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Abstract

The paper presents a genetic algorithm based
methodology for learning a set of feature detectors for
texture discrimination. This methodology is
implemented into a vision system that learns to classify
noisy examples of different texture classes by evolving
populations of simple and texture-specific local spatial
feature detectors.

1 Introduction

Texture provides very useful information for performing
aytomatic interpretation and recognition of images by
computer. Textural features can be crucial for the
segmentation of an image and can serve as the basis for
classifying image parts. Usually texture models are
simulated and studied under the categories of pixel-based
and region-based models. The texture recognition
problem combines two troublesome characieristics.
First, texture classes have prototypes which correlate
highly with prototypes of different texture classes.
Second, the texture examples (to be classified) are
randomly distorted and noisy. Texture classification has
been the focus of interest for a long time, Various
investigations in pattern recognition have attempted to
classify texture primarily at the image level. A number
of approaches to texture analysis and classification
problem have been developed over the years, Two
fundamentally different approaches to texture analysis are
the statistical approach and the structural approach. The
statistical approach generates parameters to characterize
the stochastic properties of the spatial distribution of
gray levels in an image. The structural approach analyzes
visual scenes in terms of the organization and
relationships among its substructures.

This paper describes a novel variation of the statistical
approach. Our strategy for selecting useful texture
features involves the use of an adaptive search technique,
a genetic algorithm, to efficiently search the space of

spatial feature detectors for a high performance feature
set.

2 The Feature Selection Problem

Any object or pattern which can be recognized and
classified possesses a number of discriminatory
properties or features. The first step in any recognition
process, performed either by a machine or by a human
being, is to choose discriminatory features and to
measure these features. Feamre selection in pattern
recognition concemns the extraction of characteristic
features or atribines from received input data and the
reduction of the dimensionality of patiern vectors. This
is often referred to as the preprocessing and feature
extraction problem. :

It is evident that the number of features needed to
successfully perform a given recognition task depends on
the discriminatory qualities of the chosen features.
However, the problem of feature selection is usually
complicated by the fact that the most important features
are either not easily measurable or, in many cases, their
measurement is inhibited by economic considerations.
The selection of an appropriate set of features, which
support an acceptable performance in spite of difficulties
encouitered in the extraction and selection process, is
one of the most difficult tasks in the design of pattern
recognition systern.

Feature selection may be accomplished by using two
different approaches. The first one selects features
independently of the performance of the classification
scheme. Such an approach may be referred to as absolute
feature selection. An alternative approach is performance-
dependent feature selection, and its effectiveness is
directly related to the performance of the classification
system, usually in terms of the probability of correct
recognition. This second approach of feature selection is
addressed in this project

The inclusion of the feature selection and extraction stage
effectively partitions the pattern recognition problem
into iwo subproblems, as illustrated in Figure 1.
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Figure 1. Partitioning of a pattern recognition problem by inclusion of a feature selection and extraction stage

3 Feature Generation by Genetic Search

A genetic algorithm [2] maintains a constant-sized
popuiation of candidate solutions, known as individuals.
The initial seed population can be chosen randomly or on
the basis of heuristics, if available for a given
application. At each iteration, known as a generation,
each individual is evaluated and recombined with others
on the basis of its overall quality or fitness. The expected
number of times an individual is selected for
recombination is proportional to its fitness relative to
the rest of population. The power of a genetic algorithm
lies in its ability to exploit, in a highiy efficient manner,
information about a large number of individuals. By
allocating more reproductive occurrences to above
average individuals, the overall affect is an increase of the
population's average fitness. New individuals are created
using two main genetic recombination operators known
as crossover and mutation. Crossover operates by
selecting a random location in the genetc string of the
parents (crossover point) and concatenating the initial
segments of one parent with the final segment parent to
create a new child. A second child is simuitaneously
generated using the remaining segments of the two
parents. Mutation provides for occasional disturbance in
the crossover operation by inverting one or more genetic
elements during reproduction. This operation insures
diversity in the genetic strings over long periods of time
and prevents stagnation in the convergence of the
optimization technique. The individuals in the
population are typically represented using a binary
notation to promote efficiency and application

We use genetic methods to generate the population of
feature detectors. By using simple genetic operators
(crossover, mutation, and selection), the population
evolves and only the strongest elements (features)
survive, thus contributing to the overall performance.
Each detector contributes to textural class recognition
and/or clustering. This contribution is used as an
objective function to drive the machine learning
procedures in its search for new, and useful feature
detectors. Our method is illustrated in Figure 2.

