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Abstract

Since fuzzy logic has proven to be a very useful tool for representing human
knowledge by means of mathematical expressions, the optimization of the
involved parameters has been one of the most investigated problems in the
theory of fuzzy expert systems. Typically, fuzzy systems have two compo-
nents — a discrete one, the rules, and a continuous one on the other hand,
the so-called fuzzy sets. Very many recent publications concern with the
optimization of these two sets of parameters with genetic algorithms (GAs).

Genetic algorithms are optimization methods which are based on the
mechanisms of natural evolution, such as selection, mutation, or sexual re-
production. Genetic algorithms were introduced approximately 25 years
ago and turned out to be a very promising approach to the solution of many
problems in artificial intelligence. During the last years the combination
of fuzzy logic and GAs has come into fashion. Nevertheless, or better, for
exactly that reason it is necessary to investigate this combination critically
and to expose the advantages and weaknesses objectively.

So far, we can distinguish between three classes of combinations. The
first one consists of approaches to the tuning of the first component, the
fuzzy sets, which represent, in some sense, the semantic information of the
rules. This mostly leads to continuous optimization problems with real-
valued parameters. The second class comprises methods for the discovery of
optimal rulebases. For these cases we typically get optimization problems
in discrete, but not necessarily finite spaces. Last, we can collect all the
methods, which do not fit in the first two classes, in a third group of methods.
In particular, methods, where fuzzy sets and rules are tuned simultaneously,
belong to the third type.

This thesis is intended to provide a profound introduction to both fuzzy
logic and genetic algorithms and to explore the possibilities to combine the
two paradigms.
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Chapter 1

Introduction

Growing specialization and diversification have brought a host
of monographs and textbooks on increasingly specialized topics.
However, the “tree” of knowledge of mathematics and related
fields does not grow only by putting forth new branches. It also
happens, quite often in fact, that branches which were thought to
be completely disparate are suddenly seen to be related.

Michiel Hazewinkel in the preface of [van Laarhoven and Aarts, 1987]

Many, if not most books and theses on fuzzy logic start referring to the
impressive success of this technique in the last decade filling whole pages
with lists of successful applications. Since this is sufficiently known, it can
be omitted here. I think it is more important to take a look at the challenges
of the future than to exult over the success of the presence and the past.
Although fuzzy methods have turned out to be very useful tools in many
fields, such as control theory, expert systems, cognitive problems, signal-
and image processing, robotics, to mention just a few of them, there are
many questions which are still to be clarified.

In a rough outline, fuzzy systems are rule-based systems which are ca-
pable of dealing with imprecise information. Their advantage is that nearly
everything inside the system can be kept interpretable for humans. Thus,
prototyping can be done very easy and fast in many cases. Unfortunately,
it can take a lot of time to tune all the involved parameters — a problem
which certainly becomes worse with increasing complexity of the system.
Since the trend turns more and more to the application of fuzzy methods to
very complex problems, it is necessary to deal with methods for performing
this optimization (semi)automatically. So far, we can roughly distinguish
between two categories of methods:



1. Offline optimization: Search for parameters such that a given qual-
ity measure is optimal; in many cases this quality measure is the dis-
crepancy between the actually obtained output and the desired output
for some representative (finite) set of inputs for which the desired or
correct output is known.

2. Online learning: In the narrow sense, fuzzy systems are nothing
else but static input-output functions with the advantage that the
parametrization is linguistically interpretable. So, there is definitely
no learning capability included in conventional fuzzy systems. On the
contrary, there are a lot of problems for which it is not so trivial or
even impossible to define a global quality measure, which is required for
an offline optimization as described above. Additionally, it can be of
interest to design fuzzy systems which adapt to varying circumstances
automatically. This entails the demand for adaptive (learning) fuzzy
methods.

A class of optimization methods which have come into fashion during the
last decades are genetic algorithms (GAs). They can be outlined as “evolu-
tionary methods”,as methods which imitate, in some sense, the mechanisms
of evolution such as sexual reproduction, mutation, etc.

During the last ten years the number of publications concerning with the
application of genetic algorithms to the optimization of fuzzy systems has
increased strongly. Papers on offline optimization with genetic algorithms
can be found as well as a few publications about online learning systems
which use GAs for the adaptation operations. The present thesis gives a
survey of the various approaches.

How this Thesis is Organized

Chapter 2 provides a comprehensive introduction to the concepts and meth-
ods behind fuzzy systems. The methods, which are really used in the ap-
plications discussed later, are especially emphasized. Nevertheless, the the-
oretical background is also exposed as much as necessary and meaningful.

Similarly, chapter 3 provides an introduction to the theory of genetic
algorithms. At first, different concepts and variants are discussed followed
by a brief convergence analysis. The chapter is closed with a view to hybrid
methods and other extensions.

Chapters 4-6 represent the real main part of this thesis. Based on the
considerations given in chapter 2 and 3, they give a structured overview
and comparative analysis of actual possibilities to combine fuzzy logic and
genetic algorithms. While chapter 4 deals with the optimization of the



shape of fuzzy sets with GAs, chapter 5 gives an introduction to the field of
methods for the acquisation of rulebases. Chapter 6 closes the thesis with a
view to further ideas combining fuzzy logic and genetic algorithms.

Appendix A is intended to be a reference work. Some mathematical
symbols and notations, which occur differently in the world of mathematics,
are defined there in order to avoid misunderstandings. Moreover, a brief
introduction to probability theory is given there to provide the theoretical
framework for the convergence analysis of genetic algorithms in chapter 3.

Technical Background of this Work

This text was typesetted using IATEX 2¢ with a customized document class
based on the HTEX 2¢ standard document class report. N. Schwarz’s dc
fonts were used as standard fonts. The work was additionally supported by
AMS fonts and symbols and the packages array, epsfig, exscale, ipa,
makeidx, and rotating. The bibliography database was created and main-
tained with BIBTEX. The index was created with the immens help of the
makeindex program. Pictures and graphics were created with Mathemat-
ica, xfig, or other tools and included as encapsulated PostScript files with
the epsfig package. Finally, the text was printed on a laser writer with a
resolution of 600 dpi.

Example programs were written in C on SiliconGraphics workstations
using the IRIX-C-compiler with X11-Motif and graphics libraries.



Chapter 2

The Fuzzy Rule-Based
Approach to Artificial
Intelligence

fuzzy \’foz-e\ adj fuzz-i-er; -est 1: covered with or re-
sembling fuzz 2: not clear: INDISTINCT [perhaps from
Low German fussig “loose, spongy”] — fuzz-i-ly \’foz-
o-16\ adv — fuzz-i-ness \’fo-z-e-nos\ n

Webster’s New Encyclopedic Dictionary

Seriously, the goal of artificial intelligence is not to build androids. The main
aim of artificial intelligence has always been to construct programs and/or
devices which perform human-like operations, decisions, etc. in order to
speed up production, to eliminate humans as factors of insecurity, or just to
give humans support in their decisions and actions.

The first approaches to artificial intelligence were (crisp) expert systems
and models imitating the functionality of the human brain — so-called arti-
ficial neural networks (ANNs). While conventional expert systems are rule-
based systems, which manipulate symbolic expressions based on traditional
binary logic, neural nets are systems with, in most cases, real-valued input
and output, which can learn from sample data, but without the possibility
to survey the actions inside. From that point of view, fuzzy logic can be
seen as an alternative to the two paradigms mentioned above. Why this is
the case should become clear within the next pages.

In a rough outline, fuzzy systems are rule-based systems which are able to
process vague, imprecise data. In this sense, fuzzy systems can be regarded



as generalized rule-based expert systems. Obviously, this generalization re-
quires a mathematical formulation of impreciseness and inference methods
adapted to this model.

2.1 Fuzzy Sets

2.1.1 The Basics

As anticipated above, we must define a mathematical framework for impre-
ciseness which should, in some sense, be an extension of binary logic. Let
us start with an example where mathematical preciceness is inappropriate
and unnatural. Consider for instance how to define the set of old people.
If we want to express “old” with a conventional set, it would be necessary
to fix a certain limit above people are old and below people are not old,
respectively. If we fix 70 as limit why should it then be justified to say that
a 71 year old person is old, but, on the other hand, a 69 year old person is
not old? Obviously, this is not the understanding of the term “old” humans
have. Fuzzy logic overcomes this problem by allowing intermediate degrees
of membership. This concept was introduced by L. A. Zadeh in 1965 (see
[Zadeh, 1965]). The following definition can be regarded as the basis of fuzzy
logic:

Definition 2.1 Let X be an arbitrary set, the so-called universe of dis-
course. Then a mapping p : X — [0,1] is called a fuzzy subset of X. We
will often abbreviate this with “fuzzy set”. The set of fuzzy subsets (the
fuzzy powerset) of X is denoted with F(X) := XU, A fuzzy set u is called
normalized if and only if 3z € X : u(z) = 1.

The values p(z) represent the degrees of membership to which the points
z belong to the fuzzy set . Of course, a membership value of 0 means that
an z does definitely not belong to the fuzzy set p and a value of 1 means
that x certainly belongs to pu.

In classical set theory the characteristic function of a set M is defined as

XM - X — {071}

{ 0 ifrgM (2.1)

* 1 ifzeM

Obviously, there is a bijective relationship between subsets M C X and
functions f : X — {0,1}.

i: PX) — xU
MCX — xm



From this point of view, subsets and characteristic functions can be identified
with each other.

Analogously, we speak of a fuzzy set A and its corresponding membership
function p 4, although, in this case, exactly the same object is meant.

Furthermore, it is clear from the definitions above that conventional so-
called crisp sets are special fuzzy sets whose membership values are either 0
or 1, but nothing in between.

In order to calculate with fuzzy sets we must generalize the basic set
operations such as union and intersection. The intersection and the union
of two crisp sets is given by

ANB = {z€X|lx€ ANz € B},
AUB = {zeX|lre AVzxe€ B},

or formulated with characteristic functions

xanp(x) = xa(z) Axs(),
xauB(z) = xalz)VxB(z). (2.2)

From these formulas it is obvious that union and intersection are nothing
else but the application of A and V to the membership values x4 (z) and
xB(z) for each z. So, for defining a fuzzy intersection and a fuzzy union,
it is near at hand to define generalized logical operators and to apply them
analogously to (2.2).

Definition 2.2 A ¢-norm (triangular norm) is a binary operation on the
unit interval T : [0,1]> — [0, 1] which satisfies the following axioms:

Vz,y € [0,1] : T(z,y) =T(y,x) (Commutativity)
Ve,y,z € [0,1]: T(z,T(y,2)) =T(T(z,y),z) (Associativity)
Vo,y,y €[0,1] 1 y <y = T(z,y) <T(z,y') (Monotonicity)

Vz,y € [0,1] : T(x,1)=xzAT(,y) = (Boundary condition)

Similarly, a binary operation S : [0,1]2 — [0, 1] is called a ¢-conorm (trian-
gular conorm) if the conditions

Vz,y €[0,1] : S(z,y) = S(y,x) (Commutativity)
Vz,y,z € [0,1]:  S(z,S(y,2)) = S(S(z,y),2) (Associativity)

Ve, y,y €[0,1]: y <4 S(z,y) < S(z,y’) (Monotonicity)

Vz,y €[0,1] : S(z,0) =z A S0,y) =y (Boundary condition)

are fulfilled. It is easy to see that ¢-norms and ¢-conorms interpolate the
classical AND and OR.

Remark 2.3 Due to the associativity of t-norms and ¢-conorms, it is justi-
fied to consider t-norms and ¢-conorms as n-ary operations.
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Figure 2.1: Commonly used #-norms

Example 2.4 Figure 2.1 shows graphs of four important representatives of
t-norms. The first one is

Tv(z,y) := min(z, y), (2.3)

which was introduced by L. A. Zadeh himself in his epoch-making paper
[Zadeh, 1965|. The second one

Ti(z,y) := max(zr +y — 1,0) (2.4)

goes to back to J. Lukasiewicz, a Polish pioneer of multivalued logic. Very
popular in many applications due to its smoothness is the product:

Tp(z,y) =y (2.5)

Rather unusual for applications but of theoretical interest is the so-called
drastic ¢-norm:

Y ifr=1
Tw(z,y) =% = ify=1 (2.6)
0 otherwise

It can be proven easily that Ty is the biggest and that Ty is the smallest
t-norm.

In fact, there are infinitely many different t-norms and lots of classes
or parameterized families of ¢-norms, more information can be found for



example in [Butnariu and Klement, 1993, [Kruse et al., 1994] or [Geyer-
Schulz, 1995].

Definition 2.5 Analogously to (2.2), we can now define the fuzzy inter-
section with respect to a t-norm 7" and the fuzzy union with respect to a
t-conorm S:
paneB(x) = T(pa(z),pp(z)) (2.7)
pausB(z) = S(pa(z),pp(r)) '
Again we can consider the union and the intersection as n-ary operations.
In the following we will often use expressions, such as

n
L‘Sj Aia
=1

where the union is set to A; if n = 1; analogously for the intersection.

Figure 2.2 shows how the shape of the intersection is influenced by the t-
norm.

Another question, which must also be clarified in this framework, is how
to define the complement of a fuzzy set. It is not so hard to see that this is
related to the definition of a generalized logical negation.

Definition 2.6 The complement CA of a fuzzy set A is defined as
pea(r) :==1—pa(z). (2.8)

In the world of fuzzy logic A is commonly used for the fuzzy complement.
The notation CA was chosen just for consistency and to avoid confusions
with the topological closure.

Remark 2.7 Of course, other generalized negations are reasonable. In
|Geyer-Schulz, 1995| a fuzzy negation is defined as an arbitrary non-increas-
ing function n : [0,1] — [0,1] which fulfills some additional boundary con-
ditions. The reason that only 1 — z was defined here is that it is almost the
only one which is really used in practice.

An important questions is, of course, how many properties of classical
binary logic are preserved in the fuzzy case. One equality, which is very use-
ful for simplifying expressions, is the so-called De-Morgan law. Its classical
formulation is —(a A b) = —a V —=b. Obviously, the fuzzy equivalent is

1-T(z,y) =51 —=z,1—y). (2.9)

It can be seen easily that this formula itself is a criterion for checking if
a t-norm/t-conorm pair satisfies the De-Morgan law. Moreover, from this
formula a suitable t-conorm S for a given ¢t-norm 7T can be derived with
S(z,y):=1—-T(1 —z,1 —y) and vice versa.
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Figure 2.2: Fuzzy intersections with respect to different ¢-norms

Example 2.8 The following table shows suitable ¢-conorms for the four

examples shown in 2.4:

Minimum Ty
TM (xa y) = min(xa y)

Product Tp
Te(z,y) =z -y

Lukasiewicz t-norm T7,
Ty (,y) = max(z +y — 1,0)

Drastic t-norm Ty

y ifz=1
Tw(z,y) =< = ify=1

0 otherwise

Maximum Sy
SM(fL', y) = max(x, y)

Probabilistic Sum Sp
Sp(z,y)=z+y—z-y

Bounded Sum Sy,
St(@,y) = min(z +y,1)

Drastic Sum Sw

y ifz=0
Sw(z,y):=< =z ify=0

1 otherwise




The proofs that the De-Morgan law really holds for these pairs are left to
the reader.

2.1.2 More about Operations on Fuzzy Sets

Definition 2.9 Under the assumption that A and B are fuzzy subsets of
universes of discourse X and Y, respectively, the fuzzy Cartesian product of
A and B in the product space X x Y with respect to t-norm T is defined as

paxrB(,y) = T(pa(z), p(Y))- (2.10)

Let us denote the set of all fuzzy Cartesian products of fuzzy subsets of X
and Y with F(X) xp F(Y) :={Axp B|A€ F(zx) ABe€ F(Y)}.

Note that F(X)x7rF(Y) C F(X xY) but for any pair X, Y with | X| > 1
and |Y| > 1 a trivial example shows that F(X) xr F(Y) # F(X xY).

Definition 2.10 For a fixed a € [0, 1] the crisp set

A% = {z € X|pa(z) > o} (2.11)
is called a-cut of fuzzy set A. Analogously, we define the set

A”% = {z € X|pua(z) > o} (2.12)

which is called strict a-cut of fuzzy set A.

In some application it can be necessary to transform one or more pa-
rameters. If these parameters are given in a fuzzy form, the transformation
must be applied to fuzzy sets. This leads us to the definition of the image
of a fuzzy set with respect to a given crisp function ¢. This idea is called
extension principle and goes back to L. A. Zadeh too.

Definition 2.11 Let X be an arbitrary universe of discourse and let ¢ :
X — Y be a function. Then the extension of ¢ to F(X) is defined in the
following way:
p: F(X) — F(Y)
A —  ¢(A)
where
Fgay Y — [0,1] (2.13)
y > sup{pa(z)ly = ¢(x)}.
The following theorem gives a representation of the strict a-cuts of the

extension which are actually the images of the strict a-cuts of the original
fuzzy subset.

10



Theorem 2.12

Vpe XV VAeF(X) Vael0,1]: ¢(A)>* = p(A>) (2.14)

Proof: Let ¢, A, and a € [0,1) (trivial for & = 1) be fixed. Then

$(A)”* ={y € Y|sup{pa(z)ly = ¢(z)} > a}
={yeY|FreX: y=do¢(x)Apa(z) > a}
CeYfre A0 y=ga)} = G470,

The extension can also be generalized to Cartesian products.

Definition 2.13 If we have universes of discourse (Xi)iel,_nv Y, correspond-

n
with 4; € F(X;), and a function ¢ : @ X; — Y,
i=1
then the extension of ¢ to F(Xy) X7 -+ X7 F(X,) with respect to t-norm
T is defined as

ing fuzzy subsets (4;),c1,

’([A)Z .7:(X1) Xo--- XT]:(Xn)
Ay X7 -+ X7 Ap

F(Y)

_)
= (A X X Ay)
with

B Ay seqescr Ay (U) i= SUD{T (pa, (1), - - pa,, ()|

)
Y= Pz an)}. (2.15)

Again a representation with strict a-cuts can be proven:

Theorem 2.14 Under the assumptions of definition 2.13, the extension,
which was defined there, matches exactly the result of applying the extension
principle defined in 2.11 in the product space. Then 2.12 yields for any
a € [0,1]

DAy X7+ X7 A)”% = p([A) X7 - XT A3]7%). (2.16)
If T = Tw, we can conclude further that

YAy X7+ X7 Ap) % = P(ATY X - x AY). (2.17)

Proof: If we apply the extension principle 2.11 in the product space, we
get

N"/A}(AIXT"'XTAn)(y) = SUP{ Ay s xp Ay (T1, -+ Tn) [y = (21,0, 20) }
= sup{T(pa,(z1), ., pa, (zn))|ly = P(z1,. .. 20) }
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for an arbitrary y € Y and we have shown the consistency. Then (2.16)
follows directly from theorem 2.12.

Now suppose that T' = Ty, then

[Ay X7+ xp Ap]”Y = {(@1,. .., 2n) | min(ua, (1), .., pa, (z)) > o}
{(x1,...,zp)|Vi € L,n: pa,(zi) > a}
=A7%x - x A®

and we get, together with (2.16),

P(AL X+ X7 Ap)”® = (AT x - x AZY).

2.2 Fuzzy Reasoning

As already anticipated previously, our goal is to formalize a rule-based
paradigm which is capable of dealing with imprecise information. Since
we have already defined fuzzy sets as an appropriate model for imprecise-
ness, it is now time to discuss concepts for dealing with fuzzy information
in a rule-based way.

2.2.1 Rulebases

Crisp rule-based expert systems normally consist of rules of the following
shape:
IF A THEN B, (2.18)

where B is an arbitrary statement which is executed if and only if the logical
expression A is true; A is called the antecedent, premise, or condition, B is
called consequence. The rule (2.18) can be regarded as an implementation
of the so-called classical modus ponens.

(A, A= B) k£ B (2.19)

As we are mainly discussing expert systems, decision systems, etc., it
is sufficient to restrict to rulebases with a finite number of rules m of the
following kind:

IF Ll(Il is AH, ey Xp is Aln) THEN Y= b1
: : : : (2:20)
IF Ly (x1is Apa,... @y is App) THEN gy := by,

where (z;),c77; are the input variables taken from the input spaces (X;),; 77,
(Aji)jeL—m are subsets of the corresponding input space X;, y is the output
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variable taken from the output space Y, (bj)jel,_m are values in Y, and
(Lj)jelTn are n-ary logical expressions. Note that X; can be arbitrary sets
such as real intervals, sets of natural numbers, and, of course, which is very
usual in decision systems, sets of linguistic labels.

Before we turn to the fuzzy case we have to analyze the semantics of
of the rulebase above in more detail. As apparent from (2.20), the rule-
base is, in some sense, a function from a subset M of X; x --- x X, to
a subset NV of Y. The statement “z; is Aj;” is a more readable notation
for the truth value of z; € Aj; which is, of course, xa,;(7;). With the
setting R; = {(z1,...,2n)|Lj(XA;1(71),- ., X4,,(Tn)) = 1} we can define
the semantics of the rulebase, the input-output function ® according to the
rulebase, respectively:

n

P: MC®®X; — NCY
—91 ’ = (2.21)

(1,...,2p) +—> b; if (z1,...,2,) €R;

Obviously, @ is well-defined if and only if

UMNR)=M and VE#j: ReNRyjNM # 0= b, =b;.
j=1

The rules, the premises of which are true for a given input, are called firing
rules.

The fuzzification of the inference discussed above poses the following
problems for us:

1. Since we want to model transitions, we must allow more than one
firing rule. Consequently, we have to find a method to aggregate the
outputs of the different firing rules.

2. In the crisp case the transition from the premise of a rule to the output,
the so-called inference, is nothing else but the classical modus ponens.
Since we also want to deal with truth values which are not necessarily
0 or 1, it is necessary to have concepts which generalize the classical
modus ponens. This generalization is often called approximate rea-
soning.

3. In some applications it can be required to process a fuzzy set as input
instead of a single value.

2.2.2 Mamdani Inference

First of all, we should define an exact notion for a “fuzzy variable” (see also
|Zadeh, 1987a] and [Zadeh, 1987b]).
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Definition 2.15 A linguistic variable is a quintuple of the form
(A, T(A),U,G, M), (2.22)

where A, T(A), U, G, and M are defined as follows:

1. A is the name of the linguistic variable
2. T(A) is the ground set of verbal values of A
3. U is the universe of discourse of variable A

4. G is the definition of the grammar which produces the names of the
values of A

5. M is a semantic rule which maps every verbal value X € T'(A) to its
meaning (fuzzy subset of U) M (X)

This definition provides a generality which is an overkill in many cases. In
the following, we will often suffice with a simplified variant:

Definition 2.16 A fuzzy variable is a tuple V = (X, A), where X is a crisp
set, the universe of discourse of variable V', and A is a finite set of fuzzy
subsets of X. We assume implicitely that there are unique verbal labels for
the variable and the fuzzy sets.

The first step towards the fuzzification of rulebases is, of course, to re-
place the input variables in (2.20) by fuzzy variables in the sense of 2.16.

