∗

∗

p

p

p

n n np

p

n

T revor D. Collins

1 2

11 12 1

21 22 2

1 2

1 2

1 2

Abstract

1 In tro duction

email - t.d.collins@o p en.ac.uk

, , . . . , n

V ar iabl es X X . . . X C ases

X

X X . . . X

X X . . . X

X X . . . X n

X

n p

X , X , . . . , X

f , f , . . . , f

Softwar e Visualization

Co de visu-

alization

Data visualization

algorithm visual-

ization

Using Soft w are Visualization T ec hnology to Help Ev olutionar y

Algorithm Users V alidate their Solutions

Knowledge Media Institute

The Op en University

W alton Hall

Milton Keynes MK7 6AA, UK

Evolutionary Computation (EC) offers a v a-

riety of robust search techniques, each of

which op erate by means of an evolutionary-

based search algorithm. In order to assess

the quality of any solutions found, the user

must understand the search path taken to

discover them. Software Visualization is rec-

ommended as a useful technique for aiding

such understanding. This pap er gives an

intro duction to Software Visualization, re-

views five existing techniques for presenting

EC output data and presents a new technique

suitable for visualizing EC search space. T o

conclude a summary table of all six visual-

ization techniques, including comments and

criticisms of each is given and the selection

of appropriate visualization techniques is dis-

cussed. By presenting EC output data in a

format that is easy to understand software

visualization makes EC v alidation much sim-

pler for the user.

This pap er explains how (SV)

may b e applied to supp ort p eoples’ understanding of

their EC systems. It is only through understanding

an algorithm’s evolutionary-based search that the user

can access the quality of the solution/s found.

Evolutionary algorithms output data in a common

form, where each individual solution is describ ed as a

chromosome and an asso ciated fitness rating. Chromo-

some data is of a typ e known as “ profile data”, i.e. the

data is made up of a series of cases (1 2 ) whose

=

.

.

.

1

2

.

.

.

Figure 1: A data matrix used to describ e EC chromo-

some data. Where refers to a p opulation containing

chromosomes, each of length .

profiles v ary over a range of v ariables ( ),

see figure 1. The asso ciated univ ariate fitness data set

contains the same numb er of cases . The

term “p opulation data” will b e used here to refer to

b oth of these data sets.

Software visualization is “the use of the crafts of typ og-

raphy

, graphic design, animation and cinematography

with mo dern human-computer interaction technology

to facilitate b oth the human understanding and ef-

fective use of computer software” (Price, Baecker &

Small, 1993), and has b een applied to many different

asp ects of software development including design, de-

bugging and education.

Brad Myers (1990) divided SV into three categories:

co de, data and algorithm visualization.

helps the user to understand the construc-

tion and execution of their co de, an example b eing the

T ransparent Prolog Machine that uses and/or trees

to visualize Prolog programs (Eisenstadt & Brayshaw,

1987). presents data structure s in

an easy to understand format. F or example the In-

cense system allows the programmer to design and use

pictorial representations for the display of their data

structures (Myers, 1983). Finally ,

provides an abstract view of the user’s pro-

×

× x y

, chr omosome str ing l eng th

2 T raditional EC Visualization

2.1 Population Data Matrices

2.2 Fitness vs Generation Numb er Graph

r aw

“A data matrix usual ly c ontains to o much in-

formation to absorb at onc e. The differ enc es

b etwe en the various r ows and c olumns as wel l

as the inter actions b etwe en them, ar e difficult

to determine mer ely by lo oking at the ma-

trix.”

gram as a series of algorithm steps. The Brown Uni-

versity Algorithm Simulator and Animator (Balsa) is

an early example of algorithm visualization in which

the user can construct custom animations for illustrat-

ing or learning ab out algorithms (Brown & Sedgewick,

1985).

Effective software development relies on the program-

mer having a clear understanding of their software at

all three levels; co de, data and algorithm. However,

for the end user who has merely applied a system and

wishes to ensure the quality of the solution found, it

is the search path taken to discover that solution that

is of primary interest. By visualizing the p opulation

data for each generation, the user can see the explored

sample p oints in the problem search space and lo ok for

any unconsidered regions.

The remainder of this pap er is broken down into five

sections. Section two presents two traditional tech-

niques for describing EC search: p opulation data ma-

trices and fitness versus generation numb er graphs.

