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2
Background Information

This chapter provides overviews of the key concepts necessary for the rest of the the-
sis. The readers need to know these relevant concepts to be able to understand the dis-
cussed issues. The first section describes the basic knowledge about multi-objective
optimization problems. In Section 2.2, we explain the multi-objective optimization
problem in the context of Design Space Exploration (DSE) of embedded systems.
The DSE problems generally deal with two distinct issues. The first one is evalu-
ating a single design point regarding all design criteria. In this thesis, the Sesame
system-level simulator [23, 24] is used for evaluating each design point. An outline
of the Sesame simulation environment is given in Section 2.2.1. The second issue in
DSE problems is developing a search strategy for covering the design space during
the exploration. This is because an exhaustive search of all possible design points is
usually prohibitive due to the sheer size of the design space. Thus, heuristic search
techniques are typically used to search the design space for optimum solutions using
only finite number of design point evolutions. In this work, we use Multi-Objective
Evolutionary Algorithms (MOEAs) as the searching strategy. Section 2.2.2 describes
the general information about MOEAs. In Section 2.3 we discuss the benefits of using
visualization techniques for exploring and analyzing the data. The significant aspects
that should be considered for developing effective visualizations are also discussed.
Finally, in the last section we conclude this chapter and illustrate the need for using
visualization in interpreting and gaining insight into the results of the design space
exploration process.

2.1 Multi-Objective Optimization

Real world design problems often are multi-objective optimization problems in which
several incommensurable and often conflicting objectives should be optimized simul-
taneously. An improvement in one objective often causes deteriorations in other ob-
jectives. For example, consider the design of an embedded system such as a mobile
phone, digital television, etc. Often the cost of such systems should be minimized,
while maximum performance is desirable. Here, high performance and low cost are
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2.1. MULTI-OBJECTIVE OPTIMIZATION 12

generally conflicting. High-performance architectures can be quite expensive, while
cheap architectures usually provide lower performance. Therefore, optimal decisions
need to be taken in the presence of trade-offs between objectives. On the other hand,
in multiple conflicting objectives problems, there cannot be a single optimum solution,
which simultaneously optimizes all objectives; instead, a set of optimal solutions, de-
noted as the ”Pareto optimal set”, with a varying degree of objective values has to be
found.

Definition 1: (Multi-Objective Optimization Problem) A general multi-objective
optimization problem with n decision variables (parameters) and m objective func-
tions is defined as:

Minimize y = f(x) = (f1(x), · · · , fm(x))

Where x = (x1, · · · , xn) ∈ X

y = (y1, · · · , ym) ∈ Y

Without loss of generality, we assume a minimization problem. The duality princi-
ple [25], in the context of optimization, can be used to convert a maximization prob-
lem into a minimization problem by multiplying the objective functions by −1. By
using the duality principle, handling mixed maximization/minimization problems is
also easy. When an objective is required to be maximized, the duality principle can be
used to transform the original objective for maximization into an objective for mini-
mization. The objective function f(x) maps a decision vector (solution) x in decision
space (X) to an objective vector y in objective space (Y ). Therefore, in multi-objective
optimization problems, two different spaces should be taken into account:

• Decision variable space or parameter space

• Objective space or criterion space

One of the difficulties of multi-objective optimization is dealing with two spaces.
In single-objective optimization, there is only one space (the decision space) and a
searching algorithm works in this space by accepting/rejecting solutions based on their
objective values. However, in multi-objective optimization, the objective functions
constitute a multi-dimensional space and this additional space should be considered
as well. This is because, for each solution, the position of its projection in the ob-
jective space determines how superior it is in the competition with other solutions.
Although the search process takes place in the decision variables space, the objective
space information is used in search operators to guide the searching algorithm towards
the optimum solutions. Although these two spaces are related by a unique mapping
between them, usually the mapping is not linear and therefore, proximity of two solu-
tions in one space does not imply proximity in the other space. For instance, two close
solutions in the decision space may have completely different projections in the objec-
tive space or two solutions that are far from each other in the decision space may lead
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Figure 2.1: Representation of the decision space and its corresponding objective space in a
two-objective optimization problem

to the same objective vector. Figure 2.1 illustrates these two spaces and a mapping be-
tween them for the case that both decision and objective spaces are two-dimensional
(n = 2 and m = 2).

Most multi-objective optimization algorithms use the concept of domination for com-
paring solutions. In these algorithms, two different solutions are related to each other
in two possible ways: either one dominates the other or they are non-dominated with
respect to each other. In the following, we will describe the key concepts of multi-
objective optimization.

Definition 2: (Dominance Relation) A solution x1 ∈ X is said to dominate the
other solution x2 ∈ X (also written as (x1 < x2) if and only if both of the following
conditions are true:

1. The solution x1 is not worse than x2 in all objectives;
formally: ∀i ∈ {1, · · · ,m} : fi(x1) ≤ fi(x2)

2. The solution x1 is strictly better than x2 in at least one objective;
formally: ∃j ∈ {1, · · · ,m} : fj(x1) < fj(x2)

It is intuitive that if x1 dominates the solution x2, the solution x1 is superior to x2 in
the context of multi-objective optimization. It is also common to say, ”x2 is dominated
by x1” instead of saying ”x1 dominates x2”. A more rigorous definition of strict
dominance requires x1 to be strictly better in all objectives compared to x2 and is
written as x1 � x2, while the less strong definition of weak dominance only needs
the trueness of the first condition and is denoted by x1 ≤ x2. Two solutions x1 and
x2 are said to be non-dominated with respect to each other (x1 ∼ x2) if in some
objectives x1 is better than x2 and in some other objectives x2 is better than x1, while
on the other hand none of them is dominated by another one; formally:

∃ i �= j ∈ {1, · · · ,m} : such that fi(x1) < fi(x2) ∧ fj(x1) > fj(x2)

⇒ x1 �< x2 ∧ x2 �< x1 ⇒ x1 ∼ x2



2.1. MULTI-OBJECTIVE OPTIMIZATION 14

Execution Time  

Cost 

minimize 

m
in

im
iz

e 

A 

B 

C 

D 
E 

F 

G 

is dominated by F 

dominates F 

Pareto optimal front 

Figure 2.2: Illustration of the Pareto optimality and dominance relations between solutions in
a two-dimension objective space

To illustrate the dominance relation, an example is given in Figure 2.2. The two-
dimensional objective space is defined by execution time and cost of evaluated design
points, both to be minimized. The solution F dominates solution G (F < G) since it
is better in both objectives: it has a lower execution time and a lower cost. It would be
even preferable if only one objective is improved, as in the case of comparing solutions
B and F : they have exactly the same cost, but B achieves better execution time than
F . Therefore B is superior to F and we say B dominates F (B < F ). However, when
comparing B and D, neither can be said to be superior, since B �< D and D �< B.
Although solution D is cheaper, it has a higher execution time than solution B.

