A Computational Semiotics Approach for Soft

Computing

Ricardo Gudwin and Fernando Gomide

DCA-FEEC-UNICAMP

Caixa Postal 6101

13.083-970 ˘ Campinas, SP - Brasil e-mails: gudwin@dca.fee.unicamp.br, gomide@dca.fee.unicamp.br

ABSTRACT

The aim of this paper is to introduce a unified framework for soft computing based on the computational semiotics approach. Derived from semiotics, a classic disciplinein human sciences, computational semiotics provides a mathematical foundation for the concept of knowledge and for knowledge processing that issuitable for intelligent systems design and implementation. Asa result, a newperspective to studyand to develop intelligent systems emerges. Thetheoryintroduces the mathematical definition of objects, object systems and object networks. Theyare used to model thedifferent types of knowledge used in building intelligent systems.

Particularlyin thispaper, we focus on the use of computational semiotics framework to construct fuzzy systems, neural networks and evolutive systems. The paper also addresses soft computing system in an unified manner.

1. INTRODUCTION

Computational intelligence [9], and soft computing [8], are two termscoined to specifythe field within thestudy of intelligent systems which tryto model theintelligent behavior using some ideasfrom biologyand considering the definition and use of uncertaintyin computing. The three basic methodologies within soft computing are fuzz ysystems, neural networks and evolutive systems.

Initially, the methodologies were considered as isolated fields. Progressivel y, it started to appear hybrid models:

neuro-fuzzy, neuro-genetic, fuzzy-genetic, etc, that revealed the complementarityof these concepts and the possibilit yto put them all in a common paradigm

However, hybrid systems still lack an unified framework to characterize itsfuzzy, neural or evolutive characteristics in the same formalism. Aneuro-fuzz y

system is either a fuzzysystem with some neural enhancementsor a neural network with some fuzzy characteristics. Similarly, a fuzzygenetic system is either a fuzzysystem with some genetic componentsor a genetic algorithm with fuzzycapabilities. The same characteristics can be perceived in combinations of fuzz y-neural-evolutive systems found in the literature.

Semiotics, a traditional discipline in human sciences, was introduced in the nineteen centurybyCharles Peirce

[7]. Essentially, semiotics studies thebasic aspects of cognition and communication. Cognition meansto deal with and to comprehend phenomena that occur in an environment. Communication meanshowa comprehended phenomena can be transmitted between intelligent beings. The basic unit of semiotics is called sign , defined as anything that in a certain wayor aspect, representssomething to someone [7]. Semiotics considers howsigns are created, howtheyrepresent the different aspects of a phenomenon, and howsignscan be used to store and to transmit information.

The computational semiotics approach [2,3,4,1] is the computational viewof semiotics for modeling, development and implementation of intelligent systems.

Computational semiotics is build upon a mathematical description of concepts from classic semiotics. Its formal contentscan be regarded asa contribution towards the development of semiotic specific mathematical tools.

Thus, it is in the veryrealm of the formal foundations of intelligent systems.

In this paper, we focus on the use of thetools from computational semiotics as a general framework for soft computing. We showhoweach methodological cornerstone of soft computing can be instanciated in the computational semiotics formalism, and howhybrid systems can be constructed as well. In thissense, the computational semiotics tools are not envisioned as a newenhancement in anyparticular area of soft computing, but as a meta-theoretical tool able to formalize all thedifferent behaviors captured byeach of the formalismswithin soft computing.

2. A MATHEMATICAL THEORY OF OBJECTS

Thissection introduces some background concepts and definitions used bycomputational semiotics. The focus here ison the main issues and definitions only. For a more in depth coverage the reader is referred to [1] or

[2,3].

2.1 Variable

Let T be a countable set (a ^time~ set) with a generic element t, and X Í U. Avariable x of t ype X is a function x : T ® X . Note that a function is also a relation and hence it can be expressed bya set. Thus, x Ì T ´ X.

2.2 Class

A class C isa set whose elementsc i aretuples of the type:

(v 1 , v 2 , ... , v n , f 1 , f 2 , ... , f m ) , n ³ 0, m ³ 0 where v i Î V i , and f j are functions f j :

p P

p q Q

q j j

V V

Î Î

´´

® .

Here

´ means the cartesian product, P j Í {1, ... , n} and Q j Í {1, ... , n}.

