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Abstract

An Operations Research (OR) analyst is usually presented with a plethora of modeling

choices including formats to represent optimization problems, various optimization com-

ponents, and various solvers. Mathematical models are a medium for implementing opti-

mization, by gathering the appropriate information in a suitable form. Model building is

composed of interrelated steps performed recursively. As the solving phase became more

advanced with improved algorithmic theory and computing technology, the formulation

phase that involves an analyst became a hindrance to the ef�ciency of the overall optimiza-

tion process. Certain problem characteristics have a much more signi�cant impact on the

ease of optimization than others. The form of the problem constraints can have an enormous

effect on the ease of solution. For these reasons, it is sometimes advisable to (re)formulate

a model into an appropriate form. This research outlines a novel optimization problem for-

mulation and reformulation process using a cognitive computing approach. The cognitive

system interacts with an OR analyst in plain, but restricted natural language, acting as a

modeler's trusted advisor to ensure that all facets of modeling are considered. The frame-

work proposes a form of optimization model workbench based on Ontology where an OR

modeler may query the system for advice, and where a new experience becomes part of

the existing training set. The aim is to provide a bridge between the practitioner and model

elements to enable an OR analyst to design models more effectively than would otherwise

be possible. Underlying the framework is an extension of Geoffrion's Structured Modeling

concepts that facilitate the model's semantics. The framework establishes a decomposition

1



Abstract

of an optimization model into smaller elements, each communicating on its own with a nec-

essary optimization tool. The framework draws on a synergy between machine learning,

information theory, ontology engineering, and operations research. The method developed

is general and may be applied to any other problem domain, if a suf�ciently accurate char-

acterization of the domain can be manipulated within the framework.
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Chapter 1

Introduction

“To solve a problem, whether simple or complex, is to make the best choice
from among the available courses of action.” (Ackoff, 1962)

1.1 Overview

Mathematical models have a fundamental role in Operations Research (OR). Models pro-

vide distilled description and explanations of the systems that they represent. Mathematical

models are very useful, but it is important to recognize that the value of models and mod-

eling approaches extend way beyond the realm of mathematics for decision and control in

OR applications. To �nd the solution for mathematical programming models, if we pass

from a proposed condition to a new condition equivalent to it, we still have the same solu-

tions. But if we pass from a proposed condition to a narrower one, we lose solutions. And

if we pass to a broader one we admit incorrect solutions that have nothing to do with the

proposed problem.



1.1. OVERVIEW

OR analysts and practitioners spend a good amount of time developing and using models

as a core instrument for their analysis. Models are not only instruments for representing

the best (or at least good) course of action from a set of actions, but also an effective tool

to explore the structure of a problem and to uncover choices that were overlooked. One

of the most important tasks for an OR researcher is to diagnose a problem and determine

a strategy to be used for information acquisition: What questions should be asked, what

tests should be run, what data can safely be ignored, and what algorithms are absolutely

necessary to obtain desired solutions? Once the right questions have been asked and the

right data obtained, solving such problems becomes obvious to even the least experienced

analyst. What distinguishes an expert is an ability to sense important exclusions in the data

that can often be ful�lled by simply asking the right questions, noting that the value of such

information may not always be correlated with the cost of obtaining it.

The real challenge in dealing with a complex, real-world problem is to have a proper mind-

set and to identify and extract the critical problem elements. Different players in the OR

discipline may view optimization differently. For instance, considering a mathematical

programming element, a modeler may see an abstract representation to be analyzed and

understood. Secondly, for application developers, a mathematical program is a concrete

instance to be represented, communicated, and solved. Lastly, users may not realize they

are using an optimization system but, rather, are often focused on the outcome (goals), such

as maximizing pro�t or minimizing costs. An OR analyst is usually faced with a plethora

of decision combinations including formats to represent optimization problems, diverse

optimization components, and various solvers that could be employed. In addition, these

different optimization components are usually located on different platforms which use dif-

ferent programming and modeling languages. The number of variables and parameters in
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1.1. OVERVIEW

a problem often exceed human simultaneous manipulation capabilities, with the number

of dimensions exceeding human visualization capacities, as well. The problem de�nition

and its optimization model each change dynamically as the OR analyst's understanding of

the problem evolves. This discovery of alternative courses of action may often be the most

important use to which the model can be put.

Among others, Nadler [82] addressed the serious de�ciencies of the most problematic clas-

si�cation schemes (also appear in Evans [35], page 89).

(1) how one decides where a particular problem �ts within a classi�cation scheme;

(2) classi�cation schemes are descriptive at best; a few classi�cation schemes point to a

speci�c problem-solving approach; and

(3) some classi�cation schemes lead to analytical techniques that limit the solution space

and overlook critical thinking.

As a practical matter, many problems cannot be pigeonholed into a �xed classi�cation

scheme. In fact, the classical classi�cation will not work with them. Thus, this biased

perception problem causes an inappropriate problem formulation and, ultimately, a wrong

solution to the intended problem. However, a model formulation is still a mystery relegated

to the not yet well-understood process of creativity. This research sets forth a new paradigm

in optimization model formulation, utilizing cognitive computing. The cognitive system

interacts with an OR analyst in plain, but restricted natural language, acting as a modeler's

trusted adviser to ensure that all facets of modeling are reckoned with.

This research proposes a form of optimization model workbench where an OR modeler

queries the system for advice and every new experience becomes part of the existing train-
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ing set. The aim is to provide a bridge between the practitioner and model elements to

enable an OR analyst to design models more effectively than would otherwise be possi-

ble. This research studies a framework that will assist an OR analyst to recognize multiple

model formulations, instead of one formulation. The fundamental notion of inferences and

representation from problem context addresses how much model �delity and model sensi-

tivity can be expected in a model recommendation by this framework to an OR analyst.

1.2 Operations Research and Decision Analysis

In a broad sense, OR is a branch of applied science for decision making, which employs

advanced, analytical methods to help make better decisions when solving complex prob-

lems. Ulrich [102] de�nes an integrated perspective of OR that is linked to critical systems

thinking. He pointed out the criticism that was made by Ackoff [3]:

This obsession with techniques . . . reduced the usefulness of OR, a reduction

that was well recognized by executives who pushed it further and further down

in their organizations, to where such relatively simple problems arose as per-

mitted the application of OR's mathematically sophisticated but contextually

naïve techniques.

Greenberg gives a thoughtful discussion inA Bibliography for the Development of An In-

telligent Mathematical Programming System[55], Why is a model built? The brief answer

is to support decision-making, raising the need for supporting analysis and model manage-

ment. In addition, the bibliography collection indicates that there have been fewer papers
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focused on environments for analysis than for modeling. An OR analyst must balance be-

tween abstraction and �delity, by interacting with domain users to build up a more precise

de�nition of the problem, which is an iterative process that will ultimately form a model.

Model building is generally composed of several interrelated steps that transform and com-

bine the modeler's knowledge and experience into action involving exhaustive data analy-

sis by selecting and constructing the most important information from the data. There are

eight elements in an optimization system: (1) model, (2) modeling language environment

(MLE), (3) instance representation (data representation), (4) communication agent (inter-

face), (5) server/registry, (6) analyzer, (7) solver, and (8) simulation. Moreover, a triangular

communication exists among interface, register, and solver. Solving problems with opera-

tions research technique requires six phases: (i) formulating the problems, (ii) constructing

a mathematical model to represent the system under study; (iii) deriving a solution from

the model; (iv) testing the model and the solution, which is derived from the model; (v)

establishing controls over the solution; and (vi) implementing the solution.

In many instances, real-world problems (so-called messy problems [1, 3, 4], wicked prob-

lems [17], or complex problems) originate from unpredictable, uncontrollable, and spo-

radic events. Rather most mathematical modeling methodology requires a speci�c set of

assumptions, which may not mesh with reality. Hence, the result from those unrealistic and

naïve models may possibly be useless as they cannot be authenticated, leading to criticism

in the OR community in 1970 [78]. As a result, OR researchers in Great Britain devel-

oped context-oriented techniques, referred to as “soft OR,” tackling messy problems, while

preserving the mathematically oriented approach as “hard OR”.
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1.2. OPERATIONS RESEARCH AND DECISION ANALYSIS

1.2.1 Hard OR

“Hard OR” has been widely employed in the United States for many decades, becoming

the primary paradigm for operations research in general [61, 78, 86]. It can be referred

to asfunctionalistwhereby the quantitative modeling becomes the focus of attention. In

other words, an OR analyst is devoted to the models and their solutions rather than solv-

ing real-world problems. In fact, a clear and unarguable quantitative objective exists to be

optimized for well-de�ned problems. The structure of such problems, despite being tech-

nically challenging, is well-known and renders itself to quantitative modeling; so solutions

are clear-cut and easily implemented. For the sake of discussion, the general quantitative

model will be specialized to optimization models. Speci�cally, the traditional methods of

optimization fall intotwo distinct categories:

(i) algorithms that only evaluate complete solutions; and

(ii) algorithms that require the evaluation of partially constructed or approximate solu-

tions.

For algorithms that only evaluate a complete solution, all of the decision variables are

speci�ed. When we �nd that a new solution has a better evaluation than the previous

one, it replaces the prior solution. Such methods include exhaustive search (enumeration),

local search, hill climbing, and gradient-based numerical optimization methods, as well as

heuristic methods such as simulated annealing, tabu search, and evolutionary algorithms.

Chief examples of such algorithms are:

Linear Programming (LP): Maximize an evaluation function, which is a linear combination

of variables, that is constrained by linear equality and inequality constraints.
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Gradient-based: Minimize an evaluation function if it is smooth (differentiable) and, uni-

modal.

Combinatorial problem: There are many different local operators that can be employed to

take advantage of the characteristics that are inherent to developing an optimal solution to

a circuit in the Euclidean plane; e.g., Traveling Salesman Problem (TSP).

Considering the latter category, for algorithms that require an evaluation of partially con-

structed or approximate solutions or incomplete solutions, an incomplete solution to the

problem is originally posted. The hope is that in solving each of these easier problems, we

can eventually combine the partial solutions to get an answer for the original problem, or a

complete solution to a reduced problem.

Modeling typically means the construction of models which can be used for detection of

insights or for a presentation of perceptions of systems. Model building is generally com-

posed of several interrelated steps that transform and combine the modeler's knowledge

and experience into action involving exhaustive data analysis by selecting and construct-

ing the most important information from the data. The very act of modeling consists of

a selection and construction, workmanship, an analogy conclusion or other derivations on

the model and its relationship to the real world, and preparation of the model for its use in

systems (accounting for future evolution and change). Wilson [107] presented a view of

models and the distinction between models and modeling:

Models (of any kind) arenot descriptions of the real world; they are descrip-

tions ofways of thinkingabout the real world.

Models may be inherently incomplete, biased, and ruled by their creator, by bounding

attention to parts of the applications that are under examination while ruling out any other
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parts that have never been under consideration. This idea motivated us to �nd ways that

can help others become better modelers, design a good modeling process, and explore what

makes a good model in general. In fact, �nding the right solver, selecting the computing

resources, invoking the software, and interpreting the solution through a systematic process

is this research's ultimate goal.

Figure 1.2.1: Taxonomy of Optimization Tree (http://neos-guide.org)

It is a daunting task to categorize optimization [76]. There are many possible perspectives

for the optimization taxonomy. For example, one may start by considering the type of

variables in the problem, yielding two optimization types: continuous and discrete; while

another may consider the type of functions, yielding another two optimization types: linear,

and nonlinear. Mathematicians may view optimization by their constraint types, yielding
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three optimization types: generally constrained, bound constrained, and unconstrained;

while the statistician may look at mainly three optimization types: (i) deterministic, (ii)

non-deterministic (uncertain), and (iii) multi-objective optimization. Since algorithms for

solving optimization problems are tailored to a particular type of problem, it is important to

correctly classify optimization models. A neos-guide provides guidelines for Optimization

Taxonomy as shown in the optimization tree (Figure 1.2.1). However, there exist some

optimization problems that is a cross between these initial categorizations, Combinatorial

programming can be a combination of linear and nonlinear functions; mixed integer linear

programming is the combination of a continuous and an integer (discrete) variables.

Problem Class Description Formulation

1. Linear Programming (LP) Linear objective, linear constrains: min
x

cTx

Linear Optimization Problem (convex) s.t.
Ax= b
x � 0

2. Quadratic Programming (QP) Quadratic objective and linear constrains: min
x

cTx+ 1
2xTQx

Quadratic Optimization Problem (convex, if Q pos. def.) s.t.
Ax= b
Cx� d

3. Nonlinear Programming (NLP) Nonlinear Optimization Problem min
x

f (x)

(in general non-convex) s.t.
h(x) = 0
g(x) � 0

4. Integer Programming (IP) Some or all variables are integer (e.g. linear integer pb.)min
x

cTx

Special case: combinatorial optimization problems s.t.
Ax= b
x 2 Zn

+

5. Non smooth optimization objective function or constrains are min
x

f (x)

non differentiable or not continuous e.g. s.t.x 2 G:

6. Optimal Control Optimization problems including dynamics in form of min
;x;u;p

� t
0 /0(t;x(t);u(t); p)dt

differential equations (in�nite dimensional) s.t.
:
x = f (t;x(t);u(t); p)

:::

Table 1.2.1: Classes of Optimization Problems

Table 1.2.1 summarizes the generic optimization classes, starting from deterministic con-

strained optimization with continuous and linearly constrained: LP and QP. A drawback

exists when applying the pure hard OR paradigm to complex problem; Optimization yields

the best solution to the modeled problem [6]. But, if we do not know much about our prob-
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lems, or if it does not �t well within the class of problems that each of these algorithms

can tackle, we are left with enumerating the possible solutions. This approach is almost

always impractical because the number of alternative solutions can be prohibitively large.

Optimization-type problem formulation has always been considered as purely a cognition-

based human task, where reformulation of the optimization model is one such task [96].

OR analysts typically becomes better at formulating, solving, and making decision as their

expertise in a model formulation domain increases with experience.

1.2.2 Model representation

According to Robert Fourer [37], the designer of the mathematical programming language

(AMPL)1

“. . . the optimization development cycle was found to take much more analyst
time than expected. The culprit was the awkward and error-prone work of
converting an optimization problem between the modeler's conception and the
algorithm's representation. Indeed the natural way for a modeler to think about
and express models is in direct con�ict with the input requirements of solution
algorithm's representation.”

Various schemes for solving optimization problems have emerged over the evolution of the

computer. Advancing from matrix generators, modeling languages are an abstract way to

describe models and their data. There is a great variety of modeling languages, e.g., alge-

braic, behavioral, discipline-speci�c, domain-speci�c, framework-speci�c, object oriented,

among others [37, 55, 66]. This section focuses on algebraic modeling as it is used most

frequently in model representation of optimization problems.
1Together with David M. Gay and Brian Kernignhan, Robert Fourer was awarded 1993 ORSA/CSTS

Prize by the Computer Science Technical Section of the Operations Research Society of America, for the
design of AMPL modeling language.
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Most optimization-oriented modeling languages are declarative languages. They de�ne the

problem, store the knowledge about a model, and usually do not specify how to solve the

problem. Optimization problems are usually de�ned by algebraic modeling languages2.

Declarative languages have three distinct characteristics [66]:

(i) Problems are represented in a declarative way.

(ii) There is a clear separation between problem de�nition and the solution process.

(iii) There is a clear separation between the problem structure and its data.

Essentially, a modeling language can be summarized by four features. First, a modeling

language separates the programmer from the modeler. This is particularly essential since

there are different skill sets involved in writing codes and modeling. Second, it makes

modeling closer to a pencil-and-paper kind of experience for the modeler. Optimization

context will be handled more �exible and is more maintainable. Third, a modeling lan-

guage limits the amount of coding that the programmer has to write to model a problem

(compactness and code-assisted). Lastly, a modeling language provides services associated

with the coding where debugging, pro�ling, and con�ict �nders are accessible. Kuip [71]

studied algebraic languages for mathematical programming. Using the classi�cation on Ta-

ble 1.2.2, a translation from the algorithms' form to modeler's form for linear programming

classi�cation that is analogous to programming languages is presented.

Algebraic modeling languages (AML) for optimization are associated with software pack-

ages that bridge the gap between an analyst's natural mathematical formulation of an opti-

2Algebraic modeling languages are a special class of declarative languages.

13



1.2. OPERATIONS RESEARCH AND DECISION ANALYSIS

Language class Language for algorithms Basis of similarity
Algorithm's form Machine code Executable representation
MPS form Assembly The use of mnemonics
Matrix generator Procedural Grouping of mnemonics
Algebraic Functional Resemblance to mathematical notation

Table 1.2.2: Modeling and Language for Algorithms Classi�cation (KUIP)

mization model and the complex algorithmic routines that drive the solver. AML is capable

of describing problems of the form

min ..z= f (x) .. ..s:t: ..x 2 X; (1.2.1)

where f is an objective function de�ned over a domainX of feasible solutions. AML

enables a modeler to state the optimization problem in an indexed-based mathematical

form with abstract entities such as variables, parameters, indices, sets, and constraints. The

basic idea of AML is to represent an algebraic expression in a compact way. AML can

group conceptually similar entities into a set; then they can be referenced by indices to the

elements of this set. For example,å i2 I Xi is represented by

sum(X) in Matlab;

SUM(I ;X[I ]) in GAMS; and AIMMS (with i); ::::

sumf i.in. IgX[i] in AMPL; GNU Mathprog, and OPL,

lpSum(X[(i)]:: f or::i::in::I ) in Pulp,...

sum(I : X) in MPL,... and LINGO,............

sum< i > ::in::I : ::X[i] in Zimpl:::

These problem formulations are very close to the original algebraic notations. The purpose
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of AML is to expand this compact problem structure (and data) into the problem instantia-

tion3. Developers can de�ne generic expressions that are indexed over several sets. Opti-

mization modeling languages have promoted the independence of model, data, and solvers.

This idea has proved to be bene�cial to developers.

General-purpose Solver-speci�c
AIMMS (Paragon Decision Technology) LINGO (LINDO Systems)
AMPL (AMPL Optimization) Mosel (Fair Isaac)
GAMS (GAMS Development) OPL (IBM Corporation)
MPL (Maximal Software)
GNU MathProg (Free Software Foundation)
Zimpl (Zuse Institute)

Table 1.2.3: List of some main stream modeling languages

In terms of implementation, algebraic modeling languages are available to various extents

in a number of software packages [37]. Most AML software follow certain design princi-

ples: (i) a balanced mix of declarative and procedural elements, (ii) open architecture and

interfaces with other systems, and (iii) different layers of separation. Table 1.2.3 presents

a list of the most widely used general-purpose versus solver-speci�c modeling languages.

For a complete optimization modeling languages review, refer to Fragnier and Gondzio

[38] and the references therein.

Owing to the fact that a model is rarely a perfect representation of the problem, an optimal

solution to that model is rarely the best solution to the problem. Due to a complex systems

nature, qualitative dimensions, the system's uniqueness, and the need to engage a manage-

ment team in a decision-making process, the traditional hard OR method may not be able

to cope effectively with these complex modeling issues.

3Problem instantiation is the one ready to be solved by an appropriate optimization code.
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1.2.3 Soft OR

At variance with conventional Operations Research, “Soft OR” explores different views

from contributors by facilitating participation and engagement. Soft methods stem from

systems-thinking theory. Prominent traits of these methods include structuring messy, com-

plex situations that lack an agreed upon objective and are full of uncertainties. The soft

methods for problem structuring have been developed over the last four decades. Among

other methods, the most well-known are: Creative Thinking [88], Soft Systems Method-

ology (SSM) [15], Strategic Choice Approach (SCA), Strategic Options Development and

Analysis (SODA), and Problem Structuring Methods (PSM). Heyer [59] studies the meth-

ods, application, and future of soft operations research in the defense setting. We believe

that the soft methods can help modelers achieve more precise modeling. The study in-

dicates six categories of Soft OR problems and maps into particular Soft OR methods.

The categories range from (i) better client's problem understanding, (ii) choosing among

courses of action, (iii) problem with high level of uncertainty, (iv) strategic and future issue,

(v) analysis of interactions, and (vi) identifying areas for change. Figure 1.2.2 shows the

elements of the systems movement and their relationship to one another in working toward

problem-solving of real-world problems using soft system methodology.

Soft methodologies typically include “soft variables,” e.g. perceptions of quality, user satis-

faction, morale, etc. Tobetter understand a client's problem,cognitive mapping, in�uence

diagrams, SSM, and total systems intervention [19, 63, 92, 107] are prime methodolo-

gies. The outcomes could range from a simple visual representation of the problem to rich

pictures for promoting understanding. To identify theset of options for choosing among

courses of action, decision trees and journey making are selected as key tools [59]. For
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Figure 1.2.2: The systems movement [85]
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problems with a high level of uncertainty, such as strategic-level decision making, robust

analysis, SCA, and scenario planning are the most suitable methods to generate a list of

possible decisions. Forstrategic and future issues, where group consensus on strategic

issues are needed, the most relevant soft OR in this case are: SODA, scenario planning,

SWOT, interactive planning, Viable System Methodology (VSM), journey making, and

Delphi methods. Results are cognitive maps detailing emergent themes, scenario planning

matrices, and a clear understanding of how to progress an organization from a current un-

desirable state. Foranalysis of interactions, cooperation, and con�icts among multiple

actors, meta-games and hyper-games give an identi�cation of decision options, as well as

an understanding of differences in perceptions, maps for the best course of action, and con-

structs of possible future scenarios. Lastly, SSM is employed toidentify areas for change,

resulting in the development of action plans to effect changes.

Generic references include Checkland (1981), Ulrich (1994), Pidd (1996), Ormerod (1995-

1999), Mingers and Gill (2000, 2006), Rosenhead and Mingers (2001), Keys (2006), and

Paucar-Caceres (2009). More closely related references are, Bertalanffy (1950), Hall, Ack-

off, and Churchman (1962), Beer (1966), Forester (1968), Beer, Espejo, and Harnden

(1972, 1989), Ulrich and Mingers (1983-1985), Flood and Jackson (1991). Rosenhead

(1996, 2004, 2009) also highlights a key concept of systems thinking that has contributed

to Operations Research and Management Science.

Soft Systems Methodology (SSM)

SSM was developed by Checkland [14, 15, 16, 17, 18, 19] as an action-oriented process of

inquiry into problematical situations where the 'hard' systems approaches have dif�culties,
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namely, problems that cannot easily be quanti�ed; problems that can be quanti�ed but have

plenty of dif�culties taking into account of the quantitative merits of such things as opinion,

cultural, politics, viewpoints, or interaction. Figure 1.2.3 sums up the seven stages of SSM

(more details in Chapter 3).

Figure 1.2.3: Seven steps of SSM

Users sort out an understanding of the situation to de�ning/taking action to improve it. The

learning in SSM emerges via an organized process in which the real situation is explored,

using as intellectual devices – which provide structure to the discussion – models of a

purposeful activity built to encapsulate pure, stated worldviews.

Weltanschauung (Worldview): Weltanschauung is a fundamental concept of German

philosophy that embraces a comprehensive worldview. This worldview may include nat-

ural philosophy; fundamental, existential, and normative postulates; or themes, values,

emotions, and ethics.

19



1.3. RESEARCH PROBLEM OF INTEREST

Root de�nition: Root de�nition is precise textual statements that de�ne the important

elements of the relevant system being modeled, “a system to doX by means ofY in order

to Z.”

Customers the bene�ciaries ofZ

Actors those who doX

Transformation input –> output

Worldview (Weltanschauung) the world view that makesY meaningful

Owners those with the power to stopZ

Environment elements outside the system

All the key concepts of a rich picturing of the situation, root de�nitions and conceptual

models, CATWOE, and the vital concept of weltanschauung are in place in SSM.

1.3 Research Problem of Interest

Considering optimization problems that can be formulated in the most general form as

follows:

minz = f (x)

s:t:x 2 X;

F(x) 2 F;

xi 2 Z for i 2 I ;

(1.3.1)

wherex = [ x;x] = x 2 Rnjx � x � x is a box inRn, f : x ! R is an objective function

de�ned over a domainX of feasible solutions,F : x ! Rn is a vector of constraint functions
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F1(x); : : : ;Fm(x), F is a box inRm specifying the constraints onF(x) where inequalities

between vectors are interpreted component wise,I � 1; : : : ;n is the index set de�ning the

integer components ofx. The de�nition of a box includes two-sided bounds, one-sided

bounds, and unbounded variables; sincex 2 (R
S

� ¥ )n;x 2 (R
S

¥ )n. An optimization

problem is called bound constrained ifm= 0 and is called unconstrained if in addition to

m= 0, isx = Rn. AML enables a modeler to state the optimization problem in an indexed-

based mathematical form with abstract entities such as variables, parameters, indices, sets,

and constraints.

application area / problem type problem class
allocation problems (resources to orders, people to tasks) MILP, CP
bending problems (production and logistics) LP, MILP, NLP, MINLP
distribution and logistics (supply chain optimization) MILP
engineering design NLP, MINLP
�nancial problems (strategic planning) MILP, MINLP
investment and de-investment problems (strategic planning) MILP
market clearing problems LP, MILP, NLP
network design (including planning and strategic planning) MILP MINLP
portfolio optimization (production, �nance, ...) MILP, MINLP
process design MINLP
production planning (production, logistic, . . . ) MILP, MINLP
re�nery planning and scheduling NLP, MINLP
scheduling (planning subject to limited resources) CP
selection and depot location problems (strategic planning) MILP
sequencing problems MILP

Table 1.3.1: Optimization problem class and its applications

Typically, an optimization problem can be classi�ed by the nature of problem function

F(x), where signi�cant algorithmic advantage can be taken of each characteristic [54].

