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Introduction

1.1 Principles of feedforward neural networks

The paradigm of artificial neural networks has an important role for intelligent
information processing. An artificial intelligent system (implemented in either
hardware, or software, or both) is capable to learn or to extract knowledge from its
environment and to utilize this knowledge in making further decisions. The field of
Artificial Neural Networks (ANN) represents an important sub-domain of a wider
discipline called computational intelligence. Their major feature is the capability of
extracting knowledge from sets of training samples representing the environment.
The extracted knowledge is stored in the values of certain parameters, often called
synaptic weights.

In this book, our focus is on several novel architectures of feedforward artificial
neural networks (FANN) where the theory of piecewise-linear functions is exploited
to produce models that are at the same time compact, highly functional, and easy to
implement in micro or nano electronic technologies.

A FANN is mathematically described as a function ),( GuFy = where y is the

network output, u  is an input sample formed of n scalar inputs [ ]n1 uuu ,...,, 2=u  and

F is a nonlinear function defined as a composition of simpler functions called
neurons.  Since the composition of simpler functions is often described by a
networking graph indicating the interconnections between neurons, the resulting
function F is often called a neural network. Each neuron in the network has its own
adjustable parameters, and the entire set of adjustable parameters will form the vector
G , which in fact stores the knowledge associated with the network.  Using the
analogy with biological systems, in [Chua, 1998] the name gene was proposed to
define the vector G . Like in the case of living systems, the information stored in this
gene defines the overall function of the system. We should note that in addition to the
gene, one should also specify the function F (the networks’ architecture) for a
complete definition of the neural network. The distinction between gene and
architecture is that the gene can be often changed using the same architecture in order
to achieve different functions. In the classical theory of the neural networks the gene
is a collection of synaptic weights. In other words, the gene is programmable and it
represents the knowledge associated with a given problem.

The problem posed to a feedforward neural network can usually fall in one of the
following categories:
(a) A classification problem; In this case, the output y is a binary and usually

more ANNs with the same input vector are used to solve the problem, each
output (and associated ANN) being associated to a class or category label. It is
assumed that 1=y  has the meaning of recognizing a certain stimulus as
belonging to the class, while 1−=y  means that the input vector is not
recognized as belonging to the underlying class. The input vector may have
either continuous or binary values. The task is to learn a problem based on
training samples and the performance is evaluated via the misclassification
error. The misclassification error represents the average number of incorectly
classified input vectors over the entire test set. Ideally, the misclassification
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error should be 0%.  However, the nature of the training set inherently makes
the value greater than 0%. The test set must be constructed of pairs (stimuli,
desired output), which were not present in the training set. The task of
classification can be viewed as a logical inference where important
information (the class membership) is extracted from a collection of features
given as an input vector. Therefore there are numerous practical applications
of classification (i.e. face or sound recognition, pattern recognition in general,
detection of useful information from noisy data, etc.).

(b) A regression problem. In this case, the output y is allowed to take continuous
values within a bounded interval, for example [ ]1,1−∈y  and the task of the
network is to learn to approximate a functional model based on the training
examples provided by an environment, which defines the problem. For
example, such a neural network may learn the nonlinear function which
predicts the next sample of a signal given several past samples, other nonlinear
filtering tasks, etc. In this case the performance is evaluated usually by
averaging a square error between the desired and the obtained output values
over the entire test set. The smaller the average error the better the
performance of the neural network. For the same number of inputs and outputs
regression problems are usually harder to solve than their classification
counterparts.  Most of their applications are in the area of nonlinear signal and
image processing, control and in various fields where functional modeling
based on examples is required.

