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GLOSSARY
Designing1  Designing is a process of converting information that characterizes the needs and requirements for a

product into knowledge about a product.  Thus designing becomes an issue of information processing.
Meta-Design1  A metalevel process of designing systems that includes partitioning the system for function, partitioning

the design process into a set of decisions and planning the sequence in which these decisions will be made.
Decision:2  "...we define a decision as an irrevocable allocation of resources."  "There are two important characteristics

of a decision:
A decision  is made at an instant in time.
A decision  must be made based on the information available at the time it is made."

Information3.  “The degrees of freedom that exist in a given situation to choose among signal symbols, messages, or
patterns to be transmitted.”

Knowledge  The sum or range of what has been percieved, discovered and learned about a product.
Decision-Based Design:1,4  The principal role of a designer, in Decision-Based Design, is to make decisions.  Decisions

help bridge the gap between an idea and reality.  In Decision-Based Design, decisions serve as markers to identify
the progression of a design from initiation to implementation to termination.  In Decision-Based Design decisions
represent a unit of communication;  one that has both domain-dependent and domain-independent features.

Satisficing - not the "best" but "good enough".  The first use of this term, in the context of optimization, is attributed to
Herbert Simon5.

ABSTRACT
We believe that design is decision-based and the role of

"optimization" is to support human decision making.  In
this context, in this paper, we introduce and discuss
decision models to support human decision making in
design.

OUR FRAME OF REFERENCE
In this paper we explicate our views on Decision-Based

Design.  Since we are explicating our views we have
taken the liberty of referencing our own work.  In the
papers we reference in this paper we extensively
reference the work of others.

Our work is anchored in the works of Herbert Simon
and James Miller.  Simon, suggests in his book5 that
design is decision-based and one of the sciences of the
artificial.  The development of any science, particularly a
science of the artificial, is anchored on a body of beliefs,
hypotheses and knowledge.  In our case, this anchor is
provided by James Miller and his exposition of Living
Systems Theory3.

Decision-Based Design is a term coined to emphasize
a different perspective from which to develop methods
for design1.  The principal role of a designer, in
Decision-Based Design (DBD), is to make decisions.
Decisions help bridge the gap between an idea and
reality.  In DBD, decisions serve as markers to identify
the progression of a design from initiation to
implementation to termination.  Decisions represent a
unit of communication;  one that has both domain-

dependent and domain-independent features.  By
focusing upon decisions a description of the processes
written in a common “language” for teams from the
various disciplines, a language that can be used in the
process of designing, is obtained.

In this definition, the term product is used in its most
general sense;  it may include processes as well.  The
conversion of information into knowledge takes place
through a process of decision making.  The
characteristics of design decisions are governed by the
characteristics associated with the design of real-life
engineering systems.  These characteristics are
summarized by the following descriptive sentences1:
• Decisions in design are invariably multileveled and

multidimensional in nature.
• Decisions involve information that comes from dif-

ferent sources and disciplines.
• Decisions are governed by multiple measures of

merit and performance.
• All the information required to make a decision may

not be available.
• Some of the information used in making a decision

may be hard, that is, based on scientific principles
and some information may be soft, that is, based on
the designer's judgment and experience.

• The problem for which a decision is being made is
invariably loosely defined and open and is character-
ized by the lack of a singular, unique solution.  The
decisions are less than optimal and represent
satisficing  solutions.
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These characteristics are equally applicable to
decisions in other processes in the product life-cycle.
Concurrent Design, in our view, is that part of
Concurrent Engineering that is directly concerned with
defining the product for manufacture and other
downstream life-cycle processes.  Any scheme for
accomplishing concurrent design will have to take the
above-mentioned decision characteristics into account.
Clearly, in concurrent design, the product developers
need to focus on making decisions concerning the system
and related processes simultaneously and in so doing
consider the interaction of these decisions.

