct sequence has been presented. A partial sequence will cause the output (0
rise 10 a value between 0 and 1 to indicate that only parts of the correct sequence have been
encountered. An incorrect sequence yields an output that is less than 03 where 0y € R,

0 <05 <1 is a threshold value.

During a recognition process, incorrect events or input noise may be presented. On such an
occasion, the output is desired to decay gradually to ensure that the network is robust in a
noisy environment. By having an output that decays gradually under non-idealized condi-
tions, a short burst of noise will not undo the effect of many successful samples that exhibit a

trend. Thus, the network can classify sequences that have correct events separated by a few



incorrect events.
Let ¢(E,), 0 € ¢ < 1, represents the extent to which E; has been recognized as a correct
event and let x be a measure of the number of correct events presented. The desired behavior

of the output y, of the network can be expressed as follows:

ox

—_— = ’ - p | = 2

3 ac( E;) — P (1=0,1,2,....N
)v’ — f('\')

where @ is a constant that determines the incremental rate of x when a correct event is
presented, B is a constant that determines the decay rate of x when an incorrect event is

received, and fis a nonlinear decision function.

1.6. Thesis Organization

The thesis is divided into 7 chapters. Chapter 2 presents background work on neural networks
and existing approaches to temporal pattem recognition using neural networks. The proposed
architecture is described in chapter 3, and the dynamics of node activation during temporal pattern
recognition is analyzed in chapter 4. Chapter 5 describes the application of the network to the prob-
lem of motion detection in computer vision, together with simulation results. Serial and hierarchi-
cal interconnection of modules are discussed in chapter 6. A proposed implementation for the net-
work on a silicon chip using current VLSI technology is presented in chapter 7. Conclusions and a

summary of the contributions of the thesis are presented in chapter 8.




Chapter 2

Background

2.1. Introduction

This chapter discusses some of the background literature relevant (o the topics of this thesis.
Two main classes of neural networks and how they are trained are introduced, followed by some
existing approaches to temporal pattern recognition using neural networks. The use of the temporal
integration process in biological systems and in a high-level vision framework for motion detection

is also briefly presented.

2.2. Neural Networks

Neural networks have recently become the focus of wide-spread research, not only due to
their ability to perform computations in parallel, but also because of their ability to adapt (o prob-
lems that might be otherwise very difficult to solve. They were originally proposed to model func-
tions of the brain such as leaming, association, classification, and concept formation based on ana-
tomical and physiological characteristics of biological neurons in the brain. The first two models
proposed were the McCulloch-Pitts logic element [McCulloch 1943] and the Perceptron [Minsky
1969]. The need for parallel processing of information in real time, which is difficult to achicve on
a von Neumann computer, caused a change in the emphasis of research in this arca [Rumelhart
1986, Mead 1989]. Current rescarch on neural networks concentrates on designing adaptive sys-

tems for specific applications.

A neural network comprises a set of nodes, cach of which has one output and a number of

inputs [Kohonen 1984, Rumelhart 1986). The inputs of one node are linked to the outputs of other
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nodes by weighted connections, which may assume real values of cither sign. Each node first
receives and sums the activation or inhibition from other nodes via the weighted connections.

Then, a nonlinear output in response (o the sum is generated.

A ncural network is trained to recognize a pattern by adjusting the weights of its interconnec-
tions. One way to program a neural network is by subjecting the network to a set of training pat-
terns, and adjusting the weight of each connection in small increments based on certain leaming
rules [Hinton 1984, Ackley 1985, Rumelhart 1986, Rumelhart 1986b, Hinton 1989]. The weight
adjustment is repeated until the network is able to generate correct responses when it receives the
same training input pattems.

It was proven by Minsky and Papert that a simple network with only a single layer of nodes
cannot be trained 1o recognize complex patterns [Minsky 1969). For example, the training of a
neural network 10 generate an output that is the exclusive-or of its two inputs is difficult because
the state of one input does not provide any information about whether the output should be 0. It
was shown later by Hinton that a network requires hidden nodes in order for it to be trained to
recognize complex pattems [Hinton 1984, Rumelhart 1986). The nodes in a network can be
classified as cither visible or hidden. Visible nodes are accessible to the environment and are
divided into two disjoint classes: input nodes and output nodes. It is via these visible nodes that a
network exchanges information with its environment. In contrast, the hidden nodes are not sub-

jected to direct manipulation by the environment. They are affected only by their neighbors.

After a neural network has been trained, it starts to compute whenever an aclivity pattem is
presented at its input terminals. During this period, the activity of each node is affected by the out-
puts of other nodes and the weights associated with the interconnections between the nodes. There
are two classes of neural networks: feed-forward and recurrent. In a feed-forward neural network,
node outputs are connected to other nodes downstream, with no feedback [Minsky 1969,
Rumelhart 1986b). In a recurrent neural network, a feedback arrangement is used, and the compu-
tation repeats for a few iterations until the network stabilizes to a final activity pattem containing

the result [Hopfield 1982, Hinton 1984]. The following describes the architectures of these two




classes of neural networks.

2.2.1. Feed-Forward Neural Networks

A feed-forward neural network consists of one or more layers of nodes, where the outputs ol
the nodes in one layer are connected to node inputs of the next iayer. For example, a two-layer net-
work is shown in Fig. 2.1. The last layer consists of several output nodes and the intermediate
layer consists of hidden nodes. There is no feedback between layers and the nodes in the same
layer are not connected to each other. The nodes’ outputs in one layer are determined by the inputs
received from the previous layer and the weights of the interconnections linking the two layers.
There is a clear forward direction of information flow from the inputs to the outputs of the network,

and as a result, the network is inherently stable.

A feed-forward neural network is static because, except for a finite propagation delay, the
outputs do not evolve or change once a pattern is presented 10 its inputs. The network's outputs are
determined entirely by its current inputs. That is, there is no memory embedded in the network
Even though a feed-forward neural network lacks dynamics, it is quite powerful because it can be

trained to respond to any input pattern through a leaming procedure.

Analysis of a feed-forward neural network is manageable when there is only one layer of
nodes, because the output of each node is influenced only by the extemal inputs and does not have
any interaction from other nodes. However, the analysis becomes difficult when one or more
layers of hidden nodes are added to the network. In this case, the output nodes receive nonlinear
activation from hidden nodes in the previous layer, which in tum receive activation from another

layer. That is, the output nodes are not influenced directly by the inputs.

Feed-forward neural networks have many applications [Fukushima 1980, Ballard 1984, Feld-
man 1985, Curlander 1987, Widrow 1988, Le Cun 1989]. For example, they have been success-
fully used in optical character recognition [Fukushima 1988, Le Cun 1989], where a textual bit-

mapped image is transformed into ASCII codes by using a neural network trained 10 recognize the
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Fig. 2.1 A two-layer feed-forward neural network.

pattern of cach ASCII character.

2.2.2. Recurrent Neural Networks

A recurrent neural network is a nonlinear dynamic system that contains feedback connec-
tions, as shown in Fig. 2.2. The input to each node is connected to the extemal input directly, as
well as to the outputs of other nodes, by weighted summing junctions. Because of the feedback

arrangement, the network outputs change with time.
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Every node may have an intemal delay used to compute the weighted sum of the outputs
from other nodes and its extemal input. For example, in the Hopfield network, this intemal delay is
implemented by connecting a capacitor and a resistor at the input of each node [Hopfield 1982]. A
recurrent network can also be implemented using nodes without any intemal delay with memory-
less nodes, in which case the network outputs are only comnputed in discrete time. An example of a

recurrent network using memoryless nodes is the Boltzmann machine [Hinton 1984, Ackley 1985].

Outputs
yi(r) yalr) yarlr)
[ ) )
e 4
o o o e o o Nodes
1 11
Wil w2)
m
R
Wim
@ L 3 Eie
) )
Weighted summing o s enm
junction B
Inputs

Fig. 2.2 A recurrent neural network with feedback connections.
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The state evolution of a recurrent neural network can be very complex and sometimes
chaotic. However, a recurrent network can be made stable and useful for information processing
when the interconnections between nodes are symmetric (that is, each connection has the same
weight in both directions) [Hopficld 1982]. This result was proven by Hopfield using the
Lyapunov's Direct Method (reference can be found in [Slotine 1990, Wiggins 1990]). The state of
a recurrent neural network with symmetric interconnections between nodes is always associated
with a Lyapunov or energy function, V.