If we replace the consequent values b; by one-elementary sets B; :=
{bj}, we get an equivalent formulation of (2.20) which can be fuzzified in a
straightforward way. The procedure of computing the output of the rulebase
®(x1,...,2,) can then be implemented as follows:

B :=0;
FOR j:=1TO m DO
IF Lj(XAjl(l“l), ... ,XAjn(wn)) THEN
B := (B U Bj);

As apparent from this algorithm, the output set is the union of all those
output sets B; for which L;(xa,, (z1),...,Xxa;,(zn)) = 1. With other words

B=JCjz,....zm), (2.23)
7=1
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with the definition

Li(xa,(z1),..., x4, (T ify==0,
ch(ml,...,ln)(y) = { 0]( Jl( ) J ( ’I'L)) OtherWi‘]Se, (224)
i.e.
XCj(1,mrn) Y) = XB; (Y) A Lj(Xa; (1), -, X4, (Tn))- (2.25)
From this point of view, the degree of membership, to which b; belongs to the
final output set B, is exactly the truth value of the expression L;(z1,...,zy).

Obviously, in this formulation we can allow an arbitrary number of firing
rules, even if they have different consequences. This procedure can now be
fuzzified easily.

We consider the following fuzzy rulebase:

IF Li(z1is Ay1,..., 2, is Aj,)  THEN gy is By
: : : : (2.26)
IF Ly(z1is Aty oy @y is Apy) THEN gy is By,

where L; are (fuzzy) logical expressions, (z; = (Xiy Ai)) ity and y = (Y, B)
are fuzzy variables, A;; and B; are fuzzy subsets of X; and Y with A;; € A;
and Bj € Bj, respectively.

In order to formulate a semantical interpretation of (2.26) we first need a
t-norm T3 and the suitable t-conorm S for evaluating the logical expressions
f/j, a t-norm T5, and a t-conorm So for computing the output set. Then we
can write down the corresponding input-output function explicitely:

V. MC®Xi — F(Y)

= m (2.27)
(xla"'axn) — \I/(ml,...,,’lfn) = @Cj(xla"'axn)a
j=1

with

L (2.28)

N'Cj(:z:l,...,:rn) Y —
y TQ(N'BJ' (y)a Lj(MAjl («'L'l), sy MA;, (xn)))a

what is obviously a fuzzification of (2.25). This approach was invented by
E. H. Mamdani (see [Mamdani and Assilian, 1975] and [Mamdani, 1977]), a
pioneer of fuzzy control. Thus, this method is called Mamdani inference.

2.2.3 Generalizations

In this paragraph more general concepts of fuzzy inference are presented.
They are based, in particular, on the notion of so-called fuzzy relations.
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In classical logic a relation on X X Y is a logical predicate of the form
z ~ y = logical expression. QObviously, this predicate can be regarded
as the characteristic function of a subset of X x Y. Hence, the following
generalization is near at hand:

Definition 2.17 Assume that X and Y are arbitrary universes of discourse,
then a fuzzy subset R is called a fuzzy relation on X x Y. The value pr(z,y)
can be regarded as the degree to which z is R-related to y.

Of course, many notions and definitions of the traditional relational calculus
can be taken over in a more or less straightforward way. We mention the
most important ones just for the sake of completeness.

Definition 2.18 Let X, Y, and Z be crisp sets, T" a given t-norm, and
R and () fuzzy relations on X X Y and Y x Z, respectively. Then the
composition Qo R € F(X x Z) is defined as

HQoR XxZ — [0,1]

(£.2) — sp{T(ur(e.9) o)y vy 22

If R is a relation on X x X for an arbitrary X, we can define the following
properties:

1. R is called reflexive if and only if ur(z,z) =1 for every z € X

2. R is called symmetric if and only if pg(z,y) = pr(y,z) for every pair
(z,y) € X

3. R is called T-transitive if and only if T'(ur(z,v), pr(y,2)) < pr(z, 2)
for every triple z, y and z

A fuzzy relation which fulfills all these three conditions is called a fuzzy
equality (relation).

The next thing we have to define in our theoretical investigation of fuzzy
inference is the “image” of a fuzzy set with respect to a fuzzy relation R.

Definition 2.19 For given sets X and Y, a fuzzy subset A € F(X), a given

t-norm 7', and a fuzzy relation R on X X Y the image Ro A € F(Y) of A
with respect to relation R is defined as

troa(y) = sup{T (pa(z), pr(z,y))|lz € X} Vyey. (2.30)

16



As they are intended to be, rulebases represent nothing else but input-
output relations. So, it is not so far-fetched to interpret fuzzy rulebases as
fuzzy relations. On the other hand, it can be of interest to fix relationships
between input and output and to try to find an appropriate fuzzy relation,
inference method, respectively, which models exactly these relationships.

Without loss of generality, we can restrict to rulebases with only one
input variable. The reason is that a rulebase with n inputs (X;, A;);_1;, can
be rewritten easily as a rulebase with one input (X7 x -+ x Xn,jl) where
the fuzzy subsets in A are intersections and unions of Cartesian products of

fuzzy subsets from flz with respect to t-norm 77 and ¢-conorm Sj.

If we want to represent the fuzzy rule
IF zisA THEN yis B

with a fuzzy relation as close as possible, we have to find a fuzzy relation R
on X x Y such that the relational equation

RoA=DB (2.31)

is fulfilled. For m rules we get a system of relational equations

RoA;=DB;, i1€l,m (2.32)

which has to be solved.

Theorem 2.20 For a relational equation of the form (2.81), where A is a
normalized fuzzy subset of X, R = A Xy B is the exact solution (see also
[Bauer et al., 1995/ for comparison,).

Proof: We have to show that (A x7 B)o A = B. Let y € Y be arbitrary
but fixed, then

(AxrByoA(y) =sup{T(ua(x), pax,B(z,y)|z € X}
= sup{T'(pa(z),T(na(z), pp(y)))|z € X}
= sup{T(T(uA(x),@(w)),uB(y)) |z € X}

=(+)

t-norms are monotonic in each component, thus (x) takes its supremum
in that point Z where p4 also takes its supremum. A was assumed as
normalized, hence we get

(axrByoa(y) = T(T(1,1), up(y) = pa(Y),
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which completes the proof. [ |

For systems of more than one relational equation the existence of a so-
lution is not guaranteed in such a simple way. The following relation is an
approximate solution of the system (2.32):

m

R:= |3J(Ai x1, By) (2.33)
i=1

The question is now how to compute the output of a rulebase which is given
in the relational form.

Definition 2.21 Let R be a fuzzy relation on X x Y. Then the fuzzy
constraint R|,, € F(Y) of R with respect to o € X is defined as

1R, () = pr(T0,y) Yy €Y. (2.34)

If R is a fuzzy relation representing a rulebase, then the fuzzy output of
the rulebase for a given z¢ € X is defined as the constraint R|;, of R with
respect to xg.

The next theorem closes the loop to the previous section.

Theorem 2.22 If we compute the output of a rulebase with one input vari-
able (X, A) and the output variable (Y,B) and rules of the form

IF zis A;, THEN vy is B;
using the Mamdani inference, the input-output function is exactly

p: X — F(Y)

e s RL. (2.35)

where the fuzzy relation R is defined as in (2.33).

Proof: With the definitions of (2.27) and (2.28) we can write down the
Mamdani inference for our case as
Uv: X — F(Y)

x — ¥(x):=Ci(z)Ug, - Ug, Cn(x)
with

Bcj(z) - Y — [07 1]

y — Ta(ps,(y),pa; ()

We have to show that for every zyp € X the equation

m

m

So) C](Ji) = U A xT, B

Jj=1 J=1 o
=:D
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Figure 2.3: Geometrical interpetration of the Mamdani inference (taken
from [Bauer et al., 1995])

holds. Let 4y € Y be arbitrary but fixed. Then the equation

MR\EO(?J) = pr(Zo,Y)
=52 (?2 (/’l’Al (]70)7 KBy (y))/, e 7?2(:“/1m (l‘g), KBm (y))/)

~ '

=1ey (2g)(¥) =UC () (V)
= 1 (y),
holds, which completes the proof. [
Figure 2.3 shows a geometrical interpretation of this fact.
As apparent from

HRo{zo}(Y) = sup{T (X (a0} (%), pr(7,y))|z € X}
= T(X{zo}(%0), Lr(Z0,Y)) = R (Z0,Y) = pR),, (Y)

the equation
Rlay = Ro {0} (2.36)

holds. If we replace the one-elementary set {zp} by an arbitrary fuzzy set,
we get a method for processing fuzzy input.

Definition 2.23 For a rulebase with one input variable (X,.A) and the
output variable (Y, B), where the rulebase is given in the form of the fuzzy
relation R € F(X x Y), the image of a fuzzy set A € F(X) is defined as

Ro A.
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Figure 2.4: Example for the application of the compositional rule of inference
(taken from [Bauer et al., 1995])

For R o A we have the explicit form

proa(y) = sup{Ta(pa(x), pr(z,y))le € X}.

This formula can also be interpreted geometrically (see also [Bauer et al.,
1995]) as the composition of the following operations

1. cylindric extension of A to A XY
faxr,y (T, Y) = pa(z)
2. intersection of A x Y with the relation R

f(Axp, V) R(TY) = To(paxy,y (2,9), pr(z,y))
= To(pa(@), pr(z,y))

3. projection of this intersection onto Y

pB(y) =sup{paxs, v)ng, (@, Y)|z € X}
=sup{Ta(ua(z), ur(z,y))|z € X} = proa(y)

This algorithm is called the compositional rule of inference; Figure 2.4 shows

a schematical visualization of the compositional rule of inference for a simple
example.
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Concluding remarks

The previous pages dealing with theoretical aspects of fuzzy inference were
intended to provide an introduction to the fields, which are required later,
with a reasonable amount of generality. Of course, there are many more
aspects and different treatments of approximate reasoning. For further ap-
proaches based on relations and equality relations see [Bauer, 1994, [Kruse
et al., 1994], and [Bauer et al., 1995]. For details on possibilistic approaches
we refer to [Kruse et al., 1994|, |Geyer-Schulz, 1995|, and some papers by
R. R. Yager, [Yager, 1980] and [Yager, 1983].

2.3 Processing the Output of a Rulebase

As defined above, the output of rulebases consists of fuzzy sets. This is
undesired in many applications. Mainly, there are two types of applications
where postprocessing of the output is required. On the one hand, in certain
types of expert systems, such as diagnosis systems, the output should be
a verbal expression, a linguistic label. We call the process of searching for
verbal labels for arbitrary fuzzy sets linguistic approximation. On the other
hand, especially in control applications, it may be necessary to have crisp
values as output. The methods, which compute a representative value of a
fuzzy set, are called defuzzification methods.

2.3.1 Linguistic Approximation

First of all, take a closer look at the definition of a linguistic variable
(A,T(A),U,G,M).

In many applications T'(A) is a finite set of linguistic labels such as “small”,
“large”, or “hot”". M : T(A) — F(U) is the function which maps each
linguistic label to its meaning — a fuzzy subset of U. So, M may be an
injective mapping, but, since T'(A) is, at most, a countable set, but F(U)
is always an uncountable one, it cannot be surjective. The aim of linguistic
approximation is to find a generalized “inverse” function M which gives
linguistic interpretations of arbitrary fuzzy subsets of U (see also [Geyer-
Schulz, 1995]).

The Best Fit Method

This method can be applied if T(A) is a finite set. The main idea of the
best fit method is to use a certain measure of discrepancy between two fuzzy
sets. For a given fuzzy subset B of the domain U the linguistic label of an
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arbitrary fuzzy subset of U is determined as the linguistic label of the fuzzy
set in T'(A) with the least distance to B:

M(B):=M~'(C) with d(B,C)=inf{d(B,D)|D e T(A)}, (2.37)

where d(.,.) is a pseudometric on F(U).

Other Approaches

If the grammar G consists of more than only atomic expressions, so-called
primary terms, the exhaustive best fit method may be unapplicable because
G can be defined recursively with the consequence that T(A) can be an
infinite set. In such cases, the following grammatical elements are commonly
used (compare with [Geyer-Schulz, 1995]):

Adjectives: atomic expressions such as “small” or “heavy”

Adverbs: modifiers such as “above”, “very”, or “not”; they can be realized
by logical operations but they can also be given as transformations of
the adjectives (see 2.1.2)

Connectives: binary (logical) connectives, such as “and”, “or”, “but”, etc.
They are realized as unions, intersections, etc.

These elements can, for instance, be combined using the following grammar

<verbal expression) := <adjective> |
“(” <adverb> <verbal expression> “)” |
“(” <verbal expression> <connective> <verbal expression> “)”;

For this case there are two approaches well-known so far. One is the
method of successive approximation which is based on refining the approx-
imation by applying more and more modifiers recursively. Further details
can be found in [Geyer-Schulz, 1995]. The second method is based on the
egmentation of a fuzzy set into several parts. Then the parts are inter-
preted independently. Finally, these parts are joined together to a whole
approximation by applying the connectives. This is called the method of
piecewise decomposition. It can be found in [Geyer-Schulz, 1995|, [Eshrag
and Mamdani, 1979|, or [Novik, 1989].

2.3.2 Defuzzification

In lots of applications the output of a rulebase should not be a verbal answer
or a fuzzy set but a certain control such as a force or a current. So, it can
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be necessary to have one representative value of the output set. Here we
restrict to universes of discourse which are finite intervals. This is not a seri-
ous restriction since forces, temperatures, or currents cannot take arbitrary
values in practice. Let O be a fuzzy subset of the domain Y = [a, b] in the
following (see also [Kruse et al., 1994]).

Mean of Maximum Method (MOM)

The mean of maximum method concentrates on the area where the degree
of membership is maximal. If the set

Ceil(0) :={y € Y|po(y) = sup po(z)} (2.38)

is non-empty and measurable, the MOM defuzzification of O is defined as

[ ydy
Ceil(0)

Emom(0) = T 1dy

Ceil(0)

(2.39)

Center of Gravity Method (COM)

A more global strategy, which also takes areas with lower degree of member-
ship into account, is the center of gravity (COG) method. It mostly yields
better analytical properties of the output function in terms of smoothness.
It is defined as the first coordinate of the center of gravity of the area under
the membership function. Under the assumption that po is an integrable
function, the COG defuzzification of O is defined as

coa(0) 1= . (2.40)

Center of Area Method (COA)

The center of area method (COA) takes that point which separates the
area under the membership function into equally sized parts. If po is an
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Figure 2.5: A fuzzy set where the MOM, COG, and COA method may yield
undesired results

integrable function, the COA defuzzification of O is defined as mean value
of z1 and Z9, where

71 = inf{z €Y =[a,0]| fuo(y) dy = fbuo(y) dy}
a T (2.41)
zy = sup{z €Y = [a,b]] [ po(y) dy = [ po(y) dy}.

Max Criterion Methods

Figure 2.5 shows a reasonable output for the steering angle of an object
which has to be moved around without colliding with obstacles. This set
can be interpreted as “evade the obstacle either by turning to the left or
to the right”. Obviously, each of the three methods discussed above would
yield 0 as defuzzified value what means, in fact, crashing directly into the
obstacle.

The max criterion methods are a class of methods which have in common
that they choose an element of the set Ceil(O) by applying some random
selection. The disadvantage of this approach is unpredictable, in some cases
instable behavior.

An alternative could be the following technique which is applicable when-
ever Ceil(O) is a union of finitely many disjoint intervals ([a;, b;]);c7 5:

Ll f|0(0) =1
&ivc(0) = @ with [ag, bg] chosen (2.42)
randomly from C'(0) if |C(O)| > 1

where C(O) := {[a;,b]|l € 1, N, b — a; = max,;5(b; —a;)} is the set of
intervals with maximal length. We call this modified max criterion method
(MMC).
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2.4 Fuzzy Systems

Since we have discussed all the essential ingredients of fuzzy systems, a term,
which we have used more or less intuitively until now, we can now join these
together in order to define exactly what a fuzzy system is. Roughly, fuzzy
systems are input-output systems which incorporate the methods we have
already dealt with. In literature there is nearly no exact definition “fuzzy
system” given. Nevertheless, it would be nice to have an exact, compact
definition and a mathematical representation of what a fuzzy system is. Of
course, “fuzzy system” is a term which can be interpreted in various ways.
So, the following definitions are only one possibility. They were chosen such
that all the elements, which we need in the following, are provided.

Definition 2.24 An atomic fuzzy system with fuzzy output is a quintuple
of the form

(Xa Va¢a OaRTl;Sl;Tz;S2)’ (2'43)

where

1. X is a family of n input spaces (X1,...,X,),

2. V is a family of 7 linguistic variables (A;, T;(4;), U;, G, M;)

iel,n’
3. ¢ is a preprocessing function from Xy x --- x X, to Uy x -+ x Uy
4. O = (B,T(B),Up,Gp, Mp) is the output variable,

5. Rty;s,;1:;5, is a rulebase whose semantics can be interpreted as a fuzzy
relation on Uy x --- X Uz x Up. Inside, the logical expressions are
evaluated using the operations 7} and Sp, the inference is performed
applying T5 and Sy as discussed in 2.2.

Note that such a system is capable of dealing with fuzzy input as well,
since we have discussed how to extend the function ¢ to fuzzy subsets of
Xy X - X X,

The output of such a system is then defined as

n
D g — F(Up) (2.44)
(1,...,2n) +— Rr.sims, o{p(z1,...,2n)}
for crisp input and as
n
D F(g) — F(Up) (2.45)

A —  R7y5,:1;9, © é(A)
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for fuzzy input.

An atomic fuzzy system with crisp output is defined as a tuple

(Xa‘/aqbaOaRTl;Sl;TQ;SQaf) (246)

where the first five entries are defined as above and ¢ is a defuzzification
method. Then the output is defined as

D X — Up

i=1 (2.47)
(1'1’ e ,:En) — (RT1;51§T2§S2 o {¢($1, e awn)})

for crisp input and as

d: F(Q) — Up
i1 (2.48)

A — ¢ <RT1;5'1;T2;52 ° QAS(A)>

for fuzzy input.

Remark 2.25 The concept of the preprocessing function is not commonly
used in the world of fuzzy logic. Here it is intended to allow expressions
such as

IF 21+ 22 is “low” THEN

which can be very useful in many applications.

Now we can turn to more complicated systems. As it is useful in many
applications to bundle the information, we consider hierarchical fuzzy sys-
tems.

Definition 2.26 A composite (or hierarchical) fuzzy system is a triple of
the form
(X,F,C), (2.49)

where
1. X =(Xy,...,X,) is a family of n input spaces,

2. F = (Fy,...,Fy)isaset of N pairwise different atomic fuzzy systems,
which can have either crisp or fuzzy output,

3. C = (Cij)icTw jetnry 8 @ N x (n 4+ N) connectivity matrix with
natural entries, which fulfills the following conditions:

e Assume that the atomic fuzzy system F; has n; inputs, then the
i-th line of C' must have exactly n; non-zero entries and the set
of non-zero entries must be exactly 1,n;.
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Figure 2.6: A composite fuzzy system

e Two atomic fuzzy systems F; and F; are called primarly con-
nected if and only if ¢;,4; # 0. Fj; and F; are called con-
nected if there is a primarly connected sequence (Fj,...,F;,)
with F;, = F; and F;, = F;. There must not be any F; which is
connected to itself.

e If ¢jj = a for 1 < i < n then the input space with number a of
the atomic fuzzy system F; must be equal to X;. If ¢;; = a for
n+1 <4 <n+ N then the input space with number a of atomic
fuzzy system F; must be the same as the universe of discourse of
the output variable of atomic fuzzy system F; —n.

¢ij = K means that the K-th input variable of the atomic fuzzy system F;
is either the j-th input variable of the system, if 1 < j < n, or, otherwise,
the output variable of F;_,. Logically, two atomic fuzzy systems F; and F;
are primarly connected if the output of F} is an input of F;. The output
variables of these atomic fuzzy systems, which are not connected to any
others, are called output variables of the fuzzy system.

It is intuitively clear that a composite fuzzy system is a directed, cyclefree

graph of atomic fuzzy systems. In the following we will call a composite
fuzzy system just fuzzy system for abbreviation.

Example 2.27 The connectivity matrix C of the fuzzy system shown in
figure 2.6 would be
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r1T T2 I3 T4 T F1 F2 F3 F4 F5
Fr|l1r 2 3 0 00 0 0 0 O
FBRl10o 0 0 1 210 0 0 0 O
F;10 0 0 2 0|1 3 0 0 O
Fi10 O O O O)J1 2 0 0 O
Fs10 O O O O)JO0O 2 1 3 O

The following lemma guarantees that the output of a composite fuzzy
system as defined above is well-defined even if it is not a tree.

Lemma 2.28 Under the assumptions of definition 2.26, the relation F; <
F; = (F; = F;) V (Fj is connected to Fj) is a partial order on R. The
minimal elements with respect to < are those atomic fuzzy systems Fy, where
all the entries in the k-th line of C are between 1 and n. Then the output
of the fuzzy system can be computed in a well-defined way.

Proof: Obviously, X is a reflexive and transitive relation. Assume that there
are F; and F; which are inequal but F; < F; and F; < F;. Then we have two
nontrivial primarly connected sequences F; < --- < Fj and F} < --- < Fj.
If we merge these two sequences, we get a nontrivial primarly connected
sequence F; < --- <X F; < --- < Fj, which is a contradiction. Thus, < is also
antisymmetric.

From the definition above we see that, if there is no atomic fuzzy system
F; which is connected to a certain Fj, all the entries must be between 1 and
n.

Since we are dealing with a partial order on a finite set, there exists
at least one minimal element (lemma of Zorn). So, we can compute all
the outputs of minimal atomic fuzzy systems. This process can be repeated
inductively by removing the minimal elements from the list of systems, whose
output still has to be computed, and computing the output of the minimal
elements of the remaining list until the list is empty. [

Algorithm 2.29 Based on the proof of 2.28 we can write down an algo-
rithm which computes the output of a fuzzy system of the form (2.49).

WHILE there are unmarked atomic fuzzy systems DO
BEGIN
select an unmarked F; whose input is already available;
compute the output of Fij;

mark F;
END

where “input already available” means that the input of F; consists of input
variables of the system or of outputs of already marked atomic fuzzy systems.

28



Lemma 2.28 guarantees that this procedure terminates and yields the correct
output.

2.5 Fuzzy Control

A very important subclass of fuzzy systems are so-called fuzzy controllers.
They are simple fuzzy systems of a special kind which are used in typical
control applications. So far, we can distinguish between two important kinds
of fuzzy controllers.

2.5.1 Mamdani Controllers

Definition 2.30 An atomic fuzzy system with n crisp inputs, without pre-
processing function, and with crisp output

(Xa Va lda O, RTl;Sl 15352y fCOG) (250)
is called Mamdani controller if
e for each V; = (4;,T3(4;),U;,G;, M;) we have U; = X; (of course,
because we have no preprocessing function),

e the domain Up of the output variable O = (B,T(B),Up,Gp, Mp) is
a measurable subset of R, an interval in the simpliest case,

e every Mp(C), where C € T(B), is integrable.