4 Binary String Coding and Genetic Operators

Many possibilities exist for computing features to
recognize textures. The best features will be those which
define an attribute space which most easily lends itself to
partitioning by the classification algorithm. We use
neighboring gray-level values as the feature attributes.
These attributes are the simplest atributes to characterize
textures and the coding we use enabies easy
“manipulation” of this features by a genetic algorithm.

We use an N*N array centered on each pixel to define the
neighborhood of interest. Each of the N*N-1 e¢lements of
the array are either zero or one, indicating which of the
neighboring pixels are to be used to construct a feature
vector. Figure 4 is an example of a 5*5 array which
extracts gray level values from 24 neighboring pixels.
By selecting a variety of sample points in a texwure area,
a set of "typical” feature vectors can be extracted. For
example, the following table illustrates feature vector
values (10 gray levels resolution) extracted from seven

independence in the genetic operations.
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Figure 2. Genetic Algorithms approach to feature selection and extraction



different positions in a textural area using the above
described 5 by § detector.
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Figure 4. Feature coding for texture discrimination

Pixel positions

Sample Points

x1 x2 x3 x4 x5 x6 x7 x8
1 1 4 85 8 4 4 8
2 1 8 6 7 4 6 3 8
k} 4 7 4 56 6 3 2
4 3 6 554 32 8
5 6 6 574 9 65
6 5 4 368 4335
7 9 7 505 9 4 4

Selecting useful feature extraction templates of the type
shown in Figure 4 is a different task. In order o use the
genetic algorithms to search this space, it must be
represented as a binary string. The spiral inside the
template in Figure 4 represents the way we traverse the
template's position to obtain a binary string
representation for use with the genetic algorithm,
resulting in a binary string of

"100010110010101001000000".

Less significant bits of the extracted string (left side of
the string) represent pixels located further from the
centered pixel. More significant bits (right side of the
string) represent close neighboring pixels to the center
pixel. This coding method is very important in our
algorithm. It reflects the way we describe textures, as
statistical processes between neighboring pixels. The
further the distances between the centered pixel and others
in the window, the smaller the dependencies between
pixels gray levels. By using this coding technique we are
able to exchange important spatial discriminatory
structures between different detectors in the population.

Figure 5 represents the idea of the crossover operation
between two 5 by 5 detectors. The black dots in Figure 5

correspond to 1s in the encoded strings depicted beneath
detectors. Because of the spiral coding for the elements of
population the detector window is divided in to two
regions according to the position of crossover point. The
inner part (core) represents the coding of extraction
information for the neighborhood of the central pixel.
The other part is represented by the left hand side
position in the encoded string. The crossover operation,
when applied to two detectors produces offspring
detectors. By dividing the detector's area into regions
closer and further to the cenitral pixel, the information
about relevant extraction discriminatory patterns for
given texture classes can be easily transferred into
subsequent generations.
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Figure 5. Crossover operation

The mutation operation in the initial phase of the system
run is different than the standard one. Because our
performance measure is the Eoclidean distance {(next
section), the more 1s we have in the string, the more
attributes the feature vector has, and the greater the
distance between two vectors. This situation may cause
instability in the system, where feature detectors with
more attributes may dominate in the population. That is
especially impornant during initial generations of the
populauon To aleviate this, the initial mutation
operaucn (start-up mutation) is performed by shifting 1s
in the feature string randomly to the left or to the right.
This type of operation preserves the extracted vecior
length (the total number of positions with 1s in the
string is the same). After a few initial generations, the



system is already tuned up to its input data (textures) so
that the standard mutation can be introduced,

5 Feature Detector Performance Evaluation

The evaluation of the feature detector is based on its
ability to "cluster” members of training examples. For
each example of a given training set, the Euclidean
distance to examples of other classes is computed.
Pattern classification technigues based on distance
functions are one of the earliest concepts in automatic
" pattem recognition.

This method can yields practical and satisfactory results
when the pattern classes tend to have clustering
properties. We have decided to use it for two reasons.
First, it is less computationally expensive than other
methods which is important for a genetic search
algorithm where performance measure for each detector in
the population is computed in each cycle of the
population. Second, even if we are unable 10 correctly
classify examples from the training sets for a given
feature extraction method, we can still compare the
performance of the detectors and assign an evaluation
value.

Our measure of performance is the total similarity
between classes which is represented as the sum of the
similarity measures between each two classes. The
similarity measure between two classes is the sum of the
similarity measures between all possible different pairs
of examples (one from the first class and the other from
the second class). If the distance is below a predefined
threshold value, these two examples are considered to be
“close” and statistics for each of the two classes are

updated.

