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Learning Symbolic Formulations in Design: Syntax, Semantics, Knowledge Reification

Abstract. An Al algorithm to automate symbolic desiggiormulation is an enduring challenge in
design automation. Existing research shows that design tools either require high levels of
knowledge engineering or large databases of training cases. To address these limitations, we
present asingular value dcomposibn (SVD) and unsupervised clusterifiased method that
performs design réormulation by acquiring semantic knowledge from the syntax désign
representations. The development of the method was analogically inspired by applications of SVD
in statistical natural language processing adijital image processing. We demonstrate our
method onan analytically formulated hydraulic cylinder dgsi problemand anaereengine

design problenformulated using a neanalytic Design Structure Matrix forn®@ur results show

that the method automateariousdesignreformulation tasks on problentd varying sizes from
differentdesign domainsstated inanalytic and noranalytic representational formBhe behavior

of the methodpreserd observations that cannot be explainedple symbolic Al approaches,
including uncovering patterns of implicknowledge thaarenot readilyencodd as logical rules,

arnd automating tasks thatquire the associative transformation of sets of inputs to experiences
As an explanation, & relate the structure and performance of our algorithm with findings in
cognitive neuroscience and present a set of theoretical posta@dtkessing an alternate
perspective on how symbols may interagth each other in experiencdas reify semantic
knowledge in design representations.

Keywords: machine learning in design, symbolic problem reformulation, singular value

decomposition, patta extraction, unsupervised clustering
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1 Introduction
Problem réormulation in design is concerned with the metamorphosis of design semantics into a
formal mathematical modeDesign semantics are the OmeaningO of a design work as intended by
a designeb structure and behavior of a design object are conceived in terms of symbolic elements
and relationshipsA mathematical model reifies the design semantics as symbols and mathematical
functions.The development of Al algorithms totamate design problem mmnulation taskss an
enduring challenge in design automation. Existimgthodseither require dependence upon high
levels of embedded knowledge engineering in the form of rules, heuristics, grammars or
domain/task specific procedures.d.,(Campbell et al., 2003; Ellman et al., 1998; Gelsey et al.,
1998; Medland & Mullineux, 200Q)or require a large database of training cases,(Duffy &
Kerr, 1993) (Schwabacher et al., 1998)t would be useful to develop a method characterized by
the following desirable feates (1) a knowledgelean method that does not need any significant
design domain or task knowledge to be embedded into the system; (2) a tieanimyethodhat
can extract design knowledgeerone orvery few casesand (3) asimple andcomputationdy
efficient methodapplicable over different design domains, representational forms (analytical, non
analytical etc.) problem sizesind complexitysmall, medium, large, etc.).

To classify the subset of tasksat cane under problem fermulation, congler some of the
major questions that designers face while creating a design represe(Ratpaiambros & Wilde,
2000) which design element® represent avariables, which ones to fix as parameters, what
relationships between variables and parameters to consider as objective functions or as constraints
how to decompose karge, over or undef constrained desigproblem, how to reformulate
problems into mathematically simpler forms so that they become eassetvin etc. Oncea
mathematical representation is constructed, numeric algorithnepplied to a defined problem
space, and theptimal or feasiblesolutions foundeven though reformulation and solution search

are cyclic, iterative processes)
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Yet, howare these representations reifiedhe first placeor reformulated in subsequent phases
of designin@ It is known that designers encode the OmeaningO of a design object in the desigr
representation through symbols. Thegnstruct such representationstbe basis of experience
based knowledge and current degigoblemrequirementsHowever, from an Al standpoint, there
is no obvious ruldased aswer to their approach.h€re is no known computational process that
takes inabstract modelingequirements sainput and produces a mathematical representation as
output This is because a mapping between design representation syntax and the encoded desic
semantics is not a simple oteone direct one but a complex and miditeted one. The authors
believe thatrying to go from abstract semantics to syntax is a too hard and general problem to
tackle by known machine learning and Al methods. Thus, the motivation of this research is to
develop a computational methtitht assists with design problem reformulatiasks byacquiring
the semantic structurddehavioral knowledge of the design from its syntactic representation and

using the acquired knowledge to reformulate the same syntax

2 An analogcal inspiration for the proposed method

Theinspiration for the methd camefrom an ankbgy we identified between the Latent Semantic
AnalysisapproachLSA) (Landauer & Dumais, 1997jom statistical ntral language processing
(SNLP) and image compression metho@salman, 1996Strang, 2003)from digital image
processing(DIP). Both involve use of the linear algebra basethtrix factorization method of
Singular Value Decomposition (SVD). In SNLP, S\Wasel LSA is used toreveal semantic
patterns in textual dathy analyzing contextual occurrences of words in sentenclesr ritan
individual word meaningin DIP, SVD is usedo identify pattern redundancy in image data f
compression of imagesSVD, applied in these two diverse domains, suggests an intriguing
connection between semantic knowledge and its syntactic refaésenAs stated in Section &,
symboliemathematical design representatie®the description of semantic designowledge.
Structural elements ibehavioral relationshipgare encoded as symbolsfunctionsin a syntactic

representation Using themappngs from SNLP and DIPto designproblem reformulation, we

4
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conjectured that SVDOwould be able taeveal the connections between the syntax of design
representation and intended desiggmantics We usestructuraland behavioral analogies to

explain the mapings to design.
2.1  Structural analogies

2.1.1 LSA, analytic design formulations and noranalytic incidence matrix design
formulations
In LSA, a corpus of linguistic data is converted into a whyedocunent matrix. Rws represent
words and columns represent docum in which the wordsppear (Figure 1(a)). The matrix
entries are a meare of the number of timesword appears in a specific document. If we draw a
structural analogy between wortlssentences (natural language) and design variailes
functions (anbytic mathematical languageg,similar matrix representation could be developed for
analytically statedlesign problemsRows would represeitesign elements (variablgsrametens
and columns would representrelationships between these elements (objectiunctions,
constraints The matrix could thus represent the semantic OmeaningO of the design through
relationships between variables and functiddigure 1(b) showsraexample formulatio® an
analytic, nodlinear, single objective optimization modfr a hydraulic cylinder Figure 1(c)
shows thematrix representation for this problem. Each entry measuhether or not the variable/
parameter occurs in a function. We call this the occurrence nfatrbhe semantic meaning is
recast through this ocaence matrix by capturing the associative patterns between sets of
elements (words or variables, and, in general, components of a domain) to experiences (document
or functions, and, in general, syntactic structures comprised of those elements).

In LSA terminology (Landauer & Dumais, 1997Yhe matrix captures howventsoccur in
episodes This matrix form plays a crucial role in embedding the multiple pathways by which
relations between events and episodes exist. It is thdsegyat that SVD uncoverblathematics

as a formal languagir design representation, has the advantage of defining precise relations
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between variables and function’et, it also has the disadvantage of the formality of mathematics
in that the relation be/een input and output, variable and function, is largely fixed; sophisticated
graphbased techniques are needed to OunfixO the relations. Michelena and Papél@8ityros
for example, present a review of these methods, an@mirashypergraph based algorithm that
decomposes a design problem into weakly connectegraidtems.

The occurrence matrix form can be used to represent both analytically arashalptically
formulated problems. The Functional Dependence Table (FDT) {arn& Li, 2005) is an
established method of representeang analytic formulatioras anonanalytic matrix forralation,
or of representing relationships between design variables based on results from numerical
simulations. Ithas a direct structural correspondence whi wordby-document matrix in LSA.

In this general structural analoghe matrix measures how elements occur in the local context of
one anotherA natable difference is thdinguistic analysis uses very large matrices derived from
very largecorporaof natural language. In contrast, mateadeom the design domain arestricted

to the size of the individual design problearsd are likely to benuch smalleiin size.lt is nota

priori obvious whether SVD could uncover the multiple pathway relationgelet variables and
functions, and this is an important research question.

Figurel: (a) (b), (c)

2.1.2 DIP and nonanalytic Design Structure Matrix (DSM) formulation

In the DIP domainSVD is widely used for image compression tasks. An image is converted into a
matrix of sizem! n; themnmatrix entriescontainmeasurements of pixel valu@salman, 1996)

Figure 2(a)). Astructural analogy between pixtetpixel mappings (image processing) and design
elemenito-design element mapping (n@amalytic design representation) cas drawn. Asimilar

matrix representation alreadgxists asan established neanalytic form of design problem
representatiord the Design Structure Matrix (DSM)YSosa et al., 2003)Figure 2(b)). The
example DSM representation shows an a@&rgine problem with 54 design components in 8
subsystemsSimilar DSM representations also exist for mappings such as tasks and processes. The

6
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analogy at this pointjs only drawn in a structural way obviais similarity exists between
what the image matrix represts and what the DSM represerits a genal strictural sense,
however, the matrices correspotadrelationships that existetwea the same elements within a
knowledge domain imows as well as columngVhile image matrices can be square or rectangular,
DSM matrices are always square.

Figure 2: &), (b)

2.2 Behaviaral analogy
However diverse the structural analogies may appear, they seleseding of a deeper analysis.
We found that the same approach is also a widely used one in many other knowledge domains
such as design text, content and team goerince analysigDong, 2005) prediction of
psychological phenomendiVolfe & Goldman, 2003)internet search algorithn§Strang, 2003)
and clustering gene microarray ddtau et al., 2003) We, therefore, turned to a behavioral
analysis of the mathematical structure of SVD to draw a befa\dnalogy.

SVD factorizesa general rectangular matex with m rows andn columnsby decompomg it
into a product of three matrices,= USV', whereU (m! m) andV (n! n) are the left and right
singular matricesS (m! n) is a rectangular matrix #ir non-negativesingular values that capture
the dominant association patterns in the data in decreasing order of maghitadeumber of
singular values is, wherer is the rank ofA. The mathematical ide§Strang, 1993, 2003}igure
3) is as follows:the row space oA is r-dimensional and insid®", and the colum space oA isr-
dimensional and insidB™. We choose special orthonormal bases (v, vo, E V;) for the row
space, andJ = (uy, Uy, E u,) for the column space, such thav; is in the direction ol. s
provides the scaling factor ads; = su;. In matrix form, this become8V = US or A = USV".
Thus, a general rectangular matfixis diagonalized into two independent spaces represented by
special orthonormal basés andV, and related to each other by the magnitudes of the singular
values. A well know result in linear algebra is that if a dimensionality reduction is performed on
this decomposition using the fidstargest singular values, then this produces a linear least squares

7
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approximation ofA. This dimensionality reduction step strengthengibst important association
patterns of matriXA (through the firsk singular values) and weakens the less important ones,
treating them as noise (th@®k singular values).

Figure 3: (a), (b)

2.2.1 What does SVD do in LSA?

A word-by-document matrixA contairs measurements of local occurrences of words in
documentsSVD of this matrixA produces factors) andV. These g new abstract orthogonal
bases with orthonormaomponents derived from mutual-oocurrence information contained in
the original data mek. U andV represent abstra@vordO and OdocumentO spaces. The vectors in
U andV measurecorrelations between the elements in the originadasurrence matrixbut are
themselves uncorrelated to each otlheiother wordsA has been diagonalized indowordspace

U and a documergpaceV. The singular values i8 capture the dominant patterns of association
in matrix A in a decreasing order of magnitude. All the words and documents can now be
represented as linear combinations of these orthonorm#rgedn adimensionality reduction
step, ak-reduced linear least squares approximatdnthe original matrixis produced The
original data is now observed in a reduced number of dimensions.

