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Abstract - The paper speculates upon the development of designers concurrently negotiate these spaceseabdiy

human-centric evolutionary conceptual design systesnthat
support implicit learning through the succinct visual
presentation of data relating to both variable andobjective
space. Various perspectives of multi-objective degi
information support a constantly improving understanding of
both subjective and quantitative relationships between
variables and objectives. This information emergesfrom
cluster-oriented genetic algorithm (COGA) output aml is
further defined by appropriate data mining, processng and
visualization techniques. The intention is to suppw implicit
learning and reduce complexity through the presentdon of
differing perspectives relating to solution / objetive
interaction and dependencies. It is proposed that he
developing systems could support intuitional undetsnding of
the problem domain. Further proposed agent-basedupport
and interactive elements for the various processeare also
introduced.

|. INTRODUCTION
Multi-objective satisfaction is an inherent aspeaf
conceptual design when many initial objectives banin
evidence. Some will be quantifiable using an appab@
evaluation functions upon which the designer wiivé
varying degrees of confidence whilst others wily ieolely
upon subjective human judgement.
perception of the relative importance of these abjes
will be evident this is subject to change.

Although som

Initia

experience, assumption and intuition to locate tRmig
that satisfy requirements that appear most releaara
particular time.

The paper introduces developing approaches that
support the designer during these early investgatiof
variable and objective space. High-performance )(HP
solutions relating to a number of design objectiaes
generated and high-quality information is extracted
succinctly presented to the designer. The intanothat
such information, combined with user experiential
knowledge and intuition will support decision-maiiand
problem reformulation leading to eventual idenéfion of
high-performance solutions.  Cluster-oriented Genet
Algorithms (COGASs) [2, 3] identify HP solution reygis
relating to various objectives whilst data-miningnda
presentation techniques extract information froneseh
regions. Various graphical representations of rémilts
are under investigation and initial representatiare
included. The work follows on and complements the
interactive evolutionary design (IED) concept which
attempts to meld experiential knowledge and intaitivith
powerful machine-based search, exploration
information processing [4, 5].

Cognitive aspects relating to the described appesmc

and

jare initially discussed. COGAs are then briefly atdeed

uncertainties create a need for design search afi§fore data visualization techniques that suppdreter
exploration with regard to rather vague performancénderstanding of the complex relationships between

criteria. This will involve multiple re-ordering abjective
preferences as acceptable trade-offs are soughsatiafy
both the quantitative and qualitative goals conside
important at a particular time. As trade-offs aoeepted

many objectives may become redundant as conflicf§Presentations

disappear. Indeed, the problem itself may be nefitaited
to reduce objective conflict in order to take adege of
particular significant potential paybacks [1].
Decision-making processes therefore relate to tigh-h
dimensional spaces i.e. the variable space defiyethe
values of the constituent variables plus the ohjecpace
comprising  solutions relating to all
Understanding complex variable interactions in l&n
objective space presents great difficulty but ustderding
interactions between this space and a dependaettola
space would seem relatively impossible.

objectives.

Howeve

variable and objective space are introduced. An
experimental approach emerges which could be edilts
investigate the manner in which designer undersatgnoff
dependant design spaces can be supported by gbphic
of complex variable / objective
relationships from a variety of perspectives. Weppise
that this approach could support the designer uweldping

an intuitional map of a multi-objective design spabat

will subsequently support initial design decisioakimg.

Il. COGNITIVE ASPECTS
Much of the authors’ previous IED research has been
ased upon an intuitive understanding of designer
requirement during early design stages. Persoesigd
experience and close collaboration and discussigh w

designers from a variety of disciplines have sufgebthe
various approaches. We now attempt to position our



research in terms of cognitive science based upmm
current (and probably rather naive) understandihthe
field. It is apparent that further IED work requirenput
from this area and we welcome constructive comraent
assistance to help clarify this position.

o'successful intuitives’ are those who require vditile
information in order to achieve correct solutionSuch
people are very comfortable in their exploration of
uncertainty and confident in arriving at correctusons
whereas another sub-group, ‘cautious successegé aa

It has been shown experimentally that the regulagreater preference for structure, certainty androbmand
achievement of high performance solutions to complerequire far more information and data to arrive aat

problems through the manipulation of multiple inputsuccessful conclusion.

