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ABSTRACT: we first elaborate on the definition of an We discuss on how these concepts are connected, and how
elementary unit of knowledge, called here knowledge unit. Then wéhese abstractions fit the current understanding of what is
define three knowledge operators, knowledge extraction, knowledgdeduction, induction and abduction. We also show how we
generation and knowledge selection, aimed at being the elementagan use such operators to build Albus-like architectures and
ways of reasoning. These are compared to the traditional deductiothe GFACS algorithms. Assiated to Gudwin's hierarchy of
induction and abduction reasoning operators, resulting in th?ypes of knowledge, we speculate on how they would serve as

proposal that our knowledge operators could be viewed ag,q building blocks of universal intelligent systems.
generalized interpretations of the standard deduction, induction and

abduction reasoning procedures. We finalize by proposing them a8 KNOWLEDGE UNITS

the building blocks for universal intelligent systems. There are many attempts to define what would be the exact
semantics for the term "knowledge", what would be the
difference between "knowledge" and "information”, and what
would be the elementary pieces of knowledge, sones

1. INTRODUCTION called knowledge units. We provide our own definition: "A
Computational Semiotics refers to the attempt of emulating{nowledge Unit is a granule of information encoded into a
the semiosis cycle within a digital computer. Among Otherstructure"._ The exact understanding of such def|n|t|or! needs
things, this is done aiming for the construction of autonomou§©oMe Pphilosophical background, to be provided in the
intelligent systems able to perform intelligent behavior, whafollowing paragraphs. _ _

includes perception, world modeling, value judgement and First of all, we consider the existence ofemvironment,
behavior generation. There is a claim that most part off real world, which is defined as a set of dynamic
intelligent behavior should be due to semiotic processingOntinuous phenomena running in parallel. We assume we are
within autonomous systems, in the sense that an intelligerfitot able to know this environment in its whole. The part of
system should be comparable to a semiotic systenfnvironment we are _able to know, in a process that goes
Mathematically modeling such semiotic systems is beingnrough our sensors, is called our Umwelt [3]. The Umwelt,
currently the target for a group of researchers studying thelSo called oursensible environment is our best possible

interactions encountered between semiotics and intelligerfomprehension of reality. It is very important to stress,
systems. though, that Umwelt is not reality. It comprises only our best

The key issue on this study is the discovery Ofun.derstanding of .reality. In this sense, our sensors are the
elementary, or minimum units of intelligence, and theirPrimary source qf |nformat.|on that flows into our mlnq. These
relation to semiotics. Some attempts have been made aimir@§nsors do provide a continuous and partial information about
for the determination of such elementary units of intelligencePh€nomena occurring in ~ Umwelt. From this continuous
i.e., a minimum set of operators that would be responsible fopource of information, we extract what we call singularities,
building intelligent behavior within intelligent systems. These!-€-» clusters of information that can be aggregated under a
attempts include Albus' outline for a theory of intelligence [1]S|ngle concept. Th_gse singularities are discrete entities that
and Meystel's GFACS algorithm [2]. In this paper, we discusdnodel, in a specific level of resolution, the phenomena
on an alternative set of operators, namely knowledge
extraction, knowledge generation and knowledge selectior 8

O
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that should be understood as generalizations for the deductio

induction and abduction reasoning methods respectively. | REAL ﬁ>

this sense, knowledge extraction is viewed as an abstractic WORLD =)= @ Ej
for deduction, knowledge generation is an abstraction fo U @
induction and knowledge selection is an abstraction fol N
abduction, leading us to universal operators of generalize sersors

deduction, generalized induction and generalized abductiot Figure 1- Singularities Extraction



occurring in the world. We can also view these singularities & :
an intensional definition for what we are calling here
knowledge units (figure 1). ©
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o Figure 5 — Interpretation Problem
O
E@ g in order to locate the icon representing the phenomenon we
% !a': want to refer to.
@ Elementary knowledge units are formed due to these
@ R singularity extraction mechanisms. More elaborate knowledge
@ units, though, are formed by the application of knowledge
processing operators, illustrated in figure 6.
Figure 3 — Representation Space EXTRACTION
The view shown in figure 3 is though, our view of 8
representation spaceafter an interpretation. Before Ej
interpretation, the representation space is more like in figure @
4: a set of values occupying a place in space. To build a KnowLeoeE 8 KNowLEDE
knowledge unit, then, we need what we call a “focus of @
attention” mechanism, which selects a closed region of KNOWLEDGE

