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Design, Analogy,
and Creativity

Ashok K. Goel, Georgia Institute of Technology

THAT DESIGN CAN BE ROUTINE,
innovative, or creative, has become a st
dard cliche among researchers building
theories of design. Whether or not this is
especially productive classification ¢
design processing, the cliche indicates t
innovation and creativity in design a
important research topics. That analo
plays a central role in innovation and cr
ativity is another common premise amo
Al in design researchers. Whether or not ¢
rent theories of analogical reasoning lead
creative design, this premise has dra
increased attention in recent Al research
creative design.

In briefly reviewing recent research o
analogy-based creative design, this arti
first examines characterizations of creati
design and then analyzes theories of ana
ical design in terms of four questionghy,
what, howandwhen After briefly describ-
ing recent Al theories of analogy-based ¢
ative design, the article focuses on three {
ories instantiated in operational comput
programs: Syr,Dssu& and Ideaf From
this emerges a set of research issues in g
ogy-based creative design. The main g
here is to sketch the core issues, themes,
directions in building such theories.

an-

ESIGN

ANALOGICAL REASONING APPEARS TO PLAY A KEY ROLE IN
CREATIVE DESIGN. THIS ARTICLE BRIEFLY REVIEWS RECENT Al =
RESEARCH ON ANALOGY-BASED CREATIVE DESIGN BEFORE

ENUMERATING A RELATED SET OF RESEARCH ISSUES.
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ngreative design domain. Several investigators have classifig
ur- design processing in terms of problem-spag
to Al characterizations of creative design tengearch in this way:
wto be of two kinds. The first begins with a gen-
oaral theory of information processing and them
delimits routine, innovative, and creative
ndesign in the terms of the theory. Allen Newegll
cland Herbert Simon’s theory pfoblem-space| *
veearchs a very general theory of human infar-
ogration processingln this approach, design-  innovative; and
ers solve problems by searching in problem if the design variables and the range g
spaces, where a problem space is abstractly values both change, the design is creativ;
edefined by the reasoning goal and by domain
h&nowledge in the form of operators that enable The second kind of characterization arise
espace search. This theory can, and has, senfeam specific Al theories of design. The Al in
for modeling design processing. It specifieslesign theorist posits a computational prg
ndile reasoning goals as part of the desigress for a kind of design activity, and the
pakquirements that express design variables|adelimits routine, innovative, and creative
aspecific ranges of values they can take; theesign in the terms of the theory. For exam
operators are specific to the particular desigple, David Brown and B. Chandrasekara

(0]

if the design variables and the ranges ¢
values they can take remain fixed during
design processing, the design is routine;
if the design variables remain fixed but

the ranges of values change, the designjis
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describe a computational theory of routinghe Al in design research community: ana P,.,,can be subproblems of the same desig
design based on the notiondasign plan$ | logical design involves reminding and transproblem. This is the familiar distinction
This theory uses a structure-substructurier of elements of a solution for one desigmetween cross-problem and within-problen

hierarchy to aganize skeletal design plansproblem to the solution for another desi
for the object to be designed. Designing @roblem, where the selected design elem
particular instance of the object—a particucan be components, relations between-c
lar air pump with specific dimensions, forponents, or configurations of compone
example—involves selecting, instantiatingand relationsThat is, given a problef,,,
and expanding the design plans. Brown furand a (partial, possibly null) soluti&je,,for
ther proposes a classification of design-prdP,,e,, analogical reasoning involves retrie
cessing based on this thedry: of a familiar problentP,; from memory with
a solutionS,;4, and transfer of selected el
if the designer knows both the structure ofments fromS, ;4 to Sew

the design space (the structure-substructure Let's examine this characterization fro
hierarchy of the object) and procedures fothe perspective of analogy-based creat
systematically searching the space (thdesign. It is productive to ask four questi
skeletal design plans), the design is routinén analyzingAl characterizations and the
if the designer knows only the structureies of information-processing phenome
of the design space, the design is inn v

e dos T

if the designer knows neithehe desigr
is creative.

ANALOGICAL DESIGN IN-

VOLVES REMINDING AND
TRANSFER OF KNOWLEDGE
ABOUT ONE DESIGN SITUATION
TO ANOTHER, WHERE THE
TRANSFER CAN OCCUR IN THE
SERVICE OF ANY DESIGN TASK

Three implications follow from these che
acterizationsThe first characterization su:
gests that problem formulation and reforn
lation are integral parts of creative desigr
designets understanding of a problem ty|
cally evolves during creative design proee
ing. This evolution of problem understan
ing can lead to (possibly radical) change:
the problem and solution representations

The second characterization suggests 1at
in creative design, knowledge neededto d IN THE NEW SITUATION.
dress a problem typically is not available n
a form directly applicable to the problem.why, what, howandwhen In the context of
Instead, at least some of the needed knowhnalogical design, thehyquestion pertains
edge must be acquired from other knowledge thetask(or the goal) for which analogy i

in

sources, by analogical transfer from a
ferent problem, for example.