Current computer aidedgdesi

variables becomes far easier as familiarity witte thespecially in the engineering domain, caters piilgnéor
problem domain increases [6]. This learning procesthe latter group rather than the former. Unfortehait is

appears to be implicit as, upon interview,
participating in the experiment had great diffigulin
describing how they achieved such results. Sityilar

thosenly during the later stages of the design prodéss

sufficient data/information is available to satishoth
current computer-aided design tools and the ‘castio

has been shown that we can unconsciously recognisaccesses’. The earlier stages of design remaimlypoo

repeated patterns in data sets that support suiccesgain
tasks [7]. Again, subsequent investigation reveateat
such patterns could not be consciously detectedhby
subjects of this particular experiment even whesigithe
opportunity to extensively study the data.

The overall intention of research relating to tiDI

concept is to provide an environment that supportassociated new concepts and possibilities [9].

designer/machine interaction. Such interactioavad| the
user to explore multi-variate problem space andi¢ov
complex relationships from a variety of perspeaiv@he
intention is that this approach will support suafiplicit
learning and that some proportion of a developmglicit
learning capability would be transferable to othesblem
domains. In other words, designers using thisractéve
search and exploration approach would become intigre
better at handling high-dimensional problem domains
Although anecdotal, the first
experience of the capability of human scheduletsatadle
far greater dimensions of information that woulceree
possible in order to achieve a satisfactory scteedppears
to support the implicit learning concept. It seeapparent
that experiential knowledge and the possibly uncious
recognition of subjective constraints and objedipiys a
major role in this problem-solving process. Ifstlis the
case, computer-aided conceptual design systems
support implicit learning could represent a newrapph.

author's  personal

supported by much of the powerful

capability available.

In order to support intuitive creativity it is essial that
fresh perspectives are presented to an existingriexgial
body of knowledge. Such perspectives allow thegies
to escape from well-worn paths of thinking and xplere
&jom
contributing element is the time available to explo
alternatives and discover and develop new concepis.
order to satisfy the requirements of budgets aradilitees
it is essential that the designer can rapidly accigerse,
high-quality information. Various developing aspedf
the IED approach are attempting to support thislogity
through the powerful search and exploration cajiggslof
evolutionary computation allied with data-mining dan
agent-based data processing.

The above conjectures seem to also be supported by
findings in neuroscience where familiar routinealgtical
tasks cause high-levels of neural activity.
identification of problem relationships appearstutilize
relatively well-defined regions of the brain in anscious
process. Conversely, less routine, but relatedieeetasks
cause lower, more widespread neural arousal aictiyat
greater range of neural clusters from which sohgio

tiegapear to unconsciously emerge [10]. Our undedgign
from this is that areas of the brain can be prinbgd

computational

The

Such systems may allow the development of an dverappropriate learning from concentrated, routind&saand

capability to unconsciously handle far more dimensiof
information  whilst consciously manipulating
attempting to understand those of prime importaicany
particular moment.

This is a very different approach to that of atténgto
understand complexity via mathematical

that insights, intuition and creative concepts earffeom

andseemingly unconnected links whilst we unconsciously

‘surf what we already know. Again, there is a
requirement here for external stimulation (perh&psn
diverse problem perspectives) to provoke changegih

analysisestablished neural pathways in order to identifykdj

Although some would find such analysis the best wagssociations and novel ‘solutions’.

forward others may find it restrictive in that ihannels

It is hoped that the further development of systems

thought and lowers the probability of innovationdan similar to those described in the paper would séem

discovery from seemingly unrelated sources

information. Although some designers would be famren
comfortable with a more deterministic methodologiyens
may prefer a more holistic approach especiallyriuthe
early stages of design where intuition can play agom
role. Westcotts’s work [8] relating to intuition érsub-
groups of people
information to solve problems appears to suppast tHis

ofupport the cognitive aspects identified in thistisa. It is
intended that, initially, the developed systemsl viié
utlised in an experimental manner to further clarifany
of the aspects discussed above.