irnet%rrepsr(ee?e:filggn space, that is our primary field of Figure 6 — Knowledge Processing Operators
Then comes what we call the first interpretation problem, ~ These knowledge processing operators are from 3 basic
(illustrated in figure 5). How a set of values embraced by thdyPes, that we are going to call here generalized deduction,

focus of attention is going to be interpreted ? This is called thgeneralized induction and generalized abduction. We are
structural identification problem. going to address them in the following sections.

A second interpretation problem, that comes once wi A TAXONOMY FOR KNOWLEDGE UNITS
identified the structure within our focus of attention, is related ™"

with the semantic identification of information within the Knowledge units can be classified according to a taxonomy of
structure. If the data represented by the structure respects tdyRes of knowledge [4,5,6,7]. This taxonomy is inspired on
direct modeling of an environment phenomenon, thisthe classification of different types of signs, given by Peirce,
knowledge unit is called aiton. If it gives the localization ~and the different dimensions for an interpretant, by Morris.
within the representation space of another structure, it igasically, each type of knowledge is associated with a
called arindex. And, if it is a key in a conversion table, it is a different kind of concept (or idea), that is, the semantic that is
symbol. In this case, we will need to use the conversion tabldNtrinsic to a given knowledge type. We may have static and
(that should be another structure in the representation spac&ynamic knowledge types. The types referred as rhematic and



dicent [4,5,6,7] are static, in the sense that they only exist as<b, anda<c=<b. This is only a clue for understanding the
data. The knowledge types known as arguments are dynamitature of abstraction operator. The way in which we decided
They are dynamic in the sense that they do not only exist @s encode seb in tuple(2,0,7,1)is not trivial. We may view
data, but also performs transformations in the system. A diredhis operation as a kind of data compression operator. Each
analogy of static and dynamic types is the classification oknowledge unitb that can be expanded to other knowledge
information within a computer memory as data and codeunits g through some particular interpretation is said to be a
Static types are just like data in a computer memory. Dynamigeneralization of them. And they’s are said to be
types are like code in a computer memory. They can be seeapecializations df.

as data or code, depending on the context being analyzed.
Dynamic knowledge units are the primary source of activityg- THE ELEMENTARY KNOWLEDGE

in a semiotic system. They are responsible for the extractio®@PERATORS

of singularities and also for the further discovery andwe propose a minimum set of operators as a conceptual basis
manipulation of new knowledge units within the semioticfor the construction of intelligent systems. These are the
system. "knowledge extraction" operator, "knowledge generation”

operator and "knowledge selection" operator. In fact, they are
4. ARGUMENTATIVE KNOWLEDGE not exactly operators, but classes of operators.

Dynamic knowledge types are classified into the knowledge ]

hierarchy within a particular branch, involving the family of 6.1 Knowledge Extraction

argumentative knowledge units. Basically, an argumentativ§uppose a knowledge umitand a knowledge unit, such that
knowledge unit is a piece of knowledge whose semantic is thg<b. Then, a functiorike that map$ (remembering thab is
understanding of knowledge manipulation. In other words, ita structure, e.g. a structured number) amta = fke(b) is
indicates how to produce new pieces of knowledge, taking agalled a knowledge extraction operator.

input a set of knowledge units.

5. GENERALIZATION AND

P

SPECIALIZATION EQ?;"/’ALCET?SE
Knowledge units from some types of knowledge can be

compared to each other by means of an "abstraction" partial

order relation ). In this sense, if some knowledge urdts ® C

andb are related by < b, then we say thdi is an abstraction ®e

of a. Or, in other words, thdi is a generalization af, anda Figure 7 — Knowledge Extraction

is an specialization di. These concepts are fundamental for In figure 7 we have an example of knowledge extraction.
our definitions of knowledge extraction, knowledge

- . - From a set P of knowledge units, called the “premise”, the
generation and knowledge selection. The key issue fo

