Abstr act

Keywor ds

I. Introduction

I I. EA Visualiza tion

T revor D. Collins

t.d.collins@op en.ac.uk

Know ledge Me dia Institute

The Op en University UK

Evolutionary Algorithms

Softwar e Visualization

Understanding Ev oluti onary Computing: A Hands on Approac h

— Evolutionary computing is the study of ro-

bust search algorithms based on the principles of evolu-

tion. An Evolutionary Algorithm (EA) searches a prob-

lem space in order to find regions containing go o d so-

lutions. Typically EA users judge the quality of their

algorithms by the quality of the solutions found. This

approach ignores the b ehavior of the search algorithm

and concentrates solely on the outcome. As a result,

the user is unaware of their algorithm’s actions or how

the solutions were discovered. This pap er describ es how

search space visualizations can b e used to facilitate the

user’s understanding of evolutionary computing. A set

of examples are presented showing how the user can

take a “hands on” approach to explore the b ehavior

of their algorithms and interact with the evolutionary

search pro cess.

— Software Visualization, Search Space Ma-

trices, Human-EA Interaction, Parameter Configura-

tion, Initialization Metho ds, Interactive Evolutionary

Algorithms.

(EAs) are robust search al-

gorithms based on the guiding evolutionary principle of

“surviv al of the fittest”. A typical EA works as follows:

a random initial p opulation of p ossible solutions to a

problem is generated, these p ossible solutions are then

ev aluated using a problem sp ecific ev aluation function,

and evolved to create a new generation of hop efully

b etter solutions. The evolutionary pro cess (i.e. the

application of fitness biased selection and repro duction

op erators) is rep eated until an acceptable solution (or

set of solutions) to the problem is discovered.

(SV) has b een defined as

“the use of the crafts of typ ography

, graphic design,

animation and cinematography with mo dern human-

computer interaction technology to facilitate the hu-

man understanding and effective use of computer soft-

ware” [1]. The application of SV techniques to facilitate

the design and application of EAs has b een receiving

growing attention during the last few years; [2], [3], [4],

[5], [6], [7], [8], and [9].

A recent study on the use of Genetic Algorithms

(GAs) concluded that GA users typically judge the

quality of their algorithms by the quality of the so-

lutions they find [10]. F or example; by rep eatedly run-

ning an algorithm to check that the solutions found can b e rep eated, by comparing the GA’s solutions with

those found by other techniques such as simulated an-

nealing, or by comparing the solutions with those of

b enchmark examples. This “black-b ox” approach ig-

nores the b ehavior of the search algorithm and concen-

trates solely on the outcome. As a result, the user is

unaware of their algorithm’s actions and how the solu-

tions are discovered.

It is prop osed that through the use of interactive

SV techniques an EA designer can adopt a “hands on”

approach to evolutionary computing and gain a more

comprehensive understanding of their algorithm’s b e-

havior. This pap er investigates how a new EA visual-

ization technique [9] can b e applied to enable not only

the observ ation of an EA’s search path, but also the

user’s interactive exploration of the search space and

their p ossible involvement in the evolutionary pro cess.

Section I I describ es the visualization technique. Sec-

tion I I I illustrates how this technique may b e used to

explore the search space. Section IV examines some of

the new opp ortunities visualization offers the user for

interacting with and b ecoming a part of the evolution-

ary pro cess. Section V concludes with a summary .

EAs search a problem space for a suitable solution

or set of solutions by sampling the problem space and

ev aluating the sampled p oints. The sampling metho d

biases evolution toward those areas containing “fitter”

(i.e. b etter) solutions. The sample p oints are strings

of symb ols referred to as “chromosomes”. The individ-

ual symb ols in a chromosome are called “alleles” and

each symb ol’s p osition in the chromosome is known as

its “lo cus”. A problem-sp ecific ev aluation function is

used to ev aluate each chromosome and assign a “fit-

ness rating”. These p opulations of chromosomes and

their fitness ratings are the data used in EAs and they

are what must b e visualized in order to understand an

algorithm’s search b ehavior.