The measure we use for two examples is the square of
Euclidean distance between these two examples. This
measure for two vectors (examples) x and y of
dimensionality D is denoted as:

D
ll)i:‘yll=2(x,“3()z

where xx and yx are k-th components of D-
dimensional vectors x and y.

Let us suppose that we have N classes, M examples in
each class ( i=1,.,N), Let § be the number of detectors
in the population (population size), and T be the
threshold distance value. The performance measure p(v)
of the feature detector v (v=1,...S) is represented by the
following formula:

N-1

p(v)=
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N
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e! (e}) is the a(b)-th example from
the i(k)-th class
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The performance measure of the whole population P is
denoted as:

P=§: PSS,

which is an average performance vatue of the populaton
of feature detectors.

6 Experimental Framework

The Figure 6 depicts the 9 by 9 detector that has been
used in experiments. The total length of a string is 81
bit positions.
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Figure 6. A large 9 by 9 window

By using the larger window, we are able to tune up our
feature extraction process to different resolutions of
textures (windows 5 by 5 and 3 by 3 are subset of the 9
by 9 window). The point A represents the left most
position of the encoded string, and the point B represents
the right most position. The black dot is the central
pixel, for which the feature detector is applied. The 9 by
9 window is scanned throughout all positions of a given
textural area, and in each position an example of the
class description is extracted with the number of
attributes equal to the number of 1s in the encoded
string. Examples extracted from different pixel positions
of the textural area represent its class description. The
method was tested on 15 textural images from Brodatz



{1] album of wextures. The extraction area (leaming area)
for each texture was 50 by 50 pixels. 500 locations were
chosen randomly inside these areas to extract SO0 feature
vectors for each texture. The resulis of testing this
methods on four specific textures are presented in the

next section. These textures are depicted below in Figure
7.

7 Experimental Results
7.1 Evolving Feature Sets

Figure 8 shows the changes of similarity measure over
18 generations of the feature detectors population.This
experiment was performed on the four textural images
depicted in Figure 7. There were 35 individuals in the
population. The total similarity measure (the sum of
similarity measures of each class) drops from 1000 10
200, thus yielding better clustering of these two classes.
A similarity measure of 200 in the 18th generation
means that there are 200 pairs of extracied feature vectors
from different classes (500 vectors in each class) at the
distance below the threshold value, Similar results have
been obtained for all different textural images.

Figure 9 shows the best detectors in the 15t 6 and the
18th generation of population. These detectors show
spatial arrangement of pixels positions (filled squares)
that are important and relevant for discriminatory
characteristics of these f{our textures. Although we use
these detectors directly to extract attributes as the pixel
gray levels values, it should be noticed that this higher
level information obtained from these detectors (pixels
structures) can be useful to "custom-design® standard
extaction operators for specific neads (depending on
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input images). For example, we 'rfxay choose a pecific

mask operator from the collection of Law's mask
operators. This aspect is the subject of further research.
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Figure 8. Total similarity measure for four textures
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7.2 Testing Clustering Degree

We use the AQ leaming module to generate symbolic
rule-based descriptions of the texture classes from the
feature sets selected by the genetic algorithm. The AQ15
program is based on the AQ algorithm (7], which
generates decision rules from a set of examples. When
building a decision rule, AQ performs a heuristic search
through a space of logical expressions to determine those
that account for all positive examples and no negative
ones.
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Learning examples are given in the form of events,
which are vectors of attribute values. Events from a The
given class are considered its positive examples, and all
other events are considered its negative examples. For
cach class a decision rule is produced that covers all
positive examples and no negative ones,

A decision rule is a disjunction of complexes describing
all positive examples and none of the negative examples
of the concept. A complex is a conjunction of selectors.
A cover is formed for each decision class separately. It
defines the condition part of a corresponding decision
rule, The following is an example of decision rule (with
4 complexes):

1. ix1=5..9] [x3=6..9] [x9=0..158]
(total: 10, unique 6)

2. {x4=6..9) [x7=6..9] [x9=0..16)
(total:8, unique 5)

3. {x2=4..9] [x4=4..9] {[x6=0..5}

~ [x9=0..15)

(total:8, unique 5)

4. [x3=5..9] (x5=0..6] [x6=0..6}

[x9=0..16)
(total:2, unique 1)

The following example with nine attributes
<l 60464569>

is covered by the third complex of the above decision
rule. We can notice that x2=6 is satisfied by the first
selector of this complex, x4=4 by the second selector,
x6=4 by the third, and x9=0 by the last selector. Since
there are no selectors for other attribute values (x1, x3,
x5, x7, x8), they are satisfied by this complex.