In Figure 2.2, the dark gray rectangle encapsulates the region in objective space that
is dominated by solution F . We can see that solution G is inside this region and
therefore is dominated by F . The light gray rectangle shows the area in objective
space, which dominates the solution F . This part contains two solutions B and C that
dominate solution F . All the other solutions, which are not in these two rectangles are
non-dominating with respect to F .

Definition 3: (Pareto Optimality) Let x1 ∈ X be an arbitrary solution (a decision
vector)

• The solution x1 is said to be non-dominated regarding a set X � ⊂ X if and only
if there is no solution in X � which dominates x1;
formally: � x2 ∈ X � : x2 < x1

• The solution x1 is called Pareto optimal if and only if x1 is non-dominated
regarding the whole decision space X.

Definition 4: (Non-Dominated Set and Front) The set X � is called a non-dominated
set if it contains only solutions, which are non-dominated regarding the set X �, this
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means that no solutions are dominated by other solutions in this set; formally ∀x1 ∈
X �, � x2 ∈ X � : x2 < x1. The image of a non-dominated set in the objective space is
called the non-dominated front.

Definition 5: (Pareto Optimal Set and Front) The entirety of all Pareto optimal
solutions is called the Pareto optimal set. Solutions in this set cannot be improved
further in terms of a certain objective without causing a simultaneous degradation in
at least one other objective. They represent in that sense globally optimum solutions.
Any solution, which does not belong to the Pareto optimal set, is dominated by at
least one Pareto optimal solution. The set of objective vectors corresponding to a set
of Pareto optimal solutions is called the ”Pareto optimal front” or ”Pareto front”.

In Figure 2.2, the black points construct the Pareto optimal front that contains five
solutions: A, B, C, D and E. These solutions represent the optimum solutions but
they are non-dominated with respect to each other. None of them can be identified as
better than the others. We can see that there are trade-offs from one of these solutions
to others; there is improvement along one objective and deterioration along another
one. Therefore, further analysis, such as preference information, is needed to decide
which one is the best for the final implementation. In Chapter 5, we explain different
multi-objective decision making methods for comparing the Pareto optimal solutions
and choosing the most appropriate solutions among them.

Definition 6: (Euclidian Distance) The Euclidian distance between two solutions a
and b (of dimension n) is defined as:

�a− b� =

����
n�

i=1

(ai − bi)
2

If the objective functions have different scales of measurement, they should be nor-
malized before calculating the distance measure. This prevents objectives with ini-
tially large ranges to overcome objectives with initially small ranges. For example,
if there are two objectives, y1 and y2, in which y1 can have values from 1 to 1000,
and y2 has values from 1 to 10, then the influence of y2 on the distance function will
usually be overpowered by the influence of y1. Therefore, some form of normal-
ization is necessary to make objective values scale independent and balance out the
contribution of objectives on the distance measurement. There are many methods for
normalization such as min-max normalization, z-score normalization and normaliza-
tion by decimal scaling [26]. In this thesis, we use min-max normalization to obtain
a ”common scale” for all objectives. Min-max normalization performs a linear trans-
formation on the original data values so that it does not change the initial distribution
type. It transforms the data values into a desired range, which is usually [0, 1]. Thus,
values of all objective functions are linearly transformed from their original ranges to
lie within the desired range [min target,max target]. Suppose that fmin

i and fmax
i are

the minimum and maximum value of the ith objective. We would like to map interval
[fmin

i , fmax
i ] into a target interval [min target,max target]. Consequently, for each

solution x ∈ X the value of ith objective (fi(x)) from the original interval will be
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mapped into its normalized value (written as f̄i(x)) using the following formula:

f̄i(x) =
fi(x)− fmin

i

fmax
i − fmin

i

× (max target −min target) +min target (2.1)

In the case of using [0, 1] as the desired range, the above formula can be simply written
as:

f̄i(x) =
fi(x)− fmin

i

fmax
i − fmin

i

(2.2)

After applying min-max normalization, each objective value will fit in the desired
range of values. However, the underlying distribution of the corresponding objective
within the new range will remain the same. Min-max normalization preserves exactly
all the relationships among the original objective values and it does not introduce any
bias.

2.2 Multi-Objective Design Space Exploration of
Embedded Systems

Designers of modern embedded systems face several emerging challenges. Since em-
bedded systems often target mass production and battery-based devices, they should
be cheap and power efficient. In addition, they must, increasingly, support multiple
applications and standards, for which they need to provide real-time performance.
For example, mobile devices must support different standards for communication and
coding of digital contents. Furthermore, modern embedded systems should also be
flexible to enable easily extending them to support future applications and standards.
Such flexible support for multiple applications calls for a high degree of programma-
bility.

However, performance requirements as well as cost and power-consumption con-
straints require implementing substantial parts of these systems in dedicated hardware
blocks. As a result, modern embedded systems often have a heterogeneous system
architecture. They consist of components that range from fully programmable proces-
sor cores to fully dedicated hardware components for time-critical application tasks.
Increasingly, such heterogeneous systems reside together on a single chip, yielding
heterogeneous Multi-Processor System-on-Chip (MPSoC) architectures that exploit
task-level parallelism in applications.

The heterogeneity of these highly programmable embedded systems and the varying
demands of their target applications greatly complicate system design. The complex-
ity of these systems forces designers to simulate systems and their components early
during the design process to explore the wide range of design choices. Such Design
Space Exploration (DSE), during which multiple criteria should be considered simul-
taneously, is called multi-objective DSE. Since objectives are often in conflict, a set of
optimal solutions denoted as the Pareto optimal set has to be found. This is the set of
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those solutions for which one objective cannot be improved further without causing a
simultaneous degradation in at least one other objective (see Section 2.1).

In order to find the Pareto optimal design points with respect to multiple design crite-
ria, the designer should ideally evaluate and compare every single point in this space.
However, such exhaustive search of all possible design points is usually prohibitive
due to the sheer size of the design space. When the design space is too large to be
explored in an exhaustive manner, heuristic search techniques such as evolutionary
algorithms can be used to search the design space for optimum solutions using only
finite number of design point evolutions.

The DSE problem generally deals with two distinct issues:

1. The evaluation of a single design point regarding all objectives.

2. A search strategy for covering the design space during the exploration process.

Methods for evaluating design points range from solely analytical approaches to de-
tailed cycle-accurate simulations. The results of simulation-based methods are more
accurate but the evaluation process usually takes longer. A review of different ap-
proaches for evaluating a single design point is provided in [27]. In this thesis,
the evaluation of design points is performed by the Sesame system-level simula-
tor [23, 24]. Models in Sesame are defined at a high level of abstraction and cap-
ture only the most important characteristics of the components in the system. As
these high-level models minimize the modeling effort and are optimized for execution
speed, they can be applied for DSE at the very early design stages. Section 2.2.1 gives
an outline of the Sesame simulation environment.