Fitness ratings are commonly visualized on a 2 di-

mensional line graph of fitness rating (on the y axis)

versus generation numb er (on the x axis). This visu-

alization provides an extremely useful insight into the

x0321y111111112222

011200000000

121101010101

321111111111

22111010101000011011000110111100011000011011

∑

×

×

≥

− −

=

1

( ) ( ) i p

i d i i

i

...r

r ...p i r i r i

A. An Example Se ar ch Path

I I I. Exploring the Search Sp ace coor dinate in

dimension d

W X

X p

i B

W

W W B X

i r

i

i

r

Figure 1. An example of how a four bit binary matrix can b e

constructed. Horizontal section’s alleles are lab eled with a

white background and vertical section’s alleles are lab eled

with a grey background. The Hamming distances b etween

neighb ors are shown in italics.

v ariation in fitness ratings during evolution, particu-

larly when used to show the b est, average and worst

ratings in each generation. However, visualizing the

sample p oints in the search space (i.e. the chromo-

somes) is less common and more problematic, due to

the high dimensional nature of most problem spaces.

Some techniques for displaying the p opulation’s chro-

mosomes are reviewed in [11] and [9].

The technique adopted here is referred to as the

“Search Space Matrix” [9]. In this approach a two

dimensional data matrix represe nting the complete

search space can b e constructed by success ively divid-

ing a blank data matrix into vertical and horizontal

sections and filling each section with alternate alleles

from the co ding alphab et. F or example, a four bit bi-

nary search space containing 16 different chromosomes,

0000 to 1111, can b e represente d on a 4 by 4 data ma-

trix as shown in Figure 1.

As the v ariables in a binary data set are of base 2 the

blank matrix is divided horizontally into two halves. In

the b ottom half the first v alue of each entry is set to

0 and in the upp er half it is set to 1. The matrix is

then split vertically with the second v alue in the first

two columns b eing set to 0, and the second v alue in

the second two columns b eing set to 1. This pro cess

is rep eated for the third and fourth v alues; the third

v alue with one row of 0s, one row of 1s, one row of 0s

and one row of 1s, and finally the fourth v alue with one

column of 0s, one column of 1s, one column of 0s and

one column of 1s (see Figure 1).

The ab ove matrix construction metho d can b e ap-

plied to any genotypic search space, irresp ective of the

length of the chromosome, or the numb er of p ossible al-

leles at each lo cus. F urthermore, rather than construct-

ing a data matrix of the complete search space prior to visualization, the following direct linear equation can

b e used to translate a (high-dimensional) chromosome

to a (low-dimensional) matrix co ordinate:

=

Where is a chromosome of length . Each lo-

cus has different v alues, and the contributing

weight of each lo cus is given by; = 1 and

= . is the p osition of each

allele in the co ding alphab et for lo cus . is the num-

b er of matrix dimensions (typically 2 or 3) and is the

current p osition marker indexed from the right at = 1

in increments of .

This equation can also b e reversed to translate any

co ordinate back into its corresp onding chromosome.

Although this technique was develop ed indep endently ,

see [11], some similar approaches have since b een dis-

covered; William Shine and Christoph Eick have pre-

sented a coverage map of a Genetic Algorithm’s (GA’s)

search using “quadco des” [8], T ed Mihalisin, John Tim-

lin and John Schwegler have pro duced a “hierarchi-

cal axes” technique for visualizing multiv ariate func-

tions, data and distributions [12], and Jeffrey LeBlanc,

Matthew W ard and Norman Wittels have prop osed

a “dimensional stacking” technique for exploring N-

dimensional databases [13]. The remainder of this pa-

p er presents findings not considered by any of these

similar techniques.

This section illustrates how the matrix representa-

tion describ ed in the previous section can b e used in

practice. F our asp ects of exploring the search space are

examined here; visualizing the search path (I I I-A), the

problems asso ciated with limited screen space (I I I-B),

the use of interactive controls for the visualization (I I I-

C), and the use of alternate pro jections of the search

space (I I I-D). An EA visualization environment called

“Gonzo” [14] is used here to pro duce a set of practical

examples.