(c) Representation of Boolean functions. Unlike most of the applications of
neural networks where generalization is the main issue (i.e. the capability of
the network to react “well” to unknown stimuli), in some special cases one
may use a neural network formalism to represent Boolean functions. Under
this circumstance the entire set of (input-output) pairs is available in the form
of the truth table and it forms the training set. There is no need for a test set
since the network is trained to memorize the truth table. The result can be
interpreted as a programmable Boolean operator, in the sense that by
changing the network parameters one can realize a different logic function
from a set of realizable Boolean functions using the same neural architecture.
If the set of realizable Boolean functions associated with a given neural
architecture is identical with the entire set of all possible Boolean functions,
that architecture is said to be universal. For example, the linear threshold
gates are not universal while the multi-nested neural cell introduced in
Chapter I.4 of this book it is universal. Although a digital multiplexor
represents a solution to the problem of defining a universal and programmable
logic functional, a neural network representation may offer some benefits in
terms of implementation complexity when certain mixed-signal
implementation technologies are used. In fact such examples are provided in
our book and their applications are in the area of cellular and reconfigurable
computing.

Since 1943 when McCulloch and Pitts described the first mathematical model for
a neuron, many feed-forward neural network models were developed. Among them,
we will briefly discuss here the most established models i.e. the Adaline, the
Multilayer Perceptron (MLP), the radial basis function network (RBF) and the support
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vector machine (SVM). An extensive treatment of all these network models is given
in [Haykin, 1999].  The following table summarizes the drawbacks and the benefits of
each type of network using a qualitative scale with five points.

Capability
of solving
complex
problems

Simplicity
of the

training
algorithm

Guaranteed
convergence

to the
optimal
solution

Compactness
or simplicity

of the
structure

The capacity
of being

implemented
in VLSI or

other
technology

Adaline * ***** ***** ***** ****

MLP **** ** * *** ***

RBF **** *** **** ** **

SVM ***** * ***** * *

? ***** ***** ***** ***** *****

S-cell
(Chap.
II.4)

***** ***** ***** ***** ****

Table 1: A comparison of the main feedforward neural network paradigms. A 5 points quality
evaluation is used (* means “bad” and ***** means “very good”).

The network labeled “?” represents an ideal neural network, almost achieved by
the simplicial neural cell (or S-cell) presented in Chapter II.4 of this book.

It is quite easy to observe from this table that for each of the existent models there
are several contradictory features. For example, the SVM networks, deeply rooted in
statistical learning theory [Vapnik, 1998] offer very good solutions to complex
problems while using a guaranteed convergent learning algorithm. However, its
complexity is large and does not appeal to VLSI implementations. On the other side,
the Adaline is easy to train with the LMS (or Widrow-Hoff) algorithm, the learning is
guaranteed convergent but the area of applicability is limited only to linearly
separable problems.

One feature of the neural networks is their parallel nature, which makes them
good candidates for implementation in VLSI and other emerging technologies (e.g.
nanotechnology or molecular electronics). Although various solutions for VLSI
implementation were already proposed for many of the above neural network models,
it turns out that most of them, or at least the ones capable of solving problems, pose a
series of difficulties when implemented in various technologies.

The above observations lead to the following question: Is it possible to develop
novel neural network models, with non-conflicting features? A positive answer was
the goal of the research leading to the solutions presented within this book. It turns out
that the theory of piecewise linear function approximations, developed by circuit
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theorists in the 60’s, is a powerful tool and it proved beneficial in defining novel
neural network models with an emphasis on their implementation capabilities.

Learning in a FANN is a particular case of an optimization problem where the

goal is to find an optimal value *G  such that a cost function (which can be usually the
misclassification error or the average test error) determined often as

( )[ ]∑
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2*,Gu  is minimized reaching the global minimum. It is important

to observe that in order to obtain a good generalization, the optimization should be

done with respect to the test set ( ){ } Ntp
pp d ,..,1, =u  . In practice the optimization is often

done using gradient descent methods on the training set, while monitoring the
evolution of the test error tE  according to the principle of cross-validation.

Consequently the solution *G  it is kept for which the lowest value of tE  was

reported during cross-validation. Rooted in the statistical learning theory, the Support
Vector Machine is the only feedforward neural-network architecture where a
constrained optimization method is rigorously applied in such a way that it guarantees
the minimization of tE without applying the cross-validation technique. The

Multilayer Perceptron poses the most difficult problems in finding the optimal
solution, ranging from the problem of structure selection and tuning (number of
neurons on hidden layers, number of layers, etc.) to the problem of getting stuck in the
local minims. More details regarding various learning algorithms can be found in
[Haykin, 1999].