The searching strategies iteratively walk through the design space and try to properly
cover the design space during their explorations. In general, these methods can be di-
vided into two types, based on their progress from iteration to iteration: guided search
and unguided search. The guided search methods, such as hill climbing [28, 29], evo-
lutionary algorithms [30, 31], ant colony optimization [32–34] and simulated anneal-
ing [35, 36], use information learned so far to guide the search process. The unguided
search methods such as random walk aim to provide an unbiased view of the design
space. Each design point is chosen randomly and entirely by chance. In [27] a survey
of different searching strategies used for design space exploration of system-on-chip
architectures is given. In this work, we use multi-objective evolutionary algorithms as
the searching strategy. MOEAs have several advantages; they evolve over a popula-
tion rather than a single solution and in this way the search is performed in a parallel
manner. Furthermore, MOEAs are generic and can be applied to a wide variety of
search and optimization problems. Moreover, they are based on guided search meth-
ods. So, they learn by experiments and solve an optimization problem by successive
refinement. Additionally, MOEAs are efficient at searching large and complex design
spaces [37]. In Section 2.2.2 we explain the basic concepts of MOEAs and describe
the searching procedure of a simple MOEA.
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Figure 2.3: The Y-chart methodology

2.2.1 Sesame Environment

Sesame (Simulation of Embedded Systems Architectures for Multi-level Exploration)
is a modeling and simulation framework geared towards efficient performance eval-
uation of heterogeneous Multi-Processor System-on-Chip (MPSoC) platforms in the
multi-media domain [23, 24]. Models in Sesame are defined at a high level of ab-
straction and capture only the most important characteristics of the components in the
system. By omitting detailed component properties, the simulation of an entire system
can be much faster than with traditional simulation approaches. This allows for the
(performance) assessment of a large number of design options.

Sesame follows the Y-chart design methodology [38, 39] which is depicted in Figure
2.3. A key aspect of the Y-chart approach is the separation of two main concerns: ap-
plication models and architecture models. The application model describes the func-
tional behavior of the system in an architecture independent manner. That means
the application model is free from architectural issues, such as timing characteris-
tics, resource utilization or bandwidth constraints. The architecture model represents
the hardware components in the system, such as processors, reconfigurable modules,
memories, etc. The Y-chart modeling methodology relies on independent application
and architecture models in order to promote reuse of both simulation models to the
conceivable largest extent.

In order to bind the application tasks onto the architectural resources an explicit map-
ping step is needed, after which the system performance can be evaluated quantita-
tively. In this step, different mappings of application processes and communication
channels to various architectural components are evaluated by simulation to find the
optimum mapping solutions under the design criteria. Each mapping decision taken
in this step corresponds to a single point in the design space. Each mapping decision
consists of two main parts: allocation and binding. The allocation determines which
architectural components are actually used. The binding indicates which application
task is executed by which allocated processor and which communication channel is
mapped on which allocated processor/memory. Note that if two communicating pro-
cesses are mapped onto the same processor, then their communications are done in-
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ternally and therefore communication channel(s) between them are mapped onto the
processor in question. In Sesame [1], the mapping decision problem is formulated
as a multi-objective optimization problem in which three criteria are considered: the
processing time, energy consumption and cost of the architecture. To solve this prob-
lem, an Evolutionary Algorithm (EA) has been used to achieve a set of best alternative
mapping decisions under the aforementioned multiple criteria.

Application Model

The application model purely describes the functional behavior of the system. Appli-
cations in Sesame are modeled using the Kahn Process Network (KPN) [40] model of
computation in which parallel processes, implemented in a high-level language, com-
municate with each other via unbounded FIFO channels. Reading on a FIFO channel
is blocking and writing is non-blocking. The semantics of a Kahn process network
state that a process may not examine its input channel(s) for the presence of data and
that it suspends its execution whenever it tries to read from an empty channel. Unlike
reads, writing to channels is always successful as the channels are defined to be infinite
in size. Each of the Kahn Processes are instrumented with annotations. During execu-
tion, the annotated Kahn processes will generate three types of events: read, write and
execute. Hence at any time, a Kahn process is either enabled, that is executing some
code or reading/writing data from/to its channels, or blocked waiting for data on one
of its input channels.

The advantages of KPN are their determinisim and Turing completeness. The deter-
ministic property ensures that the same input will always produce the same output
irrespective of the scheduling policy employed in executing the Kahn process net-
work. Therefore, the deterministic feature of Kahn process networks provides a lot
of scheduling freedom to the designer. Turing completeness means that the KPN can
model any calculation that any programmable computer can perform.

The topology of the KPN is described in the Y-chart Modeling Language (YML).
YML is an XML- based language which describes the Kahn Processes and their com-
munication channels.

Mapping Layer

Because of the separation of application model and architecture model, an explicit
mapping step is needed to relate these models for co-simulation. In Sesame there is an
additional layer between the application model and architecture model layers, acting
as a supporting interface in the process of mapping Kahn processes, i.e. their event
traces, onto architecture model components. The objective of the mapping layer is
illustrated in Figure 2.4.

The mapping layer comprises of virtual processors and FIFO buffers for communi-
cation between the virtual processors. As illustrated in Figure 2.4, there is a one-to-
one relationship between the Kahn processes in the application model and the virtual
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Figure 2.4: A close-up of the layers in Sesame: application model layer, architecture model
layer, and the mapping layer which is an interface between application and architecture models

processors in the mapping layer. The same is true for the Kahn channels and the
FIFO buffers in the mapping layer. However, the unbounded Kahn FIFO channels
are mapped onto bounded FIFO buffers in the mapping layer. The size of the FIFO
buffers in the mapping layer is parameterized and dependent on the architecture.

The virtual processors use trace driven simulation, processing the generated events
in the annotated Kahn process node. Since the events are simulated, the virtual pro-
cessors implement an event queue and provide scheduling for the events. In practice
this means that the events of a single virtual processor are performed sequentially.
An event is scheduled if the corresponding architectural element is available. In case
of an execution event this means that the architectural element must be available for
processing. For reading, the requested data must be available in the channel, whereas
writing requires space in the bounded physical channel.

Unlike the projection from the application onto the mapping layer, the projection of
the mapping layer onto the architectural layer does not need to be bijective. For each
of the virtual processors, one of the architectural processors is selected. Similarly, for
each virtual FIFO buffer a corresponding memory element is nominated. Obviously
the mapping must be feasible. This means that the architectural processor is capable
of executing all the annotated events, which are dispatched by the connected virtual
processor. Moreover, the mapping of a virtual channel onto a memory element has
the requirement that the memory connects the processors on which both of the virtual
processors are mapped.