The conceptual explanation for this mathematical procesasesdbon the notion that linguistic
knowledge contains a large number of weak interrelations. Words that appear together in sentence
or documents share semantic similaBtghey occur together in sentences to capture meanimgy
dimensionality reductiorstep induces implicit relationships (OlatentO in the LSA terminology)
based on explicit local relationships between words and docunidrgsmatrixA shows local
explicit relationships beteen words and documenksowever, implicit global relationships cée
induced through thdimensionally reduced matri! as the result of a computation that OgloballyO
takes into account all the associations of all the words wittthal documentsWords and
sentencesxpressed as linear combinations of orthonormal vectors can be ploteciasin real

space. Semantisimilarity is assessed between them through cosine measurements. This reveals
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the semantic relationship of a word with a document, even though the word may not occur directly
in the documentA principal claim in LSA is that choosing a OcorrectO dimengjofilawer than
the original) makes it possible to obsetheseimplied patterns in the datthat are not directly
observed in the original dat&or example, this computation will capture the semantic relationship
that OSVDO shares with Olinear algeless though it may not appear directly in the title of a
book Olntroduction to Linear AlgebraO. If OSVDO is used as a search term instead of OlinearO
OalgebraO in searching for a book on linear algebra, the query should still bring up books on lines
algebra. In LSA, it is the degree of approximation that is interesting. There is no attempt to reduce
the error between the approximation and the original matrix because the claim is that the
approximation reveals patterns that cannot be observed inigheabdata. A larger error might

actually be useful to uncover latent relations.

2.2.2 What does SVD do in image compression?
In image compression, the focus is on producing a Oleast lossyO approximation of the origina
matrix A because the objective is datamgwession. The matridA (m! n) is a representation of
pixel values. The rankof a matrix is a measure of the number of independent columns or rows of
the matrix. Thus, it is a measure of the redundancy in the data. This has a direct behavioral analog
with images. Any large scale feature in the image will tend to show redundancy, as rows and
columns will contain similar repeated values to represent this feature. This implies that an
approximation of the original matrix will be able to represent, withoutlass, the original data.
The objective in data compression, therefore, is to find the best dimension that is able to reproduce
the original data to a high degree of approximation. Note the difference in interpretation from LSA
Din image compression, errreduction and a Oleast lossyO approximation is the aim.

The mathematics is relatively simple. SVD is performed on ma&rixThen, an optimal
reduced rank approximation is found that is OgoodO enough to represent the original data. /
common Orule of tmbO measure is that the human eye should not be able to make out the loss in

data.
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2.3 Behavioral characteristics from SVD and dimensionality reduction
Based on the above discussion, the following behavioral characteristics are interesting for

extracting senraic meaning from design representations:

2.3.1 Dimensionality reduction and implicit pattern extraction

Design knowledge contains a large number of strong amadt eemantic interrelationshipé’/hile
constructing a design representation, designers choose td soode of these explicitly, while
some of them arpossiblyleft implicit, i.e, they are not explicitlyepresented. Considarsimple
exampleb the concepts ofirea (a), volume(v), length (), breadth(b) and height(h). In a
representation, two functis could bea=I*b and v=I*b*h. However, thatvolumeis alsoarea
timesheightis an implied, latent or weak relationship that exists in the semantic spasenbtit
explicitly statedin the representationn fact, it is often not explicitly stateaks it could produce
redundancies or ov@onstrain the problem, both of which are undesirable for numerical solution
packages. While this is a trivial case, in general, it should be assertedathafunctional
representation is one possible ordering or captfiige behavior through the symbols which occur
in the function. Other behaviors may weakly appear Hratnot includel in the explicit
representation. The process of projection of symidlspace) onto functiond/(space), and vice
versa doneby SVD locates these weaker, latent relationsSWD is able to extract implicit
patterns in the natural language domain, then it should be able to do so for design representation:
This property may beiseful to recreate the semantic mearohthe design workntended by the
combination of the symbol space and the function spaea where this meaning is not explicitly
stated The SVD method followed by dimensionality reductmould reveal patterns contained in
the syntax that are not directly observable indhginal caoccurrence matrix. Almost always,
design representations are sparse. Symbolic design represendationt explicitly code all the

semantic relationship3hus, his is an important characteristic for desggoblem reformulation

10
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2.3.2 Redundancy,matrix compression and explicit pattern extraction
The image compression discussion shows that if the data matrix contains redundancy, then, a
some reduced approximation, the exact original data is reproduced, i.e. a lossless compression i
obtained. For large design problem, if the matrix contains redundancy, then this is an indication
that the explicit relationships in the problem representation can be inferred at a lower
approximation than the original, i.e. at some lowerr (rank of matrixA). In a design problem

reformulation task, we need the method to find the implicit as well as the explicit relationships.

2.3.3 Inference of multiple and invariant relationships from a single representation

The above discussions show that SVD and dimensionalitetiedumight be able to capture both
explicit-invariant and implicimultiple design relationships from a design formulation. The
explicit relationships are important, because they show the invariant features of the original
formulation. The implicit relatinships are important because they show the possible relationships
between variables and their relationships that are not explicitly available in the design formulation
because they arise from local association information in the original formulation. iudtive

way, this is the seat of design problem reformulaBarbserving these implicit relationships will

be similar to varying the Omodeling freedomO because these implicit relationships may sugges
multiple reformulation possibilities. Some of tkesvhen made explicit, will change the problem
formulation. We will show that there are two parameters by which designers can experiment with
extraction of multiple reformulations from a single design representatiba number of singular
values to reta in the dimensionality reduction step and a cosine threshold value to measure
semantic similarity in the inferred design relationships. If the inferred relationships show a
transparent relationship across cosine threshold valuesk-matlies, and not somarbitrary,
random behavior, then this is a useful property for design probléonmeilation. In some design
problems, there are multiple potential formulations that can be considered to be OgoodC
formulations and no dominant formulation. By varying thpaemeters, different reformulations

can be observed.

11
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3 Method

3.1  Method summary

The method for problem reformulatigerforms inductive and unsuperviseferenceof semantic
design knowledge from puge syntactical examples ofdesign formulation da. Design
formulation examplegxpressed in standard forms make up the training set. The method operates
on eachindividual sanple. The method acts as a Odesign formulation assistantQ) -
structuringdesign formulationknowledge fromexisting experiences ande-constructing it for
similar problems (problems from a common design domain, e.g. the design of hydrandlersyli

or shaing a common mathematical form, e.g. an incidence matrix or a Design Structure ;Matrix)
and, (2) assisting with orghot reformudtion decisions on a single problem formulation tagie
desgner can query the system fofaemulation decisions of various types. The method operates
incrementdly such that the same quergturrs different answers as the number of samples
increases.

We demonstrate the method on amalytically formulated hydraulic cylinder design problem
and a large scale, n@malytically formulated aerengine problem employing Design Structure
Matrix representationln this paper, w show that the method can assigth the selection of
variables, parameters and functions, the idieatibn of design cases, design decompositio,
performing modularity and integration analysis for systemglestifying shared or linked groups
of variables and functiong.he reailts show thathe methoddoes not require design domain or
task knowledge to be pupecified, and is able to develop this knowledge over inductive
experiences. It learrguickly over a very small ata set, needing just omxampe (i.e., problem
formulaion statementjo show useful performanck.is computationallysimple to implement and

can be applied over different problem domains, for different tasks, over different problem sizes.

12
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3.2  Analytic and non-analytic design representations
In this section, wedescribe the representaial formalisms that we employ along with brief

descriptions of the example problems that we use to demonstrate the method.

3.2.1 Analytic formulations

An analytic formulation is a design formulation in which variables and parameters a
characterized by symbols, and mathematical functions describe the relationships between them
Common examples of analytic formulations are design optimization formuléBapslambros &

Wilde, 2000) b linear, quadatic, nonlinear, continuousdiscrete, mixed etc. Equation)(1

describes an optimization problem formulated in its general canonical form:
Min f (X, p)
Subjectto

gx,p)" 0
h(x,p)=0
X, p E#CR" 1)

Here,x is the vector of design variables gmi the vector of desigregametersParameters are
guantities that ar&ept fixed for a particularesign model g andh are vectos of inequalityand
equality constraints respectively, and set feasibility conditio®oth x and p belong to some
subset# of the real spac®", where n defines the total number of dimensions in terms of the
numbers of vaables and parametershd furctionsf area vector ofobjectives to be minimized;
for a single objective case, thisdomes a single function

An exampleanalytical formulation is the hydraulic cylinder design probl&mgure 1(b))that
we useto demonstra the method.Thereare 5 design variables and 4 design parameters. The
objective is to minimize the diameter of the hydraulic cylinder subject to 4 inequality and 2

equality constraintsWe apply our method onto this problésmdemonstrat the following tasks:

13
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(1) seledbn of design variables, parameters and constraiBjsdentification of desigrrass. We
use an additional muitbbjective formulation of the same problem to test whether the method can

identify multiple as well as invariant design relationships by varihegparameters.

3.2.2 Non-analytic formulation: Aero-engine design problem

A nontanalytic formulation is a design formulatiom which design elements are represented as
symbols andrelationships b&een them are captured as binamappingsin a matrix there
exists/does not existadesignrelationship between two design elements or functidos-analytic
formulations are used frequently for system decomposition and related analysis tasks in large scalt
or complex problemsAn analytic formulation can be conted into a noranalyic form matrix

using a Functional Dependence Table (FDHYamples of nomnalytic formulations are matrix
forms such as the FDibrm (Li & Li, 2005) or a Design Structure Matrix (DSM) for(Rowles,

1999 Sosa et al., 2003Figure Zb) shows the DSM representation for a large Pratt and Whitney
commercial aircraft enginéRowles, 1999; Sosa et al., 2008j)th 54 design components in 8
subsystems (Fan, Low Psese Compressor (LPC), High Pressure Compressor (HPC),
Combustion Chamber (CC), High Pressure Turbine (HPT), Low Pressure Turbine (HPT),
Mechanical Components, and Externals and Controls. The matrix elements show which
components share interfaces and/osigie dependencies with which other components. The
methodis appliedto this problem to demonsteathe following tasks: (1¥lesign decomposition,

(2) analysis of modular versus integrative systefiftis example is also used to evaluate the

computationaperformanceof methodover large scale problems

3.3  Method description

3.3.1 Data representation
We use the single objective hydraulic cylinder problem to demonstrate the method. The first step
is to convert an analytical problem formulation, Figure 1(b), into @aroence matriA, Figure

1(c). The rows represent variables and parameters, and the columns represent the objective and tl

14
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constraints. Each matrix entdy; is set to 1 if a variable or parameter occurs in an objective or
constraint and O otherwise. Theatrix captures local patterns of occurrence of design elements in
the OcontextO defined by the functions, where the coming together of the elements themselve

defines the context.

3.3.2 SVD analysis: rerepresentation of the formulation

SVD onmatrix A produ@sUSV', a rerepresentation of in terms of new abstract orthogonal
basesU andV with independent components derived from mutuabocurrenceinformation
contained in the original data matrikhe columns ol represent an abstract Odesign elementO
spae and the rows o¥ represent an abstract Odesign functionO space. Each tbywith r
componentsjs an abstract representation of th@ariables/parameters. Each columrVofwith r
components)s an abstract representation of thdunctions. The sigular values capture the
dominant association patternsAn Thus,US andSV' describe a scaled design element and design
function space respectively. Each design element or function can be expressed as a linea
combination of the dimengmal vectors inJ andV scaled by the singular valuda this step, the
discrete local explicit relationships between variables and functions are converted into continuous
global implied relationships. The original relationships arecalgled to produce abstract
orthonomal vectors, linear combinations of which represent the variables and functions
represented in real spadéigure 4 shows the SVD decomposition for the data matrix shown in
Figure 1(c).