The semantical interpretation of a Mamdani controller as defined above is
then

n
D ® — Up
=1
( ) UfB y.uRTl;Sl;TQ;SQ (mly"wxn!y) dy (2.5].)
Llyeeesdp

J bRy o g (@1senTnyy) dy
Ug T13513T9;S Y7277

Unfortunately, the output surface ® of a Mamdani controller can have very
bad properties in terms of smoothness and interpolation behavior.
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2.5.2 Sugeno Controllers

The second class of a fuzzy controllers, which is named after M. Sugeno
(see [Sugeno, 1985]), is much simplier. It cannot be seen in the context
of our considerations on fuzzy systems at first glance. The advantages of
this approach are its simplicity and the good smoothness and interpolation
properties.

Definition 2.31 A rulebase with m rules of the form
IF zis A; THEN yis fj(z), (2.52)
with the semantical interpretation

Vi X — Y
2 1a; (@)1 (@) (2.53)

z — 2

m ?
22 pa;
i=1

where f; : X — Y are arbitrary functions and A; are fuzzy subsets of the
input space X, is called a Sugeno controller.

In many applications f; are constants. Often they are affine linear
functions, linear manifolds. Controllers of this kind are sometimes called
Takagi-Sugeno controllers (see [Takagi and Sugeno, 1985|) after T. Takagi
and M. Sugeno.

The weighted sum may look like a discrete version of the COG method.
Indeed:

Theorem 2.32 A Sugeno controller with pairwise different constants b; on
the right hand side can be represented as Mamdani controller with operations
TM and SM

Proof: With the definitions B; := [b; —¢, b +¢], where ¢ is chosen such that
the sets B; are pairwise disjoint, we can write the input-output function of
the Mamdani controller with rulebase

IF zis A; THEN yis B;
as

H{y - pr(T,y) dy
O(r) =

[ pr(z,y) dy ’
R
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where

pr(@,y) = Sm(Tm(pa, (), w, (Y), - Tm(pa,, (), ps,, (¥)))

_ [ pa(z) ifye B
0 otherwise,

because the sets B; are disjoint. Hence, we get

bj+5 b]-+€

i [ ypa; () dy in:MA]-(:v) (s
JZij_E j=1 bj—e
@(x) == o b]-+5 = = ;

Z f HA]-(:E) dy j§1 5'#Aj(:r)
i=1b—¢

> KA, (x)-2¢-b; S Iy ()b

= j:l — j:1
28 2, pa; (@) 2 b ()
i=1 =

and the proof is completed.

There are a lot of publications concerning with the properties of Sugeno
controllers. L. X. Wang has proven (|[Wang, 1992]) that the set of Sugeno
controllers with X = [a1,b1] X - - X [ay, by] as input space is dense in the set
of continous functions f : X — R with respect to the sup norm. B. Moser
(see [Moser, 1996]) has shown that the set of Sugeno controllers with X =
[a1,b1] X -+ X [an,b,] as input space with a bounded number of rules is
nowhere dense in the set of continous functions f : X — R, again with
respect to the sup norm. Further works also concerning with these properties
are, just for example, [Kosko, 1992|, [Buckley, 1993|, [Bauer et al., 1993|, and

[Bauer et al., 1995].
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Chapter 3

Genetic Algorithms

Although the belief that an organ so perfect as the eye could have
been formed by natural selection, is emough to stagger any one;
yet in the case of any organ, if we know of a long series of gra-
dations in complexity, each good for its possessor, then, under
changing conditions of life, there is no logical impossibility in
the acquirement of any conceivable degree of perfection through
natural selection.

Charles Robert Darwin about difficulties of his theory ([Darwin, 1991])

Applying mathematics to a problem of the real world mostly means, at
first, modeling the problem mathematically, maybe with hard restrictions,
idealizations, or simplifications, then solving the mathematical problem, and
finally, drawing conclusions about the real problem based on the mathemat-
ical solutions. During the last decades the, in some sense, opposite way has
come into fashion — imitating intelligent procedures, which occur in the real
world, with mathematical algorithms. Three examples of such algorithms,
which can be regarded as based on procedures of nature, are artificial neu-
ral networks, genetic algorithms, and a probabilistic optimization method
called simulated annealing.

If we disregard religious aspects for a moment, the world as we see it to-
day, with its variety of different creatures, its individuals highly adapted to
their environment, with its ecological balance (under the ideal assumptions
that there is still one), is the product of a three billion years experiment we
call evolution, a process based on sexual and asexual reproduction, selec-
tion, mutation, and so on. If we look inside, these procedures are certain
operations on the genetic material of the individuals. The complexity and
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adaptability of today’s creatures has been achieved by refining and combin-
ing the genetic material over a long period of time. Genetic algorithms are
probabilistic optimization methods which try to imitate this process. This
concept was first introduced in 1967 by J. D. Bagley in his PhD thesis “The
Behavior of Adaptive Systems Which Employ Genetic and Correlative Al-
gorithms” ([Bagley, 1967]). The theory and applicability was also strongly
influenced by J. H. Holland, a pioneer of genetic algorithms. The first text-
book on GAs, which has become a standard reference work, was written
by D. E. Goldberg (|Goldberg, 1989]). Another useful standard work is the
collection [Davis, 1991].

3.1 Concepts and Notions

3.1.1 The Basics

As anticipated above, genetic algorithms are optimization methods based on
the mechanisms of natural reproduction which are operations on the genetic
material of living beings. This genetic information is contained in the cell
nuclei of the sex cells of these creatures. It consists of a certain number of
chromosomes which carry the genetic information, the genes. So, for obvious
reasons, genetic algorithms operate on structures which are organized similar
to chromosomes.

Let us consider the following optimization problem:

Find an zp € X such that f is maximal in zy, where f: X — R

is an arbitrary real-valued function, i.e. f(z¢) = sup f(z).
zeX

(3.1)

We call X the search space of the uncoded problem; f is called objective
function of the optimization problem. Let S be a set of strings and G a
grammar which describes the syntax of the strings contained in S. Then the

function
c: X — S
z — c(z) (3:2)
and the function
c: S — X
s — é(s) (3:3)

are called coding- and decoding function, respectively, if and only if ¢ is in-
jective and (co¢) = idg; S is called search space of the encoded optimization
problem:

Find an so € S such that f := f o ¢ is maximal in s,

i.e. f(so) = sup f(s). (3.4)

seES
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A genetic algorithm is now a probabilistic optimization method which tries
to solve the optimization task (3.4) by applying genetic operations.

The following table lists analogies between natural evolution and the
genetic algorithm paradigm:

Natural Evolution | Genetic Algorithm
genotype coded string

phenotype uncoded point
chromosome string

gene string position

allele value at a certain position
fitness objective function value

Of course, a GA can only be a simplified model of the process of evolution.
The most important difference is that “fitness” in the real world cannot be
expressed by a single value. Seriously, fitness in the real world is a vector
with components, such as “intelligence”, “strength”, or “fertility”.

We have seen above that genetic algorithms try to solve a coded (trans-
formed) optimization problem instead of the real problem itself. The second
significant difference between conventional methods and genetic algorithms
is that GAs do not operate on single points but on whole sets of trial points
— a generation (population) of strings. The most general formulation of a
GA is the following outline of an algorithm:

Algorithm 3.1

t:=0;
Compute By;

WHILE stopping condition not fulfilled DO

BEGIN
Byiy1 = 0(By);
t:=t+1
END

0 is the so-called probabilistic transition operator which computes the next
generation B, from the previous one B; taking the fitness of its individuals
into account.

Normally, § is a composition of various probabilistic operators which we will
discuss in the following.

Compared with traditional continuous optimization methods, such as
Newton- or gradient descent methods we can state the following significant
differences:
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1. GAs manipulate coded versions of the problem parameters instead of
the parameters themselves.

2. While almost all conventional methods search from a single point,
GAs always operate on a whole population of points (strings). This
contributes to the robustness of genetic algorithms. It improves the
chance of reaching the global optimum and, vice versa, reduces the
risk of becoming trapped in a local stationary point.

3. Normal genetic algorithms do not use any auxiliary information about
the objective function value such as derivatives.

4. GAs use probabilistic transition operators, conventional methods for
continuous optimization apply exclusively deterministic transition op-
erators.

From this point of view, it seems clear that genetic algorithms are robust
methods which can, due to their generality, be applied to a wide range of
different optimization problems. On the other hand, they can be of weak
performance, because they disregard all information which can be useful.

Let us first consider the simpliest kind of a genetic algorithm which is
widely used in the solution of continous optimization problems as well as in
discrete optimization. It is characterized as a GA which operates on (not
necessarily binary) strings of a fixed length n (see especially [Holland, 1992]
and [Goldberg, 1989]).

3.1.2 Genetic Algorithms with Objects of Fixed Size

Above, we have already mentioned that GAs use probabilistic transition
operators which are imitations of mechanisms occuring in the natural sexual
reproduction process. A simple genetic algorithm, which operates on strings
of fixed size, incorporates the following methods in its transition operator §:

Selection: Individuals with high fitness are favored in the reproduction
process. Concretely, individuals with high fitness have a higher prob-
ability to survive and to reproduce themselves.

Mutation: In real evolution the genetic material can by changed randomly
by erroneous reproduction or other deformations of genes, e.g. by
gamma radiation. In genetic algorithms mutation can be realized as a
random deformation of the strings with a certain probability.

Crossing over: Method of merging the genetic information of two individ-
uals; this mechanism has contributed much to the fast adaptation of
sexually reproducing species.
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We can summarize this in the following algorithm:
Algorithm 3.2 Let m be the size of the population.

t:=0;
Compute initial population By = (b1g,...,bm0);

WHILE stopping condition not fulfilled DO
BEGIN

FOR i:=1TO m DO

BEGIN

select an individual g from By;

IF Random[0,1] < pc THEN
cross g with a randomly chosen individual of By;

mutate g;

bity1:=9g
END
t:=t+1

END

This algorithm already contains the mechanisms we mentioned above. Now
it is time to take a closer look at these.

Selection

Selection is, in fact, the component which guides the algorithm to the so-
lution. It should be a mechanism which favors high-fitted individuals but
disadvantages low-fitted ones. It can be a deterministic operation, but, in
most implementations, it has random components.

One variant, which is very popular nowadays, is the following scheme,
where the probability to choose a certain individual is proportional to its
fitness. It can be regarded as a random experiment with

f(bje)

- . (3.5)
> f(br)
k=1

Plbj is selected] :=

Of course, this formula only makes sense if all the fitness values are positive.
If this is not the case, a transformation must be applied (a shift in the
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simpliest case). This random experiment is, in some sense, a roulette game
in which the probabilities to select a certain individual depends on its fitness.

As anticipated above, it can be necessary to use a transformed fitness
function in the selection. Then the probabilities can be expressed as

‘P(f(bjt))

Plbj is selected] := —
k21 @(f(bk,t))

(3.6)

where ¢ : R — RT is a non-decreasing function. The function ¢ can also
be useful to accelerate the accumulation of high-fitted individuals. Consider
for instance ¢(x) := zP with p > 1. In this case it becomes, depending on
p, less probable to select low-fitted strings.

The algorithmical formulation of the selection scheme (3.5) can be writ-
ten down as follows, analogously for the case of (3.6):

Algorithm 3.3

z := Random[0, 1];
1:=1

WHILE i <m & o < 35, f(bje)/ 7%, f(bjy) DO
1:=1+1;

select b; 4;

Summarized, this mathematical selection is an equivalent to the struggle
for life in which high-fitted individuals have better chances to survive. This
method will be called proportional selection in the following.

Crossing Over

In real sexual reproduction the genetic material of the two parents is merged
during meiosis (see [Linder, 1979] or [Gerhardt et al., 1976]). This mech-
anism is a very powerful tool to introduce new genetic material which is,
with high probability, of higher fitness than its parents. Several investiga-
tions have shown that crossing over is the reason why sexually reproducing
species have adapted faster than asexually reproducing ones.

Basically, crossing over is the exchange of genes between the chromo-
somes of the two parents. In real meiosis it is, simplistically, exchanging
of parts of chromosomes. In our investigation of genetic algorithms with
objects of fixed size crossing over can, in the simpliest case, be realized as
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Parents Children

000110100111 000110101100

\

\

‘ _

\

\
110011001100] 11001100011 1]

Figure 3.1: One-point crossing over of binary strings

cutting two strings at a randomly chosen position and swapping the two
tails. This process is visualized in figure 3.1. We will call it one-point cross-
ing over in the following.

Algorithm 3.4
pos := Random{1,...,n —1};

FOR ::=1 TO pos DO
BEGIN
Child,[i] :== Parent [i];
Childg[i] :== Parents|i]
END

7

FOR i:=pos+1 TO n DO
BEGIN
Child,[i] :== Parentz[i];
Childs[i] :== Parent [i];
END

One-point crossing over is a simple and often-used method for GAs which
operate on binary strings. For other problems, different codings, but also for
the case of binary strings, different crossing over techniques are reasonable
or can even be necessary. We mention just a few of them, for more details
see |Geyer-Schulz, 1995]:

N-point crossing over: Instead of only one N breaking points are chosen
randomly. Every second section is swapped.
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Segmented crossing over: Similar to N-point crossing over with the dif-
ference that the number of breaking points can vary.

Uniform crossing over: For each position it is decided randomly if the
positions are swapped.

Shuflle crossing over: First a randomly chosen permutation is applied to
the two parents, then N-point crossing over is applied to the shuffled
parents, finally, the shuffled children are transformed back with the
inverse permutation.

Mutation

The last ingredient of our simple genetic algorithm is mutation. In the
real world it is the random deformation of the genetic information of an
individual by means of radioactive radiation or other outer influences. In
real reproduction the probability that a certain gene is mutated is almost
equal for all genes. So, it is near at hand to use the following mutation
technique for a given binary string S:

Algorithm 3.5

FOR ::=1TO n DO
IF Random[0,1] < ppy THEN
invert S[il;

Again, similar to the case of crossing over, the choice of the appropriate
mutation technique depends on the coding and the problem itself. We men-
tion a few alternatives, more details can be found in |Geyer-Schulz, 1995]:

Inversion of single bits: With probability pnr one randomly chosen bit
is negated.

Inversion: With probability png the whole string is inverted bitwise.

Random selection: With probability py the string is replaced by a ran-
domly chosen one.

This completes our genetic algorithm. If we fill in the methods described

above, we can write down a universal genetic algorithm for solving optimiza-
tion problems in the space {0,1}".
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Algorithm 3.6

t:=0;
Create initial population Bo = (b1,0,...,bm,0);

WHILE stopping condition not fulfilled DO
BEGIN

FOR ¢:=1TO m DO
BEGIN

(* proportional selection *)

z := Random[0, 1];

=1

WHILE [ <m & z <Y ._, f(bj,1)/ 37, f(bjc) DO
l:=14+1,

g :=bus;

(* one-point crossing over x)

IF Random|0,1] < pc THEN
BEGIN
Parent: 1= g;

Parenty := bRandom{l ..... m},t
pos := Random{1,n — 1};

FOR i:=1 TO pos DO
BEGIN
Child, [i] := Parent: [i];
Childy[i] := Parents[i];
END
FOR i:=pos+1 TO n DO
BEGIN
Child, [i] := Parents[i];
Childy[i] := Parent: [i];
END

IF Random[0,1] < + THEN

g := Childy;
ELSE
g := Childs;

END
(* mutation *)

FOR i:=1TO n DO
IF Random|0, 1] < ppg THEN

invert g[i];
bity1: =g
END
t:=t+1;
END

In this implementation, as usual, n is the size of the strings and m is the

size of the population.
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3.1.3 Genetic Programming

The second important class of genetic algorithms is comprised under the
term “genetic programming”. It is a genetic approach to a very important
problem in artificial intelligence — the problem of program induction. Pro-
gram induction is the method of teaching a computer to solve a problem
without being programmed explicitely. It is, in some sense, an inverse prob-
lem, instead of telling a computer explicitely how to solve a problem, the
computer is shown the problem and encouraged to find a program which
solves it. The idea of applying genetic algorithms to the problem of pro-
gram induction can again be traced back to J. H. Holland. Very important
research was also done by J. R. Koza who first introduced the term “genetic
programming” (see [Koza, 1992]).

Obviously, the application of genetic algorithms to whole programs re-
quires more or less significant modifications of the genetic machinery we
discussed previously. The most important one is that we must get away
from strings of fixed length. Although it is possible to restrict the length of
a program to a certain value, we cannot preserve the universality of a pro-
gramming language if we restrict the length of programs to a given number
of statements. In the following we assume that the syntax of a programming
language is given in Backus-Naur form (BNF) which describes the syntax of
the language recursively. A program, which is written in such a language,
can then be regarded as a (not necessarily binary) tree which can, of course,
be written as a nested list. The process of rewriting a program as a tree or
nested list can be done for every commonly used programming, language,
such as, C, FORTRAN, Pascal, or LISP, to mention just a few. It is easy to see
that it is least difficult for restricted languages which allow only recursions,
such as LISP.

Now let us have a closer look at the basic things we need for an implemen-
tation of a genetic programming machinery. We do not go into very detail
here, a detailed and comprehensive treatment of these things is provided e.g.
in [Geyer-Schulz, 1995].

Choosing the Programming Language

As already mentioned above, it is possible to rewrite every program as a
list or tree, but it can be a crucial task for most of the common procedural
programming languages. In most applications and theoretical treatments
LISP is used. LISP programs are nested lists themselves and, therefore, very
easy to handle, because no complicated rewriting has to be done.

Another important aspect we must consider is which subset of the lan-
guage we should use. It is clear that it is not useful in every application
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to use the complete set of instructions the language offers. Consider for
instance a problem where logical operations have to be learned. For such a
case we can restrict to the logical operations AND, OR, and NOT, or even
to a subset of these. Under the assumption that the problem can be solved
within the subset, an intelligent choice of that subset can increase the per-
formance remarkably. The simple reason is, that the search space is smaller.
Consequently, this increases the chance to a considerably good solution.

Initialization

In the previous sections we did not pay any attention to the creation of
the initial population. We assumed implicitely that the individuals of the
first generation can be generated randomly with respect to a certain (mostly
uniform) probability distribution. The random generation of trees or nested
lists is a more subtle task.

Consider for instance the BNF of the following language which can be
used for representing 3-ary logical functions:

Program := <expression> ;
<expression> := “(” <variable> “)” |
“(” <unary> <expression> “)” |
“(” <binary> <expression> <expression> “)” ;

<variable> = “z” | “y” | “2”;
<unary> = “NOT”;
<binary> := “AND” | “OR” ;

Obviously, the syntactical elements of this LISP-like language are paren-
theses, the variables z, y, and z, and the operators NOT, AND, and OR.
It seems clear that a procedure, which creates strings with random entries
from this set of syntactical elements, is not a good variant of an initialization
procedure, because the probability of creating syntactically correct strings is
rather low. A better alternative could be a procedure which is based on the
BNF of the language itself. Such an algorithm can be outlined as follows:

1. Start with the root of the syntax (in our case Program)
2. Select an alternative of the current syntactical expression randomly

3. Fill in the alternative and apply the procedure recursively for all non-
atomic subexpressions of the alternative

It is intuitively clear that we must include mechanisms which avoid endless

recursion of this method. A common opportunity is to fix a maximum depth
and to avoid non-atomic alternatives if this depth is reached or already
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exceeded. The following example illustrates this method more clearly for
the case of the language we defined above.

Example 3.7 Starting point is, of course, the root expression Program (the
currently evaluated expression is marked by underlining).

<expression>
second alternative
(<unary> <expression> <expression>)
<unary> is an atomic expression with only one alternative
(NOT <expression> <expression>)
third alternative
(NOT (<binary> <expression> <expression>) <expression>)

first alternative

(NOT (AND <expression> <expression>) <expression>)
first alternative

(NOT (AND (<variable>) <expression>) <expression>)
second alternative

(NOT (AND (y) <expression>) <expression>)

. and so on.

Crossing Programs

The second thing, which differs from case of strings significantly, is the
crossing over operation. Of course, nested lists can be regarded as strings
to which a standard crossing over operation can be applied. The problem
is again that the probability of generating syntactically correct strings this
way is very low. Hence, it is necessary to find an alternative which preserves
syntactical correctness.

For this purpose, we use the interpretation of programs as trees. Of
course, there are many possible interpretations of this kind, the approach we
discuss here was suggested by A. Geyer-Schulz and can be found in |Geyer-
Schulz, 1995|. A correct program must be derivable from the underlying
grammar in at least one (not necessarily unique) way. This derivation tree
itself is then used as a representation. It is not so trivial to give an exact
formulation of the procedure of determining the derivation tree for a given
expression. We give a simple example which should make everything clear.
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( <binary> <expression>

<binary>

ND ( <varigble> )

'

X

<expression>

/%%\

<expression>

<expression>

( <unary> <expression> )

'

NOT

AN

( <varisble> )

<expression>

//Nﬂ\

( <unary> <expression> )

VAN

NOT ( <variable> )

'

z

'

y

Figure 3.2: The derivation tree for (OR (AND (x) (NOT (y))) (NOT (z)))

Example 3.8 Figure 3.2 shows the derivation tree of the expression

((z A—y) V =z)

which can be written as
(OR (AND (x) (NOT (y))) (NOT (z)))
in our language.

It can be seen easily that every subtree corresponds to a subexpression.
The roots of these subtrees are called labels. The most common method
for crossing two expressions, which can be expressed with derivation trees,
is now to exchange subtrees which start with equal nodes, i.e. which are
equally labeled. This guarantees that the children are again syntactically
correct.

Example 3.9 Figure 3.3 shows a simple example for crossing two derivation
trees. The result in the form of nested lists is the following:
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(AND (z) | (NOT (2))|) (AND (OR (y) (2)))

(NOT | (OR (y) (#))]) (NOT (NOT (2))

Mutating Programs

After all this preparatory work it is comparatively easy to give a mutation
technique for programs of the usual form. The most common method is to
select a subtree of the derivation tree randomly and to replace it by another
subtree which was generated randomly by applying the same method we
have discussed in connection with the initialization procedure. Of course,
we have to pay special attention to the depth of this subtree again. Then it
is guaranteed that the syntactical correctness of the program is not damaged
by the mutation operation.

The Fitness Function

Another nontrivial task in connection with genetic programming is the def-
inition of an appropriate fitness function which measures how good a given
program solves the problem. The solution of this problem depends strongly
on the problem itself, a universal recipe for defining the proper fitness mea-
sure cannot be given seriously. One commonly used technique is to apply
a program to a finite number of test inputs for which the desired output
is known. Of course, these cases must be selected in a careful way such
that they are really representative. Then, for instance, the number of cases
for which the correct output is obtained can be taken as a measure for the
correctness of a program. The following example shows a case where this
method is not useful.

Example 3.10 Let us consider the following grammar:

Function := <expression> ;
<expression> = “(” <variable> “)” |
“(” <constant> “)” |
“(” <binary> <expression> <expression> “)” ;

<variable> := “z” ;

<constant> := <number>“/”<number> ;
<number> := “0” |---| “9” | <number> ;
<binary> = “+77 | “_7’ | ((*7’;

This grammar describes a programming language for representing polynomi-
als with rational coefficients. Our task is now to find a polynomial of some
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Figure 3.3: Example for crossing two derivation trees
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bounded degree such that it fits a given set of representative test points
{(z1,91),.-.,(Tn,yn)} as good as possible. Since the probability that a
randomly chosen polynomial fits at least one point exactly is nearly 0, the
number of exact matches are useless as fitness measure. An alternative
would be

FP) = llyr = P(z1),- -+, yn — Plza))l;

which should be minimized, where f is the fitness function of P, a given
polynomial, and ||.|| is an arbitrary (e.g. the Euclidean) norm on R".