In our opinion, there are three issues that bear scrutiny,
namely, the creation of a decision-based model for inte-
grated process and product development, the modeling
and the evolution of decisions along a time-line and the
issue of scaling.  In this position paper we limit our
remarks to the second issue.

THE DESIGN EQUATION
In order to identify a fundamental model for designing,

we look to our paradigm of Decision-Based Design.  In
keeping with the definition of designing as a process of
converting information that characterizes the needs and
requirements for a product into knowledge about a
product, we state our perception of knowledge,
information and data.  It seems that a preferred order has
been developed among these three terms.  Knowledge is
the most concrete form.  By reasoning, discussion and
other mind-involving processes, knowledge is derived by
human beings from information.  Thus, information is
always required before we obtain knowledge.
Knowledge is specific information. The implication of
this is that general information exists before knowledge
(specific information) along a time-line.  For instance, in
science we use knowledge generated by other scientists as
information in order to obtain new knowledge.  Data is
the simplest form and is characterized by a sense of
hardness.  Data and facts are often considered to be
equal.  Data is information, but not all information is
data.

Using the preceeding connotations for information and
knowledge, we are able to derive algebraic expressions
for Decision-Based Design, namely, the Decision-Based
Design equations.  From our definition of designing we
derive an algebraic representation for a single conversion
of information into knowledge, namely, the design
equation6 ,

K = T(I), (1)
where

I is a vector with n components
representing the information,

K is a vector with m components
representing the knowledge,

T( ) is a function to transform the vector I into
vector K; the transformation function T(

) comprises of a set of m functions, that
is, T( ) = (T1( ),T2( ), ...,Tm( )).

The preceding equation represents a single
transformation of information into knowledge.  In
Equation 1, I represents the information that will be
transformed into the knowledge K.  In the design
equation, the transformation of information into
knowledge is represented as a vector function, namely,
T().  The design equation is the most general algebraic
representation of a conversion of information into
knowledge.  In Figure 1, we present a graphical
representation of the design equation with some practical
examples of transformations of information into
knowledge.

Information KnowledgeTransformation

I KT

Resources

Drawings

Data

Design Process

Manufacturing

Regression Analysis

Specifications

Parts

Equation

Input Relationship Output

FIGURE 1: The Design Equation K=T(I) 6

It is clear from Figure 1 that the design equation can
take many forms.  For instance, K may contain
knowledge about a set of parts to be manufactured and I a
set of drawings.  Then T( ) represents the manufacturing
process.  In this case, we have captured the “design for
manufacture” in our equation 6.

We model the design equation K=T(I) as a
relationship.  Relationships in a process can occur in
different forms, for example, as a computer program,
knowledge base, rule, neural network, mathematical
programming formulation, a simple formula, etc.  When
knowledge and information take on different forms, a
uniform information representation scheme becomes a
necessity.   However, a uniform representation scheme
can only be developed by recognizing that all
relationships require some form of input and generate an
appropriate output.  This view facilitates the combination
of different types of relationships into networks and
hierarchies.  The hierarchies represent the knowledge
and information held and generated at different levels of
abstraction whereas the networks represent the change in
knowledge and information along a time-line.

As an approximation of the design equation we
introduce the meta-design equation  6,

∆K = [T] ∆I, (2)
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where
∆I is a vector with n components

representing a difference in information,
∆K is a vector with m components

representing a difference in knowledge,
[T] is a m x n matrix transforming vector ∆I

into vector ∆K.
The meta-design equation (Equation 2) is a special and

simpler case of the design equation.  The meta-design
equation is a first order Taylor series expansion of the
design equation.  In the meta-design equation the
conversion of information into knowledge is embodied in
the transformation matrix [T].  We use the meta-design
equation to convert a difference in information into a
difference in knowledge due to a difference in
information.  In the meta-design equation we are
concerned with designing a design process.