2.3 Object

Let C be an non-emptyclass and c be a variable of t ype

C. Thusc isan object of class C.

Observe that, bydefinition, an object is a multi-temporal entity, i.e., the definition of an object comprises all its timehistory. A more intuitive definition concerns an instance of an object, viewed as the valueof an object at a particular instant of time, i.e., a tuple (v 1 , v 2 , ... , v n , f 1 , f 2 , ... , f m ).

2.4 Object System

A set of objects c i is an object system if the c i ´s are related to each other in thesense that each instance of such objects, at a given instant, is a function of the instances of all objects at the previous time instant:

c k (t+1) = f (c 1 (t), ... , c n (t) ).

Thisis onlya concise definition of an object system. The complete definition is far more involved. The reader is referred to [1] or [2,3] for details.

2.5 Object Network

An object system is a generic approach for modeling elementaryknowledge t ypes. An object network is a special type of object system in which additional restrictions concerning interactions are included. To distinguish object network and object syst em let us assume places and arcs whose roles are similar to those in Petri nets. Objects in places can onlyinteract with objects in places connected through arcs. Thus, at each instant, the objects defined should be at one place. For each place there is a set of places connected with through input arcs. These places are called the input gates of the place. Analogousl y, each place hasa set of places connected with it bymeansof output arcs, called output gates. Observe that objects can be of two types: passive and active. Passive objects do not have functions in its tuples and are onlyused to store information. Active objects do have functions in its tuples, and perform the task of transitions in the object network. Each place can onlyhave objects of the same class. In this sense, we can sa ythat there are passive and active places, if theobjects that can be put in a place are passive or active, respectivel y.

Object networks can be put in a graphical form, in wich places are represented bycircles and arcs bylines.

Passive places are indicated bycircles. Active places are indicated bydoubl e circles, and instances of objects by black tokens, asin figure 1.

Passive Places

Active P lace Instances of

Objects

Figure 1 : Example of an Object Network

Observe that differentlythan in Petri nets [5,6], the tokens areinstances of objects that have individuality, i.e., theyare not a marking on theplace, but are related to objects, with attributes and eventuallytransforming functions. Again, active objects, that perform the role of transitions, are also mobile and changeable. This gives to an object net great power of representation, allowing the modelling of systems that are not suitable to be modelled byPetri nets, e.g. adaptive syst ems.

The basic behavior in an object network isthe triggering of active objects. Triggering an active object corresponds to the generation of newinstances of objects in places directlyconnected to the place where the active object is through output arcs. To be triggered, an object must first have an enabling scope, that is, a set of object instances put in the input gates, enabling one of the object functions. To select an enabling scope, there is a selection function that select, from the object instances available, those that are to be used for triggering. After triggering, object instances maybe put in one ore more output gates of the place where the active object is. This is also determined bythe selection function. Theobject instances used as an enabling scope may(or not) be destroyed for the next time instant.

The complete set of definitions formalizing an object network isomitted here dueto space constraints. These definitions can be found in [1] or [2,3] and include the temporal restriction for objects, set variable, generic objects, fuzzyobjects, meta-objects, instances of metaobjects, occurrences of meta-objects in objects, generic objects and fuzzyobjects, generic meta-objects, occurrences of genericmeta-objects in objects, generic objects and fuzzyobjects, fuzzymeta-objects, occurrences of fuzz ymeta-objects in objects, generic objects and fuzzyobjects. All those definitionsare used to model the different types of knowledge from the viewpoint of computational semiotics theory.

3. THE FUNDAMENTAL TRANSFORMATIONS

In computational semiotics theory, the transformations that knowledge can suffer are represented bya special kind of knowledge, called argumentative knowledge or, more simply, ^arguments~. Three basic argumentsare indentified: deductive, inductive and abductive arguments. These argumentsaremodelled byactive objects, and the main features characterizing them are their selection and transformation functions, whose purpose are to select the instances of objects that are going to fed the triggering (plusthose that are going to be out and thetransformation function to trigger), and the transformation function itself, that defines howthe input information isused to generatethe output, respectivell y.

3.1 Deductive Argument

The deductive argument uses a transformation function which basicallycollects knowledge from two inputs. The first one constitutes a kind of generic knowledge concerning the knowledge bases of the system. The second input isa specific knowledge to be used as a

^key~ for the knowledge base. The general schemefor a deductive argument isasin figure 2. In this figure, we

find two input places, one of them holding the knowledge base and the other one thespecific input that is triggering the deductive argument. One place holds the deductive argument (theactive object) and the other one is the output place, where the deducted knowledge is to be put after triggering of the argument.