For example, the energy function of a given state of a binary recurrent network such as the

Boltzmann machine is given by

V== Swpyy + X0 @

i<y

where w;; is the weight of the connections between node i and J, y; is 1 if node i is on and 0 other-

wise, and 0, is the bias associated with node /.

Starting from any initial state, a recurrent network will evolve in a direction that decreases
the energy function, until the network reaches a stable state in which the energy function is at a
local minimum. In general, a recurrent network has several stable states, sometimes referred to as

fixed-point attractors.

For each attractor, there is an associated basin of attraction comprising a range of input pat-
terns. Any input pattern that is within a basin of attraction will cause the network to evolve from a

pre-defined initial state toward the corresponding attractor.

The mechanism underlying fixed-point attractors can be used to process information as fol-
lows. The network is first brought to the designated initial state. An input pattem is then presented
to the network and is kept constant until the network reaches a stable state at one of the attractors.
By decoding that state, an output can be used to produce the desired output corresponding to the

input pattem.
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The analysis of a recurrent network is not casy, due to the complex nonlincar interaction
between nodes. The output of a node is influenced by both the inputs and the outputs of other

nodes. This analysis is even more difficult when hidden nodes are included in a network.,

Like feed-forward neural networks, recurrent neural networks also have many applications
[Grossberg 1980, Hogg 1984, Hopfield 1988, McCelland 1986]. A popular one is a content-
addressable memory. Pattemns are stored inside a network as fixed-point attractors in a multi-
dimensional state space. Once the patterns are stored, they can be recalled when an input pattern
corresponding to one of the attractors is presented, even when there is noise in the pattem. The
basin of attraction represents the extent to which a pattern can be distorted and still be recognized

by the network.

2.3. Training Algorithms

A neural network can be trained to generate the desired output when its inputs are subjected
to certain input pattemns. A network is trained by an iterative procedure, in which successive train-
ing examples are presented and the interconnection weights are adjusted in small increments in the
direction that minimizes a certain cost function. The cost function can be either the Lyapunov func-
tion described earlier [Hopfield 1982, Ackley 1985], or a measure of the difference between the
actual and the desired outputs ([Rumelhart 1986, Rumelhart 1986b, Widrow 1988]. The training

phase is repeated until the cost function is at its minimum,

A number of training algorithms have been developed [Grossberg 1969, Fukushima 1975,
Hopfield 1982, Hinton 1984, Kohonen 1984, Ackley 1985, Rumelhart 1986, Rumelhart 1986b,
Hinton 1987, Hinton 1989, Williams 1989]. Each algorithm is well-suited to a specific network
topology. Some training algorithms are described bricfly below for the two main classes of neural
networks presented earlier. These algorithms have been chosen because they are used 1o train the
pattern classifiers in the neural networks for temporal pattern recognition, which will be presented

in the next section.
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2.3.1. Feed-Forward Neural Networks

Feed-forward neural networks may consist of one or more layers of nodes. The number of
layers affects the type of training algorithm that can be used to train the network. First, we will
examine how a single-layer feed-forward neural network can be trained using a popular algorithm
known as the Least-Mean-Square-Error (LMS) algorithm, followed by the Backward-Error-
Propagation algorithm, which can be used 10 train a multi-layer feed-forward network.

The LMS algorithm is generally a good choice for weight adjustment of a single-layer neural
network when the input vector and the desired response of the network are available at each itera-
tion [Tou 1974, Widrow 1985, Rumelhart 1986, Widrow 1988]. This algorithm is simple to imple-
ment because it does not require the computation of the gradient for the overall network function,
as needed in other algorithms. The LMS algorithm will be utilized in chapter 3 to adjust the
weights of the interconnections between nodes in the proposed network.

Consider a single layer of independent nodes each of which connected to the external inputs

by weighted links, as shown in Fig. 2.3. The total input, x;, to node j is given in the following
Xj = zi:wﬁei +0; (2.2)
where w; is the weight of the connection from the extemal input ¢; to the input of node j, and 6; is
a bias term associated with node j.
The output of node j is given by
yi = f(x)) (2.3)
where fis a nonlincar function that is continuous and differentiable.

The network is trained to respond 10 a set of pairs of input and output patterns. It uses the
current weights and each input pattem (o generate an output pattern. In each case, the actual output

pattern is compared with the desired output pattem to determine the total error given by

PN _ :
HE= =209 OVif=Yij0f (24)

i=1j=1

IJl—
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Fig. 2.3 A single-layer feed-forward neural network.

where j‘!,-,- and y;; are the desired and actual outputs of node j, respectively, when the ith input vec-
tor is presented, N is the number of nodes in the network, and P is the number of input vectors in

the training set.

The plot of the error function versus the weights is generally bowl-shaped, with one
minimum point [Widrow 1985]. At each iteration of the LMS procedure the values of the weights
are modified in small increments in the direction that reduces the error H, using the gradient des-
cent method. The direction is given by the gradient of the error surface at the current point in
weight space. Because of the bowl-shaped error function, the network can be trained casily and the
LMS algorithm will find the weights that converge towards the point in weight space having the

global minimum squared error [Widrow 1985].
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The LMS algorithm works well at finding a set of weights that minimize the error function in
single-layer feed-forward networks, but it is unable to determine interconnect weights in a multi-
layer feed-forward network. The reason is that during the training phase, the desired output values
of the nodes in the intermediate layers are not known, and their errors cannot be computed. The

error function is no longer bowl-shaped, and the global minimum is difficult to find.

An extension 1o the LMS algorithm, called backward-error-propagation, was proposed to
train a multi-layer network. To describe the algorithm, we define delta d for a node to be the partial
derivative of the error with respect to a change in the sum of all the weighted inputs to the node

[Rumelhart 1986]. The delta for output node i is computed using the following rule
& = (i —yi) f (net;) (2.5)

where y, and y; are the desired and actual node output, respectively, f' is the derivative of the non-

linear output function, and ner; is the sum of the weighted inputs to node .

The delta for hidden node j is computed recursively as follows:

8; = f (net)) Tdwy, (2.6)
k

where § is the delta of node k in the layer above, and wy; is the interconnect weight from node j to
k.

The basic idea of the algorithm is to propagate back through the network deltas that are com-
puted based on the actual and desired values of the output nodes. The deltas are first computed for
the output nodes, and then propagaied backward to all ncdes pointing to the output nodes in the
layer below. These nodes, in tumn, propagate their received deltas backward to nodes pointing to
them, and so on, until the input layer is reached. The interconnect weights are then changed accord-

ing to the deltas, in much the same way as with the LMS algorithm.

There is a major drawback in the backward-error-propagation algorithm. Unlike a single-
layer feed-forward network, the error function of a multi-layer network may contain many local

minima. As a result, the gradient descent method may not find a set of weights that ensure a global
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minimum of the squared errors. A feed-forward network may get stuck in local minima that are

significantly worse than a global minimum, thus causing the network to perform poorly.

2.3.2. Recurrent Neural Networks

As in the case of feed-forward networks, a recurrent network can be trained by adjusting the
interconnect weights between nodes to minimize an energy function, V [Hopficld 1982, Lapedes
1986, Almeida 1987, Rohwer 1987, Pincla 1988]. However, the energy function can be complex
and may have many local minima. As a result, a recurrent neural network, in general, is difficult to
train. A training algorithm that has been used to train a binary recurrent network called the

Boltzmann machine is described briefly below.

The Boltzmann machine is a parallel computational network which consists of a set of binary
nodes. The nodes are connected to each other via symmetric bidirectional connections. Conceptu-
ally, each node represents a simple hypothesis regarding a system about which the machine
attempts to leam. If the node is on, the hypothesis is accepted. Otherwise, the hypothesis is
rejected. The weights indicate the strength of the relation between pairs of hypotheses. Positive
weights indicate that the hypotheses are correlated and negative weights mean that they are in some

sort of conflict.