Examples of such characteristics would include function of a single variable, linear func-

tion, sum of squares of linear functions, quadratic function, sum of squares of nonlinear
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functions, smooth nonlinear function, sparse nonlinear function, and non-smooth nonlinear

function. Additionally, a particular problem might be categorized as the minimization of a

linear function subject to simple bounds.

Recall the standard form of Linear Programming (LP) problems, the minimization of a

linear objective subject to linear equality and inequality constraints (all elements of must

be non-negative). The standard-form LP problems can be stated as

min
x2Rn

cTx

s:t:Ax= b;

x > = 0;

(1.3.2)

the input data structures are the vectors and a matrix in sparse format, and the routines to

generate these data structures are called matrix generators [36]. Optimization model formu-

lation can be structured into a class such as LP problems, mixed integer linear programming

(MILP) problems, nonlinear programming (NLP) problems, mixed integer nonlinear pro-

gramming (MINLP) problems. In addition, constraint programming (CP) is counted as a

common problem class as well. Table 1.3.1 shows the list of some possible applications of

structured optimization problem classes.

It should be kept in mind that these optimization problem classes shown in Table 1.3.1, are

neither exclusive nor exhaustive. Among these classes, there are several special cases of

Eq. 1.3.1, differentiated by the properties off , F, andI as follows:

• LP, if f andF are linear andI 6= ? ,

• NLP, if f or one component ofF is nonlinear andI = ? ,
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• MIP and MILP, and MINLP, ifI is not empty andI 6= 1; : : : ;n.

In addition, Gill et. al. [53] summarized a typical classi�cation scheme according to the

general problem of interest form of the optimization problem (Eq. 1.3.1) as shown in

Table 1.3.2, where signi�cant advantage can be taken of each characteristic in choosing an

algorithm.

Properties of objective function,f (x) Properties of constraint,F(x)
Linear None
Sums of squares of linear functions Simple bounds
Quadratic Linear
Sums of squares of nonlinear functions Sparse linear
Nonlinear Nonlinear

Table 1.3.2: Typical Classi�cation Scheme

Certain problem characteristics have a much greater impact on the ease of optimization

than others. The form of the problem constraints can have an enormous effect on the ease

of solution. There is generally a very small increase in dif�culty when moving from an

unconstrained problem to one with simple bounds on the variables. General linearly con-

strained problems are noticeably more dif�cult to solve than those with bound constraints

only, and the presence of nonlinear constraints introduces an even larger increase in dif�-

culty. For these reasons, it is sometimes advisable to reformulate a model so as to eliminate

nonlinear constraints; this topic will be discussed further.

1.4 Related Work

The following literature review focuses primarily on a survey of various intelligent mod-

eling system attempts, where interdisciplinary theories are used from an integrated per-
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spective for problem-solving and decision making in operations research. In 1962, Ackoff

was chie�y the �rst to propose a systems approach to strategic planning in Operations Re-

search applications [2, 3, 4]. His work indicates that one process cannot be optimal for

all situations, his works was concerned with instability, non-linearity, discontinuity, and

chaotic behavior which provided a foundation for Waldrop (1992) and Kauffman (1995)

who studied “Chaos or Complexity Theory” [20, 5].

Simon [97] suggested key characteristics of well-structured domains in which (i) there is

a de�nite criterion for testing a proposed solution, (ii) at least one problem space that can

be represented for an initial problem state, (iii) a problem space has representable change,

(iv) any knowledge that a problem can acquire can be represented in one or more problem

space, and (v) a de�nition of state changes and of effects upon the state due to applying any

operator in one or more problem spaces that govern the external world.

In late 1990, Checkland and Howell developed Soft Systems Methodology (SSM) in re-

sponse to a perceived failure of traditional systems engineering. Perhaps, SSM has evolved

to be the most popular Soft OR method. Rosenhead discovered systematic help in iden-

tifying an agreed framework for a problem, called Problem Structuring Methods (PSMs).

PSMs were a family of interactive and participatory modeling approaches, requiring the

implementation of group model building. Furthermore, PSMs provided support and stimu-

lated group facilitation through modeling.

Ormerod published “Justifying the Methods of OR” using a philosophical terminology

[84] in 2010. The paper attempted to �nd a balance between OR academic research and

OR practice. Zhu studied why mixing-methodology theorizing fails and how to make it

work again [112] in 2011. The research indicated that there are many opportunities for OR
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mixing-methodology after the paradigm theorizing. The study explored a pragmatist alter-

native that is action-oriented, multiplicity-embracing, ethically concerned, and politically

sensitive. The study asks whether there are particular types of problems more suited to mix-

ing methods. Promoting ontological �exibility and methodology-in-use is a valuable start-

ing point for after-paradigm theorizing that supports an innovative mixing-methodology

practice. This raises an issue that it is not always clear if researchers are describing multi-

paradigm multi-methodology.

In the 1980s and early 1990s, the model management research area was very active. Geof-

frion developed the structured-modeling framework and implemented it using a structured

modeling language (SML) [46, 47, 49, 50] to deal with the major problems4 confronting

the operations research and management science (ORMS) community. His approaches ex-

ploit the advantages of model typing in detecting numerous kinds of inconsistencies and

errors in models [21].

Besides Geoffrion's attempts, several modeling languages were developed. These included

a generalized algorithm for mathematical systems (GAMS) (Brooke et al.), a mathemati-

cal programming language (AMPL) (Fourer et al.), a linear, interactive, and general opti-

mizer (LINGO) (Cunningham & Schrage), Advanced Integrated Multidimensional Mod-

eling (AIMMS) , and Python Optimization Modeling Objects (Pyomo), to name a few.

Recent modeling languages include Julia for Mathematical Optimization (JUMP), Gravity,

and MINIZINC, and the list is still growing.

Fourer and Ma developed a uni�ed framework for next generation distributed optimization

systems called Optimization Services (OS) [76] in 2005. The goal was to integrate the

4Geoffrion noted that ORMS's activities at the time tended to be characterized as having low productivity.
He also pointed out that managers and decision makers were reluctant to use a model-based approach [22].
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algorithmic codes as services using XML. The purpose of this initiative was to address the

issue of documentability, independence, modi�ability, simplicity, and veri�ability of opti-

mization models and solvers. The ultimate goal of OS was optimization over the internet,

where OS could provide a set of cooperative classes and interfaces to solve optimization

problems.

In computer science, Bhrammanee and Wuwongse studied a formal framework that is

model-based that was compatible with web-based technology [10], known as ODDM–OWL5

Declarative Description Model-bases in 2008. They grouped the existing frameworks into

two classes, as shown in Table 1.4.1: (i) the focus of content and (ii) the representation

technique of decision models.

Table 1.4.1: Existing Model bases Work

5OWL stands for Web Ontology Language. It is built on top of RDF (Resource Description Framework)
for processing information on the web. OWL was designed to be interpreted by computers. It is written in
XML and has three sublanguages.
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In 2016, Stapel's doctoral thesis on Ontology-Based Representation of Abstract Optimiza-

tion Models for Model Formulation and System Generation [99] discussed an approach to

the development of frameworks for the formulation and solution of optimization models,

speci�cally the models representation using ontology, which is similar to the corpus repre-

sentation and retrieval in my proposed framework. However, instead of aiming for a full

automatization, my cognitive-driven framework extend the ideas of Geoffrion's Structured

Modeling [41] to decompose and represent reusable model components, integrate models

components into new components, as well as to perform semantic reasoning and present

viable options to the modeler.

1.5 Thesis Outline

The dissertation has been divided into �ve chapters. First, Chapter 1 has introduced the

motivations and research background. Chapter 2 presents a preliminary discussion, con-

cerning a grand scheme of the research, common decision problems, cognitive computing

system, and structured modeling. In Chapter 2, the modeling methodologies are discussed

and integrated. In addition, Geoffrion's structured modeling and structured modeling lan-

guage are extensively explored and reviewed. Afterward, Chapter 3 proposes an important

extension for the structured modeling language. This will be the framework for corpus

management and retrieval of models. A uni�ed framework and problem-solving method

for semi-structured problems are further explored in Chapter 4. Proof of concept, case

study, and examples are provided at the end of Chapter 3, and 4. Finally, the conclusions

and future research ideas are explored in Chapter 5.
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Chapter 2

Preliminary Discussion

This chapter reviews relevant research to the present work and highlights key functional

requirements for the study. The �rst part sets forth a grand scheme that is necessary for

the later chapters. Next, a diverse problem classi�cation is discussed. Common decision

problems are further reviewed, followed by cognitive computing systems. Next, the focus

shifts to Geoffrion's structured modeling and the structured modeling language (SML) that

will be used as a foundation for the model corpus management. The last two sections

review the fuzzi�cation domain, and complex systems modeling.

Although not comprehensive, the material presented here is adequate to provide a sub-

stantial grounding in cognitive-powered modeling. The emphasis is on how these topics

form more than just a miscellaneous collection but are part of an integrated approach for

optimization modeling framework.



2.1. THE GRAND SCHEME

2.1 The Grand Scheme

Figure 2.1.1 presents a high-level view of the research with possible integration with a

cognitive computation system like IBMWatsontm, a supercomputer capable of answering

questions posed in natural language. This grand scheme is composed of two layers: prob-

lem de�nition, and interface for decision makers. Element-wise, it can be divided into

four parts: (i) real-world problems, (ii) primitive problem generation, (iii) scholarly and

illiterate corpus, and (iv) crisp structured problem (re�ned hypothetical).

To begin, we start with a complex situation, where an individual or a group of decision

makers (the strategic executives in a corporation) recognize the mess (problem(s)) and de-

cide to tackle them with our framework.

2.1.1 Level I: Problem de�nition

This �rst level is the front end where a complex situation interacts with the systems. De-

cision makers feed the complex situation to the pipeline through a series of natural lan-

guage dialogue (question-answering) by a guided discovery process, (possibly) utilizing

IBM Watsontm cognitive computing power.

Problem primitive generation

Primitive problems are those that can be re�ned and can be ef�ciently implemented only

if the problem-solver has access to the underlying representation of the abstraction. The

primitive brainstorming provides a basis for thinking about problems. One way to quan-

tify this resultant semi-structured data is to model it in terms of Object-oriented Petri Net
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Figure 2.1.1: High level research thesis data and information �ows
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(OPN) representations. Hence, the mess can be clari�ed by rendering the structure of an

OPN, if the Alternative World-view Representation (AWR) (or Alternative Weltanschau-

ung Representation in German) is completed (we know the places, the transitions, and the

ways in which the primitive problems are connected with each other).

The hypothesis re�nement is achieved through the interpretation of Petri nets properties.

Therefore, the syntax is exercised when we choose places and transition tags. Speci�cally,

we look for names that bespeak what the transition or the place represents. Because places

are the passive node of a Petri net since they cannot change the marking, we name places

using nouns, adjectives, or adverbs. Transitions are the active nodes of a Petri net because

they can change the marking via �ring. We, therefore, name transitions with verbs to

express action.

This process is reiterated until the complex situation is explained to the satisfaction of

decision makers. Once completed, the information of primitive problems will feed forward

to a solutions-methods association.

Scholarly and literate corpus

The middle interface is considered as a plethora of existing methods (OR corpus), com-

bining structured and unstructured knowledge from an optimization perspective into the

corpus. This division is vital to the research thesis due to the stipulation of forceful com-

puting power for swiftly creating and updating hypothesis generation. It is very important

to have well-de�ned boundaries that the system is expected to know and what its capa-

bilities should be. For example, to master complex business problems, we might need to

consider the input wisdom from related disciplines. The use of cognitive technologies and
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IBM Watsontm are viable as a driving force analogous with the functionality of a model

management system (MMS) [29].

Geoffrion recognized the shortcomings of modeling systems in the 1980s [40] and, as a re-

sult, he developed “structured modeling” as a rigorous semantic framework that treats every

OR model as a collection of distinct elements [41]. Therefore, we believe that structured

modeling has numerous potential contributions to make to MMS. First, it provides a formal

semantic ontology for models with its framework, based on graph theory. Hence, mathe-

matical models bene�t from this formalism because they can be represented as conceptual

models. Second, structured modeling provides effective communication between analysts

and decision makers. In this new era of cognitive computing, this modeling scheme also

serves as a communication mechanism between IBMWatsontm (as if it is an analyst) and

decision makers. Our aim is to broaden this approach as a semantic instrument for this

solutions-methods association state.

2.1.2 Level II: Interface for Decision Makers

The purpose of this layer is to develop crisp de�nitions that enable effective communication

with experts and decision makers, i.e. At the beginning of this phase, the re�ned hypothesis

(considered as a structured problem) is passed on as an improved structured problem-model

interpretation, after specialists or experts have been allowed to provide input.

This is a repetitive learning process where the decision makers may interact with the

IBM Watsontm computer and/or specialists/experts, by providing feedback to re�ne the

model de�nitions. In each iteration, our system �ne-tunes these requirements and re-

updates the hypothesis, resulting in handing off a possible satis�able (in some case, op-
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timal) solution to the executives/decision makers. A promising result of our research is the

development of core theory, as well as the framework, that enables cognitive computing

technologies for optimization-type problems in business analytics. In fact, utilizing un-

structured data in the problem formulation, in our view, provides an answer to our original

problem. (not just an answer to the optimization problems), hence, forming a cognitive-

powered optimization adviser.

2.2 Diverse Problem Classi�cation

Problems can be classi�ed into three classes depending on the problem solver: well-

structured, semi-structured, or ill-structured [34]. In addition, the problem classi�cation

depends on one's background and experience. An individual might view a problem as

highly structured while another might have no idea what to do and view it as unstructured.

Well Structured Problems (WSPs) represent a problem for which we have complete in-

formation and means of closing a modeling gap. Such problems are usually routine and

repetitive and can be solved by ready-made solution techniques (algorithms). It is usually

easy for a problem solver to recognize which algorithm to use. For instance, a variety of

existing computer packages will �nd an optimal solution because very little creativity is

needed to solve well-structured problems. However, Ill Structured Problems (ISPs) fall at

the other extreme. They lack good information about the problem and are fuzzy about a

present as well as a desired state of affairs. As a result, one often “muddles through” a

solution. Such problems are so complex that complete information can never be obtained

for them. In addition, human decision maker's behavior is erratic and unpredictable, and

alternatives cannot be listed in a simple fashion. A high degree of creativity is needed to
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address such problems.

Semi-Structured Problems (SSPs) fall between well-structured and ill-structured problems.

There is some information available to de�ne the problem partially, though enough un-

certainty about actual or desired states exists to prevent routine procedures. We often use

heuristics if our desired state of affairs is not suf�ciently known. While hard data can be

obtained and mathematical or simulation models can be developed, alternatives are often

not easy to specify. They need to be discovered by trial and error through extensive exper-

imentation or analysis. Furthermore, creative thinking can often aid a solution process and

lead to solutions or solution methods that would not normally be considered.

Simon [97] extended the classi�cation scheme from Ackoff and Sasieni for well-structured

to ill-structured problems using �ve classi�cation schemes as follows:

1. Transparent problem: a problem in which a logical structure is simple enough to be

solved by inspection or discussion.

2. Arti�cial problem: a problem structure is apparent but the way to represent it symboli-

cally is not clear.

3. Exploration problem: a problem structure is not apparent but there is the possibility of

extracting structure by data analysis.

4. Experimental problem: it is not possible to isolate the effects of individual variables

5. Insuf�cient problem: a problem that has limited data, so an experiment cannot be con-

ducted.

Eilon (as cited in Evans [34]) proposed another problem classi�cation scheme; he classi�ed

decision-making problems into two dimensions, frequency, and replication. The frequency
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of a given decision has to be made within a given period of time; it is a measure of a

repetitiveness task. The replication refers to uniformity in a de�nition of the problem:

the greater the variations, the lower the level of replication. Problems with a high degree

of frequency and replication are generally well-structured and lend themselves to well-

de�ned algorithms. To clarify, those with high replication but low frequency are still well-

structured and suggest programmable decisions, but an economic issue exists as to whether

cost savings or other bene�ts justify the effort and the expense involved in developing

an automated procedure. Secondly, problems with low replication but high frequency are

generally ill-structured, perhaps with many unpredictable and poorly de�ned characteristics

and unclear objectives. Lastly, those problems with low replication and low frequency

are the least amenable to pre-de�ned algorithms. The last type is our prime candidate

for creative problem-solving approaches. Evans [34] presented classi�cation schemes in

more detail by function, structure, dimensionality, temporal reference, a degree of certainty,

degree of generality, degree of closure, and the degree of quanti�cation.

This study considers a problem with semi-structured or ill-structured characteristics. As

shown in Figure 2.2.1, where a function may be descriptive or predictive, a structure of a

problem is symbolic with multidimensionality under uncertainty. The temporal reference

is dynamic, and degree of generality may be specialized (ad hoc) or general; a degree of

closure may be closed or opened, and the degree of quanti�cation is quantitative.
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Figure 2.2.1: Problem scope, adapted from Simon [97]

Ackoff discusses a typical model of problem situations, considering a measure of a value

of the decision that is made (action taken),V, as the functional relationship,f , of the

independent variables,Xi , and the constant (or variable) parameters,Yj . In this setting, the

independent variables de�ne alternative courses of action subject to control by the decision

maker, while parameters that affect performance are not subjected to control by a decision

maker. Such a model for problem situations can be represented as

V = f (Xi ;Yj ) (2.2.1)

36



2.2. DIVERSE PROBLEM CLASSIFICATION

A model of a problem situation has two essential characteristics. First, at least one of the

“input” variables is subject to control by the person(s) confronted by the problem (i.e., it

must model his or her possible choices of action). Second, the “output” variable must be

a measure or index of the value of the alternative choices to the decision maker. Hence,

models that satisfy these two conditions may be called decision or problem models. A

dichotomy of problems has been depicted by RAND [2] as shown in Table 2.2.1, as follow.

Author Domain name Disciplinary af�liation
Ackoff OR/systems messes versus problems

Checkland systems soft versus hard systems thinking
Ravertz history and philosophy of science practical versus technical problems
Rittel design wicked versus tame problems
Schon systems/management swamp versus high ground

Table 2.2.1: A Dichotomy of Problems

Among others, Nadler[82] addressed the serious de�ciencies of most problem classi�ca-

tion schemes. These are: (1) deciding where a particular problem �ts within a classi�cation

scheme; (2) classifying schemes that are descriptive at best; and (3) classifying schemes

that lead to analytical techniques that limit the solution space and overlook critical thinking.

In practicality, many problems cannot be pigeonholed into a �xed classi�cation scheme.

The classical classi�cation will not work with them. This biased problem perception can

cause an inappropriate problem formulation, and ultimately, a wrong solution to the in-

tended problem.
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2.3 Common Decision Problems

Decision making in an organization is referred to as the process of responding to a problem

by searching for and selecting a solution or course of action that will create value for

organizational stakeholders. Common decision problems deal with any arbitrary “yes-or-

no” question on an in�nite set of inputs.

Decision Problems

A decision problem has been calledthe Entscheidungsproblem(German for decision prob-

lems). The name was proposed by David Hilbert in the 1920s. In terms of a common

decision problem,the Entscheidungsproblemposes the question: “does there exist an al-

gorithm for deciding whether or not a speci�c mathematical assertion has a proof ? [106]”

The Entscheidungsproblemis considered to be solved when a procedure that has a �nite

number of operations is valid or is satis�able.

Hilbert's three questions are: (i) was mathematics complete, (ii) was mathematics consis-

tent, and (iii) was mathematics decidable? To answer these questions, Alan Turing initiated

the concept of algorithms and models of computation in his Turing machines. In the 1930s,

Alonzo Church de�ned the notion of “algorithm” by proving that there is no computable

function in a calculus problem. This initiative led to negative answers tothe Entschei-

dungsproblem, where the �rst two questions were answered by Kurt Gödel's incomplete-

ness theorem, and the last question was studied by the Church-Turing thesis on algorithms

and decidability.
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2.4 Cognitive Computing Systems

Cognitive1 computing (CC) is a computerized simulation of human thought processes, ben-

e�ting from machine learning. Judith et.al. [33] suggest that cognitive computing technol-

ogy facilitates humans to collaborate with machines. CC is a technology approach that

enables humans to collaborate with machines. CC is a new type of computing with the

goal of developing accurate models of how the human brain senses, reasons, and response

to a stimulus. Cognitive systems differ from current computing as they shift beyond tab-

ulating and calculating based on recon�gured programs and rules. Cognitive computing

systems continually acquire knowledge (information) from the data fed into them. They

address complex situations that are characterized by ambiguity and uncertainty. These sys-

tems re�ne this vagueness and look for patterns, as well as a way to process this data,

becoming capable of anticipating new problems and modeling possible solutions. CC sys-

tems possess four cognitive properties: (i) adaptive, (ii) interactive, (iii) stateful, and (iv)

contextual:

• Adaptivecognitive systems learn as information changes, and as goals evolve.

• The interaction between the system and users is theinteractivefeature.

• Statefulis a property whereby additional questions may be asked and additional input

sources may be pinpointed to verify the lack of ambiguity of a problem statement.

• The contextualproperty is de�ned by drawing on multiple sources of information

(or sensory input). This property is showing the comprehension and extraction of

1COGNITIVE |"kägn@tiv| adjectiveof or relating to cognition. COGNITION |•käg"niSH@n|nounthe men-
tal action or process of acquiring knowledge and understanding through thought, experience, and the senses.
a result of this; a perception, sensation, notion, or intuition.
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contextual elements.

It is rare to �nd all four cognitive properties fully integrated and interactive. Cognitive

computing systems rede�ne the nature of the relationship between people and their digital

environments. Indeed, cognitive computing systems make context computable. The cogni-

tive system requires integration of many elements. The model in a cognitive system refers

to the corpus and the set of assumptions, algorithms that generate and score hypotheses.

Figure 2.4.1 shows a continuous machine learning, which is a core element of a cognitive

system.

Figure 2.4.1: Continuous Machine Learning as part of a Cognitive System

It is crucial to have interaction between humans and machines as the systems learn through

human interaction. In Figure 2.4.1, the continuous loop may be set to continue until a user

is satis�ed with the answer or until the system has evaluated all options. A cognitive system

has three fundamental principles—(i) learn, (ii) model, and (iii) generate hypotheses—as

described below [33]:

(i) A cognitive system learns and leverages data to make inferences about a domain of

interest based on training and observation.
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(ii) To understand the context, the cognitive systems need to create a model or represen-

tation of a domain and assumptions that dictate what learning algorithms are used.

(iii) A hypothesis is a testable assertion based on evidence that explains some observed

phenomenon between elements within a domain. A cognitive system is probabilistic.

It assumes that there is not a single correct answer. A cognitive system gains insight

from data, it uses the data to train, test, or score a hypothesis.

CC are machines that operate at a different level than traditional computing systems be-

cause they learn and analyze from data input—text, images, voice, sensors, etc. For exam-

ple, IBM Watsontm is a prime example of a cognitive computing system. It uses countless

arti�cial intelligence applications (essentially natural language processing), information re-

trieval, and automated reasoning, yielding a powerful cognitive technology that can also be

applied in advanced analytical situations. This research aims to utilize CC's capabilities to

recommended adaptions in model formulations for the operations research analyst (OR an-

alyst). Optimization-type problem formulations are considered as purely cognition-based

human tasks, where reformulation of the optimization model is one such task [96]. An OR

analyst typically becomes better at formulating and solving problems as their expertise in a

model formulation domain increases with experiences. This mechanism, as shown in Fig-

ure 2.4.2 below, could be based upon a matching mechanism with model element retrieval

from a library (model corpus). The modeling decisions might also be in�uenced by in-

stance data. Purposefully, the suggested formulations could be used instead of the existing

ones.

Learned model knowledge may be extracted for new, but similar problems, from a com-

mon optimization domain such as allocation, inventory, replacement, queuing, sequencing
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Figure 2.4.2: LP Semantics

and coordination, routing, competitive, and search [6], to name a few. Model reuse is part

of an optimization model formulation assistant which is designed for supporting model-

ing tasks with the capacity of learning, generalizing, and updating modeling corpus using

previous models as a basis. OR analysts can choose a class or family of optimization prob-

lems, de�ne a new problem in this family and query the system for formulation choices

on variables, parameters, objectives, and constraints. The research proposes a form of op-

timization model workbench where an OR modeler may query the system for advice and

where a new experience becomes part of the existing training set. In the following session,

simple optimization examples are considered to motivate the study. To respond to the �uid

nature of an OR modeler's understanding of their problems, the cognitive computing sys-

tem offers a synthesis of in�uences, contexts, and insights. To do this, systems often need

to weigh con�icting evidence and suggest an answer that is “best” rather than “right.”