In the design equation (Equation 1), a single
knowledge element Ki is expressed in terms of the
information as 6

Ki = Ti(I). (3)
In the meta-design equation (Equation 2), a single

knowledge element Ki is expressed in terms of the
information as 6

∆Ki =  Tij∆I j
j =1

m

∑ . (4)

The elements of the transformation matrix [T] in the
meta-design equation (Equation 2) can be derived from
the design equation, namely,

Tij =  
( K  )
( I )

   i

j 

∂
∂

=  
( T (I)) 

( I )
i

j 

∂
∂

. (5)

One form of the matrix [T] in the meta-design
equation is interpreted as equivalent to the matrix [A] in
Suh’s axiomatic design equation, FR=[A]DP, where FR
is a vector of Functional Requirements and DP is a vector
of Design Parameters 6.  However, the [T] matrix is not
limited to functioning as an approximation between FRs
and DPs.  It has the capability to provide an approximate
relationship between ∆K and ∆I for any design.  The
function Ti() in Equation 1 is satisfied by multiple
Decision-Support Problems (DSPs).  Hence, DSPs are the
implementation of the design equation within DBD.

DECISION-SUPPORT PROBLEMS
The Decision Support Problem (DSP) Technique is one

embodiment of DBD.  The DSP Technique consists of
three principal components:  a design philosophy rooted
in systems thinking, an approach for identifying and
formulating Decision Support Problems (DSPs), and
software.  The DSP Technique requires that a designer
implement two phases, namely, a meta-design phase and
a computer-based design phase.  Meta-design is accom-
plished through partitioning a problem into its elemental
DSPs and then devising a plan  of action.

Decision Support Problems provide a means for model-
ing decisions encountered in design and the domain
specific mathematical models so built are called
templates.  Multiple objectives, quantified using analysis-
based “hard” and insight-based “soft” information, can
be modeled in the DSPs.  For real-world, practical
systems, all of the information for modeling systems
comprehensively and accurately in the early stages of the
project may not be available.  Therefore, the solution to
the problem, even if one is obtained using optimization
techniques, cannot be optimum with respect to the real
world due to the inherent approximations in the model.
However, this solution can be used to support a designer's
quest for a superior solution.  In a computer-assisted
environment this support is provided in the form of
optimal solutions for DSPs.  Formulation and solution of
DSPs provide a means for making the following types of
decisions:

• Selection - making a choice between a number
of possibilities taking into account a number of
measures of merit or attributes7,8,9.

• Compromise - a primary DSP - the determina-
tion of the “right” values (or combination) of
design variables to describe the best satisficing
system design with respect to constraints and
multiple goals.10.

• Derived DSPs (see Figure 2) - a combination of
primary DSPs to model a complex decision, e.g.,
selection/selection, compromise/compromise
and selection/compromise decisions11,12,13,14.

 Derived Decisions:  Dual Coupling

 Primary Decisions Primary Decisions

Compromise

Compromise

Compromise

Selection

Selection

Selection

Selection Compromise

Compromise Compromise Compromise

Selection

Selection Selection

 Derived Decisions:  Dual Coupling

 MULTIPLE COUPLING Derived Decisions:  Multiple  Coupling

FIGURE 2 - Primary & Derived Decisions11

Selection and Compromise Decision Support Problems
may be solved in an environment in which uncertainty
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and risk are taken into consideration15,16,17,18  Support is
also provided for heuristic decisions which are made on
the basis of a knowledge base of facts and rules of thumb;
heuristic DSPs are solved using reasoning and logic
only19.

Some DBD-related publications:  A decision-based
taxonomy for multidisciplinary design is described by
Lewis and Mistree in 20 and the modeling of interactions
between disciplines using a game theoretic approach in
21. A robust, decision-based method for concept
exploration is documented by Chen and co-authors in
22,23.  The concept exploration method has been used in
determining a ranged set of specifications for a product
family24.  A paradigm shift in design for manufacture
that is rooted in DBD and living systems is proposed by
Peplinski and co-authors in 25.  The processes of design,
manufacture, and maintenance are modeled in the DSP
Technique using entities, for example, phases, events,
tasks, decisions, and information.  A designer working
within the DSP Technique has the freedom to use sub-
models of a design process (prescriptive models) created
and stored by others and also to create models
(descriptive models) of their intended plan of action
using the aforementioned entities.  A prototype of a
Design Guidance System, based on the Decision Support
Problem Technique is described in 26,27.  A Design
Learning Simulator for learning how to design using the
DSP Technique may be accessed at URL:
http://www.srl.gatech.edu/DLS

