
Chapter 3
The General Philosophy of Artificial
Adaptive Systems

Paolo Massimo Buscema

3.1 Artificial Adaptive Systems

Artificial adaptive systems (AAS) form part of the vast world of natural computation
(NC) which is itself a subset of the artificial sciences (AS). Artificial sciences are
those sciences for which an understanding of natural and/or cultural processes is
achieved by the recreation of those processes through automatic models.

We shall use an analogy to explain the difference between artificial science and
natural language; the computer is to the artificial sciences as writing is to natural
language. That is, the AS consists of a formal algebra used for the generation
of artificial models which are composed of structures and processes, and natural
languages are composed of semantics, syntax, and pragmatics for the generation
of texts. Through each of these very different systems, a level of independence is
created; in natural languages, the utterances of sounds are fully dependent on the
time in which the utterances are made, but by representing those utterances with
writing, they become independent from time, for written documents (in the form
of books, manuscripts, typewritten pages, computer-generated output in the form
of both digital and hardcopy, etc.) exist outside the dimension of time. They exist
in the spatial dimension. Similarly, the computer achieves independence from the
physical system through the creation of a model. Such models are automations
of the original system and permit one to study the natural/physical system at any
time, even if the original system no longer exists. An example of such a system
is the active eruption of a volcano or the tremors of an earthquake. Through
extensive measurements of variables, a model can be constructed that permits
researchers to recreate the original volcanic activity or earthquake in a completely
controlled environment by which variables of choice can be controlled. Using
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Fig. 3.1 The diagram shows how the analysis of natural and/or cultural processes that need to
be understood starts from a theory which, adequately formalized (formal algebra), is able to
generate automatic artificial models of those natural and/or cultural processes. Lastly, the generated
automatic artificial models must be compared with the natural and/or cultural processes of which
they profess to be the model and the explanation

writing as an extension of a natural language permits the creation of cultural
objects that, before onset of writing, were unthinkable. Such cultural objects are
stories, legal texts, manuals, historical records, etc. In a similar manner, the AS
can create models of complexity that, before the construction of computers, were
unthinkable.

Natural languages and artificial sciences, in the absence of writing and the
computer, are therefore limited. But a written document not based on a natural
language, or an automatic model not generated by formal algebra, is little more
than a set of scribbles (Fig. 3.1).

In the artificial sciences, the understanding of any natural and/or cultural process
occurs in a way that is proportional to the capacity of the automatic artificial
model to recreate that process. The more positive the outcome of a comparison
between an original process and the generated model, the more likely it is that
the artificial model has correctly explained the functioning rules of the original
process. However, this comparison cannot be made simple-mindedly. Sophisticated
analytical tools are needed to make a reliable and correct comparison between an
original process and an artificial model. Most of the analytical tools useful for
this comparison consist of comparing the dynamics of the original process and the
dynamics of the artificial model when the respective conditions in the surroundings
are varied.

In sum, it could be argued that:

1. Varying the conditions in the surroundings yields a greater variety of response
dynamics obtained both in the original process and in the resulting artificial
model.
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Fig. 3.2 Taxonomic tree of the disciplines that make up the artificial sciences system

2. The more these dynamics between the original process and resulting artificial
model are homologous, the more probable it is that the artificial model is a good
explanation of the original process.

3. The more probable it is that the artificial model is a good explanation of the
original process.

In Fig. 3.2, we propose a taxonomic tree for characterization of the disciplines
that, through natural computation and classic computation, make up the artificial
sciences system.

Natural computation (NC) refers to that part of the artificial sciences (AS)
responsible for the construction of automatic models of natural and/or cultural
processes through the local interaction of nonisomorphic microprocesses. In NC,
it is therefore assumed that:

1. Every process is, more or less, contingent on the result of more basic processes
that tend to self-organize in time and space.

2. None of the microprocesses are themselves informative concerning the function
that they will assume with respect to others, nor the global process of which it
will be part.
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This computational philosophy, which is very economic for the creation of simple
models, can be used effectively to create any type of process or model that is inspired
by complex processes. NC in fact deals with the construction of artificial models that
do not simulate the complexity of natural and/or cultural processes through rules but,
rather, through commitments that, depending on the space and time through which
the process takes form, autonomously create a set of contingent and approximate
rules. NC does not try to recreate natural and/or cultural processes by analyzing
the rules which make them function, and thus formalizing them into an artificial
model. On the contrary, NC tries to recreate natural and/or cultural processes by
constructing artificial models able to create local rules dynamically and therefore
capable of change in accordance with the process itself.

The links that enable NC models to generate rules dynamically are similar to
the Kantian transcendental rules: these are rules that establish the conditions of
possibility of other rules.