Both characterizations indicate that
ativity in design lies on a continuuifhat is,
creativity in design can occur in degre
where the degree of creativity depends on
extent of problem and solution reformulati
and the transfer of knowledge fromfdient

ifused—for example, the task of proposin
candidate desigithewhatquestion pertains
eto thecontent of knowledgthat is trans
ferred—for example, transfer of knowledg
sof the heat-flow process from one design
theation to anotheThehowquestion pertains
no themethodgor reminding and transfer
where a method uses specific kinds of kro

knowledge sources to the design problem.edge representations, inference mechanis
and control strategies. Finallyhe when
guestion pertains to strategic control ofp
cessing. Clear|ythe four questions are cles
ly interrelated.

Recenfl research on creative design has If we ask these questions about the tra
explored the use of analogies in proposintional characterization of analogical desig
solutions to design problems in the desigthe characterization appears too nartosth
process conceptual phasthis focus on the in terms of what can be transferred and w
use of analogies in proposing candidate dét can be transferred. (This characterizat
signs appears to be a result of the traditignalso implies thaP, 4 andP,, are diferent
characterization of analogical reasoning| imlesign problems. But, in gener&},4 and

Analogical design

ranalogies sometimes made in the literatu
nté analogical reasoning)
m
t&Vhy? This characterization implies that ana
logical reminding and transfer occurs in-ser
vice of generating the solutids,, to the
alesign probleni,.,—that is, in service of
proposing a candidate design, modifying a|
initial design, and completing a partial
design. But there is no principled reason t
mlimit analogies to these design tasks. Desig
ivespecially creative design, involves a vari
nety of other design tasks, such as interpre
ing and elaborating the design problem
adecomposing the problem, anticipating po
tential dificulties with a candidate solution,
refining a candidate design, evaluating aca
didate design, interpreting the evaluatiof
information, and reformulating the problem
Analogies, in general, can help addrasg
of these design tasks. (The Kstem, for
example, uses past cases for the task ofintg
preting a design problef).
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What? The answer depends in part on th
design task being address€he earlier char
acterization of analogical design implies tha
the content of knowledge transfer is in the
form of design elements—for example, com
ponents and relations between componen
This kind of knowledge transfer seems apprg
priate for the tasks of design proposition, mod
ification, and completion. For other design
tasks, howeveranalogies can result in the
s transfer of diferent kinds of knowledge—for
gy axample, the transfer of knowledge of famil
iar design problems for the tasks of interpre
ing and reinterpreting a new problem, an
jeknowledge of criteria and methods of evalu
sitating familiar designs for the task of evatuat
ing a candidate solution to a new problem. |
addition, for any of these design tasks, th
witransfer can take the formstfategic knowl
nmejgenstead of domain knowledgehe trans
fer of a method for problem decomposition i
obut one example of this kind of analogihe
e transfer of a design strategy in the form of
task structure is a more general example.
di For all these reasons, we can generaliz
nthe traditional characterization of analogical
design into an initial characterization like
hthis: analogical design involves reminding
oand transfer of knowledge about one desig
situation to anothemwhere the transfer can
occur in the service of any design task in th
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new situation, and the content of the trans
can be knowledge of a design problem, sg
tion, domain, or strategy

How? This question concerns methods f
reminding and transfeFhe answerin gen
eral, depends on the answers to the why
what questions about a design situatidre
method for analogical transfer in design, f
example, might depend both on the des
task and the transfarknowledge content.
Case-basedeasoningprovides one gen
eral answer to the how question. Given apr
lem P, the designer is first reminded of
familiar problemP,4 with a solutionS,q,
whereP, 4 andP,,o,are so similar the,q is
an approximate solution fét,.,, Then, the
designer modifies selected componenin
to obtain a candidate soluti®je,, for Pnew
Thus, in case-based design, the entire soli
Syq is transferred t&,eyand modified to fi
the specifications oP,.,, Case-based re
soning, therefore, appears to be a limiting «
of analogical reasoning in which the ques’
of what to transfer degenerates into the g

tion of what to modifyThe case-based st :

egy, nevertheless, fits many tasks in vari
design and some tasks in adaptive des
(Pahl and Beitz provide characterizations
examples of variant and adaptive design.
The case-based reasoning literature ¢
distinguishes between transformational
derivational analogif In transformationa
case-based reasoning, the soluBiggtor Pyq
is modified to obtain the solutio®,e,, for
Pnew The modification knowledge typical.