SATISFICING & OPTIMIZING
In the DBD paradigm the role of optimization is to

support  human judgment not  replace it.  Our focus
therefore is to share our observations with respect to
modeling such support for human decision making from
the perspective of an optimizer  and that of a satisficer.
Let us explain.  Consider a haystack with a number of
needles hidden in it.  An optimizer  will continue
searching the haystack until the last needle has been
found.  A satisficer, on the other hand, stops when he/she
had found enough needles to proceed to the next step.
We can capture the perspective of the optimizer by using
the single objective optimization model and we can
capture the perspective of the satisficer by using the
compromise DSP.  This has been explained in detail
using a rotating disk example28.  That leads us to the
question:  What is the base-line model to capture a
decision?

We define, for the purposes of this paper, that the
baseline model is the initial, unified crude mathematical
description of a decision in decision-based design.  It
encompasses all classes of mathematical models.  It is a
vital phase of model development and consequent
problem solving.  A detailed description and examples of
its use are given by Ignizio29,30.  The omission of the
baseline model can serve to both limit and distort a

designer’s concept of actual model development.  At this
point we make a distinction between constraints and
goals in a design problem.  Constraints are criteria that
have to be met in order to obtain a feasible solution.
Goals  represent properties that are desirable in a design.
In a real world problem, one can easily distinguish
between the constraints and the goals.  This
understanding is very important and hence we make a
clear distinction between the constraints and the goals in
our baseline model.  An interesting aspect of the baseline
model representation is that it is independent of the
approach used to solve the problem.  A typical baseline
model for a design problem is as follows:

Given An alternative that is to be improved
through modification.

 Assumptions used to model the
domain of interest.

The system parameters.
All other relevant information
    including:

Ai (X) achievement function i
Gi goal or target value i
n number of problem variables
t number of goals
u number of constraints
p equality constraints
u-p inequality constraints
r maximizing objectives
s minimizing objectives

Find  The vector of problem variables   X
Satisfy The constraints

Au(X)   
=
=
=

    Gu    for all u

The goals

At(X)    
=
=
=

    Gt    for all t

Maximize Ar(X)  for all r
Minimize As(X)  for all s.

Note that in this model we have u constraints, t goals, r
maximizing objectives and s minimizing objectives.

Unfortunately, there is no optimization code available
to solve the preceding baseline model in its most general
form.  Of course, one could develop some sort of heuristic
scheme to solve all varieties of the baseline model and in
the limit solve this problem by brute force.  But, this is
not germane to our current discussion.

Typically, we convert the base-line model to either a
conventional single objective model or a multi-objective
model that can be solved using an appropriate
optimization algorithm.  There are different modeling
techniques to convert the baseline model for its solution
by different codes.  The philosophies behind the
development of these modeling techniques vary and so
they differ in distinct ways.  The conversion of this
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baseline model to the different modeling techniques,
namely, the compromise DSP and the traditional single-
objective approach is where our interest lies.  The
compromise DSP is a hybrid between goal
programming31 and mathematical programming models.
Although, both goal programming and compromise DSPs
share the concept of deviation variables (associated with
deviations from target values for a designer's goals), what
distinguishes them is the use of constraints and bounds in
compromise DSPs.