When multiple virtual processors are mapped onto the same architectural processor
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scheduling is required. Sesame provides customizable schedulers to schedule events
originating from different virtual processors. An example can be seen in Figure 2.4. In
this case, both the virtual processors A and B are mapped onto the same architectural
processor (Processor 1). As a consequence, Processor 1 must first have a scheduler in
order to determine if it processes an event of virtual processor A or B.

Architecture model

An architecture model is constructed from generic building blocks provided by a li-
brary, which contains template performance models for processors, co-processors,
memories, buffers, busses, and so on. The elements are implemented in a discrete
event simulation language like Pearl [41] or SystemC [42]. Using the input event
traces, which may come from different virtual processors, execution is simulated.
From the simulation results, several metrics can be acquired, like performance and
utilization. Like the application model and the mapping model the topology and the
characteristics of the architecture model are also described using YML. In this case,
the parameterized individual components and the connections between them are de-
scribed.

2.2.2 Multi-Objective Evolutionary Algorithms

In the last few years, Multi-Objective Evolutionary Algorithms (MOEAs) have been
recognized to be well suited to solve multi-objective optimization problems and have
become very popular. They are widely used in many different fields such as com-
puter science, engineering, economics, finance, industry, chemistry, ecology and etc.
Over the years, many MOEAs have been proposed such as SPEA [43], SPEA2 [18],
NSGA-II [19], PAES [20], MOGA [44], MAREA [45], etc. The main motivation for
using EAs to solve multi-objective optimization problems is because EAs operate on
a set of design points (solutions) rather than only one solution at each time. Thus, in a
single run of the algorithm, several solutions are evaluated and in this way the search
is performed in a parallel manner. Furthermore, EAs are less sensitive to the shape or
continuity of the Pareto front. For example, they can easily deal with discontinuous,
multi-modality and concave Pareto fronts. Additionally, EAs are able to search large
and complex decision spaces. Moreover, it is not necessary to choose an accurate
starting point. The results of EAs do not rely on the initial population and they aim at
finding the global Pareto optimal solutions, rather than to get stuck in local optimums.
These features play a critical role in the efficiency of EAs in solving multi-objective
optimization problems. These issues are, on the other hand, major concerns when
using traditional mathematical programming techniques for finding optima, such as
linear programming, nonlinear programming, stochastic programming, robust opti-
mization, combinatorial optimization, etc.

Evolutionary algorithms are heuristic search methods that take their inspiration from
natural biological evolution. By analogy to natural evolutions, solution candidates
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Figure 2.5: Basic procedures of evolutionary algorithms

are called individuals and a set of solutions is called a population. Each individual
represents a possible design point in the decision space. However, an individual is not
a vector in the decision space. Instead, it is an encoded representation of a decision
vector.

MOEAs evaluate a population of individuals over several iterations, called genera-
tions. With the help of genetic operators, a MOEA progresses iteratively towards the
best possible solutions. Its progression (optimization process) is comparable to nat-
ural selection in the evolution of living organisms in that the most proper elements
in the population have a higher chance to survive, reproduce and thus transfer their
genetic material to the consecutive generations. The algorithm usually starts with a
randomly generated population and calculates the fitness value for each individual
within the population. The fitness function is problem specific and determines how
good the individual is. Individuals with high fitness in the current population are se-
lected for reproduction and referred to as parent individuals. Such individuals are
modified (recombined and randomly mutated) to create new individuals (offspring).
This is motivated by the hope that the new individuals will be better than the old ones.
The new individuals are then considered as the current population in the next iteration
of the algorithm. Generally, the algorithm terminates when a predefined number of
generations has been reached. But, also other conditions may be used as the termi-
nation criterion of the search process. For instance, when there is no improvement in
the fitness values of the individuals, or some individuals with sufficient quality have
been found. At the end, the best individuals found in the final population or during the
entire search process are considered as the outcome of the MOEA. Figure 2.5 shows
the sequence of basic steps in a simple evolutionary algorithm. In the remainder of
this section, we will briefly describe the main concepts used by MOEAs.

Individual Encoding

The first step in the design of an evolutionary algorithm is to translate the real problem
into biological terms. A method is needed to represent the design variable values
in the allowable sets, so that they can be used and manipulated by an evolutionary
algorithm. Thus, design points in the decision space should be encoded based on
an appropriate structure and these encoded representations are used as individuals in
EAs. The encoding mechanism is highly dependent on the problem. Binary encoding
is the most common and simplest method. In binary encoding each individual is a
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set of bits, 0 or 1. Each bit represents a parameter of the design point. An important
example of a problem that is solved using binary encoding is the knapsack problem:
given a set of items, each with a weight and a profit, select some number of items to be
carried in a knapsack with certain capacity. The objective is to choose the set of items
that maximizes the profit but does not exceed the knapsack capacity. As the encoding
concerns, for each item, there is one bit in the binary encoding. Therefore, the total
number of bits representing an individual is equal to the total number of items that
we have. The value of each bit (0/1) indicates whether the corresponding item is in
knapsack or not. The benefit of a binary encoding is that the implementation of the
genetic operators (crossover and mutation) is rather straightforward. A downside is
that binary encodings are unnatural and unmanageable for many problems.

A simple alternative is a many-character encoding. Instead of only having the 0 or 1,
a larger alphabet is available. This alphabet can contain characters, strings, integers
or even real values. The large freedom in choosing an alphabet makes this encoding
applicable to many problems. A designer can also choose to use a problem specific
encoding. These are encodings, which are not commonly used and mostly invented
for a specific problem. An example is the tree encoding, which can, for example,
represent computer programs.

Fitness Calculation

The quality of an individual with respect to the optimization task is calculated using
the fitness function. The fitness value indicates how well an individual is and deter-
mines its desirability in comparison to the other individuals. Note that since the quality
is related to the objective functions, before calculating the fitness, an individual should
be decoded to its corresponding vector in the decision space. Thus, the fitness function
can be applied on decision vectors not on their encoded representations (individuals).
The fitness assignment method is a major component of MOEAs and may signifi-
cantly affect their performance. Therefore, different fitness assignment strategies are
proposed in literature to improve the performance of MOEAs. Two popular schemes
are objectives-based fitness assignment such as VEGA [46], and domination-based
fitness assignment such as PAES [20], SPEA2 [18], and NSGA-II [19].