The network has a large number of states. The global energy function, V, associated with
each state is given by Egn. 2.1. This function has been chosen because it reflects the extent to
which a given state of the machine violates the applied constraints. The problem is then to deter-
mine the values of the weights, w;;, 10 minimize the energy of the system subject (o the external

constraints.

A simple way 10 minimize the energy is 1o toggle each node into one of its two states which
yields the lower energy with all other nodes left unchanged. It has been shown by Hoplfield that, if
the nodes switch asynchronously and in the limit of negligible transmission times, the network will

always settle into a local minimum of energy. The change in energy that occurs when the output of
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node k switches from 0 to 1 or vice versa is given by
AVy = Ywuyi — O 2.7
i
In order to allow the network to escape from local minima, Hinton [Hinton 1984] adopted the

Metropolis algorithm [Kirpatrick 1983] known as simulated annealing. Regardless of the present

state of any node &, the node is switched on with a probability p; given by

1
Pt = — v 2.8
l+e AWE (&5

where 7 is a scaling parameter that acts like the temperature of a physical system. The idea is that
if an occasional jump to high energy is allowed, one will avoid getting trapped in local minima.
The network is first heated to a high temperature, that is, a large initial value of T is used, to allow
a coarse search of configurations. Then, T is gradually reduced to allow the system to settle into a

minimum.

The disadvantage of using simulated annealing is slow convergence towards a solution. It has
been pointed out by Hinton that several thousand leaming cycles are required to leam a simple

problem [Hinton 1984].

2.4. Existing Approaches to Temporal Pattern Recognition

Input to a temporal pattern recognition system consists of a sequence of temporally related
events, which have been generated by sampling a time-varying input at fixed time intervals. The
system must have some memory elements that can briefly store information about individual input
events in order to recognize the whole sequence. The neural networks presented in section 2.2, both
feed-forward and recurrent, cannot, in general, be used for temporal pattem recognition. A feed-
forward neural network is a static network, which can only process one pattern at a time. The
result from the processing of one pattern has no influence on the processing of the next pattem.
Similarly, the relaxation of a recurrent network to one of its attractors removes any dependence on

initial conditions. The result only depends on the current input. Hence, the network is not suitable




for temporal pattem recognition, which requires that the output depend on both the current and pre-
vious inpults.

Two models have been proposed for temporal pattern recognition using neural networks.
They differ in the way the information about a sequence of input pattems is stored. The first model
stores the input information explicitly before it is processed by using a set of time delays, while the

second stores the information as a state of the network. This section presents these two models.

2.4.1. Time-Delay Network

Both feed-forward and recurrent neural networks can be used as pattern classifiers. Because a
classifier can handle only one pattern at a time, it is regarded as static, even though it may be inter-
nally dynamic when a recurrent network is used. A pattem classifier can be extended to recognize a
sequence of events by providing a set of time delays to store the events in the sequence, as shown
in Fig. 2.4 [Lang 1988, Waibel 1988, Widrow 1988, Bengio 1989, Lippmann 1989, Roitblat 1989,
Tank 1989, Bottou 1990, Hampshire 1990]. The time delays are used to hold the K most recent
events which together with the present input implement a fixed temporal window of size K. The
delayed events combine to form a single static pattern, which is then processed by the classifier to

generate an output representing the sequence.

The classifier’s outputs are derived by computing the nonlincar weighted sums of the current

and the deferred events, as follows.

KM
YikT) = 4 ( X Y wijej(r=iT)) =1 =en L (2.9)
i=0)=1

where 7y, is the mapping function for output y; of the pattem classifier, M is the number of inputs,
w;;j is the weight of the interconnect from the jth input of the ith time-delay stage to the classilier,

and e;(r—iT) is the jth input of an event that has been time delayed for (T period.

Time-delay neural networks have been widely used to recognize speech, and excellent perfor-

mance has been obtained [Lang 1988, Lippmann 1989]. For example, in the work by Lang and
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Fig. 2.4 A time-delay neural network model.

Hinton, a feed-forward network, together with a set of fixed-length time delays, is used to recog-
nize four acoustically similar letters, B, D, E and V [Lang 1988). The network is trained and tested
using pre-segmented speech samples taken from the onset in these letters from 100 male speakers.
The network is reported to achieve an accuracy of 91.4 % when speech samples taken from other

speakers are presented.

Tank and Hopfield obtained satisfactory results when a recurrent neural network, together
with a set of time delays, was used to recognize words in a continuous stream of speech [Tank

1987]. In one of their simulations, a network of 50 nodes is trained to recognize the names of 50 of




the states in the United States of America. When a random sequence with an embedded sequence

such as IDDEHO is presented, the node representing the state /IDAHO is activated.

2.4.2. Sequential Neural Network

A sequential network is an abstract model consisting of a number of states, a set of input vec-
tors, a set of output vectors, a next-state function, and an output function, where input, output and
state values are defined only for integer values of time. The network’s current state and the current
input, together, determine the state of the network at the next period. When there is a finite number
of input vectors, output vectors and states, the network is termed a finite-state machine, which is a

common component in a digital system.

The general model of a sequential network for temporal pattern recognition is given in Fig,
2.5. It comprises a pattern classifier and a feedback network. Some of the classifier outputs are fed
back to the network inputs through time delays. Therefore, the next state and the outputs of the nel-
work in Fig. 2.5 can be determined by the current state F (1) = f(1),....fp(1) and the current inputs

E(t) = e,(1),...,epm(1), as follows

F(+T)

Y (F),E(1)) (2.10)

Y(t+T) = Y(F(1).E(1)) 2.11)

where y and vy are the next-state and the output functions of the pattem classifier, respectively.

The pattern classifier may be a feed-forward network or may be a recurrent network. In the
latter case, the classifier itself would also contain intemal time delays and feedback. However, as
explained earlier, the intemal time delays in the classifier do not store information from one input
pattern to the next. For the purpose of this discussion, the outputs of the classifier will be assumed
to settle in a period shorter than T. It is important to note that a sequential network is a recurrent
network, because of the feedback connections. However, unlike the classifier operation, the input
vector is allowed to change before the overall network reaches steady state. Sequential networks

used for temporal pattem recognition have been referred to simply as recurrent networks in some
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Fig. 2.5 General model of a sequential network.

literature [Lippmann 1989). However, to distinguish between the pattern classifier and temporal
pattern recognition uses of a recurrent network, only the network in Fig. 2.5 will be called a
sequential network in this thesis.

A sequential network possesses many states, which can be used to recognize an input
sequence. The evolution from one state to another can be used to represent the arrival of one input
pattern after another in a sequence. Thus, a sequence of input events can be associated with a cer-
tain sequence of network states. Suppose that a sequential network begins with a designated initial
state and is supplied with an input sequence. If, after the last event is presented, the network

reaches a state that generates a certain predesignated output, then the network is said to have




recognized that input sequence.

The behavior of a sequential network can be described by the state transition diagram, shown
in Fig. 2.6. The label of each directed arc specifies the input event that causes the network 1o
change from one state to another. The network always waits in its idle or wait state Fy for the first
event, £, to arrive. After event £ is presented, the network exits its idle state and enters state £ .
The presentation of £, at the next period will cause the network to leave state £, and arrive at
state F;. As a result, a correct sequence causes the network to evolve from the idle state Fy 1o £,
F,, etc. State Fy is the accepting state that represents the recognition of a sequence and 15 indi-
cated by two circles. Any input noise will bring the network to the idle state Fy, from which the
network will have 1o wait for the arrival of event £ 10 begin another recognition process. State Fy
is not reached until N events in the sequence have been presented in the correct order, spaced T
seconds apart.

Prager, Harrison and Fallside implemented a sequential network similar o the one shown in
Fig. 2.5. to recognize vowels [Prager 1986]. They used a Boltizmann machine (a binary recurrent
neural network) to implement the classifier shown in the figure. In their system, analog input data
in the form of a speech spectrum are converted into binary representations and presented to the net-
work. A number of output nodes are used to specify the vowels. When a sequence of speech spec-
trum of a vowel is presented to the network, the network evolves from one state to another until a
final state is reached in which only one of the output nodes is excited. After training using speech

samples taken from 6 speakers, the network achieved a success rate of 85 %.