fdElsewhere, | sketch an early theory of usi
lumodel-based methods for design mod#ig
tion in case-based desigtLindaWills and
Janet Kolodner discuss some issues inpl
oing traditional case-based reasoning towa
innovative desigA?)
andThe literature on analogical reasoni
sometimes distinguishes between with
odomain and cross-domain analogiéA
gdomain can be characterized by the obje
relations, and processes that occur in
Design domains such as engineering, ar
obbecture, software, and interface design clez
ainvolve different kinds of objects, relation
and processes. But from the viewpoint
building Al theories, whether two desig
domains are very d#rent, quite similaror
identical depends on the language for rep

inn

se  ANALOGICAL TRANSFER
. REQUIRES THE USE OF

GENERIC ABSTRACTIONS,
Tn. WHERE THE ABSTRACTIONS
nd

TYPICALLY EXPRESS THE
em RUCTURE OF RELATIONSHIPS
"d BETWEEN GENERIC TYPES OF
OBJECTS AND PROCESSES.

néems, S q is unlikely to suggest changes tq
athe variables characterizifye,,

In general, analogical transfer requires th
Ishse ofgeneric abstractionswhere the ab
rdsgractions typically express the structure g

relationships between generic types of oh
ndects and processeBhe analogical reasen
ning literature inAl, 15 cognitive psychologi?
and cognitive scienédé suggests that the
ctgeneric abstractions are not merely abstra
itions over features of objects, but that the
chtapture the relational structure among objec
arlgnd processes. In the context of desig
5, generic abstractions might specifyr exam
ople, the structure of geometric, topological
ntemporal, causal, and functional relation
among design elements. Generic desig
rabstractions might also specify the structur
of goals and methods in a design strateg
This implies that the learning of generic
design abstractions is another importan
process in analogical design.

For this reason, we can specialize the in
tial characterization of analogical design like
this: analogical design involves learning an
transfer of generic design abstractions fron
one design situation to anotherhere the
generic design abstractions specify the stru
ture of relations among the elements of
design problem, solution, domain, or strategy
and where the transfer can occur in the servi
of any design task in the new situation.

When? This question pertains to the strate
gic control of processingrhe learning of
generic design abstractions provides a goc

is associative, and often is based on domaisenting the objects, relations, and processeaBustration of this issue. Generic design ab
specific heuristics. In derivational case-baseBrom this viewpoint, the design domains [oktractions can be learned at storage tim

reasoning, the trace of problem-space se

rahmechanical and electrical engineering

revhen the designer stores a new design in t

that led to the solutio, for P4 guides the| very different if one uses dédrent represen| design memony his is an example of “eager”

adaptation 0f3,,4. Although both method

tational languages for them, or similar if ondearning in which abstractions over known

have been tried in design, they have met gnlyses the same languaéhether arhl the- | designs are learned as soon as new desi
limited successAssociative methods for ory of design can use the same representenowledge becomes available.

design modification appear adequate at

esbnal language for two (apparentlyfdifent)

Alternatively, learning might occur at

only for variant design in weakly interactingdomains depends on the level of design detaiktrieval time, when the designer is reminde
domains, and processing traces of design gen Again, the answer to ti®wquestion pre | of a known designAs yet another alterpa
eration by space search typically are not avaivided by case-based reasoning seems limiteigte, learning might occur at problem-solving
able in practical design. Instedd,in design | to design situations in whidR,q andP,e, | time, when the designer transfers knowledg
research appears to have led to a third framare so similar that all d&,q can be trans| from one design situation to anotliEne lat
work for case-based design that useslel- | ferred toS,e,and selectively modified to fit ter two are examples of “lazy” learning, in
based method®r design modification and P,, What happens whel, 4 andP,,are | which abstractions are generated whe
other subtasks spawned by the case-basedt quite so similar? For example, whathapneeded. Clearlydifferent answers to the
strategy The model-based methods useens ifP,4andP,.,are problems from twa when question about this learning result i
“deeper” design knowledge—for example different design domains in that not all thedifferentAl theories of analogy-based ere
knowledge of the topology and teleology pfobjects, relations, and processes in the twative design. In addition, the tkfent an
Sig- (The article by Mary Lou Maher and domains are identicallhis question relates swers to this question might imply ftifent
Andrés Gomez in this special double issudirectly to the issue of creativity in design:answers to the questions of what get
presents an overview of case-based dedignif P,y andP,.,are almost identical preb| abstracted and transferred and how
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Three theories of analogy-
based creative design -+ —