Ill. COGAs AND THE BAE SysTeEMs MINI CAPs MODEL

requiring differing amounts ofCluster Oriented Genetic Algorithms were developred

the early 1990s to provide the means to identifghhi



performance (HP) regions of complex conceptual giesi
spaces and enable the extraction of informatiomfsoich
regions relating, initially, to solution sensitiyif2, 11].
COGA:s identifies HP solution regions through theliop
adaptive filtering of solutions generated by a dene
algorithm [12]. Further work resulted in severafiations
of COGA and also identified and illustrated the meamin
which the COGA approach can be utilised to generate
highly relevant design information relating to dag
multi-objective and constrained problem domains [i4g.
COGA comprises two primary components: the diverse
search engine which utilises a genetic algorithmearch
the design space identifying regions of high penfamce
relating to a particular objective and the adaptiver
(AF) which extracts and stores information relatinggach
identified region. The Adaptive Filter (AF) copidsgh
fitness designs from the evolving population to Eieal
Clustering Set (FCS). The user can vary the sgvefithe
filtering mechanism in order to identify regionsnging
from succinct groupings of very high performance
solutions to larger regions of high and lower perfance
solutions.  Sufficient regional set-cover (in terro$
number of solutions) can be achieved to allow Siicpmt
qualitative and quantitative design information be
extracted. COGA development and application hanbe
well documented and is widely referenced within tivet.
Many of the COGA and IED papers referenced can lnew
downloaded fromhttp://www.ad-comtech.co.uk/Parmee-
Publications.htm

Table 1: MiniCAPS Input Variables
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Figure 1b: HP region for ATR 1

1. Climb Mach
Number (CLMN)

4. Gross Wing Plan
Area (GWP)

7.Wing Lead Edge
Sweep (WLES)

2. Cruise Height
(CH)

5. Wing Aspect
Ratio (WAR)

8.Wing T/C Ratio
(WTCR)

3. Cruise Mach
Number (CRMN)

6. Wing Taper
Ratio (WTR)

9. By Pass Ratio
(BPR)

80

%

Earlier IED research has utlised the BAE Systems
MiniCAPs model, a simplified version of the British
Aerospace CAPS (Computer Aided Project Studiedk sui
of preliminary design models for the early inveatign
stages of military aircraft airframe design. MiniE8 was
initially developed for research purposes relatingthe
development of the IED concept. It comprises nine
continuous input variables and twelve continuoutpwiu

Gross Wing Plan Area (m

3.75
Wing Aspect Ratic

Figure 1c: HP Region for SEP 1

parameters. MiniCAPssubroutines calculate properties N.B. Colour versions of figures within the docurhean be

relating to criteria such as performance, wing getom
propulsion, fuelcapacity, structural integrity etc. Input
variables are listed in Table 1.

found at: http://www.ad-comtech.co.uk/cogaplots.htm

utilized in the search process. This projectioowad the

designer to visualize the HP regions, identify thmiunds

IV. IDENTIFYING HIGH-PERFORMANCE REGIONS
RELATING TO DIFFERING OBJECTIVES
Figures la, b & c show HP regions comprising sohgi
from the FCSs relating to three of the twelve map€
objectives: Ferry Range (FR), Attained Turn Rat&@RA)
and Specific Excess Power (SEP1) projected onto
variable hyperplane relating to two of the nineafales

and subsequently reduce the variable ranges asilubsc
in previous papers [1,4,13].

The projection of a number of HP regions relating t
different objectives onto the same variable hyperplas
shown in figure 2 has also been previously illusalg4, 5,
E8]. The degree of objective conflict immediatecbmes
apparent to the designer i.e. the emergence oftaathyu