. : A bperator extracts a set C of knowledge units, called the
understanding the abstraction relation is to remember the tWR o clusion”. We call this operation knowledge extraction

possible ways of defining a set. We may define a set using i -5;se the extensional definition of the knowledge units in C

extensional definitionwhere we explicitly list all elements g o o pset of the extensional definition of knowledge units in
within the set. This way of definition is fine for finite sets p So, it “extracts” from P only part of its semantic content.
only. There is also the intensional definition of a set, where '

we define a set as the collection of all possible point$.2 Knowledge Generation

satisfying a condition. Using amtensional definition we Suppose now the saneandb above, and also a functickg

may represent a whole infinite set with only a finite number ofp, 4t mapsa onto b, i.e.p = fkg(@) Then fkg is called a
para}meter's. This implies in an encoding ablg to convert froarowIedge generation operator. Usually, this kind of operator
the intensional representation for elements in the extensiong ot single input/single output, but comprises a set of input
representation. For example, let a Sebe defined asS = ynowledge units and a corresponding set of output knowledge
{(xy) DR |y = 2X+7x+1}. This is an intensional definition ynits. Then, we have e.g. tHag,....n) = fKg(as,,....).

for setS We may represent sét as the tupl¢2,0,7,1) that In figure 8, the premise P is the collection of knowledge
encodes all the informatiorenessary to reconstruct the points units & and the conclusion C is the collection of knowledge
(x,y) belonging toS Suppose now a knowledge umit= " nitsh. One of the particularities of this operator is that the
(1,10)and a knowledge unix = (2,0,7,1) If we interprelaas  extensional definition of the knowledge units in C necessarily
being a pair in R andb as being the parameters representingcontains elements that are not originally in the extensional
the infinite setS we may say thaa<b, because knowledge definition of knowledge units in P. They have been added
unit b comprises not only, but a whole set of pairs obeying during the process of knowledge generation. This is what
the same relationship. Notice that we may have also @haracterizes the knowledge generation operation. This
knowledge unit = (0,1,1,10,2,31)that should be decoded as process can be done in many different ways, including
the set T = {(0,1),(1,10),(2,31)} and we would also have



our knowledge generation operator also includes some

P P operators that are not traditionally accepted as performing
"induction”. In this sense, our definition generalizes the idea
KNOWLEDGE & of induction, to include any kind of procedure that generates
GENERATION knowledge units that are more abstract than its inputs. And
KOV EDE finally, maybe the more controversial claim, our knowledge
o c ° selection can be compared to standard abduction operators.
O oo © Abduction is often viewed as inference to the "best"
Figure 8 — Knowledge Figure 9 — Knowledge explanation. It usually comprises the generation of a set of
Generation Selection hypothesis, their evaluation and the selection of the best one.

Our claim is that this view of abduction has interconnections
transformation of knowledge units (including insertion of with |nduct|or). The part reIaFed to'the generation of a set of
hypotheses is clearly an induction (or, better saying, a

i i lati fitti logic expansion of . . - . . .
noise), interpolation, fitting and topologic expansion o eneralized induction). The real abductive work is effectively

knowledge units or any hybridism of these techniques. A lo . : ; o
of examples may be set here. For example, the interpolation e evaluation and selection of the begt hypqthe5|s. This view
' é:onflicts with some approaches found in the literature.

functions adds all the points surrounding the original sample
The flttlng of functions neither requires the inclusion of 7.1 Deduction and Know|edge Extraction

sample points. Topologig expansion .fr.or.n a ngmber toa fL.JZZKlsuaIIy deduction is considered within the scope of
number, adds all the points in the vicinity of it. The Ieammgmathematical logic, generally propositional or first-order

algonj[h.m of a neyral netwo_rk.transforr'ns a set of VVe'ghtstogic. The most common form of deduction is the application
describing a nonlinear classifying function into another, bymc “modus ponens”. An example of deduction is given below.

justing it in order to include new sample points.
adjusting it in order to inclu ple p man(Socratel

6.3 Knowledge Selection mar(x) — morta(x)

Suppose now, that we have a set of input knowledge units, morta(Socrate
{an,a,...,a}, and a set of candidatfs,c,,...,G} for being the
output. Suppose also a functidiks that performs the
selection among the candidatbs: fks(a,&,...,&,C1,Co-+-,Gr),
in the sense thdi is one of theg's, and they's are used to
evaluate and choose among thys. Then,fks is called a
knowledge selection operator

