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Introduction 1
As semiconductor technology scales, chips are becoming ever less reliable [4], prominent
reasons for this phenomenon being the sheer number of transistors on a given silicon
area and their shrinking device features. Future chips are expected to have an increasing
number of design, manufacturing and lifetime defects. As a consequence, defect toler-
ance is becoming an increasingly important issue in Systems-on-Chip (SoCs). If this
trend persists, it will be one of the most important aspects of future SoCs and embed-
ded systems in general, especially since embedded systems are nowadays becoming the
dominant class of designed systems.

Besides, multiprocessor arrays are becoming more and more popular as the architec-
tural design choice for a system’s processing unit; that is due to the difficulty to further
scale uniprocessor performance and the increasing number of resources being integrated
on a single chip [25]. In response to this, software development is becoming more and
more oriented towards multi-threaded applications that can exploit any parallelism in the
tasks they perform. This, in turn, means that defects in multiprocessor arrays capable of
knocking out entire processors have a direct impact on that system’s performance. It is
with these observations in mind that the motivation for a defect-tolerant multiprocessor
array design becomes clear. A multiprocessor array that can maintain high reliability
in the presence of defects can prove to be the major architectural demand for future
embedded systems and SoCs.

In the remainder of this chapter we will give a brief problem statement, present the
thesis goals and give the outline for the rest of the thesis.

1.1 Problem statement

The problem addressed in this paper is the challenges that emerge from defining a mul-
tiprocessor array with defect-tolerance features. We assume arrays of standard general-
purpose processors (GPPs) for the evaluation process, but the approach is designed to
be parameterizable and modular, in order to be easily employed for other systems as
well. We define the granularity of a substitutable unit to be at the level of a pipeline
stage, and we assume that the multiprocessor array lies on top of a reconfigurable in-
terconnection network which allows a defective unit to be isolated and replaced by a
functioning one. The specific implementation details of the interconnects are not being
defined, in the sense that we make no specific assumptions about the implementation of
the reconfigurable interconnect.

The goal is to provide defect tolerance by sparing, that is, defining pipeline stages
of the processors in the array as substitutable units, as defined in [16], and shown in
Figure 1.1a which are isolated and replaced once they become defective. This isolation-
and-replacement ability is provided by the reconfigurable interconnect that we assume

1
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between pipeline stages, and shown in Figure 1.1b
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(b) Working around the defects

Figure 1.1: Defect isolation & replacement

With this very basic system definition, the problem that arises is that in the presence
of defects, there are many reconfiguration options for the reconfigurable interconnect to
isolate and replace defective units (as we show in Figure 1.2), and all potentially lead to
multiprocessor arrays that have recovered from these defects, albeit with varying degrees
of degradation and performance rating. Our goal through this work is to provide efficient
exploration mechanisms of the various reconfiguration alternatives so that, depending
on the defects and reconfigurable interconnect implementation, the degradation process
is as graceful as possible. In other words, given an array of GPPs with reconfigurable
interconnects between the pipelines stages, we develop heuristic methods and algorithms
to replace defective blocks, maximizing the amount of working processors and keeping
the performance penalty to a minimum.

Throughout our work, we consciously make two important assumptions: First, that
the reconfiguration process will be taking place off-line. This means that instruction
execution in the processor array is halted during reconfiguration, and resumes after re-
configuration. The system of course remains online in order to produce a new reconfigu-
ration, but the processors within the array are halted. Second, that after reconfiguration
there is no need for recompilation of the original source code for the applications
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(b) Configuration B

Figure 1.2: Two different reconfigurations on the same defect set

that run on the array. This, in turn, means that the original binaries must be able
to be executed on the newly reconfigured array correctly. The system that is thus de-
scribed presents a wide range of design choices in the fields of processor architecture and
reconfigurable interconnects.

1.2 Thesis objectives

With this work we make the following original contributions; we:

• Describe the problem as a formal computational problem. This approach allows
for a detailed study of the problem’s aspects such as its complexity, potential
approaches and solution expectations;

• Describe the general concept of “array performance” with specific and formal def-
initions. Through exploration of the architectural issues of a defect-tolerant multi-
processor array, define approximations of performance metrics (i.e. heuristics), in
order to properly evaluate – at the next step – the impact of each reconfiguration
choice;

• Propose and implement search algorithms that solve the problem by providing
the best performance according to the imposed metrics while maintaining correct
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functionality of the array architecture. Furthermore, the algorithms have been
need to be adjustable for faster execution or higher accuracy; and

• Evaluate our proposed algorithms in terms of the complexity and efficiency of the
solutions, in order to provide conclusions suitable for wide adoption in the design
of defect-tolerant multiprocessor arrays.

1.3 Thesis outline

The rest of this thesis is organized as follows: In Chapter 2 we provide the necessary
background for the concepts of this work and explain briefly why they are needed. In
Chapter 3 we present the problem statement at length, where each assumption that we
made is clearly defined, and the exact problem is described in a detailed fashion. We also
present related research. In Chapter 4 we define our proposed approach in detail and with
as formal definitions as possible. In Chapter 5 we perform an empirical evaluation of our
approach, present the results of this evaluation and also provide an interpretation thereof.
Finally, in Chapter 6 we provide conclusions and discussion about the results and their
impact, give potential directions for future work and present the thesis contributions.
We also provide in an appendix (Appendix A) the extensive results of our empirical
evaluation process.
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In this chapter we provide some of the necessary background for this thesis divided into
the fields that it relates to. They appear in the remainder of the chapter in the following
order: computer architecture in 2.1, in order to define the concepts and quantities that
are mentioned when we address the architectural issues discussed in section 1.2. Fault
tolerance in section 2.2, where we describe what exactly fault tolerance is and provide the
main motivation for fault tolerant system design. Combinatorics in section 2.3 in order
to provide formal definitions for some of the concepts used in the proposed approach
(in chapter 4) and finally heuristic search in section 2.4 which is the main theoretical
domain of our approach.

2.1 Computer Architecture

Computer Architecture is the conceptual design and fundamental operational structure
of a computer system [17]. In this section we will define and briefly describe some of
the basic concepts of Computer Architecture that are relevant to this thesis, in order to
establish reference points and context for later chapters.

2.1.1 Instruction Set Architecture

The term Instruction Set Architecture (ISA) refers to the set of instructions that a
processor understands. From the ISA one can derive most aspects of a computer’s
architecture’s functionality, as it defines what a processor can and cannot do and how
it does it. It is the programmer-visible (at the assembly level) instruction set. The ISA
serves as the boundary between software and hardware in a computer system.

Instructions within an ISA can be categorized according to what they perform [17]:

• Arithmetic/Logical: Instructions that perform logical or arithmetic operations on
integer or logical types.

• Float: Instructions that perform operations on floating point types.

• Data Transfer: Instructions that perform data transfer operations.

• Control: Instructions that perform operations that control the flow of program
execution. These can be conditional, if they depend on program data, or uncondi-
tional, if they are executed without any data dependencies.

5
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2.1.2 Pipelining

Pipelining is an implementation technique whereby multiple instructions are overlapped
in execution; it takes advantage of parallelism that exists among the actions needed to
execute an instruction [17]. In a computer pipeline, each step in the pipeline completes
a part of the instruction. Different steps are completing different parts of different
instructions concurrently. Each of these steps is called a pipeline stage. The stages
are connected one to the next and separated by pipeline registers to form a pipeline;
instructions enter at one end progress through the stages and exit at the other end.

Throughput is the rate at which operations are completed; In computer terms, it
is the rate at which instruction execution is completed. Pipelining operations increases
throughput.