Jordan has used the recurrently-connected multi-layer feed-forward network structure shown
in Fig. 2.7 for guiding robotic motion and for speech generation [Jordan 1986). The network uses a
layer of self-feedback hidden nodes called context nodes to record the temporal information of pre-
vious events in a sequence. These nodes may have lateral interconnections between them (not
shown). The outputs of the context nodes, together with the extemal inputs, feed into the inputs of
a multi-layer feed-forward network, whose outputs are in tum fed into the context nodes. Jennings

and Keele used the network proposed by Jordan to recognize a temporal sequence of numerical
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Fw : wait state
D : disturbance due to incorrect event or noise

Fig. 2.6 State transition diagram of a sequential network to
recognize a sequence of events.

digits [Jennings 1989). The focus of their work is the ability of the network to distinguish between
sequences that contain unique digits in all positions, such as {15 4 2 3}, and sequences that con-
tain repeated digits such as {3 12 1 3 2}. Elman used a similar network to explore the representa-
tion of structure in time [Elman 1990]. A multi-layer feed-forward network that has recurrent links
in its hidden and output nodes was used by Watrous to capture spectral/temporal characteristics of

phoenetic features [Watrous 1987].

Stometta, Hogg and Huberman used a layer of recurrent input nodes, each of which has a
weighted self-feedback loop, to implement a sequential network [Stornetta 1987], as shown in Fig.
2.8. The feedback allows previous inputs, together with the current input, to influence the output of

the node. Since analogue signals are used, each node behaves as an infinite impulse response
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Fig. 2.7 A recurrently-connected multi-layer feed-forward network.

digital filter [Bose 1985, Rabiner 1975]. A time-dependent pattem is observed at the outputs of the
input nodes when a sequence of patterns is presented. A feed-forward neural network is used to
classify the outputs of the nodes at fixed time intervals in order to recognize a sequence. This net-
work has been applied to one-dimensional motion detection by training the network to detect left-

ward or rightward motion of a gaussian pulse moving across the ficld of inpul nodes.
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Fig. 2.8 A sequential network implemented by a set of input nodes
with self feedback.

The sequential network proposed by Shamma uses a similar layer of input nodes to imple-
ment a bank of filters, to model the frequency responses of the biological filters in the cochlea
[Shamma 1989). Unlike Stometta, Shamma uses a winner-take-all pattem classifier to detect the
edges and peaks in the spatial pattemn defined by the outputs of the recurrent input nodes. His

classifier uses a layer of laterally inhibited nodes.

2.5. Temporal Integration Process

This section describes a computational process that can be used to overcome some of the lim-

itations of the two existing models for temporal pattem recognition. This process, which is known
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as temporal integration, is commonly observed in biological systems [Kandel 1985 |. It was util-
ized by Tsotsos in a high-level computer vision framework for motion understanding [Tsotsos

1980, Tsotsos 1987].

2.5.1. Biological Systems
The ability of a brain to process time-varying inputs provides us with the reason (o examine
its basic information processing mechanism closely. Although the functioning of a brain is still a

mystery, a great deal is known about the properties of individual neurons.

The brain is an organ composed largely of nerve cells or neurons. A ncuron is connected 1o
another neuron by a connection called synapse. The signals received by one neuron from other neu-
rons are tempered chemically depending on the strength and type of the synapses. The signals are

summed and thresholded by a neuron to generate an outpult.

The cell membrane in each neuron has passive resistive and capacitive properties, which have
important effects on the flow of electrical signals within a neuron. These passive electrical proper-
ties contribute to the time constant of the neuronal membrane, which affects both the rise time and
decay time of the internal activity of the neuron. That is, a neuron changes from a quicscent state o
an active state, or vice versa, according (o a time constant. This property provides the ncuron with

a fading memory, which enables a neuron to account for the passage of time.

Because of the neuron’s time constant, its state of excitation is determined by the time
integral of the sum of its inputs. The process of computing this time-integral 1s called
temporal integration. A long time constant means that signals which are far apart in time can
interact. The effect of the time constant is illustrated in Fig. 2.9. A presynaptic cell A is driving two
pestsynaptic cells B and C, where the time constant of cell C is ten times smaller than cell B. Fig.
2.10 gives the responses of the intemal activities of both cells. Due to its large membrane time con-
stant, cell B has a higher chance than cell C of being triggered by cell A. That is, incoming signals

that in isolation may be 100 weak 1o trigger a neuron can sum in time to reach the required thres-
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hold, provided that the distance between them is shorter than the time constant of the cell.

In summary, the time constant and the connections between neurons give neurons the ability
to sum their input signals both spatially and temporally. The spatial and temporal behavior of a col-
lection of massively connected neurons enables the brain to process complex time-varying inputs.
This observation motivated the use of temporal integration in neural networks to recognize a

sequence of events.

’ \
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Fig. 2.9 A presynaptic cell driving two postsynaptic cells with different
time constants (taken from Kandel 1985). V,, is the membrane potential.
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Fig. 2.10 Responses of postsynaptic cclls with different time constants
when they are driven by a presynaptic cell (taken from Kandel 1985).




2.5.2. High-Level Vision Framework

In computer vision, a framework that incorporates time into a model for high-level vision can
be found in ALVEN — an expert vision system that evaluates the performance of the human left
ventricle from a sequence of X-ray images [Tsotsos 1980, Tsotsos 1984, Tsotsos 1987]. Concep-
tual description of the shapes and motions exhibited by the left ventricular wall is abstracted from a
sequence of X-ray images and presented to ALVEN for detection of unusual occurrences in a
patient’s heart.

Abnormalities of the left ventricle are detected by comparing the motion of the left ventricu-
lar wall of a damaged heart with that of a normal heart. The presentation of the first image in a
sequence causes the activation of a set of hypotheses about the occurrence of subsequent images in
the sequence. The image hypotheses are temporally related to each other by the NEXT and PREVI-
OQUS links, as shown in Fig. 2.11. They are also related to another hypothesis that represents the
overall sequence by a PART—OF link. Each of these links are weighted connections with a real

value of either sign. The weight indicates the strength of correlation between the two hypotheses.

Once activated, the image hypotheses are compared with the sequence of images to check for
features that support the hypotheses. Certainty of the current hypothesis about an image is calcu-
lated based on whether the image matches the expected features of the hypothesis and whether the
previous hypothesis supports the current hypothesis. The certainty value is close to 1 when both
conditions are true. It is close to 0 otherwise. This process of certainty computation is performed
for every image in a sequence using a relaxation scheme.

The certainty of every hypothesis about the corresponding image in a sequence is weighed by
the PART—OF link and then temporally integrated to compute the certainty of recognizing the
whole sequence.

The ALVEN framework addresses several requirements that are crucial to temporal pattern
recognition, and hence is relevant to this thesis. In particular, the passing of time is represented

explicitly by the sequence of hypotheses H;, Ha, ... etc and the NEXT and PREVIOUS links
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Fig. 2.11 Hypotheses generation used in ALVEN.

between them. Also, temporal integration of the PART-OF information is used to compute the
final result. Thus, the final output is based on the sum over time of the certainty of each hypothesis.
The use of temporal integration 1o generate the final output gives ALVEN robustness in a noisy

environment and also the ability to detect partial sequences.

Although ALVEN is not a neural network in the current sense, the interpretation ol its struc-

ture provided the inspiration for the network organization proposed in this thesis.

2.6. Concluding Remarks

Both time-delay and general sequential network models have been widely used in many
applications. Unfortunately, at present, they have limitations when they are required (o meet the
input-output specifications given in chapter 1. The reasons and problems encountered will be dis-
cussed in the following chapter. This thesis proposes a special configuration of a sequential neural
network that utilizes the process of temporal integration to overcome the problems. The proposed
network will be presented in chapter 3, along with a comparison of the network with some existing

networks.