Figure 4

3.3.3 Dimensionality reduction

In the dimensionality reduction gtethe firstk singular values are preserved to produce a least
squares approximatioh! = U(m! k)* S(k! K)*VT(n! k). Since the approximations based on retaining
only the k largest singular values will overplay the most important associative patterns and

undeplay the rarer ones, variables and functions imatiually share higleoupling relations irA

15
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will be strengthened and those that do not will be weakehkd. step causes semantically
positively correlated variable@hose that appear togetherfunctiong to cluster together in this
dimensionally reduced spacehile negatively correlated variabldthose that do not appear
together) fall far from each other. This is how implicit relationships are induced using the explicit
relationships Figure 5 showshe k=2 reduced approximation of the matx The truncated
matrix A! shows that the entries change to higher or lower values, induced from the explicit binary
relationships.
Figure 5

Consider in matriXA (Figure 1(c)) that the variable Ointernal diameter€@urs in constraint
h2:s=ip/2t measured byA;7 = 1 It does not occur in constraigd:s£6"0, indicated byA;s = 0.
But, from the algebraic relation h2, we can see that the valueiafffects the value of (or vice
versa) which will affect the bekir of the constraing4. i implicitly affects and is affected by the
behavior ofg4 even though it does not occur in it explicitly. This is an example of implicit
knowledge that designers regularly employ. A pure symbolic Al based inference system, for
example, would need to encode such knowledge as an explicit algebraic substitution rule. The
matrix A! (Figure 5)shows that the original O betweeandg4 has changed to a higher valyg;!
= 0.1987 (showing that there is an implicit relationship) and the original 1 beivee®h?2 has
changed tdA;7 = 1.0957 (showing a stronger relationship thanThe original 10 local entries
have been reepresented in terms of a OglobalO map of syntactical associations that each elemer

has with every other one.

3.3.4 Graphical representation of dimensionality reduction

US is the scaled design element spa8¥. is the scaled functions space. Now consider the
dimensionality reduction operation in terms of the following matrix multiplications w#th
(Figure 6):

Figure 6

16
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X andY give us the 2D reducddS andSV spaces, so each pair of entriegi((X12), (Y11, Y12)
etc.) gives us the coordinates for each design element and function in a common 2D space. Figurt
7 shows the graph for the 2D representation of the single objective hydraulic cylinder problem.
Graphs fork=2 andk=3 help to visualize the Oabstract semaptcasO generated by the SVD and
dimensionality reduction analysis, especially in terms of the visual relations between the design
elements and functions projected into the same space. For kighleles, it is not possible to plot
graphs, but the mechaniokthe method stays the same.

Figure 7

3.3.5 Cosine similarity measurements: reconstruction of design knowledge

The previous steps show that the method converts discrete relationships between variables an
functions into a continuous position based representat real space. Thus, distance is a measure

of semantic relationship/ariables, parameters and functions that are positively correlated in the
syntax will tend to cluster together in the dimensionally reduced space, as explained above. Thus
the reducé dimensionality representation can be queried using a convenient OdistanceO metric t
get semantically related groupings of design elements and design functions. Each point in Figure €
is a vector in 2D space that represents a design element or fuMggonse a cosine distance
metric because it will capture magnitude as well as direction in space. Thus, a cosine angle
measurement between any two vectorandy, cos('yy) = x'y I |K|| V|, is @ measure of their
semantic similarityp the higher the cose angle value, the more the similarity, and vice versa.
Continuing with the same example as in the above section, varibbke coordinates1.5809 -

0.0483) and constraimi2 has coordinates1.8929, 0.3804). The cosine between these is 0.9739.
Confirming expectations, this shows that there is a high semantic relationship between them.
Further, the cosine betweenand g4 comes out to be 0.7041. This is a high measurement,
considering that in the original mats= 0 for the relationship betweerard g4. This serves as
validation that the method brings out implicit relationships existing between design elements and
functions.
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A query in this space can measure three types of semantic similarity: (1) between design
elements as cosines betwe€wectas; (2) between functions as cosines betwéerectors; and,
(3) between design elements and functions as cosines betwaahY vectors. Thenext sectior

show how these queries assist with various reformulation tasks.

4  Problem Reformulation Tasks: Hydraulic cylinder design
The hydraulic cylinder design problem is an example of an analytically formulated problem. Using
this example, we show the following design problem reformulation tasks: (1) selection of design

variables and constraints; and, (2) desigse identification.

4.1  Selection of design elements and relationships
One of the first steps in formulating a design problem are decisions about which design elements
to consider as decision variables, which ones to fix as parameters, and what functional
relationships to consider between the chosen elements. Often, these decisions are based c
previous experiences of a designer and the physics of the problem being modeled. It is likely that
problems of the same class will share a similar set of design ekenfdad, because design
variables are semantically linked in terms of behavioral relationships (e.g., the hoop stiadd
be less than a maximum value S), when a designer considers one element as a variable, it becom
important to know what other efeents and relationships should be consideredoimunction.
This semantic knowledge, as we have seen in the discussion above, is not always explicitly
available in the original problem formulation. For example, should the hoop stress edu&ation (
S'0) be considerea@s a part of the modéli is chosenas a variable? Obviouslydoes not occur
in this equation, so how can one telbriori?

A measurement of similarity between any one variable and all other variables and functions
using a cosine of thangle between them in space can show how this variable is associated with
any other. The concept of e@osine thresholds one parameter that a designer can use to

experiment with various reformulations. Fixing a cosine threshold, all variables and fartbadn
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show higheithanthreshold cosine measurements with the query variable/function are returned as
semantically similar to the query. Recall that the local, explicit, discrete relationships in the matrix
A have now been converted into a global, implimontinuous distance based representation in real
space. Semantic similarity is a continuous function of distéhtiee higher the cosine value
(smaller angle), the higher the semantic similarity. Thus, a higher cosine threshold implies a
OtighterO deition and returns fewer coupled variables and functions, while a lower one OrelaxesC
the definition and returns more. By varying cosine thresholds and observing different groups
returned as answers, the designer can observe different possible formulatremdix i as the
qguery variable, then Figure 8(a) shows the cosine measurements betaeenall the other
variables and functions in the2 space. If we choose a cosine threshold of 0.7, thend, g3,
g4, h1, h2} are returned as semanticallyatdd toi. If we increase it to 0.8, themp{s, hl, h2} are
returned. It is clear that the threshold of 0.8 returns only the variables and functiorexgiaitly
occurs with or in, but a threshold of 0.7 also includes variables and functions tieaashaplied
relationship. This can be confirmed from Figure 8(b) that shows the variables and functions
returned with the cosine threshold set to 0.7. The queryeatarns functiong3: p-P<=0 andg4:
sS<=0. i does not occur in either of these, butvas will show in the next section, they are
important functions to consider for varialle

A OgoodO choice of a cosine threshold will lead to OgoodO reformulations. As a heuristic fo
identifying good cosine thresholds, we have developed a matrix rewydalgorithm that
reorganizes a cosine measurement ma#rirmétrix where row and columrj are represented by
variablei and functiorj, i=1 tom, j=1 ton; matrix entry A measures the cosine between variable
and functiony in k-reduced spaceeferto aereengine problem presented later) to cluster variables
and functions sharing similar cosines to reveal block matrices on the diagonal with similar cosine
values. Alternatively, we have also applied thenkans clustering algorithm on thkereduced
gpace to reveal these semantically related clusters.

Figure 8: (a), (b)
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4.2  Heuristic design case identification

The computations shown in the previous sections can be utilized to inform a specific problem
reformulation task® design case identification. Anygblem formulation model contains a set of
constraints. This model could be over or undemstrained, i.e. not welbrmulated. ODesign
casesO are sets of active or critical constraints for a design optimization problem formulation tha
lead to a welformulated model. One method for identifying these design cases is monotonicity
analysis(Papalambros & Wilde, 2000}that is a problepsolvingby-reformulation methodn
which constraint activity information is used ieformulate the problem to a simpler form when a
problem is over or under constrained. A significant characteristic to note here is that this process of
reformulation is actually similar to discovering previously unobserved implicit relationships
between wriables, parameters and constraints, thhen made explicit, make solving the problem
possible.

In the case of this example problem, there are 5 design variables, and 6 design coii$teaints.
number of norredundant, active constraints cannot exceedntimber of design variables for a
consistent solution to be foundevealing that there will be design OcasesO. All the constraints
cannot be active at the same time. There will be sets of active casstlaading to different
cases. Papalambros andldfi(2000)identify 3 design case® stressbound, pressurbound, and
thicknessbound. Their results show that for design varialflaternal diameter) either constraints
(93, (g2, hd) or (@4, ha, (92, hD) will be active, and for variable (wall thickness) either
constraints {4, h3, (g2, h)) or (1) will be conditianally critical. Figures 9(a)and (b)shows that
cosine measuremengtween function vectors in the 2D spabew similar conclusions by purely
a syntactic analysis of design foahation. High cosines in 9(a) are shown as connections in 9(b).
Cosines between constraintg,(h,) and ¢,, h,) are high, with constraintg, andg, sharing high
cosines with these two groups respectively.

Figure 9: (a)(b)
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Note that monotonicity analysis is a mathematically rigorous;based procedure, and it can
identify these cases without ambiguity. Our method can only provide insights into design case
OclustersO, and cannot provide optimal solutions as moitgt@mialysis does. For example,
while it shows that there are groups g2,(hl) and ¢4, h2), it cannot tell that these need to be
active together as a case. However, monotonicity analysis is applicable only on problems where
regions of monotonic behaviam constraints may be identified. This method quickly turns into a
very complex solution procedure for even a smadium sized problem as the number of
variables and constraints increase. Our method would be particularly suited for such large
problems,where, if used in conjunction with monotonicity analysis, will be able to focus a
designerOs attention on possible design cases to consider as semantically related variables a
functions. An added advantage of the method is that it can be used to identdptically related
groups for analytic as well as namalytic formulations, whether or not functional relationships

are available.

4.3 Performance analysis over multiple samples
We have shown that the method requires just one training sample to extpdicit idesign
knowledge. However, a designer may wish to apply the method on several samples of a problem ir
a specific design domain to explore the implied knowledge returned in these separate cases. Wi
have claimed that the method is training lean, amidentify the multiple as well the invariant
aspects of design knowledge, whether it is applied onto one or several design formulation samples
of a given design problem.

To analyze the performance of the method over multiple samptesppliedthe mehod on an
additional formulation of the same probleithere are multiple we in which the same problem
can beformulated by differendesigners. Figure 10 shows a muoljective formulation of the
hydraulic cylinder problemMichelena & Agogino, 1988)with conflicting objectives and a
slightly different set of constraints and parametkas the single objective formulation.
Figure 10
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The main conclusion to report is that theethod generalizes very quickly over verfew
training examplesBy generaking, we mean that similar and consistent answers are returned for
different variations in formulation for the same probleis. seen in the previous sectiahge
methodneeds just a single formulation to infer the OcorrectO answers. The answers retarned f
the multiobjective formulation reinforce this resulthe method correctly identifies semantic
groupings of variables and constraints within design cdses.is interesting because, in general,
computational design pport systems require either ary high level of knowledge engineering,
or they equire a large database of training examplékile it is possible to automatically generate
a training database in numerical optimization ca&shwabacher et al., 1998)enerating a
training database for symbolic cases will be more diffiggiven the specific conditions related to
each problem, formulations from the same design domain or even the same problem in different
settings can have widely differing mathematical fo(Eléman et al., 198). Thus, it is difficult to
define the learning characteristics and problem representation form for a training database in any
general sense. The advantage provided by this method is that it requires only one sample to infe
the explicit and implicit deagn knowledge. Any other samples, incrementally added to the
Otraining databaseO serve to confirm that the answers are Oddfreat@plesare OrealO design
experiences that either reinforce or change the leagamged from previous sampleBhe same
set ofcosine similarity measuremerds these 2 samples reveals that the method returns OcorrectO
answers. For example, parallel to the design case identification task in the single objective case,
Michelena and Agogino (198&)se monotonicity analysis identify three design casdsr the
multi-objective problem Case P (pressure inactive), Case S (stress inactive), and Case PS
(pressure and streggactive) with all of the casdsaving forcef and thickness active. The SVD
based method applied ontashtexample showg¢Figure 11,k = 3) that that pressure and stress
groups are distinctly apart, with force and thickness falling in the middle (as supported
equivalently by cosine or-ikneans calculations).