2.1.3 Hazards

There are situations, called hazards [17], that prevent the next instruction in the in-
struction stream from executing during its designated clock cycle. Hazards reduce the
performance from the ideal speedup gained by pipelining. There are three classes of
hazards:

1. Structural hazards arise from resource conflicts when the hardware cannot support
all possible combinations of instructions simultaneously in overlapped execution.

2. Data hazards arise when an instruction depends on the results of a previous in-
struction in a way that is exposed by the overlapping of instructions in the pipeline.

3. Control hazards arise from the pipelining of branches and other instructions that
change the program flow.

In order to avoid these hazards a number of techniques have been proposed. Here,
three rudimentary techniques will be defined, stalling, forwarding and flushing.

• Stalling
The most intuitive way of dealing with the hazards defined above is called stalling.
This is essentially the freezing of a part of the pipeline until the hazard is cleared;
The part that is stalled does not progress through the pipeline stages, whereas the
part that is not stalled continues its path down the pipeline, so that the instructions
in that part are completed thus clearing the hazard. This technique can be applied
to all three classes of hazards.

• Forwarding
It should be obvious that stalling the pipeline has an impact on throughput. Ideally,
the pipeline should never stall. In order to get closer to this ideal state we can
work around some of the hazards, namely Data hazards, by means of forwarding.
Forwarding is the passing of data from one stage to another when there is a data
dependency between instructions in these stages. By adding wires in the pipeline
to facilitate this, stalls that are induced by data dependencies are avoided.
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• Flushing
We can also address some of the stalls that arise from Control hazards. Control
hazards that are left otherwise unchecked will result in instructions residing in the
pipeline that should not be there. A detection mechanism can be implemented
for such instructions that will flush them from the pipeline. This technique has
a similar impact with stalling in terms of throughput, but has to be applied less
often than stalling, giving a better expected throughput than a pipeline that always
stalls when detecting Control hazards.

2.1.4 Typical processor pipeline

Here we show the pipeline structure of a typical RISC processor [17]. It is very similar
to the classic MIPS R2000 pipeline [27, 17]. It consists of five pipeline stages:

1. Instruction fetch (IF)
In this stage the instruction memory is accessed at the location pointed to by the
program counter, and the proper instruction is fetched from that memory. The
program counter is then updated.

2. Instruction decode (DC)
In this stage the instruction from the previous stage is decoded and the operands
are read from the register file, which resides in this stage. Unconditional control
flow changes are detected here, and the program counter is appropriately updated.

3. Execution (EX)
In this stage the appropriate arithmetic or logical operation is performed based on
the decoded operation code and the operands retrieved from the previous stage.
Conditional branches are calculated here, and the program counter is updated
accordingly.

4. Memory access (MEM)
In this stage, instructions that need to access the memory perform their memory
operation (reading or writing to the memory).

5. Write back (WB)
In this stage the resulting data from the instruction, if there are any, are written
back in the register file. After this stage the instruction is cleared from the pipeline.

Figure 2.1 shows this pipeline along with the connections needed for forwarding. This
pipeline will be used as the reference pipeline for the rest of this thesis.

2.2 Fault Tolerance

Fault tolerant design enables a system to continue operation even after a certain level
of internal failure. This usually comes at the cost of extra hardware and/or software
that enables the system to retain some or all of its operational capability after detecting
failure in part(s) of the system.
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Figure 2.1: Typical processor pipeline (dotted lines indicate forwarding wires)

The term fault refers to any and all kinds of malfunctions in a system. We are
interested only in those faults that are permanent, called defects. Temporary and
intermittent faults are not addressed in this thesis. Defects can either be introduced
during design, manufacture, or appear later due to ageing. Tolerance refers to the ability
to function properly, either by ignoring these defects, working around them, or repairing
them.

There has been recent research in this field [4] that investigates the design of reliable
systems from unreliable components in the context of the challenges presented by the
trends in transistor variability and degradation. In this paper, it is mentioned that in
the following years it will become increasingly difficult to guarantee defect-free chips,
because the fabrication procedures cannot decrease the defect density to keep up with
the increase of the number of transistors in a given area, as seen in Figure 2.2, where
it is shown that it is harder to maintain the majority of the transistors operating at a
given voltage Vt, and also that systems tend to show a degradation in performance from
ageing defects, as shown in Figure 2.3, where the saturation current degradation trend
over the years is shown.
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Figure 2.2: Transistor consistency trend [4]

One important concept is that of regularity [16]. A system exhibits regularity when
it is characterized by repeatable patterns of blocks. This allows any method that applies
to one basic block or pattern of blocks to be readily applicable to all other blocks or
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patterns. A typical example of such a system is an FPGA. Since FPGAs are based
on repeatable Logic Cells, Slices, and Configurable Logic Blocks (CLBs), they present
great regularity. When discussing such blocks in the context of redundancy and fault
tolerance, we generally refer to these resources as substitutable blocks [16]. Since FGPAs
show such high regularity, they can be ideal platforms for implementing fault tolerant
systems.

As we briefly described in section 1.1, our target system includes a multiprocessor
array. Using the above definitions, we will show in chapter 3 how exactly we can model
the individual pipeline stages within this array as substitutable resources, in order to
facilitate defect tolerance.

We also mentioned in section 1.1 that we study defects at the granularity of pipeline
stages. We define here the concept of sparing from the field of defect detection, and
explain how it apply to this granularity level (of pipeline stages).

Sparing [16] of resources means that we simply mark them as either fully functional
or not. We do not make any further distinctions. On the other hand, matching (char-
acterizing) resources means further investigation in order to determine exactly which
functions are properly performed and which are faulty within the same substitutable
unit. Having defined these concepts, we will explain in detail in chapter 3 how we apply
sparing on substitutable resources at the defined granularity, i.e. that we consider entire
pipeline stages as either defective or fully functional.

2.3 Combinatorics

The problem of re-arranging a homogeneous multiprocessor array based on pipeline
stages as substitutable blocks means selecting the blocks and then ordering them. More
formally, we need to create a combination and a permutation of the available sub-
stitutable blocks. For this reason, some concepts from the field of combinatorics are
needed, and in this section we will provide some background for these concepts. We will
show their exact application in detail when we discuss the proposed approach in chapter
4.

Combinatorics in its most general sense is the study of finite or countable discrete
structures. For this work, the relevant part of this field is the study of permutations
and combinations. Permutations and combinations are part of a group called arrange-
ments. This group also includes tuples, partitions, etc. When dealing with arrangements,
typically the problems encountered are of the following five categories [23]:
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• Existence: Are there any arrangements X that conform to the pattern (combi-
nation, permutation, etc)?

• Construction: If so, can such an X be found quickly?

• Enumeration: How many different arrangements X exist?

• Generation: Can all arrangements X1, X2, ... be visited systematically?

• Optimization: What arrangements maximize or minimize f(X), given an objec-
tive function f?

All of the above are important questions for this thesis, however the latter three
(Enumeration, Generation & Optimization) are the most important. Since the arrange-
ments that this thesis covers are permutations and combinations, we will address these
questions in the context of these arrangements only. In this section, the issues of Enu-
meration and Generation will be covered. The subject of Optimization will be
addressed in Chapter 4.

2.3.1 Permutations

Definition: Let n be the size of a set S. A permutation of a set of elements S is
a unique ordering of all the elements a1, a2, a3, ... of that set. A k-permutation of a
set of elements S is defined as a unique ordering of k elements from the set S, with k ≤ n.

Enumeration: The amount of total complete permutations that are possible on
set S is n! [23, 29]. Assuming a subset of S with k elements has been already chosen,
the possible k-permutations for this subset are k!.