Chapter 3

Proposed Approach

3.1. Introduction

This chapter proposes the use of a special configuration of a sequential neural network to
recognize a sequence of temporally related events. The process of temporal integration is utilized
in the network to generate a response representing the sequence. The purpose and intended differ-
ence of the proposed approach from existing approaches is five-fold. The network is: modular, easy
to train, tolerant to noise, is able o recognize partial sequences, and is easily analyzed. The pro-
posed network uses a special case of a sequential network with one memory element per state o

satisfy the above requirements.

This chapter begins by presenting some limitations of existing neural network models for
temporal pattem recognition, followed by the proposal of a neural network model that utilizes a
temporal integration process to recognize a sequence. The algorithm used to train the proposed net-
work 10 recognize a sequence, and how a number of modules can be interconnected and trained to
recognize multiple sequences are presented. Some simulation results that demonstrate the function-
ing of a temporal module and a comparison of the proposed network with other existing neural net-

works for temporal pattem recognition are also given.

3.2. Limitations of Existing Network Models

The main objective of this thesis is to design a neural network which generates an output that
rises in small increments from 0 to 1 when a correct sequence is presented, and decays in small

decrements to 0 otherwise. This output behavior provides the network with the ability to recognize

34
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partial sequences and (o operate in a noisy environment.

Two neural network models have been proposed for temporal pattem recognition: the time-
delay and sequential networks. Both models have shown great promise in such applications as
speech recognition. They may be adapted to meet the above requirements, but the question is how
well and at what cost? While they do have a structure that could be tailored, at the moment neither

network is able to meet the desired input-output requircments.

In a time-delayed neural network, the events in a sequence are deferred in time to form a
static pattemn, which is then processed by a pattern classifier. Hence, it can only recognize a
sequence after the entire sequence has been presented. As soon as the first event of the next
sequence is presented, the output will be immediately reset. There is no gradual rise and decay of

the network output.

In a sequential neural network, state transitions are used (o represent the arrival of the events
in a sequence. Starting from an idle state, if the network reaches an accepting state after all events
have been presented, then the sequence is recognized. The need to present all events means that the
network output remains reset until the entire sequence has been presented. As soon as the accept-
ing state is reached, the output is set to 1 indicating recognition. The output is immediately reset

when the next sequence is presented. Again, there is no gradual rise and decay of the outpul.

A gradual system response is preferred to an all-or-none response because it gives the system
better noise tolerance and also the ability to recognize partial sequences. A system with an all-or-
none response cannot tolerate any missing event or input noise in a sequence, whereas a system
with a gradual response is able (o generate a partial response when only parts of the sequence are
presented or when there is noise in the input.

In a biological system, the temporal integration process secems o play an important role in the
ability of the brain to process time-varying input. Likewise, the high-level vision framework pro-
posed by Tsotsos makes use of the temporal integration process (o generate a gradual response

representing a sequence. This process gives the system the ability to recognize partial sequences,
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and makes it robust in the presence of noise.

In principle, both the time-delay and sequential neural networks can be tailored to include the
use of a temporal integration process to recognize a sequence. This can be achieved by training the
pattern classifier (o generate an output that constantly reports whether the current event presented is
correct. The results from recognition of individual events in a sequence can then be integrated tem-
porally, 1o generate a time integral that represents the correct events received. The integral is then
applied to a nonlinear decision function such that the final output remains 0 until enough samples

are viewed before the output starts to rise from O to 1.

An implementation of a time-delay neural network with temporal integration is shown in Fig.
3.1. It has a pattem classifier with N outputs, where N is the number of events in a sequence. The
outputs of the classifier are in tum connected to the inputs of an integrator R. Output y; is set to 1
when correct events E,, E,, ..., E; have been presented to the network. Otherwise it is reset to 0.
Therefore, a correct sequence will cause the outputs to be activated one at a time, from y; (0 yy. A
response representing the sequence can be generated by temporally integrating these output activi-
ties of the pattem classifier. An incorrect sequence causes all outputs to remain quiescent, and the

time integral of these inactive outputs gives rise (0 a Zero response.

An implementation of a general sequential neural network with temporal integration requires
a pattemn classifier that generates N outputs, as shown Fig. 3.2. Output y; is set to 1 when events
E,_, and E; are correct, and is reset to 0 otherwise. When a correct sequence is presented, the out-
puts will be activated from y; 10 yy, one at a time. As a result, the final response representing the

sequence can be generated by computing the temporal integral of the pattern classifier’s outputs.

There is a major problem with these customizations. Both neural network models have an
already unwicldy pattem classifier. It would be even more so if it were modified to provide an out-
put that indicates the recognition result of each event in a sequence. This requirement increases the
number of constraints that the network must satisfy, which means that a larger number of hidden

nodes would be needed. The error or the energy function of the resulting pattern classifier can have
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Fig. 3.2 A general sequential neural network with its outputs connected
to an integrator R to compute the time integral of the result of each
evenlt.

many local minima which would make training a difficult process. A neural network with many
hidden nodes is also difficult to analyze. At this time, there is still no underlying mathematical
theory to analyze such networks.

As will be presented in section 3.7, another difficulty with the time-delay network model is
the inherent scaling problem; a large number of time delays are required when the number of

inputs per event and the number of events in a sequence are large. In such a case, the pattern
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classifier would have many weighted interconnects to adjust during a training session, and require a
longer time 1o train.

The general sequential network model does not have the scaling problem. However, it has
several other problems. A general sequential network has many states that are not entered when a
correct input sequence is presented. An incorrect input due to noise, wrong events, or imperfect
leaming, can cause the network to enter one of these states. From there, the network may follow an
incorrect trajectory. As a result, the network is intolerant 10 non-idealized conditions. Another
point is that a correct sequence may be embedded in other sequences and may start at any time,
These other sequences, prior to the appearance of the correct sequence at the network inputs, cause
the network to follow an incorrect trajectory. When the correct sequence is presented, the network
may start from one of the incorrect states and follow an entirely different trajectory, causing recog-
nition failure. Therefore, in order to introduce noise tolerance and the ability o recognize a
sequence that may start at any time, the incorrect states need (0 be recognized (o reset the network
to its designated initial state. This increases the number of constraints that the classifier must

satisfy, thus increasing the need for hidden nodes and the complexity of the training process.

3.3. Proposed Network Model

Our objective in this section is 1o develop a special configuration of the sequential network
that overcomes the limitations of the general sequential network model discussed above. This sec-
tion begins by presenting the architecture of the proposed network, followed by a description of the

design of a node.

3.3.1. Architecture

The pattem classifier of the general sequential neural network in Fig. 3.2 is required to gen-
erate the state and the output of the network at the next period based on the network’s current state
and the current input. This requirement increases the number of constraints that the classifier must

satisfy, which mears that a complex classifier with several hidden nodes is needed. One way to
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simplify the pattern classifier is to separate the functions of input event recognition and next state
generation. That is, a pattern classifier can be used to recognize the input events and a state

machine to account for the temporal order of the recognized events.

The structure of the enhanced sequential network is shown in Fig. 3.3. The network consists
of a pattem classifier, a state machine, and a temporal integrator R. The state machine comprises a
number of nodes S, S,, .... and Sy. Unlike the general sequential network, this network has no
feedback through the pattem classifier which is used strictly for recognizing the pattem in an input
cvent. Furthermore, the sequential machine has a special structure that uses one memory element
per state. The function and operation of nodes S, S, ..., and Sy will be described first, followed

by node R. Nodes S, Sa, ..., Sy will be named the Sequence nodes, and R the Result node.

Output o; of the pattem classifier is connected to the input of sequence node §; by an excita-
tory connection. There are also excitatory connections from sequence nodes S, 1o §;, S2 t0 S3,
etc., forming a forward chain. The state of excitation of each node changes with a fixed time con-
stant, which provides the node with a fading memory that introduces the time element used to pro-
cess a temporal sequence. A chain of interconnected sequence nodes is responsible for recognizing

the temporal order of events in a sequence.

