Epilogue

Neural networks represent a multidisciplinary subject with roots in the neurosciences,
mathematics, statistics, physics, computer science, and engineering, as evidenced by
the diversity of topics covered in this book. Their ability to learn from data with or
without a teacher has endowed them with a powerful property. This learning property
has profound theoretical as well as practical implications. In one form or another, the
ability of neural networks to learn from examples (representative of their environ-
ment) has made them invaluable tools in such diverse applications as modeling, time
scrics analysis, pattern recognition, signal processing, and control. In particular, ncural
networks have a great deal to offer when the solution of a problem of interest is made
difficult by one or more of the following points:

* Lack of physical/statistical understanding of the problem
* Statistical variations in the observable data
¢ Nonlinear mechanism responsible for the generation of the data

The new wave of neural networks (since the mid 1980s) came into being because
learning could be performed at multiple levels. Neural network based learning algo-
rithms have allowed us to eliminate the need for handcrafied feature extraction in
handwritting recognizers. Gradient-based learning algorithms inspired by neural net-
works have allowed us to simultaneously train feature extractors, classifiers, and con-
textual processors (hidden Markov models and language models) simultaneously.
Because of neural networks we have learning all the way down from pixels to symbols.

Learning pervades every level of intelligent machines in an increasing number of
applications. It is therefore befitting that this epilogue concludes the book with final
remarks on some intelligent machines and the role of neural networks in building them.

'TELLIGENT MACHINES

With no agreed upon scientific definition of intelligence ' and due to space limitations,
we will not venture into a discussion of what intelligence is. Rather, we will confine our
brief exposition to intelligent machines in the context of three specific areas of applica-
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tion: pattern classification, control, and signal processing. It is recognized here th:
there is no “universal” intelligent machine; instead, we have intelligent machines f¢
specific applications.

Much of the research effort on neural networks has focused on pattern classific:
tion. Given the practical importance of pattern classification and its rather pervasiv
nature, and the fact that neural networks are so well suited for the task of pattern cla:
sification, this concentration of research effort has been largely the right thing to do. |
so doing, we have been able to lay down the foundations of adaptive pattern classific
tion. However, we have reached the stage where we think of classification systems in
much broader sense if we are to be successful in solving classification problems of
more complex and sophisticated nature. Figure 1 depicts the layout of a “hypothetical
classification system (Hammerstrom and Rahfuss, 1992). The first level of the syster
receives sensory data generated by some source of information. The second levc
extracts a set of features that characterize the sensory data. The third level classific
the features into one or more distinct categories, which are then put into global conte»
by the fourth level. Finally, we may, for example, put the parsed input into some fon
of a database for an end user. The important features that characterise the system ¢
Fig. 1 are:

* Recognition, resulting from the forward flow of information from one level of th
system to the next as in a traditional pattern classification system

* Focusing, whereby a higher level of the system is able to selectively influenc
the information processing at a lower level by virtue of knowledge gained fro:
past data

Thus the novelty of the pattern classification system shown in Fig. 1 lies in knowledge «
the target domain and its exploitation by lower levels of the system to improve overall sy:
tem performance, given the fundamental constraint of a limited information processin
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Whereas classical control is rooted in the theory of linear differential equations, intelli-
gent control is largely rule based because the dependenciés involved in its deployment
are much too complex to permit an analytical representation. To deal with such depen-
dencies, it is expedient to use the mathematics of fuzzy systems and neural network.
The power of fuzzy systems* lies in their ability (1) to quantify linguistic inputs, and (2)
to quickly give a working approximation of complex and often unknown system
input-output rules. The power of neural networks is in their ability to learn from data.
There is a natural synergy between neural networks and fuzzy systems that makes
their hybridization a powerful tool for intelligent control and other applications.

Turning next to signal processing, we have yet another fertile area for the appli-
cation of neural networks by virtue of their nonlinear and adaptive characteristics
(Haykin, 1996). Many of the physical phenomena responsible for the generation of
information-bearing signals encountered in practice (e.g., speech signals, radar signals,
sonar signals) are governed by nonlinear dynamics of a nonstationary and complex
nature, defying an exact mathematical description. To exploit the full information con-
tent of such signals at all times, we need intelligent machines for signal processing,’ the
design of which addresses the following key issues:

* Nonlinearity, which makes it possible to extract the higher-order statistics of the
input signals

* Learning and adaptation, by means of which the system is enabled to learn the

underlying physical mechanism of the environment in which it is embedded and

to adapt to slow statistical variations in the environment on a continuing basis

Attentional mechanism, whereby, through interaction with the end user or in a

self-organized manner, the system is enabled to focus its computing power

around a particular point in an image or a particular location in space for more
detailed analysis®

Figure 3 shows the functional architecture of an intelligent machine for signal process-
ing that involves three levels of operation:

1. Low-level processing, the purpose of which is to preprocess the received signal
to prepare it for the second level. The preprocessing involves the use of filtering
to reduce the effects of noise and other advanced signal processing operations
such as time-frequency analysis.” The aim of time-frequency analysis is to
describe how the spectral content of a signal evolves and to understand what a
time varying spectrum is. Specifically, a one-dimensional (temporal) representa-
tion of the received signal is transformed into a two-dimensional image with one
dimension representing time and the other dimension representing frequency.
Time-frequency analysis provides an effective method for highlighting the non-
stationary nature of the received signal in a manner far more discernible than in
its original temporal form. .
Learning and adaptation level, where memory (of a long-term as well as of a
short-term nature) and an attentional mechanism are built into the design of the
system. By having the multilayer perceptron, for example, undergo supervised
learning with a large enough data set representative of the environment in which
the system is embedded, overall statistical information about the environment is
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3. lli)??z]\ll(r:::}t)rulllun;? level, where the final decisions are made by the systcm "l:he
decision could be whether or not a target of interest is pr.cs?:nl n !hc lcccw\cd sig-
nal as in radar or sonar, or whether the received .bil of mlormghoqcorresponris
to symbol I or symbol 0 as in digital communications; levels of confidence in the
decisions made are also provided.

We do not claim that the systems described here are the f)nly ways in YVthh intel-
ligence could be built into pattern cIussil'icati(?n,.conlrol, and sAlgnz.Jl processing. Rather,
they represent systematic ways in which this 1mportemt ob]ect‘lve‘could be ac‘com-
plished. Despite their differences in terms of the d()malfl of application, they do share
some common features (Valvanis and Saridis, 1992; Passino, 1996):

¢ There is a bidirectional flow of information, from lower to higher levels and l)aFk.

¢ Higher levels are often concerned with those aspects of the system"s beh.avmr
that are slower in processing time, broader in scope, and longer in horizon time.

¢ There is increasing intelligence with decreasing precision as we move from lower
to higher levels. ‘ . )

¢ At the higher levels, there is a decrease in granularity (i.e., an increase in model
abstraction).

We began the discussion of (artificial) neural networks in Chapter 1 by fjc§crib-
ing the human brain, the source of motivation for neural networks, as a glggntlc mfgr-
mation processing machine. It is appropriate to conclude the bgok with a brief
exposition of intelligent machines that are the ultimate in inff)rmatlon processing by
artificial means. The struggle to build intelligent machines continues.
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NOTES AND REFERENCES

1.

For a philosophical discussion of intelligence from different perspectives, see Ackerman
(1990), Albus (1991), and Kosko (1992).

. The Viterbi algorithm was originally developed by Viterbi (1967) for solving convolu-

tional decoding problems in communication theory. For a tutorial treatment of the
Viterbi algorithm, see Forney (1973).

For an application in pattern classification that involves the combined use of the
convolutional network (described in Chapter 4) and the Viterbi algorithm, see LeCun et al.
(1997, 1998).

Intelligent control is discussed in the edited books by White and Sofge (1992), Antsaklis
and Passino (1993), Gupta and Sinha (1996), and Tzefestas (1997).

L Fuzzy set theory was originated by Zadeh (1965, 1973) to provide a mathematical tool

for dealing with linguistic variables (i.e., concepts described in natural language). For a
treatment of fuzzy logic in book form, see Dubois and Prade (1980). In the book by
Kosko (1997), a different viewpoint is taken: Fuzzy systems are viewed as function
approximators. Therein it is shown that fuzzy systems can model any continuous function
or system provided they use enough rules.

- A special issue of the 1998 Proceedings of the Institute of Electrical and Electronic

Engineers (IEEE) is devoted to the subject of intelligent signal processing (Haykin and
Kosko, 1998).

- A self-organizing system for hierarchical focusing or selective attention is described in

Fukushima (1988a). The system is a modification of the layered neocognitron also pio-
neered by Fukushima (1975, 1988b). The system is able to focus attention on an individ-
ual character in an image composed of multiple characters or on a greatly deformed
character that is also contaminated with noise.

A self-organized attentional mechanism also features in the development of adap-
tive resonance theory (ART) pioneered by Carpenter and Grossberg (1987, 1995). ART
for adaptive pattern recognition involves the combination of bottom-up filtering and
top-down template matching.

- For a detailed treatment of the many facets of limc—l'rcqucncy analysis, building on the

classical Fourier theory, see the book by Cohen (1995).

3 For the th.eor.y and applications of the Wigner distribution, an important tool for
bilinear/quadratic time-frequency representations, see the book by Mecklenbriuker and
Hlawatsch (1997).

For a different perspective, where we think in terms of scale in place of frequency,
sce the book by Vetterli and Koratevi¢ (1995) on wavelets and the related topic of sub-
band coding,

. Invan de Laar et al. (1997), a neural network model for selective covert visual attention is

described. The model is-able to learn to focus jts attention on important features, depend-

ing on the task to be fulfilled, by modulating the flow of information in the preattentive
stage.
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