terminated by a whisker at the maximum or minimum
value of the variable. The colour-coded box ptetate to
each objective (i.e. SEP1, ATR1 and FR). The media
marked within the box and the box extends betwéen t
lower and upper quartile values within the variabé.
This Parallel Co-ordinate Box Plot (PCBP) clearly
visualizes the skewness of solution distributiolatieg to
each objective in each variable dimension. Diffgri
degrees of skewness provide an indication of tlyeedeof
conflict between objectives.
For instance, it is immediately apparent that hikeé
objective boxes largely overlap in the case ofaldss 1,
- - 2, 3, 6 and 9. However, significant spatial differes in
the distribution of the boxes are evident in teohat least
20 : : : : - : one objective where variables 4, 5, 7, and 8 aneamed.
1.50 2.62 3.75 4.88 6.00 Referring back to Table 1, variables 4 and 5 ares&r
Wing &spect Ratic Wing Plan Area and Wing Aspect Ratio. The conflict
Figure 2: All HP regions projected on to GWPA/WAR  petween SEP1 and FR / ATR1 evident in figure 2 is
variable hyperplane strongly reflected in the HP solution distributimlicated
by the whisker truncation of variable 4 in figureaid in
inclusive region of HP solutions relating to theRTrand  the box plots of that variable. In terms of valéab the
FR objectives indicates a low degree of conflictevéas \whisker terminations relating to ATR1 and FR inufig 3
the HP region relating to SEP1 is remote (in vdeiab reflect the extent of the solution distribution @&s their
space) to both the ATR1 and FR HP regions indigatin HP regions in figure 2. The box plots also refléue
high degree of conflict. The Adaptive Filteetting has relative distribution of HP solutions of all objaets along
been kept constant across the COGA runs relatirgéh  that variable plane as illustrated in figure 2.
objective. Figure 4 shows a projection of the ATR1 HP region
It is apparent that there is a deal of informatiorynto the Cruise Height (v1) and Climb Mach No (v2)
contained in the FCS solution sets relating to appate  variable hyperplane. Again, the relatively uniform
variable ranges for single objectives, degree offlm gijstribution of HP solutions across the hyperplase
between multiple objectives and the emergence angflected in the appropriate variable plots of figG.
definition of mutually inclusive regions. Althougbuch  Eytensive variable attribute relevance analy§k6]
graphical representation provides an excellent i@pat jjjising the COGA-generated HRIstions has been
indication of the d_egree_ of confll_ct, having to mia carried out in addition to standard skewness cafionis to
through all tWO. dlmen.smn.'al variable hyperplanes tQ/erify the visual information available in the PCEBFY].
visualise such information is not a feasible apphoa Variable attribute relevance nalysis quantifies the

Recent research has resulted in graphical repsmm . . . .
that can present all objective data whilst provideasily relevance of an attribute (i.e. variable) with estp

utilised links to other visual perspectives. Theapial co- {0 @ given class or concept by measures such as
ordinate box plot representation shown in figuris ®ne  information gain and Corre!atlon CQ'eﬁ|C|Qnt- Usin
such graphic that provides a central repositorytaioing  the above procedure the information gain of each

Gross WIng Plan Area (mz)

Eangs=(Rf=1.0)
------- ATR (Rf=1.0) N
— — -2BEP (Rf=1.0)

much relevant single and multiple-objective infotima. variable is calculated and variables are ranked in
terms of the degree of effect they have acrossé¢he
V. PARALLEL CO-ORDINATE BOX PLOT of objectives. The resulting ranking identifies

Parallel Co-ordinate representation [15] displayhe yariaples 4, 5, 7 and 8 as those variables to wiieh
variable dimension vertically parallel to each othe gpyiective set is most sensitive. Skewness analysis
Points corresponding to a solution’s value of Watable 5o, ¢onfirms the visual information available e t

can then be plotted on each vertical variable diis.thus . . .
possible to show the distribution of solutions linvariable plot.  Further details of this work can be found in

dimensions and the correlation between differentl7]- Skewness analysis also confirms the visual
dimensions. A combination of Box Plot representatind  information available in the plot.

Parallel Co-ordinates is shown in figure 3. Thetigal

axis of each variable plane is scaled between thexmam VI. UTILISING PCBPINFORMATION

and maximum value of the variable found in the FES Taking into account the information available wittthe
each particular objective i.e. the length of theisax PCBP with regard tamulti-objective (MO) space the
represents the normalized ranges of variable valtesent  designer can:

in a HP region. If the HP solution set does noteedt i) Rapidly identify variables which least affectliion
across the whole of the variable range the axis igerformance across the full set of objectives (hese
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Figure 3: Parallel Box Plot of solution distributi@f each objective across dimensions. Colour glatilable at: http://www.ad-

comtech.co.uk/cogaplots.htm

variables where the full axis relating to each ofie
largely overlap e.g. 1, 2, 3, 6, & 9).

i) Further identify where minimum objective comdfliis
evident (i.e. where box plots relating to each dibje
largely overlap).

iii) Rapidly identify which objectives conflict whh is
evident from the diverse distribution of box plat®ng
some axes.

iv) View those related variable hyperplanes whameflict
is evident in order to see a different perspectifehe
spatial distribution of the objectives’ high-perfmance
regions (as illustrated in figure 2).
hyperplanes will be driven by simple clicking opéras
on selected variable axis.