Bluemix

IBM has made Watson technology available (as of this writing) as an open-standards, de-

velopment platform in the cloud, called Bluemix. The purpose of IBM Bluemix is for

building, running, and managing applications. Bluemix consists of applications, services,
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build-packs, and other components. Bluemix is an IBM cloud platform environment that

is built on the Cloud Foundry2 open source technology. Bluemix offers more control to

application developers by using its Platform as a Service (PaaS) offering. Bluemix pro-

vides mobile and web developers access to IBM software via pre-built Mobile Backend as

a Service (MBaaS) capabilities. IBM's goal is to simplify the delivery of an application by

providing services that are ready for immediate use and hosting capabilities. Thus, devel-

opers can focus on developing their application without having to manage the infrastructure

that is required to host it.

Figure 2.4.3: High-level Bluemix architecture (documentation Rev.: Feb 26, 2015)

Bluemix is an environment for building applications and user services for developers. As

shown in Figure 2.4.3, Bluemix uses SoftLayer to deploy virtual containers that host each

deployed application. Developers interact with the Bluemix infrastructure by using a web-

2Cloud Foundry is the industry's Open PaaS and provides a choice of clouds, frameworks and application
services. (http://cloudfoundry.org/)
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browser user interface or a Cloud Foundry command line interface,c f, to deploy applica-

tions. Clients use REST3 or HTTP APIs4 to route requests through Bluemix to an appli-

cation instance or the composite services. The clients' interfaces can be mobile, web, or

applications that are built on Bluemix.

Employing cognitive computing systems within the optimization domain is a journey that

requires deeper understanding and insights beyond “question-and-answer”. Therefore, our

research attempts to capture natural mechanisms for modeling in optimization. Cognitive

solutions are trained by subject matter experts (SMEs) (the training process is often referred

to as supervised learning). Cognitive systems are probabilistic and not deterministic. As

they learn over time, the accuracy rates of systems will improve accordingly. A system may

not achieve 100 percent accuracy but the traceability of the machine recommendations will

be important in cultivating con�dence.

2.5 Geoffrion's Structured Modeling

Possibly the most important factor in modeling is the ability to grasp the essential structure

of a problem or situation [94]. Structured Modeling (SM) is a conceptual model developed

by Arthur M. Geoffrion in the late 1980s [29, 40, 41, 51] for this purpose. Geoffrion

proposes SM to provide a practical and powerful framework for representing various kinds

of models. It is a systematic way of thinking about models and their implementations, based

on an idea that every model can be viewed as a collection of distinct elements. Each element

3REST (Representational State Transfer) is a service interface that allows applications to interact directly
with Watson.

4API (Application Programming Interfaces) is a speci�ed software component in terms of its operations,
inputs, outputs, and underlying types.
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has a de�nition which is either primitive or based on the de�nition of other elements in

the model. Structured Modeling aims to provide a formal mathematical framework and

computer-based environment for conceiving, representing, and manipulating a wide variety

of models [41]. It is a general approach to modeling. SM is composed of six element types

that are de�ned in the following:

(1) Primitive Entity elements,=pe= have no related value and generally portray concepts

hypothesized as primitives or concepts in the model.

(2) Compound Entity elements,=ce= also have no related value and generally represent

concepts that are de�ned in terms of other concepts.

(3) Attribute elements,=a= have a constant value and generally represent properties of

concepts.

(4) Variable Attribute elements,=va=are similar to the attribute elements but their values

are discrete and likely to change over time.

(5) The function elements,=f = have a value that is dependent according to an explicit

rule on the values of called equations; typically, the=f = property can be calculated.

(6) The test elements,=t= have a similar form to=f =. However, their values must be

Boolean (i.e. either True or False).

The outcomes of SM are so called 'structured models' which are equivalent to semantic

data models. SM's goal is to represent a new generation of modeling systems where the

conceptual framework for a modeling life cycle can be represented in a format suitable

for managerial communication while maintaining its mathematical complexity and being
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executed on a computer. SM also uses organized hierarchy and partitioning to portray the

semantic, along with the mathematical structure of a model. A structured model should

invoke various types of solver supports. These can be thought of as residing in a “models

library,” where they are conveniently available for use whenever needed.

2.5.1 Structured Modeling Language (SML)

SML is a language for expressing a structured model that was developed by Geoffrion[49,

50]. It is executable and fully supports Structured Modeling's semantics framework. There

exist other languages for SM (may have limited expressive capability), ones that are graph-

based, logic-based, SQL-oriented, subscript-free, and object-oriented. SML can be repre-

sented by four levels of increasing expressive power that are upwardly compatible. Table

2.5.1 summarizes the current SML expressive power. Our work focuses on extending this

power and introduces structured modeling with cognitive computing power (*level 5 addi-

tion to SML).

Geoffrion gives the conceptual framework of SM concepts in [41]. In SML, theschema

is used to represent thegeneral structure, while Elemental Detail Tablesare used to rep-

resentinginstantiated data. Similar elements can be grouped and form agenus(plural

genera), which may be organized hierarchically to manage model complexity.

In brief, Level 1 SML is simply a subset of the whole SML language. However, there

must be onlyoneelement per genus, and there may beno value-bearing elements [49].

Next, Level 2 SML is adding values (real, integer, logical, or string) to structural modeling.

Models in level 2 may have the following �ve extensions: de�nitional systems, graphs,

spreadsheet models, formula-oriented models, and propositional calculus models. Level
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1: Structural Modeling
- De�nitional system;
- Structural Models/Graphs;
(labeled graph)

2: Structural Modeling with Value-Bearing
elements

(all of level 1) and
- added values/computation
- Spreadsheets;
- Numeric formulas;
- Propositional calculus;

3: Structural Modeling with Simple Indexing
(the indexed version of the above) and
- Mathematical programming;
- Predicate calculus models;

4: Structural Modeling with Full Support for
Sparsity

(the indexed version of the above) and
- Relational Data Base models;
- Semantic Data Base models;

Table 2.5.1: SML expressive power

3 SML adds index structure, sets, and Cartesian products, which is a key property for

Structured Modeling possessing dimension independence. Lastly, Level 4 SML offers full

support for sparse indexing structures. Level 4 enables all relational and most semantic

databases. The next sections explore each level of SML, followed by an example-driven

instantiation to illustrate the SML framework.

2.5.2 Level 1 Structural Modeling

Level 1 is the simplest representation. Starting with two types that are correlated, acyclic,

and hierarchical, the outcome of this level can be labeled graphs and structural models.

Appendix A summaries the de�nitions used at this level as core concepts in constructing

SML. The general appearance of Level 1 SML includes: schema, genus paragraph, and

module paragraph as shown in �gure 2.5.1

SML is relatively close to natural language in that it is nearly free-form except for de�ned
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Figure 2.5.1: Level 1 SML features

key phrases and reserved words. Level 1 SML captures the problem representation by

Schema, a collection of genus paragraphs and module paragraphs. Designed by Geoffrion,

the genus name is indicated by the “$” symbol with uppercase letters, followed by the �rst

two genus type declarations (primitive=pe=, compound=ce=) and calling sequence for a

compound entity. The module paragraph name is globally unique in a schema, starting with

an ampersand symbol. Moreover, each collection in a schema has free-form comments as

the interpretation.

Structural modeling illustration using the transportation problem

Referencing Section 2.6.1, for the transportation problem discussed in [68], their prob-

lem is to minimize the transportation cost by �nding the set of shipmentsx from plants

f Dallas;Chicagog to customersf Pittsburgh;Atlanta;Clevelandg. We show a Level 1

SML schema for this transportation model in Figure 2.5.2, below. Formally, Level 1 SML

can represent any structural model that can be represented by a graph [49].

Level 1 SML serves the simplest representation of de�nitional systems. Figure 2.5.2 shows
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Figure 2.5.2: Level 1 SML Schema for transportation model

a simple schema for our 2� 3 transportation problem. The schema encompasses named

genus and module paragraphs, which are organized into an indented outline [43]. The

module paragraphs are using “&” as a pre�x, noting that at Level 1:

• each genus paragraph hostsonede�nition of the de�nitional system;

• the genus name is indented under a module paragraph, informal English is used for

description and key phrases are shown as being underlined;

• the SM notational system is declared after the genus name using '/ /', i.e.=pe= for

primitive entity,=ce= for compound entity.
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(a) (b)

Figure 2.5.3: Genus graph (a) and modular structure (b) of transportation model

Insightful graphs are always available and easy to generate in the SM framework. Figure

2.5.3 (a) shows the aligned genus graph, which could be transformed into the element

graph (if we annotated with nodes and arc attributes). Figure 2.5.3 (b) shows the modular

structure tree, which is de�ned as a generic structure. The logic of this modular structure

becomes part of our model.

2.5.3 Level 2 Structural Modeling with Value-Bearing Elements

Level 2 enhances the �rst level (permits level 1 to have values). Now, three more types of

de�nitions are de�ned, numerical formulas, propositional calculus, and spreadsheets, that

are in addition to the structural models and labeled graphs that already exist in the Level 1

SML. There is still one element per genus; however, Level 2 has a true logical capability.

Appendix A (2) summaries the de�nitions used in level 2. This concludes the foundation

structure of SML. The appearance of Level 2 SML is as shown in Figure 2.5.4.
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Figure 2.5.4: Level 2 SML features

The notational characteristics of SML permit the ability to separate the model from the

problem statement. In Level 2, four additional genus type decorations are declared–attribute

=a=, variable=va=, function=f =, and test=t=. The range statement uses four data types

(Integer, Real, String, Logical) to represent attribute and variable genus type. The lower

and upper limit of the range statement is delineated by sub-range. A stub-less elemental

detail table must be given for=a=;=va=;=f =;or =t= to hold values for them. Adjoining sub-

sets of elemental detail tables may be joined. As level 2 has only one element per genus,

there will be only one row at this level.

Structural modeling with value-bearing elements illustrative example

Level 2 SML serves as an additional information layer to the model. Three more entities

are now supported in Level 2: attribute, function, and test. As shown in Figure 2.5.5, an

example of Level 2 shows column-wise elemental details (each column represents=a= and
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=f =). Notice that all attributes in this example are the reals (Geoffrion [49] noted as a

default in the absence of schema). The interpretation of Figure 2.6.2 in Sub section 2.6.2

is self-explained; the cell name applies to module paragraph and genus name. The cell

formulas are expressed next to the function=f = element.

Figure 2.5.5: Level 2 SML Schema for shipment and freight logbook

2.5.4 Level 3 Structural Modeling with Simple Indexing

While Level 2 SML provides the unique characteristic of separation of models from prob-

lem statements and solvers, Level 3 SML provides a separation of general structure and

instantiating data. This unique property allows exploitation of parallel structure and prede-

termined relational data table structure. Level 3 encompasses simple indexed versions of

all previous model types. It also adds a simple indexed version of mathematical program-
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ming and predicate calculus. The general appearance of Level 3 SML is as shown in Figure

2.5.6.

Figure 2.5.6: Level 3 SML features

For anUnindexed and Indexed generaparagraph, the lower-case index and alias index

are separated by commas. An external index relies on a non-empty generic index tuple.

All types, except=pe=, are applied for aGeneric Calling Sequenceparagraph. All types,

except primitive, are indexed by a period and replace an index by< integer> : The generic

name is a name with an index tuple. The generic index tuple is the genus's index for a

self-indexed genus; it is empty for an unindexed genus. Next, in theIndex Replacement
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Optionparagraph, the “simple index replacement options” replace indexes by< integer1 :

integer2> . The dependent index with positive integers appends in a functional dependency

name. InRange Statement, a uniqueness declaration terminates a range statement in a

keyword. Aspeci�c index tupleis a generic index tuple with a particular identi�er in place

of each index.

Only Level 3-SML has a dense index and a table containing an index set; furthermore, the

index set statement (ISS) limits the size of the index set i.e.P � Sizef GenusNameg � Q.

The new feature here is the expression, including primitives and functions, where primitives

represent a general kind of simple indexed variable.Functionsembody index-supporting

functions and index ordinate functions where local index renaming is permitted for an index

via one or two primes. Lastly, theElemental Detail Tableuses stub as an independent

column where one table per genus is needed. This table has to be in the same order as the

represented genus paragraph throughout the SML.

Structural modeling with simple indexing illustration example

Level 3 SML satis�es most mathematical programming models with an indexing formula-

tion. Now, we revisit the previous classic transportation example (section 2.6.1) where we

assume all conceivable plant-to-customer transportation links exist5 (refer to Figure 2.6.2

in Section 2.6.1). Note, that we need a level 4 SML as a model for which some links may

not exist.

Notice that the generaPLANT andCUSTnow add indexing (simply after its name). This

indexing is also applied for other model classes at level 2 such as spreadsheets and formu-

5Dense indexing: we call the indexing 'dense' if an index record appears for every search key value in the
�le. The record contains search key value and a pointer to the actual record.
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las. Geoffrion demonstrates this example in [41, 43].

We continue with the original example and follow the work done by Kendrick and Krishnan

[68] as shown in Section 2.6.2. Since we omit the display of elemental detail tables, we

shall use labels in the spreadsheet of Figure 2.6.3 as elemental names shown in Figure

2.5.7.

Figure 2.5.7: Level 3 SML Schema for transportation model

SML's elemental detail table has a genus name (on the left of || in Figure 2.5.8) which

serves as a key, resulting in a set of relational algebraic equations.
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Table Name Column Names
PLANT PLANT || INTERP SUP
CUST CUST || INTERP DEM
LINK PLANT CUST || FLOW COST
$ ||$
T:SUP PLANT || T:SUP
T:DEM CUST || T:DEM

Figure 2.5.8: Elemental detail table for Dense Transportation

Figure 2.5.8 above shows the elemental detail table for our classic transportation model.

Geoffrion dedicates the vertical double bar as an indicator for a key. As a result, models can

refer to their instantiating data. Furthermore, SML is highly compatible with any relational

database system.

2.5.5 Level 4 Structural Modeling with Full Support for Sparsity

In addition to Level 3, Geoffrion [50] discusses �ve additional notable characteristics ap-

parent at Level 4 SML:(1) sparsity support, (2) explicit semantic framework, (3) exhaustive

context-sensitive semantic restrictions, and (4) standardization through generality, and (5)

executability. He also highlighted three important characteristics of SML in [50] as follows.

(i) Separation of General Structure and Instantiating Data:To allow the �exibility of

modeling complex situations, SML usesschemato representGeneral Structureand

put Instantiating Datain theElemental Detail Table. Hence, we are able to differ-

entiate the purposes of the general structure and the elemental detail.

(ii) Exploitation of parallel structure:It is obvious, as Geoffrion[43] highlights, that

grouping as one of the most appealing properties for de�nitional systems. The group-
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ing property extends to modeling languages. Furthermore, it enables us to utilize

existing models that have common parts along with an extension from any of the

parts.

(iii) Predetermined Relational Data Table Structure:Bene�ting from a unique schema

elemental detail tables rules set, modelers do not have to worry about data structures

or the design table.

Figure 2.5.9: Level 4 SML features

Level 4 encompasses richly indexed versions of all previous three levels. It supports rela-
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tional and semantic databases. This is an important property for many applications, espe-

cially, mathematical programming. The general appearance of Level 4 SML is as shown in

Figure 2.5.9. Level 4 SML is composed of four main paragraphs. The �rst one is the fea-

sible speci�c index tuple where any speci�c index tuple can be substituted into the generic

calling sequence. The set of all feasible index tuples is represented by the default index

set. Next, the �oating index replacement option identi�es a particular identi�er or interval

of identi�ers. In the expression paragraph, the simple variable is now indexed using offset

indexing, i.e.< index+ integer> or < index� integer> : In the functions subparagraph,

offset indexing is used for simple variables and the functional dependency ordinate func-

tion. Level 4 uses @EXIST function to resolve non-existent references in a generic rule.

The �oating local index range allows greater control of the local indices. Lastly, the Index

Set Statement (ISS) for externally indexed genera confers responsibility on the user for

specifying the desired tuples in the elemental detail tables.

Structural modeling with full support for sparsity illustration

Figure 2.5.10 presents an SML schema for an inventory-routing example referred to in

the IRP literature (presented in Section 2.6.3 and model formulation in Appendix C). The

mathematical program for this problem is now rendered by SML schema Level 4. There

are several language features worth noting here. First, for the index set statement indicated

after some genus type, we can easily associate and impose constraints on the entity by

declaring the index set after the genus name. In theBt in the SUPPLIER module, there

are three associated index sets, for example. Next, the calling sequence can incorporate

�ner control over calling elements, i.e.xs< t� 1> speci�es the particular shipping quantity to

customer s at the previous time period(t � 1) or xs;t� 1. Due to the case sensitivity in SML
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schema, we use a subscript to depict some index to preserve the example originality (i.e.

small capital attribute and variable value).

Geoffrion gave an informal explanation of the increasing expressivity power of SML in

[47]. Analogously, consider a transportation problem example in Section 2.6.1, where an

informal explanation of SML may be expressed as follows:

• Level 1 as shown in the illustrative example. Figure 2.5.2, can be viewed as a text-

based graphic representation. Nodes and arcs are named, then, represented by a

primitive entity, and compound entity respectively. These elements may be organized

hierarchically, distinct from the graph.

• Level 2 lets those nodes and arcs have values (prespeci�ed or calculated by formula).

• Level 3 introduces data tables to assemble node and arc information by the de�ned

groups. Similar nodes and arcs are indexed and organized by dense group (not in-

volving index-based sub-setting).

• Level 4 allows the use of index-based subletting for de�ning the sparse composition

of nodes and arcs into groups.
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Figure 2.5.10: Level 4 SML Schema for IRP example
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In contrast with algebraic modeling languages that are commonly used for mathematical

programs, the Structured Modeling approach is developed through the cognitive process

of modeling, founded on an explicit semantic framework. SML is a highly expressive

language. It has been shown that four divisions of levels give a useful classi�cation and

the capability of various implementations [45, 48, 52, 70, 67, 77, 101, 62]. Four additional

characteristics pertaining to SML as a whole are:

(i) founded on an Explicit Semantic Framework,

(ii) exhaustive Context-Sensitive Semantic Restrictions,

(iii) Standardization through generality, and

(iv) executability.

In this digital age, where big data comes into play, SML requires additional expressivity to

keep up with advances in both computation and information complexities. In the following

Chapters, an extension of Structured Modeling that will bene�t the cutting-edge modeling

process that may draw on unstructured data is developed and described, an outcome of the

dissertation research effort.

2.6 Selected Simple Examples for SML Illustration

This section presents selected toy examples for demonstrating Geoffrion's SML represen-

tation, starting with a similar Transportation problem to the one used as an illustration for

the Level 1, 2, and 3 SML in the literature [49, 50]. We add the spreadsheet example for
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shipments and freight log as a good demonstration for the Level 2 SML. We also add the

study of the inventory-routing problem for illustrating the Level 4 SML.

2.6.1 The Transportation Problem Example

The classic transportation problem is a model that �nds the minimal cost of product ship-

ment through a complete bipartite graph to satisfy the demand of customers and the supply

from the plants is limited.

minimize å
i2U

å
j2V

ci j xi j

subject to å xi j = ai
j2V

8i 2 U

å xi j = b j
i2U

8 j 2 V

xi j � 0 ..8(i; j) 2 U � V

Figure 2.6.1: Hitchcock-Koopmans transportation model

Each element inU is called a supply point, and each element inV is called a demand point,

whereU = f 1;2; :::;ng andV = f 1;2; :::;mg, as shown in Figure 2.6.1 and Figure 2.6.2.

For example, the classic distribution of products from warehouses to resellers is as follows:

the node setU is the warehouses, the node setV represents the resellers, and the edge

(i; j) 2 U � V; represents a distribution link from warehousei to the resellerj:

We exploit this model and demonstrate it as a detailed example of each SML's level. The

parameters (for SML Level 2) are shown in Table 2.6.1.
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Figure 2.6.2: A simple 2x3 transportation model

Pittsburgh Atlanta Cleveland Capacity
Dallas 23.50 17.75 32.45 20000
Chicago 7.60 40.00 25.75 42000
Demand 25000 15000 22000

Table 2.6.1: Classic transportation problem parameters

2.6.2 Spreadsheet Example: Simple Shipments and Freight Log

A shipment and freight spreadsheet example is a non-circular worksheet that can be used

as a demonstration for Level 2 SML, even though Level 3 will be much more capable to

handle this type of input. For the input (Figure 2.6.3 (a)), there are holding charges, unit-

freight reduction, and a vendor's reduction, while the purchase price and the freight costs

per unit are shown in Figure 2.6.3(b).
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Figure 2.6.3: Simple shipments and freight log spreadsheet

2.6.3 The Inventory-Routing Problem (IRP)

The inventory-routing problem is an interesting problem because it is rather dif�cult to

solve. It was initiated by Bell et.al.[9] from a practical standpoint at Air Products and

Chemicals, Inc., in the early 80s. IRP is a combination of two problems: inventory man-

agement and vehicle routing. The aim is to meet the customers demand at the lowest

possible cost, plus the additional concerns of related logistics costs. The IRP is to �nd the

supply and distribution policies answering the following �ve basic questions:

(i) Which customers must be supplied that day?,

(ii) What vehicle will be used to supply each customer?,

(iii) What volume of the product is to be delivered?,

(iv) When should the supplier visit the customers?, and
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(v) What delivery route will each vehicle take?

There are two types of contexts in IRP, customer managed inventory (CMI) and vendor

managed inventory (VMI). To elaborate, CMI is a classic-type problem where customers

have a �xed and known demand, while the distributors have no concern for inventory. And

VMI is the context with a more modern focus: customers present random demand, and

the distributor's stock is managed at the customer location. For inventory, there are two

common prede�ned rules to replenish customers: the Maximum Level (ML) policy and the

Order-up-to Level (OL) policy. In ML policy, the replenish level is �exible but bounded

by the customer's available capacity. In OL policy, the delivered quantity will �ll up the

customer's inventory capacity. The “standard” version of IRP does not really exist [73],

although, we can classify the IRP by seven criteria, namely: �eet composition, �eet size,

inventory decisions, inventory policies, routing, structure, and time horizon.

The IRP is considered an important problem in the modern logistics value chain. To for-

mulate the problem, the objective function is to minimize the sum of the inventory and

transportation cost and the sum of two penalty terms related to stock-out and the vehicle

capacity constraint. It is also an NP-hard problem; thus, heuristic methods are typically

needed. Since searching for a solution can take a very long time, the search space can be

de�ned by the following criteria: (a) no stock out at either suppliers or retailers; (b) the

level of retailer's inventory is never greater than its maximum level; and (c) no violation of

the vehicle capacity constraint. Appendix C presents the single customer IRP model.
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2.7 Ontologies

An ontology is a speci�cation of a conceptualization. The word “ontology” comes from

the Greekontos, for “being,” andlogos, for “word.” Ontological engineering denotes a set

of design principles, development processes and activities, supporting technologies, and

systematic methodologies that facilitate ontology development and use throughout its life

cycle: design, implementation, evaluation, validation, maintenance, deployment, mapping,

integration, sharing, and reuse [32]. An ontology consists of a hierarchical description

of important concepts (or classes) in a particular domain, along with the description of

the properties of each concept. Sowa [98] de�nes the subject of ontology as the study of

the categories of all the kinds of entities—abstract and concrete— that exist or may exist

in some domain. An ontology should comprehensively capture the common understand-

ing—a foundation in knowledge representation, storing and sharing—of a community as it

applies to a speci�c domain.

Ontological engineering can be used to de�ne a set of representational terms found in math-

ematical modeling. As the knowledge of a modeling domain is represented in a declarative

formalism, the set of objects is called the “universe of discourse”. Ontologies are often

equated with taxonomic hierarchies of classes, class de�nitions; and the subsumption re-

lation, but ontology need not be limited to these forms. Ontologies are also not limited

to conservative de�nitions, that is, de�nitions in the traditional logic sense, that only in-

troduce terminology and do not add any knowledge about the world [31]. To specify a

conceptualization, one needs to state axioms that do constrain the possible interpretations

for the de�ned terms.

The typesin the ontology represent the predicates, word senses, or concept and relation
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types by the perspective of a person who uses a languageL for the purpose of discussing

topics in the domain of interestD. An ontology embodies a formal naming and de�nition

of the types, properties, and interrelationships between concepts in a particular domain.

The process of developing an ontology often reveals inconsistent assumptions, beliefs, and

practices within the community; including [33]:

• de�ning classes in ontology,

• arranging the classes in a taxonomic (subclass–superclass) hierarchy,

• de�ning slots and describing allowed values for these slots,

• �lling in the values for slots for instances.

Ontologies provide an important role in the description of semantic of models organized

in a corpus. An important aspect of ontologies is that the ontology languages such as

the Web Ontology Language (OWL)6 are related to a subset of First-Order Logic (FOL).

The OWL 2 Direct Semantics7 specify the semantics for the respective OWL pro�le in a

model-theoretic way. New inferences can be gained based on the speci�ed semantics by

logic reasoning. The close connection to description logics provides a basis for reasoner

implementations. Complex reasoning tasks on optimization models can be achieved with

the aid of additional rules providing the possibility to retrieve important information for

automation tasks. The reasoning procedures can also validate ontology de�nitions to avoid

contradictions.
6OWL is a family of knowledge representation languages for authoring ontologies and is endorsed by the

World Wide Web Consortium.
7Based on two semantics: OWL DL and OWL Lite semantics that is based on Description Logics.
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Figure 2.7.1: Class Hierarchy of Top Optimization Modeling

“Meta” means one level of description higher.Metadataare data about data, and ameta-

modelis a model used to describe other models. We can infer that metadata is descriptions

of data, and meta-models are descriptions used to characterize models. A metamodel is an

explicit model of the constructs and rules needed to build speci�c models within a domain

of interest. For example, Figure 2.7.1 characterizes a valid metamodel as anontology.