I have selected three theories to focus g
that exemplify recent work on analogy-base
creative desigrThe three theories are instan
tiated in operational computer systems calleFigure 1. Analogical design of a sliding door in Dssua.
Dssual? Ideal#181%and Synt Dssua was
developed in the early 1990sAwstralia,

Ideal in the early to mid-1990s in the US, andalue feature representation to a graph-b

s&ksign prototypes as generic abstractions.

analogy-based creative desigiesign po-
totypesn the case of Dssudesign pattern
in Ideal, anddesign concepis Syn.

design problems within the context of archi
g@dctural design—for example, designing a

Design concepts as generic abstractions.
Katy Borner Eberhard Pippig, Elisabet
Tammer and Carl Coulon describe a mo

tion process is based stiuctural similarity
between the problem and the concepts,

Dssua stores knowledge of familiar-de
reigns (such as window curtains) in the form
. of design pototypeswhere a design proto

model.The system represents the structure
in an FBS model of a design prototype in the

outlets, and possibly some pipes connectingraph-based representation of the new desiglonents and relations in a particular desig
them. Initial problem specification takes thesolution into the attribute-value representainstanceAs an example, the structure graph
form of attributes and values that express thigoon. At this stage, the system can change tHer the design prototype of window curtains
coordinates of the access, outlets, and pipeénensions of the pipes in the candidatenight specify components such as wingdo
in a fixed grid, together with other featuresdesign to meet the specifications of theod, rings, and curtain; and relations such as
Syn generates candidate designs that specifgsign problem. “the rod is screwed to the windgwWrings
all the aircirculation pipes that connect the Syn is a very simple theory of analogicaklide along the rod,” and “the curtain is linked
access and the outlets. Syn also represgmissign. Its innovation appears to be quitéo the rings.” Dssua represents the behavior
the candidate designs in the form of coerdimundaneThe basic process classifies theas a directetiehavior graptihat, in addition
nates of the main access, outlets, pipes, agizen design problem into a library of storedo the structure, also specifies the directio
interconnections in a fixed grid. design concepts that express topological padf causal influence among the variables €har
Familiar aircirculation designs in Syn are terns, retrieves the best matching concepécterizing the componeniBhe bottom half
represented agaph-based topological med and instantiates the concept in the context aff Figure 2 illustrates the behavior graph fo
els In the graph-based representation, thine problem to generate a candidate solutiothe window curtain. It specifies, for exam
main access, the outlets, and the pipe inteByn does not abstract any concept from gpele, that the area covered by the curtain
connections are the nodes, and themau- | cific designs; instead, it assumes the librardirectly proportional to the distance between
lation pipes are the link¥he graph-based of design concepts as given. In addition, ithe sliding rings on the rod. In the terminol
design representations argamized in atree leaves the tasks of evaluating a candidategy of Ideal, one might view Dsssalesign
of design conceptsvhere a design conceptdesign and assimilating the evaluation irforprototypes aslesign patterns with physical
corresponds to a (hamed) maximal commomation entirely to the human desigriduch | structure.
subgraph between the designs under the coof the power of the system apparently arises A design problem for Dssua is specified
cept. Using Idead terminology one might| from its oganization of the library of desig
view SYN's design concepts #&zpological | concepts and its ability to transform a prgbgraph for the problem of designing a door
design patterns lem specification from its initial represent
Syn uses aompileoperator for convert| tion to a representation that enables reminddoor frame, hinge, and door) and the eom
ing a problem specification from an attributeing and instantiation of design concepts. | ponent relations (hinges screwed to the
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Screwed Screwed

Door Hinge Door frame
gq';rif; change gq.orgg;non d: fixed position transfer The representational structure itself
o open_angle (+) a: angle (+) depends on the representatl_onal vocabulal y
- The system represents design prototypes |in
L L ) . the language of FBS models, and the struc
i j ture of the representation of a prototype thus

depends on the FBS vocabularierefore,

d: fixed much of the power of the system apparentl
position arises from its uses of generic abstractions
the form of design prototypes, its represen
tation of design prototypes in the form of
FBS models, and its ability to abstract causal
dependency graphs from FBS models at
transfer time.