Section three describ es three recently recommended

techniques that are not, as yet, widely used i.e. al-

lele versus lo ci frequency matrices, multidim ensional

scaling, and Sammon mapping. The fourth section

presents a new technique describ ed here as “Search

Space Matrices” (SSM). The fifth section draws these

techniques together in a summary table and identifies

the asso ciated pros and cons of each. Finally the pa-

p er concludes with a discussion of these techniques and

how they may b e applied.

Even within the relatively short lifetime of evolu-

tionary computing (according to (Goldb erg, Deb &

Thierens, 1992) 30 to 40 years) there has develop ed

a traditional format for presenting information ab out

EC search. The data is either displayed in a data ma-

trix of chromosome and fitness v alues, or on a line

graph of fitness v ariation over a numb er of generations.

This section describ es these traditional techniques and

examines why additional visualizations are necessary .

Population data matrices present the entire data set

in its text form. A data matrix illustrating a

p opulation data set in order of decreasing fitness is

the most simple and most complete way of showing

the data. However, (Bertin, 1981 p. 32) recommends

that no more than 10,000 elements ( ) b e shown in

any data matrix. This constrains the maxim um p op-

ulation size to (10 000 ).

Figure 2: A fitness (y) vs generation numb er (x) graph

showing how the b est (top) average (middle) and worst

(b ottom) fitness ratings v ary during evolution.

Even for smaller p opulations where this is applicable

comparing v alues across generations and identifying

the contribution of emerging schemata to the fitness

ratings can b e difficult:

(Du T oit, Steyn & Stumpf, 1986, p.

105)

It is for this reason that multidimensional scaling (dis-

cussed in section 3.2) is often recommended to illus-

trate the distribution of the cases within a data set.

Fitness versus generation numb er graphs are used to il-

lustrate the v ariation in fitness during evolution. Har-

vey and Thompson (1996) use a three dimensional

graph to illustrate the fitness trace of a fitness ordered

p opulation over a numb er of generations (y = fitness,

x = fitness ordered p osition, z = generation numb er).

A more common form of fitness versus generation

graph is a two dimensional graph in which some as-

p ect of the p opulation’s fitness data is shown against

the generation numb er. Examples include the “on-

line” and “offline” fitness ratings (i.e. the mean fitness

rating and mean current b est fitness rating across all

generations, see De Jong, 1980) and the b est, average

and/or worst fitness rating p er generation.

By plotting a two dimensional line graph of the b est,

average and/or worst fitness rating p er generation, the

user can gain immediate insight into how the fitness

ratings within each p opulation v ary during evolution,

see figure 2. Although graphs such as these present

a comp elling view of fitness data they present no in-

formation ab out the search path itself. F or example,

the numb er of solutions b eing considered, or their di-

AlleleLoci0123451

− − −

− − −

− − −

− − −

− − −

≤ ≤

[ ] p

p

k k

k k

n k

n k k k

p k

k k

p k

p p

p p

n n np p

n

n n

n

3 Recen t EC Visualization T ec hniques

tr adi-

tional

biplots princi-

p al c omp onent analysis factors princip al c omp onents

3.1 Allele versus Lo ci F requency Matrices

3.2 Multidimensional scaling

3.2.1 Biplots

1 2

3 4

1 2

3 4

(2)

( 2)

(2)

11

1

12

2

21

1

22

2

1

1

2

2

11

1

1

21

1

1

1

1

1

12

1

2

22

1

2

2

1

2

11 1 12 2 1

21 1 22 2 2

1 1 2 2

1 2

1 2 p

p

l l

l l . . . l

l l

l l . . . l

X

X

Y

X

X

X

U l U l

U l U l

U l U l

V l V l . . . V l

V l V l . . . V l

Y

X X X X . . . X X

X X X X . . . X X

X X X X . . . X X

U , U , . . . , U X

V , V , . . . , V X X

X k

k /

Y

Figure 3: An allele versus lo ci matrix of a five bit

binary data set the frequency of each allele is indicated

by the relative size of the circle.

versity cannot b e extracted from this view. Therefore,

alternative or additional views must b e considered if

the user is to gain a complete understanding of a so-

lution’s evolution.

As a reaction to the shortcomings of the ab ove

techniques, alternative forms of EC data visual-

ization have started to app ear. The following section

describ es three such techniques and examines the ad-

ditional information av ailable from each.

Rather than attempting to illustrate the complete p op-

ulation data set, an image matrix showing the fre-

quency of allele (i.e. the chromosome v alues) at the

v arious lo ci (i.e. the chromosome p ositions) can b e

used to illustrate the distribution of allele within a

p opulation (see figure 3) (Collins, 1993) (Routen &

Collins, 1993). By viewing several allele versus lo ci

frequency matrices of subsequent generations the user

can see how the allele-lo ci distributions v ary during

evolution. Although the matrix do es illustrate the dis-

tribution of alleles it presents no information ab out

the current fitness ratings and no information ab out

the chromosomes’ allele configurations.