Figure 11
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Because the algorithm is based on exioacbf syntactic patterns, it does nosatiminate
between Owrongly formulated® and Ocorrectly formulateai@ples. However, it can be
conjectured that over mg numbers of design formulation samplasstatistical effect will ensure
that the algorithm eneralizes OcorrectlyO, assuming that most of the examples provided to the
algorithm are OcorrectO from the design point of view.

The method can be used to capture multiple patterns from the same example by varying the
cosine threshold and thkevalue. Thecosine threshold parameter has been discussed in previous
sections. We now present the effects of the second parainetanging theé value (the number
of dimensions retained in the dimensionality reduction step) to observe multiple patterns or
invariarce in formulations. We examine the effect of design proldizeon the answers returned,
and the number of dimensiokshat are retained while performing the dimsi@nality reduction as
compared to the number of OcorrectO answers lgweittan returns. Tie relevance or
OcorrectnessO of the answers returned by the queriasseasetiased orhow the reformulation
suggested by the answeratches up with those provided the documented results reported in
the source papefFor example, in the previouscsen we present a comparison of the answers
returned by the queries from our method with the walbbwn and documented monotonicity
analysis applied to the same problem. Since monotonicity analysis is mathematically proven and
guaranteed to find the optahsolution in this case, and our results match those provided by the
monotonicity analysis, it may be safely claimed that the answers returned by this algorithm are
carrect. By studying the effect of problem size and the valud,ofle also assess the riple
patterns that are returned as answers, and the invariance of design knowledge across thes

answers.

4.3.1 Effect of problem size
Keeping the number of dimensiorns fixed, the methodpulls more vambles, parameters,
objectives and functions as the sizetlod problem ncreases. For example, the mualtijective

version of the problem contains more variables and constraints than theotijegiieve version. If
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we keep the number & dimensionsiked for both design formulation sampléke number of
answersreturned to the query variables in the maljective case is higher than in the single
objective case. Figur&2 shows this result, as over two examples of the same problem with
different famulaions, we see that the methadanages to capture the vagas in the
formulations. The single objective formulation has an original matrix size$o? gFigure 1c)).
The multiobjective formulation of the same jpfem has an original matrix size of $710, as the
multi-objective problem has an increased nundjevariables, parameteradobjective functions.
The methodeturns a higher number sémantically related groups of variables and functams
answers in the mutbbjective case.

This is an interesting resultit provides proof that the method Emup well. As problem size
and the complexity of interaction between variables and functions increases, so will the number of
implied relationships. If the method scales up well, it should be able to handle an increase in
problem size or complexity witlhub a significant increase in computation time or increase in
complexity to the designer to apply the methoddesigner wishing to formulatereew problem
from the same design problem domaould be al# to retrieve different answets the same
query wsing different samplegrom the database. They would be able to see hdfereint
designers have conceptually OgroupedO variables and functions as semantically related to ea
other. For example, the mutibjective fornulation of the problem also uses mamraitity analysis
as the design sation method, but because of the differences in formulation, groupings of
variables and functions in design OcasesO appeaertifiom the singl objective formulation.
The method captures éise differencesand our reglts show similar groupings of design cases as

reportedin the two original sources.

Figure 12

The method is also able to capture invariance of design knowledge within the multiple patterns,
because the answers returned for the two different cases halapsvé&his implies, for example,

that due to the physics of the system being modeladintis are semantically related, then the
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method applied on both the formulations should return this as alfcagecompare the 2 example
cases, to the query vabia i, the single objective formulation returns the {dets, p} as related
variables, while the muhbbjective formulation returns the sdt f, p, s}. Normally, there will be
subjective influences in problem formulati®rdifferent designers may chao$ model the same
problem in different ways. However, there may be some invariant design knowledge that will be
common across these different formulations due to the physics of the problem.

Our results show that, through the capture of multiple pat{glifferent answers to the same
guery in different formulations), the method captures the differences in formulation. Through the
capture of invariant design knowledge (same answers to the same query across different

formulations) the method captures ttasic OphysicsO in the formulation.

4.3.2 Effect of the number of retained dimensions

Increasing the number of dimensidnshows that the number of variables, parameters, objectives
and functions returned reduces, until the final number of dimen&idmescomesequal to the
original rank of the matrixwhen it returns exactly the same answers as directly available in the
original prdolem formulation.The reduced dimensionalitgpproximationcaptures hidden design
patterns in the problem statement. For differemifies of designs, experimetibn on various
problem sizes will lead to the correct or an optimamber of dimesions that give the best
results. Heuristicallythe Ooptimal valueO kis the one that leads to well formulated problems.
Problem sizecamplexity of interactionsnd the design domain characteristics all affect the search
for the best value df. For example, in the cylinder design family, due to the relatively small size
of the problem, the best dimensions came out to be 2 and 3. Comiberitvgo formulations, we

can see in Figur&2, that in fixingk = 2, the multiobjective version (larger problem size) returns
more answers (8 or 9) as compared to the answers from the-@jedeive version (4 or 5). This

is an indication that, sometems, for very larg@r complexproblems, fixingk to very low values
(say 2) can mean that the algorithm is unable to discat@ betweeronceptually closgattern

groups, and it would need morargknsions to bring out the patterns. FiglBshows thatdr the
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multi-objective formulation, the number of answers returned reduces (and becomes more relevant
as OawectO answers) as we increla$®m 2 to 3. Beyond=4, the performance deteriorates, and
the answers returned are not semantically relevant.

In conclusion, the correct dimensionality is best left as a parameter that the useodifn
heuristically for various problem classes and sizes. The problemanh, $ze and complexity
affect the correct value &. From the mathematics of SVD and dimemnsility reduction, it is
clear that as th& values approach closer to the rankthe full approximation) the implied
relationships retuned reduce, till Igr, only the explicit occurrence matrix relationships are
returned. Therefore, as a heuristic éboosing a OgoodQalue, the search is limited to the range
of initial k values that return implied relationships when these relations are not evident from the
original matrix A. To identify the welformed reformulations, we choose tkevalues that
returned implicit information, and then used thent€ans clustering algorithm or the matrix
reordering approach based on cosine measurem@fitisin this range of chosek values, if a
well-formed reformulation existfoththese methods return such a refolation in the form of

tightly coupled clusters of variables and functions.

Figure 13

5 Problem Reformulation Tasks: Aeroengine problem

We now demonstrate the method on a -moalytical Design Structure Matrix (DSM)
representation of a large commercial aftrengine (Pratt and Whitney PW4098osa et al.,
2003)for the following tasks: (1) design decomposition; and, (2) modular and integrative systems
analysis. This problem, in demonstrating the design decomposition task, also served to validate
whetrer it is able to identify the OcorrectOmublem clusters, given a problem with a significant
amount of couplingandfor which the sukproblem decompositions are already-gedined by a
designer. In the design decomposition experimemt perform a resrse analysi® we already
know the OanswerQ, i.e. theublem clusters that are pdefined by the designer, and we check

whether the method is able to return the same OanswerO.
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5.1 Design Decomposition
Figure 2(b) shows the 8 subsystems that form theeagine. The system and ssystem
definitions have been identified by a team of collaborating designers and industry design experts
(Rowles, 1999; Sosa et al., 2008)cross between two components in the mainows that they
share a design interface or dependency. Thus, in the occurrenceAnajixs 1 if components
and j share a design interface, and is O if they do not. All diagonal entiie$ With the
interpretation that a component shares agmesiterface with itself. The 544 matrix in Figure
2(b) shows the subystems already identified. This serves as a validatiorbtéste merge the
subsystem information inta singleoccurrence matrix, without telling the method about the sub
system éfinitions that design experts have -plecided, will the method be able to identify these
subsystems as tightly bound clusters? Thus, the method does not know about-systeuois,
only the explicit design dependency information between any two conmigorieleewhere, we
have shown using small exampl&arkar et al., 2008hat the method can be successfully used
for design decomposition. In this problem, we test the method on performing design
decomposition on a larggcale complex problem.

We applied the method to the matAx without providing it any identification on stdystem
boundaries. The results show that our method is able to identify thsystg#m boundaries,
keeping a cosine threshold of 0.7, anck=2. We use SimonOs generdinigon of a Onearly
decomposable systemO in which the decomposition should lead to weakly interacting subsystem
with strong interactions within each sajstem. In terms of our method, the Ostrong interactions
within each suksystemO clause implies tltaimponents of the same ssystem have strong local
interactions through shared design interfaces, and will show mutually high cosine measurements
This enables them to be identified as a cluster or chunk. We identify these clusters by using the
matrix reordering algorithm on cosine measurement matrices (FigureB 18) that cluster
together design elements with high similar cosine values, thereby allowing the identification of the

cosine threshold.
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Figure 14(ah) shows the cosine measurements for theuBsystems. For ease of visual
representation, we show these 8 matrices, but they are part of the same ld&gentadrix
produced as a result of the SVD decomposition, and can be identified using the matrix reordering
algorithm. Note that very few Oouti® do exist (values lower than 0.7). They point to the
observation that two specific components within a-sygiem do not share a strong local
interaction. This is not unlikelpnot all components will have strong local interactions with all the
othersto be defined as a stdystem. The subystems are identified based on the observation that
mostmeasurementsithin a clusteishow cosinezalues well above 0.9.

Figure 14: (a), (b), (c), (d), (e), (f), (9). (h)

Because this method works by measuring ithisted OglobalO patterns of associations between
the aereengine components, it reveals implicit indirect associations as well as explicit ones. Even
those componenthat do not interact directly with each other show a high cosine similarity with
each otkr based on common interaction with a third components. As a simple example, note from
the original matrix (Figure 2(b)) that, in the Fan sylstem, component 1 shares design interfaces
with components 3 and 4 but not with 5. Both components 3 and 4asdagggn interface with 5.

Now, note that in the original matriX, there would be a 0 for matrix entAis. However, the
cosine between component 1 and 5 afterktheduction comes out to be 0.9948 (Figure 14(a)),

which is an indication showing that theo share a high semantic relation.

5.2  Modular versus integrative systems analysis

Going back to SimonOs definition of a Onearly decomposable systemO, there is anotBer clause
that of Oweakly interacting sspstemsONot only will the components within ails-system show

high interaction, as a group, this ssystem will show low interaction with other sapstems.

Thus, ideally,components within the stdystems we have identified should show low cosine
measurements with all the other components from ther @ubsystems. W have demonstrated

this for small scale problem&arkar et al., 2008)n largescale design problems such as this one,

it is rare for a system to be perfectly decomposable. One of the main problems is that it becomes
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difficult to identify subsystem boundaries, because elements within asystem share design
interfaces with elements from other ssistems. It is for this reason that we aim for a Onearly
decomposable systemO rather than a Operfectly decomposable one@e# inegortant now to
analyze which sulsystems within this large system are modular and which ones are integrative, to
reach upon a final decision on the decomposition.