Generation: When dealing with search problems in combinatorics, a systematic
way of visiting arrangements is needed. For permutations, there is an algorithm that
produces all possible permutations of a set S in a consistent order. The term used for the
sorted sequence in which arrangements can appear is called lexicographical order. The
algorithm that produces permutations in lexicographical order dates back to Narayana
Pandita in 14th century India, and has been frequently rediscovered ever since [23, 29].
Figure 2.4 shows a pseudo-code description of this algorithm. This algorithm assumes
the set S to be the set of natural numbers 1, 2, 3...n, but any set can be mapped on the
set of natural numbers, in order to apply the algorithm to it.

2.3.2 Combinations

Definition: A combination of k elements from a set S of size n is a subset of S that
contains exactly k elements, with k ≤ n. Essentially, a combination is just a subset.
Unlike permutations, there is no ordering of the k elements defined for a combination.
The term k-combination is sometimes used to denote the amount of elements that form
a combination.
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GeneratePermutations.
Input: P (permutation of S), n.
Returns: Next permutation, in-place

{Let P = (a1, a2, ..., an)}
j ← n− 1
while aj > aj+1 do
j ← j − 1

end while
{j is the largest subscript with aj < aj+1}
k ← n
while aj > ak do
k ← k − 1

end while
{ak is the smallest integer greter than aj to the right of aj}
swap(aj , ak)
r ← n
s← j + 1
while r > s do
swap(ar, as)
r ← r − 1
s← s + 1

end while
return

Figure 2.4: Generating all Permutations

Enumeration: The amount of total k-combinations from S is equal to the binomial
coefficient (

n

k

)
=

n(n− 1)...(n− k + 1)

k(k − 1)...1

which can be written as factorials n!
k!(n−k)! where k ≤ n and which is zero when k > n

[23, 29].

Generation: As with permutations, we need to generate combinations in lexi-
cographic order. There is an algorithm that has been described by D. Knuth [23]
that generates all k-combinations of a set S with size n in lexicographical order. This
algorithm is shown in pseudo-code format in Figure 2.5. This algorithm assumes the
set S to be the set of natural numbers 1, 2, 3...n, but any set can be mapped on the set
of natural numbers, in order to apply the algorithm to it.

After having defined k-combinations, it should be obvious that a k-permutation as
defined above is simply a permutation of a k-combination. The enumeration of k-
permutations would be calculated by observing that there are k! possible permutations
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GenerateCombinations.
Input: C (k-combination of S, sorted ascendingly), k, n.
Returns: Next combination, in-place

{Let C = (a1, a2, ..., an)}
i← k
while ai = n− k + i do

i← i− 1
end while
ai ← ai + 1
for j ← i + 1 to k do
aj ← ai + j − i

end for
return

Figure 2.5: Generating all Combinations

for each k-combination. Hence, from the formulas above, we see that the amount of
k-permutations of a set with n elements is equal to

n!

(n− k)!
= n(n− 1)(n− 2)...(n− k + 1)

Furthermore, from these definitions we can also deduce that the generation of all
k-permutations of a set S for a given k involves simply applying algorithm in Figure 2.4
to every combination produced by algorithm in Figure 2.5.

2.4 Heuristic Search

Computational problems can be approached by direct algorithms (such as the Dijkstra
algorithm [8] for shortest path problems) designed for that specific problem domain.
There can be problems however for which a direct algorithm does not exist; in those
cases the available choices are either to design a new algorithm for that specific problem
from scratch, or to apply some sort of search technique that will approach the solution
by abstracting the specifics of the problem definition and will instead treat it as a general
computational problem. Naturally there are trade-offs here, and they come usually in
the form of either computational complexity, completeness or optimality.

2.4.1 Complete state formulation

A complete state, in the context of a computational problem, is a complete description
of the environment that the problem resides in [34]. In other words, a complete state is a
state in which all possible variables that are defined by the problem have a value assigned
to them. For instance, in the problem of finding the sequence of actions that will win
a chess game, a complete state would be a representation of the entire chessboard at a
particular point in time. As such, we can define the concept of a goal state, simply as
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a complete state that satisfies the set of restrictions given by the problem that define
a solution. We can also define the concept of state space, as the set of all possible
complete states that can be defined by the problem. The goal state set, by definition, is
a subset of the state space.

Using the above definitions, we can formulate almost all computational problems as
finding a goal state or the entire goal state set within the state space. We can also
define optimization problems as finding a state within the state space that minimizes or
maximizes a set of criteria given by the problem definition.

2.4.2 Heuristics

When talking about comparing complete states or testing them for goal state satisfaction,
a certain level of knowledge is implied; namely that the information on how to evaluate
a complete state based on the real criteria that the problem represents is available. For
example, when searching for a shortest path, this information is the actual distance
between nodes in that path. This information is not always available and, in some cases,
it cannot be properly defined to begin with. For instance, there is no quantitative way
of describing exactly how good or bad a chessboard configuration is for a given player in
the state space of a chess game.

We need such quantitative values so that we can properly compare complete states
when searching for extrema in an optimization problem with search techniques. When
the evaluation of a complete state with the actual problem criteria is not possible, either
because that information is unobtainable from the problem definition or it is known that
such information cannot be defined, or due to problem complexity, we turn to heuristics.

A heuristic function is a function that operates on a complete state and returns
some value that represents that state’s evaluation. Since we do not know if this is close
to the actual evaluation value of that state, or if an actual evaluation value can even be
defined, the heuristic evaluation of a complete state is used as an indicator, an informal
way to judge whether this state is likely to lead the search towards the desired direction
or not. In other words, a heuristic function can be described as an “educated guess”
of the evaluation of a particular complete state. In the example of the shortest path
problem, a heuristic can be the straight line distance between two nodes. In the example
of the chessboard, a heuristic could be the amount of own pieces left on the board minus
the amount of enemy pieces left on the board.

It should be obvious that the accuracy of this educated guess, i.e. the accuracy
of the heuristic function, has great impact on the performance of any heuristic search
algorithm. In the case that a heuristic is the only way to evaluate a given state, the
quality of the solution will depend mostly on the accuracy of the heuristic.

2.4.3 Local state space search

Once a problem has been formulated using the complete state formulation, the specifics
of its definition do not matter. An algorithm can simply search through states in the
state space using a specific pattern or strategy, looking for any or all goal states, or global
extrema in the case of optimization problems. Usually complete state formulations of
problems result in fairly large state spaces, which makes an exhaustive search prohibitive
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in terms of time and space (memory) complexity. Local search implies that the search
is limited within only a subset of the original state space. The search is terminated either
when a solution is found or when a pre-set time limit has been exceeded. The pattern
or strategy that is used during this search is what defines a specific algorithm, however
we can still define a general local search algorithm that describes the general manner
in which local search works. Figure 2.6 shows the pseudo-code description of a general
local search algorithm for optimization problems.

GeneralLocalSearch.
Input: state space, limit. Returns: Extremum State

{Initialize time and current best state}
time← 0
extremum← Strategy(state space)
while time ≤ limit do
{Search the state space using strategy()}
current← Strategy(state space)
if best(current, extremum) = current then
extremum← current

end if
time← time + 1

end while
return extremum

Figure 2.6: General local search algorithm

2.4.3.1 State space & landscape

As defined above, the state space is a set of complete states. That is, there is no ordering
implied by the definition. However, most of the time there is some sort of relationship
between the various states of a state space implied by the problem. In its most simple
form this is some sort of ordering of the states within a state space. In other words,
any given state within a hypothetical ordered state space has a “previous” and a “next”
state (except of course for the first and last states in this ordering, in the case of a finite
state space).