Summary

Assume that we have a program induction problem, the programming lan-
guage is chosen, its syntax can be described by a BNF, we have a set
of representative test cases, and we have a function, which measures the
matching between the actually obtained and the desired output, then we
can write down a genetic algorithm for solving the program induction prob-
lem. This can be done easily by replacing the strings by programs and the
initialization-, crossing over-, and mutation techniques in 3.2 by the adapted
operations we have discussed here.

In general, genetic programming can be applied to a wide range of differ-
ent problems such as optimal control, symbolic regression, sequence induc-
tion, equation solving, discovering game playing strategies, inverse kinemat-
ics, or decision tree induction. More examples and applications can be found
in [Koza, 1992] and [Geyer-Schulz, 1995] to which we also refer for more in-
formation about genetic programming, especially theoretical considerations,
such as convergence theory.

3.2 Convergence Theory

After this practical survey of evolutionary computation, it is time to take a
close look at the theoretical properties of such methods. For conventional
deterministic optimization methods, such as gradient methods, Newton- or
Quasi-Newton methods, it is usual to have results which guarantee that
the sequence of iterations converges to a local optimum, more exactly to
a stationary point, with a certain speed or order. For any probabilistic
optimization method theorems of this kind cannot be given, because the
behavior of the algorithm is not determinable in general. So, statements
about the convergence of probabilistic optimization methods can only give
information about the expected or average behavior of such algorithms. For
the case of genetic algorithms there are a few circumstances which make it
even more difficult to examine their convergence:
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e Since a single transition from one generation to the next one is a
combination of usually three probabilistic operators (selection, cross-
ing over, and mutation), the inner structure of a genetic algorithm
is rather complicated, which increases the difficulty of examining the
convergence badly.

e For each of the involved probabilistic operators many different vari-
ants are known, thus it is not possible to give general convergence
results due to the fact that the choice of the operators influences the
convergence fundamentally.

In this section some important convergence results are provided. Unfor-
tunately, they do not have the significance as some results in conventional
continous optimization do. For simplicity, we restrict to the case of GAs
with a fixed number m of objects of fixed size n.

The first little theorem states that the convergence of a certain variant
is bounded below by the convergence of random search methods. It can be
regarded as boundary for the convergence in the worst case.

Theorem 3.11 Consider a genetic algorithm of type 3.2 where random se-
lection with uniform distribution is used as mutation technique (see page
39). Then the probability to reach the global optimum is 1. The expected
number of generations it takes to reach this optimum is at most

1
m
1= (1o g2t

where Nopt 15 the number of strings which have mazimal fitness.

(3.7)

Proof: In each step of a reproduction process the probability to reach the

global optimum is at least
. Nopt

2n
Then the probability not to find the optimum in one complete reproduction

step is at most
Nopt "
(1 — PM on .

The probability of finding the maximum at all is then

. Not my K
1—1 1— .op =1-0=1.
tim (1= 52) )

The probability to find the global maximum at first in the k-th generation

is at least
N m\ k—1 N m
(e g2) ) (- (e 52) ).
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Then the expected number of generations it takes until the optimum is
reached is at most

S (2 (1 (e 22) )

what completes the proof. The identity (%) can be derived easily from the

Taylor series of % at zo = 1. [

Remark 3.12 This expected number is very high even for moderate prob-
lems. Therefore, this result is of no practical relevance at all.

Before we turn to the next theorem we need a few prerequisites.
Definition 3.13

1. A string H = (hy, ..., hy) over the alphabet {0, 1, *} is called a schema.
An h; # * is called a specification, an h; = * is called a wildcard. From
the definition of the injective mapping

i: {0,1,%x}" — P({0,1}")
H  — i(H) :={GNieTn: h#+=h =g}

it is clear that schemata can be regarded as special subsets of {0, 1}".

2. A string G = (g1,...,9n) over the alphabet {0,1} fulfills the schema
H = (hi,...,h,) &= Vi€ {jlh; #*}:g; =h;. We denote that
with G € H.

3. O(H) := |{i € {1,...,n}|h; # *}| is called the order of the schema H
(number of specifications).

4. The distance between the first and the last specification 6(H) := i — i,
where i := min{i|h; # *} and i := max{i|h; # *}, is called the defining
length of the schema H.

The following theorem is the fundamental theorem on the convergence
of GAs. The main statement is that schemata with a higher-than-average
fitness accumulate geometrically if proportional selection is used.

Theorem 3.14 (Schema Theorem - Holland 1975)

Consider a genetic algorithm of type 3.2 with proportional selection. Then

the inequality

f(H, ) —
f(®) ’
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holds with the notations

rat ... number of individuals which fulfill the schema H at time t
f(t) ... average fitness of population at time t
f(H,t) ... estimated average fitness of schema H at time t, f(H,t) :=
LS f(bi)
" b €H
Po(H) ... constant which depends only on the schema H and the
crossing over method
Py (H) ... constant which depends only on the schema H and the

mutation operator

Depending on the involved methods, we can specify the constants Po(H) and
Pyr(H) in the following ways:

Po(H):=1—pc- i(i) for one-point crossing over
Po(H):=1—-pc- (1 - (%)O(H)) for uniform crossing over

Po(H) :=1-pc for any other crossing over method
Py(H) := (1 — ppp) O for normal bitwise mutation
Py(H):=1—pMm- O(nH) for the inversion of a single bit
Py(H):=1—pMm- % for random selection

Proof: Let the schema H be arbitrary but fixed. Assume that we have
to perform the transition from generation B; to generation B.y;. Then the
number rz; of individuals which fulfill H at time ¢ is known. The number
ri,t+1 of individuals which fulfill H at time ¢ 4 1 is determined by the
probabilistic operators and, therefore, a random variable. We can write

m
THi+1 = E Z;
i—1

where Z; are the following random variables

TH,t+1 as

7. = 1 if bi,t+1 fulﬁlls H,
10 otherwise.

It can be easily seen from algorithm that the random variables Z; are com-
pletely independent and distributed equally. Hence, we can write

E["‘H,t-i—l] =m:- E[Z], (39)

where Z is the random variable

1 an individual selected from B;, crossed with a
7. randomly chosen individual, and mutated after-
’ wards, fulfills H,
0 otherwise.
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The expectation of Z can then be estimated as follows (use theorem A.14
which delivers the multiplicativity of the expectation):

E[Z] > p1-p2 - p3, (3.10)

where p; is the probability that an individual, which fulfills H, is selected, po
is the probability that an individual, which fulfills H, still fulfills H after it
is crossed with an arbitrary one, and ps is the probability that an individual,
which fulfills H, still fulfills H after it is mutated. The probability to select
an individual from By, which fulfills H, is, if proportional selection is used,

blEHf(bi,t)
= (3.11)

;nzl f(big)

If we join (3.9), (3.10), and (3.11) together, and if we fill in the lower bound-
aries for ps and r3, Po(H) and Py (H), respectively, we get the result

> f(big)
b; t€H
E[ris1] =m-E[Z] > m-pi-py-ps > m- ~o——— . Po(H) - Py(H)
Z:lf(bi,t)
IO =
b; t€H

=L ey Po(H) - Py (H) = {8289 po(H) - Py (H).
PORIORD
=

Now it remains to show the lower boundaries of the probabilities ps and p3,
Po(H) and Py (H), respectively.

e Obviously, the probability that an individual still fulfills H after the
crossing over step is at least 1 — pc, because crossing over is only
performed with a probability pc.

e For the case of one-point crossing over we can conclude further that
the fulfillment of schema H is only destroyed if the breaking point lies
within the defining length of the schema. The probability that the

breaking point lies within the defining length is i—i). For this case we

can define Po(H) :=1—pc - 3(H)

n—1

e The probability that schema H is disrupted by uniform crossing over
is 1= (3)°". So, the probability that an individual, which ful-
fills H, still fulfills H after uniform crossing over is at least 1 — pc -

1 1\O(H)
-(3)77)

e The probability that the fulfillment of schema H is not damaged by

normal bitwise mutation is, of course, (1 — ppg) 7).
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e The probability that a specification of H is chosen by the inversion-of-

one-single-bit mutation is exactly @ Therefore the probability that
an individual still fulfills H after this kind of mutation is 1 —pyy- 20,
e The probability that an individual, which fulfills H, is chosen by uni-

form random selection is 21 Thus, the probability that the mutated

2_TL'
individual also fulfills H is 1 — ppp - %

This completes the proof. [

From the schema theorem we can deduce the following generalization di-
rectly:

Corollary 3.15 With the notations and assumptions of theorem 3.14 the
inequality

k-1 7 .
Elrm.ees] > rire - Po(H)F - Py (H)F - HO % (3.12)

holds for every k > 1.

Proof: Follows directly by applying theorem 3.14 k times (see also [Holland,
1992]). |

It is easy to see from the last corollary that schemata with a higher-
than-average fitness accumulate exponentially, especially if they have a low
order and, if one-point crossing over is used, a short defining length. Such
schemata are called building blocks. From these considerations it might be
clear that, in some sense, convergence is only possible if building blocks ex-
ist at all. This actually means that the coding must be chosen in a way
such that some certain features, i.e. schemata, correspond to a high fitness.
Then the probability of obtaining even better fitted children by crossing
good parents is higher than if this is not the case. The strategy of accumu-
lating high-fitted schemata without forgetting completely about the other
ones is called implicit parallelism and contributes much to the robustness
of genetic algorithms and the chance to reach the global solution. For a
detailed mathematical investigation of the phenomenon of implicit paral-
lelism we refer to [Goldberg, 1989], [Geyer-Schulz, 1995|, and, in particular,
[Holland, 1992].

Summarized, the convergence of genetic algorithms depends strongly on
how careful the coding was chosen. This must be done in a way that there
are building blocks. Unfortunately, there is not a more reliable convergence
theory for GAs of this general kind.
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3.3 Extensions, Generalizations

Finally, we introduce concepts which differ from the simple constructs we
have discussed previously.

Other Selection Schemes

Instead of proportional selection, many other selection methods are known
and successfully applied. We mention just a few:

Linear rank selection: Instead of the normalized fitness the rank of the
fitness in the generation is used as basis of the selection.

Tournament selection: A group of individuals is sampled from the pop-
ulation, the individual with best fitness is chosen for reproduction.

Elitism: It can often be of advantage to avoid that the best-fitted individual
dies out. This can be achieved easily by selecting the best individuals
always without taking the other circumstances into account. This
method has often been used successfully in addition to other selection
methods.

Adaptive GAs

Adaptive genetic algorithms are GAs whose parameters, such as the popula-
tion size, the crossing over probability, or the mutation probability, or even
the genetic operators for selection, crossing over, and mutation, are varied
with the time (e.g. see [Chen and Chang, 1993]).

Hybrid GAs

As they use the fitness function only in the selection step, genetic algo-
rithms are blind optimizers which do not use any auxiliary information such
as derivatives or other specific knowledge about the special structure of the
function. If there is such knowledge, it is possible to incorporate other
optimization techniques in order to support the GA and, consequently, to
improve convergence. This can, on the one hand, improve the speed con-
siderably, but it is, on the other hand, possible that the risk of premature
convergence also increases.
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Self Organizing GAs

In the real world, the reproduction methods themselves and the representa-
tions of the genetic material were adapted through the billions of years of
evolution (see [Rechenberg, 1973 for reference). Many of these adaptations
of the natural genetic algorithm were able to increase the speed of adapta-
tion of the individuals. It is reasonable to encode not only the raw genetic
information but also further information, for example parameters of the cod-
ing function. This can lead to an automated adaptation of the coding such
that more significant building blocks can be accumulated, which increases
the speed of adaptation, i.e. the convergence.
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Chapter 4

Optimizing Fuzzy Sets with
Genetic Algorithms

Once upon a time a fire broke out in a hotel, where just then a
scientific conference was held. It was night and all guests were
sound asleep. As it happened, the conference was attended by
researchers from a variety of disciplines. The first to be awak-
ened by the smoke was o mathematician. His first reaction was
to run immediately to the bathroom, where, seeing that there was
still water running from the tap, he exclaimed: “There is a so-
lution!”. At the same time, however, the physicist went to see
the fire, took a good look and went back to his room to get an
amount of water, which would be just sufficient to extinguish the
fire. The electronic engineer was not so choosy and started to
throw buckets and buckets of water on the fire. Finally, when
the biologist awoke, he said to himself: “The fittest will survive”
and went back to sleep.

Anecdote originally told by C. L. Liu

As already mentioned, fuzzy systems are capable of performing human-like
decisions by processing imprecise knowledge in a rule-based way. Since both
fuzzy sets and approximate reasoning are only models of the representation
of imprecise information and the inference method humans use, the way of
translating human knowledge into a fuzzy system is not a straightforward
one.

We can state that the behavior of a fuzzy system depends on three dis-
joint sets of parameters. First of all, the fuzzy subsets of the corresponding
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universes, which are associated with the verbal values of the linguistic vari-
ables, determine the semantics of the rules. Second, the rules themselves
determine how the output is computed for a given input. Last, the involved
operations, such as ¢t-norms and ¢-conorms, linguistic approximation, or de-
fuzzification, influence the shape of the output surface too.

Many researchers have reported that they were able to design a proto-
type of a fuzzy system for a given task rapidly, but that it took a lot of
time and work to tune all these parameters. Since the complexity of the
problems, to which fuzzy systems are applied, is increasing strongly, it is
recommendable or even indispensable to take a closer look at methods for
tuning the parameters of a fuzzy system automatically.

If we assume that the structure of the fuzzy system, the universes of
discourse, and the operations are given, we can distinguish between three
different learning tasks:

1. The rules are given, but the fuzzy sets are unknown at all and must
be found or, what happens more often, they can only be estimated
und must be optimized. A typical example would be the following:
The rules for driving a car are teached in a driving school (e.g. “For
starting a car let in the clutch slowly and, simultaneously, step on the
gas carefully.”), but the beginner must learn from practical experience
what “slowly letting in the clutch” actually means.

2. The semantical interpretation of the rules is, at least sufficiently well
known, but the relations between the input and the output, i.e. the
rules, are unknown. A typical example is extracting certain risk factors
from patient data. In this case, it is sufficiently known which blood
pressures are high and which are low, but the factors, which really
influence the risk of a certain disease, are unknown.

3. Nothing is known, both fuzzy sets and rules must be acquired, for
instance from sample data.

The acquisation of rules is discussed in the next chapter. The third task
will then be treated briefly in chapter 6. The first one is the subject of this
chapter, where 4.1 provides some theoretical aspects of the application of
GAs to the optimization of fuzzy sets and 4.2 demonstrates practical results.

Typically, in the case of the first problem, we get constrained optimiza-
tion problems in spaces of uncountable size. If the fitness function, which
judges the performance of the fuzzy system depending on the configuration
of the fuzzy sets, is sufficiently smooth, it is possible to apply conventional
optimization method which are, in almost all cases, faster than GAs. The
reason why genetic algorithms are used, although they are disadvantaged
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compared with conventional methods, is, on the one hand, that the fitness
function is often not as smooth as necessary, and, on the other hand, that
genetic algorithms often offer a better chance to reach the optimal solution
instead of becoming trapped in a local stationary point. One aspect, which
should not be neglected either, is that GAs are rather easy to implement.

4.1 Fuzzy GAs

A fuzzy genetic algorithm, we will abbreviate this with “fuzzy GA” in the
following, is a genetic algorithm which is applied to the optimization of some
parameters of a fuzzy system.

The first thing, which must be examined, is how to encode fuzzy sets or,
more exactly, the parameters, which describe them, into binary strings.

4.1.1 Coding Fuzzy Sets

Here, our main aim is to represent a whole configuration of fuzzy sets by a
binary string. As already mentioned, we assume that the rules and the oper-
ators are fixed and, consequently, that only the fuzzy sets can be varied. The
number of rules is finite, hence the number of fuzzy subsets of corresponding
universes, which are to be considered, is also finite. This collection of fuzzy
sets consists of all the semantical interpretations M (v) of those expressions
v, which occur in at least one rule. Assume that we have already strings,
which represent each one of the fuzzy sets, we can concatenate them to one
string which is then a representation of the whole configuration. Hence, the
only problem, which remains to be solved, is how to encode single fuzzy sets.

Since F(X) is an uncountable set even if X is finite, we must restrict to
certain subsets of F(X), if we want to represent them by a binary string of
finite length.

The Case of a Finite Universe of Discourse

If the corresponding universe of discourse X is finite, a fuzzy subset of X
can be regarded as a vector of dimension n := |X| with entries from [0, 1].
Assume that we have a coding, i.e. a discretization of real values between 0
and 1 of length m, then an arbitrary fuzzy subset of X can be encoded with

c: F(X)~[0,1]" — {0,1}»™

4.1
(oy---yZn—1) — (boy--ybpm—1), (4.1)

where the substring (bi.m, - - -, b(i11).m—1) is the coded version of ;.
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Example 4.1 A typical method of encoding a value of a finite real interval
[a,b] is mapping a value = to a whole number between 0 and 2™ — 1 by

Cmjfap : [a,0] — {0,...,2" —1}

r 2m —1). =2 (4.2)
[em—1)- 52

b—a

which can then be encoded into a binary string by a transformation to its
dual representation. The corresponding decoding can be done by computing
the decimal representation K of the string, which ranges, of course, between
0 and 2™ — 1, and by applying the following transformation to K:

5m,[a,b] : {0, . ,2m — 1} — [a, b]

K — a—l—K-%.

(4.3)

It is easy to see that ¢ is injective and that (co ¢) = idggm—1.

In the following we will assume implicitely, if not indicated otherwise,
that real values are encoded this way. Another possibility, if the values
should not be bounded, is to use the binary floating point representation of
a real number.

Coding Fuzzy Subsets of a Real Interval [a, b]

In this section some important classes of fuzzy subsets of a finite real interval,
which can easily be encoded, are discussed. The case of real intervals as
universes of discourse is very important, especially in control applications.

Starting points of the first class of fuzzy subsets of a real interval, which
we want to discuss here, are a given discretization (a = xg, 1, ..., Zpn_1,Zn =
b), which is, in the simpliest case, a partition with equally sized parts, and
an interpolation technique, linear interpolation in one of the simpliest cases.
Then all the fuzzy subsets, which are given as interpolation of the mem-
bership degrees in the grid points x;, are uniquely determined by these
membership values. Figure 4.1 shows a typical fuzzy set of this kind. By
the way, this is the method how fuzzy sets are represented in popular fuzzy
control tools, such as fuzzy TECH or TILShell.

Analogously to the coding of fuzzy subsets of finite sets, the membership
values at the grid points can be encoded into a binary string, e.g. with the
method proposed in example 4.1.

The next two classes are, in some sense, a subset of the previous one.
They are special kinds of piecewise linear membership functions. Figure 4.2
shows a so-called triangular membership function. It can be seen easily that
its shape depends on three parameters — the value r where its modus is
lying, a left offset u, and a right offset v. A membership functions of this
kind can then easily be encoded by
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L
a=x0 x1 x2 %3 x4 x5=b

Figure 4.1: A fuzzy subset which is given by the membership values in a
finite number of grid points

)

r+v b

Figure 4.2: A triangular fuzzy set

cmyab](T) | Cmo,00(®) | Cmos(¥) |

where ¢ is an upper boundary for the size of the offsets, for example ¢ :=
(b — a)/2. Codings of this kind can be found in the 1993 papers of M. A.
Lee and H. Takagi ([Lee and Takagi, 1993al, [Lee and Takagi, 1993b], |Lee
and Takagi, 1993c|, and [Takagi and Lee, 1993]).

A more general case, which is also widely used, are the so-called trapezoid
fuzzy sets. As apparent from figure 4.3, the shape of a trapezoid membership
function depends on four values, a value r, where the interval of maximal
membership 1 starts, a value g, the length of this interval, and again a left
offset u and a right offset v. Analogously, a coding can be defined as

Cmyjab](T) | Cm,j0,6)(@) | Cmio,01(%) | Cmyo,5(v)

In some control applications, where the smoothness of the control surface
plays an important role, fuzzy sets of higher differentiability must be used.
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[ R

r+q r+g+v b

Figure 4.3: A trapezoid fuzzy set

S

Figure 4.4: Typical bell-shaped fuzzy set

The most prominent representative of such a fuzzy set is the bell-shaped
fuzzy set whose membership function is given by a Gaussian bell function:

_a=n)? 4.4
r—>e 2u2 ()

Figure 4.4 shows a typical membership function of this kind. Obviously,

Cm,[a,b] (’I") Cm,[e,d] (u)

is an appropriate coding for the two parameters r and u which describe the
shape of a bell-shaped fuzzy set, where ¢ is a lower boundary for the offset.
Sometimes, the membership function is additionally scaled with a height
factor h € (0,1] whose coding must be appended to the string above (cf.
[Furuhashi et al., 1995]).

The “bell-shaped analogon” to trapezoid fuzzy sets are the so-called
radial basis functions (see [Shimojima et al., 1995]):
_Ue=rl-0)®

r e 22 %f |z —r| >q (4.5)
1 if |z —r|<gq
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r+l-q r+(ll+u b

)

Figure 4.5: Fuzzy set with radial basis membership function

From figure 4.5, which shows a typical representative, it can be seen that
r is the middle of the fuzzy set, ¢ is the radius of the interval of maximal
degree of membership 1 (the “basis”), and u is again the offset, the width
of the bell. An appropriate coding would be the following:

Cmjab](T) | Cm,0,61(0) | Cmyfe,0(w)

4.1.2 Coding Whole Fuzzy Partitions

In many applications there is some a priori knowledge about the approximate
configuration, for instance, something like an ordering of the fuzzy sets. In
this case a general coding of each fuzzy subset of one linguistic variable would
neglect this knowledge and, consequently, yield an unnecessarily large search
space, which could be considerably smaller if some degrees of freedom were
removed.

Example 4.2 A typical situation, not only in control applications, is that
we have a certain number of fuzzy sets with labels, such as “negative big”,
“negative medium”, “negative small”, “approximately zero”, “positive small”,
“positive medium”, and “positive big”. In such a case we have a natural
ordering of the fuzzy sets. Obviously, an arbitrary configuration of the
fuzzy sets would be senseless.

An often-used construct for representing fuzzy sets of linguistic variable
of such a type are the so-called fuzzy partitions.

Definition 4.3 A finite family (A44,..., Ay) of fuzzy subsets of a domain
X is called a fuzzy partition if and only if

ViEX: Y palx) =1 (4.6)

=1
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a=x0 x1 x2 x3 x4=b

Figure 4.6: A typical fuzzy partition with n = 5 triangular parts

This definition goes back to E. H. Ruspini (cf. [Ruspini, 1969]) and is the
notion of a fuzzy partition which is mostly used in practical applications.
Of course, other generalizations of classical crisp partitions are reasonable.
For these aspects we refer to [Moser, 1996], where also investigations of
theoretical properties of fuzzy partitions, such as redundancy, are provided.

