�

Keywords:

phone: fax: email:

url:

Trevor D. Collins

Abstract

Reference:

Address:

t.d.collins@open.ac.uk http://kmi.open.ac.uk/ trevor

Understanding Evolutionary Computing:

A Hands on Approach

Knowledge Media Institute

The Open University UK

KMi Technical Report KMi-TR-48 (September 1997).

Knowledge Systems Group. Knowledge Media Institute. The Open Univer-

sity, Milton Keynes, UK. +44 1908 655731, +44 1908 653169,

, .

Evolutionary computing is the study of robust search algorithms based

on the principles of evolution. An Evolutionary Algorithm (EA) searches

a problem space in order to �nd possible solutions to a given problem.

This paper is intended to highlight the advantages of using software visu-

alization techniques in evolutionary computing: Firstly it describes how

a high-dimensional problem space can be represented in two (or more)

dimensions, suitable for visualization; secondly it introduces how EA de-

signers can use this visualization to explore their algorithm’s search be-

havior in the problem space; and thirdly, it explores how this \hands on"

approach can be extended to the evolutionary process, in order to improve

an algorithm’s performance..

Software Visualization, Search Space Matrices, Human-EA

Interaction, Interactive Evolutionary Algorithms, Initialization Methods,

Parameter Con�guration..

1. In tro duction

2. EA Visualization

Evolutionary Algorithms

Softwar e Visualization

                 Understanding Evolutionary Computing:A Hands on Approach

(EAs) are robust search algorithms based on the guiding evolu-

tionary principl e of \surviv
al of the �ttest". 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 eci�c 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

�tness 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 de�ned as \the use of the crafts of typ ography

,

graphic design, animation and cinematography with mo dern human-computer interaction

technology to facilitate the human understanding and e�ective use of computer software"

[19]. 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], [12], [20], [16], [7], [9], [21],

and [5].

                                                                                                                      A widely recognized framework for understanding human memory

, known as the \Levels

of pro cessing" framework, was prop osed by Craik and Lo ckhart in 1972 [6]. They suggested

that the level or depth of pro cessing of a stimulus has a substantial e�ect on its memorability

,

and that deep er levels of analysis pro duce more elab orate, longer lasting, and stronger

memory traces than do shallow levels of analysis. Recent empirical ev
aluations of SV seem

to supp ort this framework. Lawrence, Badre and Stasko [13] found that students who

were able to control and interact with a v
ariety of algorithm visualizations gained a b etter

understanding of the algorithm’s b ehavior than those who could only passively observe the

visualizations.

                                                                                                                      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 hence gain a more compre-

hensive understanding of their algorithm’s b ehavior. This pap er investigates how a new

EA visualization technique [5] can b e applied to enable not only the observ
ation of an EA’s

search, but also the user’s interactive exploration of the problem space and their p ossible

involvement in the evolutionary pro cess. Section I I describ es the visualization technique.

Section I I I illustrates how this technique may b e used to explore the problem space (also

referred to as the search space). Section IV examines some of the new opp ortunities visual-

ization o�ers the user for interacting with and b ecoming a part of the evolutionary 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 \�tter" (i.e. b etter) solutions. The sample p oints are strings

of symb ols referred to as \chromosomes". The individual symb ols in a chromosome are

called \alleles" and each symb ol’s p osition in a chromosome is known as its \lo cus". Each

chromosome in a p opulation is ev
aluated and given a \�tness rating". These p opulations

of chromosomes and their �tness 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.

1

x0321y111111112222

011200000000

121101010101

321111111111

22111010101000011011000110111100011000011011

Figure 1

                 Understanding Evolutionary Computing:A Hands on Approach

                                                                                                                      Fitness ratings are commonly visualized on a 2 dimensional line graph of �tness rating

(on the y axis) versus generation numb er (on the x axis). This metho d is extremely useful

when used to illustrate the worst, average and b est �tness ratings p er generation using three

separate lines on a single graph. However, visualizi ng the sample p oints in the search space

is less common and more problematic, due to the high dimensional nature of most problem

spaces. Some techniques for displaying p opulation data are reviewed in [3] and [5].

                                                                                                                      The technique adopted here is referred to as the \Search Space Matrix" [5]. In this

approach a two dimensional data matrix representing the complete search space can b e

constructed by successively dividing a blank data matrix into vertical and horizontal sections

and �lling each section with alternate alleles from the co ding alphab et. F
or example, a

four bit binary search space containing 16 di�erent chromosomes, 0000 to 1111, can b e

represented on a 4 by 4 data matrix as shown in 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.