For each complex the total number of examples covered
by this complex and the number of unique examples
covered only by this complex are presented. Feature sets
“which produce better clusters will result in simpler
symbolic descriptions of the feature classes in the sense
that fewer complexes are in the cover (more exampies

are covered by the first complexes of the class
description). The following is the decision class with
three complexes:

1. [x2=2..4] [x3=10..13] [x5=7..9]
(total:17, unique 10)

2. [x1=5.9] [x2=6] ([x7=0..11}
(total:12, unique 7)

3. [x2=4..9] [x4=4..9] [x6=0..5}

(total:3, unique 4)

It has less complexes than the previous description and
each complex covers more examples. The third complex
of this decision covers the same example (<l 6 0 4 6
456 9>).

During the second, the sixth, and the final generations of
population, we select the best feature detector in the
population o extract a set of feature vectors as to the AQ
module for classification. We observe a significant
improvement in the class description generated by AQ
from one generation to the next. The number of
complexes in the class cover drops by 12%. Also the
number of total and unique vectors covered by the first
complex of a given class cover is about 8-10% higher
than that for the first cover generated during the initial
generation of the population. Different experiments
performed on numerous images clearly show that
successive generations of the population produce a better
degree of clustering for a given class description.

8 Conclusion

Preliminary work with an application of genetic
algorithms t0 a texture feature selection has been
described. The results obtained confirm the utility of the
genetic algorithm in solving problems within the
specified domain. The next step would be to test
usefulriess of this genetic approach to more complex
texture discrimination and general computer vision
operators. More complex operators should be tested.
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Figure 9. An example of the best detectors in (a) the 1st, (b) 6th, and (¢) 18th generation of population



For example, we may inroduce weighis to our previous
operator. Three bits are reserved for each pixel position
to code eight levels of weighting information. The total
bit length for the string is 9x9x3=243. The string coding
for such an operator is depicted in Figure 10.

“010000+101+000-000+000-000-000-001....."

5 11

‘1_

Figure 10. Coding with weights

There is another aspect of the genetic approach which can
be exploited. Namely, this approach enables the
exploration of different feature vectors. The final class
representation can be generated by using a few of the best
operators of the population. These operators can be used
to generate several descriptions of the same class. This
"multi-view" class representation encodes a more
complete description of the class, that is of significant
importance in the recognition phase of our system
yielding better results than a single view representation
of the class, This characteristic of the genetic approach to
feature extraction is the subject of further research.
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Abstract

This paper describes an application of genedc algorithms
o the problem of discovenng communicagon codes with
sroperties useful for error corrections. Search spaces for
hese codes are very large so as w rule out any exhaustive
earch strategy. Coding theory provides a rich and
nteresting domain for genetic algorithms. There are some
soding problems about which a lot is known and good
sodes can be generated systematicaily. On the other hand,
there are problem areas where little can be said about the
charactenisucs of the codes in advance, Geneuc algorithms
have been advocated for these kinds of problems where
domain knowledge is either limited or hard to represent
and formalize. This papcr descrnibes some initial
experiments performed in using geneuc algorithms o
discover maximal distance codes, and discusses the
potenual advantage of genetic algonithms in this problem
domain,

1. Introduction

In artificial intetligence and other arcas there are several
problems for which computationally tractable solutions
either have not been found or have shown to be
nonexistent [6]. Even the polynomial ume algorithms
may take a large amount of time to be of practical use for
realistically sized problems. Solutions obtined by such
methods are often stauc and not capable of adaptation to
enviconmental changes. Genctic aigorithms, neural
networks. and simulated anncaling have been proposcd or
revived in recent years in an auempt to obtaun
approximate, or quasi-opumal soluuons o combinawrial
opumizauon probiems [4. §]. Geneuc dizorithms (GAs)
provide a powertul domain-independent ssarch mechanism,
usctul in domains which do not vieid o systematc
anaiysis. Thesc advantges make GAs a coad candidawe tor
learming and discovery in reiauvely unexs:ored arcas. Due
10 their adapuve nature, GAs are 2150 valuaole
explonne potenual improvement 10 canaidate sotuuons
obtaincu by rules of thump wiich may have no solid
theoresicad basis.