For the case of a real interval [a, b] one simple example is a fuzzy partition
which consists of a chain of triangular fuzzy sets, where only two consecutive
neighbors intersect with a maximal degree of 0.5. Such a fuzzy partition is
uniquely determined by a (strictly) increasing sequence of K = n — 1 grid

points (a = xg,%1,...,Zn—1 = b) in the following way:
L=t if ¢ € [zg, 7]
— r1—2xo ?
pan () { 0 otherwise
ﬂﬁ ifx e [(L‘Z’_Q, (L‘Z'_l]
pa;(z) = ﬁ ifr € (zj_1,xi] forie2,n—1 (4.7
0 otherwise
T—Tp_ .
nA (33) = :vn71—:vn272 ifz € [$”*2’x"*1]
" 0 otherwise

Figure 4.6 shows a typical example.

If we coded the values zg,...,xn,_1 directly, there would be a lot of
invalid strings which represent non-increasing sequences. It can be shown,
although it is intuitively clear, that the percentage of invalid strings grows
with the number of values. An alternative way to encode such a partition is
to encode the offsets z; — z;_1 (see also [Yubazaki et al., 1995])

Cm,[e,0] (z1 — o) |l Cmyle,d] (T2 —xp_3) |,
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a=x0 x1 X2 X3 x4 x5 X6 x7=b

Figure 4.7: A fuzzy partition with n = 4 trapezoid parts

which yields a string of length m - (n — 2). Again 0 is a parameter greater
than 0 which is chosen such that all the interesting cases are covered by
the coding. One may argue that, after decoding, some values z; can be
greater than b. This problem can be overcome by enlarging the universe of
discourse, concretely by enlarging b such that it is larger than a4+ (n—1) -6
and by redefining

0 if z € [zg, zp_2)
pa,(x) = ﬁ% ifr €zn_2,Tn_1] (4.8)
1 otherwise,

with additionally removing the restriction that x,_1 = b. Of course, this
does not effect the input-output function of the fuzzy system.

The parameter ¢ is a lower bound for the offsets. If one also wants to
model crisp transitions, € has to be set to 0. Then we have to take special
care of the degenerated case, where some offsets are 0 consecutively. Then
one or more sets of the partition disappear at all, a problem whose solution
depends on the needs of the concrete application.

This concept can also be generalized to trapezoid fuzzy sets. In this case
the fuzzy partition is uniquely determined by a (strictly) increasing sequence
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of K = 2n points. The mathematical formulation is (compare with (4.7)):

1 ifx e []70, 271]
pa,(x) = 9;”22:;71 if z € (z1,19)

0 otherwise

wzf__zm—?;a_;_g if £ € (w23, 2i—2)

1 ifz e [(L‘Qi_g, (L‘Qi_l] [

A \x) = . . forie2,n—-1

pha; () 712?};71 if x € (9,72 1) ’

0 otherwise

7,52:;;_2?5;:73 if z € (23, Ton—2)
pa, () = 1 if z € [zon—2, Ton—1]

0 otherwise

(4.9)
Figure 4.6 shows a typical example with n = 4. The method of coding the
offsets as discussed above can be applied without any modifications.

4.1.3 Standard Fitness Functions

Although it is not possible to formulate a general recipe, which fits for all
kinds of applications, there are some standard cases for which we can give
standard fitness functions, which judge the performance of a fuzzy system.
These cases have in common that they measure the discrepancy between
actually obtained output with respect to a fixed configuration of the param-
eters and the desired output, under the assumption that it is known. We
assume implicitely in the following that f(?) is the fitness function which
measures the performance of the fuzzy system depending on the parameter
vector ¥ which represents the configuration of the fuzzy sets. Without loss
of generality, we restrict to fuzzy systems with one output. If there are more
output variables, the fitness functions, which we discuss in the following, can
be aggregated e.g. by addition.

Fuzzy Output on a Finite Set

Let (p1,...,pn) be a family of representative input values for which the
desired output fuzzy sets (Oq,...,0x) are known and let O(%,p) be the
output fuzzy set which is obtained when the output of the fuzzy system is
evaluated for input p with respect to the configuration . In the case that
the output variable has a finite universe of discourse {zg, ..., z,_1} (see also
page 57), we can formulate the following fitness measure

f(U) = Z d(ﬁOuﬁO(ﬁ,pl))a (410)
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with

ficy = () (@o)y - - () (Tn-1)),

where d(.,.) is an arbitrary (pseudo)metric on [0,1]”. This abstract def-
inition may be a little confusing. The following special case, where the
Euclidean norm ||.||2 is used as measure for the distance, illustrates better
how this fitness can be computed:

N n—1 2
F@) =3 | Do (nos(x)) = powen (@) | - (4.11)
i=1 \j=0

Remark 4.4 A problem of this type is called “classification problem” (see
also [Ishibuchi et al., 1993]). The reason is simple: Such a fuzzy system
maps values p to fuzzy subsets of a set of, for instance, linguistic labels
Zoy ..., Tn—1. By the way, this is the kind our practical example (cf. 4.2) is
of.

Fuzzy Output on an Interval

Analogously, let (p1,...,pn) be a family of representative input values for
which the desired output fuzzy sets (Oy,...,On) are known (O; € F([a,b])).
Let again O(%, p) be the output fuzzy set which is obtained when the output
of the fuzzy system is evaluated for input p with respect to the configuration
¥. Then a fitness function could be

N

F@) =" d(po; o) (4.12)

i=1

where d(.,.) is a (pseudo)metric on [a,b]®! or on a subset of [a,b][>}. Tn
this case L,-norms are commonly used. A typical example would be

oy .
f@) =Y / (0, () — oy (@)% di | (4.13)
=1

a

with the additional assumption that the membership functions of the O; and
O(7, p;) are integrable for all 4, which is not a serious restriction in practice.

Crisp Real-Valued Output

Another important problem, which occurs frequently in the optimization
of fuzzy controllers, is the one of crisp real-valued output. For this case
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let again (pi,...,pn) be a family of representative input values for which
the desired output values (o01,...,0n) are known. If we denote the input-
output functionof the controller with ®;(z), an arbitrary (pseudo)metric on
[a,b], where [a, b] is the output domain, can be used as fitness measure. A
commonly used example is the Euclidean distance

N

F(@) = | D (0 — Balpi))*. (4.14)

=1

Another task, which differs a little bit from the ones we have discussed
until now, is the approximation of given control surfaces by fuzzy controllers,
where a complete description of the input-output surface is given and the
parameters ¥ should be found such that a certain distance in a function space
is minimal. Although this is not only of theoretical, but also of practical
interest, we refer to the literature here (e.g. [Moser, 1996]).

Remark 4.5 All the fitness measures, which have been introduced in this
paragraph, are functions which are, of course, to be minimized. This is not so
desirable if we want to apply genetic algorithms with proportional selection.
However, it is rather easy to find an upper boundary or even the exact
maximum for each one of these functions. If we denote this upper boundary
with foax, then f(¥) := fumax — f(¥) is a function whose maximization is
equivalent to the minimization of f. Depending on the concrete situation,
it can also be of advantage to scale or to transform the fitness function.

4.1.4 Genetic Operations

The last important ingredients of genetic algorithms, which we must dis-
cuss before we can finally apply them to the optimization of fuzzy sets,
are the genetic operations. For the case of single, independent fuzzy sets
(see 4.1.1) various researchers have reported that the conventional methods,
which we have already discussed in chapter 3, perform sufficiently well. An
(incomplete) list of papers, which report that, would be [Karr, 1991], [Lee
and Takagi, 1993a] and the other 1993 papers o M. A. Lee and H. Takagi,
[Mitsubuchi et al., 1993|, [Surmann et al., 1993|, [Furuhashi et al., 1995],
[Lin and Chen, 1995], [Magdalena and Monasterio, 1995], [Shimojima et al.,
1995], and so on.

Crossing Over

For the case of fuzzy partitions the selection of an appropriate crossing over
operator is a more subtle task. Figure 4.8 shows an example, where two fuzzy
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partitions are crossed with one-point crossing over. Obviously, a change of
one offset x; —xz; 1 shifts all the values z;,...,xx_1. From this point of view
it might be clear that the existence or the development of building blocks
(cf. 3.2 on page 52) is not so easy to guarantee, because schemata do not
correspond to typicalities of the values z; themselves but to typicalities of
the offsets.

This problem can deteriorate the convergence behavior. However, exper-
iments have shown (see also 4.2) that, if the fitness function is rather smooth
and not very chaotic, some modified crossing over operations can speed up
the convergence, but, on the contrary, if the fitness function is more chaotic,
and this is the case where GAs are typically applied, such operations (one
is demonstrated in example 4.6 below) speed up the convergence but not
without badly increasing the risk of becoming trapped in a local maximum.

Example 4.6 One example of a crossing over technique specialized for
fuzzy partitions could be the following:

1. decode the two parent strings such that the original sequences X! =
(z§,--- 7% 1) and X? = (23,...,2% ) are obtained,

2. choose a position [ between 2 and K — 3 randomly,

3. swap the tails (3311+1v ooy, Th 1) and (leH, .vy,T%_,) taking into ac-
count that the values must increase,
1 2 - . 1 2x;|+a}
4. cross the va}ues z; and zj in an appropriate way, e.g. T; = ——L
~2 _ x+2

2
sz again taking the restriction, that the values must

increase, into account,

5. reencode the new sequences X' and X?;

We can summarize that the crossing over operations must be chosen de-
pending on the given problem. If nothing is known about the fitness function
or if the fitness function is known to be chaotic with many local maxima,
a standard crossing over operation should be used (see also [Yubazaki et
al., 1995]). If the fitness function is smooth and has not very many local
maxima, a specialized crossing over operation should be used. If, in such a
case, a conventional optimization method is applicable, a genetic algorithm
should not be applied at all.

Mutation

Nearly everything, which has been said about the crossing over operations,
also applies to the mutation operation. As apparent from figure 4.9, our

67



8z¢  89¢ 8TZ 00% 0 0gE 08z 0€Z 00% 0
z°0 z°0
%0 %0
90 90
80 870
T T
|;ooooo;o: —  [0T00TT000TOO0OTTIOOOITTIO00000T00LT
09 0S ST 00¢ 09 0§ o€ 00¢
z9z TIZ 29T 00T 0 09z 00z 0ST 00T 0
20 z°0
%0 v 0
90 90
80 80
T T
0§ 09 29 00T 09 08§ 09 00T

3,

t crossing over of fuzzy partitions (n

-poin

Figure 4.8: Example for one

68



i 100 50 50 60

‘01100100001100100011001000111100

1
0.8
0.
0.4
0.

0 100 150 200 260

o

N

228 50 50 60

11100100001100100011001000111100|

1
0.
0.
0.
0.
228 278 328 388

Figure 4.9: Mutating a fuzzy partition (n = 3, m = 8)

®

o

S

N

coding of fuzzy partitions has the property that a modification of a single
bit can change the shape of the phenotype completely. So, in some sense, the
coding does not preserve similarity relations — two similar genotypes can
have completely different phenotypes. This seems to be bad at first glance.
Surprisingly, experiments have demonstrated that exactly this property con-
tributes a lot to the robustness of fuzzy GAs. It is intuitively clear that the
risk of becoming trapped in a local maximum is not so critical, if the muta-
tion operation can bring us far away from it.

4.1.5 Summary

The last paragraph has completed the list of things which are required for a
genetic algorithm of type 3.2. If coding, fitness function, selection method,
crossing over method, and mutation operator are chosen, a traditional ge-
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netic algorithm, which operates on a fixed number of objects of a fixed size,
can be applied (for a more general view of fuzzy GAs see [Buckley and
Hayashi, 1994]).

In the next section a typical example of a fuzzy GA is introduced. It
shows how a fuzzy GA works in practice and how its convergence can be
improved.

4.2 An Application — Practical Results

This section gives an example which has, in fact, been part of an industrial
project at the FLLL. The algorithm we will discuss within the following
pages can be regarded as the most important result of the development of
an inspection system for a silk-screen printing process. It computes a fuzzy
segmentation of a given image into four different types of areas which are to
be checked by applying different criteria. For us, the most interesting part
is how the resulting fuzzy system is optimized with genetic algorithms.

4.2.1 Introduction

As anticipated above, we have to decide for each pixel of an image to which
kind of area it belongs. Formally, this is a classification problem (see remark
4.4 on page 65, see also [Ishibuchi et al., 1993| for reference).

The following four types were specified by experts of our partner com-
pany. For certain reasons, which can be explained with the special principles
of the silk-screen printing process, it is sufficient to consider only these types:

Homogeneous area: uniformly colored area
Edge area: pixels within or close to visually significant edges

Raster: area which looks rather homogeneous from a certain distance, but
which is actually obtained by printing small raster dots of two or even
more colors

Aquarelle: rastered area with high chaotic deviations (e.g. small high-con-
trasted details in picture prints)

The magnifications in figure 4.10 show how theses areas typically look like.
Of course, transitions between two or more of these areas are possible, hence
a fuzzy model is recommendable.

First of all we should define more precisely what an image is:
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Homogeneous Edge Raster Aquarelle

Figure 4.10: Magnifications of typical representatives of the four types

Definition 4.7 An N x M matrix of the form

((r (i,9), g 0, ), o i, DDIZTN (4.15)
with 3-dimensional entries (u, (i, 5), ug (4, 7), up (i, 5)) € {0,...,255}3 is called
a 24-bit color image of size N x M. A coordinate pair (i, ) is called a pixel
and the values (u,(7,7),uq(7,7),up(%, 7)) are called the gray-values of pixel

(i, 7)-

It is near at hand to use something like the variance or another measure
for deviations to distinguish between areas which show only low deviations,
such as homogeneous areas and rasters, and areas with high deviations, such
as edge areas or aquarelles. On the contrary, it is intuitively clear that such a
measure can never be used to separate edge areas from aquarelles, because
any geometrical information is neglected. Experiments have shown that
well-known standard edge detectors, such as the Laplacian or the Mexican
Hat filter mask, cannot distinguish sufficiently if deviations are chaotic or
anisotropic. Another possibility we also took into consideration was to use
wavelet transforms (see [Daubechies, 1989] or [Stark, 1990]). Since the size
of the image is approximately 1 Megabyte and the segmentation has to
be done in at most three seconds, it is obvious that such highly advanced
methods would require too much time. Finally, we found a fairly good
alternative which is based on the discrepancy norm. This approach uses only,
as filter masks like the Laplacian or the Mexican Hat also do, the closest
neighborhood of a pixel. The following sketch shows how the neighbors of a
fixed pixel (7, ) are enumerated. We can define the enumeration mapping [
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Homogeneous Raster Edge Aquarelle

o o

Figure 4.11: Typical gray-value curves of the form (uz(I(k))req1,...8)

with the table besides:

2 1(k)
9 3 4 )
° ° ° (i ,j—-1)
2| (i—1,j—1)
PO U )N 4l (i—1,j+1) (4.16)
50( i ,j+1)
6| (i+1,j+1)
8 : 6 TIGi+1, § )
8| (i+1,j+1)

If we plot one color extraction with respect to this enumeration, concretely
g (I(K))keqr,....8y, where = € {r,g,b}, we typically get curves like those ones
shown in figure 4.11. From these sketches it can be seen easily that a mea-
sure for the deviations can be used to distinguish between homogeneous
areas, rasters, and the other two types. On the contrary, the most eyecatch-
ing difference between aquarelles and edge areas is that edge areas show
long connected peaks while aquarelles typically show chaotic, mostly nar-
row peaks. So, a method which judges the shape of the peaks should be
used in order to separate edge areas from aquarelles. A simple but effective
method for this purpose is the so-called discrepancy norm.

Definition 4.8

Il : RO R
s (4.17)
(xl,---,mn) = 1§gl§%{§” i;Oéxi

Lemma 4.9 ||.||p is a norm.
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Proof:

1. Z=0<= ||Z||p = 0: trivial

2. |IAZ||lp = |A|Z] p: trivial

3. 12+ 4llp < |Z|lp + |9l p:
o 8
1Z+4llp = | max i;a(xi + i)
8
> T
1=

< max
1<a<pg<n i

max €I
1<a<p<n 2

= max E:Ei—i- Zyi

1<a<p<n |j=¢ i=a

4

B
+k£%%n2%% = |Z|p + l7llp

+

IN

=«

In measure theory the discrepancy between two measures p and v on R
is defined as D(u, v) := maxq<y @ ([, b]) — v ([a, b])|. If we have two discrete
measures 7z and 7 on the set {1,...,n}, where (i) =: z; and 7(i) =: y;, then
D(z,v) and || — ]| p are equal (see [Weyl, 1916] or [Neunzert and Wetton,
1987]). Thus, we will call ||.||p discrepancy norm on R".

Obviously, the computation of ||.||p by using the definition requires
O(n?) operations. The following theorem allows us to compute ||.||p with
linear speed.

Theorem 4.10

|7]lp = max Xg— min X, (4.18)

where the values _
J
Xj = Z T;
=1
denote the partial sums.

Proof: If we assign 0 to zg and x,41 we can conclude that

B B8 a—1
Zllp = max ;| = max max T; — T;
1 1<a<f<nt1 Ea | 1<p<nt11<a<ntl Z; ! Z; !
B8 a
= max max T; — z;| = max max |Xg— X
1<f<n 1<a<n Z; ! Ei,l 1§ﬂ§n1§a§n| p— e
= max Xg— min X,.
1<p8<n 1<a<n

From (4.17) it can be seen easily that the more entries x; with equal sign
appear successively, the higher the value ||Z||p is. This is exactly the reason
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why the discrepancy norm can be used for our purpose of detecting visually
significant edges.

4.2.2 The Fuzzy System

For each pixel (i,7) we consider the nearest eight neighbors enumerated as
described above. Then we can use
8

(1K) =) + 32 (ug(I(k)) —5)°

k=1 (4.19)
(I(k)) — b)*

[
Moo
=
S

v(i, j) :

T
I

+
]
8

=
Il
—_

as a measure for the size of the deviations in the neighborhood of (7, j) and

e(i,j) =lur(I(.)) = (F,...., ") D + [lug(I(.)) = (@, ---.9)lIp (4.20)

Hup(U() = &,....0) Ip
as a measure whether the pixel is part of or lying adjacent to a visually
significant edge, where 7, g and b denote the mean values

8 8
_ 1 _ 1 -1
mi= 2D uri(R), §i= 2D ugU(k), bi= oY un(i(k).
k=1 k=1 k=1
Of course, e itself can be used as an edge detector. Figure 4.12 shows how
good it works compared with the commonly used Mexican Hat filter mask.

The fuzzy decision is then done in a rather simple way: We have to
compute the degrees of membership to which the pixel belongs to the four
types of areas. Hence, the output of the fuzzy system is a vector

t(iaj) = (tH(iaj)atE(ivj)atR(ivj)atA(iaj))a (4'21)

with ¢y, tg, tr,ta € [0,1]. Since the parameterization of the fuzzy systems
is independent from the coordinates in our case, we just write v and e for
the two inputs v(7,7) and e(7,j) which are treated as linguistic variables in
the following. Experiments have shown that [0,600] and [0,200] are appro-
priate universes of discourse for v and e, respectively. We used simple fuzzy
partitions for the fuzzy decomposition of the input space (see 4.1.2 on page
64). Their typical shape can be seen in figure 4.13.

Five rules, which cover all the possible cases, complete the fuzzy system:

IF vis low THEN t=H
IF vismed AND eishigh THEN ¢=E
IF wvishigh AND eishigh THEN ¢=E
IF vismed AND eislow THEN ¢=R
IF vishigh AND eislow THEN ¢t=A
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Original image Discrepancy method Mexican hat

Without noise

With added noise

Figure 4.12: Comparison between e and a standard 3 x 3 filter mask

4.2.3 Optimization of the Fuzzy Partitions

As apparent from figure 4.13, the partitions depend on the six parameters
v1, Vg, U3, V4, €1, and es. An interesting question is, of course, how to
choose these values properly. In order to optimize them we need an ob-
jective criterion for judging the quality of the decision. Unfortunately, the
specification of the four types is given in a verbal, imprecise form, which can
hardly be formalized mathematically. However, it can be decided by a hu-
man whether the result of the segmentation algorithm for given parameters
matches his/her own understanding of the four areas. So, we implemented
a little painting program with pencils, rubbers, edge detection- and filling
algorithms which can be used to prepare a segmentation by hand. This
handmade segmentation can then be used as a reference.

Now assume that we have N sample pixels for which the pairs of input
values (U, €)req1,..., N} are alrMeady corflputeq and Ehat we have a reference
classification of these pixels t(k) = (tn(k),te(k),tr(k),ta(k)), where k €
{1,...,N}.! Then one possibility to define the performance (fitness) of the

!Since the geometry plays no role if the values © and é are already computed, we can
switch to one dimensional indices here, what simplifies the formulas a little bit.
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Figure 4.13: The linguistic variables v and e

fuzzy systems would be
N

%Zd(t(k),t(k)), (4.22)
k=1
where t(k) = (tu(k),te(k),tr(k),ta(k)) are the classifications actually ob-
tained by the fuzzy system for the input pairs (0, é;) with respect to the
parameters v1, ve, U3, vy, €1, and es; d(.,.) is an arbitrary metric on [0, 1]%.
The problem of this brute force approach is that the output of the fuzzy sys-
tem has to be evaluated for each pair (vg,ex), even if many of these values
are similar. In order to keep the amount of computation low, we “simpli-
fied” the procedure by a “clustering process” as follows: Choose a partition
(P, ..., Pg) of the input space and count the number (ni,...,ng) of sam-
ple points {p],..., p{l]} each part contains. Then the desired classification
of a certain part can be defined as

1 e~
fx(Pi) = — > ix(p) with X € {H,E,R,A}. (4.23)
1 ]:1

If ¢ is a function, which maps each part to a representative value (e.g. its
center of gravity), we can define the fitness as

50 o
f(ui,... vg,e1,€0) 1= Nzni'(2_(*))a (4.24)
i=1

with
W= Y (ix(P) —tx(#(P)))>.

X€e{H,E,R,A}

If the number of parts is chosen moderately (e.g. a rectangular 64 x 32
net which yields K = 2048) the evaluation of the fitness function takes
considerably less time than it would take if we used (4.22).
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Figure 4.14: Cross sections of functions of type (4.24)

Remark 4.11 Note that in (4.24) the fitness is already transformed such
that it can be regarded as a degree of matching between the desired and the
actually obtained classification measured in percent. This value has then to
be maximized.

Figure 4.14 shows cross sections of such a fitness function, where, in
each case, five parameters are kept constant and one is varied. It can be
seen easily that f is continuous but not necessarily differentiable and that
there can be a lot of local maxima. Hence, it is not recommendable to use
a conventional continous optimization method, such as gradient descent or
a Newton-like method. Seemingly, the one and only way out of this trap
was to use a probabilistic method. This requires, first of all, a coding of the
parameters. We decided to use a coding, like the one proposed in 4.1.2 on
page 64, which maps the parameters v, v9, v3, v4, €1 and ey to a string of
six 8-bit integers si,...,S¢ which range from 0 to 255. The following table
shows how the encoding and decoding is done:

ST = M v = 81

S9 = Vg — U1 Vg = 81+ 82

83 = V3 — V9 v3 = 81+ S92+ 83

S4 = V4 — U3 v4 = 81+ 82+ 83+ 84
55 = €& €1 = S5

Sg = €9 —eq] €ea = 85+ Sg

In order to compare the performance of various approaches, we consid-
ered the following methods:
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Random Selection
Algorithm 4.12

choose a string G randomly;

fi = f(G);
WHILE stopping condition not fulfilled DO
BEGIN
choose a string Go randomly;
f2 1= f(Ga);
IF f2 > f1 THEN
BEGIN
Ji:=fo
G1 = G2
END
END

The results have shown that for a binary string length of 48 this is not a
reasonable method at all.