                                                                                                                      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 �rst 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 �rst 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 �nally 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 characterized by the following direct

linear equation:

2

∑

[

[

≥

− −

=

1 ( ) ( ) i p

i d i i

i

...r r ...p i r i r i

3. Exploring Searc h Space coor dinate in

dimension d

W X

X p i B

W W W B X

i r

i

    i r

r

r r

=

Where is a chromosome of length . Each lo cus has di�erent 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 numb 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 characterization provides a more compact and e�ective way

    of presenting a p opulation’s chromosomes than constructing a data matrix of the complete

    search space prior to visualization.

This technique provides a direct linear function for translating each chromosome in a

    p opulation to a unique co ordinate. This can also b e reversed to translate any co ordinate

    back into its corresp onding chromosome. Although this technique was develop ed indep en-

    dently

  , see [3], some similar approaches have since b een discovered; William Shine and

    Christoph Eick have presented a coverage map of a Genetic Algorithm’s (GA’s) search us-

    ing \quadco des" [21], T
ed Mihalisin , John Timlin and John Schwegler have pro duced a

    \hierarchical axes" technique for visualizi ng multiv
ariate functions, data and distributions

    [15], and Je�rey LeBlanc, Matthew W
ard and Norman Wittels have prop osed a \dimen-

    sional stacking" technique for exploring N-dimensional databases [14]. The remainder of

    this pap er presents �ndings not considered by any of these similar techniques.

As an extension to the basic mapping technique a Gray co ded weighting sum can b e

    used to translate a chromosome. This results in an dimensional Gray co de in which the

    Hamming distance b etween any neighb oring pairs of chromosomes in the matrix is unitary

,

    where is the numb er of matrix dimensions, see Figure 2 ( = 2).

Moreover, like single dimensional Gray co des, the Hamming distance b etween the end

    v
alues (i.e. the chromosomes on the top and b ottom, and left and right edges) is also

    unitary

    . Hence, a search space matrix, based on a Gray co ded weighting sum, is in e�ect

    the shap e of a torus. Figure 3 shows an example of a torus lab eled with the chromosomes

    from the four bit binary matrix given in Figure 2.

F

                                                                                                                     or search spaces which are to o large for such a detailed view to b e displayed directly

    in a single window, a zo oming and panning interface mechanism is necessary

. Two comple-

    mentary views can then b e used: a �ne-grained view of the current area of interest, and a

    course-grained (or \birds-eye") view showing the entire search space in which the user can

    see their current fo cus.

    As describ ed in the previous section, search space matrices can b e used to visualize an

    entire search space. This section examines how this technique can b e applied in order

    to understand an EA’s evolutionary search. An EA rep eatedly samples the search space

    during evolution, examining p oints (i.e. chromosomes and their �tness ratings) until an

    acceptable solution is discovered. By presenting an on-line (live) view of an algorithm’s

    search in a problem space, the user gets an immediate impression of the algorithm’s progress

3

x0321y111111111111

01110000

11110101

3111

211100010001111111111010101000010001101011110001101100011011

    Figure 2

                     Understanding Evolutionary Computing:A Hands on Approach

: An example of how a four bit binary matrix can b e constructed using a Gray

    co ded weighting structure. 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 is now always 1 and are shown here in italics.

    during evolution. In order to expand on the impression the user can get from an on-line

    visualization, an interactive visualization to ol can b e used to further explore the algorithm’s

    search b ehavior.

Three control mechanisms for the exploration of an EA’s search b ehavior are prop osed;

    temp oral, image content, and schema highlighting, controls. A temp oral controller enables

    the user to step backwards and forwards along an algorithm’s search path and examine

    each step taken. As well as examining the evolution a step at a time, a range of steps (i.e.

    generations) and �tness ratings can b e identi�ed using an image content controller, this helps

    the user examine more than the current generation and fo cus up on sp eci�c sections of the

    �tness landscap e. Finally

                                                                                         , the user can explore the schema contributions contained within

    their sp eci�ed search section by de�ning a schema of interest and having the corresp onding

    columns and rows of the matrix, along which such v
alues lie, highli ghted.

Figure 4 shows three example screen views of an EA visualization environment called

    \Gonzo" [4]. These were taken during a GA’s search for a solution to the eight bit \MaxInt"

    problem (i.e. a search for an eight bit binary numb er with the maximum integer v
alue). In

    these views, a search space visualization is shown in the top left hand corner, with the �tness

    rating versus generation numb er graph underneath it. Three example control mechanisms

    are shown on the right hand side of the screen. The search space visualization is constructed

    using a normally weighted search space matrix (as shown in Figure 1), each chromosome is

    represented as a circle whose diameter indicates the chromosome’s �tness rating.