The :nroduczon of Jenctie algennms Js J yenerai
Purmese Troplem Y0IvVing MCChAmSM v LS aspred by e
CVoIIUOnLrY pRenomena n holuwic: sysiems, whiere
SUMVIVEL Of Orgamsms 15 at stake i sa caveonment wvin

Fairfax, VA 22030

finite resources. Organisms must evolve to compete and
cooperate with others in order to ensure perpetuation of
their kind. It would be difficult to incorporate all the
complexities of natural evolving systems into genetic
algonthms; however, simplified simulations have been
shown t0 be useful in solving a variety of pracucal
problems. Geneuc algorithms typically start as a
randomly generated collection of individuals representing
an initial sample of the space to be searched. Each
individual is evaluated as to its "fitness” with respect to
the goals of the applicauon domain. This cumulative
information is exploited to bias subsequent search into
promising sub-spaces (2. 7, 11] by selecting parents from
the current populauon on the basis of fitness to produce
"offspring” which correspond o new samples of the
spacc. The survivability of offspring depends on their
success in inhenting good traits from their parents and
discarding those that are detrimenual to the overall
performance. As the number of simulated gencrations .
increases, the offspring produced become increasingly
“fit" with respect to the specified goal, ultimately
resulting in (near) optimal solutions.

2. Maximal Distance Coding Problem

Coding theory is relatively new and was inspired by
Shannon's seminal paper on information theory in 1948
(14]. In general we wish (0 vansmit 2 message through a
noisy channel as quickly and reliably as possible
(Figure 1). Speed in uwansmitting a message is achieved
by eliminaung redundancy in the message. One way to do
this is to assign shorter length vectors to those parts of
the message which occur frequenuy (e.g. Hutfman codes.
{121). [n order 1o achieve noise immunity, one can add
redundancy to the message in a manner that allows
detecuon of errors. Addiuon of a panty bit to a block of
messace ailows detection of a single (or odd number of)
errorss 1in e block, which can be wansmitted again for
error recovery. [t 1s possibie (0 locate the bit positions in
error and correct them by designing appropriate encoding
and dJecoding scrhemes. A comrosie encoder  first
compresses (e code and then encodes it using error
Jetesuons 2rror correcuon codes. The recoiver pertorms
mee uperatons tnoreverse order. [ first Jdeccdes the
feCCIved Message chrcuwn 4 omzicned error corrceuny
GeCOULr LI Dlen Cacomeresses the reswiant code o oblin
i ransmideyd message. '
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A vanety of codes such as Lnear block codes, cyclic codes,
burst error correcung codes. and convolutional codes are
used for error correction [13]. In this paper we restrict our
auznuon to block error correction codes which are
charactenized by the following parameters:

1) The Arity of the code (q). This represents the
number of disunct symbols in the alphabet used in the
code. Binary codes, one cf the most common. have anity
2 and use the alphabet (0, 1).

2) The Length of a code (1). This is the number of
letters (from the alphabet) nceded to make a word
(vector) in the code, where a code denotes a set of words
(vectors) which are used o transmit 2 message.

3) The Size of a code (M). The size of a code is the
number of distinct words (vectors) in the code used to
compose the messages to be sent

4) Distance (d) of a code. The distance of a code is the
minimum Hamming distance between pairs of words
(vectors) belonging to the code. The Hamming distance
between two vectors x and y, denoted by d(x, y) is the
number of positons in which the vectors x and y differ.
In other words the Hamming distance between x and y
denotes the minimum number of substitution
operations that must be performed to convert the vector
x to the vector y. A code C can correct up to t errors if
d(C) > (2u+1), where, d(C) = min{d(x,y)Ix,y € C,
x 7y}

A reperition code of length n is a simple example of a
block error correction code. It is defined for any arity; fora
binary repeation code, each bit is repeated n times. An n

bit code tolerates ﬂocr(%l-) bits of errors in each block of

n bits. The information content in each block of n bits is
1 hiL :

An (n.M.d) code is a code of length n, conwining M
code words and having mimmum distance d. A good
{n.M.d) code has a small n (retlecting smaller redundancy
and f{aster transmission), a large M (denoung a larger
vocabuiary) and large d {indicaung greater tolerance w0
noise and error). Figure 2 lists theoretical maximum
values of M (in some cases, csumauon of lower and upper
bounds of M) for some combinauons of n and d (Source:
{10, 15]).

n = -

5 4 2 .
) 8 2 -
7 16 2 2
8 20 4 2
9 40 6 2
10 72-79 12 2
1] 144-158 24 4
12 236 32 4
13 512 64 8
14 1024 128 16
15 MK 256 32
16 2860-3276 256-340 36-37

Figure 2 : Theoretical limit on the size for codes of
various lengths and distances

Although such bounds provide some insight into the
best we can hope to achicve, there is frequently no
guidance available as to how (0 construct an actual code
with (near) maximal distance., As the code size (n)
increases, the search space of possible codes grows
exponenually, ruling out any possibility of systematc or
random search. For (7,16,3) codes, the search space is at
jeast 1020,

This paper describes experiments and resuits in using

" genetic algorithms as an efficient adapuve search sategy

for "discovering” maximal distance ¢codes. Figure 3 shows
an example of a (7,16.3) maxumal distance code soluuon.
Solutons are in general not unique, bul are sparse in the
space 10 be searched.