In NC, dynamics such as learning to learn are implicit in the artificial models
themselves, while in classical computation additional rules are required.

Natural computation can be decomposed into the following:

• Descriptive systems (DS) are derived from disciplines that have developed,
whether or not intentionally, a formal algebra that has proved particularly ef-
fective in drawing up appropriate functioning links of artificial models generated
within NC (e.g., the theory of the dynamic systems, the theory of autopoietic
systems, fuzzy logic).

• Generative systems (GS) are theories of NC that have explicitly provided a formal
algebra aimed at generating artificial models of natural and/or cultural processes
through links that create dynamic rules in space and in time.

In turn, generative systems can be broken down into:

• Physical systems (PS): a grouping of those theories of natural computation
whose generative algebra creates artificial models comparable to physical and/or
cultural processes, only when the artificial model reaches given evolutive stages
(limit cycles type). While not necessarily the route through which the links
generate the model, it is itself a model of the original process; in brief, in these
systems the generation time of the model is not necessarily an artificial model of
the evolution of the process time (e.g., fractal geometry).

• Artificial adaptive systems (AAS) are theories of natural computation whose
generative algebra creates artificial models of natural and/or cultural processes,
whose birth process is itself an artificial model comparable to the birth of the
original process. They are therefore theories assuming the emergence time in the
model as a formal model of the process time itself.

In short, for these theories, each phase of artificial generation is a model
comparable to a natural and/or cultural process.
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Fig. 3.3 The diagram shows in more detail the formalization, automation, and comparison
between natural and/or cultural processes and automatic artificial models seen from two points
of view (classical computation and natural computation). Each point of view can be seen as a
cycle that can repeat itself several times. This allows one to deduce that the human scientific
process characterizing both the cycles resembles more the natural computation than the classical
computation one

Artificial adaptive systems in turn comprise:

• Learning systems (artificial neural networks – ANNs): these are algorithms for
processing information that allow for the reconstruction, in a particularly effec-
tive way, the approximate rules relating a set of “explanatory” data concerning
the considered problem (the input), with a set of data (the output) for which it is
requested to make a correct forecast or reproduction in conditions of incomplete
information.

• Evolutionary systems (ES): this means the generation of adaptive systems
changing their architecture and their functions over time in order to adapt to the
environment into which they are integrated or comply with the links and rules that
define their environment and, therefore, the problem to be simulated. Basically,
these are systems that are developed to find data and/or optimum rules within the
statically and dynamically determined links and/or rules.

The development of a genotype from a time ti to a time t(iCn) is a good example
of the development over time of the architecture and functions of an adaptive system
(Figs. 3.3 and 3.4).
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Fig. 3.4 Artificial adaptive systems – general diagram

3.2 A Brief Introduction to Artificial Neural Networks

3.2.1 Architecture

ANNs are a family of methods created to simulate the workings of the human brain.
Currently, ANNs comprise a range of very different models, but they all share

the following characteristics:

• The fundamental elements of each ANN are the nodes, also known as processing
elements (pe), and their connections.

• Each node in an ANN has its own input, through which it receives communica-
tions from the other nodes or from the environment, and its own output, through
which it communicates with other nodes or with the environment. Finally it has
a function, f (�), by which it transforms its global input into output.

• Each connection is characterized by the force with which the pair of nodes
excite or inhibit each other: positive values indicate excitatory connections, and
negative ones indicate inhibitory connections.

• Connections between nodes may change over time. This dynamic triggers a
learning process throughout the entire ANN. The way (the law by which) the
connections change in time is called the “learning equation.”

• The overall dynamic of an ANN is linked to time: in order for the connections
of the ANN to properly change, the environment must act on the ANN several
times.
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• When ANNs are used to process data, these latter are their environment. Thus,
in order to process data, these latter data must be subjected to the ANN several
times.

• The overall dynamic of an ANN depends exclusively on the local interaction of
its nodes. The final state of the ANN must, therefore, evolve “spontaneously”
from the interaction of all of its components (nodes).

• Communications between nodes in every ANN tend to occur in parallel. This
parallelism may be synchronous or asynchronous, and each ANN may emphasize
it in a different way. However, an ANN must present some form of parallelism in
the activity of its nodes.

• From a theoretical viewpoint, this parallelism does not depend on the hardware
on which the ANNs are implemented.

Every ANN must present the following architectural components:

• Type and number of nodes and their corresponding properties
• Type and number of connections and their corresponding location
• Type of signal flow strategy
• Type of learning strategy

3.2.2 The Nodes

There can be three types of ANN nodes, depending on the position they occupy
within the ANN:

• Input nodes: the nodes that (also) receive signals from the environment outside
the ANN.

• Output nodes: the nodes whose signal (also) acts on the environment outside the
ANN.