The original source paper provides the following definitions for modular and integrat
systems: Oa hypothetically perfect modular system would be one whose components do not shai
design interfaces with components that belong to othersgstem® On the other handa
OOhypothetically perfectOO integrative system lveoolde whose compents are completely
physically distributedhroughout the product resulting in components that share intevébesl|
the systems thatomprise the produ€@For a perfectly modular systemyr method would show
very high intra suisystem cosine measments and very low inter sigystem cosine
measurements.

For the aergengine problem, however, components of onessigbiem share design interfaces
with components from other sidystems. In such a case, modularity is defined on the basis of the
observabn that subsystems that share concentrated interactions with only a few other sub
systems (for instance, on account of spatial integrity) will be defined as modular. On the other
hand, suksystems that show distributed interactions with all othersydiems will be defined as
integrative. For example, the Low Pressure Compressor (LPC) subsystem is a modular sub
system, because its components share design interfaces with components from the Fan and tr
High Pressure Compressor (HPC) smyistems but not @h the others. On the other hand, the
externals and controls sigystem is an integrative one because its components shares design
interactions with components from all the other-systems.

Following up this example in terms of our method, the LPC systeould show high cosine
similarity with the Fan and the HPC systems but low cosine similarity with the other systems.

Figure 15(ad) shows that this is indeed the c&sthe LPGFan, FaALPC, LPGHPC and HPE
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LPC matrices show high cosine measurementse M@t the measurements for a pair lead to two
different matrices because the original matrix contains asymmetric design relations.
Figure 15: (a), (b), (c), (d)

Figure 16 shows, as examples, that the {HRT and HPILPC matrices show low cosine
similarity as confirmation that the LPC sslgstem shows low cosine similarity with the elements
from all other suksystems for which it does not share design interfaces with. From our results, the
LPC subsystems show low cosine similarity with HPT, LPT and CQesys.

Figure 16: (a), (b)

The external and controls ssigstemis identified asan integrative subsystem asir results
show that ithas high cosine measurements components from almost all the otfsgtsserins. Our
method identifiegshe Fan, LPCCC, HPTandLPT as the modular systems. The HR®\Gtem falls
somewhere in between the clearly modular and clearly integrative syBternsmore modular
than the externals and controls system, but more integrative than all the Titlesesresultsnatch
the resllts reported by the auth®m the source paper.

In the ®urce paper, the decomposition of the aeroengine into the-8ystdms was based on
information collected from design experiis information was not provided to our method, but
the decompositiorsuggested by the method OmatchesO the results produced by human experts
Decomposition of large systems into systems is heavily dependent on subjective choices
exercised by designers. Frequently, there is no one OrightO solution. Using this mdthod, an
varying cosine thresholds ard values, designers can use this method to observe multiple
decompositionsLastly, because thmethod captures implicit and explicit relationships between
design elements in distributed way, changing jusine dependencyalue in the original matrix
will produce changes in all theesulting matrices and cosine values, which may then alter the
decomposition decisiosuggested. This allows designers to experiment with the matrix entries, i.e.

thedependency matrix an effigent way to observe how the decomposition decision may change.
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6 Theoretical conjectures
Design problem modeling andfoemulation is not a welunderstood cognitive task.od do
humans infer and reason an ambiguous and 4#itructured knowledge domasud asdesign,
represent such knowledge using a formal, precise, unambiguous representationabsgistas
mathematics, and juggle between the semantics of design knowledge and syntax of representatio
in a robust manner? A symbolic Al view wolwddyuetha the process is based ames operating
on symbolic representations Oall the way downO. However, the methoesamt pere shows at
least fourabilities that are not explained by thigwi (1) an ability tdnfer design semantics that
are difficult to encode as formally stated algebraic, logical or symbolic Or®sén ability to
learn implicit senantics that ar@ot explicitly coded into the design representati{@) an ability
to automate a range of tasks that traditionally require a rangeferfedif solution algorithms, i.e.
different symbolic approaches and methaaisd (4) an ability to infer multiple OrightO answers
instead of one OrightO answer. This last ability also characterizes a quality that separates desi
from traditional Al problen solvingbthe existence of multipleonrdominated solutionghat can
qualify as OrightO solutions in an open solution space that develops along with the search for
solution, instead of aingle solution or &losed set of solutions, the space of whecHefined and
fixed at the time the problem is definéithe method shows that it is possible to perform problem
reformulation tasks using a pattern recognition and extraction approach on symbols. This is
different to symbols being used to define Oexfliciileso reify semantic knowledg design
representations.

Although we do not claim to present a computational model for any cognitive phenomena in
this work, we do believe that the structurecofjnitive neurobiological mechanisms can provide
metaphos to inspire the design of robust computational mechanisms. We show that empirical
findings on brain processes in cognitimeuroscienceand theoretical claims for knowledge
representation and memonyrocessmodels in situated cognition and constructivenmory

viewpoints in cognitive sciencecorroborate the structure and performance of our method. We
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present a set of theoretical postulates that propgsFspective on how symbols may intertt

account for the demonstrated success of the-B&2d methogresented in this paper.

6.1 What is the connection between design syntax and semantics?

Whether knowledge in the brain exists in symbolic fd®mon, 1995)or is only represented
symbolically (Clancey, 1997, 1999 a lasting debate relevant to any discipline that concerns
itself with intelligence and its artificial construction. Design is no excepilesign is a discipline
with the pragmatic aim of transforming the world we inhabit intonae desirable future world
(Simon, 1975; Gero, 1990). Designing, as a process, deals dattnang a formulation that has to
be representeth order to be realize&nd yet cannot be defined precisbBcause it does not yet
exist. It is recurrently forced to confront conceptual debates on knowledge and its symbolic
reification. The physical realization of any design enacts outehgion between the need to
reason ith abstract, ambiguous,-ditructured (Simon, 197&nowledge of the world and the need
to represent such knowledge in a symbolic, preewed;structured way in order to formalize the
processs of designing and production.

Whatever be the form in whicknowledge exists in the brain, we know that an observable
result of the cognitive activity of designing is the external symbolic representation. We work with
the following general hypothesif: the symbol is a syntactic abstraction produced by the brain
(internally or externally), then there is a relationship between the symbolic system of
representation and the semantic content that it intends to repres@mtdesign, this implies that
there is a connection between the symbolathematical design repsentation and design
semanticsWhat is this connection?

The basis of pure symbolic Al, the physical symbol system (PSS) hypothesis, gives us the
following understanding: OA PSS is simply a system capable of storing symbols (patterns with
denotations), ah inputting outputting, organizing and reorganizing such symbols and symbol
structures, comparing them for identity or difference, and acting conditionally on the outcomes of
the tests of identity. Digital computers are demonstrably PSSs, and a solidfb®dglence has
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accumulated that brains are also. The physical materials of which PSSs are made, and the physic.
laws governing these materials are irrelevant as long as they support symbolic storage and rapit
execution of the symbolic processes mentioabdveEO(Simon, 1995 p.104). Following this
kind of pure symbolic Al logic, the symbol@is a reference to a physical quantity in the world
being modeled Ointernal diameter for a hydraulic cylinderO. Simggnhbol & is a reference to
a physical quantity Ohoop stress in the cylinderQ. Symbolic relations and operations exist betwee
these symbols. Inside a computer, there is no notion of symbol to object mapping. The computer
needs a human being to interpiteat @O means Ointernal diameterO.

Because the mapping is defined by designers, in such OruleO representations, thette-is a one
one mapping between symbol and meaning. However, the preceding quote would suggest tha
there is no difference in the@a it exists in a computer program and the widy €xists in the
brain. Symbolic operations betwed®é&nd @Owould be the same as inside a human brain and in
a computer. We surmise that there must be a difference based on the evidence that humans c:
produce design formulations and reformulations, but cannot always explain the OrulesO by whict
they do it. Computers, on the other hand, cannot perform this behavior at all; else, it would have
been a routinely automated one.

Symbolic Al or expert systems leab approaches take a OsymbolO to Oobject in the worldO
relationship as a given. From this basis, a symbol represents some object or construction in the
world. Symbolic operations between these symbols are then encoded as OrulesO, and this becon
the defirition of OknowledgeO®. However, the idea of a direct OsymbolO to Oobject in the worldt
relationship (the original design occurrence matAy cannot explain why the design
representation should be able to encode OimplicitO or OlatentO meaning. Why vigi&VD,
measures syntactical associative patterns, able to reveal implicit semantics that are not explicitly
coded into the syntax? Indeed, why did we choose SVD as the algorithmic basis for this method?

As the work in this paper shows us, semangéisighknowledge is richer than what is directly

observable fronthe sparseness its external representation. For example, consider gtares a
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OdeepO, OimplicitO or OlatentO relationship with the hoop stress sebetidd, vithout even
occurring in itexplicitly. It is hard or impossible to engineer a Osymbolic [reasoning] processO
based on Ocomparing them for identity or difference, and acting conditionally on the outcomes of
the tests of identity(®imon, 1995p.104) to explain such implicit relationships. However, human
designers seem to use such associational implicit relationships abundantly, almost in an intuitive,
pattern/ perceptual recognition sense. Evidently, there is ntbame mapping or correspdence
between the symbol and its semantic meaning in terms of the reference to the OthingO in the wor|
out there, between design syntax and design semantics. The semantic meaning contained in
single symbol seems to be distributed over the whole syesfesymbolic representation, and
seems to require this whole system to explain its intended meaning. Tie-aree mapping
representation (the original design occurrence majixs sparse and the actual frequency of
association between a symbol (desidgment) and its OmeaningO within a behavioral relationship
(mathematical function, simulation relation, etc.) is extremely low. The simple mapping hides, in a

latent way, the richness of associations and correspondences of a different kind.

6.2 CBymbols araOt simple@nsights from cognitive science and cognitive neuroscience
Clancey explains this dilemma by explaining that the OsymbolO does not mean the same thing in
computer and in a human. In a computer, it is an entity referring to a OthingO lated, iatomic

way. In fact, it needs a human being to make even this interpretive association between the symba
and the thing it represents. Inside a computer, it is just symbolgxatidit, fixed associations
between symbol® a OflatO relationship. ibg the theory of situated cognition and constructive
memory, Clancey proposes that, in human reasoning, a symbol is, the result of dynamic relations
couplings between perceptual and conceptual categorizations. Such a categorization allows itsel
to be GestructuredO, GeategorizedO or GreordinatedO based on experiences. The same symbol
can be a different symbol in different circumstances. In short, ClanceyOs reformulation of the
physical symbol system hypothesis suggests a focus in Blirfim the symbol itself to the

relations between conceptual categorizations that result in symbolic systems that are not static, bu
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dynamic and changing. In a human being, knowledge is dynamic, because the OmeaningO that
symbol captures continues to change ascthreceptual categorizations that lie at its basis keep
changing. In a new experience, symbols are not simply retrieved from an older experience, copied
and acted upon using descriptive rules. Perception, conception and action arise together as
physical e-activation of categorizations. This he defines in terms of Ostructural couplings between
conceptsO and Getivation and reoordinationO processes that can be simultaneous or
sequential. We summarize the important point that, in a human being, a sgmbbkn isolated
atomic entity, but is an abstraction that requires a large body of perceptual and conceptual
activations to define it. These develop through experience. It is the dynamic relations activated in
experiences that give rise to symbha@edthese very same relatiotigat are important in capturing
its meaning. ClanceyOs theory provides insight into the fact that the Odynamic activations o
associations, relations and patternsO view lies at the basis of the Orules between thingsO view. Fc
OruleOs5<=00to form, we first need a dynamic activated relation betveesmdS based on alll
previous experiences that the reasoning entity has had. The OruleO is a higher order grounded res
of lower order activations between concepts and percaptbe lowest order, all combinatorial
associations and relations are possible and plausible as perceptual and conceptual relation:
Therefore, two experiences that have the same set of percepts and concepts could still be differen
because the set of peptual conceptual relations activated could be different.