A Genetic Algorithm (GA) evolving a solution to the

F1 test problem prop osed by De Jong [15] is used here

as an example. This is a three dimensional problem

i.e. it has three v ariables, each v ariable has a v alue

b etween -5.12 and +5.12, and the ev aluation function

simply sums the squared v alues of each v ariable. The

overall aim of the algorithm is to discover regions of

the search space that have a minim um fitness rating.

¿

N ¿

¿¿

B. Scr e en Sp ac e vs Se ar ch Sp ac e

C. Visualization Contr ols movie-player image c ontent

Figure 2. The evolution of a Genetic Algorithm solving De

Jong F1 test problem. The four views show the search space matrix visualizations of the chromosomes contained in generation 0 (top left), 20 (top right), 40 (b ottom left), and 64 (b ottom right). Each dot represen ts a chromosome.

Figure 3. A movie player control panel used to step through an algorithm’s evolutionary search path. Here the user can jump back to the first generation ( generation 0), step back N generations ( ), step back one generation ( 1), play forward through the evolution a generation at a time

( ), step forward one generation (1 ), step forward N generations ( ), or jump forward to the final generation

( ).

Figure 4. An image content controller used to identify the range of data to b e displayed in the search space visualization. Two Alphasliders have b een used here to identify two ranges; the generation numb ers 0 to 64, and fitness ratings 0 to 10. The user can identify a range either by dragging the end sections of the central bar or inputing sp ecific v alues. The range can then b e moved either by dragging the middle section of the central bar, clicking on the outer scroll buttons on the left and right of the alphaslider, or by clicking in the gap b etween the central bar and outer scroll buttons.

The genetic representation used for each v ariable is a 10 bit binary string, these are referred to as “genes”, hence each 30 bit chromosome is made up of 3 genes, the first 10 bits (i.e. the first gene) refer to the first v ariable, the second 10 bits to the second v ariable, and the last 10 to the last v ariable. In order to map each

(genotypic) binary gene to a (phenotypic) v alue, the gene is first translated into an integer, this is then divided by one hundred and 5.12 is subtracted from the result.

Figure 2 illustrates four of the sixty five steps taken along the GAs search path (i.e. the chromosomes in the p opulation at generation 0, 20, 40 and 64). The initial p opulation is a random distribution of p oints

(Figure 2, top left) which converge over a numb er of generations to a single region (Figure 2, b ottom right).

This visualization can b e used, either to present an online (live) view of an algorithm’s progress, or an off-line

(p ost-mortem) view based on the stored output data of the algorithm.

Typically

, the resolution of the display medium (i.e.

a computer monitor) is less than the resolution of the search space. In the example shown in Figure 2 the visualization of a 30 bit binary search space is a 32,768 by 32,768 matrix. This far exceeds the resolution of mo dern computer monitors and so raises the need for the user to b e able to zo om in to and out of the search space visualization as well as pan across it.

F urthermore, by b eing able to use more than one

pixel to represent each chromosome additional information can b e presented. F or example, the fitness rating of each chromosome can b e indicated either by the dot’s colour, size or v alue (i.e. gray scale). The schema structure of this representation also means that the user can directly identify the alleles contained within regions of the search space matrix (see section I I I-C, the schema highlighting controller). Hence, go o d and bad schema can b e visually identified.

Three control mechanisms are prop osed here for the exploration of an EA’s search b ehavior; a “movieplayer” controller, an “image content” controller, and a

“schema highlighting” controller. A controller enables the user to step backwards and forwards along an algorithm’s search path and examine each step taken (see Figure 3).