This kind of analogical transfer introduces
new variables into the initial solution for the
Figure 2. Mapping between behavior graphs in Dssua. given design problem. For example, in the

case of initial door design, transfer of knewl

edge from the window-curtain prototype
frame, door screwed to the hinges) of an-ordmorphic. Therefore, the system abstractsntroduces the variable of sliding motion in
nary doorThus, the problem representatiordirected dependency graphs that represetite design of the dodrhus, given our char
specifies both the problem (design of a dopausal dependencies among the design vascterization of creative design, Dssua is a
and an abstract solution for it (the ordingryables but do not specify particular structuratreative design system.
hinged door). Given the structure graph af aomponents or relations among them. In the
design problem and the initial solution for jt,case of our running example, Dssua abstradBesign patterns as generic abstractions.
Dssua uses the structure graph as a probe imtadependency graph from the behavior gragh my research group, Sambasiva Bhatta has
its library of design prototypes and retrievegor the door design, which specifies that theleveloped a computational theory of ana
astructurally similardesign prototype. In the angle of openness is directly proportional tmgy-based creative design callewbdel-
door design example, it retrieves the desjgthe degree of rotation. Similarly abstracts| based analogyHe has also developed the
prototype for the window curtain based ore dependency graph from the behavior grapldeal system, which instantiates and evall
the similarity between the structure graph$or the curtain design prototype, which specates the theory for conceptual design of endi
of the initial door design and the curtajnifies that the area covered is directly prepomeering devices such as automaticfeef
design prototype. tional to the sliding distanc&hus, abstrac| makers, electronic amplifiers, and gyro

Next, Dssua uses domain-specific heurigtion in Dssua occurs at transfer time. scopes. Ideal is a multistrategy system, eapg
tics for constructing a behavior graph from Next, the system compares the structurede of both case-based and analogical desig
the structure graph of a given design probof the dependency graphs abstracted from thiecontains several kinds of domain knewl
lem and its initial solution. For the initial design prototype and the design probleredge: design analogs (or cases), design pat
door design, for example, it derives the bealong with its initial solution. If it finds sim| terns, design concepts, generic design-con
havior graph illustrated in the top half of Fig ilar structures between the two dependengyonents, and generic domain substance
ure 2.This behavior graph includes the addigraphs, it conjectures a transfer of the corréddesign analogs take the formsifucture-
tional knowledge that the angle by which sponding design elements from the desjghehaviorfunctionmodels.
hinged door is open is directly proportionalprototype to the initial solution for the given The SBF model of a device is based ona
to its rotation relative to the hinge fixed todesign problem. In our running examplegeneral ontology of flow of substances
the frame.The system then compares theDssua hypothesizes a similarity between thiarough device componentBhis ontology
behavior graphs of the design problem andausal relations in dependency graphs for|thgives rise to a set of design concepts in the
the retrieved design prototype. If the twodesign prototype and the design problenform of structural connections and behayv
behavior graphs are isomorphic, the mappinghis enables it to generate a new candidateral interactions among the components an
between the design elements in the retrieyesblution for the problem of door design in thesubstances of devices, behavioral states and
prototype and the given problem directlyform of a sliding doarThus, transfer in| state transitions in devices, and functions g
enables the system to transfer specifie el®ssua is based on a similarity between thdevices and device componeribese de
ments from the design prototype to the inistructures of the dependency graphsign concepts provide an SBF vocabulary far
tial solution specified as part of the desigrabstracted from the design prototypes andepresenting how devices workhe SBF
problem. the initial solutions specified as part of designmodel of a specific device explicitly repre

If the two behavior graphs are not isp problems. Finallythe human designer cansents the structural elements and topology of
morphic, Dssua abstracts qualitative causavaluate a candidate solution generated hifie device, the functions of the device and its
dependencies from the two behavior graph®ssua for both local and global consistencycomponents, and the internal causal-prg
The behavior graphs for the initial door Dssuas theory of analogy-based creatiyecesses (called behaviors) that explain th
design and the curtain design prototype illusdesign illustrates the use of structure of repvorkings of the devicelhe design analogs
trated in Figure 2, for example, are notigoresentations for cross-domain analogic¢adre indexed by their functions andjanized

Curtain
Screwed

5 <

d: area change
motion
g: cover_angle (+)

Move_along

imposed
d: sliding motion d: fixed
q: dist_bet_rings (+) position

>

wn =

o

=
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anal
Analog

Design

(SBF models)

around design concepts that specify the prin
itive functions of devices.

The design patterns in Ideal are generi
(analog-independent) abstractions of desig
that the system has encountered in pa
design episodes. Ideal learns (and thus knoy
of) two kinds of design patterns: genera
physical principles and generic teleologica
mechanismsA GPPexpresses a pattern of
causal relations—for example, the causg
relations that characterize the principle o
heat flow from a hot body to a cold orfe.
GTM expresses a pattern of functional an
causal relations—for example, the functiong
and causal relations that characterize fee
back in control systems. Neither kind of
design pattern in Ideal specifies informatior
about the physical structure of devices. Bot

ogs

New
model

kinds are expressed in a Bbepavior fune
tion) subset of the SBF languagéso, both

kinds are indexed by the design goals th

can help to accomplish.
Figure 3 illustrates a portion of Idesl

Analogical transfer

Storage of new
New ——=  Retrieval of SBF models model and SBF
design analog ofGTMs del of GTM
problem moael o
i Adaptation : SBF model of GTM
] goal | _
Spawning of GT™ Abstraction over
1 adaptation goals : 223\1(’”9“;";3
| 1 New
! model
| Adaptation Adaptation :
3 strategy 1 strategy n ! Evaluation of
| i new model
f Retrieval of Instantiation Composition : ?New
] GTMs of GTMs | of behaviors model