Parents Selection

Selection method indicates how the individuals from the current population are se-
lected to produce offspring for the next generation. The purpose of the selection
process is to remove low-quality individuals from the population, while reproduc-
ing high-quality individuals, in the hope that their offspring will have an even higher
quality. The goal is to focus on particular portions of the search space, which contains
fitter solutions and to increase the average fitness within the population. The probabil-
ity that an individual is selected as a parent for further reproduction is determined by
a probability function with respect to its fitness value. The probability that the fittest
individual is chosen must be large enough, otherwise the algorithm will not converge
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to optimal solutions. However, if the probability of choosing the fittest individual is
too high, the algorithm can have a tendency to get stuck in a local optimum. Selection
is done with replacement, so an individual can be selected multiple times as a par-
ent. Like the fitness assignment, various selection mechanisms have been suggested
in literature such as roulette wheel, elitism, rank, tournament selection and so on. A
detailed description of how these methods work can be found in [37].

Variation Operations

The aim of variation operations is generating new individuals by modifying the ex-
isting ones. In general, two variation operators are typically applied: crossover and
mutation. The variation operators work on individuals, not on the decoded decision
vectors. The implementation of these operators is highly dependent on the individual
encoding. The general view is that crossover is supposed to exploit the current indi-
viduals to find better ones and is helpful for rapidly exploring the search space and
finding optimum points, while mutation provides a small amount of random search,
and helps to ensure that no point in the search has a zero probability of being exam-
ined. Therefore, mutation is effective to investigate new and unknown areas in the
search space. In the following paragraphs crossover and mutation will be described
with respect to a binary encoding.

Crossover The crossover operator takes two individuals as parents and creates two
different offspring individuals by recombining the parents. To take into account the
stochastic nature of evolution, a crossover probability is assigned to this operator.
Therefore, substrings from two parents are swapped between these parents with a
fixed probability. Crossover can be done in many ways.

One-point crossover is the simplest form. In the one-point crossover (see Figure
2.6(a)), two parent individuals are cut at a random point and the segments after the cut
point are swapped to create the offspring. The one-point crossover has some draw-
backs. Based on the location of the bits in the individual, some schemas cannot be
generated. An example is that 10001 and 00100 cannot generate 10101. Another
shortcoming is that the head and tail of one individual cannot be passed simultane-
ously to the offspring. If both the head and the tail of an individual contain good
genetic information, none of the offspring obtained directly with one point crossover
will share the two good features.

Using a two-point crossover avoids the second drawback of the one-point crossover.
In this case, two positions are chosen at random and the segment between these two
points is exchanged. Figure 2.6(b) shows an example of two-point crossover. Note
that in both one-point and two-point crossover, only a single segment is exchanged.
The two-point crossover is generally considered better than one-point crossover, but it
still has the problem that certain schemas cannot be generated.

A method, which is capable of generating any schema, is uniform crossover. In the
uniform crossover each bit in the offspring is selected randomly, either from the first
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(a) one-point crossover  

(b) two-point crossover  

(c) uniform crossover  

mask: 1000110010 

(d) mutation 

Figure 2.6: BIllustration of variation operations

parent or from the second one. A crossover mask with the same length as the individ-
ual structure is created at random and the parity of the bits in the mask indicates which
parent will supply the offspring with which bits. Where there is 1 in the crossover
mask, the corresponding bit is taken from the first parent and where there is 0 in the
mask, the bit is taken from the second parent. Usually, for producing the second off-
spring the inverse of the crossover mask is used. In, Figure 2.6(c) an example of
uniform crossover is shown. Unlike the one-point and two-point crossover, multiple
segments can be exchanged between the parents in the uniform crossover. There are
also some other types of crossover such as N -point crossover, three parent crossover,
shuffle crossover, ordered crossover, etc. Here, we describe only the most popular
ones. For more information about these crossover operators, the reader is referred
to [47]. The question of which of the crossover methods should be used is not easy
to answer. The success or failure of a crossover operator depends on the particular
fitness function, encoding and other details in the evolutionary algorithm.

Mutation The mutation operator randomly alters each bit of an individual according
to the mutation probability. It prevents the algorithm to be trapped in a local optimum.
Furthermore, mutation helps to maintain genetic diversity in the population. It creates
new genetic structures in the population by randomly modifying some of its building
blocks. A simple mutation for binary encoding is shown in Figure 2.6(d). In this
method, the value of each bit is inverted (changing 0 to 1 or vice-versa) with a small
probability. The mutation probability should be small otherwise the EA will in fact
change to random search.
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Constraint Violations

Duo to the randomness in MOEAs (in initialization, crossover and mutation steps),
they are prone to violating the problem constraints and producing invalid individuals.
There are two options for handling the invalid individuals: use a repair mechanism or
use a custom variation operator. If the repair mechanism is used, the variation oper-
ator manipulates the individuals freely. After an individual is manipulated, the repair
mechanism will verify if it is still valid. When it is not a valid individual anymore, the
repair mechanism will repair it. The other option is to use a custom variation opera-
tor. The custom variation operator is built in such a way that it only generates valid
individuals.

Parameters Setting

In implementing an evolutionary algorithm, various parameters need to be set, like
population size, crossover type and probability, mutation probability, selection method
and termination condition. The success of an evolutionary algorithm is greatly depen-
dent on the values of these parameters. In literature, there is a lot of discussion on
setting the parameters of evolutionary algorithms, However, there are no conclusive
results on what the best parameters are, most people use what has worked well in
previously reported cases. A study by Schaffer et al. [48] performed extensive ex-
periments to test the success of evolutionary algorithms on a small set of numerical
optimization problems with a wide range of parameter settings. They found the best
settings of the parameters independent of the problem in their test suite. The best pop-
ulation size was between 20 and 30, the crossover probability between 0.75 and 0.95
and the mutation probability between 0.005 and 0.01.

There is also another type of evolutionary algorithm called Adaptive Evolutionary
Algorithm (AEA) [49, 50] in which the parameter values are varied during the search
process. A simple scheme could be as follows: the mutation probability is changed
according to the quality of population. If there is no improvement in the fitness values
for a long time, the mutation probability will be increased. Subsequently, the mutation
probability is decreased again when an improvement occurs.

Summary

The power of EAs comes from the fact that they do exploration and exploitation si-
multaneously. Exploration is essential to walk through the decision space and discover
new parts. Exploitation is helpful to make use of knowledge found at previously eval-
uated points and to guide the searching process towards better points. In EAs, the
direction and chance in the search process are combined effectively and efficiently
and provides a fast, useful and robust technique, which can deal successfully with a
wide range of different problems. Although there is no guarantee that EAs will reach
the global optimum solutions, they are generally good at finding ”acceptably good”
solutions in a ”reasonable time”.
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(a) Line connection
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(b) Symbol connection

Figure 2.7: Two different graphical methods for showing connections between entities

2.3 Visualization

Collecting information is no longer a problem, but interpreting and extracting insight
from collected information has become progressively more difficult. Visualization
provides a link between two potent information-processing systems: The human eyes
and modern computers. Visualization is the process of transforming data, informa-
tion, and knowledge into visual form making use of humans’ natural visual capabil-
ities [51]. Visualization is useful to rapidly extract insights from large amounts of
information. It allows users to quickly understand the general structure and patterns
in the data and the relationships between different variables.