3. Representation Issues

In order 10 apply genetic algorithms as an adaptive search
strategy, the problem of interest must be mapped intw 3
representauon suitable for genetic search. The simplest
approach is to represent points in the space 1o be sea:chéd
as {ixed-length binary strings to which the standard geneuc
operators of crossover and mutation can be applied when
producing new offspring (1], For the coding domaf.
concatenauon of the M code words, cach of length n 16t0
one long binary suing, represents a suitable mapping
Using this approach, a (7, 16. 3) code wouid need a towl
of 112 bits to represent 16 words (vectors) each of which
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0000000
0001011
0010110
0011101
0100111
0101100
0110001
0111010
1000101
1001110
1010011
- 1011000
1100010
1101001
1110100
1111111
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Figure 3. A sample maximal distance code of length 7.

is 7bits in length. Since we wish to maximize the
minimum mutual distance among the words, it is clear
that the performance of a code is dependent only on the
collective compositon of the words and is independent of
the order in which the words in the code are represented.
Sonting the code in the decreasing order of the words
reduces all equivalent codes to a single representation. In
the case of a (7,16.3) code, this heunisuc reduces both the

~ search space and the number of possible solutions by a

factor of 16!. Initial expenments showed that it is more
profitabic to discover 2 good code tn the reduced space.
One possible reasons for this behavior is that it
dramaucally reduces competition between potenual
soluuons having high degree of bitwise dissimilanty, but
idenucal evaluauon functions. Consequendy we adopted
the sored represenwation for the expenments reporied here.

4. Evaluation Function

A good evaluaton function is vital to the successful
applicauon of GAs to a problem. Evaluauon funcuons
provide goal-directed {cedback about the fitness of
individuals in the populauon. The adapuve behavior of the
GAs deoends on this {eedback to dnve the populauen
towards better overall pertormance. [n tus respect the
objecuve function does not always consutulc a good
evaluauon funcuon.

Let (L. m) denote the set of atl possible codes of
lengwn L and size n. Let dix. ¥) denote Hamming distance
between strings x and y of lenoih L. Let JC =
min(dix. ¥) I x.y € C, x = v}. Our coal 15 to discover
acode Cz &L, qy, sucn that A€ = maxid(C ICe Ll
the mmmimum Jistance between any pair of words s
hignest posstole, Qur oblecuve tuncuon J(C), wnicn we

~L
Wisfl 10 maximize maps ail ( -:) codes vno Lrl

Cieariv 1t laexs abniy o
dxsc-xmm:nc DEUNUET PIOMISIAG 30U TON-PremIsing codes.

It is possible to remedy the situation by choosing an
evaluation function f(C) such that it has many values in
the co-domain, and if d(C) denotes max(d(C)) then f(C)
denotes max(f(C)) over the space of all possible codes,

C(L, n). The objective funcdon d(C) is very sensitive o
small changes in the codes. An evaluation function £f(C)
may be chaosen to provide a smoother gradient over bit
changes in the codes. We used the following evaluaton

function initially: £1(C) = ~=— 1
> L&\ min djjj=1.16;j#
where djj represents Hamming distance between words i

and j in the code C.

However, the results of our initial experiments were

discouraging and were partiaily attributed (0 an inadequate
choice of the evaluation function. The functon f1(C) is
better than d(C), but still is not very helpful for GAs in
terms of providing a good feedback. Consider two
hypothetical codes Cj and C3, such that Ci has the
minimum mutual distance of 2.0, and the average mutual
distance of 2.5, and C3 has the minimum muuual distance
of 2.0, and the average mutual distance of 3.0. The code
C2 seems superior in terms of its proximity 0 optimal
solution and thercfore deserves a beuer fitness value. The
evaluation function fy1(C) is unable to discriminate
between the two codes Cy and C2 and it is not effecuve in
driving the population towards more desired code
configurations. Note that a function which returns average
distance between the pairs of vectors in the code is not a
good fitness function. It is easy to construct codes that
maxunize this critena, but have a minimum distance of 0.
For cxampie, a code consisung of 8 copies of all 1 vectors
and 8 copies of all 0 vectors, has the average disance of
3.5, which is the maximum for a 7 bit code of 16 size,
but has a minimum mutual distance of 0,
- One way to think of the problem of finding a (7, 16.
dmax) code is 10 visualize placing 16 individuals on the
comers of seven dimensional space so as Lo maximize the
mutual distance between them. The situauon is analogous
to parucies of cqual charge uying tQ posiuon themseives
in the mimmum cnergy configuration in a bounded space,
The evaluauon funcuon