Figure 3. Model-based analogy in Ideal.

computational process that pertains to the

learning, reminding, and use of GTMs in an
logical designA design problem in Ideal depicts the amplifier design retrieved by(that allows lage voltage fluctuations) and the
hédeal. It also illustrates a small fraction of itsnew design (that regulates the voltage flucty

specifies the functional requirements of t
desired device along with behavioral a
structural constraints (if any). For examp

one design problem presented to Ideal sp
ified the function of an electronic amplifie
as the desired function, with the addition

requirement that the fluctuations in the-o

is presented to Ideal, in the problem interp

tation step, it first uses its conceptual knowltween components, its properties at a specifto achieve, uses this functional abstraction as
edge of generic components and substar

to elaborate on the problem specification.

a The left side of Figure 4 schematical

nd&BF model for the design. In particulér
ejllustrates the top level of its understandi
eof the causal behavior of the design th
rresults in the achievement of its function.
al Briefly, a causal behavior is expressed

rema that specifies a substance flowing k&

cesmponent, and the property valuBse sys
Ilem also expresses each state transition

the reminding step, it classifies the elaboratesthema that specifies the causes for the t

problem specification into its conceptual

organized memory of design analogs a

retrieves the best-matching analog.

This classification relies on tlienctional
similarity between the design problem a
the stored analogs. In the example of
amplifier, if Ideal knows of an amplifie
design that allows Ige voltage fluctuations
it retrieves this design because of its fu
tional similarity with the desired design. Ne

in the design adaptation phase, Ideal €a

pares the function of the desired design

ngonent) and relations between the prope
values in the preceding and succeed
states.
nd To understand the use of analogies
hideal, consider what happens if the syst
does not initially know about control mec
, anisms such as feedback and feedforwarg
cthis knowledge condition, the syste
t,searches the SBF model of the retriev
ndesign bufailsto localize the cause of e
ritlictuations in the output voltage.

the function delivered by the retrieved design, Suppose that at this stage an (externat)

and spawns adaptation goals in the for

afle provides Ideal with the design for thebehavioral state it takes as inpGtifren)

differences between the desired function andiesired amplifier along with its SBF mode
the function delivered by the retrieved designThe right side of Figure 4 illustrates th
In the amplifier example, Ideal forms thedesign and a fraction of a causal behavior ir
adaptation goal of reducing the voltage flucSBF modelThe system stores the new desi

tuations in the retrieved design.

and its model in its analog memadByit it also

uta directed graph of behavioral states and statausal structures. In addition, it abstracts th
put voltage be smalVhen a design problem transitions. It expresses each state as a Sclaelaptation goal (in the form of reducing a

lysition (for example, the function of a cem the GTM learned by Ideal from the amplifie

ycompares the SBF models of the old desig

5

ations). In particulait inspects the structure
ngf the causal behaviors in the SBF models
athe two designs, notes both the similarity and
the diferences, and abstracts a causal patte
asorresponding to the dérence in the two

efunctional diference) that it had earlier failed

an index to the abstracted causal pattern, and
astares the new functional and causal pattern
ain its memory of GTMs. Figure 5 illustrates

rigxample. In particulaiFigure 5a illustrates
nthe specification of the generic functionat dif

ference of reducing lge fluctuations in the

ioutput of a device, and Figure 5b illustrate
eltne specification of the abstract causal patte
h that reduces this kind of generic functional
. thfference.

m The system expresses the generic fun
etlonal difference as a schema that specifies
desired functiong2), and a known function