In figure 9, the knowledge unitg, are within set P
(Premise) and the’s are within set H, also called set of
hypothesis. The knowledge unltss (more than one, in this

lected 7e, and indicated by C S . .
ggiﬁ)c,luirign‘;é ected among this, and are indicated by deduction is applied only to dicent knowledge. Our definition

Notice that there is a special case when there is only ord/oWs for the inclusion of other types of knowledge, as it
¢ in H, and then the selection becomes a “validation”. In thigeneralizes for any operatlon_that expllqlts knowledge that is
case, the knowledge units in P are used to validate the ne@if€ady present at the premises. In this sense, we call our

knowledge unit being output at C. In this sense, if they are ndglnowledge extraction operation as a.ger?eralized deducf[ion.
able to validate, it produces nothing as output ' otice how the calculation of a function is somewhat alike

modus ponens. We kndifx), and also, .Then we deducg,

combination of knowledge unitsfusion of knowledge units,

In this case, if we assume that it is true thatrateds a
man and it is also true that gomethingis a manthen this
somethings mortal, we may deduce th&ocratess mortal.

Notice how this definition is within our definition of
knowledge extraction. The knowledge that Socrates is mortal
is also within the premise that Socrates is a man and that all
man are mortal. Sanortal(Socrates)< {man(Socrates)’/
man(x) - mortal(x)}.

Propositions are dicent knowledge units, and usually

7. THE ELEMENTARY KNOWLEDGE = f(Xo). This is more or less the same that is happening at
OPERATORS AND THE CLASSICAL modus ponens, but in another context. In this sense, our
REASONING OPERATORS generalized deduction does exactly what its name says, it

) . generalizes the idea of deduction to other types of knowledge
There is a close connection between our elementarynits.

knowledge operators and the classical reasoning operators,

namely deduction, induction and abduction. Despite not beind.2 Induction and Knowledge Generation

the usual definition, our knowledge extraction operator couldnduction is known as a process of producing a general
be associated with a generalized deduction, in the sense thapioposition on the ground of a limited number of particular
comprises the behavior of traditional deduction operators, bifropositions such that these become special instances of the
extends it a little bit, allowing any kind of knowledge unit asformer. It concerns a process of going from particular to
input. The same is valid to generalized induction. TraditionahniversaL from concrete to abstract. This process is also
understanding of what is induction is within our definition for called generalization [8,9].

knowledge generation. It is important to note, although, that



The main process of induction starts with a set of samplekypothesis (which would be a induction), but as the test and
(of propositions, of concepts, of points, etc), that is used as selection of those hypothesis. This is not the current
seed to the general concept to be generated, by differenhderstanding, but we believe that it is a bettern suited insight,
possible techniques. This is similar to the procedure we calledhen we analyze the contribution of the three generalized
here knowledge generation, with one difference. In our®perators in building intelligent systems.
knowledge generation, not necessarily the generate
knowledge units have to be a generalization of the sample§:: BUILDING INTELLIGENT SYSTEMS
The samples are used only as a seed, to any procedure tA@rough the use of object networks [6,7], we are able to
uses it to generate new knowledge units. This is the differenageate systems where knowledge units are explicited by means
between induction, in its classic understanding, and ouof objects, and especially argumentative knowledge units are
proposition known as knowledge generation. active objects. In this section, we illustrate how to build

What comprises pragmatically this difference?intelligent systems using such ideas, using object networks to
Procedures that are not actually recognized as induction maodel an architecture similar to the one given by Albus, and
fit the more general definition. For example, the crossover andlso the GFACS algorithm given by Meystel. Meystel has
mutation procedures used in genetic algorithms can bproposed GFACS as the elementary unit of intelligence. Here,
included in knowledge generation, despite they are not usualywe show how to build intelligent systems using more
referred as being induction. In this sense, our knowledgelementary knowledge units.
generation would not be properly called induction, but a form . . .
of generalizednduction, where transformations of knowledge 8.1 Knowledge Processing within an Object Network
generating new knowledge are addressed in a general senk&owledge units are represented within an object network by
not only when this new knowledge is a generalization of theneans of objects, i.e., tokens that are at the same time data
input knowledge. Of course, this includes induction in itsand code, put in places along the network. Figure 10 presents
classical form. a small section of an object network.