When the previous and next states of all states are exactly one, we can conveniently
place all states along the axis of natural numbers. In the case of optimization problems,
we can then evaluate each state to find its associated cost (or profit). This would result
in a curve that describes what is informally called the landscape of the state space.
Figure 2.7 shows a hypothetical landscape.

We can see from Figure 2.7 that a landscape can have one or more local extrema,
one global minimum and one global maximum, and it can also have regions where the
value remains constant, a “plateau”. These features of a landscape greatly affect the
performance of local search algorithms, and they are a determining factor in the selection
of the actual search algorithm that will be used for a particular problem.
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Figure 2.7: A hypothetical landscape

2.4.3.2 Hill Climbing

The simplest method of traversing through the state space is to examine all immediate
neighbouring states from the current state, evaluate them and move immediately to
the best one. The search is terminated when no better states can be found amongst
the immediate neighbours of the current state [34]. Figure 2.8 shows the pseudo-code
description of a hill climbing search on a 2-dimensional landscape. Depending on the
landscape defined by the state space, this method can have varied performance.

HillClimbingSearch.
Input: state space, limit. Returns: Extremum State

{Initialize time and current best state}
time← 0
current← random(state space)
while time ≤ limit do
{Search the state space using Hill Climbing}
left← getLeftNeighbor(current, state space)
right← getRightNeighbor(current, state space)
current← best(left, current, right)
time← time + 1

end while
return current

Figure 2.8: Hill Climbing search algorithm
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In the case of a smooth, almost monotonic landscape with very few plateaus and very
few local extrema, a hill climbing technique is very likely to produce a result which is
a global extremum. However, very few problems produce such landscapes. More often
than not landscapes tend to have many local extrema and plateaus which can trap a
naive hill climbing search very quickly, preventing it from progressing very far into the
state space, and in effect limit the search within a very narrow window of states.

2.4.3.3 Simulated Annealing

Simulated Annealing is a local search algorithm first proposed in 1983 [22] and 1985 [36]
independently. It is a non-deterministic [18] algorithm that searches through the state
space in a non-sequential manner. The algorithm attempts to emulate a technique in
metallurgy involving heating and controlled cooling of a material to increase the size of
its crystals and reduce their defects. The heat causes the atoms to become unstuck from
their initial positions (a local minimum of the internal energy) and wander randomly
through states of higher energy; the slow cooling gives them more chances of finding
configurations with lower internal energy than the initial one.

In optimization problems, heat can be loosely translated to entropy, and the cooling
procedure is the rate at which entropy impact is reduced. The Simulated Annealing
algorithm, at high “temperatures”, will behave more randomly, moving through states
against the direction that the heuristic is pointing at. As temperature drops, the direc-
tion of the search becomes more and more compliant with the heuristic. The (usually
decreasing) function that determines the temperature as a function of time is called
the schedule function [34]. Figure 2.9 shows the pseudo-code description of a basic
Simulated Annealing search algorithm.

The reason behind such a technique is to avoid the drawbacks of hill climbing when
searching in state spaces that have lots of local extrema and plateaus. By allowing the
search to move towards seemingly worse states than the current one, it can overcome
local extrema better and have a higher chance of finding a global extremum and avoid
plateaus (in landscapes that have lots of local extrema and plateaus).

The original definition of the Simulated Annealing algorithm implies a drawback: It
is possible that it finds a global extremum but due to high entropy it will be discarded for
a worse state. Or, more generally, it will return the state at which the search is located
exactly when the algorithm reaches its time limit. If a better state was inspected earlier
on but discarded due to high entropy, it will not be “remembered” at the end. This
drawback can be overcome by slightly modifying the algorithm to have a “memory” of
one state. That is, at any given point in time during its execution, the best state that
was encountered is always stored. In the end, it will return that state instead of the
current one. Figure 2.10 shows this modified version of Simulated Annealing search.

In this modified version of Simulated Annealing, even if a very good state is encoun-
tered but discarded, it will be stored as the best state so far in the added “memory slot”.
This memory slot is the final output of the algorithm.

It can be shown [12] that for any given finite problem, the probability that the
simulated annealing algorithm terminates with the global optimal solution approaches 1
as the annealing schedule is extended. This theoretical result, however, is not particularly
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SimulatedAnnealingSearch.
Input: state space, limit. Returns: Extremum State

{Initialize time and current best state}
time← 0
current← random(state space)
while time ≤ limit do
{Search the state space using Simulated Annealing}
left← getLeftNeighbor(current, state space)
right← getRightNeighbor(current, state space)
if Schedule(time) = False then

current← best(current, left, right)
else
current← worst(current, left, right)

end if
time← time + 1

end while
return current

Figure 2.9: Simulated Annealing search algorithm

helpful, since the time required to ensure a significant probability of success will usually
exceed the time required for a complete search of the solution space.

2.4.4 Genetic algorithms

In order to bypass the problem of performance degradation of local search techniques
in difficult landscapes, a different approach must be considered altogether. This is the
reason why techniques such as Genetic Algorithms were developed. They try to mimic
the behaviour of natural selection to gradually converge to the optimal solution of an
optimization problem.

A Genetic algorithm [11] ignores the landscape of a problem’s state space. It does not
traverse it in any manner; instead, it maintains a population of states that are cross-bred
to form new states, and there is always the small chance of random mutation to inject
new “genes” into the selection pool. The population is inspected after each “generation”
or after a certain amount of generations for the best state within the current population.

Selection policy, cross-breeding method, population size, amount of generations and
mutation probability are all design choices for a Genetic algorithm. They usually depend
on the specifics of a problem, and their impact has been a subject of extended research
[11]. Figure 2.11 shows a general genetic algorithm in pseudo-code.

2.5 Conclusions

In this chapter we presented the important and relative background for the concepts
of this work. It included background from the fields of computer architecture, fault
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SimulatedAnnealingModified.
Input: state space, limit. Returns: Extremum State

{Initialize time and current best state}
time← 0
current← random(state space)
optimal← current
while time ≤ limit do
{Search the state space using Simulated Annealing}
left← getLeftNeighbor(current, state space)
right← getRightNeighbor(current, state space)
if Schedule(time) = False then
current← best(current, left, right)

else
current← worst(current, left, right)

end if
if best(current, optimal) = current then
optimal← current

end if
time← time + 1

end while
return optimal

Figure 2.10: Modified Simulated Annealing search algorithm

GeneticAlgorithmSearch.
Input: state space, limit, size. Returns: Extremum State

{Initialize time and current best state}
generations← 0
population← generateRandomStates(size) {Generates size random states}
while generations ≤ limit do

evaluate(population)
breeders← selection(population)
offspring ← crossover(breeders)
offspring ← mutate(offspring)
population← population + offspring
generations← generations + 1

end while
return best(population)

Figure 2.11: Genetic search algorithm

tolerance, combinatorics and heuristic search, explaining how they apply to the problem
that this thesis addresses. These concepts and their application are important for both
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the problem definition given in the next chapter, and also for the description of the
proposed approach given in chapter 4.
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Problem Statement 3
In this chapter the definition of the problem that this thesis addresses is given by, first,
defining the system that the work is carried out on in section 3.1, where we show the
environment that we assume our problem to reside in, and define most of the assumptions
that we make. A detailed problem description is given in section 3.2, where we explain
in detail what issues we address within the defined system. We conclude the chapter by
presenting related research in similar problems in section 3.4.

3.1 System setup

In order for the specifics of the problem definition in the following section to make sense,
we need to give the proper context by properly defining the system.