• Hidden nodes: the nodes that receive signals only from other nodes in the ANN
and send their signal only to other nodes in the ANN.

The number of input nodes depends on the way the ANN is intended to
read the environment. The input nodes are the ANN’s sensors. When the ANN’s
environment consists of data the ANN should process, the input node corresponds
to a sort of data variable. The number of output nodes depends on the way one
wants the ANN to act on the environment. The output nodes are the effectors of the
ANN. When the ANN’s environment consists of data to process, the output nodes
represent the variables sought or the results of the processing that occurs within the
ANN. The number of hidden nodes depends on the complexity of the function one
intends to map between the input nodes and the output nodes. The nodes of each
ANN may be grouped into classes of nodes sharing the same properties. Normally,
these classes are called layers.
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Fig. 3.5 Types of possible
connections

Various types can be distinguished:

• MonoLayer ANNs: all nodes of the ANN have the same properties.
• MultiLayer ANNs: the ANN nodes are grouped in functional classes; for

example, nodes that (a) share the same signal transfer functions or (b) receive
the signal only from nodes of other layers and send them only to new layers.

• Nodes sensitive ANNs: each node is specific to the position it occupies within
the ANN; e.g., the nodes closest together communicate more intensely than they
do with those further away.

3.2.3 The Connections

There may be various types of connections: MonoDirectional, BiDirectional,
Symmetrical, AntiSymmetrical, and Reflexive (Fig. 3.5):

The number of connections is proportional to the memory capabilities of the
ANN. Positioning the connections may be useful as methodological preprocessing
for the problem to be solved, but it is not necessary. An ANN in which the
connections between nodes or between layers are not all enabled is called an ANN
with dedicated connections; otherwise it is known as a maximum gradient ANN.

In each ANN, the connections may be:

• Adaptive: they change depending on the learning equation.
• Fixed: they remain at fixed values throughout the learning process.
• Variable: they change deterministically as other connections change.

3.2.4 The Signal Flow

In every ANN, the signal may proceed in a direct fashion (from input to output) or
in a complex fashion.

Thus, we have two types of flow strategy:

• Feed forward ANN: the signal proceeds from the input to the output of the ANN
passing all nodes only once.
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• ANN with feedback: the signal proceeds with specific feedbacks, determined
beforehand, or depending on the presence of particular conditions.

The ANNs with feedback are also known as recurrent ANNs and are the most
plausible from a biological point of view. They are often used to process timing
signals, and they are the most complex to deal with mathematically.

In an industrial context, therefore, they are often used with feedback conditions
determined a priori (in order to ensure stability).

3.3 Learning in the Artificial Neural Network

Every ANN can learn, over some period of time, the properties of the environment
in which it is immersed or the characteristics of the data which it presents. This is
accomplished in basically one of two ways (or mixture of both):

• By reconstructing approximately the probability density function of the data
received from the environment, compared with preset constraints

• By reconstructing approximately the parameters which solve the equation relat-
ing the input data to the output data, compared with preset constraints

The first method is known in the context of ANNs as vector quantization; the
second method is gradient descent. The vector quantization method articulates the
input and output variables in hyperspheres of a defined range. The gradient descent
method articulates the input and output variables in hyperplanes.

The difference between these two methods becomes evident in the case of a
feed forward ANN with at least one hidden unit layer. With vector quantization,
the hidden units encode locally the more relevant traits of the input vector. At the
end of the learning process, each hidden unit will be a prototype representing one or
more relevant traits of the input vector in definitive and exclusive form.

With gradient descent, the hidden units encode in a distributed manner the most
relevant characteristics of the input vector.

At the end of the learning process, each hidden unit will tend to represent the
relevant traits of the input in a fuzzy and nonexclusive fashion.

Summing up, the vector quantization develops a local learning; the gradient
descent develops a distributed or vectorial learning.

Considerable differences exist between the two approaches:

• Distributed learning is computationally more efficient than local learning. It may
also be more biologically plausible (not always or in every case).

• When the function that connects input to output is nonlinear, distributed learning
may “jam” on local minimums due to the use of the gradient descent technique.

• Local learning is often quicker than distributed learning.
• The regionalization of input on output is more sharply defined using vector

quantization than when using gradient descent.
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• When interrogating an ANN trained with vector quantization, the ANN responses
cannot be different from those given during learning; in the case of an ANN
trained with gradient descent, the responses may be different from those obtained
during the learning phase.

• This feature is so important that families of ANNs treating the signal in two steps
have been designed: first with the quantization method and then with the gradient
method.

• Local learning helps the researcher to understand how the ANN has interpreted
and solved the problem; distributed learning makes this task more complicated
(though not impossible).