w03 3
1= Liml j=lj#i dij

capturcs this idea and satisties all the desirable
requirements such as being independent of the length or
size of the code. and providing 1 smoother cradient with
respect to the evaluauon f{uncuon. [t resuited :n
stgnilicantiyv better GA performance and was used (ot all
the expenments reported in this paver.

5. Experimental Results
In all of the expeniments reportce here we used GENESTS

(1.0 ucsd), g version of GENESIS sheil oninaily
Jevetopea by John Gretensteue ;3] and later eanancse at



“while they represent a significant improvement over
¢ andom search, none of the experiments converged o an

?‘. gptimal code in 1,000,000 cycles. The on-line and off-line
' performances were relatively stagnant for az least 600,000

g cycles 1n each case, which indicated that convergence in
. the near future was unlikely.

: 5.2 Changing the Alphabet Size

7

> There were a number of possible directions one could take
¥ g this point. We were curious as to whether this might
pe an application in which treating individual code words
- g5 indivisible units (with respect to genetic operators)
might improve things as is occasionally suggested
(Antonisse, 1989) in spite of the theoretical results o the
congary (Holland, 1975). We defined a modified crossover
operator in which crossover points could occur only at
code word boundanies while the crossover rate remained at
0.6. A code word was selected for mutation with
probability of 0.01. Once a word is selected, exacty one
x of the bits in the word was mutated at random.

:‘*.'Y‘, . ‘-.1{.”»

L Y
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With these changes, a set of experiments was run
using the idenucal seeds and other parameters as the
previous set of experiments. The modified GA discovered
an opumal code in about 350,000 cycles on the average
(four expeniments with different seeds). Figure 6 shows
codes discovered with cach seed, each of the words in the
code has a Hamming distance of at least 3 from its nearest
neighbors. This results are surprising and conuary to the
esuablished belief that GA representauons using smaller
sized alphabets are preferred over larger ones. Further
analysis is requured 1o understand these results more fully.

Even though the evaluation function is muld-modal,
in a given experiment the algorithm drives the population
to one of the peaks, rather than dividing the population of
different peaks. This suggests another direction for future
experiments: o study the effects of larger populations and
the use of techniques w0 permit the evolution of "sub-
species” around competing optimal peaks,

5.3 Increasing the Number of Crossover
Points.

We were also curious if in this domain increasing the
number of crossover points would have a significant effect
on the ability to find optimal codes. The crossover
operator was modified o perform 4 (rather than 2) point
crossover. A set of four experiments was run in which
the random number seeds, as well as all the parameters
were kept idenucal to the previous experiments. Figure 7
summarizes the results. No significant changes were
observed. Three of the populations converged o a
desirable soluuon within 1,000,000 cycles and the other
did not. Time did not permit 2 more extensive analysis of
the cffects of increasing the number of crossover points.

5.4 Scaling Up to Larger Coding Problems

Another imponant issue is how well the performance of
GAs scales up 10 larger problems. We were able to
compare results on an (8,16,4) problem which required a

28 bit representation (an increase of a factor of 216 =
65000 in the size of the search space).

Expenment i 2 3 4
Cicle 430.000 270.000 390.000 310.000
Evajuauon funcuon {9(C) 19.6525 19.6525 19.6525 19.6525
Code words and Hamming 1111011 3 1111101 3 1111110 3 1111010 3
distance from their nearcst 1110101 3 11100t 3 1111001 3 1110001 3
neighbars 1101110 3 1101000 3 1100100 3 1101101 3
1100000 3 1100110 3 1100011 3 1100110 3
1011000 3 1011010 3 1010101 3 1011100 3
1010110 3 1010100 3 1010010 3 1010111 3
1001101 3 1001111 3 1001111 3 1001011 3
1000011 3 1000001 3 1001000 3 1000000 3
Q111100 3 grirng 3 o110ty 3 ol11itlr 3
0110010 3 0110000 3 0110000 3 0110100 3
0101001 3 ototolr 3 g101101 3 0101000 3
gloorr 3 0100101 3 0101010 3 0100011 3
00111y 3 0011001 3 0011100 3 0011001 3
0010001 3 0010111 3 0011011 3 0010010 3
Q00101 3 o010 3 0000110 3 0001110 3
N 100 B N0 : O 3 NOOQ 01 3