1.2. Cellular computation and mixed-signal implementations

Although most of the solutions presented in this book can be used to solve
problems that in general could be solved by the “classic” feedforward neural network
models, two were the “driving forces” of our research:
• First, the goal was to develop and improve the cells for the cellular neural network

(CNN) model first proposed in [Chua & Yang, 1988]. This is the reason why the
feedforward neural network models in this book are often referred as “neural
cells” or “universal CNN cells”. The main constraint imposed by the CNN model
was on the feature entitled “compactness or simplicity of the structure”. Indeed, as
shown in the following, the CNN is a powerful computational machine composed
of many identical cells. Therefore, we want each cell to be as much as possible
compact, i.e. to have a simple structure with no more parameters than needed to
store the learned knowledge.

A cellular neural/nonlinear network (CNN), [Chua, 1998] is any discrete regular
spatial architecture, such as a lattice, made of cells (described by a dynamical system)
which are coupled to other neighbor cells within a prescribed “sphere of influence”. In
most cases, the couplings are identical and the cells are described by nonlinear
ordinary differential equations. This homogeneity is an essential feature for
implementing a large number of cells in a given technology, in a manner similar to the
design of computer memory chips. Instead of memory chips, however, where each
cell is isolated from its neighbors but exchanges information with other cells via a
central processor and certain digital controllers, in the CNN chips computation
emerges by simply coupling the neighboring cells. Moreover, since the CNN cells are
analog systems their state space is continuous, and includes the binary computations
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as a special case. In fact, it was shown in [Chua, 1998] that any Cellular Automata
[Toffoli & Margolus, 1987] with binary states can be realized as a special case of a
Generalized Cellular Automata which is essentially a CNN with a discrete-time loop
which applies the output of each cell at time “t” to its input at the following time step
“ t+1”.  Since all cells are operated simultaneously, the computation speed of CNN
devices can be at least a thousand times faster than the speed of current digital signal
processors (DSP).

The type of computation performed inside a CNN is a brain-like type of
computation, i.e. it relies on the emergence and interactions of certain patterns of cell
activities. Therefore the problem to be solved by a CNN is usually posed as follow:
Find the cell structure and coupling parameters so that a desired pattern of interaction
will emerge. For an important class of CNN systems, namely, Reaction-Diffusion
CNNs the local activity theory [Chua, 1998] can be used to find a well defined
domain in the cell parameter space, called an edge of chaos, where emergent
computations typically occur [Dogaru & Chua, 1998b-d]. Increased computing speed
and versatility can be achieved by inventing a universal cell structure which can be
programmed to implement any local Boolean logic operation directly.

• Second, since the cellular neural network is efficient mostly in a fully parallel
circuit implementation, it is useful to exploit the potential offered by various
nonlinear devices and technologies. A modern trend in VLSI design is the
“mixed-signal” approach characterized by the coexistence on the same chip of
both digital and analog signals and associated devices. This approach allows to
maximize the density of implementation while preserving the robustness and other
features associated with digital computation. The simplicial cells in Chapter II.4 a
very good example of exploiting the advantages of mixed-signal technologies.
Certain analog devices such as comparators and integrators are combined with a
digital RAM (or other structure capable of implementing a programmable Boolean
logic), the result being a versatile and easy to implement neural cell. Another idea
of the mixed-signal approach exploited in this paper is the realization of Boolean
functions (i.e. digital in both their inputs and outputs) via a piecewise-linear model
implemented with analog nonlinear devices.