7.3 Abduction and Knowledge Selection @\ictive Place Q

Abduction is one of the least studied ways of reasoning, and I

sometimes one of the most misunderstood. Even Peirce has @ /i@ Instances
of Objects

not put it clearly, sometimes callingabduction sometimes
calling it retroduction Different authors focus on different @/
aspects of abduction. For example, Ram & Leake [10] focus Input Places Output Places

on the whole process of explanatory reasoning, which Figure 10 — Section of an Object Network

includes ~anomaly detection, ~explanatory hypothesis The objects within the active place in figure 10 are

construction, hypothesis verification and selection of besbb- ;

N . ects able to perform computations. They select among the
_hypotheS|s. Van der Lubbe [11] understands abduction as ﬂ}?b}ects at inputp places usepthe informatizn within then% to
inverse of deduction, and treats it by what he calls pseudcb-u '

bduction. inverting _knowled ¢ d formi ild other objects and to modify their own structure, and
abduction, ering —xnowledge  trees and  periorming, g o565 the new objects created (or transport an input object)
deduction. We would like to consider abduction not onlyto

applied to dicent knowledge (logical calculus), but also to output places. The used objects may be released back to

e g Input places, may be destroyed or may be transported to
other types of knowledge, specifically rhematic knoWIEdgeoutput places. There are two main functions involved in this

[4]. This motivated us in trying to discover new abstractions rocess. The first one is the selection functions which assign

for what exactly happens during abduction, which leaded us e objects to be used as source of information, and the other

the proposal of understanding the generalized abduction a5i&ihe internal function, which takes this information, plus the

step of .selectlon/valldatlon. The exam.ple of Ram & Leake 'Shformation inside the structure of the own active object and
interesting, because they treat abduction as the whole proc Ses them to generate a new object. Conceptually, both
of explanatory reasoning. The question is: are all the Subﬂte%%lection function and internal function may be any function.

parts of abduction, or are they only a context in WhIChThis makes the active object a perfect representation of

abduction is performed ? A deeper analysis shows that mogt .
- .~argumentative knowledge, able to perform each or all of the
steps indicated by Ram & Leake as parts of the abductio ree generalized ways of reasoning: deduction, induction and

process could be classmed .W'th'n other modalities. '.:orabduction. The selection function would perform the role of
example, anomaly detection, is clearly a step of deduction

: X e abduction, and the internal function would perform the role of
Explanatory hypothesis construction could be classified as 8eduction or induction depending on the output being a
generalized induction. The step that concentrates the esse owledge unit more sp;ecific or more generic than the input
of abduction would be then only hypothesis verification an his makes object networks a very good tool for representiné
selection. This set out our position. We propose understandi d modeling intelligent systems
abduction not as the process of anomaly detection (whic '
would be a deduction), neither as the process that generates



One interesting property of an object network is that dueunits, i.e., the generalized deduction, induction and abduction
to its conceptualization, an active object may generate anotherocedures. For example, grouping is a kind of generalized
active object, in the same or in another place in the networknduction, focusing attention is a generalized deduction, and
In this case, the active part of the network is able to be&ombinatorial search is a mixture of generalized induction and
changed, increased or decreased dynamically, with thabduction.
network behavior. This property allows the modeling of
systems that are able to change its own structure, like Iearnin%; CONCLUSION
and adaptive systems. Examples of object network§Ve presented in this paper, some concepts that we believe are
implementing fuzzy systems, neural networks and geneticritical for the borning field of computational semiotics. We
algorithms are showed at [12]. touched on how semiotics concepts can be explored within the
. . context of intelligent systems, proposing some changes in the
8.2 Building Intelligent Systems current view of some known concepts
An illustration of an intelligent system, in Albus’ sense [1], Despite putting this matter in a somewhat speculative
implemented through object networks is shown in figure 11. form, the aim of this work is to open discussion about those
©/-\ issues, in order to prepare the terrain for the further

T m construction of a future intelligent systems theory, enhanced
and sustained by computational semiotics.
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