As well as examining the evolution a step at a time, an controller can b e used to identify a range of steps (i.e. generations) and fitness ratings, the display is then refreshed, and only the chromosomes contained within these ranges are displayed. Figure

4 shows how two “Alphasliders” [16], can b e used to

IV. Human-EA Interaction

V. Conclusion

A. EA Par ameter Configur ation

GA Meter

GIGA

B. EA Initialization Metho ds

Uniform Covering

Homo gene ous Blo ck

C. Inter active EAs

Inter active Evolutionary Algorithms

Having identified a technique for visualizing high-

dimensional genotypic search spaces (I I) and illustrated

how that technique can b e applied to realistic prob-

lems (I I I), the following section go es on to describ e

how interaction is currently b eing used in evolutionary

computing and explores how this can b e improved. Ex-

amples of three areas in which visualization facilitates

EA interaction are explained here: EA parameter con-

figuration, EA initialization, and interactive EAs. The

following three subsections identify the limitations of

the existing working practice in each of these areas b e-

fore prop osing an alternative.

The effects that different parameter settings have on

an EA is an imp ortant asp ect of the designer’s exp ert

knowledge. Without an on-line search space visual-

ization the designer can only retrosp ectively analyze

the effects of their parameter settings from their al-

gorithm’s output data. Several graphical EA environ-

ments p ermit the user to interactively v ary the parame-

ter settings during evolution (for example “ ”

[3], “ ” [6]), however these to ols do not visual-

ize the algorithm’s search space and therefore it is still

difficult to relate any parameter changes to the search

b ehavior of the algorithm. With a search space visual-

ization (such as [14]) the user can observe their algo-

rithm’s evolution and monitor the effects of a v ariety of

parameter settings on their algorithm. This is not just

a useful p edagogical to ol, it can also b e applied to “fine

tune” the b ehavior of an algorithm during evolution.

In a canonical GA (such as the SGA mo del describ ed

by Goldb erg [17]) the initial p opulation is created as a

set of random v alued chromosomes. Several alterna-

tive metho ds have since b een explored in order to im-

prove the p erformance of such algorithms. Bramlette

[18] intro duced an initialization metho d that selects

the b est individuals from a set of randomly created

chromosomes. Kallel and Scho enauer [19] examined a

“ ” metho d that ensures an even dis-

tribution of each allele in the co ding alphab et through-

out the initial p opulation, and a “ ”

metho d that favors sequences of 0s and 1s in the chro-

mosomes of the initial p opulation.

Any of these approaches would b enefit from visual-

ization. Bramlette’s selection of the b est “N” individ-

uals to create the initial p opulation would b e visually

reinforced with the state space matrix view presented

in section I I. Similarly Kallel and Scho enauer’s com-

parison of alternative initialization metho ds could b e supp orted by visualizing the individual search paths

taken by the same algorithm b eing applied a numb er

of times to the same problem but from a v ariety of

initial states.

An interactive visualization to ol (such as Gonzo) can

also b e used to create or edit the initial p opulation for

an EA. As the translation metho d used in search space

matrices is a two way mapping (i.e. any chromosome

can b e translated to a unique co ordinate and any co-

ordinate can b e translated to a unique chromosome)

the user can explore the search space and identify in-

dividuals for inclusion in the p opulation. Hence, the

user can not only set the initial p opulation, but also

re-intro duce diversity or guide convergence toward in-

teresting areas in the search space at any stage during

evolution.

(IEAs) are a

sub-set of EAs whose origin has b een attributed to

Richard Dawkins b o ok “The Blind W atchmaker” [20].

The use of IEAs can b e describ ed as a two stage pro cess

in which the user is first presented with every individ-

ual in the p opulation in an appropriate (problem sp e-

cific) form and then asked to ev aluate each individual

based on its p erceived merit [21]. Essentially the user

takes on the role of the ev aluation function, removing

the need to formally sp ecify the problem ev aluation cri-

teria. This approach has b een applied to several novel

problems such as graphic art [22], music [23] and knowl-

edge discovery in databases [21].