3.1.1 The multiprocessor array

The main component of the system is a homogeneous multiprocessor array. This array
consists of N processors, each of them having M pipeline stages. We denote this as a
NxM array. The processors are independent of each other, meaning that there is no
sharing of memory other than perhaps the main off-chip memory, which is in any case
not relevant for this problem. Each processor within this array is assumed to have its
own internal memory.

It may be typical for such arrays to have N = 2k amount of processors, but in this
case such an assumption does not need to be made; N can have any positive value.
However, to keep the results of this work as relevant as possible to industry standards,
the amount of processors studied in the evaluation part of this thesis (in Chapter 5)
will be N = 2k. Assuming the typical processor described in Figure 2.1 with M = 5, a
typical multiprocessor array with N = 4 (4x5 array) can be seen in Figure 3.1.

3.1.2 Granularity of substitutable units

In a multiprocessor array, there is, in a way, a latent redundancy in the system: A
part is available in more than one identical copies, namely N copies of each pipeline
stage. This fact in itself does not constitute system-level redundancy since each copy of
a pipeline stage is essential to the processor that uses it. This hides the redundancy that
would otherwise be obvious, for example in the presence of defects at the granularity
level of pipeline stages. In other words, since each processor needs all of its pipeline
stages in order to function properly, a defect in any of that processor’s pipeline stages
would render that processor useless. This, in turn, would make the remaining pipeline
stages functional but inaccessible copies, thus redundant.

21
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IF DC EX MEM WB

IF DC EX MEM WB

IF DC EX MEM WB

IF DC EX MEM WB

Figure 3.1: A 4x5 multiprocessor array

Similarly to [15] and [28], we have defined as substitutable unit of our array each
pipeline stage of a processor; that is, the unit which can be isolated, when defective, and
replaced by another functioning one. The defect-tolerance feature stems from exploiting
this redundancy at the pipeline stages whenever a defect arises in a pipeline stage. In
Figure 3.2 an example defective array is shown. Despite the fact that there are 2 defects in
2 different processors, rendering both in-operational, it is obvious that there are enough
spare parts to create 3 functional processors, due to this latent redundancy. This is
achieved by reconfiguring the interconnects between the substitutable units in order to
form 3 processors out of the available functioning stages.

IF DC EX MEM WB

IF DC EX MEM WB

IF DC EX MEM WB

IF DC EX MEM WB

= Functional Pipeline Stage

= Defective Pipeline Stage

Figure 3.2: A 4x5 multiprocessor array with 2 defective blocks

The defect granularity that is going to be addressed is that of pipeline stages. Defects
can of course occur at a much finer granularity, even at the individual transistor level,
but for this thesis the granularity is defined at the pipeline stage level.
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3.2 Problem definition

3.2.1 Tolerance & Reconfiguration

As mentioned above, tolerance to manufacturing or ageing defects comes from exploiting
the redundancy generated as soon as these defects appear in a multiprocessor array. It
is important to define, however, exactly how this can be achieved, even if only at the
theoretical level.

A crucial step in the process of making a multiprocessor array defect-tolerant is the
decoupling of processors and their respective pipeline stages, as shown in Figure 3.3.
This, in effect, means that a pipeline stage is just an element of the system that may
or may not belong to the processor that it was manufactured for. In other words, a
processor may be constructed from any pipeline stage that is available in the array, that
is, not only from the ones that were originally designed for that processor.

Conceptually, this is achieved by looking at the multiprocessor array as a set of
independent columns, each containing a number of copies of a pipeline stage, and all of
them interconnected through some sort of reconfigurable interconnection network. From
this point of view, a processor no longer needs to be defined as a hard-wired set of
pipeline stages; instead, it can be defined as a flexible path from the first pipeline stage
to the last. In the presence of defects, the interconnection network can be reconfigured
to redefine all processors within the array. This remedies the situation described before,
where a defective pipeline stage would result in a completely defective processor. With a
reconfigurable interconnect, a defect can simply be ignored and the remaining elements
in the multiprocessor array can be fully utilized, instead of remaining unused. It should
be noted at this point that we consider each pipeline stage to be fully assigned to exactly
one processor; i.e. there is no stage sharing between processors.
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Figure 3.3: A 4x5 decoupled multiprocessor array

From this point of view, a processor no longer needs to be defined as a hard-wired set
of pipeline stages; instead, it can be defined as a flexible path from the first pipeline stage
to the last. In the presence of defects, the interconnection network can be reconfigured
to redefine all processors within the array. This remedies the situation described before,
where a defective pipeline stage would result in a completely defective processor. With a
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reconfigurable interconnect, a defect can simply be ignored and the remaining elements
in the multiprocessor array can be fully utilized, instead of remaining unused. Figure 3.4
shows a visual example of this, with the defective array described in Figure 3.2 where
the available parts are utilized to form 3 working processor pipelines.
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= Functional Pipeline Stage = Defective Pipeline Stage

Figure 3.4: A 4x5 multiprocessor array with 2 defects and 3 working processors

It should be noted at this point that we consider each pipeline stage to be fully
assigned to exactly one processor. In other words, there is no stage sharing between
processors.

3.2.2 Interconnect impact

As we showed in Figure 1.2, there can be more than one way to reconfigure an array.
This is where the impact of the interconnect comes into play. Depending on how this
interconnect is implemented, different ways to re-combine the available copies will result
in achieving different performance from each processor. In the special case that the in-
terconnect is the (conceptual or actual) equivalent of a cross-bar switch, like in StageNet,
all switching options have exactly the same impact, so the choice of one configuration
over another does not really matter.

In this work, we address the problem that is created by assuming an interconnect
that does not display the uniform latency impact that the cross-bar switch does. The
problem can be formulated as follows:

“Given a set of defects on a multiprocessor array, which set of interconnect
configurations yields the maximum performance out of the array as a whole?”

For the modeling of this problem we assume distances from entry to exit point within
the interconnect to take discrete values only, quantized to the indices of the rows of the
array. We show a possible design of this interconnect in Figure 3.5.

3.2.3 Re-definable constraints

Depending on the type of processors employed in the array (GPP, DSP, etc.) and
the choice of interconnect design, a number of restrictions may apply. We make no
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IF DC

Figure 3.5: A possible design of the interconnect (dots indicate switching elements)

assumptions regarding either the type of processor or the design of the interconnect in
this system, so restrictions cannot be hard-coded.

This leads us to a more generic design, where restrictions are viewed as an externally
provided set of formal rules that apply to the particular system in question. These
restrictions are checked against a candidate configuration. If a particular configuration
violates any restriction within the provided set, it cannot be considered a candidate
solution. Examples of possible restrictions are:

• Wires within the interconnect are one-direction only

• Stage X has to reside at the same horizontal level as stage Y

• There are at most C wires available at each switch point in the interconnect

• A specific pipeline stage cannot be in a different row than another pipeline stage

• etc

These are just examples to better explain the nature of possible constraints; it is also
possible that there are no constraints at all, depending on the system.

3.3 System overview

For this work, we assume that the information on defects within the array is readily
available. This information is then passed on to a reconfiguration manager, assigned
the task of returning a new, valid configuration for the multiprocessor array that will
maximize its performance in the presence of these defects. This reconfiguration is defined
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as an off-line process, meaning that the array is not executing instructions while being
re-configured. Execution resumes after the reconfiguration process has been completed.
The system of course remains online in order to produce a new reconfiguration, but the
processors within the array are halted.It also does not include any sort of recompilation
of source code that runs on the array or any change to the original application binaries
whatsoever.