So, if symbols result from semantic perceptual conceptual associations, then what can the
associations between symbols in design representations tell us about this semantics? The
development of eertise in any knowledge domain, including degi@noss, 2004)depends on
the ability to abstract and generalize paseor OchunksO of knowledge over and above the
structural details of experiences. Experts are able to extract the underlying principles of a design
domain from specific experiences. They show a capacity to develop OdeepO semantic knowledc
from the structtal aspects of the problems that they see. This gives an expert a capacity to re

structure and reonstruct this knowledge while applying it in novel situations. Further, experts
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demonstrate top down and breadth first strategies in constructing solotmesidn problemBan
ability that directly shows that given the same set of design requirements, and similar
representational systems, experts pursue a set of multiple solutions. In contrast, novice behavior i
characterized by a depth first approacherehgiven one set of design requirements, they explore a
single solution in detail before considering another one. This capacitdadine the problem and
consider multiple solutions is typical to design expertise.

Empirical studies in cognitive neumsnce(Mesulam, 1998khow that this is a fundamental
ability in human reasoninBthe ability to extract invariant features fromisodic experiences that
occur through perceptual conceptual activations and generalize them into abstract concepts,. Th
abstracted OknowledgeO is then independent of the specific details of these episodic experience
Further, Oin translating sensatiatoiactionEidentical sensory events can potentially trigger one
of many reactions, depending on the peculiarities of the prevailing corfidesDlam, 1998p.
1014). Abstraction and generalization of multiple OrightO patterns, therefore, seem to be
fundamental processes that exist across all ranges and levels of representation. They lie at the bas
of the ability to act in a new s#tion on the basis of what is abstracted and generalized over
previous experiences. Carrying this interpretation over to design representations, the SVD methoc
reveals that there can indeed be multiple patterns encoded within a single design representatior
There may bemultiple potential nordominant reformulations are possible depending upon the
level of abstraction (cosine thresholds dadalues). We discussed in Sections 4 and 5, for
example, that different design decomposition results appear by gahgncosine threshold and
thek-value, and all of these may be considered to be OvalidO decompositions.

A symbol is, in a way, the result of the Ohighest levelO of abstraction produced by any specie:
(Deacon, 1997)over perceptual conceptual dynamic activations in experiences. Symbolic
reasoning and representation is the hallmark for human beings. It is what sets them apart fromr

other species. To understand heymbols may reify knowledge in design representations, we
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should explore what kind of abstraction, extraction and encoding of knowledge happens across
experiences that involve symbols in large part, such as design experiences.

Deacon (1997) uses C. S. ReOs theory of the three modes of referBricens, indexes and
symbols. An icon is a reference to an obviously perceived similarity between two things, an index
is an indication of some correlation, while a symbol is an agreed upon conventional skiption
between two things. In this sense, an indexical association is one that exists between a symbol an
the object it is referring to. A symbolic association is one that exists between two symbols. He
proposes that reference is hierarchi®alo be capalel of indexical reference is to be already
capable of iconic reference, to be capable of symbolic reference is to be already capable of
indexical reference. This, however, is only the first proposition. His second, and stronger,
proposition is presented bgporting extensive empirical results on actual symbol learning and
grounding experiments performed with primates, the chimps Sherman, Austin and Lana. The
proposition is this: Othe learning problem associated with symbolic reference is a consequence ¢
the fact that what determines the pairing between a symbol and some object or event is not &
probability of their ceoccurrence, but rather some complex function of the relationship that the
symbol has to the other symbolsEDeacon, 1997p.83) In our case, the symbol is the design
variable, and the event or object it is paired to is another variable or behavior expressed through ¢
mathematical function. He is saying that a symbol does netit®sndexical association with the
object it is referring to (O to internal diameter of a cylinder) even though there is no direct
physical referent present (an actual hydraulic cylinder does not exist yet), because Othe possibilit
of this link is mantained implicitly in the stable associationsO between symbols. This is also
known as decontextualized meanings, a behavior known only to exist in humans and is a key
aspect of human symbolic processing. There is a kind of dual reference in opPrayiobols
refer to objects (sense); they also refer to each other (reference). Finally, after a symbolic systen
of representation has been developed through extensive indexical interactions between symbol an

object, the mutual reference between symbols is tspitk out the reference between objects and
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not vice versa. This directly implies that symbols exist contextually in a sytleenpower of one
symbol to explain an indexical meaning about an object is distributed over its associations with all
the otker symbols that it exists with. Using language as the explanatory domain (We refer to our
analogy from Section 2 in the bracketed words.), he @agacon, 1997p.83) Othis referential
relaionship between words [design variableB] words [design variables] systematically
referencing other words [design variabl&forms a system of higher order relationships that
allows words [design variables] to Bboutindexical relationships [desigtrscture and behavior],
and not just indices in themselves. [This distribution of relations] is also why words [variables]
need to be in context with other words [variables] in phrases and sentences [mathematical
functions], in order to have any determmaéference [and potential OmeaningQ]. Their indexical
power is distributed so to speak, in the relationships between words [variables]. Symbolic
reference derives fromombinatorialpossibilities and impossibilities, and we therefore depend on
combinatims both to discover it (during learning) [design] and to make use of it (during

communication) [in our case, design representation].O

6.2.1 Why SVD reveals design semantics from syntax?

We are now in a position to explain the answer to the OwhyO questiors By able to reveal
semantic relationships from the syntax? We believe the success of SVD for this method is basec
on the observation that the syntax (and more explicitly, the occurrence matrix) is a representation
in which each symbol occurs contextualyth other symbols, and in representing knowledge as
such, is a distributed map of associations, relations and patterns between symbols. SVD is able t
capture this kind of mutual referencing between symbols that encodes semantic meaning. No
single higherorder logical pure symbolicAl OruleO is able to describe such distributed, multiple,
combinatorial referencing. SVD can because it is a unique matrix factorization methol@-that
couples the distributed associative relationships containing dependenay ra&dundancy
information into two independeratbstractspacesand then uses combinations of these abstract

vectors to describe the original elemenife dimensionality reduction step in the method re

38



Revised/FinaSubmission to Special Issue AIEDAM DCC@&arkar, Dog and Gero, Learning Symbolic Formulati
structures these relations in a lower dimensionalespadring out themplied strong and weak
patterns. Drawing from the above discussion, we propose the following theoretical postulates
relating the syntax of design representation, the semantic meaning it intends to represent, anc
knowledge reification mehanisms that connect the two:

1. A symbolicmathematical design formulation embeds the semantic meaning of a design
object in explicit and implicit ways.

2. Explicit meaning arises from the locally represented mathematical mapping between two
symbols. Implicitmeaning arises from the global, contextual,-egplicitly represented
associative relationships that a symbol has with all the other symbols; multiple global
associative relationships (implicit meaning) derive from the local explicit relationships
(explicit meaning).

3. Explicit and implicit semantic meanings of a design can be acquired by inducing the
correct levels of abstraction to view the associative relationships between symbols.

4. Some design reformulation tasks can be modeled as processes thaimgéiditeneaning
globally acquired from local explicit relationships to change these explicit relationships.

Based on the above postulates, the capacity of SVD to extract implicit semantics and semantics
that are difficult to be coded as an explicit Gdutan be explaindwe do not need an explicitly
stated algebraic rule to capture the knowledge that a design variable is semantically implicitly
related to a behavioral constraint in which it does not appear directly. Semantic knowledge about
design strature and behavior pertaining to the object in the world is recoded efficiently within a
few symbolic associations. Operations revealing these symbolic associations will be able to predict
and communicate the actual behavior of design objects in the woildaginary ones that do not

exist yet. We can now also explain the fact that, as these associations become grounded ove
different episodic experiences, the probability of choosing a reformulation in the next similar
experience is based on a-steuctuing and rerepresentation of older maps of distributed

associations.
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Semantic meanings are polysemous and contingent upon enacted meanings (the meaning that
possible given experiences and current perception). A single symbol can influence the wfeaning
other symbols based on the statistical pattern of their occurrence. What SVD does is calculate how
the variation of the occurrence of a symbol affects the expression of that symbol and the
functioning of that symbol in producing a semantic meaning. dditian to the symbolic Orule
basedO perspective, Al could incorporate another lower level ®rtieOsimple, distributed
associations that exist between symbols and theioccarrence patterns analyzed from a
statistical pattern extraction perspectican reveal multiple semantic meanings in design

representations.

7 Conclusions

We presented a singular value decomposition habsexnsionality reduction and clustering based
method for acquiring semantic design knowledge from the syntax of design regtiegeiihe
knowledge acquisition problerwas modeled usingn unsupervisedpattern recognition and
extraction perspective. We demonstrated the method on a range of problem domains,
representational forms and problem sizes. The method performs well indecomputational
efficiency b it is knowledgelean and does not need high level knowledge engineering; it is
traininglean and needs only one or two Otrainingd examples to induce design reformulation
decisions. The method demonstrates other abilities déuabot be measured by computational
efficiency measurements alone. It is able to extract implicit semantic design knowledge from a
representation, is able to extract knowledge that is hard to encode as explicit OrulesO, is able
extract multiple Oright@formulation decisions from the same design representation, and is able to
automate various problem reformulation tasks that traditionally require a range of different
algorithms in asimple and efficient manner. In contrast to knowledge Al approachs, this
method is based on an unsupervised pattern recognition perspective. While knalieseiye
strategies and techniques make a design computation system powerful and rigorous, and guarante

optimality of decisions, they also require much effort tiddoand maintain. Therefore, in addition
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to knowledgerich approaches, it may be beneficial to explore knowldelge approaches. It is
expensive to develop, build and maintain design computation and automation systems and
methods, and have them applicallely to specific design domains or tasks. Therefore, to
augment the capacities of knowleeteh specific methods that focus on optimal solutions (for
example, systems in which knowledgeh Al methods and techniques are combined with
numerical optimizabn techniques), it may be beneficial to have exploratory modeling and
reformulation methods that allow a designer to develop insight and heuristically explore the
problem for symbolic reformulation tasks at the-ppdéimization stage.