Hill Climbing

In the strict sense, this method is a deterministic one. Since the initial point
is chosen randomly, we also count it here.

Algorithm 4.13

choose a string G, randomly;
fr = f(Gh);

fa 1= o0;
WHILE f, < f, DO

BEGIN
determine that neighbor string Gy of G with highest fitness fo;

IF f, > fi THEN

BEGIN
Ji:=f
G1 = G2
END
END
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Simulated Annealing

The simulated annealing algorithm is a powerful probabilistic optimization
technique which has been widely used during the last years. It imitates the
solidification of crystals under slowly decreasing temperature. The main idea
is that every atom tends to reach a state of thermic equilibrium. Thermic
equilibrium on a certain temperature level is reached if the temperature of a
randomly chosen neighbor atom is Boltzmann distributed (for more details
see [van Laarhoven and Aarts, 1987] or [Otten and van Ginneken, 1989]).
This approach goes back to N. Metropolis who proposed an algorithm for
the efficient simulation of the evolution of a solid-to-thermal equilibrium
(cf. [Metropolis et al., 1953]) and was later discovered to be an appropriate
method for solving combinatorial optimization problems (early publications
were |Kirkpatrick et al., 1983] and [Cerny, 1985]).

Algorithm 4.14

k:=0;
set initial temperature T
choose a G randomly;

f1:=f(Gr);

WHILE stopping condition not fulfilled DO
BEGIN
REPEAT
choose neighbor string Go randomly;

f2:= f(G2);

IF f, > f; THEN
BEGIN

G1 = GQ;

fi:=fo
END f2=f1
ELSE IF Random[0,1] <e™ T
BEGIN

G1 := Go;

fi=fa
END

THEN

UNTIL state of equilibrium is reached sufficiently closely ;

T:= ¢(T7 k)a
k=k+1
END
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Figure 4.15: The performance graph of a fuzzy GA

The Raw GA

First of all, we took a GA as proposed in algorithm 3.6 with the coding
presented above, a population size of 20, one-point crossing over with prob-
ability 0.15, and standard mutation, where each bit is modified with equal
probability pyy (0.005 in this case). Figure 4.15 shows a typical performance
graph of a genetic algorithm of this kind.

Hybrid Genetic Algorithm

Genetic algorithms are methods which are more or less “blind” in their
search for the optimal solution. So, it may be of interest what happens
if a GA is additionally supported by another method. We tried out some
combinations of the raw GA and the hill climbing method.

Results

All these algorithms are probabilistic methods, therefore, their results are
not well-determined, they can differ randomly within certain boundaries.
So, we tried out each one of them 20 times for one certain problem in order
to obtain more information about their average behavior. For the given
problem we found out that the maximal degree of matching between the
reference classification and the classification actually obtained by the fuzzy
system was 94.3776% . The table in figure 4.16 shows the results in detail.
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Jmax Jmin f of It

Hill Climbing 94.3659 | 89.6629 | 93.5536 | 1.106 862

Simulated Annealing | 94.3648 | 89.6625 | 93.5639 | 1.390 | 1510

Improved Simulated | o) 525 | 93 7056 | 04.2697 | 0.220 | 21968

Annealing
GA 94.3760 | 93.5927 | 94.2485 | 0.218 | 9910
Hybrid GA (elite) 94.3760 | 93.6299 | 94.2775 | 0.207 | 7460

Hybrid GA (random) | 94.3776 | 94.3362 | 94.3693 | 0.009 | 18631

Figure 4.16: Some results

The hill climbing method with a random selection of the initial string
converged rather quickly. Unfortunately, it was always trapped in a local
maximum, but never reached the global solution (at least in these 20 trials).

The simulated annealing algorithm showed similar behavior at the very
beginning, when we used ¢(T', k) := T-0.9962. T was set to 2 initially. After
some experiments with the parameters the performance could be improved
remarkably (with ¢(T, k) := T-0.9914 but more iterations in the inner loop).

The raw genetic algorithm looked pretty good from the beginning, but
it seemed inferior to the improved simulated annealing.

Next, we tried a hybrid GA, where we kept the genetic operations and
parameters of the raw GA, but every 50-th generation the best-fitted indi-
vidual was taken as initial string for a hill climbing method. Although the
performance increased, the hybrid method still seemed to be worse than the
improved simulated annealing algorithm. The reason that the effects of the
modification were not so dramatical might be that the probability is rather
high that the best individual is already a local maximum. So we modified
the procedure again. This time a randomly chosen individual of every 25-th
generation was used as initial string of the hill climbing method. The result
exceeded the expectations by far. The algorithm was, in all cases, nearer
to the global solution than the improved simulated annealing was (compare
with the table in figure 4.16), but, surprisingly, sufficed with less invocations
of the fitness function.

Figure 4.17 shows a graphical representation of the results. Each curve
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Figure 4.17: A graphical representation of the results
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in this graph corresponds to one algorithm. Such a curve shows, for a given
fitness value z, how many of the 20 solutions had a fitness higher or equal
to . It can be seen easily from this graph that the hybrid GA with random
selection brought the best results. The z axis is not a linear scale in this
figure. It was transformed in order to make small differences visible.

4.3 Conclusion

From the examples above, we have seen that genetic algorithms are costly
but effective. The reason for the robustness and the stable convergence be-
havior is that GAs always have a wider perspective of the problem, because
they keep a whole population of points in mind instead of only single points,
as the conventional methods do.

We have seen further that intelligent combinations of conventional meth-
ods and genetic algorithms can yield significant improvements in terms of
speed and the quality of the solutions.
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Chapter 5

Acquiring Rulebases with
Genetic Algorithms

There are two concepts within fuzzy logic which play a central role
in its applications. The first is that of a linguistic variable, that
18, a variable whose values are words or sentences in a natural
or synthetic language. The other is that of a fuzzy if-then rule in
which the antecedent and consequent are propositions containing
linguistic variables. The essential function served by linguistic
variables is that of granulation of variables and their dependen-
cies. In effect, the use of linguistic variables and fuzzy if-then
rules results — through granulation — in soft data compression
which exploits the tolerance for imprecision and uncertainty. In
this respect, fuzzy logic mimics the crucial ability of the human
mind to summarize data and focus on decision-relevant informa-

tion.

Lotfi Asker Zadeh in |Zadeh, 1993]

This quotation by L. A. Zadeh expresses brilliantly what the core of fuzzy
logic is. As we have already seen (more often than once), he recalls that the
power of fuzzy logic lies in the separation of rules and their concrete meaning
(see also page 56). In the previous chapter we have dealt with the optimiza-
tion of the latter component. Now we give an introduction to methods for
the acquisation of rulebases with genetic algorithms. We assume that the
linguistic variables are completely specified. The simultaneous optimization

of rules and their meaning will be discussed in 6.1.

While we have only discussed methods for offline optimization until now,
the optimization of rulebases can be done in two ways. Besides techniques,
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which are applied offline, methods for learning rules continuously have come
into fashion. One prominent approach is the fuzzification of a Holland clas-
sifier system which bases upon the application of genetic operations to gen-
erate rules. Such methods will be discussed in 5.2. Before that we take a
look at offline techniques.

5.1 Offline Optimization of Rulebases

First of all, let us recall the definition of a fuzzy GA (see page 57): A fuzzy
genetic algorithm is a genetic algorithm which is applied to the optimiza-
tion of some parameters of a fuzzy system. Of course, this definition also
includes the offline optimization of rulebases. However, other names have
become commonly used: Offline optimization of rulebases is often nicknamed
the “Pitt Approach” after Pittsburgh, the town where the first decision sys-
tem, whose parameters were tuned with genetic algorithms, was written
(S. F. Smith’s poker player, see [Goldberg, 1989]). According to that, a
fuzzy system, which employs genetic offline learning, is often called a fuzzy
classifier system of the Pittsburgh type. Generally, a classifier system is a
machine learning system which learns rTules in order to guide its own per-
formance in an arbitrary environment (see [Holland, 1986] or [Geyer-Schulz,
1995]). Classifiers are nothing else but ordinary if-then rules. The name
classifier comes from the capability of rules to classify inputs into message
sets (compare with the sets R; in (2.21) on page 13).

5.1.1 Fixed-Length Representations

If we find a method for encoding rulebases into a string of a fixed length,
all the genetic methods we have previously dealt with are applicable with
only little modifications. Of course, we have to assume in this case that the
numbers of verbal values of the linguistic variables, which are involved, are
finite. For simplicity, without much loss of generality, we only deal with the
case that the set of verbal values just contains adjectives.

The simpliest case is that of coding a complete rulebase, which covers
all the possible cases, into a matrix (a tensor in the case of more than two
input variables). For this purpose, consider a rulebase of the following form
(the generalization to more than two input variable is straightforward):

IF z1is A AND x5 is B; THEN vy is Cj; (5.1)

A; and Bj are verbal values of the variables z; and x5, respectively. All the
values A; are pairwise different, analogously for the values Bj; ¢ ranges from
1 to Ny, the total number of verbal values of variable x1; j ranges from 1
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to Ny, the total number of verbal values of variable z5. The values éij are
arbitrary elements of the set of pairwise different verbal values {C1,...,Cy,}
of linguistic variable y. Obviously, such a rulebase is uniquely represented
by a matrix, a decision table, where the position of a consequent value
determines to which premise it belongs,

‘ B, - By,
At | C - Cing
ANl éNll 6NY]VIZVQ °

If we associate that number k;; between 1 and Ny, for which C’ij equals O,
with each éij, we can easily encode such a rulebase by putting all the binary
representations of the values k;; — 1 into a string of length N7 - Np - K with

K :=logy N,.

For the method above, genetic algorithms as presented in algorithms 3.2
or 3.6 are suitable. We only have to take care that mutation and crossing
over can yield values higher than N, —1, if N, is not a power of 2. Of course,
the fitness functions, which we have introduced in 4.1.3, can also be used
without any modifications. Such a method is for example applied in [Thrift,
1991]. A related approach is that of Lee and Takagi which we will disucss
in 6.1.1.

It is easy to see that the approach above works consequent-oriented,
what means, that the premises are fixed, and, therefore, the consequent
values must be acquired. Such an idea can only be applied to optimization
of complete rulebases which are, in more complex applications, not so easy
to interpret. Moreover, complete rulebases can have the disadvantages that
they require a lot of storage for, in many cases, rules which are not necessary.
On the contrary, in many applications, especially in control applications, it
is enough to have an incomplete rulebase which consists of a certain number
of rules which cover the input space sufficiently well.

The acquisation of incomplete rulebases is a task, which is not so easy
to solve with representations of fixed length. We will come to that later
in 5.1.2 and 5.2. Nevertheless, there is at least one method, which can be
applied with fixed-length representations. It can be found in [Gonzalez et
al., 1993|, where a genetic algorithm is applied to the problem of learning
structures of single rules.

Typically, incomplete rulebases consist of a comparatively small num-
ber of rules of a more general shape, rules which do not necessarily specify
restrictions for all input variables (as in (5.1)), so-called generalizing rules,
rules which do not only employ AND as connective, but also OR, or unary
operators, such as NOT. It is intuitively clear that such a variety of ex-
pressions cannot be represented sufficiently well by binary strings of a fixed

86



length. However, in [Gonzalez et al., 1993] a subset of such rules, which
might be sufficient for many applications, is considered.

For this purpose we consider an atomic fuzzy system with n input vari-
ables z1,...,z, and one output variable y. For each input variable z; we
have a finite set D; of verbal values D; := {A;1,..., A, } with which we asso-
ciate fuzzy sets. Analogously, we have a finite set of verbal labels By, ..., By
for output variable . Then we consider a rulebase of the form

IF Antn THEN yiS B1

Yy

IF Antypy, THEN vy is By
(5.2)

IF Ant,,;  THEN yis By,

IF Ant,,m, THEN yis B,,.

Apparently, we have fixed a number of rules Z?:yl m; in advance, where m;

premises (antecedents) Ant;; yield the consequent B;.

In this approach, antecedents of the shape
z1is A; AND --- AND z,, is A,, (5.3)

are considered, where fL- are lists of labels contained in D;. The semantic
interpretation of such a list is the fuzzy union of the fuzzy sets which are
associated with the labels in the list. Concretely, if A; = {Aij, - Aije s
the expression z; is /L can be read as

xT; is Aij1 OR --- OR xT; is Ain.

For encoding a rulebase of type (5.2), we must, first of all, find a coding
for the lists A;. This can easily be done by associating a binary string of
length n; with each A;. Position g is then 1, if A; is contained in /Nli, 0
otherwise. If the string, which represents A;, only contains zero entries, this
part of the premise is not evaluated. Hence, it is also possible to represent
generalizing rules.

An antecedent as proposed in (5.3) can then be encoded by concatenating
the strings which represent the lists A;. Finally, the rulebase (5.2) is encoded
by concatenating the codings of all the antecedents Ant;;.

Example 5.1 Suppose we have three inputs z1, =1, and z3 with Dy :=
{A11, A2, A1z}, Dy := {Ag1, Ago, Aoz, Ags}, and D3 := {A31,A3z}. Then
the antecedent

I iS {AH,Alg} AND ) iS {AQQ,A24} AND I3 iS {Agl}
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is encoded as

1 0 1]0 1 0 1]1 0]

NN

All A12 A13 A21 A22 A23 A24 A31 A32

Obviously, all the conventional genetic operations, including selection,
crossing over, mutation, are applicable. Although the standard fitness func-
tions can also be used, it can be of advantage to additionally incorporate
terms, which judge the simplicity of the rulebase, into the fitness function.

This approach has, compared with the representation of complete rule-
bases, the advantage that it allows generalizing rules which contribute much
to the compactness and interpretability of rulebases. Nevertheless, we can
state the following disadvantages:

e The number of rules must be fixed in advance.

e The application of the connective OR is limited to the union of sets
which belong to the same input variable.

e More advanced constructs, such as unary operators like NOT or ad-
verbs cannot be allowed.

The next section is going to deal with a paradigm which overcomes these
disadvantages.

5.1.2 Fuzzy Genetic Programming

Not surprisingly, all kinds of fuzzy GAs, which incorporate genetic pro-
gramming techniques, are subsumed under the term “Fuzzy Genetic Pro-
gramming” (fuzzy GP). This field is a comparatively new one. Most of the
theory goes back to A. Geyer-Schulz (see |Geyer-Schulz, 1995]) who also im-
plemented the first application, where he tried to improve stock management
strategies with fuzzy GP (|Geyer-Schulz, 1996]).

Within this promising approach, all kinds of constructs for representing
fuzzy knowledge, such as adverbs, connectives, and so on, can be used. The
first thing we need is a rule language. Typically, a rule language for a fuzzy
system with n inputs z1,...,x, in Backus-Naur form looks as follows:
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<rule> := “IF" <premise> “THEN" <conclusion>;
<premise> := <conditional> |
“(” <unary> <premise> )" |
“(” <premise> <connective> <premise> “)” ;

<conditional> := “z;” “is" <expr;>|---| “z,” "is" <expr,> ;
<unary> := “NOT";

<connective> := "“AND" | "OR" ;

<conclusion> = *y” "is" <expr,> ;

where the expressions <expr;> ... <expr,> and <expr,> are verbal values
of the linguistic variables z1 ...z, and y, respectively. The syntax of these
expressions is specified by the grammars which produce the verbal values of
the linguistic variables (compare with definition 2.15 and page 22). Since
these grammars are also given in BNF, they can easily be implanted in the
grammar above. It is easy to see that the grammar above provides a higher
generality than all the approaches we have considered previously.

Before we can apply the universal genetic programming techniques, which
we have introduced in 5.1.2, we have to find a representation for a whole
rulebase. Of course it is again possible to fix a certain number m of rules in
advance. Then an appropriate syntax for a rulebase would be

<rulebase> = (7 <rule> “” ...“” <rule> “)” ;

v~

m times

The more general way to represent a rulebase, which does not suffer from
the problem that the size must be fixed in advance, is to allow an arbitrary
number of rules in the rulebase:

<rulebase> := “(” <rulelist> c:)n :
<rulelist> := <rule> | “” <rulelist> ;

Furthermore, if the set of verbal values of the linguistic variable y is a
finite set of adjectives, it is, under some additional assumptions, possible to
suffice with a finite number of rules.

Lemma 5.2 Consider an atomic fuzzy system with the notations as above.
Suppose that its output is computed with the Mamdani inference, where Ty =
Ty =Tav and S1 = Sy = Swm. If the set of verbal values of the output variable
y is a finite set of ny labels Dy := {By, ..., By}, an arbitrary rulebase with
a finite number m of rules of the form

IF Ezpr; THEN yis B, (5.4)

where Bj € Dy, can be rewritten as a rulebase with at most n, rules with
pairwise different consequent values without changing the input-output func-
tion.
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Proof: With the setting
D, :={AeDjj3jeT,m A= B;} C D,, n:=|D,|<|Dy|=n,
and if we denote the elements of Dy, with Bj,...,B], , the rulebase (5.4) can
Y
be rewritten as
IF Ezpr), THEN yis By, k€ 1,n), (5.5)

where Ezpr), is the fuzzy disjunction of all expressions Ezpr; which have B,
as consequent value. More precisely

Ezpr), = Ezpr;  OR --- OR Ezpr;

Lkl

where {i1,...,ix} = {j|B; = B} and Il := |{i1,...,i}|. Obviously, the
rulebase above has at most n, rules with pairwise different consequent val-
ues.

Now, let Z be an arbitrary input vector and let z be an arbitrary element
of Y, the universe of discourse of the output variable y. Then the output
fuzzy set of rulebase (5.4) with respect to input ¥ is

pes @) (2) = Sm(Tm(pg, (2), Bapr (7)), .. Tm(ug,, (2), Baprp, (7))

The output fuzzy set of rulebase (5.5) is given as

s (2) = v (T (2), Bapry (D)), - T, (2), Bapry, (7))
= Sm( Tm(pp (2), Sm(Bzpry,, (2), ..., Bzpry, (7)), ...
TM(N’B;,y (Z),SM(EZEP’I"ZTLLI(ZE),,EZEP’I" (f))))

anllngl
Together with
min(z, max(y, z)) = max(min(z,y), min(z, 2))

and
max(max(x1,x9), max(xs, x4)) = max(x1,Ta, T3, Tyq),

the assertion follows. [ |
Example 5.3 In order to illustrate the transformation process described

in the proof of lemma 5.2, consider the following rulebase with two inputs
(D1 = Dy = {"neg", “zero”, “pos” } and D, = {"“low”, “medium”, “high” }):

IF 2 is “neg” THEN 1y is “low”
IF 1 is “zero” AND x5 is "pos” THEN yis “low”
IF 1 is “pos” THEN 1y is “medium”
IF 2 is “zero” AND z5 is “neg” THEN g is “medium”

IF I

s “zero” AND x4 is “zero” THEN yis “high”
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The transformed variant is then

IF 2y is "neg” OR (zy is “zero” AND x5 is “pos”) THEN 1y is “low”
IF 2y is "pos” OR (z; is “zero” AND z is “neg’) THEN yis “medium”
IF zy is “zero” AND zs is “zero” THEN vy is “high”.

If the assumptions of lemma 5.2 are fulfilled, we can suffice with a repre-
sentation with a fixed number of rules, n, concretely. In this case, as already
shown in the previous section, we have to find the antecedent expressions
for a fixed set of consequences.

To all the representations, which we have shown here, the genetic op-
erations can be applied as usual. It can be of advantage to incorporate
mechanisms into the fitness function which additionally take the complexity
and the number of the rules into account. Moreover, it is useful to simplify
the expressions after each generation in order to avoid wild growth of the
derivation trees. If simplification is desired, the operations (t-norms and
t-conorms) should be chosen such that some derivation laws, such as the
De-Morgan law, are fulfilled.

More, especially theoretical details on fuzzy genetic programming can
be found in [Geyer-Schulz, 1995|, where also a global convergence proof is
provided.

5.2 Online Learning of Fuzzy Rules

The ideas in the previous section have in common that (1) the genetic al-
gorithms operate on whole rulebases, they work with populations of rule-
bases, and (2) rulebases are judged globally, i.e. the performance of whole
rulebases is evaluated by the fitness function. If the systems are judged
globally, no complicated examination which rules are responsible for success
or failure, what requires profound knowledge about the environment, has to
be done. This seems to be an advantage at first glance, but, in fact, the
convergence of such methods can be weak, because single obstructive rules
can deteriorate the fitness of the whole rulebase, which could contain very
useful, well-performing rules. Furthermore, we have mentioned that genetic
algorithms are capable of finding fairly good solutions, but local refinement
can take a lot of time. Another aspect is that it can be difficult to define a
global quality measure which provides enough information to guide a genetic
algorithm to the solution.

Therefore, it is, of course, of interest to consider methods which observe
the behavior of the system throughout a certain period of time adjusting
the rules according to local payoff from the system. Consider for example
the game of chess in order to demonstrate the difference between the two
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approaches. A global quality measure could be the percentage of successes
in a large number of games or, more specifically, the number of moves it
took to be successful in the case of success and the number of moves it had
been possible to postpone the winning of the opponent in the case of failure.
It is easy to see that such information provides only a scarce foundation
for learning chess, even if more detailed information, such as the number
of pieces captured, is involved. On the contrary, it is easier to learn the
principles of chess, when the direct effect of the application of a certain rule
can be observed immediately. The problem, not only in the case of chess, is
that early moves can also contribute much to a final success. We will come
to that later.

In general, machine learning systems, which employ a genetic algorithm
for the manipulation of single rules, in a way as described above are called
classifier systems of the Michigan type. Figure 5.1 shows the typical archi-
tecture of such a system. The main components are:

1. A production system containing a rulebase which processes incoming
messages from the environment and sends output messages to the en-
vironment

2. An apportionment of credit system which receives payoff from the
environment and determines which rules had been responsible for that
feedback; this component assigns strength values to the single rules in
the rulebase. These values represent the performance and usefulness
of the rules.

3. A genetic algorithm which combines well-performing rules to new ones
with respect to their strength values.

Obviously, the learning task is divided into two subtasks — the judgment
of already existing and the discovery of new rules.

Before we turn to classifier systems, which actually learn fuzzy rules
in such an online process, just to sharpen our understanding, we discuss
a simple crisp variant which has been examined very well — the so-called
Holland classifier system.

5.2.1 The Holland Classifier System

A Holland classifier system is a classifier system of the Michigan type which
processes binary messages of a fixed length through a rulebase whose rules
are adapted according to the response of the environment. There are a lot
of different notations in the literature (e.g. [Holland, 1986], [Holland, 1992],
[Holland et al., 1986], [Holland et al., 1987|, or [Geyer-Schulz, 1995]), we
have developed our own view which, in some sense, merges the differently
occurring approaches.
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Figure 5.1: A classifier system of the Michigan type

The Production System

First of all, the communication of the production system with the environ-
ment is done via an arbitrarily long list of messages. The detectors translate
responses from the environment into binary messages and place them on the
message list which is then scanned and changed by the rulebase. Finally, the
effectors translate output messages into actions on the environment, such as
forces or movements.