Deductive

Argument

Knowledge

Base

Input

Knowledge

Output

Knowledge

Figure 2 ˘ Deductive Argument

The main issues of the deductive argument, as an active object, are: to select, in the knowledge base, theproper pieces of knowledge and to use them with the input knowledge, activating one of its internal functions (the one more adequate for thetype of knowledge involved) to generate the output knowledge

3.2 Inductive Argument

The inductive argument is used to generate a newpiece of knowledge that can be compared, in terms of a measure, to other knowledge alreadyin the system. The basic configuration of an inductive argument is depicted in figure 3.

Inductive

Argument

Knowledge

Base

Input

Knowledge

Figure 3 ˘ Inductive Argument

The general use of inductive arguments is to modifya piece of knowledge previousl yst ored in a knowledge base, according to an input. In thissense, the modified knowledge is at the same time input and output of the inductive argument. But it can also be found in a scheme similar to theone in figure 2, changing the deductive argument byan inductive argument. Thedifference bet ween them is that theknowledge generated bya deductive argument isalreadycontained (in other format) in theknowledge base. In thissense, it only

^extracts~ theknowledge from the knowledge base. The inductive argument generates a newpiece of knowledge, that is not in the original knowledge base. The unique relationship to the knowledge in knowledge base is that it is possible to ^measure~ its distance to other pieces of knowledge in knowledge base, and thisdistance is always greater than zero.

3.3 Abductive Argument

The abductive argument isused to validate a piece (or pieces) of knowledge previousl ygenerated bya knowledge generator (e.g. an inductive argument or some sort of random process). In thiscase, theargument does not generate a newpiece of knowledge, but chooses, from a set of different candidates, the piece of knowledge that ismore plausible (given a plausibility measure). This scheme is shown in figure4.

Abductive

Argument

Knowledge

Generator

Output

Knowledge Knowledge

Candidates

Figure 4 ˘ Abudctive Argument

In terms of a mathematical object, what theabductive argument do is to use its selection function to choose an object among theobjects in the input place, and to move it to the output place. In this sense, it does not use its internal function to change knowledge. Thiswill be the case onlyif it isnecessaryto change the knowledge format.

3.4 Other Arguments

Other types of arguments can be found, considering com binations of the three basic types, or incorporating knowledge inside thestructure of the own argument.

Those argumentsarenot discussed here, but theydo exist.

4. IMPLEMENTING SOFT COMPUTING

THROUGH OBJECT NETS

In this session, we provide examples to showhow we can implement soft computing techniques with the computational semiotics tools.

4.1 Fuzzy Systems

A general fuzzyproduction system is shown in figure 5.

The main argument in a fuzzyproduction syst em is the deductive argument in P6, called the inference engine.

The other argumentsin P1, P3, P8 and P10 are also deductive arguments, but their onlytask isto convert knowledge into suitable format.

P8 - Defuzzyfier

P5 - Fuzzy

Rules

P3 - Fuzzyfier

P1 - Input

Interface P10 - Output

Interface

P2

P4 P6 ˘ Inference

Engine

P7

P9

Figure 5 ˘ FuzzySystem

4.2 Neural Networks

Figure 6 shows the representation of a self-organizing neural network byan object network. Note that this neural network hastwo main arguments. The deductive argument works during thefeedforward phase, when generating an output from an input. The learning function isan inductive argument that performs theselforganization of the neural network. It acts considering the input, and modifying the neural structure(i.e., the weights and offsets of theneural net), performing its learning phase.

Learning

Function

Neural Structure

(Weights and Offsets)

Input

Deductive

Argument

Output

Figure 6 ˘ Self Organizing Neural Network

Other types of neural networks (like supervised neural networks) would have a similar representation, including in thiscase a place for the desired output feding the learning function argument.

4.3 Evol utionary Systems

An example of an evolutionarysystem is given in figure

7. In thisexample, there isan original population, used as input for 4 inductive arguments (performing crossover, mutation, inductive mutation, etc), generating newsub-populations. Those 4 newsub-populations are then used, in conjunction with the original population, to fed an abudctive argument that will choose the new population (and destroytheold one). The best individue of this newpopulation isthen extracted byan abductive argument to generate a solution, and the newpopulation is redirected again to the beginning through a feedback deductive argument, that simplymoves the new population from thenewpopulation place to the original population place.