As mentioned in section 2.1 ab ove, multidim ensional

scaling is one technique for representing high dimen-

sional data in two or three dimensions suitable for hu-

man observ ation. An example of where this has b een

applied to represent EC data can b e found in (Harvey

& Thompson, 1996).

The two techniques for scaling multidimensional pro-

file data recommended by Du T oit, et al. (1986) are

examined here, i.e. (section 3.2.1) and

(PCA, section 3.2.2), and comments on their application given (section 3.2.3). Both

of these use the eigenv alues and eigenvectors of the

data set to transform a set of correlated v ariables

to a new set of uncorrelated v ariables, from which a

scatterplot can b e drawn to illustrate the distribution

of the data. These uncorrelated v ariables are referred

to as in biplots and in

PCA. The formation of clusters around areas contain-

ing fit solutions would b e exp ected during evolution.

F or biplots an assumption known as the rank two ap-

proximation is made i.e. the first two factors illus-

trate enough ab out the distribution that the remain-

ing factors can b e ignored (Du T oit, et al., 1986).

Hence a two dimensional scatterplot of the first two

factors is sufficient to describ e the distribution. This

assumption generally holds if the first two eigenv alues

( + ) are large in relation to the remaining ones

( + + + ) . The corresp onding “go o dness of

fit” is describ ed as:

+

+ + +

The biplot factors for a profile data set as describ ed

in the intro duction, are generated in two steps; first the

eigenvectors and eigenv alues are used to create ,

and then the set of factors is pro duced using the

elements in and the mean v alues for each v ariable

in , i.e:

=

.

.

.

=

.

.

.

Where; are the left eigenvectors of ,

are the right eigenvectors of , is the

mean v alue of v ariable , and 0 1, whereby

= 1 2 if a biplot is made for rows and columns

jointly; 0 if for columns only; and 1 if for rows only .

The resulting biplot is a scatterplot of the first two

factors, i.e. the first two columns of . Note, this

view is based on the rank two approximation and the

v alidity of that assumption should b e checked for each

p opulation b efore its biplot is used.

x0321y11111111222201120000000101000101121100100011011001113211111110101011111022111000100111001101

≥

∑

=

× i p

i d i i

Se ar ch sp ac e matric es

4 A New EC Visualization T ec hnique

r

chr omosome coor dinate

in dimension d

X W

1st bit = 2 rows of 0s and 2 rows of 1s

2nd bit = 2 columns of 0s and 2 columns of 1s

3rd bit = 1 row of 0s, 1 row of 1s, 1 row of 0s

and 1 one row of 1s

4th bit = 1 column of 0s, 1 column of 1s, 1 col-

umn of 0s and 1 column of 1s

Figure 6: A scatterplot illustrating the sample p oints

(chromosomes) in a Sammon mapp ed 2D search space.

Grey scale is used to show fitness, circle size to show

frequency and Hamming one neighb ours are joined

with a white line, taken from (Dyb owski, et al., 1996).

the resulting error used to correct the p osition of the

p oints in the low dimensional space. This error ev alu-

ation and correction pro cess is then rep eated until the

error converges to an acceptable minim um (figure 5).

This metho d has b een applied to GA search space visu-

alization by (Dyb owski, Collins & W eller, 1996). The

computational complexity of constructing an accurate

Sammon map is quadratic with resp ect to the num-

b er of p oints. This makes the construction of real-

world EC search spaces a large (virtually impractical)

computational overhead. However, once constructed

these mappings can b e stored as lo ok-up tables, mak-

ing the retriev al of chromosome co ordinates a trivial

task. Scatterplots of successive generations can b e

used to show the EC’s search in a structured 2 or 3D

representation of the problem space.

Like the scatterplots describ ed in the previous section,

SM scatterplots can also use p oint size to illustrate

the chromosomes’ fitness ratings. However unlike the

distribution-based scatterplots, Sammon maps repre-

sent the entire search space. Therefore, the spatial

relationship b etween p oints across all generations is

constant and the need for brushing is removed.

An additional feature used to highlight separate solu-

tions is to draw a line joining every chromosome with

all its Hamming one neighb ours in the current p opu-

lation (see figure 6 ab ove) however, in some cases this

can make the image to o cluttered.

(SSM) have b een develop ed by

the author for constructing low dimensional represen-

tations of high dimensional data sets (Collins, 1996).