• Local learning is a competitive type; distributed learning presents aspects of both
competitive and cooperative behavior between the nodes.

3.4 Artificial Neural Network Typology

ANNs may, in general, be used to resolve basically three types of complex problems,
and, consequently, they can be classified into three subfamilies.

3.4.1 Supervised ANNs

The first type of problem with which an ANN can deal is expressed as follows:
given N variables, about which it is easy to gather data, and M variables, which
differ from the first and about which it is difficult and costly to gather data, assess
whether it is “possible to predict” the values of the M variables on the basis of the
N variables.

This family of ANNs is named supervised ANNs (SV) and their prototypical
equation is:

y D f .x; w�/ (3.1)

where y is the vector of the M variables to predict and/or to recognize(target), x is
the vector of N variables working as networks inputs, w is the set of parameters to
approximate, and f () is a nonlinear and composed function to model.

When the M variables occur in time subsequent to the N variables, the problem
is described as a prediction problem; when the M variables depend on some sort of
typology, the problem is described as one of recognition and/or classification (this
is also sometimes referred to as the proscription problem).

Conceptually, it is the same kind of problem: using values for some “known
variables” to predict the values of other “unknown variables”.

To correctly apply an ANN to this type of problem, we need to run a validation
protocol.
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Fig. 3.6 Example of supervised ANN

We must start with a good sample of cases, in each of which the N variables
(known) and the M variables (to be discovered) are both known and reliable.

The sample of complete data is needed in order to:

• Train the ANN
• Assess its predictive performance

The validation protocol uses part of the sample to train the ANN (training set),
while the remaining cases are used to assess the predictive capability of the ANN
(testing set or validation set).

In this way, we are able to test the reliability of the ANN in tackling the problem
before putting it into operation (Fig. 3.6).

3.4.2 Dynamic Associative Memories

The second type of problem that an ANN can be expressed as follows: given
N variables defining a dataset, find out its optimal connections matrix able to
define each variable in terms of the others and consequently to approximate the
hypersurface on which each data-point is located.

This second subfamily of ANNs is named dynamic associative memories (dam).
The specificity of these ANNs is incomplete pattern reconstruction, dynamic

scenario simulation, and possible situations prototyping.
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Fig. 3.7 Example of dynamic associative memory – new recirculation ANN

Their representative equation is:

xŒnC1� D f .xŒn�; w�/ (3.2)

where x[n] is the N variables evolving in the ANNs internal time, w* is the
connection matrix approximating the parameters of the hypersurface representing
the dataset, and f () is some suitable nonlinear and eventually composed function
governing the process.

DAM ANNs after the training phase need to be submitted to a validation protocol
named “Data Reconstruction Blind Test”. In this test, the capability of a DAM ANN
to rebuild complete data from uncompleted ones is evaluated from a quantitative
point of view (Fig. 3.7).

3.4.3 Autopoietic ANNs

The third type of ANNs can be described as follows: given N variables defining M
records in a dataset, evaluate how these variables are distributed and how these
records are naturally clustered in a small projection space K (K < <N) according
to their most important relationships.

These ANNs are named unsupervised or also autopoietic ANNs (US). Their
specificity is the nonlinear extraction of the similarities among records in a database,
using all the variables at the same time. One important feature of these ANNs is also
the possibility that some of them have to visualize in a two- or three-dimensional
map the geographical similarities among records and among variables.

The prototypical equation of the US ANNs is

yŒnC1� D f .yŒn�; x; w�/ (3.3)

where y is the projection result along the time, x is the input vector (independent
variables), and w is the set of parameters (codebooks) to be approximated.
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Fig. 3.8 Example of unsupervised ANN for natural clustering – self-organizing map

In US ANNs, the codebooks (w) after the training phase represent an interesting
case of cognitive abstraction: in each codebook, the ANN tends to develop its
abstract cognitive representation of some of the data which it learned (Fig. 3.8).

3.5 Summary Table

Table 1 Type Dynamic Properties

Nodes Input Type of equation No Layer (each node is distinct
from every other)Output

MultiLayer (each node is the same
as those of its own layer)

Hidden I ! 0

MonoLayer (each node is the same
as the others)

Connections Symmetrical Adaptive Maximum connections
AntiSymmetrical Fixed Dedicated connections
MonoDirectional Variables
BiDirectional
Reflexive

(continued)
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(continued)

Table 2 Flow strategy Learning strategy

Type of ANN Feed forward with parametric or
adaptive Feedback

Approximation of the function:

IntraNode Gradient descent
IntraLayer Vector quantization
Among layers Learning conditions of the function:
Among ANNs Supervised

Dynamic associative memories
Unsupervised or autopoietic

Tables 1 and 2 Semantics and syntax of ANNs
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