The amount of processors N and the number of pipeline stages M are input param-
eters to the reconfiguration manager as well as the set of constraints. Figure 3.6 shows
an overview of the system where these parameters have not been set.
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Figure 3.6: Overview of the system

3.4 Related Work

The common way to cope with defects (permanent faults) is to either provide redun-
dant identical components or entire cores (coarse-grain reconfiguration) or fine-grain
reconfigurable hardware (i.e. Field-Programmable Gate Arrays – FPGAs). In general,
coarser granularity delivers faster circuits and, therefore, better performance while finer
approaches are more defect-tolerant.

Some works provide defect tolerance by redundancy at the processor level (redun-
dant cores) [1, 10, 33, 35, 24]. These approaches utilize the redundancy of multi-core
systems to provide fault tolerance. The issues addressed involve load re-balancing, fault
detection and isolation, memory-access scheduling, execution-thread rescheduling, and
performance-degradation evaluations in the presence of faults.

Other works have chosen a granularity of pipeline stages in a multiprocessor array,
like in our approach. Such a solution is “StageNet” [15, 13, 14]. As opposed to our
approach, though, StageNet uses a crossbar switch to interconnect stages. This effec-
tively means that all different reconfiguration alternatives impose the same delay in
the critical path, making the choice of a reconfiguration option redundant in terms of
variation in processor performance. Another major difference with the present work is
their processor-specific pipeline, in contrast to the generic approach that we work with.
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Another approach with a pipeline-stage granularity is the “Core Cannibalization Archi-
tecture (CCA)” proposed by Romanescu and Sorin [28]. In their approach they extended
the problem to address some of the performance overhead caused by the interconnect.
They proposed both a clock-frequency decrease approach by lengthening interconnect
wires to get spare parts, but also a pipelined-interconnect approach in order to maintain
clock frequency. However, Romanescu and Sorin do not propose a generic or system-
atic approach for finding an efficient configuration to maximize the functionality and
performance of the multiprocessor array.

There has also been research aimed at exploiting the inherent redundancy of super-
scalar cores [31, 5, 6]. Techniques used include investigating fault tolerance by exploiting
the redundancy in microprocessor array structures such as the reorder buffer and the
branch history table by detecting errors in the array rows, abstracting the fault pattern
to investigate variable-granularity fault tolerance, and the investigation of metrics used
to evaluate performance.

There has also been work that targets defect tolerance specifically at the control logic
of processors [37, 2] by employing the flexibility of field-programmable logic to protect
the control of the microprocessor from faults.

As an alternative to coarse-grain reconfigurable hardware, a large number of works
exploit FPGAs to built reliable systems. For example, NASA [32] and CHREC [26]
currently use FPGAs to build reliable systems for Space Computing. In the past years
many other research works proposed FPGAs for fault-tolerance [3, 30, 20, 19].

On one hand, core-level redundancy appears to offer limited defect tolerance in the
presence of increasing fault rates expected in future technologies. On the other hand,
FPGA-based solutions incur reduced performance and high power consumption. Redun-
dancy at the granularity of pipeline stages offers a good balance between defect-tolerance
levels and performance [15], however, none of the previous works, such as StageNet and
CCA, address the problem of searching for an efficient configuration to tolerate defects.
That is exactly the problem treated in this paper.

3.5 Conclusions

In this chapter we gave a detailed definition of the problem that we will approach and
defined all the assumptions that we make. We defined the system that we work on as
well as the exact problem that we address, and also presented some related research and
work.
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Proposed Approach 4
In this chapter we describe in detail the approach that we took to address the problem
that we defined in chapter 3. We define the problem domain that we chose to work
with in section 4.1, describe some of the specific details that arise when working in this
problem domain in section 4.2, we define the heuristic functions in section 4.3 and finally
we describe the heuristic search algorithms in section 4.5.

4.1 Choosing the problem domain

While the problem itself has been defined in chapter 3, the domain that the problem
resides in is actually a choice. For this particular problem, a number of domains could
possibly apply, such as routing, graph coloring, shortest path, constraint satisfaction,
perhaps even (integer) linear programming.

We chose to treat this as a combinatorial problem, because this allowed for a more
intuitive definition of all aspects of the system defined in Figure 3.6 and also provided
methods for solving that are flexible both in time and in accuracy demands, an essential
option for the system designer.

4.1.1 Combinatorial analysis

As stated in Chapter 3, the problem is finding a (re-)configuration of the multiprocessor
array such that some metric of performance is maximized. Before going into detail as to
what this metric can be, a way of looking into possible (re-)configuration options has to
be developed.

In essence, a configuration of the array is just an arrangement of the available parts
into functional processors. Arrangements have been discussed in section 2.3. There, we
mentioned that the relevant arrangements are permutations and combinations. This
is because reconfiguring an array means selecting the parts that will be used to form a
new array (combination), and then placing them in a certain sequence (permutation).
What remains to be defined is the nature of the element that needs to be selected and
how to define these sequences, in order to properly apply this combinatorial analysis to
the problem.

As mentioned already in section 3.1, a processor needs all of its pipeline stages in
order to function properly. In fact, we can state that a processor needs exactly one
instance of each pipeline stage. This statement may seem trivial, but it has a significant
impact on the combinatorial approach for this problem.

A multiprocessor array can have N processors, each one with M stages. Naively
applying combinatorial analysis would result in investigating arrangements of N ∗ M
elements. However, exactly because of the statement above, we can see that there is no

29



30 CHAPTER 4. PROPOSED APPROACH

point in examining arrangements that produce a processor without one instance of each
stage, or a processor with multiple copies of the same stage. This significantly reduces
the amount of arrangements that need to be investigated.

Furthermore, the observation can be made that, because of the statement above, we
can individually study arrangements of each column (pipeline stage set) in the array, and
then placing these arrangements one after the other to form the array, since this would
create processors with exactly one instance of each pipeline stage. In other words, the
arrangements of each column are combinationally independent from one another.
This does not mean that changing the arrangement of one column does not affect the
performance of the array as a whole. It only means that arranging one column in a specific
way does not interfere with the arrangement of other columns in the array. A column
can be individually re-arranged and still produce a valid (but different!) multiprocessor
array.

That said, we can now formally define what exactly constitutes an arrangement of
a column. Let A be a multiprocessor array of size N ∗M , with a set of defects. As
discussed above, in order to create k processors from A, we need to select k elements
from each column. This is a k-combination, as defined in section 2.3. This is followed by
selecting a permutation of these k elements. These two steps define an arrangement of a
column, which is a k-permutation. In other words: The set of possible re-configurations
of A is equal to the set of all k-permutations of all columns of A.

4.2 Problem specifics

4.2.1 Bottleneck columns

The amount of processors k to be created after defects have been detected is upper bound
of course by the amount of processors N that were initially available (k ≤ N). However,
we can further observe that since, as stated in section 3.2, there is no sharing of stages
amongst processors, and the fact that each processor needs at least one element from
each column, k is also upper bound by the amount of copies of a stage available in the
column with the most defects. We call this column a bottleneck column. It should also be
obvious that there can be more than one bottleneck columns in a multiprocessor array.

Figure 4.1 shows an example 4x5 array with the bottleneck columns marked. It can
be seen that even though N = 4, k is also bound by the amount of elements in the
bottleneck column stage, so k ≤ 2

4.2.2 Problem size

Having defined the exact arrangement that needs to be investigated per column, and
given the total amount of columns in an array, we can now deduce the actual input size
of the problem.