Access tochsu

assumption. The working principle of COGA for altiau
objective problem is different to that of standdtdreto
dominance based evolutionary MO algorithms [18]e Th
principle of COGA is to generate as much informatas
possible concerning high performance regions rejato

various objectives within a problem space. Using a

standard multi-objective GA (MOGAS) it is possikie
obtain solutions lying upon the Pareto front bificlilt to
explore the relationship between variable and thjeative
space. COGA identifies high-performance MO sohsio

v) View projections of high-performance regions on

objective space as shown in figure 5.

vi) View approximate Pareto frontiers generatedan the
non-dominated sorting of HP region solutions asashim
figure 6.

The development of the graphics supporting actisi(iv)
and (v) are now described in the following section.

VII. ComPARING COGA AND MOGA OuTPUT
If we take the FCS solutions and the identified oom
region solutions for ATR1 and FR (see figures 1 &gy
plot them in objective space the distributions show

Figure 4: Comparison of a projection of resultsoont /
v2 variable hyperplane for Attained Turn Rate obje

that may offer significant utility and satisfy cently

figure 5 emerge. We have always assumed a refdipn perceived multi-objective, interdisciplinary recgrinents.
between the solutions in the FCSs and a Parettidraand  Many of these HP solutions may not be availabla ivon-

the outer edge of the plot would seem to suppdg thdominated Pareto set. A direct mapping also exists



Figure 5: Distribution of HP and common region $olns
objective space (FR aATR)

between variable and objective space allowing desg)
with differing requirements to further investiggtarticular
characteristics of any HP solutions. The identifara of
multi-objective HP regions whilst also identifying
approximate Pareto frontiers through on-line non-
dominance sorting of solutions within them offelse t
combined advantages of COGA and MOGA approaches.
The COGA capability to generate an approximated
Pareto front relating to the objectives under itigasion
in addition to HP solutions around the Pareto feanhas
been further investigated [17]. Comparison has beade
to output from the Strength Pareto Evolutionarydkithm
(SPEA) [19]. SPEA has been shown to perfornb
comparatively well against other evolutionary Paret
approaches [20]. The SPEA-II algorithm has beeliseati
to generate Pareto fronts for the objectives SEAR1
and FR.
Figures 6a, 6b & 6c¢ illustrate the distribution@DGA
output and SPEA-II output in objective spaEé&ures 5b
& 5c¢ show the conflicting relation between the afijees
ATR1 and SEP1 and between objectives FR and SEP1.
Figure 5a shows complete approximate COGA cover of
the SPEA Pareto front for objectives FR and ATRihfer
indicating less conflict between them.
Figure 7 shows that COGA can provide a good
approximation to the non-dominated front identifibg
SPEA-II. This figure also shows how conflict betwabae
objectives can be reduced by lowering the adaptiter
threshold. The COGA solutions in figure fave been
obtained by identifying the non-dominated solutiomshe ¢
ATR1 and SEP1 final clustering sets. The darkem-no Figure 6a. Distribution of solutions for objecti®dR1 and FR
dominated solutions are from the FCSs generateld avit against SPEA-Il Pareto front _ )
higher adaptive filter threshold whereas the lighten- Figure 6b._ The distribution of solutions for objeet ATR1 and
dominated solutions have been generated using arlow>C agaw;_sr: SE.EATS Raretoffrolnt._ for obiget ATR1. and
filter threshold. It is clear from the figure thay lowering Sggrle c. he |str|_ ution of solutions for objeet an
. o . . . against SPEA-II Pareto front.
the filter threshold it is possible to obtain a tionous
Pareto front. The front only breaks down with acréase



in adaptive filter threshold severity indicatingethonflict
between the objectives in a high information gaaniable
space e.g. GWPA(variable 4) and WA (variable 5hisT
confirms earlier results relating to the identifioa of

supplement designer interaction with the systemuchS
activity may relate to for instance data processilegigner
interrogation and / or the provision of textual mev
Appropriate agency should reduce the amount of

mutually inclusive HP regions relating to all threeinformation presented to the designer thereby reduc

objectives through the relaxation of the adaptiiterf
threshold in the COGA run relating to SEP1 as shawn
figure 8.