To explain these demmstrated successes, we explored a possible theoretical basis of why SVD
is able to reveal design semantics from design syntax in such a robust manner. An analysis on th
nature of symbolic reasoning in human beings deriving from empirical findings ametttbal
insights from cognitive science and cognitive neuroscience was presented. The behaviors of the
SVD method were compared with these arguments. This resulted in a set of postulates that encod
an alternate perspective on how semantic meaning maynbeded in symbolic design
representations in a distributed manner, as patterns of associations between symbols ard their c
occurrence patterns. These patterns of associations between symivelmesented and e
constructed on different abstractionééy; reveal the encoded semantic meaning.
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A d1 mi [ m2 | m3 [ m4
human 1 0 0 1 0 0 0 0 0
interface 1 0 1 0 0 0 0 0 0
computer 1 1 0 0 0 0 0 0 0
user 0 1 1 0 1 0 0 0 0
system 0 1 1 2 0 0 0 0 0
response | 0 1 0 0 1 0 0 0 0
time 0 1 0 0 1 0 0 0 0
EPS 0 0 1 1 0 0 0 0 0
survey 0 1 0 0 0 0 0 0 1
trees 0 0 0 0 0 1 1 1 0
graph 0 0 0 0 0 0 1 1 1
minors 0 0 0 0 0 0 0 1 1

Figurel(a): LSA word-by-document example fronflandauer & Dumais, 199Y)

Hydraulic/ Explosive Cylinder Design Problem
FORMULATION EXAMPLE 1

DESIGN VARIABLES: DESIGN PARAMTERS: FORMULATION:
i Internal diameter T:Minimum Wall Thickness ~ Min f =i+ 2t
o:External diameter ~ F:Minimum Output Force ~ Sub to:
t: Wall thickness P: Maximum Pressure gl: t-T>=0
f: Output force S:Maximum Hoop Stress g2: f-F>=0
p: Pressure g3: p-P<=0
s:Hoop stress gd: s-S<=0
h1: f-(pi/d)itp=0
h2: s-ip/2t=0

Figure1(b): Single objective hydraulic cylinder problem fro(RP&palambros & Wilde, 200D)

| d g1 g2 g3 g4 h1 h2

|i 1 0 0 0 0 1 1
|t 1 1 0 0 0 0 1
[F 0 0 1 0 0 1 0
I 0 0 0 1 0 1 1
s 0 0 0 0 1 0 1
T 0 1 0 0 0 0 0
IF 0 0 1 0 0 0 0
Ip 0 0 0 1 0 0 0
Is 0 0 0 0 | 0 0

Figure Xc): Design occurrerematrix single objective hydraulic cylinder problem
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Figure 2(a): a 224 image from (Kalman, 1996)

FAN system | LPCsystem | HPCsystem :CCsystem; HPT LPT system Mech. External and Controls
(7 components) i(7 components) (7 components) (5 comps.); system (6 comps.) | Components (10 components)
(5 comps.) {7 components)
- X X X X X
FANsystem x': XX X X X X X X X
X X * X X X Xjx x X X
{7 components) X xxx x i .
X X * i X X X X X
X X X * X i
X X X *jx x H
x
LPC system xxx oxfxtxx xxfxxxxx b
X X X X X
(7 components) |« x x X X x
X X X X X X X X
X X X * x X X X X x X X
X X x X X X X X X X Xx x X
HPC system ) *x i R
X X X X Xgx x X X X X X X X X
(7 components) |« x x x x xafrxx o xxx] x x X xxax
X X X xgx X X
XX X X X X X X x X
x x X K e ————————os e oseeop oo oA et e oeee e et et beben
CCsystem i : x xxzxz : X X x xix xx:::(x ;
i X X+ X x oz x x
(5 components) H x . Xix X x
§ X X * . x X X X
HPT system THaxx x| Tixx > o
X X X * xXx X X X
(5 components) x x xx x v xfx x|x x x
H X X X X X X * X X X X X X X X
3 * X
LPT system o b x k] xxxx x s
X X * X X Xjgx XiX X X X
(6 components) X x X soxx
X X X x * X
X X X X X X
Mech. Components |x ™" t X x PR o TR ix xxx
X X X X L 9 X XX X
(7 components) x e xx
X x X X X X
X x XX x x X
X X X X X X X X X X X *jX X X X X
Externals and b x xxt 7 oxx o XU« xx
C()ntrols X X X X x x X X X X X XX T X X X X X XX
X X X XX X * x X X X Xx
* X ; X x X X X X X x X X XX
(10 components) X x x X x cx o oxx
X X X x X x X X X X X X X X@Xx X X X X X * X x X
X X X X X X X X x X Xjx X X X X * X
X X X X X X X X X X X X X * X
X X X X X X X X X X X X X X X X X X X X x =

Figure 2(b): a DSM representation frg8osa etla 2003)
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Figure 3(a)Strang, 1993)Orthonormal bases thaiagonalizeA
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Figure 3(b)(Strang, 1993)Geometrical interpretatn of transformation in 2D
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Vv 1 2 3 4 5 6 7
-0.3934| 0.2886| -0.3477| 0.0000| 0.2967| -0.3164| 0.6730
-0.2055| 04471| -04270| 0.0000| -0.6373| 0.4071| -0.0600
-0.0917] -0.4899| -0.3277| -0.5774] -0.3596] -0.4228| -0.0531
-0.2232| -0.2990| 0.3262| 0.5774| -0.5314| -0.2311] 0.2919
-0.1315] 0.1909| 0.6539| -0.5774| -0.1719 0.1918] 0.3450
-0.4879| -0.5520| -0.1054| 0.0000| 0.2292| 0.6212| 0.0882
-0.6996] 0.2151] 0.2103] 0.0000 0.1095[ -0.2817| -0.5733

1414

1.167

0.7286

0.5815!

=l =l =l =] =] (=] (=] (=]

L= = =l = =] =] =]
OlOo|o|o|o|NO|O| W
(=] [=] [=] [==] =] Lo&] [==] [==] =] F -
==l ==l ==l =1 =1 "]
= ==l =l =l = =l =l )
[e=] [==] (5] [o=] [an] [on] [an] [on] =] L |

OO NS WN =

©o|o|~|o|o| s |

N OO (WN| =

Figure 4: SVD results for matrix in Figure 1(c)

Upi21 * S2121 * Vi)
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Uggx) 1 2
1| -0.5843| -0.0273
2| -04799] 0.5377 Vi) 1 2
3| -0.2142| -0.5892 1] -0.3934] 0.2886
4| -0.5214| -0.3596 2| 0.2055] 04471
5| -0.3072| 02296 3| -0.0917] -0.4899
6| -0.0759| 02528 4| -0.2232]-0.2990
7| -0.0339| -0.2770] [Spa 1 2 5| -0.1315] 0.1909
8| -0.0825| -0.1691 1| 27055 0 6| -0.4879] -0.5520
9| -0.0486] 0.1080 2 0] 17683 7] -0.6996] 02151
=Al
k= d g1 92 a3 g4 h1 h2
06079 0.3032| 01686 03673 0.1987| 0.7979| 1.0957
07852 0.6918| -0.3467| 00056 0.3523| 0.1086] 1.1130

-0.0727] -0.3467| 0.5636] 04409| -0.1227| 0.8579] 0.1814
0.3714]| 0.0056| 0.4409| 05050 0.0641| 1.0393] 0.8502
0.4441] 0.3523| -0.1227| 00641| 0.1868| 0.1814| 0.6688
0.2099| 0.2421| -0.2002| -0.0878| 0.1124] -0.1465] 0.2399

-0.1053] -0.2002| 0.2484| 0.1669| -0.0815| 0.3152] -0.0412
0.0015] -0.0878| 0.1669 0.1392| -0.0277| 0.2740| 0.0919
0.1068| 0.1124| -0.0815] -0.0277| 0.0537] -0.0412] 0.1331

w[om[H|e [T =~

Figure 5:k-reduced approximatioA! of A, k=2

UlmX2] S[2X2] A[mX2]

S[2X2] 7[nX2] FmX2]
S0 s | Vi Yar e Var[= | Yar Yor Y
0 S» Viz2 V22 - V2 Y12 V22 - Vn2

Figure 6: Matrix operations for dimensionality reductiks2

2D Distributed Graph Representation of Design Elements and Functions

]
t ‘ t=T>=0
: .
05 i+ote
-
® s - (i"p)(2t)=0 j sa . T
s-8<=0 as
N
-}<> o
3 -
=]
c
IS pu
o~
B g i
> up p-P<=0
.
L e f-F=0
f~ (pild)*(i¥y'p =0 e
g 18 <16 14 06 04 02

EF) = EX]
U1*S1 and S1*V1

Figure 7: Graph representation for dimension reduckien?

Query i t f p S T F P S
i 1.0000] 0.7884| 05126 0.9238| 0.8847| 0.3897| 02139 06224 05419

Query |d g1 92 g3 g4 h1 h2
i 0.8881] 05500] 0.3046] 0.7722] 0.7041] 0.8218] 0.9739

Figure8(a): Cosine measurementsiokith all elements and relationskip
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2D Distributed Graph Representation of Design Elements and Functions

L] R i
0s- i+ote ‘
a7
i *#) = sH
® s - (i*p)/(2*t)=0 s-S<=(e
"""" s
& T <
» -~ 5 : _ : i | g4
— | S A A L -
c Lot
o S S S R S Pt pm=
N p-P <=0 c
8T B L
> = e
I P R
f=(pifd)*([*)tp=0 : . °
i+ O e sl f=F>=0
f L]
i L i | i I i | i | j
> 0 % i 06 04 0z 0

-12 -1 -08
U1*S1 and S1*V1

Figure8(b): Elements and relationships returned for query varigldesine threshold = 0.7

k=2 d g1 ) g3 84 hy | h;
d 1
2 | 08724 | 1
g, |-0.1674 | -0.6280 1
g | 0.3936 |-0.1060 | 0.8404 1
g4 | 0.9518 | 0.9803 | -0.4619 | 0.0925 1
h; | 0.4679 | -0.0239 | 0.7930 | 0.9966 | 0.1741 1
h; | 0.9692 | 0.7251 | 0.0806 | 0.6079 | 0.8468 | 0.6711 | 1

Figure 9(a): Design OcasesO group identification by method

2D Distributed Graph Representation of Design Elements and Functions
n
t t-T>=0
81

o5 i+2t®
? s = (i*p)2*) =0
g

U2*S2 and S2*V2

) | | | | | | | J

-2 =] 08
U1*S1 and S1*V1

Figure 9(b): Cosine measurements for groups shown in Figure 9(a)
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Multi-objective formulation:

Design variables: Design model:

Internal diameter § Min Z = zlwl = z2w2 = z3w3
Wall thickness ¢ zZi=n(ir=r)

Output force f°

Stress s

Pressure p

Objective z3
Weight wi
Weight w2
Weight w3

Design parameters:
Min Wall thickness T
Min Output force F
Max Stress §

Max Pressure P

Joint efficiency E

Figure 10: Multiobjective formulation of the hydraulic cylinder problegMjchelena & Agogino,

1988)

Variable-Parameter and Constraints—-Objectives Multiobjective Hydraulic Cylinder Design Matrix

23=p/P 4
i iy o .
® a [ (pid)p=0 P=P<=0_ _fiF<=0
> P . uf uF
& 08 23
3 ] uT
° Em o
2 o . 21 = pi (it + ) ST <=0,%1 w2, w3
S i 'y mzl
0 -os. t
k3 ° iy _ z2
o s/ (ii2t+0.6)= 0 s-S<=Q
-1 Z=z1w1 +22w2 +z3w3 S
su )
5l z2=5s/S
s .
1 - e
05 — — oz 0
08 T T, e o4
U2'S2and S2V2 ' L5 e
N SR -14
T . e U1*S1 and $1*V1

Figure 11 Graph representation for dimension reduction, naldjective cylinderk=3

No. of answers returned for different formulations of the
hydraulic cylinder problem

O Single-objective, 9X7 M Multi-objective, 17X10

O=2NWHHGOON®OO

Number of answers

T T |
i t f p s
Query variables

Figure 12: Aaswers returned from different formulations of the cylinder problem
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No. of answers returned on multi-objective problem by
varying number of retained dimensions, k = 2,3,4