An important issue in designing visualization systems is that visualizations are primar-
ily developed for human interpretation. Thus, understanding how the human perceives
information visually and how his mind responds to visualization is a key factor for
designing an effective visualization. The human perceptual and cognitive capability
must be considered in producing a visualization system, otherwise the end result may
lead to a visualization that cannot be interpreted by the human. For instance, Figure
2.7 shows two different ways for demonstrating connections between entities. The
connecting lines in Figure 2.7(a) are much more effective than the symbols in Figure
2.7(b).

Perhaps the best example to describe how visualizations can allow better understand-
ing of data is Mendeleev’s Periodic Table of Elements. Other examples are maps
illustrating subway connections, statistical diagrams showing financial information,
MRI scans for detection of health problems and weather maps showing the climatic
and meteorological situation as predicted for a day or a week.

2.3.1 Visualization Classification

Visualization is commonly classified into two groups based on its application and
scope: scientific visualization and information visualization.

Scientific visualization focuses on the visual display of spatial data related to scientific
studies such as the bonding of molecules in computational chemistry. It inspires the
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representations from the physical world as can be seen from the MRI-scan and tornado
examples. The data may be generated by complex simulation models or collected by
scientific instruments such as medical scans, satellites, telescopes, and microscopes.
The main characteristic of scientific visualizations is the fact that they have natural
counterparts in the real world to which the data can be mapped, such as the human
body, earth, airplane, and molecule. Actually, scientific visualization helps to amplify
the human sensory system, by showing things that are too fast or slow (on timescales)
for the human eyes to perceive, or structures that are much smaller or larger than
human scale, or phenomena such as X-rays radiation that cannot be directly sensed by
human.

Information Visualization (InfoVis) deals with abstract data sets, that is, data without
a ”natural” physical or geometric representation, such as hierarchical or textual in-
formation. Therefore, the user has no predetermined mental model to which the data
can be automatically mapped. Thus, the main challenge in information visualization
is developing new visual metaphors for representing the abstract data, such that they
enable users to clearly and effectively understand the underlying information.

These two visualization groups are not mutually exclusive. For instance, scientific vi-
sualization may use the techniques in information visualization for representing mul-
tiple attributes of a physical object.

2.3.2 Information Visualization

Information visualization is about transforming abstract information into visual rep-
resentations providing users the benefits of quick insight, correlation analysis and
pattern recognition that are inherent in visual information. Information visualization
should enable users to get information fast, make sense out of it, and draw conclusion
from it in a relatively short time.

The field of information visualization is an interdisciplinary research area. It integrates
multiple and diverse discipline such as computer science, mathematics, statistics, psy-
chology, semiotics, graphic design and domain knowledge. The two main issues in
computer science that are related to information visualization are computer graphics
and human-computer interaction. Mathematics and statistics are necessary for accu-
rate mapping of information to the visual elements. The field of psychology provides
noteworthy scientific guidelines on how humans perceive visual information. The area
of semiotics is useful for understanding the symbols and their underlying meanings.
The knowledge of graphic design helps to create visualizations that are well suited for
their intended purpose. It is evident that for designing a useful and effective visualiza-
tion a good knowledge of domain area is essential.

Information visualization systems have two main components: representation and in-
teraction. The representation component involves the way that data is mapped to the
visual form. Subsequently, the interaction component allows a user to directly ma-
nipulate the representation and to explore the data set in order to discover additional
insights. Although the representation and interaction are discussed as two separate
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Table 2.1: Basic visual variables

Visual Variables!

Position!
Changes in the x,y,z locations!

Size!
Changes in length, thickness, or area!
Shape!

Color!

Saturation!
Changes from light to dark!

Orientation!

Border!

Texture type!

Texture density!

components, they are not mutually exclusive. For example, an interaction with visu-
alization may lead to a change in representation. Nonetheless, these two components
compose the two fundamental aspects of InfoVis systems.

Representation

In all visualizations, graphical elements are used as a visual syntax to represent se-
mantic meaning [52]. This mapping of information to visual elements is called visual
encoding, and the combination of several encodings in a single display leads to a
complete visual metaphor. A simple example is the mapping of temperature to a color
scale from blue to red. Cool and warm colors may be used to represent low and high
temperatures, respectively. The visual variables are considered as the fundamental
building blocks of any visualization. Several basic visual variables are shown in Table
2.1.

To effectively map data onto visual variables we need to consider the properties of
data as well as the characteristics of visual variables. For instance, size or length is
more effective to encode quantitative data, but less useful for nominal data. Contra-
dictory, shape is ineffective in representing quantitative data, while is more suitable
for nominal data.
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Another essential issue in designing an effective visual encoding scheme is that the
visualization system designer should be aware of standard conventions in visual rep-
resentations. For example, a normal visual convention for the three colors red, orange
and green is that they denote danger, caution and safety respectively (e.g. traffic light).
If the use of these colors is reversed or jumbled up, then the confusion can be caused
because of the contradiction with perceptual processing. The users have to redefine
their mental model of what a particular color means. Utilizing unusual information
coding representations makes the meaning or any understanding of the visualization
virtually impossible.

Interaction

User interaction plays an essential role in effective visualization of information. It
provides users the ability to directly manipulate and interpret representations. The
way users interact with visualizations can strongly influence their understanding of the
data as well as the usefulness of the visualization systems. Interactive visualization
allows a tighter connection between users and the data being explored and enables
users to rapidly and effectively discover hidden characteristics, patterns and trends in
the data and gain a greater insight. This insight is associated to human cognition and
the powers of reasoning within a logical framework, not to the ability of computers to
process data. Furthermore, interactions can overcome some limits of representations
(e.g. screen limitations) especially when the data grows larger and more complex.

In the following we discuss the general categories of interaction techniques, which are
widely used in InfoVis systems.

Navigation: Interactive navigation consists of changing either the viewpoint or the
zooming factor of the scene. Panning is an example for altering the viewpoint. Pan-
ning refers to movement of a camera across a scene and can simply be achieved by
scrollbars. Zoom in and zoom out are powerful interaction techniques that allow users
to get an overview of the entire scene or get a more detailed view on some specific
parts of the scene.

Manipulating the visualized objects: The basic manipulation operations are mov-
ing the objects in the scene, rotating, translating, selecting and scaling.