TABLE 1 - The Optimization Problem versus the
Compromise DSP

optimization problem compromise DSP
given the feasible

design space
(consisting of

constraints and
bounds)

given the feasible design
space and the aspi-

ration space
(consisting of goals)

 find values for the
system variables

find  the values for the
system and

deviation variables
satisfy the feasible

design space
satisfy the feasible design

space
optimize a given

objective function
minimize the discrepancy

between the
feasible design
space and the

aspiration space

The optimization problem in Table 1 is stated as
follows:  given the feasible design space (consisting of
constraints and bounds), find the values for the system

variables that satisfy the feasible design space and
optimize a given objective function.  The statement for
the compromise DSP in Table 1 reads:  given the feasible
design space and the aspiration space (consisting of
goals), find the values for the system variables that
satisfy the feasible design space and minimize the
discrepancy between the feasible design space and the
aspiration space.  The difference in the two statements
indicated as boldface text in Table 1 is of fundamental
importance to the discussion that follows.  The
mathematical forms of a typical baseline model, a goal
programming model, compromise DSP and the
traditional single objective approach are given in Figure
3.

For the basis of comparison assume that there are u
constraints, t goals, r maximizing objectives and s
minimizing objectives in the baseline model.  Of the u
constraints, there are p equality constraints.  The
problem parameters and all other relevant information is
given.  This baseline model is then converted into the
goal programming model 29-31, the compromise DSP10,
and the traditional single-objective model.  The succinct
form of these models is given in Figure 3.  Note that for
the traditional single objective model, we have to
consider one
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THE BASELINE MODEL GOAL PROGRAMMING
MODEL

THE COMPROMISE DSP SINGLE-OBJECTIVE
OPTIMIZATION MODEL

FIND
      The vector of problem
           variables (X)

SATISFY
      The constraints

             =
Au(X)   =  Gu    for all u
              =

      The goals
              =
At(X)   =  Gt    for all t
             =

MAXIMIZE
      Ar(X)            for all r

MINIMIZE
      As(X)            for all s

FIND
      The vector of problem
           variables (X))
      The vector of deviation

           variables (di
-, di

+)
SATISFY
      The goals

      Ai(X) + di
- -  di

+ = Gi  
i =  1,..., u+r+s+t

MINIMIZE
      Case a:  Preemptive

Z = [ f1( di
-, di

+), ...,

                       fk( di
-, di

+)]
      Case b:  Archimedean
          u+r+s+t

      Z  =  Σ Wi( di
- +  di

+) ;
            i = 1
               Σ Wi =  1;  Wi = 0

FIND
      The vector of system
           variables (X))
      The vector of deviation

           variables (di
-, di

+)
SATISFY
The system constraints

gi(X)  = 0  i  = 1, .., p
gi(X)  = 0  i  = p+1,.,u

      The system goals

      Ai(X) + di
- -  di

+ = Gi  
i =  1,..., r+s+t

      The bounds on the system

      Xj
min  =  Xj =  Xj

max;
j =  1,..., n

            di
- , di

+  =  0 and

            di
- . di

+   =   0
MINIMIZE
      Case a:  Preemptive

Z = [ f1( di
-, di

+), ...,

                        fk( di
-, di

+)]
      Case b:  Archimedean
            r+s+t

      Z  =  Σ Wi( di
- +  di

+) ;
            i = 1
                Σ Wi =  1;  Wi = 0

FIND
      The vector of problem
           variables (X))

SATISFY
      The constraints

gi(X) = 0  i  = 1, ..., p
gi(X)  = Gi
   i = p+1, ...,u+r+s
                           +t-1

MINIMIZE
      A(X)