Each output of the classifier is trained to recognize only one event of the sequence. When
event E, is presented, output o; associated with the event is activated, and causes node S; to be par-
tially activated. Node S; in turn sends a positive excitation signal to the next node on the chain,
S:+1. via the excitatory connection, which causes node §;4; to be partially activated. if the next
cvent of the sequence is that associated with classifier output 0,41, then node S;4; will be activated
further. Otherwise, the output of node §;,, decays to zero within a certain time constant. Node §;
has an inhibitory input from node S, ,,. Thus, when node S, ,, is excited, node §; is tumed off. As a
result, when a correct sequence is presented, the nodes are activated one at a time, from left to
right. The time constant of the fading memory must be larger than the sampling period of the
inputs to allow the results of the recognition of successive events to be summed (see Section 2.5.1

in Chapter 2).
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Fig. 3.3 The proposed network.

The use of a chain of interconnected nodes in the proposed network model 1o record the tem-
poral order of events in a sequence was inspired by the work of Barlow and Levick [Barlow 1964,
Barlow 1965, Dowling 1987]). They proposed a chain of interconnected nodes to account for the
motion-sensitive property of ganglion cells in rabbits.

No more than one node can be active at any given time as a correct sequence is presented.
However, incorrect states, that is states entered as a result of non-idealized input conditions, have
more than one active node. These incorrect states can cause the network to follow an incorrect tra-

Jectory and lead to erroneous recognition. Hence, they need to be recognized and inhibited. This is
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accomplished by operating the nodes in a winner-take-all fashion, so that there can be only one
node active at any time. This is achieved by connecting each node to all other nodes, except its
upstream neighbor, by inhibitory connections. As a result, either a correct event leads to exactly
one node being activated or all nodes are inhibited bringing the machine to its reset state. There-
fore, the proposed network in Fig. 3.3 is clearly a special case of a general sequential network. It
uses a separate memory clement (i.e. a separate node) for each state along the state trajectory that
corresponds to a correct sequence.

In an ideal case, the state transition diagram of the network is as shown in Fig. 3.4. The net-
work always waits in reset state Fg for the arrival of a correct event. After event E; is presented,
the network exits the reset state and enters state F;, in which the ith node is set and the other nodes
remain resel. If the next event presented is E, .. then the network will evolve from state F; to state
F;41. However, if an incorrect event is presented, the network will retumn to the reset state. As a
resull, a full correct sequence causes the network to evolve from reset state Fg to Fy, F, F;..., and
finally Fy. In the case of a partial sequence, the network will evolve from reset state Fg to Fj, Fi,p,

.., and F;, where 1 </ < j <N. An incorrect sequence causes the network (o remain in state Fg.

Because the network has recurrent connections, the network's operation also can be described
in the same manner as a nonlinear dynamical system. That is, the network has a fixed-point attrac-
tor near the origin of a N-dimensional phase space. When a correct sequence is presented, the net-
work state leaves the attractor, evolves along a designated trajectory associated with the sequence,
and then retums to the attractor after the presentation of the last event. The trajectory is approxi-
mated by a vector sequence {F;, Fi,, ... Fj}, when events E;, E;,, ... and E; are presented to the
network, one event at a time, where 1 € i £ j < N. However, an incorrect sequence would cause

the network state to evolve along a trajectory different from the designated trajectory.

Since a correct sequence will cause the nodes (o be activated from left to right, one node at a
time, and an incorrect sequence will cause most nodes to remain reset, the time integral of the
weighted sum of all node outputs provides the required information about the degree of confidence

in recognizing a given input sequence. The computation is performed by connecting the node
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Fig. 3.4 State transition diagram of the proposed sequential network.

outputs to the inputs of the result node R by weighted excitatory connections, as shown in Fig. 3.3.
The weighted outputs are summed and integrated with respect to time in node R. A complete
correct sequence causes the intemnal state of the integrator to rise from 0 to 1. For a partial

sequence, the internal state of the result node will rise to some value between 0 and 1.

The result node also has a nonlinear output response (o its intemal state. It becomes active,
that is, its output rises above 0.5, when the internal state exceeds 0.5 . The functional parameters of
the node determine the number of correct input events that need to be recognized before the result

node is activated.
The temporal integration process must be designed to reject correct events separated by many
incorrect events. This may be achieved by using a "leaky" integrator. That is, if activation of node

S;, with all other nodes inactive, represents the correct recognition of input event E,, and if x, is the



internal state of the integrator, the desired behavior can be expressed in the form:

= Y6y - & 3.1)

where T, is the time constant of the result node, ¢; is the weight of the interconnection from the

3 : : oyl
output of node S, to the result node. The rate at which previous correct events are forgotten is i
R

If cach event contributes equally to the final response, then weight ¢; is the same for all intercon-
nections.

Because cach output is activated only for one input event, the pattem classifier in Fig. 3.3 can
be replaced by N independent classifiers, each attached to one sequence node, as shown in Fig. 3.5.
The simplified classifier at cach sequence node is implemented by a set of weighted connections,

which may be either excitatory or inhibitory, from the external inputs, €, €3, ..., €y 10 the node.

A null input event may be embedded in a sequence that a network is trained to recognize. In
the network of Fig. 3.5, this is handled by using an extra input g, which is connected to the output
of an extenal null input detector and has a weight of d;. Input ¢ is set to 1 when the event
presented to the network is null, and 0 otherwise. A sequence node can be trained to recognize a

null input event by adjusting the weight d; of the connection from input ¢ to the input of node .

Consider a network of N sequence nodes interconnected as shown in Fig. 3.5. The nodes all
have the same time constant, T,. Taking into account the total weighted inputs to a node from other
nodes and extemal inputs, the dynamics of the intemnal state of each sequence node, x;, can be

expressed in the form

d.l'j N M
Lo tX = ¥ apyet Tbper + dig+ 0; (3.2)

d k=1k#j k=1

where aj; is the weight of the connection from the output of sequence node £ to the input of
sequence node j, by is the weight of the connection from the extemal input ¢, ¢ is the input termi-
nal connected 1o the output of the null input detector, d; is the weight of the connection from the

null input terminal to sequence node j, and ; is the bias of node j.
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Fig. 3.5 Simplified view of the proposed network.

The use of one memory clement per state and a simple pattem classifier at each sequence
node makes it possible to analyze the state transition dynamics of the network, as will be discussed
in Chapter 4. The analysis yields acceptable ranges for machine parameters, thus providing a sys-

tematic approach to design.

3.3.2. Design of a Node

A node has one output and several inputs. Each input may be connected to the output of
another node or to an extemnal input by a weighted connection. It has an internal state that changes

with a fixed time constant and provides the node with a fading memory. The intemal state, x;, ol
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node j satisfies the equation
dx; N M

Ty = zk:a,-gyk + zk:bjm + 6; (3.3)
where T and 0, are the time constant and intermal bias of the node, respectively. The output, yg, of
node & is connected to the input of node j, by weight a ;. Extemal input ¢; is connected to the input
of node j by weight bj;. Node j is connected to N nodes and M extemal input lines. The weight of
cach connection is modifiable and may assume values of either sign. A connection with a positive
weight is referred 1o as an excitatory connection and a connection with a negative weight is
referred to as an inhibitory connection.

Each node has a sigmoidal output in response (o its intemal state,

1
VB T (34)

=y

l+e

which is shown in Fig. 3.6. The sigmoidal function is used because it is a non-linear function that
exhibits the threshold behavior needed for decision making. It is preferred to a hard limiter func-
tion because its derivatives, which are used in the training algorithm, are continuous and easily
computed. The function also provides a close approximation to the transfer function of an
amplifier, as will be explained in Chapter 7.

The output of each node has a continuous value between 0 and 1 and a median of 0.5 at
x, = 0, as shown in Fig. 3.6. In this thesis, a node is regarded as active whenever its output is

higher than the level of (0.5 and inactive otherwise.