The current use of IEAs limits the user’s view of

the search space to those p oints sampled by the cur-

rent p opulation and provides no information relating

a chromosome’s structure to the features of the result-

ing representation. Therefore, the user is unable to

do any form of credit assignment for a chromosome’s

schemata. By combining the first step in this pro-

cess (i.e. displaying a chromosome in an appropriate

form) with a search space visualization, such as that

describ ed in section I I, the user can see each chromo-

some’s place in the search space and judge an individual

not just on its phenotypic app earance but also on its

genotypic structure , and ability to contribute toward

new solutions. This enables the user to see the “big-

ger picture” outside of the sub-space sampled by the

current p opulation.

Software visualization offers much more to evolution-

ary computing than a mere display: it offers the user an

opp ortunity to interactively explore evolutionary com-

puting. One such visualization technique, the “Search

Space Matrix”, has b een describ ed. A to ol using this

�

Acknowledgments

References

Journal of Visual L anguages and

Computing

Pr o c e edings of the F ourth International Confer enc e on

Genetic Algorithms (ICGA’91)

The GAmeter Development

T o olkit User Interfac e Manual

Pr o c e edings of the International Confer-

enc e on Computer Gr aphics and Visualization (COMPU-

GRAPH’93)

Pr o c e edings of the World

Congr ess on Neur al Networks

The Fifth

Annual Confer enc e on Evolutionary Pr o gr amming (EP96)

Pr o c e edings of the 1997

IEEE International Confer enc e on Evolutionary Computa-

tion (ICEC’97)

Pr o c e edings of the Seventh International Confer enc e on Ge-

netic Algorithms (ICGA’97)

The applic ation of softwar e visualization te ch-

nolo gy to evolutionary c omputing: A c ase study of genetic

algorithms

IEEE Com-

puter Gr aphics and Applic ations

Pr o c e eding s of the IEEE Con-

fer enc e on Visualization 1991

An analysis of the b ehavior of a class of genetic

adaptive systems

Pr o c e e d ings of Interna-

tional Confer enc e on Human F actors in Computing Sys-

tems (CHI’94)

Genetic Algorithms in Se ar ch Optimization

and Machine L e arning

Pr o-

c e e ding s of the F ourth International Confer enc e on Genetic

Algorithms (ICGA’91)

Pr o c e edings of the

Seventh International Confer enc e on Genetic Algorithms

(ICGA’97)

The Blind Watchmaker

Pr o c e e d ings of the Seventh Interna-

tional Confer enc e on Genetic Algorithms (ICGA’97)

Evolutionary Art and Computers

Pr o c e edings of the F ourth Biennal Art and

T e chnolo gy Symp osium technique was used in order to highlight how SV can

b e applied to interactively explore the b ehavior of a

GA. By adopting more of a “hands on” approach to

evolutionary computing it is intended that a b etter un-

derstanding of our algorithm’s search b ehavior will b e

achieved.

In addition to exploring the search path of an algo-

rithm, this technique can b e used to enable user inter-

action at any stage in the evolutionary pro cess. Three

extensions to the current working practice of EA de-

signers have b een prop osed in the areas of; parameter

configuration, p opulation initialization, and interactive

ev aluation. It is through the exploitation of interactive

visualization techniques, such as those presented here,

that p eople may further their understanding of EAs

and the additional b enefits of “Human-EA Interaction”

may b e achieved.

The use of SV to facilitate b oth the understanding

and effective use of evolutionary computing is the fo-

cus of a numb er of current research pro jects. This of-

fers new opp ortunities for those involved in evolution-

ary computing to interact with their algorithms during

evolution. However, little work on the efficacy of this

approach has b een done. F uture work will involve em-

pirically assessing not only these forms of visualization,

but also the opp ortunities for human interaction and

intervention that they create.

I would like to thank the Engineering and Physical

Sciences Research Council for funding this work (EP-

SRC Studentship 94315065), the mem b ers of the Op en

University’s Knowledge Media Institute who help ed

comment on earlier drafts of this do cument, particu-

larly John Domingue, T ony Hirst, Simon Masterton,

Paul Mulholland, Marco Ramoni and Stuart W att, and

the anonymous reviewers for their constructive com-

ments on the original submitted version of this pap er.