1.3. Book outline and the main principles
of the PWL neural networks

In Part I of this book, a first category of piecewise-linear neural networks is
described. These networks are derived from the simple Adaline model where the
linear output (or activation) function was replaced by a non-linear linear activation
function described by a piecewise-linear model. Initially we were interested to use
these networks for compact Boolean function representation but, as shown in Chapter
I.5, several classification problems with continuous signal inputs can be also resolved
using such neural networks. Starting from the theory of canonical piecewise-linear
functions [Chua & Kang, 1977] we first introduced the theory of canonical piecewise-
linear neural cells (Chapter I.3) and then a more elaborate theory of the multi-nested
cells (Chapter I.4). For neural networks with both types of activation functions, the
theory of optimal orientations and the concept of projection tapes introduced in
Chapter I.2 is applied. While the canonical piecewise-linear activation function
provide a simple and effective way to learn all parameters of the network for a given
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Boolean function, the resulting cells still have a structural complexity of ( )nO 2 .
Therefore we were led to the most important research result described in Part I,
namely the theory of the multi-nested activation functions and its application in
deriving a compact universal neural cell (Chapter I.4).  With this theory we provide a
conjecture stating that a nonlinear structure with a complexity of only ( )nO  exists
which is capable to implement arbitrary Boolean functions with n inputs. The
structure is simple and elegant and therefore can be easily implemented in various
mixed-signal technologies. For example, such an implementation solution is given in
Chapter I.6. The functional model of the cell is:
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where y is the (binary) output, iu  are the inputs (binary, or continuous within [-1,1]).

As seen from (1), at most 2n analog parameters { } niii bz ,...,1, = suffice to specify a

given Boolean function with n inputs, a result which clearly puts the multi-nested
neural cell in the top of the most compact neural architectures. In [Hassoun, 1995] the
lower bounds on the size of various “classic” neural network for arbitrary Boolean
function representations are considered. Among them, the lowest bound, found for the
case of a MLP (multilayer perceptron) formed of k LTG (linear threshold gates)

require that 
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We should note however, that for practical realizations of the multi-nested cell,
the highly compact structure with ( )nO  complexity comes at a price. This is the

representation precision of each parameter, which is of the 





n

O
n2

 bits in order to

ensure the conservation of all functional information (a Boolean function is specified
by n2  bits of information). Therefore, in practice, the multi-nested universal cell can
be implemented for up to 54÷=n  inputs, corresponding to a representation precision
of 74÷ bits per parameter, attainable by any cheap analog technology.  Networks of
multi-nested neural cells can be employed to solve the problems with more inputs,
with a higher implementation efficiency than that of the multi layer perceptrons
employing simple linear threshold gates (or McCulloch & Pitts neurons).

While the neural networks developed in Part I are restricted to binary outputs and
their main task was to represent arbitrary Boolean function, a different design
philosophy was adopted for the neural network architectures described in Part II of
this book. Here, the main idea was to employ piecewise-linear kernels to expand the
input feature space so that a simple Adaline could be trained in this expanded space.
The resulting networks should be able to approximate not only binary-to-binary
mappings but any type of functions, thereby expanding the range of applications from
Boolean function representation to arbitrary classification and regression tasks. All
networks in this category have the major advantage of a guaranteed convergent and
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simple (gradient based) learning algorithm. Although the nonlinear expansion of the
input space is an old idea, motivated by Cover’s research [Cover, 1965], it proved to
be highly effective being adopted in one the most modern approaches, such as the
Support Vector Machines and other types of networks. The general model of a neural
net in this category is given by:

( )∑
=

=
ne

j
jjcy

1
uµ  (2)

 where [ ]n1 uuu ,...,, 2=u  is the n-dimensional input vector, ne is the dimension of

the expanded space, and jc is a set of parameters composing the gene vector G.  As

long as the kernel functions ( )ujµ  are predefined, the task of learning from examples

reduces to the task of training an Adaline in an input space formed by the outputs of
the basis (or kernel) piecewise-linear functions ( )ujµ .  For the same task, the

quadratic optimization techniques proved to converge towards and optimal margin
separation hyper-plane [Vapnik, 1998] can be employed with even more success to
determine the parameters  jc .  For this type of networks, the main issue is how to

choose the kernel functions in such a way that they are easy to implement and
compute, leading to simple structures with highly efficient mixed-signal
implementations.