Ok=2 Ok=3 Wk=4

10 4

8 |

Number of answers

O=NWwWkrOO

i t f p s
Query variables

Figure 13: Answers for different k values for the mutlbjective cylinder prolem

FAN 1 2 3 4 5 6 7
0.9968| 0.9971] 0.8024| 0.8261] 0.9948| 0.6618| 0.7017
0.9998| 0.9842| 0.7379| 0.7648| 0.9793| 0.5825| 0.6260
0.7894| 0.8757| 0.9983| 0.9998| 0.8879| 0.9646| 09775
0.6527| 0.7632| 0.9903| 0.9837| 0.7795| 0.9977| 0.9999
0.9835| 0.9430| 0.6200| 0.6515] 0.9342| 0.4446) 04928
0.6476| 0.7588| 0.9893| 0.9825| 0.7753| 0.9981| 1.0000
0.6307] 0.7443] 0.9859| 0.9782] 0.7612| 0.9992| 0.9999

NI D[ OB W N =

Figure 14(a): Fan subystem

PC 1 2 3 4 5 6 7
1] 0.9986] 0.9999| 0.9995] 0.9968| 0.8764| 0.8172| 0.8065
2| 0.9986] 0.9999| 0.9995| 0.9968| 0.8764| 0.8172| 0.8065
3| 0.9897| 0.9833| 0.9743| 0.9932| 0.7659| 0.6893| 0.6760
4| 1.0000] 0.9994| 0.9969| 0.9995| 0.8529| 0.7892| 0.7779
5
6
7

0.8215| 0.8432| 0.8661| 0.8055| 0.9986| 0.9982| 0.9970
0.6573| 0.6863| 0.7178| 0.6363| 0.9556| 0.9825| 0.9858
0.9517] 0.9630| 0.9740( 0.9430] 0.9707] 0.9378] 0.9314

Figure 14(b): LPC subystem

PC 1 2 3 4 5 6 7
1] 0.9956] 0.9961| 0.9558] 0.8484| 0.9933| 0.7935| 0.9745
2| 0.9851| 0.9861| 0.9760| 0.8876G| 0.9810| 0.8392| 0.9892
3| 0.8896| 0.8922| 0.9966| 0.9843| 0.8791| 0.9628| 0.9881
4| 0.8814| 0.8841| 0.9950| 0.9873| 0.8705| 0.9675| 0.9852
5
6
7

0.9909| 0.9916| 0.9671| 0.8696| 0.9876] 0.8181] 0.9830
0.8114] 0.8148] 0.9732| 0.9996| 0.7980| 0.9924| 0.9540
0.9293] 0.9315] 0.9999] 0.9629] 0.9207[ 0.9325] 0.9983

Figure 14(c): HPC subystem

m—

cC 1 2 3 4 5
0.9868| 0.9947| 0.9437| 0.9980] 0.9975
0.9858| 0.9953| 0.9416] 0.9976] 0.9979
0.9848] 0.9047| 1.0000| 0.9628] 0.9180
0.9735] 0.9994] 0.9190[ 0.9914] 1.0000
0.9928] 0.9894] 0.9560] 0.9998] 0.9936

QB (WIN| =

Figure 14(d): CC subystem
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PT 1 2[ 3 4 5]
0.9440] 0.9684] 0.9749] 0.9925| 0.9958
0.9959| 1.0000| 0.9998] 0.9924] 0.9436
0.8851] 0.9212| 0.9315] 0.9637| 0.9985
0.9712| 09878 0.9917] 0.9996] 0.9825
0.0623] 0.9818] 0.9866] 0.9981] 0.9883

QB (DWIN| =

Figure 14(e): HPT subystem

LPT 1 2 3 4 5 |
0.9284] 0.9729] 0.9918] 0.7779] 0.7798] 0.7760
0.9999| 0.9908] 0.9713] 0.9521] 0.9530] 0.9512
0.9947| 0.0990| 0.9888] 0.9205| 0.9217] 0.9193
0.9232| 0.8567| 0.7982] 0.9954| 0.9951| 0.9957
0.9701| 0.9238] 0.8788] 0.9986] 0.9987| 0.9984
0.9666| 00185 0.8721| 0.9992| 0.9993] 0.9991

DN B[N

Figure 14(f): LPTsubsystem

[Mech 1 2 3 2 5 3 7
1| 0.9563| 0.9921] 0.0948] 0.0947| 0.9946] 0.9981] 0.9995
2| 0.9338] 0.0984] 0.9854] 0.9851] 0.9850| 0.9915] 0.9950
3] 0.9303] 0.9750] 1.0000] 1.0000] 1.0000] 0.9993] 0.9977
4| 0.9381] 0.9642] 0.9992]| 0.9992] 0.9993| 0.9967| 0.9938
5
6
7

0.9032| 0.9998| 0.9692| 0.9688| 0.9686| 0.9783| 0.9843
| 0.9735] 0.9817| 0.9994| 0.9993| 0.9993| 1.0000| 0.9994
| 0.9543] 0.9929] 0.9941] 0.9939] 0.9938] 0.9977] 0.9993

Figure 14(g): Mechanical components sylstem

[Ext’Con] 1 2 3 4 5 6 7 8 9 10
1] 0.9971] 0.8326] 0.9981] 0.9997| 0.9997| 0.9321] 0.9679| 0.9349] 1.0000| 0.9550
iI 0.9294| 0.9419| 0.9536| 0.9644| 0.9646| 0.8168] 0.8785| 0.8213| 0.9682| 0.8548
3| 0.9994] 0.7737] 0.9993] 0.9971| 0.9971] 0.9634] 0.9881] 0.9655 0.9959 0.9797
41 1.0000| 0.7525] 0.9975| 0.9941) 0.9940| 0.9717] 0.9926| 0.9735| 0.9924| 0.9857

5] 09733| 08828] 0.9873| 0.9926| 0.9927| 0.8922| 0.9388| 0.8957| 0.9944| 0.9214
6] 0.9617| 0.5417] 0.9395| 0.9257| 0.9254| 0.9992| 0.9876| 0.9988] 0.9199| 0.9940
7] 0.9929| 0.8244| 0.9989| 1.0000| 1.0000| 0.9373] 0.9715] 0.9400| 1.0000| 0.9592
8| 09986] 0.7149] 09921] 0.9866] 09865| 0.9832] 0.9978| 0.9847| 093840 0.9935
9| 0.9714] 0.8866[ 0.9860] 0.9916] 0.9917| 0.8884] 0.9359[ 0.8920] 0.9934| 0.9181
10| 0.9940] 0.8193] 0.9993] 1.0000 1.0000] 0.9404] 0.9736] 0.9431] 0.9999] 0.9617

Figure 14(h): Externals and controls ssystem

LPC-Fan Fan1 Fan2 Fan3 Fan4d Fan5 Fan6 Fan/

LPC1 0.8029| 0.8863| 0.9967| 0.9992| 0.8979| 0.9585| 0.9726
LPC2 0.8029| 0.8863| 0.9967| 0.9992| 0.8979| 0.9585| 0.9726
LPC3 0.6715] 0.7792] 0.9934| 0.9879]| 0.7950| 0.9956| 0.9993
LPC4 0.7741| 0.8636] 0.9994| 1.0000| 0.8762| 0.9708| 0.9824
LPC5 0.9965| 0.9973| 0.8045| 0.8281| 0.9951| 0.6645| 0.7043
LPC6 0.9868| 0.9493| 0.6350| 0.6660| 0.9409| 0.4618| 0.5095
LPC7 0.9291] 0.9755) 0.9424| 0.9553]| 0.9809| 0.8530] 0.8802

Figure 15(a)LPCBbFan cosine measures

Fan-LPC |LPC1 LPC2 LPC3 LPC4 LPC5 LPC6 LPC7

Fan1 0.8194| 0.8413| 0.8643| 0.8034| 0.9984| 0.9984| 0.9972
Fan2 0.7572| 0.7823| 0.8090| 0.7390[ 0.9877] 0.9990| 0.9996
Fan3 0.9996| 1.0000] 0.9986| 0.9984| 0.8655| 0.8041] 0.7932
Fan4 0.9858| 0.9784| 0.9683| 0.9900| 0.7495| 0.6709| 0.6573
Fan5 0.6426| 0.6722| 0.7042| 0.6214] 0.9498| 0.9788| 0.9823
Fan6 0.9846| 0.9770| 0.9666| 0.9891| 0.7451| 0.6659| 0.6522
[Fan? 0.9805] 0.9721] 0.9608| 0.9856] 0.7303]| 0.6494]| 0.6354

Figure 15(b)FanbLPC cosine measures
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LPC-HPC |HPC1 HPC2 HPC3 HPC4 HPC5 HPC6 HPCT

LPC1 0.9998] 0.9999| 09314| 0.8068] 0.9991] 0.7463| 0.9553
LPC2 0.9998| 0.9999| 09314| 0.8068] 0.9991| 0.7463| 0.9553
LPC3 0.9845| 0.9835| 0.8427| 0.6764| 0.9882| 0.6025| 0.8795
LPC4 0.9996] 0.9995] 09133] 0.7783] 1.0000] 0.7143]| 0.9404
LPC5 0.8396| 0.8427| 09835| 0.9970] 0.8271] 0.9850| 0.9678
LPC6 0.6814| 0.6857| 09095| 0.9857| 0.6647) 0.9973| 0.8770
LPC7 0.9612] 0.9628] 0.9937| 0.9316] 0.9547| 0.8923| 0.9992

Figure 15(c)LPCDBHPC cosine measures

HPC-LPC JLPC1 LPC2 LPC3 LPC4 LPC5 LPC6 LPC7

HPC1 0.9921] 0.9962| 0.9991| 0.9882| 0.9097| 0.8576] 0.8481
HPC2 0.9790| 0.9862| 0.9926| 0.9730| 0.9397| 0.8956| 0.8873
HPC3 0.8743| 0.8927| 0.9117| 0.8606| 0.9989| 0.9873| 0.9842
HPC4 0.8656| 0.8845| 0.9043| 0.8515| 0.9996| 0.9900| 0.9872
HPC5 0.9860| 0.9918] 0.9965| 0.9810] 0.9261] 0.8782| 0.8693
HPC6 0.7920] 0.8153| 0.8401| 0.7749| 0.9948| 1.0000] 0.9996
HPC7 0.9168] 0.9318] 0.9469| 0.9055] 0.9897| 0.9675| 0.9627

Figure 15(d)HPC BLPC cosine measures

rLPC-HPT HPT1 _ [HPT2 HPT3 HPT4 HPTS |
[cpc -0.4757| -0.3099] -0.3748] -0.2782] -0.0674
[cpc2 -0.4757| -0.3999] -0.3748] -0.2782] -0.0674
[cpca -0.6378] -0.5707] -0.5481] -0.4508] -0.2604
[cpca -0.5164] -0.4424] 04178 -0.3220] -0.1141
[cpcs 0.0589] 0.1428[ 01697| 02694 04682
[cpce 0.3010] 0.3803| 0.4053| 0.4965] 0.6699
[cpcr -0.2337] -0.1510] -0.1240 -0.0220] 0.1912]

Figure 16(a)LPCPBHPT cosine measures

HPT-LPC LPC1 LPC2 LPC3 LPC4 LPC5 LPC6 LPC7

HPT1 -0.2100( -0.1715] -0.1278| -0.2367| 0.3363] 0.4394| 04557
HPT2 -0.4413| -0.4058]| -0.3650| -0.4658| 0.0973| 0.2079| 0.2257
HPT3 -0.0638| -0.0246| 0.0196] -0.0912| 0.4712| 0.5668| 0.5817
HPT4 -0.3024| -0.2648] -0.2219] -0.3285| 0.2448] 0.3515]| 0.3685
HPT5 -0.2691] -0.2311] -0.1879] -0.2955] 0.2783] 0.3838] 0.4006

Figure 16(b)HPTDLPT cosine measures
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