Figure 2.7.2: OWLViz of Optimization Problem Representation

Ontologies have been widely used in applications regarding knowledge representation and

reasoning. Remarkable example applications exist in mathematical model management

[81, 83, 10, 26, 32, 104, 7, 27, 28, 99], with a number of applications using ontologies to

deal with the semantics of content within the model management system. Throughout this

document, the OWLViz8 of the asserted class hierarchy will be used to present our math-

ematical modeling ontology concept, such as the class hierarchy for model formulation

shown in Figure 2.7.2. In the software engineering community, model-driven engineering

(MDE) is being developed in parallel with the Semantic Web. The most signi�cant research

initiative in this area is the model-driven-architecture (MDA), which is being developed un-

8OWLViz enables class hierarchies in an OWL ontology to be viewed and incrementally navigated.
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der the Object Management Group (OMG)9. MDE evolved as a paradigm shift from the

object-oriented technology, in which the main principle is that “everything is an object”;

into the model engineering paradigm, based on the principle that “everything is a model.”

Mathematical Modeling Representation with Ontologies

In the context of mathematical modeling, an ontology de�nes a set of representational

primitives with which to model a domain of knowledge or discourse. Its representational

primitives are typically concepts (this research applied a structured modeling concept of

classes), attributes (or properties), and relationships (or relation among class members).

Ontologies have been applied to improve semantic information processing among OR ana-

lysts and computational systems.

Figure 2.7.3: Applying Ontology Representation (Adapted from [99])

The model formulation process in the ontology representation will be part of the demon-

stration in Chapter 3. With a formulation of an abstract optimization model (including

imprecise problem description) and further input describing the instance data, it might be

9The Object Management Group (OMG) is a computer industry standards consortium. OMG Task Forces
develop enterprise integration standards for a range of technologies. Refer to www.omg.org
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possible to retrieve a focused mathematical programming model. Figure 2.7.3 presents on-

tology representation as a layer in-between the algebraic modeling language level and the

service level [99]. Thus, when composing models within this approach OR analysts may

start with a preferred, supported AML and edit or reuse a model. With minimal effort, the

AML parser allows bringing the model into an ontology representation.

2.8 Fuzzy Domains

Web Ontology Language Description Logic (OWL DL) becomes less suitable in domains

in which the concepts to be represented do not have a precise de�nition. For instance,

consider the case where we would like to build an ontology about �owers10. Then we may

encounter the problem of representing concepts like “Candia is a creamy white rose with

dark pink edges to the petals”, “Jacaranda is a hot pink rose”, “Calla is a very large, long

white �ower on thick stalks”. As it becomes apparent such concepts hardly can be encoded

into OWL as they involve fuzzy or vague concepts, like “creamy”, “dark”, “hot”, “large”

and “thick”, for which a clear and precise de�nition is impossible. Figure 2.8.1 portrays the

architecture of feedback fuzzy framework. Zadeh [110] introduced fuzzy theories in 1962

and cognitive uncertainties can be represented by his fuzzy set theory. Some key concepts

are summarized in the following sections.

10Lecture note of Robert Fullér, What is fuzzy logic and fuzzy ontology?, KnowMobile National Work-
shop, Oct 30, 2008, Helsinki. Retrieved on March 4, 2010.
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Figure 2.8.1: Fuzzy Framework [24]

2.8.1 Fuzzy Sets

Fuzzy logic starts with the concept of a fuzzy set. A fuzzy set is a set without a crisp, clearly

de�ned boundary (see the �ower discussion example above). It can contain elements with

only a partial degree of membership. Zadeh [110] de�ned a fuzzy set as an extension

of crisp sets, de�ned by elementary set theory. Any statement can be fuzzy. The major

advantage that fuzzy reasoning offers is the ability to reply to a yes-no question with a not-

quite-yes-or-no answer. As humans do this kind of thing all the time, as do OR analysts

when they are working on problems, it is a rather new trick for computers in general. As

shown in equation 2.8.1, a fuzzy setA associates a degree of membership for each object

belonging to the universal setX. The membership function (MF),A, maps eachx 2 X to

its degree of membership in the fuzzy setA :

A : X ! [0;1] (2.8.1)
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A fuzzy set admits the possibility of partial membership in it, where the degree an object

belongs to a fuzzy set is denoted by a membership value between 0 and 1. Here membership

of degree 0 is interpreted asx not belonging toA and membership of degree 1 is interpreted

asx fully belonging toA. A membership function associated with a given fuzzy set maps

an input value to its appropriate membership value, MF, is usually represented by a curve

that de�nes how each point in the input space is mapped by some degree of membership

value. Intermediate values are interpreted asx having, in turn, intermediate membership in

A. A fuzzy setA satisfyingsupx2XA(x) = 1 is called normal. Intersections and unions on

fuzzy sets are de�ned as:

(A\ B)(x) = minf A(x);B(x)g

(A[ B)(x) = maxf A(x);B(x)g
(2.8.2)

It is useful to de�ne extensions to both intersections and unions on fuzzy sets. These

operations are called the standard intersection, and standard union as de�ned in equations

2.8.2, noting that the Lukasiewicz's11 operators use the sum for the union and the product

for the intersection. As in Zadeh [110, 111], they corresponding to the most optimistic/most

pessimistic of two given membership degrees. The cardinality measure of a fuzzy setA is

de�ned byM(A) = å u2U mA(u), whereU is a universe of discourse—a collection of objects

denoted generically byu; andM(A) is the measure of the size ofA. The complement of

a given degreex is de�ned as 1� x. Note that the intersection, union, and complement

de�ned in the classic (crisp) set theory are sometimes referred to by their equivalent logical

operators: AND, OR, and NOT, respectively.

11�ukasiewicz logic is a many-valued logic. Later generalized ton� valued(for all �nite n) as well as
in�nitely-many-valued(À 0� valued) variants, both propositional and �rst-order.
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2.8.2 Fuzzy Ontologies

A fuzzy ontology is a quintupleF = < I ;C;T;N;X > whereI is the set of individuals (ob-

jects), also called instances of the concepts.C is a set of fuzzy concepts (or classes –c f: in

OWL – of individuals, or categories, or types). Each concept is a fuzzy set on the domain

of instances. The set of entities of the fuzzy ontology is de�ned byE = C[ I . T denotes

the fuzzy taxonomy relations among the set of conceptsC. It organizes concepts into sup-

(super-)concept tree structures. The taxonomic relationshipT (i; j) indicates that the child

j is a conceptual speci�cation of the parenti with a certain degree.N denotes the set of non-

taxonomic fuzzy associative relationships that relate entities across tree structures, such as:

Naming relationships, describing the names of concepts;Functional relationships, describ-

ing the functions (or properties) of concepts. Lastly,X is the set of axiomsexpressed in a

proper logical language; i.e., predicates that constrain the meaning of concepts, individuals,

relationships and functions.

2.8.3 Fuzzy Decision Tree

Decision trees are one of the most useful methods for learning and reasoning from in-

stances. Although, due to the imprecision (to deal with language uncertainties) in decision-

making processes, Watson et al. [105] proposed a fuzzy decision analysis concept that con-

sidered parameters that are only known approximately or which re�ect subjective knowl-

edge of the decision maker, by applying fuzzy-set theory. Their work addressed impre-

cision in decision analysis, especially when changes in multiple parameters might alter

the recommended decision, while sensitivity analysis on individual parameters might not

indicate variation. The Fuzzy Decision Tree (FDT) aims to combine the ability of a deci-
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sion tree12 with a fuzzy representation that dealing with inexact and uncertain information.

There are several heuristic algorithms available in the literature for generating FDT.

Figure 2.8.2: Architecture of Fuzzy Decision Tree Induction

The generation of a fuzzy decision tree consists of three major steps namely (i) fuzzy

partitioning (clustering), (ii) induction of FDT, and (iii) fuzzy rule inference, as shown in

Figure 2.8.2. FDT is constructed using any standard algorithm like Fuzzy ID3 (discussed

below), where we follow a top-down approach, making locally optimal decisions at each

node in a recursive manner with a divide and conquer approach.

Decision Trees

A decision tree is a simple, �owchart-like graph used to analyze decision making as well

as to determine optimal decision paths for a given scenario. One such scenario occurs

during model formulation, often a decision maker (referred to as OR analyst from this

12Decision trees can learn from examples, present knowledge in a comprehensible form.
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point on) faces a scenario, where the OR analyst needs to make a series of decisions during

a period of time, and where these decisions affect some �nal outcome. Outcomes and

options for future decisions might also be affected by changes in the state of the world

during this period. The OR analyst should then adjust her strategy based on information

that is available at hand (at each time she makes a decision). A scenario like this could be

considered a stochastic discrete-time dynamic optimization problem.

A natural representation for such a scenario is a tree with leaf nodes representing outcomes

reached by a sequence of decisions and stochastic events. The tree represents a multi-step

decision-making process where a chain of discrete decisions has discrete outcomes yield-

ing some stochastic utility. The graph contains at least three kinds of nodes to represent

these properties: decision nodes, chance nodes, and outcome nodes (leaves). Traditionally,

decision trees have two major components: a procedure to build the symbolic tree and a

method for decision making. In most cases, an OR analyst's decisions over choices in the

tree is directed to maximizing expected utility13 (information gain). One way to interpret

the decision tree is as a dynamic optimization problem where a natural approach to solving

for an optimal decision strategy is by dynamic programming.

In decision tree learning, one of the most used algorithms for constructing a decision trees

has long been the ID3 (Iterative Dichotomizer 3) method introduced by Quinlan [91] in

1986. This algorithm tries to generate a decision tree from a dataset. The ID3 algorithm is

described below. Later on, as an extension to Quinlan's ID3 algorithm, a statistical classi-

�er algorithm C4.5 [91] used to generate a decision tree for classi�cation was developed.

Another method, CART [12] tries to split a compact interval into two subintervals and

choosing the optimal split-point based on the training data.

13the Occam's razor principle
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Algorithm 2.1 ID3
(Examples;TargetAttribute;Attributes)

create a root node for the tree,Root

A  the attribute with highest information gain

set decision tree attribute forRoot A

for all pi 2 A do

add a new tree branch belowRoot, labeled with the valuepi

let Examples(pi)  the subset of examples that have the valuepi for A

if Examples(pi) = f then

add leaf node for this branch with label = the most common value in the examples

else

add as subtree for this branch the tree provided by ID3(Examples(pi);TargetAttribute;Attributes� f Ag)

end if

end for

Fuzzy expectation

For the simple case of a discrete random variableX with possible outcomesx1;x2; :::;xn

and with respective utilitiesui 2 R;8i and probabilitiespi 2 [0,1];8i so thatå i pi = 1; the

expected value is

E[X] =
n

å
i= 1

piui (2.8.3)

For such a discrete random variable a crisp expected value is a mapping ofE[�] : Rn �

[0;1]n ! R:

Extending this de�nition to a fuzzy domain and range, let's consider a discrete random

variableX whose possible outcomes yield fuzzy utilities corresponding to membership

functionsUi and take place according to fuzzy probabilities corresponding to membership

functionsPi . These fuzzy numbers are used to compute the expectation valueE[X], due

to Ui andPi being fuzzy,E[X] is also fuzzy. Thus, let's denote this fuzzy expectation as
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E[X](u);u 2 R: We now have

E[X](u) = sup
u= å n

i= 1 piui

f U1 \ P1 \ :::Un \ Png::::::::::::::::::::::::::

= sup
u= å n

i= 1 piui

minf U1(u1);P1(p1); :::;Un(un);Pn(pn)g
(2.8.4)

For simplicity, referring to the membership degree of an object to a certain set of attributes

as the membership of the object to the corresponding tree node. The membership can

be computed gradually and needs to use an intersection operator for fuzzy memberships.

Considering that the attributesA1;A2; :::;Ak were encountered from the root of the tree to a

certain node (on levelk), the membership degree of our object14 is:

k
\

i= 1
mAi (vi) (2.8.5)

Depending on the semantics of the attribute, for testing symbolic value, we can either test

it against numerical values or symbolic values (i.e., a 10 minute time period might be

considered 40% long and 60% short). We can either assign a disjoint or a certain degree of

similarity, as in the case of traditional decision trees. If we are testing a numerical value,

we always have to deal with a condition against a cut pointa . Yuan and Shaw [?] de�ned

thea � cut of a fuzzy setA as

mAa (a) =

8
>><

>>:

mA(a );

0;

mA(a) � a ;

mA(a) < a :
(2.8.6)

14considering that the values for the corresponding attributes arev1;v2; :::;vk
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In this case, for each such attribute, we can introduce an extra parameterb > 0. Around

each cut point, we say that there is an uncertainty interval of lengthb: Inside this interval,

the conditionx < a has a certain membership degree between 0 and 1. For each class, we

compute the membership of our object. Since we have the corresponding value, as well

as, a membership degree associated with it, we can compute the disjunction between the

leaves that have a particular value. If the classes are not independent, we can compute the

weighted average of the leaf values as

å x2Lea f Nodesvalue(x) � mx

å x2Lea f Nodesmx
(2.8.7)

whereLea f Nodesis the set of all leaves in the tree,value(x) is the value corresponding to

the leaf nodex andmx is the membership degree of the given leaf.

Algorithm 2.2 Fuzzy ID3
(FuzzyPartitionSpace;Lea f SelectionThreshold(bn);BestNodeSelection)

While there exist candidate nodes

DO

Select one of them using a search strategy,

Generate its child-nodes according to an expanded attribute obtained

by the given heuristic.

Check child nodes for the leaf selection threshold.

Child-nodes meeting the leaf threshold has to be terminated as leaf-nodes.

The remaining child-nodes are regarded as new candidate nodes.

end
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2.8.4 Fuzzy Inference Process

Fuzzy inference is the process of formulating the mapping from a given input to output

using fuzzy logic. In general, the fuzzy inference process is composed of �ve parts: (i)

fuzzi�cation of the input variables, (ii) application of the fuzzy operator in the antecedent,

(iii) implication from the antecedent to the consequent, (iv) aggregation of the consequents

across the rules, and (v) defuzzi�cation. The process of fuzzy inference involves all the

pieces that are described in membership functions, logical operations, and if-then rules.

Figure 2.8.3 shows the information �ow of the fuzzy inference diagram that is composed

of all the smaller diagrams.

Figure 2.8.3: Fuzzy Inference Diagram (MathWorks Documentation)

(i) Fuzzi�cation of the input variablesamounts to either a table lookup or a function

evaluation. The input is always a crisp numerical value limited to the universe of

discourse of the input variable. The output is a fuzzy degree of membership in the

qualifying linguistic set (in the interval from 0 through 1).

(ii) Application of the fuzzy operatorIf the antecedent of a rule has more than one part,

the fuzzy operator is then applied to the output function, yielding a single truth value
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as an output (format at least two membership values input of fuzzi�ed variables).

(iii) Implication methodrequires the rule weight determination. Every rule has a weight

that applies to the number given by the antecedent. The input for the implication step

is a single number given by the antecedent, and the output is a fuzzy set.

(iv) Aggregation of the consequents across the rulesmust be combined in some manner.

Aggregation is the process by which the fuzzy sets that represent the outputs of each

rule are combined into a single fuzzy set. Aggregation only occurs once before the

�nal defuzzi�cation step.

(v) Defuzzi�cationstep is the �nal step of the fuzzy inference process. The input for de-

fuzzi�cation is an aggregate output fuzzy set and the output is a single number. There

are �ve built-in defuzzi�cation methods in MATLAB: centroid, bisector, middle of

maximum, largest of maximum, and smallest of maximum. The most popular de-

fuzzi�cation method is the centroid calculation, returning the center of an area under

the curve as shown in Figure 2.8.4 below.

Figure 2.8.4: Defuzzify (based on MathWorks Documentation)
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2.9 Complex Systems Modeling

One way to approach a complex problem is to understand the art of complex problems solv-

ing. It is crucial to recognize the big picture when considering complex systems, typically

featuring Ill-Structured Problems (ISPs). Because tools and methods appropriate for such

problems are different from those for well-de�ned problems. Dealing with ISPs requires

systematically thinking about and foreseeing narrow technical details. Successful complex

systems modeling requires different people with different perspectives relating to different

parts of the systems.

2.9.1 The Art of Complex Problem Solving

Decision-makers often deal with problems or “manage some system” that is inherently

complex, intractable, and uncertain, referred to as ISPs. To do this they must struggle to

build a “mental model” of a system using various sources, e.g., casual conversations, con-

ferences or meetings information, fragmentary data, news articles, written reports, personal

observation, etc. It is expected that somehow, in their heads, individual managers will com-

bine this information into a coherent and accurate picture of real-world problems and make

wise decisions based on this information.

2.9.2 Visual Modeling

Visual models (VM) are uniquely effective tool for working with complex problems. They

can explicitly show, in parallel, all major elements of a problem. Visual models provide

a complementary representation to linear verbal language and represent visual-metaphors
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one thinks about. VM provides a tangible representation that explicitly captures the com-

plexity of a problem, yielding a concrete representation to work with. The key bene�t of

visual modeling is that it enables us to build an integrated and tangible model of a prob-

lem, greatly enriching a decision-making process while keeping that process grounded in a

realistic representation of the current situation.

2.9.3 A Holistic Approach

To work with all aspects of the problem, integration of many options and coordination of all

possible actions should be viewed as “wholes”, not as a collection of parts. Consequently,

treating the problem-solving process as a system and working with key elements leads to a

holistic approach. The ultimate goal of this study is to promote coherent action on ISPs. In

doing this, the related tasks are tied together by a number of related tasks. This will help

us think more clearly, make better decisions, and implement more effectively by exploiting

the unique capabilities of visual modeling, visual facilitation, and illustration to organize

and advance this process.
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Chapter 3

Model Supposition and Structured

Corpus

“Mathematical creativity consists in either recognizing that an existing formal-
ism is applicable to the problem at hand or inventing a new one.” – Kac and
Ulam [65].

This chapter proposes two main elements for the optimization modeling corpus that con-

stitutes a middle interface for the cognitive computing platform. First, the qualitative mod-

eling techniques are discussed, along with a cross-paradigm technique that enhances soft

system methodology for the problem described in the structured corpus. Second, the exten-

sion of structured modeling language (SML) as an additional level of SML, Level 5, which

offers structured modeling withcontextual support, involving an exhaustive data analysis

and selecting the most important pieces of information for model building. Henceforth,

OR modelers will no longer need to start from scratch or reinvent the 'formulation wheel'

constantly, or read every possible journal articles in the �eld when formulating a problem.



3.1. QUALITATIVE MODELING TECHNIQUES

3.1 Qualitative modeling techniques

Modeling typically means the construction of models which can be used for detection of

insights or for the presentation of perceptions of systems. The “act” of modeling consists

of selection and construction; workmanship; an analogy conclusion or other derivations on

the model and its relationship to the real world; and preparation of the model for its use

in systems (accounting future evolution and change). Wilson [107] presented a view of

models and the distinction between models and modeling that:

“Models (of any kind) arenot descriptions of the real world they are descrip-
tions ofways of thinkingabout the real world”

The theoretical framework must be based on a mathematical framework that allows proving

properties and must be �exible for coping with various modeling methodologies. De�nition

3.1 set forth eight conceptual modeling capacities. Among those capacities, some are used

in parallel, and some may con�ict with the others during implementation. Based on a

skeleton account of SSM, one interacts with real-world situations by making judgments

about them [93]: are they 'good' or 'bad', 'acceptable' or 'unacceptable', 'permanent' or

'transient'?
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De�nition 3.1 Eight conceptual modeling capacities

Every complex problem is ill de�ned in its own way. Conceptual modeling technique
includes the following eight capacities [100]:
1. The model provides some understanding of the original;
2. The model provides an explanation of demonstration through auxiliary
information and thus makes original subject easier or better to understand;
3. The model provides an indication and facilities for making properties viewable;
4. The model allows to provide variations and supports optimization;
5. The model supports veri�cation of hypotheses within a limited scope;
6. The model supports construction of technical artifacts;
7. The model supports control of things in reality;
8. The model allows a replacement of things of reality and acts as a mediating
means.

3.1.1 Ill-structured problems

Ill-structured (or wicked) problems demand problem-solving skills and abilities that differ

from well-structured problems. These skills include critical thinking, incorporating mul-

tiple perspectives, and reasoning. Soft Systems Methodology is a constructive approach

that centers on eliciting peoples' views of a process; capturing these views in conceptual

models; using these models in a debate to clarify the problem situation [19]. It has been

proven to be a suitable match to the nature of this type of problem and incorporate all those

skills, as indicated by Checkland [14, 15, 16, 17, 18, 19].

Such problems tend to be vaguely de�ned, involving the modeling of human activities

within a system [95], and resulting from the informal diagrams that are augmented with

a linguistic component. We are interested in how to ef�ciently characterize the problem

for diagnostic purposes. The possible information acquisition is: what questions should be

asked?; what tests should be run?; what data can safely be ignored?; and at what point are
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algorithms absolutely necessary to obtain desired solutions?

Examples of ill-structured problems can be found in complex adaptive systems. For in-

stance, collaborative tagging in large-scale online systems, the ecosystem, human social

group-based endeavor (i.e. political parties or communities), manufacturing businesses.

Figure 3.1.1: The big picture lenses

Figure 3.1.1 is adopted from Khisty [69], where the observer perceives a reality(R), using

his methodology(M), through two main intellectual stances (hard and soft perspectives).

The goals are to (1) formulate a model based on a prescriptive stance, and; (2) empha-

size participation and learning. Since the problem structuring is based on the skeleton

of Checkland's SSM, this chapter concerns the learning mechanism. It focuses on exam-

ining a current modeling technology and improving current methodology using a cross-

paradigm approach and continues by providing illustrating examples and classi�cation of

ill-structured domains.

3.1.2 Classi�cation of ill-structured domains

Example of ill-structured problems are problems that have more than one solution path and

contain elements of uncertainty such as case-based problems, design problems, dilemmas,

system analysis problems, and troubleshooting.
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Data Retrieval Document Retrieval Model Retrieval

1. Direct (“I want to know X”) Indirect (“I want to know about X”) Investigate (“I want to �nd a
model that explain X”)

2. Necessary relation between a Probabilistic relation between a Satisfying relation between a formal
formal query and the representation formal query and the representation query and the representation of a
of a satisfactory answer. of a satisfactory answer useful model that recognizes tradeoff

between accuracy and complexity.
3. Criterion of success = correctness Criterion of success = utility Criterion of success = improved ability

to predict, manipulate or understand X
4. Speed dependent on the time of Speed dependent on the number of Speed dependent on the number of
physical access. logical decisions modi�cations required to obtain a model
5. Finite representation of information.Unlimited ways to represent informationUnlimited but classi�able ways
6. Finite search space Combinatorial large search space Exhibits large search space

Table 3.1.1: Comparison of data, document, and model retrieval [11]
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Case-based problems have been a prime interest in computer and arti�cial intelligence

community for decades. Case-Based Reasoning (CBR) enacts aproblem-solving paradigm

where previous experiences are used to guide problem-solving. CBR mechanisms are Re-

trieve, Reuse, Revise, and Retain cases.

Design problems typically deal with an increasing amount and complexity of project

information. Information-processing theorists are concerned with explicating the internal

structures and procedures that cognitive systems use during the design activity. Eastman

[30] called this 'intuitive design'.

Dilemmas refer to a situation where a dif�cult choice has to be made between alterna-

tives. A dilemma problem may offer two possibilities, neither of which is practically ac-

ceptable.System analysisde�nes the problems to be solved and provides the architecture

for the proposed system.

Troubleshooting is a form of problem-solving that involves a logical process of elimina-

tion to identify the true source of a problem. Troubleshooting is used in complex systems

where the symptoms of a problem can have many possible causes.

3.2 Cross-Paradigm Technique

The concept of optimization that predominated in OR studies is dif�cult to achieve in messy

situations as it is unlikely that there would be agreement as to what constitutes an optimum.
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General Systems Theory (GST approach) provides a way of looking at problems with in-

sights gleaned from knowledge about systems in general. GST would help us think more

clearly about what our goals happen to be, and about what methods we should use to

achieve them. The design process is conceived through the following sequence of steps:

(1) an exploration and decomposition of the problem;

(2) an identi�cation of the interconnections between the components;

(3) the solution of the subproblems in isolation; and

(4) the combination of the partial solutions into a complete problem solution.

Cross-paradigm technique is concerned with the effectiveness (is what we are doing right?,),

ef�ciency (is it using minimum resources?) and ef�cacy (does it work?). The results of

these questions will be in the form of recommendations or policy.

Alternative Weltanschauung Representation (AWR)

Enhanced Soft Systems Methodology represents an extension of the formal nature of SSM

models. There were three early enhancement attempts in the 1990s by: Gregory in Modal

logic [57, 56, 58]; Minkowitz in Formal Process Modeling [80]; and Probert [89] in Logic

and Conceptual Modeling. In 1998, Petri Nets (PN) were used to model weltanschauung

alternative by Lamp [74] in the conceptual stage of SSM but no further analysis was dis-

cussed. In addition, Sagoo and Boardman [95] combined PN with behavioral analysis to

the system of soft systems methodology.
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To strengthen the analysis of SSM, I employ thealternative weltanschauung representation

(AWR)using the structural analysis of a Petri Net (PN). Given that PNs are a tool for

the study of systems, PN theory allows a system to be modeled by an AWR and use a

mathematical representation of the system. Analysis of the PN can then, hopefully, reveal

important information about the structure and dynamic behavior of ill-structured problems.