The most significant result of our research in this direction is given in Chapter II.4
where a very compact yet efficient structure called a simplicial neural cell is
described. For this particular structure, the theory of simplicial decomposition [Kuhn,
1968], [Chien and Kuh, 1977] was exploited to derive a very convenient circuit
implementation which allows the temporal computation of both kernel functions

( )ujµ  and of the dot product in (2) in an elegant manner using very simple electronic

devices.
Before discussing in more detail the simplicial neural cell and its advantages, it is

worthy to mention several of its precursor neural networks, which are described in the
previous chapters of Part II. For instance, following a research of [Yamakawa, 1992],
in Chapter II.1. a network following the model in (2) is proposed. It has very simple
kernel functions defined as scalar functions of the input vector components.  It is
shown that the multiplication operator can be replaced with a simple piecewise-linear
equivalent, the resulting network being extremely convenient for implementation in
digital technologies (which include micro-controller software as well). An even more
compact network can be achieved by replacing the fuzzy-membership kernels in the
above network with the multi-nested discriminants introduced in Chapter I.4. The
resulting network was called a multi-nested basis network and it is presented in
Chapter II.2. For both the neuro-fuzzy network and the multi-nested basis function
network the classification performances were evaluated for several benchmark
problems. Although there is no formal proof that the above networks are universal
approximators, the results on the benchmark classification problems show that at least
for the case of classification problems they are functionally equivalent to multi-layer
perceptrons or other “classic” feedforward nets at a much lower implementation price.

The pyramidal cell in Chapter II.3 was the first attempt to derive a piecewise
linear neural network, which is demonstrated to be universal at least for the class of
Boolean functions. With the goal of binary universality in mind, a special set of n2
basis functions ( )ujµ  was developed. Each basis was entirely determined by the



    8                                                                                                            INTRODUCTION

vertex vector jv  which is nothing but the binary representation of the index “j” .

Since the geometrical representation of each basis function for n=2 was that of a
pyramid with its basis lying on the input plane, they were called pyramidal basis.  In
addition to its Boolean universality, the cell was proved to posses some interesting
properties in approximating continuous mappings such as those required by various
nonlinear image filtering tasks. Although it requires n2 parameters, the pyramidal cell
model was the first for which was shown that each parameter can be quantified with a
very small number of bits, i.e. it is very robust. Therefore, although the

implementation complexity is of )2( nO , the parameters can be coded with 2 or 3 bits
without major changes in the overall functionality. At the limit, when the cell
represents a Boolean function, each parameter require only 1 bit which coincide with
the corresponding bit in the truth table defining the function.  The same interesting
property was observed in the case of the simplicial cell  as well.

Despite its interesting features, there are still two major drawbacks of the
pyramidal universal cell: First, there is no proof that it represents a universal
approximator for continuous mappings (the proof stands only for binary mappings i.e.
Boolean functions); Second, although it has a small number of  basic building blocks,

its implementation complexity is of )2( nO  and there is no way of reducing it except

by sacrificing computation time which becomes )2( nO  for an )(nO implementation
complexity.

In order to overcome the above drawbacks, the simplicial neural circuit was
recently developed [Dogaru et al., 2001a]. Although it still requires n2  coefficients

jc  in the model given by (2), it was shown that an elegant mixed-signal circuit

implementation exists so that the implementation complexity can be effectively
reduced to )(nO  while the computation time is of the same order. Moreover, there are
theorems in [Chien and Kuh, 1977] which guarantee that the network is an universal
approximator for any continuous input-output mapping and not only for the Boolean
functions. Therefore the simplicial neural cell which embeds many of the major ideas
described throughout this book has all features to be regarded as a successor to the
other “classic” neural nets listed in Table 1, while having better scores on the features
of interest.