[1] B. Price, R. Baecker, and I. Small, “A principled taxonomy

of software visualisation,”

, vol. 4, pp. 211–266, 1993.

[2] H. Cartwright and G. Mott, “Lo oking Around: Using clues

from the data space to guide genetic algorithm searches,”

in

(R. Belew and L. Bo oker,

eds.), pp. 108–114, 1991.

[3] A. Kapsalis and G. Smith,

, 1992.

[4] T. Routen and T. Collins, “Visualisation of A.I. tech-

niques,” in

, (Portugal), ACM Press, 1993.

[5] B. Nassersharif, D. Ence, and M. Au, “Visualisation of evo-

lution of genetic algorithms,” in

, vol. 1, (San Diego, CA.,

USA), pp. 1–560–1–565, 1994.

[6] T. Dabs and J. Scho of, “A graphical user interface for ge-

netic algorithms,” T ech. Rep. 98, Lehrstuhl fur Informatik

I I, University W urzburg, DE., F ebruary 1995.

[7] R. Dyb owski, T. Collins, and P . W eller, “Visualization of bi-

nary string convergence by sammon mapping,” in

(L. F ogel, P

. Angeline, and T. Baeck, eds.), (San Diego,

CA.), pp. 377–383, MIT Press, 1996.

[8] W. Shine and C. Eick, “Visualizing the evolution of ge-

netic algorithm search pro cesses,” in

, pp. 367–372, 1997.

[9] T. Collins, “Using software visualization technology to help

evolutionary algorithm users v alidate their solutions,” in

, (East Lansing, MI., USA),

pp. 307–314, August 1997.

[10] T. Collins,

. PhD thesis, Knowledge Media Institute, The

Op en University

, Milton Keynes, UK., 1998.

[11] T. Collins, “Genotypic-space mapping: Population visual-

ization for genetic algorithms,” T ech. Rep. KMi-TR-39, The

Knowledg Media Institute, The Op en University

, Milton

Keynes MK7 6AA, UK., Septemb er 1996.

[12] T. Mihalisin, J. Timlin, and J. Schwegler, “Visualizing mul-

tiv ariate functions, data, and distributions,”

, pp. 28–35, May 1991.

[13] J. LeBlanc, M. W ard, and N. Wittels, “Exploring n-

dimensional databases,” in

, (San F rancisco, CA., USA),

pp. 230–237, Octob er 1991.

[14] T. Collins, “Gonzo: An evolutionary algorithm visu-

alization to ol,” January 1997. Details av ailable from

http://kmi.op en.ac.uk/ trev or/Viz/tools/.

[15] K. D. Jong,

. PhD thesis, University of Michigan, 1975.

[16] C. Ahlb erg and B. Shneiderman, “The Alphaslider: A

compact and rapid selector,” in

(B. Adelson, S. Dumais, and J. Olson, eds.),

(Boston Massachusetts, USA), pp. 365–371, ACM Press,

1994.

[17] D. Goldb erg,

. Addison W esley

, 1989.

[18] M. Bramlette, “Initialisation, mutation and selection meth-

o ds in genetic algorithms for function optimization,” in

(R. Belew and L. Bo oker, eds.),

pp. 100–107, 1991.

[19] L. Kallel and M. Scho enauer, “Alternative random ini-

tialization in genetic algorithms,” in

, (East Lansing, MI., USA), pp. 268–275, Au-

gust 1997.

[20] R. Dawkins, . Longman, 1986.

[21] G. V enturini, M. Slimane, F. Morin, and J. A. de Beauville,

“On using interactive genetic algorithms for knowledge dis-

covery in databases,” in

, (East

Lansing, MI, USA), pp. 696–703, August 1997.

[22] S. T o dd and W. Latham, .

Academic Press, 1992.

[23] G. Nelson, “Sonomorphs: An application of genetic al-

gorithms to the growth and development of musical or-

ganisms,” in

, (Connecticut, USA), pp. 155–169,

March 1993.