(F1), and relations betweer andr2. It
oraxpresses each function in terms of th

:UJ

2l.and gives as outpuékes), and expresses
iseach state in terms of a substaresuB1),
iiss properties (for examplepropl), and
gmheir values (for exampleyal2l and
val22). The Condition slot specifies the
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Rin y
l/pJ\/\ﬁ o/p Vo ,
Vin Vo desired gyroscope.
L At this processing stage, the candidate
= solution is only an initial conceptual design
Ideal further refines, evaluates, and completes
@) (b) the conceptual design. For example, it eval
uates the candidate design for the gyroscope
Given: | Electricity Given: | Electricity by tracing through the causal behaviors in the
state 1 | Location: i/p state 1 | Location: i/p SBF model of the design, ensuring that the
Voltage: Vi, volts Voltage: Vi, volts behaviors are internally consistent and lead
. ; . . to the achievement of the function desired of
Using f“”°“°’.‘ . Using f“”‘”"’?‘ . it. In this way Ideal succeeds in generating &
Allow electricity Allow electricity . . .
of Ry, of R, candidate deS|gn for the new deS|.gn problem
ST e PRI TS through analogical transfer of design patterr)s
Vo= F+(V;) Vo= f+ (Vi) acquired from earlier design episodes.
— — This short description of Ideal does no
State 2 ElithlCt{ty . State 2 E'eLCt”Ct!ty L Using function cover many aspects of its processing. For
of Ry assimilating information on a design failure
Using function Using function and reinterpreting the design probléfin
Allow electricity Allow electricity addition, it refines the abstracted design pat
of Op-Amp of Op-Amp terns in subsequent design episodes. Ideal
Parameter relations Parameter relations uses generic design patterns for cross-
Vour= f+ (Vo) Viou=f+ (Vo) domain analogical transfavhich introduces
T T new variables into a design problem space—+—
Makes: | Electricity Makes: | Electricity for example, control variables in the design
state 3 | Location: o/p state 3 | Location: o/p Parameter relations of the gyroscopélhus, given our character
Voltage: V,,, volts Voltage: Vo volts | Voo =F+ (V" ) ization of creative design, Ideal, like Dssua,
can be viewed as an analogy-based creative
design system.
© (d)

Figure 4. Mapping between behavioral models in Ideal: (a)

() behavior “amplify electricity” of the simple amplifier; and (d) behavior “controlled amplify signal” of the inverting

amplifier with op-amp.

relationship betweenl andr2. It specifies,
for example, thawval21 fluctuates by a
small amount (little delta) whereaa 122
fluctuates by a diérent and lager amount
(big delta). It also specifies th@2 is related
toF1 through some hypothetical functi@n

asimple amplifier; (b) an inverting amplifier with op-amp;

gyroscope with the requirement that the fl cAI RESEARCH ONANALOGY-BASED
tuations in the output angular momentum bereative design is still in its early stagélse
below a specified limitAs discussed, the sys three theories I've just described illustrate
tem first elaborates the problem specificatiorthe current state of the aftey also indicate
next classifies it into the primitive devicesome issues, themes, and directionéfan

functions, and then retrieves the best matchlesign researchWe can again ganize the

wheref is a map to an intermediate valueing analog. In the gyroscope example, itesearch issues around the four questions we

(?valll’). The system expresses t

abstract causal pattern as a directed graphlafge fluctuations in the output angular - m
behavioral states and state transitions thatentum.As discussed earlicthe system| « Why?Syn, Dssua, and Ideal all use aralg

specifies that the behavi®2 for accom

plishingF2 can be achieved by a particularetrieved designs, and spawns adaptation design problem; in Ideal, the partial solu
combination of the behavi@1 for accom | goals.Again, it searches the SBF model

plishingr1 and a behaviag22 that accom
plishes the functiofi. BehaviorB22 is con

strained by a specific relationship betweetional difference. But then Ideal abstracts the analogical reasoning be especially useful
the states iB22 andB1, andB2 combines| adaptation goal and uses this abstraction @s a It seems analogies are useful for most ar
Bl andB22 in a specific pattern of causalprobe into its memory of GTMs. It accesses conceptual design task, including inter

interaction.

What happens when Ideal is given a newpisode (and illustrated in Figure 5). Next| it the problem, generating a solution to a
problem in a diierent domain? For example, instantiates the retrieved GTM in the context  problem or subproblem, composing sub
one design problem actually given to the syf the retrieved gyroscope design to generate problem solutions into a candidate design,
tem at this stage specified the function of an SBF model of a candidate design for the anticipating potential difculties with a

eretrieves the design of a gyroscope that allowsised earlier

compares the functions of the desired andithe gies for completing a partial solution to g

f tion might be null. Ideal also uses analo
the retrieved design of the gyroscope, and gies for interpreting the evaluation of &
again it fails to localize the cause for the func  design. For what other design tasks migh

S>=

<

the GTM it had learned in the previous design preting the design problem, decomposin

«Q
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candidate design, evaluating a candidat
design, interpreting the evaluation infor
mation, and reformulating the design prob
lem.Would Syn, Dssua, and Ideathee
ries also work for these design tasks—fo
example, evaluating a candidate design
If not, why notWhat additional issues
arise as we buildl theories about the use
of analogies for a range of design tasks i
a variety of design domains?
What?Analogical transfer in Syn, Dssua,
and Ideal is mediated by generic desig
abstractions in the form of design pat
terns, although the descriptions of the
three systems use thfent terms for
design patterns. Syn uses topological pa
terns, Dssua uses behavioral patterns th
retain information about design topelo
gies, and Ideal uses functional and caus
patterns with no topological information.
In part, these diérences reflect the de
sign domains in which the three system
operateWhat other kinds of design pat
terns might be productive for use in ana