FIGURE 3 - Models to Support Human Decision Making8

of the objectives or goals as the objective function and
convert the rest of the objectives and goals into
constraints.  Therefore, in general, we would have to
solve u+r+s+t different models.  Of these u+r+s+t
different solutions, the one that best “satisfies” all the
objectives is chosen as the final solution.  But then this
may not be the answer, particularly if the problem has
conflicting goals (objectives) and if the problem size is
very large.  The goal programming approach results in a
satisficing solution to the decision problem.  In this case,
we have u+r+s+t goals and 2(u+r+s+t) deviation
variables.  Therefore, the size of the problem is very
large.  Also we believe that in a real world there are
always some constraints which we cannot violate and so
if we disguise these constraints as goals then it does not
represent the facts of the real world.  This drawback is
taken care of in the compromise DSP where we have u
constraints and r+s+t goals.  This results in 2(r+s+t)
deviation variables, which means that as compared to the
goal programming approach, we have 2u less deviation
variables.  It is emphasized that both the deviation vari-
ables, namely, underachievement (d-) and
overachievement (d+) are always non-negative, with at
least one of them being zero.  These facts are taken into
account by the two mathematical conditions di- , di+  =
0 and  di- . di+  =  0.  Also noted is the presence of
bounds in the formulation of the compromise DSP.  This

is an advantage since bounds are a fact of life in
engineering problems and hence they ought to be treated
explicitly and differently from goals.  We have
substantiated the preceding discussion explicitly with an
example, namely, the design of a rotating disk28.  Other
applications of DSPs include the design of ships, damage
tolerant structural and mechanical systems, the design of
aircraft, mechanisms, thermal energy systems, design
using composite materials and data compression.  A
detailed set of references to these applications is
presented in 1,32.  DSPs have been developed for
hierarchical design:  coupled selection-compromise,
compromise-compromise and selection-selection.  These
constructs have been used  to study interaction between
design and manufacture33 and between various events in
the conceptual phase of the design process.  The software
for solving DSPs is called DSIDES (Decision Support in
the Design of Engineering Systems) 10,34.

WHICH MODEL FOR SUPPORTING HUMAN
JUDGMENT IN DBD?

In this section, we summarize our position that has
resulted over several years of investigating Decision-
Based Design and developing the Decision Support
Problem Technique.  We focus our attention on the two
models, namely, the optimization model and the
compromise DSP.  Supporting arguments are presented
in28.
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A Satisficer's Model:  The Compromise DSP
q The availability of the preemptive and the

Archimedean formulation enables a satisficer to
model multiple objectives and the multi-level
decisions as realistically as possible.

q The compromise DSP offers ease and flexibility in the
modeling stage.

q The philosophy of the deviation function enables the
designer to explore the design space comprehensively
and develop further insight into the problem.

q The convergence of the deviation function to the same
value from different starting points lends robustness to
the compromise DSP.

q A limitation with the compromise DSP is that for the
Archimedean formulation a designer has to depend on
his/her experience and intuition to assign weights for
the goals on the same preference level.

q Freedom to modify a given model includes the amount
of deviation that can occur from a given target for all
objectives and the type of the deviation function
selected (Archimedean or preemptive).

An Optimizer's Model:  The Optimization Model
q The traditional single-objective approach is advanta-

geous when a designer is unaware of a target value for
what he/she seeks.  This, however, is of limited value
when a designer seeks to model model-multi-level
decisions.

q Since, a single objective drives the solution the issue
of how this objective can and should be modeled is of
major concern.

q True preemptive modeling of human preferences
cannot be achieved.

q Multiple objectives occurring on different preference
levels, involving a combination of preemptive and
Archimedean formulations cannot be modeled.

q Freedom to modify a given model includes which of
the multiple goals are to be converted to constraints
and which goal is to be retained as the objective func-
tion.

Which model?  The evolution of information along the
design time-line, with the qualitative ratio of hard to soft
information increasing, suggests that perhaps a
satisficing model is appropriate for modeling decisions
early on a product realization time-line with the
optimization model being appropriate for the later
stages35,36.  The question then arises:  When does one
switch from a satisficing to an optimization model?

And now to some questions:  What is the efficacy of
approaching design from a decision-based perspective in
an industrial setting?  What is the role of optimization in
Decision-Based Design?  What are the models that
support (rather than replace) human judgment?  How do
these models evolve along a design time-line?  How can
these models be verified?  Why should design be
developed as a science?  And finally, what needs to be

done to support practicing engineers design from a
decision-based perspective?
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