The model of the simplicial neural cell is a particular case of (2) and can be
written as:

 ( )∑
+

=
=

1

1

n

l
ii ll

cy uµ (3)

where li  is a vertex index ranging between 0 and 12 −n . The interesting feature of

the simplicial neural cell circuit presented in more detail in Chapter II.4 is the
following:

Generating a ramp signal increasing from 0 to 1 (assuming that all inputs
[ ]1,0∈iu ) during a predefined period of time T (the systems’ clock period), the

correct sequence of n+1 binary codes of li  in (1.3) is provided at the output of n

comparators. The comparators are connected such that their inverting inputs are all
connected to the unique ramp signal while their non-inverting inputs are the actual
inputs of the simplicial neuron. Moreover, it is easy to prove that each binary code of

li  is present at the output of the comparators for a period of time, which is a fraction
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of T equal to ( ) T
li

⋅uµ . By employing a device (e.g. a Random Access Memory

addressed by li ) which maps the input binary code li to its corresponding coefficient

li
c and assuming that this mapping is done almost instantaneously, a current signal 

li
c

is also present at the output of the RAM for the same period of time ( ) T
li

⋅uµ . It is

clear that employing a simple capacitor to integrate the output of the RAM, at the end
of the entire computation cycle T the voltage on the capacitor is proportional to y in
(3). The main component of the simplicial or S-cell is the device mapping a binary
input vector 

li
v (representing the index li in a binary form) to its associated coefficient

li
c in (3).

The 
li

c coefficients are subject to an LMS (Widrow-Hoff) or other similar

learning process. Although there are n2  coefficients to learn, since at each
presentation of an input stimuli only n+1 of the basis functions are non-zero, the
learning process has the same complexity as that of a simple linear perceptron with n
inputs.

The mapping ( )
ll ii Cc v=  can be implemented in two manners:

• Using a RAM (or ROM) where the address bus receives the code 
li

v  and at

each address is stored the corresponding coefficient (using a limited number
of bits, say p bits). As shown in Chapter II.4, for many practical problems

even p=1 suffices. In this case, the implementation complexity is ( )nO 2 , but
this result should be interpreted optimistically since the RAM technology
with increased densities is readily available and represents the driving force
of the VLSI industry. On the other hand one should consider the following
question: What is more easy to implement, a system where all parameters

are concentrated in a single device (i.e. the np 2⋅  one bit RAM cells) or a
system such as the MLP where one has to build several tens or hundreds of
neurons, each with its own storage devices (e.g. analog RAMs or simillar)
for their synaptic weights ?  We suggest that for many applications the use
of a digital RAM as it results from the simplicial neural cell architecture is
the most efficient solution.

• Emulating the RAM with a neural network solution. Indeed, one can train a
convenient neural network architecture to learn the mapping ( )

ll ii Cc v=
instead of storing the coefficients in a table. It is expected that a dramatic
reduction in complexity will occur, particularly for the cases when a

problem is defined by a number of training samples nN 2<< . Indeed, if we
consider the fixed point representation of 

li
c  using p bits, each of these

binary outputs represents a Boolean function with n inputs (the binary code

li
v ) which can be conveniently learned by a multi-nested neural cell as

described in Chapter I.4. Therefore, the overall complexity in terms of
number of devices and parameters is only ( )nO  ! And this can be achieved
while the simplicial network is a universal approximator, therefore being
capable to solve arbitrary problems.  As we mentioned above, we should
consider this result with caution because each parameter of the multi-nested
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cell may require a representation resolution of ( )nO n /2 . At this point the
question mentioned above becomes more evident. Indeed, which device is
more convenient to implement: The RAM which is a readily available

device containing an array of n2  binary cells, or the ( )nO  complexity multi-
nested neural cell where each of the 2n parameters require some storage

mechanism with a resolution of ( )nO n /2  ?  Put in this way, the answer to
the question will be definitely the RAM. However, there are numerous
situations where the emulation of the RAM with a neural network is far
more convenient. Indeed, consider the example of a Median filter, discussed
in Chapter II.4. This example also demonstrates another viewpoint of the
simplicial neural cell. According to this viewpoint, the functional capability
of a neural network (the one emulating the RAM) is highly increased by
embedding it within the simplicial neuron circuitry.  For example, let us