Using a \Movie Player Control Panel" (Figure 4, b ottom right, and Figure 5) the user

    can explore the search path of an algorithm. Here the user can jump back to the start of

4

> N > >>

Figure 3

Figure 4

Figure 5

Understanding Evolutionary Computing:A Hands on Approach

: A torus illustrating the p ositions of the visible chromosomes taken from the

Gray co ded weighting matrix shown in Figure 2 . F
or clarity the hidden chromosomes are
not lab eled.

: A set of three screen views taken from an example EA visualization environment.

These illustrate the evolution of a GA solving the eight bit \MaxInt" problem. These three
images re ect the state of the GA at generations 0, 5 and 22, resp ectively

.

evolution ( generation 0), step back N generations ( ), step back one generation ( 1),
play forward through evolution a generation at a time ( ), step forward one generation

(1 ), step forward N generations ( ), or jump forward to the �nal generation ( ). A
similar to ol can also b e used for controlling the algorithm’s execution (this is not shown in
these examples).

: A movie player control panel used to step through an algorithm’s evolutionary
search path.

The user can also identify ranges of data. Here, Alphaslide rs [18] are used to identify a
section of EA data; the user can select the numb er of generations and range of �tness ratings
to b e displayed (Figure 4, middle right, and Figure 6). An alphaslider can b e op erated as
follows: The start and end arrow buttons on the central slider bar can b e dragged in order
to identify a range of interest. A sp eci�ed range can b e dragged using the central slide bar,

Ac kno wledgmen ts

References

Understanding Evolutionary Computing:A Hands on Approach

Pr o c e e dings of the

F ourth International Confer enc e on Genetic Algorithms (ICGA’91) visualization technique, the “Search Space Matrix”, has b een describ ed. A to ol using this

technique was used in order to highlight how SV can b e applied to interactively explore the

b ehavior of an EA. By adopting more of a “hands on” approach to evolutionary computing

it is intended that a b etter understanding of an algorithm’s search b ehavior will b e achieved.

In addition to exploring the search path of an algorithm, this technique can b e used

to facilitate user interaction at any stage in the evolutionary pro cess. Three extensions to

the current working practice of EA designers have b een prop osed in the areas of interactive

ev aluation, initiali zation and parameter configuration:

1. Interactive ev aluation for IEAs is intended to help the user make an informed decision

ab out the quality of an indivi dual by presenting it within the context of the search

space and identifyin g those areas with which it can b e asso ciated.

2. The development and application of novel initial ization metho ds will b e supp orted

by presenting an explici t representation of the resulting initial p opulation. Moreover,

this can then b e analyzed and edited using an appropriate interface mechanism.

3. The identification of a suitable set of algorithm parameters may b e supp orted by

presenting a view of the search space during evolution. Hence, the search b ehavior

of an algorithm’s original parameter settings can b e seen as well as the effects of any

changes made during evolution.

People involved in the application or development of evolutionary computing have a

great deal to gain from SV. It is through the exploitation of interactive visualization tech-

niques, 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 offers new opp ortu-

nities for those involved in evolutionary 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 empiricall y 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 fund-

ing this work (EPSRC Studentship 94315065) and the memb ers of the Op en University’s

Knowledge Media Institute who help ed comment on earlier drafts of this do cument, par-

ticularly John Domingue, T ony Hirst, Simon Masterton, Paul Mulholland, Marco Ramoni

and Stuart W att.

[1] M.F. Bramlette. Initiali sation, mutation and selection metho ds in genetic algorithms

for function optimization. In R.K. Belew and L.B. Bo oker, editors,

, pages 100–107,

1991.

¸

Pr o c e e dings

of the F ourth International Confer enc e on Genetic Algorithms (ICGA’91)

Pr o c e e dings of the Seventh International Confer enc e

on Genetic Algorithms (ICGA’97)

Journal of V erb al L e arning and V erb al Behavior

The Blind Watchmaker

The Fifth

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

Genetic Algorithms in Se ar ch Optimization and Machine L e arning

Pr o c e e dings of the Seventh International Confer enc e on Genetic Algorithms (ICGA’97)

The GAmeter Development T o olkit User Interfac e Man-

ual

Pr o-

c e e dings of the IEEE Confer enc e on Visualization 1991

[2] H.W. Cartwright and G.F. Mott. Lo oking Around: Using clues from the data space to

guide genetic algorithm searches. In R.K. Belew and L.B. Bo oker, editors,

, pages 108–

114, 1991.