Fiyure »: Four opumai codes wscovered 1n four expenments.
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Experunent 1 2 3 4

Cyecle 240.000 210.000 290.000 600.000 ]

Evaiwuon funcuon 2(C) 19.6525 20.450894 19.6525 196828

Coaz words and Hammung 11100 3 I1T1111 2 1111000 3 1111000 3

distance from their nearest 1110010 3 1110001 3 1110110 3 1110111 3

ne:zhoors 1101001 3 1101000 3 1101111 3 1101011 3
1100111 3 1100110 2 1100001 3 1100100 3
1011011 3 1011100 3 1011101 3 1011101 3
1010101 3 1011011 2 1010011 3 1010010 3
1001110 3 1000101 3 1001010 3 1001110 3
1000000 3 1000010 2 1000100 3 1000001 3
ol1t11l 3 0111010 3 0111011 3 0111110 3
0110001 3 0110100 2 0110101 3 0110001 3
0101010 3 0101101 2 0101100 3 0101101 3
0100100 3 0100011 3 0100010 3 0100010 3
0011000 3 0010111 3 0011110 3 0011011 3
0010110 3 0010000 2 0010000 3 0010100 3
0001101 3 0001110 3 0001001 3 0001000 3
0000011 3 0001001 2 0000111 3 0000111 3

Figure 7: Examples of best codes found using four point crossover.

In this case we knew that distance 4 optimal codes
exisied from a theorem in coding theory which states that
if M 1s the largest value for a (n, M, d) code wherc d is
odd. then there exists a (n+1, M. d+1) code, such that M
is also the largest valuc for a (n+1, M, d+1) code. Since
we already have opumal (7, 16, 3) codes in hand, this
assents the existence of a (8, 16, 4) opumal code.

1t is =asy to construct such a code starting from a
(7. 16, 3). An additional bit is appended at the end of
every 7 bit vector from (7, 16, 3) code such that the odd
(or even) parity is preserved. This construction suggests
that the number of solutions for (8, 16, 4) code are about
16 umes the number of solutions for (7, 16, 3) code.
(For each solution in (7, 16, 3) space we can generate
two solutions by choosing cither even or odd parity for
the eighth bit. And addiuonal facwor of eight is cxplained
by the freedom to insen the eighth bit on either side of
one of the 7 bits.) The important observation here is that
since, as noted above, the size of the search space has
increased by a factor of 216, the density of optimal
solutgons has decreased. '

Figure 8 presents the results of two experiments on
the (8,16,4) problem. Nouce that no combinatorial
increase in convergence ume is observed as the search
space size increases combinatorially. This is a surprising
result which needs to be further tested on larger coding
problems,

6. Conclusions and Future Research

The intual expeniments presented here provide encouraging
results regarding the applicauon of GAs w the discovery

of communication codes. Clearly additional work needs to
be donc to clanfy several imporunt issues: the apparent
advantage of a larger alphabet size in the GA
representation; the potential advantage of a speciation
mechanism; and effects on performance when scaling up
w larger problems with no known solutions,

Expcriment 1 2
Cvcle 67000 60,000
Evaluauon 14.179638 14.}179638
%w
Code words and 1111010 4 11111111 4
Hamming 11100100 4 11101000 4
disance from 11010001 4 11010010 4
their nearest 11001111 4 11000101 4
neighbors 10110111 4 16110001 4
10101001 4 10100110 4
10011100 4 10011100 4
10000010 4 10001011 4
01111101 4 01110100 4
01100011 4 01100011 4
01010110 4 01011001 4
01001000 4 01001110 4
00110000 4 00111010 4
00101110 4 po101101 4
00011011 4 00010111 4
00000101 4 00000000 4

Figure 8: Solutions for the (8, 16, 4) code.

This approach can also be extended 10 invesugate ¢
uscfulness of GAs for solving problems involving
vaniable length source codes and cryptographic codes:
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cyclic codes, and non-block codes with estimated search
spaces 21000 large.

Another future direction would be to apply GAs ata
higher level of concept and/or theory formation. In the
process of evaluating a large number of candidate codes,
humans generally infer some general concepts, properties,
or knowledge about the domain which can in turn be
utilized to solve other similar problems more afficienty.
For example, in coding theory there are numerous
theorems which state (without having to perform
uncerwin search) whether a solution is possibie to some
problem. It would be highly desirable to be able to use
GAs to discover, represent and then use this operational
knowledge in order w build practical problem-solving
procedures by these kinds of bootsrapping procedures.
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