Messages are binary strings of the same length k. More formally, a
message belongs to {0,1}*. The rulebase consists of a fixed number m of
rules (classifiers) which consist of a fixed number r of conditions and an
action, where both conditions and actions are strings of length k over the
alphabet {0, 1,*}. The asterisk plays again the role of a wildcard, a “don’t
care” symbol.

A condition is matched, if and only if there is a message in the list
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which matches the condition in all the non-wildcard positions. Moreover,
conditions, except the first one, may be negated by adding a “-” prefix.
Such a prefixed condition is satisfied, if and only if there is no message in
the list which matches the string associated with the condition. Finally, a
rule fires, if and only if all the conditions are satisfied, i.e. the conditions
are connected with AND. Such “firing” rules compete to put their action
messages on the message list. This competition will soon be discussed in
connection with the apportionment of credit problem.

In the action parts, the wildcard symbols have a different meaning. They
take the role of “pass through” element. The output message of a firing rule,
whose action part contains a wildcard, is composed from the non-wildcard
positions of the action and the message which satisfies the first condition of
the classifier (this is actually the reason why negations of the first conditions
are not allowed). More formally, the outgoing message m is defined as

lil ali] if ali] # * ;
[ { mli] if afi] = * €Lk, (5.6)

where a is the action part of the classifier and m is the message which
matches the first condition. Formally, a classifier is a string of the form

Cond;, [“?]Conda, . .., [“?]Cond, /Action, (5.7)

w »

where the brackets should express the optionality of the prefixes.

Moreover, it can be of advantage to supply the messages with prefixes,
so-called tags, which identify the origin of the message. Consequently, these
prefixes must also be appended to the conditions and actions of the classi-
fiers. In this case we must take special care that no action specifies the prefix
reserved for the input interface. This process of tagging offers new oppor-
tunities to transfer information about the current step into the next step.
This can be accomplished by placing tagged messages on the list which are
not interpreted by the output interface. These messages, which, obviously,
contain information about the previous step, can support the decisions in
the next step. So, appropriate use of tags permits rules to be coupled to act
sequentially. In some sense, such messages are the memory of the system.

To summarize this, a single execution cycle of the production system
consists of the following steps:

1. Messages from the environment are appended to the message list.

2. All the conditions of all classifiers are checked against the message list
to obtain the set of firing rules.

3. The message list is erased.
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4. The firing classifiers participate in a competition to place their mes-
sages on the list (see below).

5. The winning classifiers place their actions on the list.

6. The messages directed to the effectors are executed.

This procedure is repeated iteratively.

Remark 5.4 How 6. is done, if these messages are deleted or not, and so on,
depends on the concrete implementation. It is, on the one hand, possible to
choose a representation such that each output message can be interpreted by
the effectors. On the other hand, it is possible to direct messages explicitely
to the effectors with a special tag. In this case, if no messages are directed
to the effectors, the system is in a thinking phase.

If a classifier R; produces a message m’, which is not directed to the
effectors, but tagged as an internal message, and m' satisfies a condition of
a classifier Ry in the next timestep, Ry is called a consumer of R;. Reversly,
R, is called a supplier of Rs.

Credit Assignment — The Bucket Brigade Algorithm

As already mentioned, in each timestep ¢ we assign a strength value w;;
to each classifier R;. This strength value represents the correctness and
importance of a classifier. On the one hand, the strength value influences
the chance of a classifier to place its action on the output list. On the other
hand, the strength values are used by the rule discovery system which we
will soon discuss.

The competition for having the right to post the action together with the
adaptation of the strength values depending on the feedback (payoff) from
the environment is called the bucket brigade algorithm. It can be regarded
as a simulated economic system in which various agents, in our case the
classifiers, participate in an auction, where the chance to buy the right to
post the action depends on the strength of the agents.

In one of the simpliest forms, the bid of a classifier is defined as
bit == cr - Uiy - Si, (5.8)

where ¢7, € [0,1] is a learning parameter, similar to learning rates in artificial
neural nets, and s; is the specifity, the number of non-wildcard symbols in
the condition part of the classifier. If ¢y, is chosen small, the system adapts
slowly. If it is chosen too high, the strengths tend to oscillate chaotically.
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Then, depending on the bids, the rules, which are allowed to place their
output messages on the list, the so-called winning agents, are selected. In the
simpliest case this can be done by a random experiment. For each bidding
classifier it is decided randomly, if it wins or not, where the probability that
it wins is proportional to its bid:

Plr; wins] := _ b (5.9)
i : S by .

j€ESaty

where Sat; is the set of indices which belong to satisfied classifiers at time ¢.

Obviously, in this approach more than one winning classifiers are allowed.
Of course, other selection schemes are reasonable, for instance the highest
bidding agent wins alone. This can be necessary to avoid that two winning
classifiers direct mutually exclusive actions to the effectors.

Now let us discuss how payment from the environment is distributed and
how the strengths are adapted. For this purpose, let us denote the set of
classifiers, which have supplied a winning agent r; in step ¢, with S; ;. Then
the new strength of a winning agent is reduced by its bid and increased by
its portion of the payoff P, received from the environment:

Ui g1 = Usp + L. bit, (5.10)
Wy
where w; is the number of winning agents in the actual time step. A winning
agent pays its bid to its suppliers, which share the bid among each other,
equally in the simpliest case:

Up 41 = UL+ Z—’t Vr; € Sz’,t (51].)

If a winning agent has also been active in the previous step and supplies an-
other winning agent, the value above is additionally increased by one portion
of the bid the consumer offers. In the extreme case, that two winning agents
have supplied each other mutually, the portions of the bids are exchanged
in the manner as presented above. The strengths of all other classifiers
rn, which are neither winning agents nor suppliers of winning agents, are
reduced by a certain factor (they pay a tax):

Upt+1 := Uy (1 =T), (5.12)

where T' € [0,1] is a small value. The intention of taxation is to punish
classifiers which never contribute anything to the output of the system.
With this concept redundant classifiers, which never become active, can be
filtered out.

The idea behind credit assignment in general and bucket brigade in par-
ticular is to increase the strengths of rules which have set the stage for later
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First execution

[~— Payoff

~ 20 20 20 20
Strengths 100 100 100 100 140
Second execution 60

[~— Payoff

Strengths 100 100 100 108 172

Figure 5.2: The bucket brigade principle

successful actions. The problem of determining such classifiers, which were
responsible for conditions under which it was later on possible to receive a
high payoff, can be very difficult. Consider for instance the game of chess
again, in which very early moves can be significant for a late success or
failure. However, the bucket brigade algorithm can solve this problem, al-
though, obviously, strength is only transferred to the suppliers which were
active in the previous step. Each time the same sequence is activated, a
little bit of the payoff is transferred one step back in the sequence. It is
easy to see, that repeated successful execution of a sequence can increase
the strengths of all coupled classifiers involved.

Example 5.5 Figure 5.2 shows a simple example how the bucket brigade
algorithm works. For simplicity, we consider a sequence of five classifiers
which always bid 20 percents of their strength. Only after the fifth step,
after the activation of the fifth classifier, a payoff of 60 is received. The
further future of this sequence would be the one shown in figure 5.3. It is
easy to see from this example that the reinforcement of the strengths is slow
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Strength after the

3rd 100.00 100.00 101.60 120.80 172.00
4th 100.00 100.32 105.44 136.16 197.60
5th 100.06 101.34 111.58 152.54 234.46
6th 100.32 103.39 119.78 168.93 247.57
10th 106.56 124.17 164.44 224.84 278.52
25th 215.86 253.20 280.36 294.52 299.24
execution of the

sequence

Figure 5.3: Repeated bucket brigade

at the beginning but it accelerates later. Exactly this property contributes
much to the robustness of classifier system — they tend to be cautious at
the beginning, trying not to rush conclusions, but, after a certain number of
similar situations, the system adopts the rules more and more. Figure 5.4
shows a graphical visualization of this fact interpreting the table shown in
figure 5.3 as a two-dimensional surface.

From example 5.5 and the considerations above it might be clear, that
the bucket brigade algorithm fails if the number of environmental states is
so large that the system never observes the same sequence more than once.

Rule Generation

While the apportionment of credit system just judges the rules, the purpose
of the rule discovery system is to eliminate low-fitted rules and to replace
them by hopefully better performing ones. The fitness of a rule is given by
its strength. Since the classifiers of a Holland classifier system themselves
are strings, the adaptation of a genetic algorithm to the problem of rule
induction is straightforward, though many variants are reasonable. Almost
all variants have in common that the GA is not invoked in each time step,
but only every n-th step, where n has to be set such that enough information
about the performance of new classifiers can be obtained in the meantime.

A. Geyer-Schulz, for instance, suggests the following procedure (see [Geyer-
Schulz, 1995]):
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Figure 5.4: A graphical representation of the table shown in figure 5.3

1. select a subpopulation of a certain size at random,

2. take this subpopulation as actual generation and compute a new gen-
eration by applying the genetic operations selection, crossing over, and
mutation as described in 3.1.2,

3. merge the new subpopulation with the rulebase omitting duplicates
and replacing the worst classifiers.

However, this process of acquiring new rules has an interesting side effect.
It is more than only the exchange of parts of conditions and actions. Since
we have not stated restrictions for manipulating tags, the genetic algorithm
can recombine parts of established tags to invent new tags. In the following,
tags spawn related tags establishing new couplings. These new tags survive
if they contribute to useful interactions. In this sense, the GA additionally
creates experience-based internal structures.

Since we have discussed all the important components of a classifier
system of the Michigan type in detail, we can now turn to the application
of such techniques to the acquisation of fuzzy rules.

5.2.2 Fuzzy Classifier Systems of the Michigan Type

The previous considerations about classifier systems have been made with
just the objective in mind to generalize them to the case of online fuzzy-
rule-acquisation. While crisp classifier systems of the type discussed above
had been introduced by J. H. Holland in 1976, their fuzzification awaited
discovery many years. The first papers dealing with that interesting topic
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were by M. Valenzuela-Rendén [Valenzuela-Rendén, 1991a] and [Valenzuela-
Rendén, 1991b]. Since then not very much has happened. There is at least
one other paper by A. Bonarini ([Bonarini, 1993]) dealing with the online
learning of incomplete fuzzy rule sets for an autonomous robot. It is not
obvious why this field is treated like a stepchild, although the results seem
to be encouraging. However, these ideas are really worth being discussed.

We concentrate on M. Valenzuela-Rendén’s ideas here. He has intro-
duced a fuzzy classifier system which is, more or less, with little modifica-
tions, a generalization of an ordinary Holland classifier system.

The Production System

Here we consider, as M. Valenzuela-Rendén did, a system with real-valued
input and output, such as a fuzzy controller. The system has, unlike ordinary
fuzzy controllers, three different types of variables — input-, output-, and
internal variables. As we will see later, internal variables are for the purpose
of storing information about the near past. They correspond to the specially
tagged messages in the crisp case. For the sake of generality and simplicity,
all the universes of discourse, which are intervals in this case, are linearly
transformed to the unit interval [0, 1]. For each variable the same number of
membership functions n is assumed. These membership functions are fixed
at the beginning. They are not changed throughout the learning process.
M. Valenzuela-Rendén took bell-shaped function which divided the interval
rather equally. Of course, other types can be used, what actually has no
effect on our considerations here.

A message is then a binary string of length [ 4+ n, where n is the number
of membership functions defined above and [ is the length of the prefix (tag),
which identifies the variable to which the message belongs. A good choice
for [ would be log, K, where K is the total number of variables we want to
consider. To each message an activity level, which represents a truth value,
is assigned. Consider for instance the following message (I = 3, n = 5):

010 : 00010 — 0.6
e
=2

Its meaning is “Input no. 2 belongs to fuzzy set no. 4 with a degree of 0.6”.
On the message list only so-called minimal messages are used, i.e. messages
with only one 1 in the part which identifies the numbers of the fuzzy sets.

Classifiers again consist of a fixed number r of conditions and an action
part. Note that, in this approach, no wildcards and no “-” prefixes are
used. Both condition and action part are also binary strings of length [ + n,
where the tag and the identifiers of the fuzzy sets are separated by an colon.
The degree to which such a condition is matched is then, of course, a fuzzy
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Figure 5.5: Matching a fuzzy condition

truth value between 0 and 1. The degree of matching is computed as the
maximal activity of messages on the list, which have the same tag and whose
1s are a subset of those of the condition. Figure 5.5 shows a simple example
how this matching is done. The degree of satisfaction of the whole classifier
is then computed as the minimum of matching degrees of the conditions.
This is then also the activity level which is assigned to the output message
(i.e. Mamdani inference with T, = T\p). This is exactly the same inference
method as we have discussed in 5.1.1 (see (5.2) and (5.3) on page 87).

The whole rulebase consists of a fixed number m of such classifiers. Sim-
ilarly to Holland classifier systems, one execution step of the production
system is done as follows:

1. The detectors receive crisp input values from the environment and
translate them into minimal messages which are then added to the
message list.

2. The degrees of matching are computed for all classifiers.
3. The message list is erased.

4. The output messages of some matched classifiers (see later) are placed
on the message list.

5. The output messages are translated into minimal messages. For in-
stance, the message 010 : 00110 — 0.9 is split into the two messages
010 : 00010 — 0.9 and 010 : 00100 — 0.9.

6. The effectors discard the output messages (referring to output vari-
ables) from the list and translate them into instructions to the envi-
ronment.
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From point 2 it can be seen easily that it is of advantage to use fuzzy sets
with local support instead of bell-shaped ones, because, if bell-shaped fuzzy
sets are used, each rule fires in each time step.

Step 6 is done by a modified Mamdani inference: The sum (instead of
the maximum or another #-conorm) of activity levels of messages, which
refer to the same fuzzy set of a variable, is computed. The membership
functions are then scaled with these sums. Finally, the center of gravity of
the “union” (i.e. maximum) of these functions, which belong to one variable,
is computed.

Credit Assignment

Since fuzzy systems have been designed to model transitions, a probabilistic
auction process as discussed in connection with Holland classifier systems,
where only a small number of rules is allowed to fire, is not desirable. Of
course, we again assign strength values to the classifiers.

If we are dealing with a one-stage system, in which payoff for a cer-
tain action is received immediately, where no long-term strategies must be
evolved, we can suffice with allowing all matched rules to post their outputs
and sharing the payoff among the rules, which were active in the last step,
according to their activity levels in this step. For example, if R; is the set
of classifiers, which have been active at time ¢, and P; is the payoff received
after the ¢-th step, the modification of the strengths of firing rules can be
defined as

Gt

Z gt

r;ER¢

Ujpy1 2= Ui + By - Vr; € Ry, (5.13)

where a;; denotes the activity level of the classifier r; at time ¢. It is again
possible to reduce the strength of inactive classifiers by a certain tax.

In the case, that the problem is so complex that long-term strategies
are indispensable, a fuzzification of the bucket brigade mechanism must
be found. While Valenzuela-Rendén only provides a few vague ideas, we
state one possible variant, where the firing rules pay a certain value to their
suppliers which depends on the activity level. The strength of a classifier,
which has recently been active in time step ¢ is then increased by a portion
of the payoff as defined in (5.13), but it is additionally decreased by a value

bit:=cr - uiy - aiyg, (5.14)

where ¢y, € [0, 1] is again the learning rate. Of course, it is again possible to
incorporate terms which depend on the specifity of the classifier.

This “bid” is then shared among the suppliers of such a firing classifier
according to the amount they have contributed to the matching of the con-
sumer. If we consider an arbitrary but fixed classifier r; which has been
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active in step ¢ and if we denote the set of classifiers supplying r;, which
have been active in step £ — 1, with S;;, the change of the strengths of these
suppliers can be defined as

Qf.t—1

Z Qrt—1

reS; ¢

Uk tt1 = Ukt + b',t : Vr, € S',t. (5.15)

It is easy to see, that this can be an appropriate generalization of the bucket
brigade algorithm as described in 5.2.1.

Rule Discovery

The adaptation of a genetic algorithm to the problem of manipulating clas-
sifiers in our system is again straightforward. We only have to take special
care that tags in conditional parts must not refer to output variables and
that tags in the action parts of the classifiers must not refer to input variables
of the system.

Analogously to the considerations in 5.2.1, if we allow a certain number
of internal variables, the system tends to build internal chains, coupled se-
quences, autonomously. If we allow internal variables, a classifier system of
this type not only learns stupid input-output actions, it also tries to discover
causal interrelations.

Bonarini’s Modifications

A. Bonarini’s paper [Bonarini, 1993] is more application-oriented. Not so
much about the details inside is revealed. However, he concentrates on find-
ing a small rulebase which only contains important rules. In this approach
the number of rules is allowed to vary between certain boundaries.

The number of rules can be varied in each time step depending on the
number of rules which match the actual situation. This is done by two dual
operations:

1. If the rules, which match the actual situation, are too many, the worst
of them is deleted.

2. If there are too few rules matching the current inputs, a new rule,
whose antecents cover the current state, with randomly chosen conse-
quent value, is added to the rulebase.

The genetic operations are only applied to the consequent values of the rules.
Since the antecedents are generated on demand in the different timesteps,
no taxation is necessary. Bonarini has called this mechanism “cover-detector
algorithm”.
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5.3 Conclusion

While the acquisation of decision tables as briefly discussed in 5.1.1 is, at
least from the mathematical point of view, a rather boring task, fuzzy genetic
programming and the theory of fuzzy classifier systems of the Michigan type
are very challenging fields which are both still in their infancy.

The slowly increasing number of publications, which deal with these
topics, might indicate that they are continuously approaching a promising
future. The first challenge is to apply them to more complex problems. All
practical results, which have been published until now, concern with the
applications to comparatively simple examples. Furthermore, the combi-
nation of these two paradigms to design systems, which learn program-like
structures in an online process, could open a completely new, revolutionary
area.
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Chapter 6

More about the Combination

of Evolutionary and Fuzzy
Methods

As long as algebra and geometry proceeded along separate paths,
their advance was slow and their applications limited. But when
these sciences joined company they drew from each other fresh
vitality and thenceforward marched on at a rapid pace towards
perfection.

Joseph Louis Lagrange

Of course, one can be of different opinion about the synergism of algebra and
geometry, but, on the contrary, it is undoubted that, whenever two theories
are joined together, both can profit from the other. In some sense, this
also applies to the combination of two distinct groups of practical methods
which can, although they are applied in completely different fields, support
the usefulness and applicability of the respective other one.

In the last two chapters we have discussed two main streams of combining
fuzzy logic and genetic algorithms. Now it is time to conclude this thesis
with a view to other approaches to the combination of these two paradigms.
First, we give a brief overview of methods for optimizing whole controllers,
where, in some sense, fuzzy sets and “rules” are optimized simultaneously.
The second section will deal with a completely different aspect which we
have disregarded until now — the optimization of the hierarchical structure
of a fuzzy system.
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6.1 Optimizing Whole Controllers

6.1.1 The Ideas of Lee and Takagi

The first approach has been introduced by M. A. Lee and H. Takagi and can
be found in [Lee and Takagi, 1993c| and [Takagi and Lee, 1993]. Takagi and
Lee have applied a genetic algorithm to the optimization of a Takagi-Sugeno
controller (note: different Takagi!) which consists of a finite number of rules
of the form

IF zis A; THEN yis fj(z), (6.1)

where f; is an affine linear mapping (see 2.5.2).

If the universe of discourse is two-dimensional and if we assume that the
rulebase is consistent and complete, what actually means that each premise
occurs exactly once in the rulebase, (6.1) can be rewritten as

IF z1is A; AND z3 is B; THEN yis yj - 21+ Bij - w2+ 7vij,  (6.2)

where A; and B; are fuzzy subsets of [a1,b1] and [ag, b2], the universes of
discourse of the fuzzy variables x; and x2, respectively. The index ¢ ranges
between 1 and Ny, the number of fuzzy subsets specified for the fuzzy vari-
able 1 (see 2.16 for comparison). Analogously, j ranges between 1 and Ny,
the number of fuzzy subsets of the fuzzy variable 3. Such a rulebase can
be expressed uniquely with a matrix of the form (compare with the decision
table in 5.1.1)

B, . By,
b1 bin,

Ay c11 E CIN,
di1 din,
bN11 bN1N2

Apn, CNy1 e CNiN»
dN11 dN1N2

In this approach triangular fuzzy sets were used. For the fuzzy subsets
Ai,..., AN, and By,..., By, fuzzy partitions as shown in 4.1.2 could be
reasonable. Here we have more degrees of freedom, but without allowing
arbitrary configurations which violate a natural ordering of the fuzzy sets.
First of all, the triangular set A; (we only demonstrate that for the first
variable) is encoded as already discussed on page 59:

Cm’[a‘l ’51} (Tl) Cm’[oﬂﬂ (ul) cm,[O,é] (Ul)




The other sets A;, whose medians must appear in increasing order, are
encoded as

Cm,f0,6](Ti — Ti-1) Cm,[0,5] (i) Cm,[0,6] (Vi)

~ >

The consequent parameters are encoded as

Cim, [0 ba] (@ig) Cm,[agbs) (Bis) Cmfarbe)(Vig)

'

=:¢(Rij)
where the intervals [aq, bo], [ag,bs], and [ay, by] must be chosen depending
on the needs of the concrete application.

The whole controller can then be encoded by putting the codings of the
fuzzy sets and the codings of the consequent parameters into one string:

| c(A) [ edn) | eBr) o eBw) | eBu) | elBa)

Obviously, it is determined uniquely by the positions in the string which
consequent parameters belong to which premises.

Takagi and Lee applied their ideas, which have been discussed in a more
general form here, to the problem of balancing an inverted pendulum, a well-
known example in the world of fuzzy control. They used two-point crossing
over with a probability of 0.6 and standard mutation with a probability of
0.0333. The size of the population was 10. They have reported sufficiently
good results. They also tried out various methods to incorporate a priori
knowledge, such as symmetries, with the intention to reduce the size of the
search space or to support the GA in its search for the optimum. The fitness
measure they used was the number of steps it took to fulfill a certain balance
criterion. In the case that the pendulum fell over a certain high value was
taken as payoff.

The generalization of the techniques presented above to the case of con-
trollers with more than two inputs is, apparently, straightforward. It is easy
to see that the length of the strings depends exponentially on the dimension.

6.1.2 The Nagoya Approach

The second idea goes back to T. Furuhashi, K. Nakaoka, and Y. Uchikawa
from the university of Nagoya, Japan. In their approach a modified kind of
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genetic algorithm is used. Pretentiously, they have called their idea “Nagoya
Approach”. It can be found in [Furuhashi et al., 1995].

The three authors applied a genetic algorithm to the optimization of a
Mamdani controller for guiding a robot to a certain goal through a room
which contains a moving obstacle. This controller had five inputs (compare
with figure 6.1)

D ... actual distance from the obstacle,

® ... anglebetween the robot and the relative velocity
vgr between the robot and the obstacle,

0 ... angle between the actual path of the robot and

the obstacle,
angle between the actual path and the goal,
w ... angular velocity of the robot,

S|

and two outputs

u ... steering angle of the robot,
Av ... change of the absolute value of the speed of the
robot.