3.4. Training of the Proposed Network

The use of one memory element per state allows all the intermediate states of the network in
Fig. 3.5 10 be enumerated during a training session. As a result, the network can be trained to
recognize a given sequence of events by adjusting the interconnection weights using the LMS algo-

rithm described in Appendix A. The target values of the state variables were given in Fig. 3.4.
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Fig. 3.6 A sigmoidal transfer function

Even though the sequence nodes arec mutually interconnected, a simple LMS algorithm can still be
used, because the nodes are arranged in a single layer and the desired node outputs are known at all
times. For the same reason, the LMS algorithm can be used to train the result node. Note that the
LMS algorithm presented in the following is an ad hoc training scheme. Modifications are made in
order to impose a certain structural organization in the proposed network.

This section presents the two phases of the training procedure for the sequence and result

nodes in the proposed network.

3.4.1. Sequence Nodes

Several parameters of the sequence nodes in Fig. 3.5 need to be adjusted so that the nodes are

able 1o keep track of the events in a sequence. They are: the weights of the connections from the
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external inputs 1o all the sequence nodes; the weight of the connection from the output of one
sequence node 1o another; and the bias of each node. The time constant for each node is fixed and
isdefinedby T < 1, < 2T.

Before we examine how the weight of each of these different connections is adjusted, the
general rule for weight adjustment will be considered first. For each event in a sequence, the
weights should be adjusted such that only the corresponding sequence node becomes active. That
is, output y, becomes equal to | when event E; is presented. In each step of the iterative training
process, the weights are updated based on the errors in the responsc compared to the desired
values. Upon presentation of an event, the weight w;; of the connection from any source j t0 the

input of node i is updated using the following rule
wy (e41) = wi; (1) +myi (3i=yi X(1=Yyi ) ¢; (3.5)

where 1) is a small constant, ¥;, y; are the desired and actual outputs of node i, respectively, and ¢;
is the external input, which is assumed to be constant during each sampling period. Refer to

Appendix A for the derivation of this rule.

While training the network for event i, which should activate sequence node i, node i—1 is
assumed 1o remain active from event i—1, due to the memory incorporated in the sequence nodes.
Al the same time, the activation of node i should cause node i+1 to be partially activated, due 1o
the excitatory connections from node i 10 node i+1. All other nodes are assumed (o be inactive.
Thus, the desired responses of the sequence nodes as successive events of a training sequence are
presented as given in Fig. 3.7. In the first period, the first two nodes are partially activated, and all
the other nodes remain reset. In the second period, the second node is fully activated and the third
node is partially active, and so on until the N—1st period, at the end of which node N is fully
activated.

The weights of the connections of the links between the extemnal inputs and sequence nodes
are adjusted using Eqn. 3.5 at cach time step. The bias of each node can be regarded as a per-

manently active source with an adjustable weighted connection to the node. This weight is adjusted
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Fig. 3.7 Desired response during training.

in the same way as the weights of other connections 1o the node.

e ]
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The weight of the excitatory connection a ., is updated according to the contribution from

node i 1o the output of node i+1 when event  is presented. Although the output of node ¢ 1§ not

constant during period i, Eqn. 3.5 ¢ :a still be used for training, because it provides the right direc-

tion to change the weight to minimize the error function (see Appendix A for detail).




50

When node / is being trained 1o recognize an event i, all the other nodes except node i+1
should be inactive. If another node is active, then the inhibitory input from that node to node i is

strengthened slightly, using the same rule.

Training of the sequence nodes in the network is completed for one event, then for another,
etc. in sequential order, by changing the weight of every interconnection in small increments. The
training procedure is repeated after all the events in a sequence have been presented. This is per-
formed until all the sequence nodes have been trained to keep track of the events in a sequence.

The training algorithm requires all the weights of the sequence nodes in the network to be
modified in small increments simultancously. Simulation results show that many iterations are
required 1o train the proposed network. To speed up the training process, another training algo-

rithm, which requires only some of the interconnect weights to be adjusted, is given in Chapler 4.

3.4.2. Result Node

The output from cach sequence node is connected to the input of the result node R, by an
excitatory connection having a fixed weight ¢; (see Eqn. 3.1). After all the sequence nodes have
been trained to respond correctly to a sequence, the result node will be trained such that it will only
be activated after the correct number of events have been presented to the network. The result node
has only one adjustable parameter, namely the node bias, 0,. Time constant T, of the result node is

fixed, and is defined by nxT where n £ N and N is the number of sequence nodes.

Before the training begins, the weight ¢, is given a fixed value. An estimate of ¢; can be
obtained using the analysis given in Chapter 4. To train the result node, a temporal sequence is
presented. At the end of the sequence, 0, is updated based on the error of the output compared to
the desired response. The bias is dec.cased slightly if the output of the result node reaches the level
of 1 before the predefined number of correct events. It is increased slightly otherwise. This training

procedure is repeated for many iterations until the result node has been trained.
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3.5. Multi-Module Network

The network in Fig. 3.5 can be trained 10 recognize only one temporal sequence, and it will
be named a remporal module. A network with several temporal modules can be used to recognize
multiple sequences. The use of modules in a network allows the size of a network to scale up
casily.

This section presents the modular organization of the proposed network and the training of

the network to recognize multiple temporal sequences.

3.5.1. Architecture

A modular network is shown in Fig. 3.8. Two temporal modules are connected 1o the same
external inputs via a common bus. The result node of each module receives inhibitory inputs from
the result node of the other module, such that the two modules operate in a winner-take-all fashion,
The module recognizing a correct sequence achieves the maximum output, while output of the

other modules is inhibited.

The network shown in Fig. 3.8 has only two modules. However, because of the regular struc-

ture, the network can be easily extended to have more than two modules.

3.5.2. Training

When there are several modules in a network, the result node in each module receives inhibi-
tory inputs from the result nodes of other modules. The weights of these inhibitory connections
must be adjusted so that the modules work in a winner-take-all fashion. The module responding to

the correct sequence should have an output of 1, and the other modules should have an output of 0.

Individual modules are trained separately to recognize their corresponding sequences. Then,
they are put together and trained to operate in a winner-take-all fashion by adjusting the inhibitory
weights between them. At the end of the presentation of a particular sequence, the module trained

to respond to that sequence should be activated, and all the other modules should remain quiescent.




Output 1 Output 2
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Temporal Temporal
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Fig. 3.8 A network with two temporal modules.

That is, the desired output of the winning module is 1 and the desired outputs of all other modules
are 0. The inhibitory weights from the winning module to the other modules are increased slightly
at the end of a sequence when the other modules are wrongly activated. Otherwise the weights are
decreased.

Training of the modules is completed for one sequence, then for another, etc. After applying
all the sequences, the training process is repeated until the network behaves in a winner-take-all

fashion.
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An alternative and easier approach for determining the inhibitory weights between modules

will be presented in Chapler 4.

3.6. A Simple Example

To demonstrate the operation of the proposed network, several networks of different sizes
were simulated and tested. The simulation results will be presented in Chapters 5 and 6. Here, a
network having three sequence nodes and a result node will be used to illustrate the approach. The
network was trained to recognize a sequence of three events, [, = {E, E;. Ex ], presented in suc-
cessive sampling periods. The time constants of sequence and result nodes are T, = 10 and
T, = 3x10™ second, and the sampling period is T = 107" second. The following describes the
response of the network when a correct sequence and a reverse sequence are presented.

The nodes’ responses, when a correct sequence f;y, = {Ey, Ea, Eq} is presented to the net-
work, are given in Fig. 3.9. Since £, is the same as the training sequence, the difference D (/;, 1)
is zero. Each node responds with a fixed rise and decay time constant. The sequence nodes are
activated one at a time, from left to right. Node §; is partially activated by event £, followed by
full activation of subsequent nodes S, and S by events £, and E 5, respectively. Node S is par-
tially activated because a node will be fully activated when it receives both the positive stimulus
from its associated input event and a positive excitation from its upstream neighbor, as in the case
of nodes S, and 5.

The time integral of the sequence node outputs causes the result node 10 be activated, produc-

ing an output of 1 at time ro + 37..