consider the simple linear threshold gate defined by: 
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apply this LTG as a local filter for a 3x3 neighborhood in a noisy (salt and
pepper type)  gray level image, the result of processing will be a black-and-
white  image without any meaning.  However if we employ the same simple
neural structure as a mapping ( )

ll ii Cc v=  in a simplicial cell, the result is a

highly efficient Median filter which restores the original gray scale image
from the corrupted one [Dogaru et al., 2001b]. The implementation
complexity of the resulting simplicial cell is almost the same as that of the
linear threshold gate, leading to the simplest mixed-signal implementation
known so far for a Median filter. Its simplest digital counterpart requires an
estimate of 100 times more silicon than needed for the mixed-signal
implementation of this dedicated simplicial cell.

Concluding, we suggest that the solution of emulating the RAM with neural cells
is in fact highly desirable and can lead to dramatic reduction in complexity for some
specific problems. In fact it is known that most of the real world problems (and their
associated samples) have an inherent redundancy which recently motivated
researchers in the field to define the concept of a minimum description length (MDL)
neural network rooted in the theory of algorithmic complexity [Chaitin, 1987] based
on a different (non-Shannon) interpretation of the concept of information
[Kolmogorov, 1965]. According to these theories, for any informational entity there
should exists a minimal description length string of bits, which can generate the entity
given a machine to decode and interpret the string. Surprisingly enough, the
information in the genes of the living beings can be viewed as minimal description
length strings describing the complex biological entities which unfold trough
appropriate mechanisms of decoding and interpreting the genes. Although some
theoretical concepts were stated [Schmidhuber, 1997] no practical method was given
to construct MDL neural networks. Based on the results presented in this book we
suggest that simplicial neural circuits with RAM emulation via the multi-nested
neural cell constitute a practical approach to the problem of designing MDL neural
nets.

The method of RAM emulation is also very practical for situations where a large
number of  inputs are required leading to dramatic increases of the RAM sizes.  In

most cases, these situations correspond to a number of samples nN 2<< , therefore
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the RAMs will be inefficiently used (many locations will be never accesed). For
example, consider a problem with 30=n  and 3000 training samples. The
implementation solution using a RAM will require several RAM chips of 1024 Mbits
each (still not available on the market) while at most 30x3000=90.000 locations will
be effectively used. It is clear that in this case, independent of how complex the
problem to be learned is, the RAM emulation represents a much reasonable solution.
In most cases it might be possible that a simple linear threshold gate or a multi-nested
cell with a reasonably small number of “nests” (i.e. absolute value functions in (1))
will emulate enough well the RAM so that the overall simplicial cell will have very
good generalization performances.

The piecewise-linear models of neural networks presented within this book,
particularly the S-cell model (with either RAM implementation or multi-nested neural
cell emulation of the RAM) are general purpose neural nets with simple structures
leading to simple and efficient implementation in either micro-electronic technologies
or as software modules for micro-controllers. They employ simple and guaranteed
convergent learning algorithms, with some exceptions in the case of the multi-nested
neural cell.  At the same time, the functional capabilities of the S-cell is equivalent to
that of any of the well established neural architectures, at a lower implementation cost
and higher implementation densities. Thus, an overall characterization of the S-cell
leads to the conclusion that it resembles quite well the ideal neural architecture
mentioned in the 5’th line of Table 1.  These features make the S-cell and some of the
other networks described herein very good candidates for compact intelligent signal
processing applications embedded in portable and low power consumption devices.
The list of such applications include but is not limited to:

• Intelligent signal processing in mobile phones
• Multimedia applications in portable devices
• Medical instrumentation
• Intelligent remote sensors
• Dedicated image and sound processors
• Biometric identification systems and wearable computers
• Portable human computer interfaces

Within this book we focused on theoretical aspects defining the structure and the
training algorithms for the novel neural networks. Several examples in signal
classification and nonlinear image processing were provided to illustrate the
capabilities of the novel models. More emphasis on specific applications will be the
subject of further publications.