From a multifaceted set of issues, I interpret the information contained in the SSM model,

identify the agents, activities, and artifacts. I, then, apply the following proposition:

Proposition 3.1 Alternative Weltanschauung Representation (AWR)

A Petri Nets based worldview (weltanschauung) is called AWR, if and only if the follow-
ing structure holds:
1. the AWR has two special structures:

placesP = p1; :::; pn that represent the agents or artifacts, and
transitions T = t1; :::;tm that represent activities.

2. Considering the set of component worldviews, it is possible to combine the PNs,
merging places with identical labels.

For each worldview in an SSM model, one can easily construct a special PN according to

the proposition. Each AWR is composed of a separate PN. By merging places with identical

label, agents (or artifacts) are represented by places,P = f p1; :::; png, and activities are

represented by transitions,T = t1; :::;tm. This equivalent root de�nition in traditional SSM

can be further analyzed by transforming AWR to an incident matrixC with n rows (places),

andmcolumns (transitions). The column vectorst i form the matrixC of AWR as

C = de f(t1; :::;t l ) =

0

B
B
B
B
@

z11 � � � zl1

...
...

z1k � � � zlk

1

C
C
C
C
A
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Unlike the PN's behavioral analysis, the structural analysis does not depend on the initial

marking of a PN. I am interested in the set ofminimal invariants. This information can

then be used to evaluate the modeled problematic systems and suggests improvement or

direction of changes.

De�nition 3.2 Invariants

Given a graph (net)G with n places andm transitions, letC be its incidence matrix. A
P-vectora x 2 Nn with x 6= 0 is called:
1. Place invariants (P-Invariants)

if xT :C = 0T ;
2. Transition invariants (T-Invariants)

if C:y = 0 where a T-vectorb y 2 Nm with y 6= 0.

aA P-vector can also be represented by a functionx : P ! N
bA T-vector can also be represented by a functiony : T ! N

To calculate invariants, I use the Farkas algorithm. The input to the Farkas algorithm is the

juxtaposition(CjEn): the incident matrixC with n rows that denote places andm columns

that denote transition, and the identity matrixEn with n� n dimension. Martinez and Silva

[72] have given a Gauss elimination like algorithm to calculate invariants:

Step1: Convert AWR to an incident matrix, and prepare the juxtapositionD0 := ( CjEn).

Step2: Nullify the ith column ofD0 by adding any rows ofD0:

Step3: Iterate for j = 1;2; :::;m (stop when �rstmcolumns are nulli�ed).

Step4: Take out the un-nulli�ed columns (starting at the(m+ 1)th column, leaving �rstm

nulli�ed columns).

Step5: Rank of this resultant matrix is(n� r). Thus(n� r) linearly independent rows are

minimal P-invariants.
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This algorithm aims to �nd a minimal set of P-invariants (it can be applied to T-invariants

by simply transposing the construction of the identity matrix). There is no guarantee that

this algorithm will �nd only the minimal invariants. However, I am interested in the set

of minimal invariants(W), whereby, its support does not contain the support of any other

invariantZ, and the greatest common divisor of all non-zero entries ofW is 1, (supp(Z) �

supp(W)).

Symbols Properties Necessary & Suf�cient Conditions

SB Structurally Bounded 9y > 0;Ay� 0 (or@x > 0;ATx 	 0)

CN CoNservative 9y > 0;Ay= 0 (or @x;ATx 	 0)

PCN Partially CoNservative @y 	 0;Ay= 0

RP RePetitive 9x > 0;ATx � 0

PRP Partially RePetitive 9x 	 0;ATx � 0

CS ConSistent 9x > 0;ATx = 0 (or@y;Ay	 0)
PCS Partially ConSistent 9x 	 0;ATx = 0

Table 3.2.1: Necessary and suf�cient conditions for some structural properties

The complete characterization of PN structural properties is summarized in Table 3.2.1. I

interpret the expressionATx as the difference of markings in each place, and the expres-

sion Ay as the change in a weighted sum of tokens for each transition �ring. Algorithm

worst-case complexity is exponential due to a possible exponential number of matrix rows

generated in the Farkas's solution process. To deal with this issue, I consider three robust

implementations: (i) using a greedy strategy to pick columns; (ii) imposing a threshold on

the number of rows to produce; and (iii) delivering an intermediate output of valid invari-

ants.
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3.3 Illustrative Examples

The aim of this section is to demonstrate problematic situations that use soft systems

methodology. The example illustrates how to tackle the originalweltanschauungand apply

the ESSM to such situations.

3.3.1 Car rental example

Since the �rst car sharing (the Selbstfahrergenossenschaft (or self-drive cooperative) car-

share program was initiated in Zürich in 1948) there has been no known formal develop-

ment of such a system until the 1960s.

Figure 3.3.1: Basic car rental process

The basic questions that the car rental company asks their clients are: What time will the

car be needed?, How long will the car be in use?, What type of car is preferred?, and Where

would you like to pick up the car? ... to name a few.
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Problem statements

A car rental is a vehicle that can be used temporarily for a speci�ed rental fee. As shown

in Figure 3.3.1, a customer (renter) who needs a car must contact a car rental company,

then contract out for a vehicle. Most car rental companies offer optional insurance that can

be arranged during a rental contract. Customers generally have options to choose amongst

various car rental companies but limited options for the insurance companies.

Original 'Soft' approach

I consider this car rental example as a problematic situation in the car rental business.

Referring to the §3.1, rich pictures are commonly used in problem expression. A rich

picture is a non-judgmental approach for reviewing a situation or examining a system. To

illustrate the worldviews, I have adopted the rich picture illustration from Edwards and

Humphries as shown in Figure 3.3.2.1

As shown in the rich picture, the free form diagrams consist of the structure, process, issues,

concerns, and development involved in systems of interest. I start my simpli�ed example

by observing three worldviews: (A) customer, (B) car rental company, and (C) insurance

company as initiated in Lamp's work [74].

1Source: Lecture note of Prof. H. M. Edwards & Dr L. Humphries, University of Sunderland
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Figure 3.3.2: Rich picture of car rental example

(A) Customer's (B) Rental company's (C) Insurance Company

Customers Customers (casual and regular) The car rental company

Actors Renter company's employees Insurance company's employees

Transformation Satisfying customer needs for temporary use of a car Providing choices of coverage

Worldview Existing rental �rms for a renter Existing rentals �rm Identifying driver and risks

Owners Manager of the rental station The underwriters of the insurance company

Environment Regulatory concerning registration and licensing Motor vehicle and personal injury regulations

Table 3.3.1: Simpli�ed car rental weltanschauung (worldview)

From CATWOE, it is easy to construct a Petri net in accordance with each worldview,
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where the systems of interest can be split into three major categories: customer, car rental

company, and insurance company.

Applied problem reframing

For illustration, we introduce Petri nets worldviews for car-rental work�ow as:

(A) (B) (C)

Figure 3.3.3: Using Petri Nets to model worldview alternatives [74]

An elementary system net for the car rental (or combined) worldview is constructed ac-

cording to AWR in proposition 3.2. Figure 3.3.3 presents a separate Petri nets without

subnet, according to three worldviews, shown in Table 3.3.1 where Places areProspective

Customer, Cust. with a car, Cust. return a car, Former cust., Parked, Cust. with contract,

Cust. to settle, In-use index, Available index; and Transitions areUse car, Fetch car, Return

car, Sign contract, Settle Account.
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Figure 3.3.4: Graph N: for car rental example

In �gure 3.3.4, the circles represent places and the squares represent transitions. Next, it is

easy to impose an order of the formt1; :::;tl on the transition ofN, the column vectorst i to

form the matrixN of N.

Table 3.3.2: Transition matrix

97



3.3. ILLUSTRATIVE EXAMPLES

Applied analysis of invariants

Finding place invariants by using the Farkas algorithm, I need the input from Table 3.3.2 as

the identity matrixC juxtaposition with the identity matrix,E9 = I9� 9; resulting inDP0 =

[CjE9], as follow:

Dp0 =

2
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6
6
6
6
6
6
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6
6
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6
6
6
6
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0 0 0 1 0

� 1 1 0 0 0

1 � 1 0 0 0

0 0 0 0 1

0 � 1 1 0 0

0 � 1 0 1 0

0 0 1 0 � 1

0 0 0 1 � 1

0 0 0 � 1 1
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�
�
�
�
�
�
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�
�
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�
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�
�
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�
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1 0 0 0 0 0 0 0 0

0 1 0 0 0 0 0 0 0

0 0 1 0 0 0 0 0 0

0 0 0 1 0 0 0 0 0

0 0 0 0 1 0 0 0 0

0 0 0 0 0 1 0 0 0

0 0 0 0 0 0 1 0 0

0 0 0 0 0 0 0 1 0

0 0 0 0 0 0 0 0 1

3

7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
5

Note that place invariant matrixC consists ofP rows whereP= ( p1; :::; p9)T andT columns

whereT = ( t1; :::;t5) of the matrixN. Implementing �ve steps of the Farkas algorithm, I

obtain the place invariants after three replications; however, after four replications, there is

no valid T-invariant.

(1) Place invariants(if xT :C = 0T)

For j = 3 the Farkas algorithm stops, the results show two possible P-invariants,

xT =

2

6
4

0 1 1 0 0 0 0 0 0

0 0 0 0 0 0 0 1 1

3

7
5

8
>><

>>:

Customer(with car, return car)

Index(in use, available)
:

(2) Transition invariants (T-Invariants)
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y =

2

6
4

0 0 0 � 1 0 0 1 1 � 1

1 0 0 0 0 0 � 1 � 1 1

�
�
�
�
�
�
�

0 0 0 0 1

1 1 1 1 0

3

7
5

There isno feasible T-invariant for this example. This indicates there exists no valid

set of transition �rings that can return to the original netN to the same marking.

Translating to the nature of the car rental operations, where each customer requires

unique services.

A P-invariant can be regarded as a token conservation component. The interpretation is ad-

hoc to SSM models. In this particular example, I have two p-invariants. They point out that

the car rental company must pay extra attention to car handling (both rent out and return).

The example also indicates the importance of an internal index for keeping the business

tracked. On the other hand, a T-invariant identi�es a set of transition �rings, which can

return the netN to the same marking.

3.3.2 Problematic inventory situations

A small example inreal-life inventorycontrol, where inventory can be either �nished prod-

ucts waiting to be sold or the raw materials used to produce the �nished goods. Inventory

is listed as a current asset on a company's balance sheet. In addition, inventory can be used

as collateral to obtain �nancing at some point as shown in Figure 3.3.5†.

At least �ve challenges have to be satis�ed: (i) an anticipated increase in demand (meet

demand and protect against unanticipated change); (ii) bulk ordering (to take advantage of

†From [64] Operations and supply chain management, the core, 3 Ed.
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Inventory 
on hand 
(in units)

Safety 
stock

Place 
order
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Time
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Figure 3.3.5: Typical Problematic Inventory Situations

price breaks); (iii) Prevent the production idling (in case of one part of the process breaks

down); (iv) To keep a steady stream of material �owing to retailers (rather than making a

single shipment of work in process (WIP) or goods); and (v) Time-based constraints (where

geographical location may affect the transit time).

To satisfy the challenges, one may consider this inventory problem in many ways: (1)

Decision Problem, (2) Inventory and Production Problem, and (3) Cost versus Revenue

Considerations. Using a system-thinking viewpoint in decision analysis, with a Hard OR

viewpoint, will break this problem into four parts:

• amodel, a set of assumed empirical relations among a set of variables.

• a subset ofdecision variables, which are chosen by the �rm (decision-maker).

• anobjective function, such that a higher value (more pro�t) represents a more desir-

able state of affairs from the viewpoint of the �rm. In some cases, a �rm may shift

its focuses to be more concerned for the viewpoint of its customers, where this may

con�ict with the initial pro�t-oriented view.

• computing methods, that examine, quantitatively, the effects of alternative values of

the decision variables on the objective function. Ideally, such methods aim for an

100



3.3. ILLUSTRATIVE EXAMPLES

optimal solution. Realistically, there may be a case where no optimal solution can be

found. An analyst may have to turn toward a more descriptive solution.

The General Structure of Inventory Models‡

Inventory is one of the key components that drive the �rm. Cost of goods sold (COGS) is a

key driver of pro�t, total assets, and tax liability. A company incorporates inventory values

to measure a certain aspect of its �nancial health using �nancial ratios such as inventory

turnover. Major cost elements are the cost of ordering or producing, storage costs, discount

rate, penalty costs, cost of change in the rate of production, and salvage costs.

In any inventory cost study, one may view this problem as one in 'production,' or as one

in 'ordering.' In production, besides the inventory cost (as shown in Figure 3.3.6§ below)

accrued since the setup stage, there can be additional costs due to the preliminary labor and

miscellaneous expenses of starting a production run. In ordering, the setup is due to the

administrative expenses of processing the order.

‡Follow closely from Arrow Et. Al.[8]
§From [64]
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Figure 3.3.6: General Structure of Inventory Models

In stocking an inventory for any commodity, there will be a costc(z) to ordering or produc-

ing a given amountz of the commodity. A hard perspective relies on various assumptions

about this cost function in different circumstances. For example, the most basic assumption

is the cost of ordering is directly proportional to the amount ordered. A more complex cost

function would suggest that a costc(z) is a concave function ofz, meaning each additional

unit will cost less. In some special cases, this costc(z) is composed of a cost proportional

to the amount ordered plus some setup cost which may be a constant forzpositive and zero

for z= 0: Concave cost function also arises whenever there exist economies of scales (large

scale production).

In contrast, a costc(z) can be a convex function ofz. This will happen when additional

output requires hiring additional staffs and purchasing additional equipment without in-

creasing the size of the plant so that production becomes less ef�cient. Inventory cost

functions are usually construct in ad-hoc fashioned, where a realistic cost function may be
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Figure 3.3.7: Applying SSM to a Problematical Inventory Control

made of pieces, each of which is either linear, concave, or convex. Because any changes in

commodity and other material prices affect the value of a �rm's inventory, it is important

to understand how a �rm accounts for its inventory. Common inventory accounting meth-

ods include �rst in, �rst out (FIFO), last in, �rst out (LIFO), and lower of cost or market

(LCM). Some industries, such as the retail industry, tailor these methods to �t their speci�c

circumstances.

In a broad sense, the time structure of inventory models can be either discrete or continuous.

One treats the following two situations as a continuous variable [8]: (i) when it is assumed

that demands occur as a continuous, or at least piecewise continuous function of time; (ii)

when the demands come discontinuously and randomly at non-equal time points.

The basic requirement for counting an item in inventory is an economic control rather than

physical possession. Therefore, when a company purchases inventory, the item is included

in the purchaser's inventory even if the purchaser does not have physical possession of
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inventories. Given the signi�cant costs and bene�ts associated with it, Appendix D explains

how a �rm de�nes stock-�ow identities and their assumptions used to calculate the optimal

level of inventory should be at any given time. Changes in inventory levels can send mixed

messages to investors.

3.4 Extension from Geoffrion's Structured Modeling

Due to the lack of methods for presenting the qualitative operations research knowledge

that was mentioned earlier, an SML extension will be pursued as a vehicle summarizing and

accumulating application experiences, and gaining knowledge on the model formulation.

This section proposes a framework employing structured modeling archetype in a cognitive

computing environment. We expect this extension to be groundbreaking as a decision

analysis framework for the IBMWatsontm cognitive computing environment, or similar

cognitive computing systems.

Fundamental framework of structured modeling

The Structured Modeling framework consists of three levels: (i)elemental structure, (ii)

generic structure, and (iii) modular structure. An elemental structureis the most basic

level of the model. It is de�ned as a non-empty, �nite, closed¶, and acyclic|| collection

of elements to avoid the circulation of denotations. SM uses elemental structure to depict

the real world. A collection of inter-related genera represents the second SM's level. A

¶A closed element: “A collection of elements is closed if, for every element in the collection, all elements
in the calling sequence of that element are also in the collection.”

||Acyclic: “A closed collection of elements is acyclic if there is no sequenceE1; :::;En such thatE1 calls
; :::;En� 1 callsEn, wheren > 1 andEn = E1”.
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generic structureis a generalization of the elemental structure. Genera may be organized

conceptual units and be referred to as 'modules'. These modules enabled the modeler to

view the model at a different level of complexity; hence, this is known as themodular

structure.In addition, a strict partial order called 'monotone-order'is also introduced in

this structure [90].A rooted treeis a prime example of the graphical representation of the

modular structure, where the root embodies the entire model and each terminal node is a

genus. Recalled, the typical appearance of genus paragraph in SML is as shown in Figure

3.4.1 [46].

Figure 3.4.1: Typical Genus Paragraph

• GNAME is a genus name beginning withan upper case letteror dollar sign.

• =type= is a genus declaration, indicated by six reserved words according to six SM

types.

• a new index is an option only used by self-indexed genera. It speci�es a single lower

case letter to serve as a symbolic index, together with any desired alias indices.

• a domain statement is an optional speci�cation of the data type for the identi�ers

(names) used for the individual elements of a self-indexed genus.

• a range statement for an attribute genus speci�es a set of permissible values for its

elements (begin with a colon). Range type options are reals, integers, logical, strings

and an enumerated list of strings.
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• a generic rule statement for a function (or test) genus speci�es all the value-determination

rules for the elements of the genus (begin with a semicolon).

• interpretation is an optional plain natural language explanation of a typical element

of the genus (or entire collection of elements) (it follow the format� j ).

The grammar of SML is clearly de�ned and �exible for mapping algebraic declarative

modeling languages that are often used in the optimization paradigm. Indices are the basis

for a generic name used to denote a typical element. A speci�c index tuple is obtained by

giving speci�c identi�er-values to all indices of a generic index tuple. For indexed genera,

generic names generate element names when a particular index tuple is used as a suf�x

instead of a generic index tuple.

Example Consider transportation data (Section 2.6.1). The following examples show how

the Level 4 SML grammar outlines the problem.

Dense TRANSPORTATION link:

Sparse TRANSPORTATION link

Geoffrion foresaw three main SM design challenges: (i) a general conceptual framework

for thinking about models; (ii) an executable language based on this framework, and (iii)

software integration. Geoffrion [41] highlights desirable features for a new generation of

modeling systems that can be summarized as:

106



3.4. EXTENSION FROM GEOFFRION'S STRUCTURED MODELING

(a) a rigorous conceptual framework for modeling based on a single model represen-

tation that provides suf�cient generality to encompass most of the great modeling

paradigms;

(b) independence of model representation and model solution;

(c) representational independence of general model structure and the detailed data, and

(d) a framework that will be useful for the entire model life-cycle.

A completely satis�ed structured model requires explicit enumeration and speci�cation

of the following [43]: (i) all elements in detail; (ii) including all calling sequences; (iii)

attribute values, function, and test element rules (but not values); (iv) generic structure sat-

isfying similarity; and (v) a monotone-ordered modular structure. Otherwise, a structured

model is said to be incompletely speci�ed.

Bene�ting from this rigorous de�nition of the semantics of the Structured Modeling's

framework and representation, it is an ambitious undertaking to create an additional level

to original SML – Level 5 Contextual and Adaptive Support. In the following sections,

among the key points, we answer the following questions:

(i) What are the features of Level 5?

(ii) In what ways can cognitive computing handle the analytics (optimization tasks)?

(iii) What are the dif�culties in implementing a Level 5?

To answer the �rst question, our proposed Level 5 SML incorporates model adequacy for

model reuse and diagnosis purposes (search, discovery, and navigation through the opti-
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mization model corpus** ). We design Level 5 SML as an extension to the original four-

levels of SML such that it can communicate with a cognitive computing type system such

as IBMWatsontm. Level 5 SML also utilizes ontology engineering concept.

3.5 Structured Modeling with Contextual and Adaptive

Our approach extends the work of Geoffrion [42, 44, 45, 51] to an adaptive exposition. We

adopt the fundamentals of Structured Modeling concepts and Structured Modeling Lan-

guage's notation as a paradigm-neutral model representation language. Level 5 SML is

a stepping stone toward a cognitive analytic. We �rst focus on optimization models as a

corpus for an optimization advisor.

The unique properties of our Level 5 SML is matched with Watson Explorer architecture in

three ways: (i) Position-based index (“schema-less” properties), (ii) Hashing for recurrent

genus type, and (iii) Self-synchronizing replication. Level 5 SML is designed to expand

and broaden this framework. It will also be enabling a cognitive ability to manage and

utilize the analytic corpus. The objectives of Level 5 SML are as follow:

1 to have a scheme that is well suited to the structured model instance;

2 to have a scheme that allows an easy transition to and from conventional models;

3 to have a scheme that a cognitive computer can process without undue dif�culty for

handling most models and their instance detail.
** In IBM Watsontm, the corpus is a centralize content that store in a central repository. It uses to respond

to user questions.

108



3.5. STRUCTURED MODELING WITH CONTEXTUAL AND ADAPTIVE

Level 5 SML: The Structural Modeling with Contextual and Adaptive

Support

The structured modeling framework uses a hierarchically organized, partitioned, and at-

tributed acyclic graph to represent the semantic as well as the mathematical structure of a

model [45]. The general appearance of Level 5 SML is as shown in Figure 3.5.1.

Figure 3.5.1: Level 5 SML Features

Level 5 SML allows the use of position-based index as done in previously de�ned SML

models. Recurrent genus types are imprinted with a hashtag. Level 5 is in compliance with

Structured Modeling Markup Language (SMML), which is based on XML schema and an

adaptive version of semantic (SA-SMML) The key requirement is asynchronous parsing

support.

Consider the second question, “in what ways can cognitive computing be handled the ana-

lytic (optimization tasks)?” There are three ways to handle the analysis: formative, expan-
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sive, and cognitive. For example, IBM uses Watson analytics as an automated service for

data preparation, re�nement, and analysis. We illustrate by example, the guided problem

discovery wizard, in Chapter 4, where the complex situation feeds into the pipeline of our

optimization problem reformulation using a cognitive technological framework.

3.6 Structure of the Ontology Representation

Adapted from [99] and references therein, the basic structure of the ontology represen-

tation is presented in Figure 3.6.1 as a simpli�ed aggregated view of the approach. Our

main differences from [99] are associated with the use of Geoffrion's structured modeling

scheme, applied to the interface of meta-domain ontologies and concrete-domain ontolo-

gies. Moreover, there exists a modi�cation due to the introduction of fuzzy representation

in both quantities and fuzzy relation of the guided problems-discovery-wizard.

Figure 3.6.1: The Ontology Representation Structure

The ontology representation is more abstract than AML. The idea behind the approach aims

to reuse the formulation types with different data conceptualizations and slightly varying
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expression parts. Abstract optimization models are to be represented in an ontology graph

structure. Thus, any manipulations on a model speci�cation will be manipulations of the

knowledge graphs given by the model as well. To summarize this representation structure:

Optimization modeling Mimicking an OR analyst's thought process in building an AML,

the conceptualization of data and variables used in a constraint are speci�ed before the ac-

tual formulation of an abstract AML. Therefore, in ontologies, goals, and constraints are

grouped for a certain “very abstract domain” such as (in this example), “network”, hence,

the data ontologies conceptualization now only focuses on subdomain “network” too.

Meta Domain Ontologies (MDO) As we can see, meta-domain ontology types are also

sub-types of indexing (general concepts for sets, parameters, and variables). From applica-

tion domains, types for formulation entities, the data conceptualization for sets, parameters,

and variables are to be de�ned as semantics types and referred to as MDO.

Concrete Domain Ontologies (CDO) We need concrete model instantiation services,

which are derived from the structured modeling domain. Since data-related ontology

classes are to be used to support the generation of data transformations that are referred

to as CDO.

In the following section, a visualization of the constraint-type usage and the graph structure

on the ontology assertion level for this example is presented in Figure 3.7.1.
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3.7 Illustrations

This section presents toy examples of model (re)formulation using my framework. Specif-

ically, the formalization and model formulation that is associated with the network �ow

domain.

Optimization Models with Ontology-based Representations

The critique system for model formulation needs an interaction between modelers (OR

analyst) and the critique system or the guided problems-discovery wizard (GPW). Ontology

is utilized to represent models semantics for data transformation generation and service

composition in the GPW. A process, described here, leads to a life coach for an OR analyst

to sort through an abstract optimization model to discover core components. GPW works

through an integrated and automated treatment of changes, leading to a reformulation. First

(Refer to Figure 2.7.3 in Section 2.7), an initial abstract optimization model is formulated

in a preferred format of the OR analyst in AML format. Then, the system works through

the AML Parser to obtain an ontology-based formulation. The ontology representation

supports different tasks such as specifying model formulation corresponding to an AML

representation as well as all kind of semantics manipulation.