Reconfigure: Reconfigure interaction techniques provide users with different per-
spectives onto the data set by changing the way that data items are arranged. A simple
example is sorting the rows of a table by a specific column and rearranging the table
rows. Another example is changing the variables assigned to the axes of a scatter plot
view or rescaling the axes to exclude outliers and expand the scale to see whole data.
The baseline adjustment feature in a stacked histogram is another example of reconfig-
ure interaction. It enables users to better compare the heights (values) of subsections
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that are not initially on the bottom of the histogram.

Adjusting the level of abstraction: These types of interactions enable users to mod-
ify the abstraction level of the representation from an overview down to details of indi-
vidual data items and often many levels in-between. A simple example is the tool-tip
interaction technique that provides detailed information when a mouse cursor hovers
over a data item. Another example is expanding/collapsing nodes in tree visualiza-
tion. By expanding a node its corresponding subtree is shown and allow user to do
more detailed analysis on the relations between that particular node and the nodes in
its subtree. However, by collapsing the node its subtree becomes invisible.

Filtering: Filtering enables users to change the set of presented data items based on
some specific conditions. In this type of interaction, users specify some conditions, so
that all data items meeting those criteria are presented and those data items that do not
satisfy the filtering conditions are removed from the display or shown differently. For
instance, a user can select interested ranges by moving sliders or particular values by
clicking on check boxes and then the data items meeting those constraints are shown
and others are removed from the display.

Brushing: Brushing interaction techniques are used to highlight associations and
relationships between data items in multiple views. In some Infovis systems multiple
views are used to show the same data set from different perspectives (e.g. scatter
plot, parallel coordinate, histogram). The brushing technique is used to highlight the
corresponding data items in all views. For instance, when a user selects a data item
in the scatter plot, the same data item in the parallel coordinate view is highlighted
simultaneously.

2.3.3 Multivariate Data Visualization

Multivariate data visualization is a specific kind of information visualization in which
the correlations between multiple variables are of vital interest. For multivariate data
visualization, the dataset to be visualized is of high dimensionality and its variables
are correlated in some way. Formally, the data is considered multivariate if it has
more than three variables. The human perceptual system is well equipped to interpret
data as presented in 1D and 2D graphical representations, or even 3D if it is properly
interfaced. The visualization techniques for multivariate data try to effectively map
high-dimensional multivariate data in a 2D/3D visual display. Such an effective vi-
sualization should be able to facilitate users to identify, locate, distinguish, categorize,
cluster, rank, compare, associate or correlate the underlying data [53].

Multivariate data visualization faces several challenges in encoding its variables in a
single visual display, as follows:
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• All data variables should be shown simultaneously but avoid cognitive over-
loading.

• Different variables can be viewed holistically for integrated analysis and, at the
same time, users can judge each dimension separately and independently.

• There is a tradeoff between amount of information, simplicity and accuracy.

• Visualization of relationships is an essential issue in multivariate data visualiza-
tion. The information is not just data items but also relationships, both within
multidimensional data items and between them.

• In most cases certain correlations are not know in advance, and we want to
discover those correlations using visualization. It is a paradox [54] that makes
it hard to assess the effectiveness of an information visualization technique: we
do not know what valuable knowledge exists in the data, so we hope to gain
insight by visualizing it.

In the following, we describe three most popular visualization techniques used for
representing multivariate data.

Scatterplot Matrix

A scatterplot is the conventional method for visualizing the relationship between two
variables in which two variable values are projected along the x− y axes of the Carte-
sian coordinates. As a visual structure, the scatterplot uses position to encode two
variable values and their relationship.

Scatterplot matrix is the standard way of extending the scatterplot to higher dimen-
sions. The scatterplot matrix contains all the pairwise scatterplots of the variables in a
matrix format. That is, if there are n variables, the scatterplot matrix is an n× n ma-
trix such that the ith row and jth column of this matrix is a scatterplot of ith variable
versus jth variable. The diagonal plot is simply a 45-degree line since we are plotting
a variable versus itself. Thus, it is common to use the diagonal to write the variable
labels or to plot the univariate histogram. Since the scatterplot matrix is symmetrical,
it is possible to omit the plots below the diagonal. Figure 2.8 shows an example scat-
terplot matrix for a dataset with three variables. In this figure, the label and histograms
of variables have been placed on the diagonal of the matrix.

Using the scatterplot matrix, we can observe patterns in the relationships between
pairs of variables, but there may be important patterns in higher dimensions, which
are barely recognized in it. To address this problem, the brushing technique can be
applied. Using brushing, a particular n-dimensional subspace in the visualization can
be highlighted, that is, the respective points of interest in each scatterplot in the matrix
are colored or highlighted.
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Figure 2.8: An example scatterplot matrix for 3-dimensional data

Parallel Coordinate Plot

A parallel coordinate plot [55] overcomes the limitation of the orthogonal coordinate
system by placing the coordinate axes parallel to each other. With this arrangement,
it is possible to plot high-dimensional data points on a plane. Figure 2.9 shows a 2D
data point in both axis configurations: orthogonal and parallel.

In parallel coordinate plots, the maximum and minimum values of each dimension are
scaled to the upper and lower points on a vertical axis. An n-dimensional data point
is displayed as a polygonal line that crosses each axis at its respective data variable
value. Figure 2.10 represents an example parallel coordinate plot for a data set with 7
variables. In this figure, data variables are shown as parallel axes and each data item
is represented by a polygonal line. In parallel coordinate plot, the order of the axes
is critical for finding features. Therefore, in typical data analysis, many reordering
will need to be tried. In some cases [56], heuristics are used to create illuminating
orderings.

Figure 2.9: A 2D data point (x, y) in orthogonal axis configuration (left) and in parallel axis
configuration (right)
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Figure 2.10: An example parallel coordinate plot for 7-dimensional data

Parallel coordinate plots have been shown to be an effective tool for an initial visual
analysis of high-dimensional datasets. However, they have two main weaknesses.
First, distributions of observations and patterns in the dataset become obscured as the
number of observations increases. Second, to visually represent relationships between
any two variables, those variables must be adjacent to each other in the plot. Many in-
vestigators have proposed solutions to overcome these shortcomings such as brushing,
color density encoding, and axis reordering.

Influence Explorer

The influence explorer [57,58] is an interactive visualization tool for any design prob-
lem in which performances can be computed from the knowledge of parameter values.
This tool makes use of ”Interactive Histograms” technique. Each performance and
each parameter has its own histogram. A data item is represented once on each his-
togram by a square in the appropriate bin. The height of each column in the histogram
represents the number of data items that fall within that bin. In other words, the his-
tograms are frequency plots. The squares for a particular data item can be joined using
lines. Collection of such lines can provide useful insight into the relationships implicit
in the display data (parallel coordinate plots).