This technique can b e used to pro duce a unique lin-

ear mapping for an entire search space, thus making

the comparison of spatial relationships b etween chro-

mosomes p ossible over a numb er of generations with

only linear computational complexity with resp ec t to

the numb er of p oints b eing shown.

Rather than scaling or mapping the p opulation data to

pro duce scatterplots, a matrix can b e used to illustrate

the entire search space. A new metho d prop osed for

doing this is to construct a matrix in which the Ham-

ming distance b etween any two neighb ouring p oints is

minim ised. This is achieved by constructing the ma-

trix elements an allele at a time, dividing the matrix

horizontally and vertically

, and filling each sub-section

with alternate allele. F or example, a search space ma-

trix for a four bit binary chromosome represe ntation

would b e constructed as follows (see figure 7):

However, rather than generating the entire search

space the following direct linear equation can b e used

to translate a chromosome to its co ordinate in di-

mensions:

=

Figure 7: The construction of a complete search space

matrix of a 4 bit binary dataset.

6 Discussion

TECHNIQUE GRAPHIC DA T A PROS CONS

Population

Data Matrices

Data Matrix Entire p opula-

tion data set

-Shows complete data set,

nothing is hidden

-T o o much information to absorb

Fitness vs

Gener-

ation Numb er

Graphs

Graph Best, average

and/or worst

fitness rating

-Clear comparison of fitness

ratings

-Applicabl e to all forms of

EC

-No chromosome information

Allele vs Lo ci

F requency

Matrices

Matrix Allele freq. at

each

lo cus within a

p opulati on

-Applicabl e to all forms of

EC except genetic program-

ming

-No chromosome structure (schema)

or fitness information

Multi-

dimension al

Scaling

Scatterplot Chromosomes’

distribu tion

and fitness

-Highlights separable sub-

sets within a p opulation

-No consistent spatial relationsh ip s

across generations

-Must verify rank two approxima-

tion or check the p ercentage of v ari-

ation for each generation

-Applicabl e to ECs with numerical

allele only

Sammon

Mapping

Scatterplot Chromosomes

and fitness

-Consistent spatial relation-

ship across all generations

-Applicabl e to ECs with numerical

allele only

-Quadratic increase in computa-

tional complexi ty with resp ect to

the numb er of p oints b eing gener-

ated

Search Space

Matrices

Matrix Chromosomes,

schema and

fitness

-Consistent spatial relation-

ship across all generations

-Linear mapping from chro-

mosome to co ordinate

-Highlights chromosome

schema structure

-Applicabl e to ECs with categorical

allele only (i.e. no real numb ers)

T able 1: A summary of data visualization techniques recommended for EC users.

As well as fitness and search space visualization the

user may wish to examine the make up of their chromo-

somes. The p opulation data matrices, allele versus lo ci

frequency matrices and search space matrices present

information on the chromosomes’ allele. The use of

a data matrix to show selected p opulation or chro-

mosome data provides the most fine grained view of

the data. F requency matrices are a much more coarse

grained view of p opulation allele, and using a schema

selection dialog in search space matrices allows the user

to examine sp ecific allele configurations and their con-

tribution to fitness.

Selecting which technique or techniques to use is a

decision the user must make based on the data they

are interested in.

Only visualizations suited to understanding EC search

data have b een considered here. F urther forms of SV

are also applicable to EC. Algorithm and co de visu-

alization to supp ort EC comprehension and develop-

ment, particularly the construction of problem-sp ecific

chromosome representations and ev aluation functions,

are imp ortant future applications for SV.

The representations used ab ove to illustrate p opula-

tion data i.e. graphs, matrices and scatterplots, are

based on the guidelines given by Bertin (1981). In

order to construct effective visualizations of any form

(data, software, scientific etc.) the designer must first

examine the dimensions of the data they are interested

in and then cho ose a graphic construction capable of

displaying that information.

Clearly none of the ab ove techniques shows every as-

p ect of the p opulation data, therefore a flexible data

∼

F uture W ork

Acknowledgemen ts

References

17

1

4

C-18

Gr aphics and Gr aphic Information-

Pr o c essing.

IEEE Softwar e

Intr o duction

to Multivariate Analysis.

The Visualisation of Genetic Algo-

rithms.

Genotypic-Sp ac e Mapping: Pop-

ulation Visualization for Genetic Algorithms

IEEE

T r ansactions on Systems, Man and Cyb ernetics.

Gr aphic al Explor atory Data Analysis.