3.7.1 A Common Min-Cost-Flow Example

The �rst example model is a common min-cost-�ow problem (MCFP) (with integrality

requirement). The reason we choose it as the toy example is because MCFP is a general

structure in network �ow models that provides a uni�ed approach to many applications,
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such as assignment, maximum �ow, transportation, and transshipment problems. Further-

more, the possibility now represents itself for benchmarking our modeling with a similar

research scheme by Stapel [99] on the last phase of my research. MCFP is also a reasonable

generalization of the application of a fuzzy domain within my framework. Here are two

facets associated with fuzziness of the problem characteristics.

Impreciseness and Uncertainty. Real-world problems include uncertain (and imprecise)

data, the cost and the capacities of the network can be vague or uncertain. These uncertain-

ties can be (ideally) captured by applying fuzzy set theory.

Multiple objectives. Multi-objective (and multiple hierarchy levels) models have a cru-

cial role in mathematical programming and applications. A fuzzy decision tree representa-

tion, together with the use of linguistic statements as target values appearing as member-

ship functions of fuzzy sets in the problem formulation, can reduce the complexity of such

a problem.

There is a different (and equivalent) formulation for a minimum cost �ow, such as �nd

the maximum �ow at minimum cost, or, sendx units of �ow from s to t as cheaply as

possible. Consider, a graphG = ( V;E);V = f 1;2; :::;ng and let there exists non-negative

edge capacitiesu, edge costsc, supply/demandb on each vertex, a �ow off (v;w) on each

edge (v,w). This problem has the following model representation:
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min å
(v;w)2E

c(v;w) f (v;w)

subject to

f (v;w) � u(v;w) 8(v;w) 2 E

å
w2V

f (v;w) � å
w2V

f (w;v) = b(v) 8v 2 V

f (v;w) � 0 8(v;w) 2 E

(3.7.1)

Underlying assumptions are that cost and capacities are integral. Additional assumptions

are: (i) graph is directed, (ii) if(v;w) 2 E, then(w;v) =2 E, (iii) å bb(v) = 0, and there exists

a directed path of in�nite capacity between each pair of nodes.

3.7.2 Input Examples of MCFP formulation in various AML

Table 3.7.1 shows different mathematical programming languages that an OR analyst might

use for model input, where the general version of the min-cost-�ow formulation is shown

in Equation 3.7.1. Note that this demonstration is intended to use an AMPL formulation

and the whole model is abstracted from concrete instance data. The goal is to minimize the

overall linear �ow cost. Parameters are given as follows:

• Supply=Demand: Observing supply parameters at nodes which are de�ned with pos-

itive values for in�ows/supplies, negative values for demands and a zero value in sum

(if a node is a transshipment node).

• Cost: There are linear �ow cost parameter on the arcs plus and an upper bound on

the capacity for the throughput of a single commodity (for simplicity of the example,

at the moment).
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• ArcFlow: This is the �ow variables, enforcing zero as a lower bound. The arc-�ows

are to be determined in the solutions.

In our �rst example, the network balance forces the in�ows and out�ows at nodes to be

equal. The typical network problemMassBalanceconstraints and theUpperCapacityCon-

straintsare shown in Table 3.7.1. I believe that this simple MCFP suf�ces to allow a

discussion of the basic ideas of the ontology representation approach and fuzzy domain

ideas.

3.7.3 Ontology Speci�cation for the MCFP

Example of a Constraint-Type Usage In a typical balance constraint of a network prob-

lem as shown in a target AMPL statement in Equation 3.7.2 can be represented by the

ontology excerpts as shown in Figure 3.7.1.

S:t:.MassBalancef i.in.Nodesg :

sumf (i; j).in.Arcsg(ArcFlow[i; j]) � sumf (i; j).in.Arcsg(ArcFlow[ j; i])

= SupplyDemand[i]; :

(3.7.2)

The identi�er of parameters, sets, constraint, and variables in the AMPL model (Equation

3.7.2) are different to the suf�xes of individuals in the ontology due to the Optimization

Modeling (OM) pre�x (OM#EName), used to call and annotate string names. The respective

ontology classes are based on a meta-domain ontology for networks that carries the pre�x

Net. The SingleCommodityBalance type represents �ow conservation equations for a

single commodity with a single �ow variable. Next, we shift to the summaries of the
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set Nodes; Set nodes /.../; edges=[ ... ]

set Arcs within {Nodes, Nodes} Set midnodes(nodes) / /; cost={.... }

Set lastnodes(nodes) / /; capacity={....}

param Cost{Arcs}; Alias(nodes, nodefrom, nodeto, n)

param UpperCapacity{Arcs}; Set edges(nodes,nodes)

param SupplyDemand{Nodes} integer;

#Follow the convention >0 for supply and <0 for a demand Parameter cost(nodes,nodes) /..../;

var ArcFlow{Arcs}>=0, integer; Parameter capacity(nodes,nodes) /..../;

#In standard formulation, Zero lower bounds of �ows

#Integrality requirement for the demonstration!

minimize FlowCost: sum{(i,j) in Arcs}(Cost[i,j]*ArcFlow[i,j]); Model mincost�ow / all /; mcf=ConcreteModel()

s.t. MassBalance{i in Nodes}:sum{(i,j) in Arcs}(ArcFlow[i,j]-sim{(j,i) in Arcs} ... mcf.uf=Constraint(

(ArcFlow[j,i]=SupplyDemand[i];
expr=sum(mcf.�ow[e]

for e in edges if e......)

s.t. UpperCapacityConstraints{(i,j) in Arcs}: ArcFlow[i,j]<=UpperCapacity[i,j];

Table 3.7.1: Various Inputs Example for MCFP
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Figure 3.7.1: Ontology Excerpts of a Standard Balance Constraint Type

Figure 3.7.2: Top Level Optimization Modeling De�nitions

top level de�nitions inOM, including FormulationEntity and DataEntity subclasses

that use fundamental vocabularies for optimization model speci�cations. The top-level

de�nitions in optimization modeling are the backbone of the ontology.

ModelEntity provides a class for all entities occurring in an abstract optimization model

for instance (on the right-hand side of Figure 3.7.2) parameters, variables, sets, goals, and

constraints. A complete description of theOM-ontology can be found in Appendix E. The

mathematical properties of a general formulation such as linearity, positivity, integrality,

and so on, are to be speci�ed when a speci�c optimization model is de�ned in the ontolog-

ical representation. Figure 3.7.3 provides a visualization of mathematical parameters.
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Figure 3.7.3: OWLViz of Mathematical Parameters Collections

Ontology Speci�cation for the MCFP There is an interplay of different vocabularies

when we observe Figure 3.6.1 in Section 3.6. Until now, we haven't speci�ed the complete

MCFP ontology representation, as yet. The model will now be speci�ed using the ontology

representation. We will further investigate the AMPL excerpts of the respective vocabular-

ies in use, as well as, the explicit type de�nitions for the model. Figure 3.7.4 portrays

the min-cost-�ow instance structure in the ontology representation. The model consists

of three formulation entities, six data entities, and some mathematical properties that are

imported from ontology modeling properties (OM.MProp). Here, the AMPL statement to

be derived from the usage ofNetForms#SingleCommodityFlowBoundsUpas speci�ed in

the ontology graph is shown in Equation 3.7.3 below.

S:t:.U pperCapacityConstraintsf (i; j).in.Arcsg :

ArcFlow[i; j] � U pperCapacity[ j; i];
(3.7.3)

The ontology structure for MCFP above shows some mathematical property individuals.

These properties are speci�ed for the model entities by axioms. AML statement (excerpt

� 0 and integer, Equation 3.7.4) below re�ects the two mathematical properties namely,

118



3.7. ILLUSTRATIONS

Figure 3.7.4: MCFP Instance Structure (Adapted from [99]) in the Ontology Representa-
tion

OM.MProps#ZeroLowerBoundand OM.MProps#IntegralityProperty from the ontol-

ogy modeling property.

var.ArcFlowf Arcsg � 0; .integer; (3.7.4)

Notice that this integrality property (IntegralityProperty ) of typeOM.MProps#Integer-

Data is also used bySupplyPar which also re�ects an integrality requirement for the input

supply parameters. The underlying explanation here is that mathematical property individ-

uals can be shared by different model entities.

This research considers a fuzzy logic system where data model and real-world problem

domain instance data can be de�ned as the nonlinear mapping of an input data set to a

scalar output data. OR analysts often use the words contain expressions of frequency,

such as "always," "very often," "sometimes," "seldom," "never" during model formulation.

In the following section, the discussion shifted toward the process of quantifying various

form of uncertainty, such as ambiguity, imprecision, or vagueness occur naturally in reusing
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model components, considering the representation of these imprecise data as fuzzy sets by

making a crisp quantity fuzzy called fuzzi�cation process.

3.8 Fuzzi�cation

For fuzzi�cation of crisp arithmetics and ordering methods, the computation of crisp ex-

pected value was fuzzi�ed by fuzzifying the underlying arithmetic operations. In a case of

the fuzzy decision trees, this is adequate since the probability distribution for each event in

the scenario is discrete and in�nite. Although, there exists no consensus as to how fuzzy

quantities should be ordered, leaving it up to the OR analyst to decide how to discern order

between fuzzy utilities. The following section presents an example depicting the fuzzi�ca-

tion process.

Strength of Con�rmation

Table 3.8.1 presents an example of the linguistic values, intervals and representative values

expressing frequency and strength of con�rmation for an ambiguity domain. Note thatF

means undetermined.

One way to handle the modeling diagnosis is to analyze the ambiguity that is left on. As

discussed in Sub section 3.7.3 (Figure 3.6.1), an important point is how to handle the ambi-

guity that arises within the proposed SML Level 5 interpretation. Normally, an OR analyst

conducts a through research in the domain of modeling interest. However, research into

the acceptability of the information ambiguity is the key to robust modeling guidance. Let

us consider the following four items as a basis for discussion example:S: symptoms, test
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Linguistic Value
Interval

Representative
(Strength of Con�rmationm()) Value
always [1,1] 1
almost always [0.98,0.99] 0.99
very often [0.83,0.97] 0.9
often [0.68,0.82] 0.75
sometimes [0.33,0.67] 0.5
seldom [0.18,0.32] 0.25
very seldom [0.03,0.17] 0.1
almost never [0.01,0.02] 0.01
never [0,0] 0
unknown F F

Table 3.8.1: Linguistic Values, Intervals, and Representative Values Examples

results, (or indicators);D: name of the diagnosis;SC: a combination of symptoms;IC:

any other internal combinations; andT: fuzzy score, determined byT = [ 0;1] [ F :

Each symptomSi is characterized byms which have value in the fuzzy scoresT. However

unlike standard membership functions (discussed earlier in Section 2.7), our score also may

takes the valueF . The intersection, union, and complement of the fuzzy set are de�ned

below:
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X1 [ X2 =

8
>><

>>:

minf x1;x2g

F

i f X1 2 [0;1]

i f X1 = F

and

and

X2 2 [0;1]

X2 = F

X1 \ X2 =

8
>>>>>>>>>><

>>>>>>>>>>:

maxf x1;x2g

X1

X2

F

i f X1 2 [0;1]

i f X1 2 [0;1]

i f X1 = F

i f X1 = F

and

and

and

and

X2 2 [0;1]

X2 = F

X2 2 [0;1]

X2 = F

X̄1 =

8
>><

>>:

1� X1

F

i f X1 2 [0;1]

i f X1 = F

(3.8.1)

The fuzzy relations between items are also considered, for instance, symptom-diagnosis

(SD), symptom combination-diagnosis ((SC)D), symptom-symptom (SS), and diagnosis-

diagnosis (DD). There are two dimensions to the depth of the relationship between each

element, namely the frequency and strength of con�rmationm() . Table 3.8.1 presents

some examples of the strength value. In summary, we can write the knowledge that relates

to the symptom-diagnosis as “IF A THEN B WITH (O,C)” where O and C can be found as

linguistic expressions in Table 3.8.1.
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Chapter 4

Uni�ed Framework for the Guided

Model Discovery

“The models should shed light on the limit of what can be learned, just as
computability does on what can be computed.” – Valiant [103]

This chapter is intended as a demonstrator for the proof of concept to aspects of modeling

optimization problems using the proposed framework. Although no guaranteed strategy

will resolve every modeling scenario, the structure being discussed allows for the applica-

tion of some conventional wisdom about optimization to be applied to the corpus, contin-

uously. The materials presented in this chapter plays a role similar to that of a consultant

that an OR analyst might allow to internally work inside his or her head before, during,

or after the models have been formulated. We wish to emphasize again that the advice we

shall offer is not foolproof, but based on the corpus knowledge at hand, and many of the

statements to be made should (and will often) be quali�ed.



4.1. UPDATED REPRESENTATION FRAMEWORK

4.1 Updated Representation Framework

Figure 4.1.1 illustrates an update to the data and information �ows that presented earlier in

Chapter 2 (Figure 2.1.1) using the Uni�ed Modeling Language (UML) behavioral diagram

to visually represent the dynamic nature of the proposed framework.

Figure 4.1.1: UML Representation for framework
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The ef�cient optimization of the model can be critically dependent on the speci�c proper-

ties of the formulation. It is often the case that the formulation of the model must make

many subjective decisions that do not affect the accuracy of the model, yet are crucial to

whether the model is compliant to solutions by optimization algorithms. The UML rep-

resentation framework is composed of seven layers: (i) complex situation, (ii) decision

maker, (iii) the modeler, (iv) problem de�nition, (v) cognitive systems, (vi) interface for

decision makers, and (vii) internal system corpus.

The solid arrows in Figure 4.1.1 indicate the rational thought process of information �ow

for the (optimization) modeling cycle. Moving from the complex situation (real world) to

the need to solve problems by structuring them utilizing the guided model discovery, as

shown in layers (iv) to (vii), allows a modeler to cope with the fact that the nature of a

possible model may vary so much. The dashed arrows indicate feedback iterations that

an OR analyst should consider in the initial stages based on professional intuition before

allowing the proposed model reformulation process to re�ne the model further in a more

automated fashion.

Figure 4.1.2: Segregate problem solving
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It is here that abstracting away irrelevant details and focusing on the crucial elements takes

place. Figure 4.1.2 depicts a somewhat different approach that starts from a natural way

to solve large combinatorial problems consisting of decomposing them into independent

sub-problems. However, due to the nature of an ill-structured problem domain, there exist

unde�ned sub-problems. These problems are solved with an appropriate procedure. This

segregated approach may lead to solutions of moderate quality, since sub-problems might

have been matched to a well-de�ned domain. Even so, it is not easy to �nd appropriate

ways to decompose a problem apriori.

Newell and Simon proposed a general method for problem-solving in the 1950s. According

to their method, there are four stages for problem-solving: (i) problem identi�cation, (ii)

strategy planning, (iii) execution, and (iv) the solution and evaluation. A mean-ends anal-

ysis is a technique used in Arti�cial Intelligence for controlling search in problem-solving

computer programs, and it consists of the four-steps.

De�nition 4.1 Newell's mean-ends analysis

1. Compare the current state, the goal state, then identify differences.
2. Select an operator relevant to reducing the difference.
3. Apply the operator if possible.
4. If it cannot be applied, establish a sub goal of transforming the current state into one in
which the operator can be applied.
5. Iterate the procedure until all differences have been eliminated or until some failure
criterion is exceeded.

Due to the complex and changing nature of a real-world problem domain, the analysis most

likely involves categorical, combinatorics, or symbolic variables rather than real analysis,

and they are more likely to be discrete rather than continuous. For example, a large number

of human-designed system problems involve combinatorics, symbolic or categorical vari-

ables rather than real analysis, and synthesizing a con�guration rather than proportioning
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the design parameters. The solution to these problems will involve a compromise for “good

enough” and rarely achieve optimality.

4.2 Mathematical Relationships Expression

Mathematical expressions play a dominant role in structuring and investigating the relation-

ships among the parameters in a model. An OR analyst often uses equations as the means

of evaluating and experimenting that cannot be done in the real world due to dangerous,

impossible, or prohibitively expensive circumstances. Equations usually involve two types

of quantities: parameters and variables. The parameters are known or controlled numerical

values which enter into the formulation. The variables are unknown and are allowed to

assume any value in a speci�ed range [94].

The inference mechanism uses these as training experiences to make predictions on which

sets of variables, parameters and function have semantic correlations. This information

helps formulate new problems. The new problems when formulated join the existing

database, thereby enlarging the experienced corpus with each iteration. A wide variety

of different functions are used in business applications, but the most frequently is listed as

primary functions are as follow:

1 The polynomial of degreen: f (x) = a0 + a1x+ a2x2 + :::+ anxn;n a positive integer,

an 6= 0

2 Relational functions:f (x) = Pm(x)=Pn(x) whereP(x; f ) = 0 wherePi is a polynomial

of degreei
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3 The algebraic function:f (x) = the solution ofP(x; f ) = 0 whereP(x; f ) is a polyno-

mial in two variablesx and f :

4 The exponential function:f (x) = ex

5 The logarithmic function:f (x) = lnx

The problem is to determine these unknowns. A system of equations may be undetermined

if it has more variables than the number of equations and overdetermined in the opposite

case. In the undetermined case, some of the variables are arbitrary, and the remaining vari-

ables may be expressed as functions of the arbitrary variables. Usually, if the system of

equations is not redundant and the number of variables is equal to the number of equations,

it is plausible to obtain speci�c values for the variables as solutions. The values of the

variables depend on those of the coef�cients, and solutions of equations are thus functions

of their parameters. Table 4.2.1 presents three more simple mathematical expression ex-

amples. Note that the mathematical expression parameters are chosen to depict the nature

of the description statement.

An OR analyst aims toward constructing a model that re�ects the real world as closely as

possible. However, one does not advocate over-simpli�cation or distortion in model formu-

lation simply to be able to solve the problem more easily. A model to be optimized should

be developed by striking a reasonable balance between the aims of improved accuracy

in the model and increased ease of optimization [54]. For example, the problem formu-

lation, borrowed from D. Teichroew, “the contribution of return on inventory investment

equals the contribution divided by the average inventory investment,” the whole expression
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Description Mathematical Expression

Average investment equals one-half of the
purchase price plus one-half the cost of getting the
merchandise into selling position.

I = 1
2W + 1

2D or
2I = W + D

Cost of getting merchandise into selling position
equals direct cost in dollars plus a variable cost
which depends directly on the selling price.

D = D1 + D2S

The contribution is the selling price less the
purchase price and the cost of getting the
merchandise into selling position.

C0= S� W � D = S� 2I

Table 4.2.1: Formalizing problems example[106]

is multiplied by the expected turnover rate and by 100 can be represented by

C = (
C0

I
)(T)(100) (4.2.1)

From an internal system perspective, any expression belongs to ontology class Expressio-

nEntity. Besides, Figure 4.2.1 portrays how the framework applies Structured Modeling

elements for breaking down the input expression.

The reason many real-world optimization problems remain unsolved is partly due to the

changing nature of the problem domain, which makes calculus or real variable based meth-

ods less applicable. A model to be optimized should be developed by striking a reasonable

balance between the aims of improved accuracy in the model and increased ease of opti-

mization. An optimization problem has a structure involving a set of constraints given in

the form of equations or inequalities and a function, frequently called an objective function
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Figure 4.2.1: Example of SM concept for simple expression

to be maximized or minimized subject to the constraints.

Optimization Modeling Ontology (OM)

Let us consider the ontology of model corpus as we have investigated in Section 3.6 (Fig-

ure 3.6.1). Now, Equation 4.2.1 above will be recognized by our framework optimization

problem ontology with a classExpressionEntitydisplayed at the bottom of the second row

in Figure 4.2.2. The top-level optimization ontology presents here is the most elementary

vocabulary of optimization modeling. There are four classes,FormulationEntityProperty,

DataEntityProperty, ModelEntity, andExpressionEntityrespectively. ModelEntity, and

ExpressionEntity respectively. ModelEntity has two subclasses, namely,DataEntryand

FormulationEntry.

The top-level optimization ontology structure can be visualized by OntoGraf features as

shown in Figure 4.2.3 below. Note that OntoGraf is a built-in tool available in Protégé soft-

ware for organizing our created OWL ontology. For simpli�cation and intuition, the pre�x

OM will be used to denote our top-level Optimization Modeling Ontology.OM#ModelEntity
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Figure 4.2.2: OWLViz of the top-level optimization modeling ontology

is the class for all entities happening in an abstract optimization model. There are two

classes, namely,OM#DataEntityProperty andOM#FormulationEntityProperty that

respective conceptualizations for the model entities are classi�ed. These two classes are

also managed under theOM#ModelEntityclass.

Figure 4.2.3: OntoGraf of the class of optimization modeling ontology (OM)

For the integration with established AML representations, every model entity carries a

unique string-identi�er as a name of an abstract optimization model. Reusable formula-

tion conceptualizations will form object property restrictions that re�ect the range to own

subclass in the corresponding domain. (Re)Formulation of these reusable conceptualiza-

tions will be discussed in the following section. A complete de�nition of the ontology in

Manchester Syntax can be found in Appendix E of this dissertation.
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4.3 (Re)formulation

Optimization is a normative or prescriptive �eld in which among all possible solutions

which satisfy a system of constraints, that which yields an optimum (maximum or mini-

mum) to the objective function value is sought. Often the process of solving an optimization

problem can be accomplished by the process of solving a set of equations. Unfortunately,

optimization problems in their full generality do not readily lend themselves to allowing the

user to abandon the need to think since certain critical aspects of the problem can in many

instances be de�ned only by the user [54]. Optimization techniques include many decisions

that are inherently problem-dependent, which are often re�ected in speci�c parameters as-

sociated with the implementation of the algorithm. A set of mathematical relationships

appear in models in various forms, such as equations, inequalities, and logical dependen-

cies. Ultimately, variables may be omitted; constraints may be added, transformed, or

removed; conditions and relationships may also be modi�ed to make the model easier to

solve.

4.3.1 Bertrand's Decision Function Concept for Reformulation

J. W. M. Bertrand studies the design and monitoring of a master production scheduling

in a manufacturing resource planning environment in Ef�ciency of Manufacturing Sys-

tems [108]. He illustrates a conceptual framework of a decision function with seven keys

assumptions. He de�nes the decision function component in De�nition 4.3.1. The con-

ceptual decision function as shown in Figure 4.3.1, includes:I ' (t) representing possible

decisions that are investigated with respect to their expected resultD' (t), given the state of

the process,S(t), and given the expected values of the environmental variables,E' (t). The
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Figure 4.3.1: Bertrand's decision function [108]

modelsMe andMp will not be perfect: Not all variables in�uencingD(t) or E(t) in reality

will be incorporated; Their relationships may really be much more complex.H(t), S(t) and

G(t) may contain errors.

De�nition 4.2 Bertrand's decision function
There exists a decision function on a control problem. The decision function has:

N(t) norms for a set of goal variables,

D(t) the decision function can manipulate a set of decision variables,

I (t) the goal variables are in�uenced by the controllable variables,

E(t) a set of environmental variables, which in�uence the goal variables,

S(t). a set of process state variables for the dynamic process.

`PROCESS' is the relationship between the controllable variables and the environmental vari-

ables, on one hand and the goal variables, on the other hand.
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Optimization methods involve numerous decisions that are inherently problem-dependent,

which are often re�ected in certain parameters associated with the implementation of the

algorithm. There are no a priori optimal choices of these parameters for all problems.

However, in order to simplify life for the inexperienced or uninterested user, optimization

software tends to have two forms of user interface that remove the need for the user to

specify these parameters. The formal decision procedure may not always be completely

implemented for various reasons: each of these different sources of uncertainty constitutes

a disturbance.

Let us apply Bertrand's logic by focusing on an optimization system with an abstract opti-

mization model as a core component. With the ontological concept in mind, mathematical

properties of the formulation and the data individuals such as convexity, integrality, lin-

earity, and others are to be speci�ed when a speci�c optimization model is de�ned in the

ontological representation. Reusable conceptualizations are to be provided in other ontolo-

gies that use the (top-level) Optimization Modeling Ontology (OM) and the Optimization

Modeling Mathematical entity Properties Ontology (OM.MProp) (§4.3.2) respectively.

4.3.2 Mathematical Entity Properties Ontology (MProp)

Figure 4.3.2 below visualizes theOM.MPropontology for de�ning (or generating) mathe-

matical properties of abstract optimization models entities. As discussed in the previous

subsection, the optimization modeling ontology (OM) (Figure 4.2.3) import thisOM.MProp

ontology then using the classOM#FormulationEntityProperty andOM#DataEntity-

Property as object properties.

For references, a complete speci�cation in Manchester Syntax can be found in Appendix
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Figure 4.3.2: OntoGraf of the class for mathematical properties ontology (MProp)

E of this dissertation. In the same manners as in the previous section, ontology name and

classes are presented in aTypewriter font and the pre�xOM.MPropis used to identify

ontologies' classes. Hence, the discussion will simply use the class name and omitted

the pre�x. The arcs in Figure 4.3.2 represent that a class has subclass (inner arcs) or has

individual (outer arcs).

Starting from the middle of the �gure,owl:Thing , OM.MProphas a top-level concept (high-

lighted in the �gure),TopLevelMathProp where two main ontology classes are set up,

namely,FormulationEntityProperty andDataEntityProperty respectively.

To enable the SWRL-rules* of the knowledge for abstract optimization models speci�ed in

* SWRL is an acronym for Semantic Web Rule. Language. • SWRL is intended to be the rule language of
the. Semantic Web. can be used to express rules as well as logic, combining OWL DL or OWL Lite with a
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the ontology formalism, the individual types (display with a diamond symbol in the �gure)

are de�ned, e.g.,BinaryPropertyInd , ContinuousFormulationInd , StrictlyPositive-

LowerBoundInd, ...,ZeroLowerBoundInd, to name a few.