Figure 2.11 shows an example data set, which is displayed in the form of histograms.
On the left side, the two performances P1 and P2 and on the right side the four pa-
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P1 

P2 

X1 X2 X3 X4 

Figure 2.11: An example data set visualized by the influence explorer

rameters X1 −X4 are shown. Each square within a histogram corresponds to a single
point. Selecting a point on one scale shows its corresponding values on the others. In
Figure 2.11 a selection has been made on P2 and those same points are highlighted (in
white) on each of the other histograms. The circles indicate the mean of the selected
points. Upper and lower limits can be set on all the performance scales. Whereupon
color-coding indicates how the points satisfies those requirements. White color-coding
identifies those design points that satisfy all the performance limits, black points fail
one and dark grey points fail two requirements. Such color-coding provides valuable
sensitivity information. Examination of the location of white squares on the parameter
scales will indicate where possible designs might lie, and will often help to identify
the relation between performances and parameters. The same as performance, the
selection of parameter limits is also possible. However, it requires additional color-
coding. The main advantage of such color-coding is that it indicates how altering the
parameter or performance limits will affect the overall usefulness of the design.

2.3.4 Visualization Evaluation

Evaluating a visualization system is much more difficult than evaluating other sys-
tems. This is because InfoVis systems focus on an exploratory analysis process and
this poses additional challenges. It is hard to judge whether a visualization system
really helps users to get specific insights and more comprehensive understanding of
the explored data in a quantitative manner. In other domains, an evaluation can be
made based on whether the task completion is faster or the error rates are reduced, but
how can we make the case for measuring the effectiveness criteria of a visualization
system?

In the past few years, some researchers in the filed of information visualization have
discussed the necessity of evaluation studies of InfoVis systems and proposed some
guidelines for evaluating visualizations (e.g. see [59–61]). In [61] the authors defined
four thematic areas for evaluating InfoVis systems as follows.
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1. Usability assessments: typically evaluate visualizations to determine and solve
user interface problems.

2. Controlled experiments comparing design elements: Investigate human visual
perception. That means examine different techniques for mapping the informa-
tion to visual display to see which one makes the most sense and provide the
user with the right knowledge.

3. Controlled experiments comparing two or more tools: Try to compare a novel
visualization technique with the state of the art.

4. Case studies of visualization tools in realistic settings: Do real tasks and demon-
strate feasibility and in-context usefulness.

In the literature, controlled experiments using predefined tasks are the most common
methods for identifying the effectiveness of visualization systems. In this method, the
performance of users in terms of the time taken to complete the predefined task and
the accuracy of the completed tasks (e.g. the number of correct/incorrect answers)
is measured. Although the controlled experiments are useful for examining specific
perceptual effects and provide researches a method for measuring the usability aspects
of their visualizations, it has some drawbacks. It can provide results for only the
limited set of predefined tasks and thus, the evaluation can not be generalized beyond
these (simple) predefined tasks. Furthermore, the tasks may be chosen with some bias
toward what the system is capable of doing it. Moreover, in this method, users are
forced to follow the specific instructions during the experiments and are constrained
to a particular line of thought developed in advance. Thus, there is little room for
exploring freely and discovering unexpected insights.

The main purpose of visualization is generating insight. Discovering new things that
previously went unnoticed, or looking at something familiar from a new angle. Thus,
a visualization evaluation method should be able to determine how well visualizations
achieve this goal. So, a measure of effectiveness of a visualization system can be its
capability to generate unexpected new insights, beyond performing predefined tasks.
Removing the predefined tasks provides a much broader view of insight abilities of
visualizations. Therefore, instead of instructing users on exactly what insights to gain,
researchers should allow users an open-ended experiment and see what insights users
gain on their own.

In this thesis, for evaluating the effectiveness of our proposed visualization tool and
examining how successful it is in generating insights, we did actual exploratory anal-
ysis using our tool. We performed some real case studies and used our tool to explore
the results and see what new and unexpected insights we can gain from the tool that
is very hard (if not impossible) to find out those insights from the raw data. The
discussion about insights achieved using our tool is given in the subsequent chapters.
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2.4 Conclusion

In this chapter we first introduced the preliminaries of multi objective optimization.
Then we discussed that the multi-objective design space exploration problem can be
considered as two distinct sub-problems: 1) how a single design point can be evaluated
with respect to the design criteria and 2) how the design space can be searched during
the exploration process. The latter issue arises since in real-scale problems the design
space is too large to be explored in an exhaustive manner. In this work we use the
Sesame system-level simulator for evaluating the design points and a MOEA is used
to search and explore the design space for optimum solutions using only finite number
of design point evolutions.

By utilizing an MOEA for multi-objective design space exploration of embedded sys-
tems, on one hand, we should define the specification of the DSE problem (i.e. appli-
cation model, architecture model and design criteria) and on the other hand we should
set the MOEA parameters such as selection method, mutation rate, crossover rate, etc.
Setting the MOEA parameters properly, according to the DSE specification, can min-
imize the exploration time while achieving better results. Then, it is needed to define
a way of encoding the DSE problem (e.g. mapping process networks onto heteroge-
neous multiprocessor architecture) as a multi-objective optimization problem, known
as individual encoding. Therefore, each individual in the MOEA (which can be a
string of numbers) represents a design point in the design space (e.g. possible map-
ping). The workflow of using MOEAs in multi-objective DSE of embedded systems
is illustrated in Figure 2.12.
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Figure 2.12: Workflow of using MOEAs in multi-objective DSE of embedded systems
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Figure 2.13: Example of raw data generated by a MOEA

As the searched design space still is vast, interpreting all evaluation data and under-
standing how the MOEA searches through or prunes the design space is cumbersome.
Such analysis is, however, essential to the designer as it provides insight into the
”landscape” of the design space (e.g., indicating which design parameters are more
important than others).

To illustrate the need for good analysis tools, Figure 2.13 shows a sample of raw
data generated by an MOEA. Here, each row represents an evaluated design point
in which the values of objectives (processing time, energy consumption and cost) and
the individual encoding are comma separated. The way that application tasks and their
communications are mapped onto the architecture components is encoded in a string
of digits, which is called the individual. It is evident that interpreting and analyzing
the evaluated data in this format is not possible.

Therefore, we have proposed new visualization techniques (explained in the next chap-
ters), to understand how an evolutionary algorithm searches the design space, where
the optimum design points are located, how design parameters influence each objec-
tive, and understand the correlations among multiple objectives. The main challenge
that needs to be addressed by such a visualization environment is how the raw data (as
illustrated in Figure 2.13) can be represented in a visual form such that it is possible to
analyze the data from different perspectives and for various aspects and enables users
to gain new insights into the exploration results.