Abductive

Argument

Inductive

Arguments

New

Population

Original

Population

Sub-Populations

Sub-Populations

Inductive

Arguments

Solution

Extractor

Solution

Cycle Feedback

Figura 7 ˘ EvolutionarySystem

4.4 Hybrid Systems

The soft computing paradigm can be enlarged byusing not onlyits three main constituents (i.e., fuzzysystems, neural networks and evolutive systems), but with the computational semiotics approach, hybrid syst ems can be constructed aswell from the basic tools provided by the basic types of arguments, associated with the three main operations with pieces of knowledge: knowledge extraction, knowledge generation and knowledge selection.

5. CONCLUSIONS

In this paper, we discussed on the use of the computational semiotics tools aiming at an unified representation for soft computing. For thispurpose, we introduced the objects networks, a kind of metatheoretical framework for building intelligent systems.

We showed the basic blocks in building knowledge processing systems, discriminated bythe deductive, inductive and abductive arguments. These arguments correspond to the functions of knowledge extraction, knowledge generation and knowledge selection respectivel y. After, we derived examples, using the objects nets, for a fuzzysyst em, a neural network and an evolutive system. It is worth to mention that despite being used in an informal wa ythrough this paper, the object network has a well posed formal definition. To the reader interested in the formal definitions, we suggest

the references [1] and [2,3], where a deep coverage can be found.

The main issues addressed bycomputational semiotics are the following. First, byusing an unique formal model, we can specifya whole range of applications within the soft computing framework. This formal model has theadvantage of being easilyconverted into a computational algorithm, leading to a general framework for thedesign, analysis and implementation of intelligent systems. Second, the formal model is general enough to acomodate specific details of each technique, allowing the use of the most recent developments in each particular area of soft computing. And third, the use of semiotic concepts in the generation of the model can lead to hybrid systems that maycontribute for overpass the current developmentsin soft computing, astheyare not tied to anyparticular model. In this sense, new technologies are suitable to emerge, if we do not define a priori which type of computation isto be adopted (if fuzz y, neural or evolutive), but focus on theknowledge processing which is kept inside them. Thedevelopment of such hybrid systems, however, isstill a matter for future research.

6. BIBLIOGRAPHY

[1] Gudwin, R.R.- Contribuiçõesao Estudo Matemático de Sistemas Inteligentes ˘ Phd Thesis- DCA-FEEC-

UNICAMP, Maio 1996 (in portuguese)

[2] Gudwin, R.R.; Gomide, F.A.C. - ^Computational

Semiotics : An Approach for the Studyof Intelligent

Systems - Part I : Foundations~ ˘ Technical Report RT-

DCA 09 ˘ DCA-FEEC-UNICAMP, 1997.

[3] Gudwin, R.R.; Gomide, F.A.C. - ^Computational

Semiotics : An Approach for the Studyof Intelligent

Systems - Part II : Theoryand Application~ ˘ Technical

Report RT-DCA09 ˘ DCA-FEEC-UNICAMP, 1997.

[4] Gudwin, R.R.; Gomide, F.A.C. ˘ ^An Approach to

Computational Semiotics~ ˘ Proceedings of the ISAS´97

˘ Inteligent Systems and Semiotics : ALearning

Perspective ˘ International Conference ˘ Gaithersburg,

MD, USA - 22-25 September, 1997.

[5] Jensen, K. - ^Coloured Petri Nets : A High Level

Language for System Design and Analysis~ - Lecture

Notesin ComputerScience 483 - Advances in Petri Nets , pp. 342-416, 1990.

[6] Murata, T. - ^Petri Nets : Properties, Analysis and

Applications~ - Proceedings of the IEEE , vol. 77, n. 4,

April 1989.

[7] Peirce C.S. - Collected Papersof Charles Sanders

Peirce - vol I - Principles of Philosophy; vol II -

Elementsof Logic; vol III - Exact Logic; vol IV - The

Simplest Mathematics; vol V - Pragmatism and

Pragmaticism; vol. VI - Scientific Metaphysics - edited byCharles Hartshorneand Paul Weiss - Belknap Press of Harvard UniversityPress - Cambridge,

Massachussets, 2 nd printing, 1960.

[8] Zadeh L., ˘ ^Soft Computing and FuzzyLogic~,

IEEE Software , vol 11, n. 6, pp. 48-56, 1994.

[9] Zurada, J.; MarksII, R.J.; Robinson, C.J. -

Computational Intelligence - Imitating Life - IEEE Press,

USA, 1994.