Desired design:
f ?SUB
Function F2
Given: ?7SUB 2propl: 2val1l
' ?propl: ?vall2
By-behavior B22
? valll' = f+(?valll)
Makes: ?SUB1 ;
2propl: 2val22 ? valll' = f—(?val21)
By-behavior:  Behavior B2 ?SUB
?propl: ?valll
L "5y oehavior 51
Fun((:Bt;\(/)erlnF1 ?SUB 2SUB1 By-behavior B22
?propl: 2val1l ?propl: ?val2l
Makes 7SUB
?propl: ?val2l
By-behavior ~ Behavior B1
Condition: B2 = B1 + B22
?val22 # ?vall2; ?val2l = 2val +A
?val22 =?val +0  where B22 achieves function f
F2 =f: (?valll,?val21) — ?valll'  The relationship between B1 and B22 are such that:
+F1: (?valll) — ?val2l Final state(B1) [ initial states (B22)
Final state(B22) [ states (B1)
(@) (b)

logical transfer®hat is the relationship

between design domains and design paFigure 5. The generic abstraction of feedback in Ideal: (a) functional difference that the feedback mechanism reduces;
terns? Other than design patterns, whe(b) behavior modification that the feedback mechanism suggests.

kinds of generic design abstractions
might be productive for analogical trans
fer? What is the relationship between
design tasks and dérent kinds of
generic design abstractions?
How?Syn, Dssua, and Ideal use model-
based methods for analogical transfer
Syn uses topological models exclusively
while Dssua and Idealmodels also spe
ify functional, behavioral, and causal
knowledgeThis difference again reflect
the diferent design domains in which the
systems operate. In Dsssi&BS models,
the behavior graphs @i from the struc
ture graphs only in that the former also
specify the direction of causal influence.
In Ideal’'s SBF models, the representation
of causal behaviors, although related|to
the representation of the device structure,
is very diferent.What are the appropri
ate knowledge representations for ene
abling the learning, reminding and trans
fer of generic design abstractiondhat
is the relationship between the knowledge
representations, the inference they en

able, and the design tasks they address?

What other methods might enable ana
logical transfer for dferent design task
and domains? In the reminding phase,
Syn relies exclusively on structural si
ilarity between the design problem and

stored design cases to retrieve a best- trade-ofs between eager and lazy learn
matching case. Dssua, too, focuses|on ing in analogical design? How do these
structural similarity (although it als trade-ofs change with the design task,
seems capable of using functional simi  the design domain, and the content of
larity). In contrast, Ideal uses functional design abstraction&¥hat other kinds of
similarity between the design proble strategic control might be productive for
and the stored analogs as the primary cri  analogy-based creative design?

terion for retrieval (although it, too, uses

structural similarity as a secondary crite  This list of issues, of course, is only ikus
rion for analog selection). Once againrative, not exhaustive, but even this partial
these diferences in part reflect the designlist makes for an ambitious and exciting
domains of the dférent systemsiVhat | research agenda.

are the trade-dd in using functional an
structural notions of similarity®hat
other measures of similarity might be u eAcknowIedg ments
ful in analogical design®hat is the rela

; ; PN This work has benefited from many discussions
tionship between similarity measur S\Nith members of the Intelligence and Desig

design domalns, and design tasks? . Research Group at Geia Tech, especially with
WhenWhile Syn assumes the topolegi sambasiva Bhatta. Bhatt&jlliam Murdock, and
cal patterns as given, both Ideal andodd Grifith helped prepare this articléhe artt
Dssua learn their respective design afle has benefited from constructive critiques b

. avid Brown,William Birmingham, and four
terns. In Ideal, design patterns are gene nonymous reviewers. | adapted Figures 1 and 2|in

ated at storage time, while in Dssua theys article from “ADesign Support System Using
are created at problem-solving time. Ideahnalogy;” Figures 3, 4, and 5 have been adapte
is an example of an eager leagnehile | from “From Design Expereinces to Generic Mech
Dssua is an example of a lazy learmer anisms: Model-Based Learning Analogical

| desi b i | Design.”” During the writing of this article,
general, design abstractions can als sign-related research grants from NSF (DMI

learned at retrieval time, which would 94-20405) and DARR(F33615-93-1-1338) sup
also make for a lazy learn®vhat are the| ported my work.
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