Figure 7. Comparing Pareto front of SPEA-II withathof
COGA for low and high AF threshold

Figure 8: Emergence of a mutually inclusive region
relating to all objectives through the relaxationtloe
adaptive filter setting in the SEP COGA run

As has been previously stated, this filter relaxatiwhich
allows lower performing solutions to enter the SHiRal
clustering set, is analogous to lowering the imgce
(preference / weighting) of the SEP1 objective.

VIIl. FUTURE RESEARCH - AGENT-BASED ACTIVITIES

cognitive load and allowing greater concentratiqgromu
primary design characteristics. Agent activity most,
however, reduce designer interaction with the syste
terms of search and exploration to the extent that
‘hands on’ and implicit learning aspects are distied.
Agent activity should enhance rather than replace
understanding by improving clarity and revealinfjedting
perspectives whilst minimising more mundane taakf)

the designer.

Many activities could benefit from agent suppoFRor
instance, identifying the degree of filter relaratirequired
to overcome objective conflicts. Only three of pgassible
twelve miniCAPS objectives have been involved ie th
research presented here. Several more objectiiedevi
involved in an objective preference determinatigereise.
Such an exercise will be human-centred with a diggree
of agent support. Previous negotiating agent wai
provides an initial basis for this interaction tarther
discover objective relationships and identify ‘best
compromise regions that satisfy all objectives. The
approximate Pareto frontier generation from COG#pati
may also provide support in the determination géctive
preferences and ranking. This overall interactvecess
in itself is likely to provide extensive and sigo#nt
insight relating to overall design characteristicsl future
direction.

The entire IED concept revolves around the meldihg
machine-generated high-quality design informatioithw
designer experiential and arising knowledge andition.
Any resulting user development and / or reformolatof
the design problem therefore represent an integrai
this knowledge and intuition. A degree of inherent
knowledge capture is therefore evident in subsequen
search and exploration of the reformulated spackthe
designer / machine loop is closed as further higglity
design information is generated. It is proposedlt th
degree of machine-learning is inherent in this icycl
human / machine interaction. A major objectiveths
appropriate development of multi-agent based systéat
can identify primary characteristics of this captiir
designer knowledge. Semi-autonomous interpretediah
utilization of these characteristics (i.e. with ugeidance
and support when necessary) will greatly suppog th
understanding of design complexities in furtheratee
user / machine interactions.

IX. CONCLUSION
It is apparent from previous research and the rekea
presented here that COGA generated data can provide
visual representations in variable space of theaategf

Data mining procedures described in previous SeStio conflict between objectives and excellent spatial

could provide sufficient information to an agentéd

indications of the distribution of high-performance

system to support a degree of autonomous actidity &ojytion regions relating to a number of objectives is



also apparent that the COGA HP solution sets, when evolutionary design environment,” Evolutionary

projected onto objective space provide the desigvitr
an opportunity to explore a wealth of HP solutighat

offer varying degrees of objective compromise and
variety of design characteristics. The non-domiean

sorting of these solutions also provides an appmaté
Pareto frontier illustrating succinct available deezoffs.

The direct mapping of solutions between objectivel a [7]

variable space facilitates an understanding ofrétative
utility of solutions in terms of preferred variabtanges
and particular design characteristics.

The PCBP of figure 3 offers a first point of caik fthe
designer to get an overview of the varied inforomati
available from COGA output. The intention is thhe
other graphical perspectives will be available tigio
simple menu / clicking operations from the cen®&BP
image. These differing perspectives are seen sental
aids to understanding overall complexities relatiaghe
two dependant design spaces.

The graphical representations are experimentahiat t

point in time and other alternatives are under ipraent.
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