The Fifth Annual Confer enc e on Evolu-

tionary Pr o gr amming (EP’96),

The T r ansp ar-

ent Pr olo g Machine (TPM): An Exe cution Mo del and

Gr aphic al Debugger for L o gic Pr o gr amming

T o-

war d a Better Understanding of Mixing in Genetic Al-

gorithms

The First International Confer enc e on Evolv-

able Systems: F r om Biolo gy to Har dwar e (ICES’96).

ACM SIGGRAPH ’83 - Computer

Gr aphics,

Journal of Visual

L anguages and Computing,

Jour-

nal of Visual L anguages and Computing,

COMPUGRAPH ’93.

IEEE T r ansactions on Comput-

ers,

Envisioning Information.

visualization to ol incorp orating these techniques and

p ossibly other user-supplied, or problem sp ecific, vi-

sualizations is recommended as a useful test to ol. A

prototyp e develop ed by the author is av ailable from

URL http://kmi.op en.ac.uk/ trevor/Viz/to ols/ feed-

back on this to ol would b e welcomed.

T o conclude, it is hop ed that the reader has gained

an intro duction to SV and how it may b e applied

to help EC users understand their search data. By

presenting such visualizations either live during evo-

lution, or p ost-mortem, the user can see the search

path taken and make informed judgements ab out the

quality of the solutions found. In the case of finding

unsatisfactory solutions, having seen the areas of the

search space that were examined the user can make an

informed decision as to which parameter or op erator

changes they need to make.

The author’s future work involves the design and de-

velopment of SV to ols to supp ort EC designers, par-

ticularly to help with the construction of new problem

representations and ev aluation functions. The author

is also interested in ev aluating the effectivenes s of vi-

sualization techniques for EC and prop osing SV design

recommendations based on the results obtained. F ur-

ther work on the search space matrix technique as a

generic data mining to ol is also planed.

The author would like to thank the Engineering and

Physical Sciences Research Council for funding this

work (EPSRC Studentship 94315065) and the mem-

b ers of the Op en University’s Knowledge Media In-

stitute who help ed comment on earlier drafts of this

do cument, particularly John Domingue, T ony Hirst,

Simon Masterton, Paul Mulholland and Stuart W att.

Bertin, J. (1981).

Berlin and New Y ork: W alter de Gruyter.

Brown, M. H. & Sedgewick, R. (1985). T echniques for

Algorithm Animation. January 1985.

p. 28-39.

Chatfield, C. & Collins, A. J. (1980).

(1st ed.). Cambridge, UK:

University Press.

Collins, T. (1993).

(MSc. Pro ject Rep ort, Septemb er 1993). De

Monfort University

, Leicester, UK.

Collins, T. D. (1996).

(T echni-

cal Rep ort No. KMI-TR-39). KMI, The Op en Uni-

versity

, Milton Keynes, UK.

De Jong, K. (1980). Adaptive Systems Design.

p.

566-574.

Du T oit, S. H. C., Steyn, A. G. W. & Stumpf, R.

H. (1986). (1st

ed.). New Y ork: Springer-V erlag Inc.

Dyb owski, R., Collins, T. D. & W eller, P

. R. (1996).

Visualization of Binary String Convergence by Sam-

mon Mapping. In L. J. F ogel, P

. J. Angeline & T.

Baeck (Ed.),

p. 377-383. San Diego,

CA.: MIT Press.

Eisenstadt, M. & Brayshaw, M. (1987).

(T echni-

cal Rep ort No. 21A). HCRL, The Op en University ,

Milton Keynes, UK.

Goldb erg, D. E., Deb, K. & Thierens, D. (1992).

(T echnical Rep ort No. 92009). IlliGAL, Uni-

versity of Illinois, Illinois, USA.

Harvey

, I. & Thompson, A. (1996). Through the

Labyrinth Evolution Finds a W ay: A Silicon Ridge.

In

:

Springer-V erlag.

Myers, B. A. (1983). Incense: A system for displaying

data structures .

(3), p. 115-125.

Myers, B. D. (1990). T axonomies of Visual Program-

ming and Program Visualisation.

p. 97-123.

Price, B. A., Baecker, R. M. & Small, I. S. (1993). A

Principled T axonom y of Software Visualisation.

p. 211-266.

Routen, T. & Collins, T. (1993). Visualisation of A.I.

T echniques. In Portugal: ACM

Press.

Sammon, J. W. (1969). A Nonlinear Mapping for Data

Structure Analysis.

(5), p. 401-408.

T ufte, E. R. (1990).

Cheshire, Connecticut: Graphics Press.