By designing ontology for mathematical properties this way, the respective individual

types function as a collection of a separate data property; for instance, for instance, in the

DataEntityProperty class: theNonNegativeLowerBoundclass has theZeroLowerBoundInd

which provides a concept to indicate a lower bound of zero; while theIntegerData class

has theIntegralityPropertyInd for specifying integer, and theBinaryData class has

BinaryPropertyInd for 0-1 ranges of parameters and variables.

4.3.3 (Re)Formulation with Soft Systems Methodology

Proposed by Peter Checkland [14, 15, 16, 17, 18, 19]as a framework for implementing

soft systems thinking, Soft Systems Methodology (SSM) was developed as part of “Soft”

operational research. SSM is a seven-step action-oriented process of inquiry into prob-

lematical situations in the real-world. Users learn along the way from �nding out more

about the situation to allow de�ning/taking action to improve it. The most developed soft

OR methodologies are: (a) Soft Systems Methodology (Checkland's) [17], (b) Interactive

Planning (Ackoff's) [3, 4], (c) Strategic Assumption Surfacing and Testing, SAST (Ma-

son and Mitroff's) [16], (d) Systems Intervention Strategy (Mayon-White) [79], (e) Social

System Design (Churchman's) [14], (f) Cognitive Mapping [109, 25, 86], SODA (Eden's)

[78], and (g) Viable Systems Diagnosis (Beer's) [92].

subset of the Rule Markup Language.
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Figure 4.3.3: The SSM learning cycle (adapted from Jackson [63])

Figure 4.3.3 represents the seven steps of SSM along with the proposed three uni�ed learn-

ing perspectives: (i) problem expression, (ii) system thinking about the real world, and

(iii) veri�cation and implementation. Some questions to consider are: What resources are

deployed in what operational processes under what planning procedures with in what struc-

tures, in what environments and wider systems, by whom? How is resource deployment

monitored and controlled?

• Problem expression (stage 1 and 2)

1.Situation: Problem situation, identifying 'soft' elements within people, culture,

and politics,
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2.Expression: Express problem situation, creating 'rich' picture of the situation with

respect to worldview.

• System thinking about the real world† (stage 3 and 4)

3.ID: Develop root de�nition and ID relevant systems by CATWOE: customers,

actors, transformed, weltanschauung (worldview), owner, and environ-

ment.

4.Models: Build conceptual models of each root de�nition.

Primary: focusing on of�cially declared task of the system,

Issue-based: focusing on problem issues.

• Veri�cation and implementation (state 5-7)

5.Compare: Models with the real-world situation (2. and 4.)

6.Identify: Practical versus desirable changes

7.Action: Implementation and make improvements

SSM is “sponge-like”, soaking up as much as possible of the present situation. [93]. The

learning in SSM is perceived when the structured process of the real situation is explored.

It uses the model to provide the structure of purposeful activities, enfolding pure, stated

world-views.
†Proposed an alternative weltanschauung representation in §3.2
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4.4 Learning Mechanisms

The learning paradigm for situational improvement using soft systems methodologies was

initiated by Checkland in 1981. This approach is also called the interpretivist (Jackson

and Mingers) paradigm, while Ackoff calls it the 'design approach' that attempts to solve

systems of problems or “messes.” These learning paradigms differ from those of the 're-

search approach' in that they aim to tackle the context or environment where the mess takes

place and tries to alleviate or solve the systems of problems rather than solving. Jackson

included SAST - Strategic Assumption Surfacing and Testing which explores purposes and

'Interactive Planning' by Ackoff in this setting.

De�nition 4.3 Settings for Learning from Examples

Assuming there exists two agents: a “learner” and a “knower,” where a knower has

knowledge about a certain universe of discourseU. That is, a knower is able to classify

elements of the universeU, and classes of his classi�cation form concepts to be learned

by a learner.

4.4.1 Learning Scheme

The concepts of system adaptation and self-learning are quite general and can conjure up all

sorts of ideas. However, a system can be con�gured in such a way that allows it to in some

sense progressively organize itself towards a learned state in response to input signals. All

learning has to be with respect to some appropriate context and suitable constraints. Based

on the SSM's skeleton, proposition 4.4.1 highlights stage 5 to 7 of SSM, where a set of

minimum necessary condition is being used and learning is developed.
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Proposition 4.4 Essential Learning in SSM
From the machine learning view, LetE be the existence of a large set of examples , each example

e2 E is a paire= f s; rg wheres2 Srepresents the input from SSM stage 2 andr 2 R represents

the conceptual model built when receivings.

One must �nd a functionf which mapsS! R for as much as possible.

This procedure enables us to eliminate all unnecessary knowledge from the knowledge

base, preserving only that part of the knowledge which is really useful. The root de�nition

of a system relevant to the problem was modeled in stage 3 and identi�ed as the “formal

systems model.” The last two stages of SSM are: comparing models with the original

situation and implementation of agreed changes.

Figure 4.4.1: Veri�cation and implementation of SSM

Let us regard the learning strategy as an event of knowledge acquisition throughout the

modeling process in the absence of speci�c programming. This is done by choosing an ap-

propriate information gathering mechanism, the learning protocol, and exploring the class

of concepts that can be learned in a reasonable number of steps (i.e. in polynomial time).
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This procedure is called 'reduction of knowledge' in some research communities. Reduc-

tion of knowledge consists of removing nonessential partitions, and categorizing in the

knowledge base in such a way that the set of elementary categories in the knowledge base

is preserved. According to Mitchell, Machine Learning is the study of computer algorithms

that improve automatically through experience. The goal of Machine learning is the devel-

opment of alternative algorithms that increase the ability of an agent to match a set of inputs

to their corresponding outputs. Checkland introduced the intellectual functional learning

framework as shown in Figure 4.4.2.

Journal of' the Operational Research Society Vol. 36, No. 9 

leads to 

Theory Practice 
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This paper, concerned with the recent history of attempts rationally to intervene in human affairs, 
and with the present state of that art-cum-science, will propose a framework which makes sense 
of the history and can also be used to examine accounts of any attempts to do O.R., systems 
engineering, systems analysis etc. 

UNDERSTANDING RATIONAL INTERVENTION IN HUMAN AFFAIRS 

Keynes suggested that people who described themselves as practical men, proud to be 
uncontaminated by any kind of theory, always turned out to be the intellectual prisoners of the 
theoreticians of yesteryear.' Whether we agree or not with Keynes' assertion, it is useful in that 
it reminds us that all practical action is theory-laden, in the sense that if we observe any apparently 
purposeful human action, we can always ask of it: "What intellectual framework would in logic 
make this particular action meaningful?" (This question is independent of whether the doer is 
conscious of the deduced framework.) This linking of ideas and their use in action suggests that 
it would be useful to make a distinction between, on the one hand, a basic set of ideas, and on 
the other, a process (or methodology) for applying those ideas in an organized way to some 
particular area of application. This gives us Figure 2 as an expansion of Figure 1. We now have 
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FIG. 2. The organized use u/' rutional tkoziglzt. 

some linked ideas in a framework F, a way of applying these ideas in the methodology M, and 
an application area A. A is indicated without sharp boundaries to remind us that when A is human 
affairs, the application of F, through M, may lead us into byways not initially expected.' Having 
used M, then, we may hope for, and may reflect upon what learning has been acquired, learning 
about all three elements: F, M and A. This is a very general model of the organized use of rational 
thought, and applies not only to O.R. but to applied natural science as well. For example, in the 
pharmaceutical industry in the 1980s, one definition of A is the search for economy of 
experimentation in seeking useful drugs; quantum theory provides an F well-tested in other fields 
of science; and modern sophisticated computer graphics provides a new M in which models of 
molecular orbitals may be created and manipulated on the computer screen. In the chosen area 
of this paper, A is rational intervention in human affairs; Fcan be provided by systems ideas; and 
M is the methodology of O.R., systems engineering etc. 

The argument of this paper is that M lzas begun to change in the last decade, having been initially 
established in a particular form in the 1950s and 1960s. 

Figure 4.4.2: The functional learning concept (Checkland (1985)) [14]

A successful formalization of an ill-structured domain cannot avoid the implicit logical

background of the following two contrasting de�nitions: the closed world assumption

(CWA) and the open world assumption (OWA).

De�nition 4.4 Closed & Open World Assumption

CWA : It is assumed a knower has complete knowledge about the universeU (a knower is able

to classify every object of the universeU). Under this view,U is assumed to be closed that

there is nothing besidesU existing.

OWA: It is assumed a knower may have a lack of complete knowledge about the universeU.

This does not imply falsity.
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A learner's task is to learn knower's knowledge, assuming that a learner is able to distin-

guish some attributes of objects in the universe,U: A knower exhibits all steps of each

object to a learner together with the information for the concept it represents. The �rst

formalization of the CWA rule was introduced by Reiter (1978). It was called the Herbrand

Universe of a Theory,HB(T). He proposed the following syntactic formalization:

CWA(T) = T
[

: A : T 0 A andA 2 HB(T) (4.4.1)

Decisions on CWA and OWA determine the understanding of the actual semantics of a

conceptual expression with the same notation of concepts.

Essence of machine learning

De�nition 4.5 Mitchell's broad denotation of 'learning'

A computer program is said to learn from experienceE with respect to some class of

tasksT and performance measureP, if its performance at tasks inT, as measured byP,

improves with experienceE.

According to machine learning philosophy, we must indicate these three features: the class

of tasks, the measure of performance to be improved, and the source of experience.

Holland et.al. [60] augmented the conventional approach to problem solving with mech-

anisms for seeking additional knowledge stored in memory that may clarify ill-de�ned

problems. Such restructuring implies that search takes place not only in the space of po-

tential “next states” along a temporal dimension but also through a space of alternative

categorizations of the entities involved in the problem.
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De�nition 4.6 Learning in a Connectionist View
In a connectionist learning model, the role of a unit in mental processing is de�ned by the strength

of its connections to other units. In this sense, the knowledge is in the connections, rather than

static and monolithic representations of concepts. Learning consists of the revision of connection

strengths between units.

This type of processing depends on the parallel activity of multiple pieces of knowledge

that both compete with and complement each other in revising the problem representation.

Such interactive parallelism is a hallmark of the theoretical framework for induction.

4.4.2 The Modeling Gap

Models may inherently incomplete, biased, and ruled by its creator; by bounding attention

to parts of the applications that are under examination and ruling out any other parts that

has never been under consideration. Borrowing a point made elsewhere, incompleteness

of speci�cation is caused by incomplete knowledge being currently available, incomplete

coverage of the speci�cation, or by inability to represent the knowledge in the application.

Incompleteness may be considered to be the main source of the modeling gap, besides

culture and skills of modelers. The application is either partially known, or only partially

speci�ed, or cannot be properly speci�ed. To overcome the problems of speci�cations I

may either use:

• negated speci�cationsthat specify those cases which are not valid for the application,

• robust speci�cationsthat cover the main cases of the applications, or
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• approximative speci�cationsthat cover the application on the basis of control param-

eters and abstract from order parameters.

Identifying a gap is crucial in improving modeling techniques. In general, a modeling gap

is the void between the model's capture of requirements and system's speci�cations.

“Gap” in a hard paradigm

With the current computing power, the interest in mathematical programming has shifted

tremendously. The advantage of mathematical models is that they can be analyzed in a pre-

cise way by means of mathematical theory and algorithms. From this advancement, math-

ematical models become the center of problem solving rather than problem description. In

an ill-structured domain, the conclusions drawn from the model are qualitative statements

that are derived by analytic means from mathematical theory. It is important to formulate

the concise mathematical model that is tailored to the available analytical methods.

For illustration, considering a gap of the following minimization problem that is de�ned by

two items, a setP 2 Rn and a real valued functionf . Solving this minimization problem

to �nd x in P such that,f (x) < = f (y); 8y in P,p 2 P is de�ned by constraints (linear, logic,

integer, quadratic, etc) on the vectors ofRn.

This problem is solved to optimality when its solution meets the following two conditions:

(i) �nd x in P, such that (ii) for ally in P, f (x) < = f (y): If the solutionx only satis�es

the �rst condition, thenx is called a feasible solution. The second condition can be much

harder than the �rst one, depending onP and f . With the current optimization techniques,

one can easily prove optimality.
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For some problems, proving optimality may not be permitted in a reasonable computation

time. One may �nd a lower bound,LB, on all possible values of the objective function,

such that

L 5 f (y); (4.4.2)

,then the feasible solutionx can be evaluated by comparing with the gap, i.e. ifgap= 0,

then the second condition is satis�ed; ifgap6= 0, then we know that this problem need

more exploitation to achieve a better solution. This gap can be calculated by:

gap=
f (x) � LB

f (x)
(4.4.3)

For comparing different feasible solutions with different gaps on the same lower bound, it

is obvious that the smaller the gap, the tighter the lower bound and the better the con�dence

we have for such a solution.

4.5 Guided Problem-discovery Wizard (GPW)

The guided problem-discovery wizard (GPW) employs '�rst-principles thinking' where

the idea is to break down complicated problems into basic elements and then reassemble

them from the ground up. The basic elements conform to Geoffrion's Structured Modeling

concept loosely. Therefore, the GPW framework, proposed in this research, is considered

as a rugged system that is not limited to domain but can be trained to recognize outside its

knowledge-base, exhibiting "common sense reasoning," jointly with an OR analyst. GPW
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Figure 4.5.1: Optimization mindset

as outlined here, can only present a textual examples and implementation logic to illustrate

essential aspects of the developed model (re)formulation framework. The software and

interface implementation are stated as a future research perspective at this point (refer to

§5.3). However, this section covers (i) input and interactions with ontology de�nitions,

(ii) control of parameters and reformulation, and (iii) output; thus leaving the graphic user

interface for future efforts.

Figure 4.5.1 presents the optimization mindset where each optimization element is paired

with its own feature. GPW's advantage is adding the logical construct of intersection (se-

mantic nature), compared to concepts present in the area. Therefore, any terms (grammat-

ical categories) can be associated together. One way to deal with this front-end situation,

i.e., terms differentiationis to express how closely the mapped terms are equivalent to

each other using semantic mapping and similarity measurement. Another way is to employ

SoftORtechnique, as presented earlier in Chapter 3, using AWR techniques. Figure 4.5.2

illustrates the basic terms mapping example.

At this point, the discussion on Fuzzy Domains in §2.8 and the Strength of Con�rmation in

§3.8 become an essential function in managing the assigned weight of equivalence between
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Figure 4.5.2: Terms mapping example

those mapped terms. The architecture of matching a query with a domain ontology process

is presented in Figure 4.5.3.

Figure 4.5.3: Ontology extraction process (Adapted from [75])

Similar to terms mapping, the ontology extraction is also aimed at measuring the similarity

between the query term and a domain ontology. The input for this query matching process

is a query term list containing at least one term and a domain ontology graph. The output

is ranked concept model elements representing the input query with similarity scores.

For simpli�cation, considering a toy example where the mapping de�nition is a 3-tuple
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containing the elements:M = < ti ; t j ;w > whereti andt j is the term appearing in sourceS1

andS2 respectively; andw is the assigned weight to the term mapping (Adapted from [75]

for an idea illustration).

Toy Example GPW1– Domain Ontology GraphOGADe�nition A sample of domain

Ontology GraphOGA containing only terms and relations representing the domainA is

de�ned as follows. The tabular formOGA is shown in Table 4.5.1.

T : OGA = A;B;C;D;E

M : OGA =

8
>>>>>>>>>>><

>>>>>>>>>>>:

(A;A;1); (A;B;0:1); (A;C;0:2); (A;D;0:3); (A;E;0:4); (B;A;0:1);

(B;B;1); (B;C;0:2); (B;D;0:3); (B;E;0:4); (C;A;0:1); (C;B;0:2);

(C;C;1); (C;D;0:3); (C;E;0:4); (D;A;0:1); (D;B;0:2); (D;C;0:3);

(D;D;1); (D;E;0:4); (E;A;0:1); (E;B;0:2); (E;C;0:3); (E;D;0:4);

(E;E;1).............................................................................................

9
>>>>>>>>>>>=

>>>>>>>>>>>;

Table 4.5.1: Table of the terms and relations inOGA

Toy Example GPW2 – Concept Formation A “concept” represents a large knowledge

object based on a single term or multiple terms with relations in the ontology graphOGA.

The most basic concept is de�ned by using a termt, wheret 2 T : OGA. Hence, all single-

term concepts inOGA can be formulated including:CA for the concept("A"), CB for the
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concept("B") and so forth. The formulating concepts are shown below.

Table 4.5.2: VisualizedOGfor concepts

Toy Example GPW3 – Query Ontology Graph Extraction Continuing the investiga-

tion of the Ontology GraphOGA de�nition from the toy example GPW1, let us consider

two examples about queryd1 andd2 (document length=4), which are de�ned as follows.

Step 1: Obtain the query content

d1 : A� A� B� D

d2 : D � D � D � E

Step 2: Transformed to weighted-term-vector

To transform to weighted-term-vector, let's every term in each document is weighted by

Wti ;d j whereti represents theith distinct term in the documentj. Let us denotet fi; j as the

frequency of termi appearing in queryj anddl j as the query lengthj. The weighted is

de�ned asWti ;d j = t fi; j
dl j

.

Our transformed term vectors of the two queries are as follows:
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Td1 = f (A;0:5); (B;0:25); (D;0:25)g

Td2 = f (D;0:75); (E;0:25)g............

Step 3: Term list creation

Thus, term list creation for the two queries,OGd1andOGd2 are:
OGd1 = f A;B;Dg

OGd2 = f D;Eg...
.

Step 4: Concept formation

The results of concept formation are shown in Tables 4.5.3, where
OGd1 : CA;d1;CB;d1;CD;d1

OGd2 : CD;d2;CE;d2.........
.

Table 4.5.3: Concept formation results of the toy example GPW3

Step 5: Ontology Graph mapping from the related concepts:

The max weighting is assigned, if the relation of termsti andt j exist more than once among

all of the formulated concepts. Hence, we have selected aMAX(wti ;t j ) for everyti andt j

relation,MS(ti ; t j ;wti ;t j ). Matching the concepts of the ontology graph for queryd1 andd2:
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OGd1 = CA;d1 � CB;d1 � CD;d1; OGd2 = CD;d2 � CE;d2

Step 6: Relation set creation

Terms and relations inOGd1 andOGd2 are shown in the following Table 4.5.4.

Table 4.5.4: Terms and relations results in ontology graph extraction

Toy Example GPW4 – Query and Domain Ontology Graph Comparison Again, the

domain Ontology GraphOGA de�nition and the content of the two queriesd1 andd2 used

in this GPW4 example are from GPW1. The following four-step comparison process is the

similarity measurement method.

Step 1: Obtain the Domain ontology graphOGA

Step 2: Obtain the Query Ontology Graph by matching to the domainOGA (Table 4.5.4

from GPW3 example)

Step 3: Obtain the score of each query by summing up all the relations, excluding all

weight of self-relations.

Step 4: Determine the similarity scores:

sim(OGd1;OGA) = score(OGd1;OGA)=score(OGA) = 1:425=5 = 0:285

sim(OGd2;OGA) = score(OGd2;OGA)=score(OGA) = 2:175=5 = 0:435
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Figure 4.5.4: Ontology querying architecture

Overviews of Ontology Graph Based Querying

As shown in Figure 4.5.4, the querying process of an ontology graph involves a query and

an optimization corpus (served as a document set) which are represented by the Ontology

Model. The objective is to retrieve a set of model elements that are highly related to the

query by ontology matching and similarity measurement. Note, that the weights of the

queries and corpus can be obtained utilizing the Fuzzy domain. The provided query is

processed with matching related concepts to every entity in the corpus and, then, calculating

the similarity score by comparing the weight of those concepts between the query and

corpus. The higher similarity score denotes higher relevancy about model entities in a

corpus and query. A list of documents is retrieved as a query result after a ranking and

sorting process using the calculated scores.

Toy Example GPW5 – MCFP Revisited Let us examine how an OR analyst inter-

acts with the proposed framework by revisiting the previously introduced the minimum

cost �ow problem (MCFP) examples (introduced in §3.7.1). Consider again, a graph
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G = ( V;E);V = f 1;2; :::;ng and let there exists non-negative edge capacitiesu, edge costs

c, supply/demandb on each vertex, a �ow off (v;w) on each edge (v,w). This problem has

the following model representation:

min å
(v;w)2E

c(v;w) f (v;w)

subject to

f (v;w) � u(v;w) 8(v;w) 2 E

å
w2V

f (v;w) � å
w2V

f (w;v) = b(v) 8v 2 V

f (v;w) � 0 8(v;w) 2 E

(4.5.1)

There are a couple of observations that need to be made before we proceed on the fuzzi�-

cation process in using my framework on this example.

1. Residual Graph is a (residual) capacity,uf (v;w) as for �ow, If (v;w) 2 E and(w;v) 2 EF

thenc(w;v) = � c(v;w);

2. We utilize node potentials,p(v), by noting thatp(i) is a dual variable associated with

nodei 2 N, therefore the reduced cost of edge(v;w) becomescp(v;w) = c(v;w) � p(v) +

p(w). Hence for any cycleX, we have

å
(v;w)2X

cp(v;w) = å
(v;w)2X

c(v;w)

The question here is that given an optimalf , how do we computep, and vice versa. Now,

let us note three properties of a �ow:

1 Negative cycles: A feasible �owf is optimal if and only ifGf has no negative cycles.
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(a) A feasible is one satisfying all supplies/demands. The 0-�ow is not feasible

(unless allb(v) = 0).

(b) Flow decomposition for min-cost �ow. The difference between any two feasible

�ows i a collection of cycles.

2 Reduced cost optimality: A feasible �owf is optimal if and only if there exists

potential p such thatcp(v;w) � 0 for all (v;w) 2 Gf . Hence, we looks closely at the

node's potential.

3 Complimentary slackness: A feasible �owf is optimal if and only if there exists

potentialsp such that for all edges(v;w) 2 G, these rulesapply

(a) if cp(v;w) > 0 thenf (v;w) = 0

(b) if 0 < f (v;w) < u(v;w) thencp(v;w) = 0

(c) if cp(v;w) < 0 thenf (v;w) = u(v;w).

The underline idea of the ontology-represented abstract optimization models is allowing

the decomposition of the models into more straightforward types of model entities. For

instance, parameters, variables, goals, constraints, and speci�c sets in standard, reusable

types with formalized semantics that are favorable to cognitive computing systems become

more clearly evident. Figure 4.5.5 illustrates the type de�nitions as an extension to the

previously introduced ontology concept in Figure 3.7.4 in §3.7.1.
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Figure 4.5.5: Type de�nitions for the MCFP model

4.6 Conclusion

The discussion in this chapter provides the concepts to, possibly, bring us a step closer to

the intelligent modeling environment that aids an OR analyst. Note that Ontology plays

important role in de�ning a mechanisms driven, cognitive computing system's “brain” for

an understanding of the optimization problem formulation. Because the Structured Mod-

eling (SM) framework, presented in Chapter 2, is not only extensible with object-oriented

technologies, but it is also packed with useful fundamentals such as the means for model

integration, separation of abstract model and data, and an extensible graph form. SM's

features match perfectly with the ontology concept.
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Figure 4.6.1: Cognitive in action

Indeed, the best method is unlikely to �nd the correct solution to the wrong problem. Er-

rors in the user's formulation are adequately common enough, that they should always be

checked for when unexplainable dif�culties happen, in practice. Figure 4.6.1 illustrates

the cognitive activity graph of a typical OR analyst when working with the model. Unlike

the waterfall model of software development that appears to be linear, through the whole

process, an OR analyst's brain functions cognitively.
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Chapter 5

Conclusions and Suggestions for Future

Research

“Reasoning draws a conclusion, but does not make the conclusion certain, un-
less the mind discovers it by the path of experience.” – Roger Bacon

There are three main sections for this chapter: conclusion, challenges, and future work.

The future research part is especially important as the framework proposed within this

research includes many ideas that can be extended. In summary, this research attempted

a broader vision of model composition, complementing the mathematical modeling cycle

which consists of the interpretation of numerical results and development and control of

algorithms. Let's start with the conclusion, followed by the challenges, and future work.



5.1. CONCLUSION

5.1 Conclusion

The framework for the optimization problem (re)formulation process is based on the con-

cept that every model can be viewed as a set of distinct elements. This research is motivated

by recognizing that the formulation of a mathematical problem is a crucial step in optimiza-

tion modeling. Algebraic modeling languages (AML) are widely acknowledged as a prime

connection between an OR analyst's mathematical concept (portrayed in AML) and the

solvers. However, the optimization models contain highly complex algebra that de�nes

the variables and equations that do not, on their own, facilitate the learning mechanism

found in cognitive computing systems. The goal was to study the possible backbone for an

augmented intelligent system for model formulation.

A host of concepts and procedures from Arti�cial Intelligence and cognitive computing

have the potential to impact the practice of mathematical modeling. Mainly, knowledge-

based systems and ontology environments can provide problem representation and associ-

ated problem-solving methods that can be used to encode domain knowledge and domain-

speci�c strategies for a variety of model generation and interpretation situations. In gen-

eral, model generation tools can be categorized into three levels of increasing abstraction:

(i) intelligence help system, (ii) customized preprocessors, and (iii) high-level model gen-

eration tools. This research endeavored to provide a mechanism for consulting advice to

OR analysts.