[3] T.D. Collins. Genotypic-space mapping: Population visualization for genetic algo-

rithms. T echnical Rep ort KMi-TR-39, The Knowledg Media Institute, The Op en Uni-

versity

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

[4] T.D. Collins. Gonzo: An evolutionary algorithm visualizati on to ol, January 1997.

Details av ailable from http://kmi.op en.ac.uk/ trevor/Viz/to ols/.

[5] T.D. Collins. Using software visualization technology to help evolutionary algorithm

users v alidate their solutions. In

, pages 307–314, East Lansing, MI., USA, August

1997.

[6] F.I.M. Craik and R.S. Lo ckhart. Levels of pro cessing: A framework for memory re-

search. , 11:671–684, 1972.

[7] T. Dabs and J. Scho of. A graphical user interface for genetic algorithms. T echnical

Rep ort 98, Lehrstuhl fur Informatik I I, University W urzburg, DE., F ebruary 1995.

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

[9] R. Dyb owski, T.D. Collins, and P

.R. W eller. Visualization of binary string convergence

by sammon mapping. In L.J. F ogel, P

.J. Angeline, and T. Baeck, editors,

, pages 377–383, San Diego,

CA., 1996. MIT Press.

[10] D.E. Goldb erg. .

Addison W esley

, 1989.

[11] L. Kallel and M. Scho enauer. Alternative random initial izati on in genetic algorithms. In

,

pages 268–275, East Lansing, MI., USA, August 1997.

[12] A. Kapsalis and G.D. Smith.

, 1992.

[13] A.W. Lawrence, A.N. Badre, and J.T. Stasko. Empirically ev aluating the use of ani-

mations to teach algorithms. T echnical rep ort, Graphics,Visualization, and Usability

Center, College of Computing, Georgia Institute of T echnology

, Atlanta, GA 30332-

0280, 1994.

[14] J. LeBlanc, M.O. W ard, and N. Wittels. Exploring n-dimensi onal databases. In

, pages 230–237, San F rancisco,

CA., USA, Octob er 1991.

11

IEEE Computer Gr aphics and Applic ations

Pr o c e e dings of the World Congr ess on Neur al Networks

Pr o c e e dings of the F ourth Biennal Art and T e ch-

nolo gy Symp osium

Pr o c e e dings of the Ninth Annul Jap anese Confer enc e on Human Interfac es

Journal of Visual L anguages and Computing

Pr o c e e dings of the Inter-

national Confer enc e on Computer Gr aphics and Visualization (COMPUGRAPH’93)

Pr o c e e dings of the 1997 IEEE International Confer enc e on Evolutionary

Computation (ICEC’97)

Evolutionary Art and Computers

Pr o c e e dings of the

Seventh International Confer enc e on Genetic Algorithms (ICGA’97)

[15] T. Mihalisin , J. Timlin, and J. Schwegler. Visualizi ng multiv ariate functions, data, and

distributions. , pages 28–35, May 1991.

[16] B. Nassersharif, D. Ence, and M. Au. Visualisation of evolution of genetic algorithms.

In , volume 1, pages 1–560–1–

565, San Diego, CA., USA, 1994.

[17] G.L. Nelson. Sonomorphs: An application of genetic algorithms to the growth and

development of musical organisms. In

, pages 155–169, Connecticut, USA, March 1993.

[18] M. Osada, H. Liao, and B. Shneide rman. Alphaslider: Searching textual lists with

sliders. In ,

Octob er 1993.

[19] B.A. Price, R.M. Baecker, and I.S. Small. A principl ed taxonomy of software visuali-

sation. , 4:211–266, 1993.

[20] T. Routen and T. Collins. Visualisation of A.I. techniques. In

,

Portugal, 1993. ACM Press.

[21] W.B. Shine and C.F. Eick. Visualizi ng the evolution of genetic algorithm search pro-

cesses. In

, pages 367–372, 1997.

[22] S. T o dd and W. Latham. . Academic Press, 1992.

[23] G. V enturini, M. Slimane, F. Morin, and J.P

. Asselin de Beauvill e. On using inter-

active genetic algorithms for knowledge discovery in databases. In

, pages 696–703,

East Lansing, MI, USA, August 1997.

12