As stated in section 2.3, the amount of k-permutations in a set is equal to the total
amount of permutations per k-combinations of the same set. We are also interested in the
amount of available elements in each column, because the k elements have to be selected
from that set. In the case of bottleneck columns, this number is k, but for any other
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1,1 1,2 1,3 1,4 1,5

2,1 2,2 2,3 2,4 2,5

3,1 3,2 3,3 3,4 3,5

4,1 4,2 4,3 4,4 4,5

= Functional Pipeline Stage

= Defective Pipeline Stage

Bottleneck columns

Figure 4.1: A 4x5 defective multiprocessor array, with bottleneck columns marked

column this can be any number n with k < n ≤ N . So, with n defined for each column
by defect detection, we can calculate the total amount of reconfigurations r for a column,
as being equal to the amount of permutations times the amount of k-combinations:

r =

(
n

k

)
k! =

n!

k!(n− k)!
k! =

n!

(n− k)!

However, this is only a part of the total amount of reconfigurations for the entire
multiprocessor array. For each possible reconfiguration of a column j, all other possible
reconfigurations of all other columns result in different arrays. So, the total amount of
reconfigurations R of an array with M columns is:

R =
M∏
j=1

rj =
M∏
j=1

nj !

(nj − k)!

4.2.2.1 External constraint impact on size

In the equations above, n was defined by the defect detection module. It is not a free
variable but rather a constant that is defined for each column. In this problem, k is
the free variable that determines input size. Having defined n, we can now describe the
upper bound of k as

kmax =
M

min
j=1

nj

i.e. the amount of elements in a bottleneck column, or the maximum amount of
working processors that can be created from a defective multiprocessor array.

This statement holds true, in the absence of external constraints. External constraints
however complicate things, as they can also be defined as a function of the entire array.
That is to say, the information on whether a given reconfiguration of an array violates a
constraint or not cannot be extracted from the individual arrangements of each column
(i.e. as the array is being created); The array as a whole has to be investigated.
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There can be constraints that are restrictive enough such that k cannot obtain its
maximum value, and this information cannot become available until an array with k
processors has been generated and examined. In other words, given strict enough external
constraints, it may not be possible to create an array with kmax processors, even if there
are enough parts to create them.

This, in effect, forces us to consider all possible arrays with k = 1, 2...kmax processors.
So, the amount of reconfigurations R that needs to be investigated becomes:

R =
kmax∑
k=1

M∏
j=1

nj !

(nj − k)!

So, even if external constraints reduce the amount of valid reconfigurations, the fact
that they can only be applied until after an array has been generated in fact increases
the problem size.

The growth rate of R as a function of k is a typical example of combinatorial
explosion (and is in fact an NP-complete problem since it includes the permutation
and combination generation problem [9]), a phenomenon that will greatly impact both
the choice of algorithms discussed later in this chapter, as well as their performance
shown in chapter 5. It should also be noted that k grows in the “inverse” direction of
the variable that we are conceptually working on, namely the amount of defects on a
given multiprocessor array; in fact, they complement each other per column, to N . This
leads to a “peculiar” situation where more defects within a multiprocessor array lead
to a smaller (easier) problem. Seen however from a more abstract point of view, this
becomes intuitive easily: The more the defects in a multiprocessor array, the less the
choices available to investigate, leading to a smaller input size for the problem, and vice
versa.

It is also perhaps worth noting that the special case where k = N means that
there can be as many processors as there were there to begin with. In other words,
k = N indicates that there are no defects in the multiprocessor array, so from the defect
tolerance point of view in this thesis, this case is of no interest.

4.3 Heuristic functions

For this particular problem, what needs to be maximized is the performance of the
multiprocessor array as a whole. From the definition so far, we can formulate it as an
optimization problem as described in section 2.3, which is finding the reconfiguration
X of the multiprocessor array that will maximize the performance function f(X).

The obvious question here is: What is f() ? As described in section 2.4, we do not
always know this function, so we need to use approximations called heuristic func-
tions, h(X). This problem is one of those cases since we do not know the details of
the interconnect implementation and how these would affect the specific architecture of
each processor in a multiprocessor array, we cannot define f(X) and instead use h(X)
functions.

For this thesis, we define 3 different heuristic functions, each taking into account
increasing degrees of prior knowledge about the interconnect implementation, processor
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architecture and interaction between the two.

4.3.1 Manhattan distance

The first and most intuitive way to measure how much a processor has been affected
compared to its initial configuration is to measure how far each stage is from one another
in the new configuration. Euclidean distance however is not of much use in this case,
since the two-dimensional plane is not continuous but discrete as we defined in section
3.2. Measuring the index units of the length l of each processor in the array gives a more
accurate picture of how much that processor was changed. This metric of distance by
array index units is called Manhattan distance. Naturally, we would like for the length
l of a processor to be minimized, since a smaller distance would imply less impact on
either latency, power, throughput, etc.

If a processor was not reconfigured at all and is at the same state as before defects
were detected, then l = M . This means that the “perfect” state of a processor is offset
by M . We can subtract M from the length of a processor in order to set the minimum
value to 0, or, equivalently, we can ignore the horizontal index units when counting the
length l. This, in effect, means that we only measure the vertical Manhattan distance
of a processor; The horizontal distance will always be equal to M .

With these definitions the function hMD(x) (MD stands for Manhattan Distance) of
a reconfiguration x for a single processor can be properly defined as:

hMD(x) =
M−1∑
j=1

|xj − xj+1|

Here we assume that x holds the vertical (row) indices of each element of the pro-
cessor in the original array A.

Having defined the function for reconfigurations of a single processor, the function
for the entire array hMD(X) is simply the sum of all processors’ individual functions:

hMD(X) =
k∑

i=1

hMD(xi) =
N∑
i=1

M−1∑
j=1

|xi,j − xi,j+1|

So, the question of the combinatorial problem of optimization when using this
function becomes a problem of minimizing function hMD(X). In Figure 4.2 we show
a visual representation of the formal definition for this heuristic.

There is one issue however with this function as it is defined right now: As men-
tioned in section 4.2, due to the effect of external constraints all configurations with
k = 1, 2, ..., kmax must be examined. This leads to an undesirable behaviour when using
this heuristic, namely that an array with more processors will have a worse or equal eval-
uation than an array with less. In other words, the heuristic favours the construction of
arrays with as few processors as possible. The proof is relatively simple:

Proof. From the definition of hMD(x) we can easily see that:

hMD(x) ≥ 0
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Figure 4.2: An example processor x and it’s evaluation hMD(x)

Also:

hMD(X) =
k∑

i=1

hMD(xi)

Given two candidate configurations X1 and X2 with k1 and k2 working processors
respectively, with k1 < k2, we can define:

hMD(X1) =
k1∑
i=1

hMD(x1i), hMD(X2) =
k2∑
i=1

hMD(x2i)

Since hMD(x) ≥ 0 and k1 < k2 it follows that:

hMD(X1) ≤ hMD(X2)

And due to the fact that this is a minimization problem:

hMD(X) = min(hMD(X1), hMD(X2))⇒ k = k1

To accommodate for this undesirable behaviour, an extra rule is added in this heuris-
tic to always choose amongst the configurations X that have the largest value for k.
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4.3.2 Throughput loss

The previous heuristic function used almost no knowledge of either interconnect imple-
mentation or computer architecture, and instead described a simple way of measuring
the length of a processor. While this may be a good function to attempt to minimize,
we can incorporate more knowledge or estimates about the internals of this system in a
heuristic function.

We define the heuristic function hTL (TL stands for Throughput Loss), which takes
into account a simple fact: Increasing the delay of the critical path in a pipeline by a
factor of c, results in clock frequency decreasing by a factor of 1/c, therefore directly
reducing throughput by a factor of 1/c [17]. This could be avoided by distorting the
pipeline balancing (moving elements of the pipeline from one stage to another) to change
the delay of each stage, but such changes would need to be performed dynamically
depending on defect distribution, and this is beyond the scope of this thesis.