For the input variables they used bell-shaped fuzzy sets; the sets were
additionally scaled with a factor h € (0, 1] (see also page 60):

_(:c—r)2
x> h-e 22 (6.3)

It is near at hand to use the following coding for sets of this shape:

Cm,[e,1] (hv) Cm,[a,b] (Tv) Cm,[e,0] (uv)

For the output variables ordinary triangular membership functions were used
with the modification that only one offset was used for both left and right.
Of course, an appropriate coding is (see also 4.1.1)

Cm,[a,b] (’I"U) Cm,[e,8] (uv) :

In this approach it was assumed that the whole system is controllable
with a certain fixed number N (concretely 15 in this application) of rules of
the shape

IF j:'Z(D is ADﬂ', D is A<I>,ia dis A(gyi, U is Aq;,z', w is Aw,i) THEN
U 1S Au,i AND Av is AAv,ia
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\ Obstacle

Figure 6.1: Sketch of the obstacle avoidance problem

where T is an operator which lies between product and the sum, i.e.

Ti(z,y) =tz -y+(1—1t;) - (x+y) witht; €]0,1]. (6.4)

The output of such a rule is computed by deriving the “truth” values, which
need not be lower or equal than 1, of the premises using the operator T; and
by applying a modified Mamdani inference (actually the same as in 5.2.2 on
page 102) for both output variables independently. A rule of this kind can
be encoded as

Ap.i Ag; As i Ag; Ay A Apvg
P A A - PN ~ A - A —A e ——

h|jr|u|lh|r]u|lh|{r|u|lh|r|u|lh]r|ul|t|r]u|r|fu

Apparently, in this approach all three sets of parameters are tried to be
optimized, the fuzzy sets, the rules, and the operations as well.

The most interesting novelty of this paper is that a new modification
of an ordinary genetic algorithm is introduced. It provides a better local
improvement of single rules. The idea is the following: The whole individ-
ual is divided into NN, parts which can be judged independently. For each
individual of the actual population a certain number M of clones of each
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part are produced. M — 1 of them are mutated. The best clone of each part
is then implanted into the new individual. After this step, normal selection
and crossing over are performed. Normally, mutation yields bad individuals
very often, because one modification can deteriorate the fitness of the whole
individual. In this approach various local phenomena are judged indepen-
dently. The positive effect is a better local improvement of the individuals.
The following algorithm gives a more detailed view of this procedure:

Algorithm 6.1 Let f; denote the local fitness function which judges the
local fitness of part no. i; g[i] denotes the i-th part of an individual g.

t:=0;
Compute initial population Bo = (b1,0,...,bm,0);

WHILE stopping condition not fulfilled DO
BEGIN

FOR i:=1TO m DO

BEGIN

FOR j:=1 TO N, DO
BEGIN

(* produce M clones and mutate them =)

Cloney = b; ¢[j];
FOR k:=2 TO M DO
BEGIN
Cloney, := b +[j];
mutate Cloney,
END

(* implant the best-fitted one into the individual *)

determine Clone; with highest fitness fi(Cloney);
bi,¢[§] := Clone;
END
END

(* perform selection and crossing over as usual #*)
FOR ::=1TO m DO
BEGIN

select an individual g from By;

IF Random|0, 1] < pc THEN
cross g with a randomly chosen individual of By;

bity1: =g
END¢t:=t+1
END

The 15 rules were encoded by putting the coding presented above into
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one long string — three parts with five rules in each case. Each part was
evaluated under five different simulation conditions. In the case of success,

it received the payoff
100

14—
+ No. of steps

In the case of failure, the payoff was

10
Distance to the goal’

The simulation space was a rectangular room with size 640x 750. The fitness
of the whole individual was computed as the sum of the local payoffs of the
three parts. The technique shown above was applied with a population size
of 10, proportional selection, and one-point crossing over. The mutation of
the clones of the parts was done by selecting a parameter randomly and by
replacing this parameter by a uniform random number.

The authors have reported that the best controller of the 20-th genera-
tion was able to guide the robot successfully to the goal under all the five
simulation conditions. They compared that with a certain Pitt approach.
It was not even able to yield a set of rules, which was able to perform that
well, after 275 generations and an amount of computations, which was two
times larger.

6.1.3 An Approach with Variable Size of the Rulebase

Now we briefly discuss an approach in which not only the parameters of
a fixed number of rules, but also the size and complexity of the rulebase
are tuned. These ideas were published by T. Fukuda, Y. Hasegawa, and K.
Shimojima in [Fukuda et al., 1995] and [Shimojima et al., 1995].

In their approach a Sugeno controller with n inputs consisting of a certain
number of rules of the kind

IF z;is A;; AND --- AND z, is Ani THEN 1y is b; (6.5)

is considered, where A;; are radial basis fuzzy sets and b; are real values.
One such rule is encoded as

el; C(Au) ‘' €ng C(Anl) Cm,[ay’by}(bi)

The codings c¢(Aj;) are the same as proposed in 4.1.1 on page 61. The
values ej; are single bits, the so-called “enable”-bits. If such a bit is 1,
the membership function which follows the bit is taken into account in the
evaluation of the premise, otherwise this position is considered as a wildcard,
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what actually means, that the rule does not care about the value of this
variable. If all the enable-bits of a rule are 0, the rule is not evaluated.
Obviously, these enable-bits determine the number of rules and the number
of different membership functions. The input-output function of such a
controller is given by (compare with definition 2.31)

Y: R" — R
N
> wi(Z)-b;
F= (o1 m) — V(@)= S (6.6)

> pi(@)

=1

where the values
0 if all e14,...,e,; are 0
pi(F) = [T (1 —eji- (1 —pa,(z;))) otherwise

J=1

denote the truth values of the premises and N is the total number of rules.
It is easy to see that this function is well-defined, whenever at least one rule
is active; otherwise, the output of the system is set fo 0 in advance.

The enable-bits are intended to allow generalizing rules which can de-
crease the size of a rulebase remarkably. Moreover, since we have a clever
coding for such a controller, which contains generalizing rules, it is possible
to incorporate the number of rules and membership functions in the fitness
function. Then the process of finding an optimal rulebase, which has, in ad-
dition, a low complexity, can be carried out by a genetic algorithm. Indeed,
the authors have proposed

F:=0a Favg+ 0 FEmax+7v - Nr+0-Nu (6.7)

as appropriate fitness measure, where

1 "
Bavg = 7- > (Y (E) —w)®
k=1

is the average square distance between actually obtained outputs Y (Z)) and
desired output y; for the input values Z.
K S
Emax = I]{:lf,i( (Y(xk) - yk)2

is the maximal square distance. Ng is the number of active rules and Ny is
the number of active membership functions; «, 3, v, and 0 are coefficients,
which control the priority of the four quality measures. For example, if v was
very high, the genetic algorithm would tend to find small rulebases rather
than to take much care of the correctness of the output.
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If we fix a crossing over method and a mutation operation, we can apply
an ordinary genetic algorithm to the optimization problem above. Hasegawa,
Fukuda, and Shimojima used two-point crossing over and standard muta-
tion. However, they have additionally introduced a gradient method in order
to support the genetic algorithm.

It is easy to see that the membership functions are differentiable. Since
the input-output function (6.6) is just the composition of differentiable func-
tions, it is differentiable too. Furthermore, the output for a fixed ¥ depends
differentiably on the parameters, which determine the shape of the radial
basis sets, and on the consequent parameters b;. Thus, the error measure

K

(V' (&) — ur)?, (6.8)
P

FE =

where Z and y; are defined as above, depends differentiably upon these
parameters. So, it is possible to formulate a conventional gradient method
for minimizing (6.8). One step of such a gradient method (without line
search) is given as

’r;lij::rAi]' — k- 87(?5-

ds =qa.. — kg - oF’ forallt=1,...,N and

AT Oy forallj=1,....n 6.9

;- =%Ay; — K - Oua,; (6.9)
b;::bi—kb-g—fi foralli=1,...,N,

where the values ra,;, qa,;, ua,;, and b; denote the previous iterations and
the values r’Aij, q’Aij, “,Aij’ and b denote the new iterations; k., k4, ky, and
kp are again learning parameters. Fukuda, Hasegawa, and Shimojima have
proposed a hybrid method in which the GA is additionally supported by the
gradient method above.

Summarized, the optimization of the whole controller is done by
Algorithm 6.2
Compute initial population;

WHILE stopping condition not fulfilled DO
BEGIN
perform one step (6.9) for each individual,

compute new generation as usual;
END
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Figure 6.2: Difficultly interpretable configurations of fuzzy sets

This method can be used for the optimization of any Sugeno controller
of the type presented above. In the case of this approach the method was
incorporated in an algorithm which additionally optimizes the hierarchical
structure of a fuzzy system. This approach merits being discussed in its own
right, which will be done in 6.2.

6.1.4 Critique

One of the most important advantages of fuzzy systems is that the func-
tions are parameterized in a way which can be interpreted linguistically.
More precisely, it is possible to translate human knowledge into fuzzy rules
and fuzzy sets, but, on the contrary, not every reasonable fuzzy system is
easily interpretable for humans. Consider for instance the configurations
shown in figure 6.2. In none of the approaches, which we have discussed
above, cases like these are excluded. Moreover, the probability, that such
difficultly interpretable configurations are obtained, is rather high. An alter-
native, which can help to overcome this problem, is to use fuzzy partitions as
presented in 4.1.2. Obviously, this approach allows less degrees of freedom,
what can reduce the size of the search space and, therefore, speed up the
convergence.

We have seen that the methods for encoding fuzzy controllers are, more
or less, straightforward. Not so surprisingly, a lot of similar ideas have been
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published. An incomplete list of such papers would be [Castro et al., 1993],
[Mitsubuchi et al., 1993], [Surmann et al., 1993|, |[Kacprzyk, 1995|, |[Lin and
Chen, 1995], [Magdalena and Monasterio, 1995], and [Yubazaki et al., 1995].

6.2 Optimizing Hierarchical Structures of Fuzzy
Systems

Consider for instance a fuzzy system with 14 inputs, each with three verbal
values with which we associate fuzzy sets, and one output with five verbal
values. Then the total number of different premises, which specify each
variable in the premise, is 3% = 4782969 and the total number of rules
with premises of such a kind is 5 - 4782969 = 23914845. Obviously, this is
a size which is not so easy to survey. This complexity entails the necessity
to use either generalizing rules or to prepare a hierarchical structure, which
bundles the information such that the decisions are divided up into a certain
number of subdecisions.

In all our previous considerations we have either dealt with fuzzy con-
trollers without a hierarchical structure or we have assumed that the struc-
ture of a fuzzy system is fixed. In many applications, where the relationships
between the different sets of data are unknown, the preparation of an ap-
propriate hierarchy is a very difficult task. Of course, it is desireable to have
methods which can help to find such a hierarchy. However, there is at least
one paper ([Shimojima et al., 1995]) by T. Fukuda, Y. Hasegawa, and K.
Shimojima, which we have already discussed in a different context, dealing
with the acquisation of an optimal hierarchical structure applying genetic
algorithms. By the way, the same results have been published in [Fukuda et
al., 1995].

These four authors have presented a coding for hierarchies which can
then be incorporated in a genetic optimization process which tunes the struc-
ture too. This coding only applies to tree-like structures. Starting point is
a binary tree which consists of a certain number of units (i.e. rulebases).
Fukuda, Hasegawa, and Shimojima have recommended 2”2, where n is the
number of input variables of the whole fuzzy system. Then the numbers of
the units, to which the input variables are connected, are encoded. We only
consider units which are connected to input variables and the units above.
All the others are removed. If there are still units, which have exactly one
input variable as the one and only input, these units are also removed. The
afore said input variables are then connected to the unit above. Figure 6.3
shows an example for six inputs which illustrates the coding and how the
structure is simplified. Not that the decoding function is not injective in
this case, different genotypes can have the same phenotypes.
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Figure 6.3: Example for coding a hierarchical structure

To this coding all the conventional crossing over and mutation techniques
can be applied without modifications. Fukuda, Hasegawa, and Shimojima
have used elementwise two-point crossing over, where one element is a binary
string of length n — 2. The value of the ¢-th element refers to the unit to
which input variable no. 7 is connected. For mutating such a hierarchy they
have selected one element randomly and replaced the number by a randomly
chosen one. Figure 6.4 shows an example how two hierarchies are crossed
with elementwise two-point crossing over.

The concept of coding a hierarchy can now be incorporated in a opti-
mization process. One possibility, where the hierarchy is tuned before the
rulebases, can be found in [Shimojima et al., 1995]. The process of tuning
the hierarchical structure can be outlined as follows:

Algorithm 6.3

Initialize variables; 1
Choose initial generation; 2
WHILE stopping condition not fulfilled DO
BEGIN
tune consequent values;
compute next generation; 4
END

3

1 The complete tree is prepared. For each variable (both input variables

and intermediate ones which transmit information from one unit to the next
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Figure 6.4: Example for crossing two hierarchical structures
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one), a certain number of membership functions (e.g. 3) is assumed. Ini-
tially, they are set equal for all variables, such that they divide the input
space rather equally.
2 Hierarchies are chosen randomly. The consequent parameters of the rules
are initially set to 0.
3 The consequent values are tuned for all units from the top to the bot-
tom with the method shown in (6.9). For this purpose it is necessary to
know the desired output values of all the intermediate units, which is nearly
impossible. In this approach the desired outputs of intermediate units are
computed with the back-propagation method (BP): The desired output Y;
of a unit Uy, which is the k-th input of a unit Us, whose desired output Ys
is known, is approximated by

Y=Y — g—f}j, (6.10)
where FE5 is the square error between the desired output and the output
actually obtained by the evaluation of Us. By the way, this methods comes
from the theory of artificial neural nets (see [Rumelhart and McClelland,
1986] or [Zurada, 1992| for reference).
4 In this step, normal selection, crossing over, and mutation are applied to
the population of hierarchies. The function (6.7) is used as fitness function.
The numbers of rules and membership functions are computed as the sums
over all units.

Apparently, this is only a raw search for the optimal fuzzy system, be-
cause the fuzzy sets are fixed, but it is a pretty good method for acquiring
a fairly good hierarchical structure. In order to optimize all the parameters,
when a good hierachy had been found already, the authors have applied the
methods presented in 6.1.3 to the hierarchy found by the algorithm above.

Of course, other methods for incorporating the search for an optimal
hierarchical structure in a process of automatically modeling a fuzzy system
are reasonable. For instance, it could be of advantage to tune all the pa-
rameters, including the structure, simultaneously. Obviously, this is a very
new field of research with a lot of open questions.

6.3 Conclusion

This chapter has demonstrated that the field of combining genetic algorithms
with fuzzy systems is a very broad one, the possibilities of which are not yet
exhausted. On the other hand, section 6.1 has shown how hetergeneous this
field is and how the approaches, which have been published within the last
years, differ.
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Appendix A

Mathematical Preliminaries

A.1 Symbols and Notations Used in This Text

This section provides definitions of commonly used symbols and notations
which every reader should know. Since there are still a lot of different
notations for exactly the same things going around, the purpose of these
lines is to define them exactly in order to avoid misunderstandings.

A.1.1 Sets, Functions

CA

P(A)

[a, b]

(a,b)
(a,b],[a,b)
1,n

complement of set A

powerset (set of all subsets) of A

closed interval

open interval

half-open intervals

compact notation for the set {1,...,n}
set of all functions from X to Y
cardinality (number of elements) of set A

image (range) of set A C X with respect to function
[: X =Y f(A)={yeY|FTz e A: f(zx) =y}

inverse image of subset B C'Y with respect to function
f:X=Y; f~YB):={r € X|f(z) € B}

image (range) of function f: X — Y; Im(f) := f(X)
characteristic function of set M C X; see chapter 2

for the exact definition.
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A.1.2 Metrics, Norms

Definition A.1 A function

d: OxQ — R*
(z,y) > d(z,y)

is called a pseudometric on € if and only if it fulfills the following three
conditions:

1. Ve,y e Q: z=y=d(z,y) =0,
2. Ve,ye Q: d(z,y) =d(y,z),
3. Vz,y,z€ Q:  d(z,2) <d(z,y) +d(y, 2).
If 1. is replaced by the stronger condition
Ve,y e Q: xz=y<=d(z,y) =0,

it is called a metric on €.

Definition A.2 Let Q be an arbitrary linear vector-space over R. Then a
mapping ||.|| : @ — RT is called a norm on € if and only if

1.VeeQ: z=0<=|z]|=0,
2. VAERVz e Q:  ||Az]| = |Allz|,

3. Vo,y € @z +yl <zl + [lyll.

Definition A.3 For a given function f : @ C R — R the L,-norm (if the
integral exists) is defined by

T (g{ |f (z)] dx) if pel,o0)

esssup |f(z)] if p = 0.
zEN

(A.1)

For a given sequence (z,)ncn the [,-norm (under the assumption that the
sum exists) is defined by

(£ |”)’1’ 1,0

Tn if pell, oo

H(xn)neN“p = n=1 (A.2)
sup |z, | if p = o0.
neN

This definition can also be applied to real vectors & = (z1,...,z,) € R”

with obvious modifications.
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A.2 Basic Elements of Probability Theory

This section describes the basic elements of probability theory as they are
used, in particular, in chapter 3. Also some important results, which are
used in proofs of certain theorems in this thesis, are cited. This is not
intended to be a full introduction to probability theory. Further details and
proofs are provided e.g. in |Feller, 1968|, [Feller, 1971, and [Parzen, 1960].

Definition A.4 Let the set 2 be the sample description space of a ran-
dom phenomenon. Then subsets A C Q are called events. One-elementary
subsets {w} are called elementary events.

Definition A.5 A system A of subsets of €2 is called o-algebra over 2 if
and only if

1. e A
2. For every A,B € A also A\B € A

3. Every countable union of subsets, which are contained in A, is also in

A.

Remark A.6 For 2 = R the so-called system B of Borel-measurable sets
is commonly used. It is defined as the smallest o-algebra which contains all
intervals. It can be regarded as the o-algebraic closure of the set of intervals.

Definition A.7 Assume that A is a o-algebra over 2. Then a mapping
P: A —[0,1] is called a probability measure over A if and only if P[Q2] =1
and the equation

PILJ 4n] =) Pl4,] (A.3)

holds for pairwise disjoint subsets (Ap)nen of A. We denote P[A] with
“probability of event A”. Events A, B with AN B = () are called mutually
exclusive events. A triple (2, A,P), where  is the sample description
space, A is a o-algebra over 2, and P is a probability measure on A, is
called a probability space.

The following theorem is essential for the probability calculus we discuss
in the following.

Theorem A.8 Let P be a probability measure on A.
1. P[] =0
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P[AU B] = P[A] + P[B] for mutually exclusive A, B € A
P[AU B] = P[A] + P[B] — P[A N B] for arbitrary A, B € A
if AC B then P[A] < P[B]

if A C B then P[B\A] = P[B] — P[A]

S & o

P[CA] =1 — P[A] for every A€ A

Definition A.9 Let (2,A4,P) be a probability space as defined in A.7.
Then a mapping Z : @ — R is called a random variable if and only if
VBeB: Z7YB):={weQZw) eBlcA (A.4)

It can be easily seen that Pz is a probability measure on B with the definition
Pz[B] := P[Z!(B)]. This probability measure is called the distribution of
Z.

Pz is a set function and, therefore, hard to handle. It is, of course,
desireable to have a simplies description of the distribution.

Definition A.10 Let Z be a random variable over the probability space
(Q, A, P). Then the mapping

Fz: R — [0,1]

T s Fa(z) = P[Z-1((—c0, )] (A.5)

is called the distribution function of Z.

Definition A.11

1. If Im(Z) is a finite or countable set, the random variable Z is called
discrete. If this is the case, the mapping

fz:]R—>]R+

A.6
r +— fz2(z) :=P[Z '({z})] (A-6)
is called the (probability) density function of Z.
2. If the probability function Fz can be represented by
Fz(z) = / fz(z)dz, (A7)

— 00

where fz : R — RT is a piecewise continuous function, the random
variable Z is called continuous. Again the mapping fz is called proba-
bility density function of Z.
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Definition A.12 Two arbitrary random variables X, Y over a probability
space (€2, .4,P) are called independent if and only if

VA,BeB: P[ZY(A)NnZ YB)] =Pz 'A)] Pz Y(B)]. (A.8)
Definition A.13

1. A discrete random variable is called integrable if and only if
Z |z| - fz(z) < oo.
fz($)>0

In this case

E[Z]:= )  x-fz(z) (A.9)

fz($)>0

is called expectation of random variable Z.

2. A continuous random variable is called integrable if and only if

/ || - fz(z)dz < oco.
In this case
o @]
E[Z] := / x - fz(z)dx (A.10)

is called expectation of random variable Z.
The following theorem provides some fundamental identities.

Theorem A.14 Let X and Y be arbitrary random variables over a proba-
bility space (2, A, P).

1. If X and Y are integrable, then also aX + BY is integrable, where «
and B are arbitrary real numbers. In addition, the following equation
holds:

E[aX + BY] = aE[X] + BE[Y] (A.11)

2. If X and Y are independent and X -Y is integrable, the equation
E[X-Y] =E[X]-E[Y] (A.12)

holds.
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Note: Underlined page numbers refer to especially important occurrences of
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sion

probabilistic

136

optimization method, 32-34,
47, 7783
sum, see t-conorm
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I was born on the 24th of April 1972 at Braunau
hospital as first of, at least until now, two children
of Josef and Elisabeth Bodenhofer, a teacher and a
florist, respectively. Subsequently, I grew up in Al-
theim, a village in the west of Upper Austria with
approximately five thousand inhabitans.

- In September 1978 I entered primary school in
L7 B Altheim which I completed in July 1982. In Septem-
ber of the same year, I entered Braunau grammar school, where I passed my
final exam (“Matura”) in June 1990 with distinction.

In October 1990 I moved to Linz and began to study “Technical Math-
ematics” at the Johannes Kepler University there. In the winter semester
1992/93, when I attended a lecture on fuzzy control by Prof. Erich Peter
Klement, I got in contact with fuzzy logic the very first time. Impressed by
the simplicity and effectivity of this new technique I attended a seminar in
the following summer semester where I developed a fuzzy controller for a
sand paper drying machine together with two colleagues.

At the beginning of the 1994 summer semester Prof. Klement asked me
to join a project study concerning with image segmentation, some results
of which are discussed in chapter 4. After a successful completion, this
project study was extended to a large project on which I worked between
August 1994 and March 1995. It dealt with the development of a complete
inspection system for a silk-screen printing process. This work included the
development of new and the application of known mathematical algorithms
for image processing, the design of a fuzzy expert system for the quality
decision as well as the implementation of an X-Windows based user interface
and routines for the communication with a camera and a serial port. Most
of the work was done by myself, Markus Mittendorfer, and Stephan Nouak,,
two collegues at the FLLL, a member of which I had become in the meantime.
After a three months long stay at our partner company near Salzburg, where
I finished the project, I returned to Linz and started to work on this thesis.
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