A reverse sequence 1, = {E3, Eq, E ) and D (I, t;5) > 0; is presented to the network,
where 0, is the threshold above which the two sequences are regarded as incorrect. The network’s
response 10 sequence 1, is given in Fig. 3.10. When event E4 is presented 1o the network during
the first period node S5 is only partially activated, because node S, upstream is inactive. Duc to the

inhibitory inputs from node S 3, the partial activation of § 3 keeps nodes S, and S near reset during
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Fig. 3.9 Outputs of nodes S, S», S3 and R when a correct sequence is presented.

the second and third periods, even though they receive their corresponding input events E; and E,,
respectively. The result node R is only slightly activated at the end of the whole sequence due to

the lack of continuous excitation signals from the sequence nodes.

3.7. Network’s Capability
This purpose of this section is to address the network's capability on the types of temporal
sequence that the proposed network can be trained to recognize. To simplify the discussion, a

sequence of events is treated as a string of symbols whose occurrences may be repeated in the
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Fig. 3.10 Outputs of nodes S, S, S3 and R when a reverse sequence is presented.

string and the clapsed time between events in a sequence is not taken into consideration.

Letz; e Z,i=1,2,...,U, be the ith symbol in a set of symbols, Z, and U is the total number of
symbols in the set. Strings are constructed from symbols by the operation of concatenation. For
instance, the concatenation of two symbols z, and zg¢, written as z,zg, is the ordered sequence of
the symbols. There are three possible ways that a string can be constructed. First, all symbols in a
string are unique. An example is string z,2,2324. Second, some symbols have one or more than
one consecutive occurrences. An example is given by string z,z,2;2223. And third, some symbols

have one or more than one repeated occurrences anywhere in the string. An example is string
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71222121 where symbol z, occurs twice in the first and third symbol.

With one memory clement per state, the proposed network consisting of N sequence nodes
has N active states (F,, Fa, ..., Fy) and one reset state (Fg), as shown in Fig. 3.4. As a result, it is
casy 1o train the network 1o recognize any string of length N as long as all N symbols in the string
are different from each other and cach symbol can be represented uniquely by one of the active net-
work state. When such a string is presented, the network evolves from reset state Fg 10 active states
F |, F,, Fy and finally Fy. The time integral of these active states generates a result that represents
the recognition of the string.

The unique representation of each symbol by one of the active states is no longer valid when
there are repeated symbols in the string. The presentation of such symbol to the network causes
two or more sequence nodes to be activated at the same time. Since each node is connected to other
nodes, except for the node upstream, by inhibitory connections, the simultancous activation of the
sequence nodes causes their node outputs to be lower than one. The more sequence nodes are
activated simultancously, the lower their outputs. The time integral of these partially activated out-
puts causes the result node to generate a partial response. Therefore, strings with repeated symbols

can cause the proposed network to be poorly trained.

3.8. Comparison With Other Neural Networks

As mentioned in section 3.2, it is possible to adapt both the time-delay and general sequential
neural networks o have the same input-output behavior as the proposed network by adding a result
node to the network to implement temporal integration. The main difficulty with this approach is
the need for a complex and unwieldy pattemn classifier. The presence of local minima in the error or
energy function of a large and complex pattern classifier makes it difficult to train. A network with
a complex pattern classifier is also difficult to analyze due to the lack of mathematical tools to

analyze nonlinear systems.
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The purpose of this section is to compare the enhanced time-delay and general sequential
neural networks with the network proposed in this thesis, based on the required number of nodes,
memory elements, and interconnect weights. The comparison is performed for a network having M
inputs and for a temporal sequence consisting of N events. The required number of nodes, memory

elements, and interconnect weights for each network will be expressed in terms of N and M,

3.8.1. Time-delay Neural Networks

In the time-delay neural network shown in Fig. 3.1, if all events in a sequence are stored
before they are processed, then NM time delays or memory elements are needed.

Two types of pattem classifiers have been used in time-delay neural networks. The first is a
multi-layer feed-forward neural network, which by far the most popular classifier. It is used in the
networks proposed by [Watrous 1987, Lang 1988, Waibel 1988, Widrow 1988, Bengio 1989, Roit-
blat 1989, Bottou 1990, Hampshire 1990]. The second is a dynamic recurrent neural network. A
recurrent neural network proposed by Hopfield [Hopfield 1982] was used by Tank and Hopfield as

part of their time-delay neural network [Tank 1989].

The multi-layer feed-forward pattemn classificr in Fig. 3.1 has N output nodes and several
layers of hidden nodes. Let H; be the number of nodes in the ith hidden layer. Then, the number ol

nodes in the network is the sum of the number of output nodes and hidden nodes in cach layer, giv-

L
ing a total of (3 H; + N) nodes, where L is the number of hidden layers. The number of intercon-

i=1

nect weights between two layers is the product of the numbers of nodes in the two layers. That is,
there are NMH | interconnections between the input and the first hidden layer, HH, interconnec-
tions between the second and third hidden layers, ... and NH interconnections between the last
hidden layer and the output layer. Therefore, the network's space complexity can be summarized as

follows:

L
number of nodes = Y H, + N



number of memory clements = MN (3.6)

L
number of interconnect weights = NMH | + Y H,H;_, + NH,

i=2

To impiement the pattem classifier with MN inputs and N outputs using the Hopfield network
requires a total of N nodes, connected to each other by N 2 interconnections. Each node is also con-
nected 1o the outputs of MN time delays by MN extemnal interconnections. Then for N nodes, there

are a total of MN?* extemal interconnections. Thus,

number of nodes = N
number of memory elements = MN (3.7)

- . . 2 3
number of interconnect weights = N° + MN*©

Note that the Hopfield network does not have any hidden nodes.

3.8.2. General Sequential Neural Networks

A sequential neural network can be used 10 classify a sequence of events by representing the
arrival of one input event after another in a sequence as an evolution of the network from one state
(0 another. Temporal information of a sequence is stored as the state of a sequential network.
Therefore, unlike a time-delay neural network, a sequential network needs between loga N and N
memory elements. There are different organizations for a sequential neural network. We will con-
sider a few here.

The sequential neural network in Fig. 3.2. proposed by Prager, Harrison and Fallside has
log,N memory elements [Prager 1986]. The Boltzmann machine was used to implement the pattem
classifier in their network. To add an integrator to the network, a pattem classifier has (M +logaN)
inputs and (N + logaN) outputs. Let H be the number of hidden nodes in the Boltzmann machine.
Then, the pattern classifier has (N +logaN) output nodes and H hidden nodes, yielding to a total
(H + N +log;N) nodes. The nodes are connected to each other by (H +N +log, N )* interconnec-

tions. Each node is also connected to each of the (M +logaN) inputs by an external
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interconnection. To connect (H + N + logaN) nodes in the network 1o (M + logaN) inputs requires
(M +1ogaN)(H + N +logaN) external interconnections,  Therefore, the space complexity of the

network can be expressed as follows:

number of nodes = H +logaN + N
number of memory elements = log,N 3.8

number of interconnect weights = (M + logaN)(H +10gaN + N) + (H + logaN + N)*

Several networks which use a multi-layer feed-forward neural network (o implement the pat-
tern classifier in a sequential network were proposed [Jordan 1989, Elman 1990]. Memory ele-
ments that store the temporal information in a sequence are implemented by a layer of sell-
feedback context nodes, as shown in Fig. 3.11. The pattern classifier may have several layers of
hidden nodes and one layer of output nodes. The figure shows a network with only one layer ol
hidden nodes. To add an integrator 10 the network, N output and N context nodes are required. By
taking the context nodes as memory elements, then the multi-layer feed-tforward classifier has N
outputs and M +N inputs. Using the same argument for deriving the number ol nodes and intercon-
nect weights required by the multi-layer feed-forward classifier presented in the previous section,
the number of nodes, memory elements, and interconnect weights required by the model are as lol-

lows:

L
number of nodes = Y H, +N
i=1
number of memory elements = N (3.9)

L
number of interconnect weights = (M+N)H | + Y H K, | + NH,

=2

Not all sequential neural networks can be adapted to have the required input-output behavior
specified in Chapter 1. One example is the network proposed by Stometta, Hogg and Huberman
[Stometta 1987]. The network has a layer of self-feedback input nodes and a pattem classifier
implemented by a multi-layer feed-forward network. It is difficult to modily the network 10 meet

the required input-output requirement, because each input node is connected 10 only one input hine