This research sketched an extension to the original work by Geoffrion's structured model-

ing and structured modeling language where the model building is formulated from smaller

elements, each communicating on its own with a necessary optimization tool to incorpo-

rate the corpus. The principal component is an ontology-based representation of abstract
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optimization models. This idea of representation allows representing reusable fragments of

optimization models, objectives, constraint formalization, and components as an ontology

graph.

The mechanisms proposed in this dissertation act as interactive passive consultants to an

OR analyst. The systems are not connected to analysis programs and are not meant to pro-

vide complete solutions to modeling problems. They simply guide the user (OR analyst,

targeted novice analysts) in conducting some modeling tasks. The detailed implementation

of AML parsing and of a user interface has been outlined in short, leaving further investiga-

tion and implementation open for future research. The main contributions of this research

are summarized as follows:

5.1.1 Framework for adaptive decision making

Utilizing a cognitive computing technology platform for problem structuring is a major part

of an adaptive decision-making grand scheme (discussed in Chapter 2). Fig. 4.1.1 (Chapter

4) summarizes the proposed framework by separating it into two main levels: (Level 1)

Problem de�nition and (Level 2) Interface for decision makers using a uni�ed modeling

language representation. These two levels connect through hypothesis generation that link

to the corpus where the shared model alternative is continuously updated.

5.1.2 Separation of General Structure and Instantiating Data

To allow the �exibility to model complex situations, SML (presented in §2.5) uses schema

to represent General Structure and put Instantiating Data in the Elemental Detail Table.
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Hence, one can differentiate the purposes of the general structure and elemental detail.

In addition, a predetermined relational data table is bene�tting from a different schema's

Elemental Detail Table's rules set. Modelers do not have to worry about data structures or

designing such a table.

There are three levels of model representation as discussed in §2.7. The modeling language

level is the traditional formulation that an OR analyst implements when dealing with an

optimization problem. An ontology representation (presented in §3.5) act as an interface

layer between a traditional formulation and the semantic level. Employing this framework,

an OR analyst can initiate at the modeling language level: editing, updating, and reusing a

model. The cognitive system parser enables the digesting of such a model into an ontology

representation with ease.

5.1.3 Exploitation of parallel structure

As discussed in the examples at the end of Chapter 2, 3, and 4, Geoffrion [43] emphasizes

that grouping is one of the most appealing properties for de�nitional systems. The group-

ing property extends to modeling languages. Furthermore, it enables us to utilize existing

models that have common parts along with extending any of the parts. Because such ab-

stractions, once collected in the system are domain independent and hence general purpose,

they can be used to suggest simpli�cations (without loss of generalization) to the model.
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5.2 Challenge

To bridge the gap between an iterative process of mathematical model formulation and a

classic modeling domain that is established �rmly on algebraic modeling language is, to a

large extent, an art, a cognitive activity in which one re�ects and makes models to describe

how systems of interest perform. In particular, an optimization model is a representation

in mathematical terms of the behavior of a real world phenomenon. The formulation is

clearly de�ned; however, the cognitive process to create a model is still not mature. Thus,

it is an opportunity to consider a system that can advise an OR analyst to incorporate the

sophisticating element that may have been missing from the model. As discussed by Pinsky

and Karlin [87], there is no such thing as the best model for a given phenomenon.

In the �nal analysis, a model is judged by its usefulness. Some models are useful as detailed

quantitative prescriptions of behavior, e.g., most optimization applications. Another model

in a different context may provide only general qualitative information about the relation-

ships among and relative importance of several factors in�uencing an event. That model is

also useful and equally essential but serves the modeler's purpose differently. Our research

attempts to identify the pragmatic modeling features that often allows the existence of two

or more models for the same event, but still serving a clear purpose.

5.3 Future research

Recent developments in cognitive computing (CC) (understand, reason, learn, and inter-

act) hold the promise of cognitive analytics that digests both formal and informal data and

continually build knowledge and learning, naturally, with human rather than traditional
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programmable systems. Cognitive computing systems are maturing rapidly, and many new

applications are likely to be found. Undoubtedly, CC methodologies utilizing various kind

of AI technology will eventually become a natural and integral component of any comput-

ing devices, perhaps to the same extent as present-day fuzzy logic tools and algorithmic

tools. These tools will then signi�cantly elevate the role and meaning of computers from

the current emphasis on calculation to the much broader area of reasoning.

Figure 5.3.1: From Optimization Modeling to Solving

The creation of models–mathematical, qualitative or rule-based–is dif�cult, time-consuming,

and expensive. Optimizing is the overall process by which, starting from data, an optimal

solution is identi�ed (including preprocessing/scaling, feature selection, choice of archi-

tecture, and choice of critical parameters of the architecture). Figure 5.3.1 summaries the

optimization work�ow, where an OR analyst interacts with the framework in a way equiva-

lent with a restricted, domain-speci�c language, while the interface sorts through the prop-

erties of the input to con�gure a proper model representation to give the particular solver

in achieving the solution.
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One interesting idea is the high-level model generation tools discussed in [23], which in-

corporates techniques that are more �exible than the heuristics classi�cation approaches.

The goal of these tools is to provide a set of powerful representations to the analyst, which,

in addition, provides a collection of reasoning mechanisms that can be invoked on the �y.

This idea serves as a means of high-level model speci�cation for the model formulation

operations.

Consequently, work needs to be done toward ever more re�ned crisp problem de�nition,

as well as a framework for restructuring the optimization problem and decision analysis

template to achieve a pragmatic way for generating sustainable models — ultimately intel-

ligent model formulation. The rest of this section brie�y describes some speci�c potential

future research projects.

1 Emerging Patterns in the Modeling of the Optimization Problem: One strategy to

speed up the ingestion (learning) process of the optimization modeling corpora for

cognitive computing systems is to discover the patterns occurring in the successful

models (such as models that are used in a testbed). The selection from patterns, con-

trast pattern mining, and building robust classi�ers, then, are the top three research

issues. This initiative aims to create a pattern-retrieval mechanism from the models;

the mechanism serves as cognitive systems ingestion boosting to expand its knowl-

edge foundation.

2 Smart Modeling: A Generalized Platform for Decision Model Formulation: This ex-

tension offers a showcase of the Intelligence Augmented Based (IA-Based) model

formulation in a decision model that can be executed ef�ciently. The generalized

platform based on the advanced cognitive augmentation modeling scheme provides

163



5.3. FUTURE RESEARCH

an interface with the current decision logic: cognitively learned rule sets for perceiv-

ing, formulating, organizing, and managing a business decision. Smart Modeling

incorporates desirable characteristics in the decision model such as high �exibil-

ity, shareability (intra organization), and replicability, thus fostering opportunity and

pragmatics.

3 Decision Optimization in the Age of Cognitive Technology: In making use of pre-

dictive analytics that captures one �eld of decision optimization recently pioneered

by IBM/Watson, this study explores real-world applications of the interplay between

cognitive technology and decision optimization. The integration of various machine

learning models feeds into the analysis, presented in this research, offering indica-

tors and tradeoffs to the OR analyst. Evolving goals and reaction to risks and change

interventions utilizing cognitive technologies would be of prime interest here.

4 Cognitive Solutions: An Application for Model Formulations: The re�ections of the

OR analyst's (and the mathematician's), the thought process for mathematical model

formulations, are captured by cognitive computing technology. The cognitive solu-

tions are the working prototype of the novel model formulations process. Integrating

self-learning algorithms that assess and function the same way a mathematician's

brain works allow the utilization of on-hand techniques such as existing natural lan-

guage processing software in accordance with data mining and pattern recognition.

The cognitive solutions involve real-time analyses of problem context, environment,

and intent (among many other variables) that inform the OR analyst's ability to solve

problems.
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Appendix B: Gagliardi and Spera's Preliminary Results [39]

Propositions

Proposition 1. An Elemental Structure

Let E be a non-empty and �nite set of elements, and letG be a set of partitions constructed

onE, one for each of the �ve types.E is anElemental Structureif:

1 G satis�es generic similarity;

2 G is a closed set;

3 G is an acyclic set.

Proposition 2. The Construction of a Normal model

Given a Structured ModelSi , it is always possible to construct a normal modelN(Si) using

the neutral set of operationsN.

Proposition 3. Creating an Integrated Structured Model

GivenS1; :::;Sn 2 SM, with n � 2, it is possible to create anintegrated Structured Model Sk

using a setf E1; :::;Ekg of closed sets of operations.
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Proposition 4. Transformation

Given a Structured ModelSi and arbitrary singleton function* genusf 2 FTi � Si , there

existsa transformation T, which is a neutral set of operations with respect tof , such that

T(Si) = SubSi( f )

Proposition 5. Singleton function genus

Given two Structured ModelsS1 andS2, it is always possible to replace the attribute genus

gi 2 A1 � S1 with a singelton function genusf 2 FT2 � S2: The result is a Structured

Model.

Proposition 6. Integrated Model

Given two normal modelsN(Si) andN(Sj ), the integrated model[N(Si);N(Sj )] obtained by

replacing the input parametergi 2 Ai � N(Si) with the output parameterf j 2 FTj � N(Sj )

is a Structured Model ifi(gi) = i( f j ).

Proposition 7. Replacing Output Model

Given a normal modelN(Si), it is possible to replace the input parametergi 2 Ai with the

output parameterf j 2 FTj if

i(gi) = i( fi);..................................................................................................................(1)

* The function from a given nonempty setX to the power setP(X) that maps every elementx of X to the
setx.
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fi does not have direct or indirect de�nitional dependencies on any genus having -

... direct or indirect de�nitional dependencies ongi :......................................................(2)

Proposition 8. Replace_Attribute

The Replace_Attribute procedure is closed underSM.

Proposition 9. Replace_Index_Component

The Replace_Index_Component procedure is closed underSM.

De�nitions

De�nition 1. Connected module

A Structured Modeling module isconnectedif its genera and their calling sequences from

a connected sub-graph.

De�nition 2. Sub-model

A sub-modelis a connected module with at least one primitive entity genus.

De�nition 3. Neutral set of operation

Given a modelSi 2 SM, whereSM is a set of Structured Models, de�ning the setT of

operations to beneutral if the resulting modelT(Si) returns the same output values when

instanced with the same data ofSi :
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De�nition 4. Neutral set of operation with respect to gi

Given a sub-modelSubSi 2 SM, whereSM is a set of Structured Models, and a genus

gi 2 SubSi , de�ning the setT of operations to beneutral with respect to gi if the resulting

modelT(SubSi) returns the same output values given bygi when it is instanced with the

same data ofSubSi for the genera called directly or indirectly bygi .

De�nition 5. Normal model

A model is callednormalif the following conditions are satis�ed:

• there is a 1:1 correspondence between attribute and compound genera;

– given a pair of matching genera, there is a 1:1 correspondence between their

elements.

De�nition 6. Index basis

An index basisof a normal modelN(Si) is a couple of generaB j = f a j ;c jg, wherea j 2

Ai � Si is an attribute genus, andc j is the compound entity genus called bya j . The genus

a j is called the value component ofB j , while the genusc j is called the index component.

De�nition 7. Index basis set

The setBSi = f B j ; j : 1; :::;hg containing all the index basis ofN(Si) is called the index

basis set.
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De�nition 8. Index function

SupposeL to be a language for the de�nition of Structured Models. Anindex function i(g j )

is a rule which associates to every genusg j 2 N(Si), expressed using the languageL, the

cardinality of its generic index tuple†.

De�nition 9. Closed set of operations

A set of elementary operationsE is closedif E(S1; :::Sn) = S� � SM for everySi � SM,

i : 1; :::;n, n � 1.

De�nition 10. Function sub-model

A Structured ModelSubSi( f ) is called a function sub-model if it satis�es the following

conditions:

• SubSi( f ) is a normal model.

– SubSi( f ) has at least one function genusf 2 FTiwhich is a singleton.

Lemmas

Lemma1. Any genusg2 PCi doesnothave references to any other generagk 2 (Ai _ FTi):

Lemma2. Any genusg j 2 Ai hasonly references to other generagk 2 PCi :

†Gagliardi and Spera used Geoffrion's Structured Modeling Language as Blooms language.
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Appendix C: The Single customer IRP problem

Consider the situation where we want to �ll up the empty tank of a customer. Letc be

delivery cost,I be the initial inventory, andC be tank capacity. It is easy to see that the

optimal policy is to �ll up completely when it is empty. The costvt for planning periodt

is[13]

vt = max(0;
�

t u� I
min(C;Q)

�
C (5.3.1)

Considering a basic VMI inventory-routing problem description where a single product

from a single facility is delivered to a set ofn customers over a given planning horizon

t , the objective is tominimizethe distribution costs during the planning period without

causing stock outs at any of the customers. The following are basic parameters found in

[13, 73], among others.
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t - length of planning horizon,t 2 t = f 1; :::;Hg

ui - consumption rate (usage)

Bt - starting inventory at the supplier in periodt

Us - maximum inventory level of customers

Ist - inventory level of customers in periodt

Iso � Us - a given starting inventory level

xst* - quantity shipped to retailersat timet

*depending on replenishment policy:

OU policy: xst is the difference betweenUs and the current inventory levelIst

ML policy: the quantityxst can take any non-negative value that does not violateUs

Qk - vehiclek capacity

Now, leths;h0 be unit inventory cost at customersand at the supplier, respectively, and let

M be the number of customers to be visited. We consider the following model:

Minimize å
t2 t 0

h0Bt + å
t2 t

å
s2M

hsIst + å
i; j2M

å
t2 t

ci j yt
i j (5.3.2)

Subject to

(1) Inventory de�nition at supplier

Bt = Bt� 1 + u0;t� 1 � å
s2M

xx;t� 1 t 2 t 0,

(2) Stock-out at supplier

Bt � å
s2M

xx;t t 2 t ,
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(3) Inventory de�nition at customer

Is;t = Is;t� 1 + xs;t� 1 � us;t� 1 s2 M; t 2 t 0,

(4) Stockout at customer

Is;t � 0 s2 M; t 2 t 0,

(5) Order-Up to level (OU) replenishment policy

xs;t � UsZs;t � Is;t ;

xs;t � Us � Is;t ..

xs;t � UsZs;t , ....

s2 M; t 2 t ,

(6) Capacity constraints

å
s2M

xx;t � Qk k 2 K; t 2 t ,

(7) Routing constraints

(a) if at least one customer is visited

å
s2M

xx;t � QkZ0;t t 2 t ,

(b) if deliveries are made at timet, then the route traveled at timet has to contain

one arc entering every vertexi on the route and one arc leaving everyi,

å
j2M0

j< i

yt
i; j + å

j2M0

j>i

yt
i; j = 2Zi;t i 2 K; t 2 t ,
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(8) Non-negativity and integrality constraints

xs;t � 0; :::::::::

yt
i; j 2 f 0;1g; ..

yt
i;0 2 f 0;1;2g

Zi;t 2 f 0;1g:::::

i; j 2 M; t 2 t ,

The following four valid inequalities are additional constraints to better model the problem:

(1) For inventory level at timet � k, if the customer is not served in timest � k;t �

k+ 1; :::;t, then the inventory levelIs;t� k � (1 �
k
å
j= 0

Zs;t� j ): The valid inequality to

express this become,

Is;t � (1�
k
å
j= 0

Zs;t� j )
k
å
j= 0

us;t� j s2 M; t 2 t ; k = 0; :::;t � 1,

(2) For OU policy, ift � k is the last time customerswas visited before timet,

Ist � UsZs;t� k �
t� 1
å

j= t� k
us;t� j s2 M; t 2 t ; k = 0; :::;t � 1,

(3) If the customers is visited at timet, then the supplier has to be included in the route,

Zs;t � Z0;t s2 M; t 2 t ,

(4) If the supplier is the successor of customer in the route traveled at timet (i.e. yt
i0 =

1 or 2), theni has to be visited at timet,

yt
i0 � 2Zit ;

yt
i j � Zit ;

i; j 2 M; t 2 t .
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Appendix D: Stock-Flow Identities and Non-negativity Con-

ditions

Stock-Flow Identities

For any given orderingz1, let xt be the initial stock level in a period,yt the stock level after

ordering, andrt the amount sold. The stock-�ow identity can be written as

zt = yt � xt ; (5.3.3)

xt+ 1 = yt � rt : (5.3.4)

For non-perishable commodity, there is the stock on hand at the end of any period equals

the stock on hand at the beginning of the period plus the amount delivered to the �rm less

the amount sold. As shown in equations (5.3.3) and (5.3.4), where stock holds in each time

period (valid with discrete variable).

For continuous taken time, demand and ordering or production as continuous or piecewise

continuous function of time, then the relation between initial stock,xt and the stock level

after ordering,yt disappears, then (5.3.3) and (5.3.4) are replaced by

dy
dt

= z(t) � r(t); (5.3.5)

in integral form,

y(t) = y(0)+

t�

0

[z(t ) � r(t )]dt : (5.3.6)
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The distinction between initial stock and stock level after ordering in equations (5.3.5) and

(5.3.6) above is an important question of the relation between amount sold (rt) and demand

(xt), as they cannot be equal, otherwise the inventory (xt+ 1) will be negative.

Non-negativity Conditions

Arrow Et. Al. [8] explain that in case of discrete continuous demands, wherert = xt , if

xt � yt ; then some assumptions need to be made to prevent the inventory to be negative

(which is not physically possible):

(a) Assert the inventory policy where inventoryxt+ 1 is never negative, in other words,

the demands are always met so that

yt � xt ; for all t (5.3.7)

when demands are uncertain, equation (5.3.7) may be costly or impossible to hold for

all possible demands. Ashortagext � yt may occur, leading to a penaltyp represent

by functionp(xt � yt):

(b) To maintain customer satisfaction, the �rm pays a premium over the usual price

because some high priority order needs an immediate delivery. Thepenaltybecomes

the premium cost, so equation (5.3.4) is reshaped to

xt+ 1 = max(0;yt � xt) (5.3.8)

wherext+ 1 � 0;zt � 0;yt is nonnegative.
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(c) Asserting the inventory policy whereshortageoccur, is to leave an un�lled order

on the books and try to satisfy it as soon as possible. Here, assuming that there is

also some penalty occurs because the �rm fails to satisfy the order. In this case, the

negative inventory is usually called abacklog, then equation (5.3.8) is replaced by

xt+ 1 = yt � xt : (5.3.9)

(d) In the same situation of backlog in 3., in case of customers go somewhere else for

their ordering. The �rm has a penalty. This re�ects the lost of customer goodwill,

therefore equation (5.3.8) holds. This occurrence may callnon-backlogcase.
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Appendix E: Manchester Syntax of Ontologies

!"#$%&#!&'()(*+'(%,#"%-./(,01
2"+,34.5'.6157,'+816.,-.6(,09:1
6.;(89191<4''&9==>>>?5.)+,'(3>.@?%60=3(=;/=%,'%/%0(.5=ABCD=D=!"?%>/EF1
G6.;(891%>/91<4''&9==>>>?>H?%60=ABBA=BI=%>/EF1
G6.;(8916-;91<4''&9==>>>?>H?%60=CJJJ=BA=AA#6-;#57,'+8#,5EF1
G6.;(8916-;591<4''&9==>>>?>H?%60=ABBB=BC=6-;#534.)+EF1
G6.;(8918)/91<4''&9==>>>?>H?%60=K"L=CJJD=,+).5&+3.F1
G6.;(89185-91<4''&9==>>>?>H?%60=ABBC=K"LM34.)+EF1
1
!,'%/%0791<4''&9==>>>?5.)+,'(3>.@?%60=3(=;/=%,'%/%0(.5=ABCD=D=!"?%>/F1
1
N+'+'7&.9185-95'6(,01
11111
!@O.3'G6%&.6'791-+'+"G6%&1
1111N%)+(,911
11111111N+'+P,'('71
1111Q+,0.911
11111111<4''&9==>>>?5.)+,'(3>.@?%60=3(=;/=%,'%/%0(.5=ABCD=D=!"?%>/EN+'+P,'('7G6%&.6'7F1
111111111
!@O.3'G6%&.6'791.8&Q.RS(6.51
1111N%)+(,911
11111111P8&6.55(%,P,'('71
1111Q+,0.911
11111111%>/9$4(,01
11111
1!@O.3'G6%&.6'791;%6)S/+'(%,"G6%&1
1111N%)+(,911
11111111T%6)S/+'(%,P,'('7111
1111Q+,0.911
1111111<4''&9==>>>?5.)+,'(3>.@?%60=3(=;/=%,'%/%0(.5=ABCD=D=!"?%>/ET%6)S/+'(%,P,'('7G6%&.6'7F1
111111
!@O.3'G6%&.6'7916.RS(6.51
1111N%)+(,911
11111111T%6)S/+'(%,P,'('7111
1111Q+,0.911
11111111%>/9$4(,01
11111
N+'+G6%&.6'791PU+).1
1111N%)+(,911
11111111"%-./P,'('71
1111Q+,0.911
1111111185-95'6(,01
11111
1
1

Manchester syntax for the top-level Optimization Model Ontology (OM) (Part 1 of 2)
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!"#$$%&'())*%++,,,-$./#0)12,.3-456+21+7"+40)4"461.$+89:;+;+<=-4,">?#)#@0)1)AB54*.5)AC&
&
!"#$$%&
'())*%++,,,-$./#0)12,.3-456+21+7"+40)4"461.$+89:;+;+<=-4,">D45/E"#)140@0)1)AB54*.5)AC&
&&&&&
!"#$$%&!40$)5#10)&
&&&&FE3!"#$$<7%&&
&&&&&&&&!40$)5#10)$&
&&&&&
!"#$$%&!40$)5#10)$&
&&&&FE3!"#$$<7%&&
&&&&&&&&D45/E"#)140@0)1)A&
&&&&&
!"#$$%&?#)#@0)1)A&
&&&&FE3!"#$$<7%&&
&&&&&&&&=4G."@0)1)A&
&&&&&
!"#$$%&@H*5.$$140@0)1)A&
&&&&&
!"#$$%&D45/E"#)140@0)1)A&
&&&&FE3!"#$$<7%&&
&&&&&&&&=4G."@0)1)A&
&&&&&
!"#$$%&I4#"&
&&&&FE3!"#$$<7%&&
&&&&&&&&D45/E"#)140@0)1)A&
&&&&&
!"#$$%&=4G."@0)1)A&
&
!"#$$%&B#5#/.).5&
&&&&FE3!"#$$<7%&&
&&&&&&&&?#)#@0)1)A&
&&&&&&&&&
!"#$$%&F.)&
&&&&FE3!"#$$<7%&&
&&&&&&&&?#)#@0)1)A&
&&&&&
!"#$$%&J#51#3".&
&&&&FE3!"#$$<7%&&
&&&&&&&&?#)#@0)1)A&
&&&&&
!"#$$%&4,"%K(106&

Manchester syntax for the top-level Optimization Model Ontology (OM) (Part 2 of 2)

180



APPENDIX

!"#"$%&'(")*+,-./-%(.0*/)1(%-*2-%3*45(
(
$%-6315(5(7,//'588999#.-:)*/3+9-;#&%48+386<8&*/&<&43-.8=>?@8A8!"#"$%&'.#&9<BC(
$%-6315(&9<5(7,//'588999#9D#&%48=>>=8>@8&9<BC(
$%-6315(%265(7,//'588999#9D#&%48?EEE8>=8==F%26F.0*/)1F*.BC(
$%-6315(%26.5(7,//'588999#9D#&%48=>>>8>?8%26F.+,-:)BC(
$%-6315(1:<5(7,//'588999#9D#&%48G"H8?EEI8*):-.')+-C(
$%-6315(1.25(7,//'588999#9D#&%48=>>?8G"HJ+,-:)BC(
(
!*/&<&405(7,//'588999#.-:)*/3+9-;#&%48+386<8&*/&<&43-.8=>?@8A8!"#"$%&'#&9<C(
(
K)/)/0'-5(1.252&L;<-(
(((((
K)/)$%&'-%/05(7,//'588999#.-:)*/3+9-;#&%48+386<8&*/&<&43-.8=>?@8A8!"#"$%&'#&9<B,).H&9-%M)*4-C(
((((K&:)3*5((
((((((((7,//'588999#.-:)*/3+9-;#&%48+386<8&*/&<&43-.8=>?@8A8!"#"$%&'#&9<BM)*4-$%&'-%/0C(((
((((M)*4-5((
((((((((1.252&L;<-(
(((((
K)/)$%&'-%/05(7,//'588999#.-:)*/3+9-;#&%48+386<8&*/&<&43-.8=>?@8A8!"#"$%&'#&9<B,).N''-%M)*4-C(
((((K&:)3*5((
((((((((7,//'588999#.-:)*/3+9-;#&%48+386<8&*/&<&43-.8=>?@8A8!"#"$%&'#&9<BM)*4-$%&'-%/0C(((
((((M)*4-5((
((((((((1.252&L;<-(
(((((
O<)..5(7,//'588999#.-:)*/3+9-;#&%48+386<8&*/&<&43-.8=>?@8A8!"#"$%&'#&9<BP3*)%0K)/)C(
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