This still leaves the open issue of how to estimate an increase in the critical path
delay. Given only the above fact, one estimation that we can make is that increasing
the length of a pipeline stage by c is essentially adding c times the delay to the critical
path. This may not be the case depending on interconnect implementation, and this is
why this remains an estimate and the function is just a heuristic.

The main difference between this heuristic and the Manhattan distance one is that
clock frequency is affected by the maximum increase in delay. In other words, only
one delay increase will affect the estimated throughput of a processor, instead of the
accumulating effect of the Manhattan distance heuristic. This becomes more obvious by
formally defining the heuristic hTL(x) for a reconfiguration x of a processor, with the
same assumption for x as before, namely that it holds the vertical (row) indices of the
pipeline stage parts that the processor is made of. The final estimated throughput is
expressed as a percentage of the original throughput:

hTL(x) =
100

maxM−1
j=1 |xj − xj+1|

As with the Manhattan distance heuristic, the heuristic value of the entire array
hTL(X) comes from summing the heuristic values of the individual processors:

hTL(X) =
k∑

i=1

hTL(xi) =
N∑
i=1

100

maxM−1
j=1 |xi,j − xi,j+1|

In Figure 4.3 we show a visual representation of the formal definition for this heuristic.

It should be obvious that since the metric here is throughput, the optimization goal
is to maximize function hTL(X). It is also relatively easy to prove that this heuristic
function hTL(X) needs no corrective rule like the Manhattan distance heuristic hMD(X),
and that it will always choose the maximum value for k that is available:

Proof. Let’s assume that there is a X1 with k = k1 and a X2 with k = k2 such that:

k1 < k2
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Figure 4.3: An example processor x and it’s evaluation hTL(x)

and:

hTL(X1) > hTL(X2)

where:

hTL(X1) =
k1∑
i=1

hTL(x1i), hTL(X2) =
k2∑
i=1

hTL(x2i)

This would imply, since this is a maximization problem, that:

hTL(X) = max(hTL(X1), hTL(X2)) = hTL(X1)

In other words, the assumption is that there can be a case where the heuristic will
choose a configuration X1 with less working processors (k1) given that there exists a
different X2 with more (k2). We will prove this assumption wrong.

By definition:

hTL(X) =
k∑

i=1

hTL(xi)

And also, by definition:

hTL(x) ≥ 0

Now, given the two different configurations X1 and X2 with k = k1 and k = k2
respectively, we can see that because of the two equations above, we will get:

hTL(X1) ≤ hTL(X2)
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⇒ hTL(X) = max(hTL(X1), hTL(X2)) = hTL(X2)

⇒ k = k2

Simply put, this means that even the worst possible configuration for a processor
will add to the total throughput of the array. If there is a configuration with less
processors that is efficient, adding extra processors to it, if it is possible, will only result
in better overall performance (according to this heuristic function). As we will show in the
evaluation section in chapter 5, given a slow enough processor, this extra performance
gain from such a slow processor could take a longer amount of time until it becomes
noticeable, but will asymptotically add to overall performance given enough time.

4.3.3 Bubble stage impact

Usually, a computer architect would avoid increasing the critical path delay. Instead they
opt for pipelining those critical parts of the operation, splitting them up into smaller
pipelined parts. This is only possible, however, if the hardware part that defines the
critical path delay can actually be split into smaller parts.

The same could be applied to the interconnect, if indeed it does increase critical path
delay and barring pipeline balancing distortion (as discussed above). We could assume
for example that the interconnect is pipelined at every row index of the array, in effect
adding “bubble” pipeline stages in the processor for every row that the processor has
to “travel” vertically to get to the next actual pipeline stage. We define the heuristic
function hBI(x) (BI stands for Bubble Impact) as the estimation function of the impact
that these bubble stages have on the performance of a processor x. In Figure 4.4 we show
what the example reconfigured processor we used in the previous heuristic functions and
the interconnect would be like in the case of a pipelined interconnect.
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(b) Implemented using bubble stages

Figure 4.4: Example reconfiguration & respective pipelined interconnect implementation

Pipelining the interconnect instead of increasing the critical path delay has also the
benefit of allowing all processors to keep the same clock frequency, instead of having to
clock each processor individually according to their respective critical path delays. This
is also important, since some multiprocessor array architectures do not allow for multiple
clock frequencies amongst their processors.
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Before we can properly define hBI(x) however, we need an actual estimation of the
impact that bubble stages have. This is not something that can be easily estimated, like
the effect of delay on clock frequency. The specifics of the processor architecture have
a lot to do with how they are affected by inserting empty pipeline stages between the
actual ones.

Because of this, we had to investigate bubble stages on an actual architecture. For
that, we used CoWare’s Processor Designer R©1 set of tools, which allow for an easy
way of defining an architecture, and automatically build a C compiler as well as a cycle-
accurate simulator for the architecture that was defined. This way we could easily
define an architecture including bubble stages, and simulate the execution of programs
on it to measure the impact of these bubble stages.

4.3.3.1 Simulating processors in Processor Designer R©

First of all, we needed to define the baseline pipeline that would be injected with bubble
stages. We used the typical 5-stage pipeline defined in Figure 2.1. Processor Designer R©

provides a basic implementation of such a pipeline.

Creating functional processors with bubble stages

Injecting bubble stages as a problem can be broken down into the problems of
injecting bubble stages between each pair of actual pipeline stages. In a 5-stage pipeline,
specifically the one we defined in figure 2.1, there are 4 points of injection: Bubbles
between IF & DC, DC & EX, EX & MEM and MEM & WB stages.

As such, we need to define 4 sets of rules that define what architectural changes
need to be made in each of the 4 cases of bubble injection in order to maintain proper
functionality within a pipeline.

First off, we can make one crucial observation: Injecting bubbles between two stages,
A & B, is in effect an extension of pipeline stage B. Once an instruction has passed stage
A and is in the bubbles before B, the operation that was assigned to pipeline stage A
has already been completed. The instruction is on its way to pipeline stage B, so the
bubbles between A & B only delay the completion of the operation assigned to stage B.

Using that observation, and by studying the operation of this processor and its haz-
ards described in section 2.1 and in more detail in [17], we can deduce the following sets
of rules and changes for injecting bubble stages anywhere in the pipeline:

• IF/DC bubbles
Injecting bubbles here means delaying the DC stage of the pipeline. The IF stage
has already completed the fetch operation. This means the pipeline runs the risk
of having instructions fetched that should not have been fetched (Control Hazard),
and also of operations advancing when there is stalling (Structural Hazard). In
order to maintain functionality, the following measures need to be taken:

1CoWare is now part of Synopsys, Inc.
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– Stall the fetching operation if the bubbles ahead and the DC stage have been
stalled (in order to avoid collision of instructions). This is essentially an
extension of the stall detected ahead.

– Whenever there is a branch that is resolved as taken, all bubbles between IF
and DC need to be flushed, since they are carrying invalid instructions.

• DC/EX bubbles
Injecting bubbles here means delaying the EX stage of the pipeline. The DC stage
has already completed decoding the instruction. This means that the pipeline
has the same Control & Structural Hazards as before, but now the information
on what to stall and when is available. In order to maintain functionality, the
following measures need to be taken:

– Add a global register to the architecture, called BPEN. This register is a
boolean register. It is set whenever there is a branch pending in the pipeline
that has not been resolved yet as taken or non-taken.

– Set BPEN by the DC stage when decoding a conditional branch (since un-
conditional branches are resolved at the DC stage).

– When BPEN is set, the fetch operation at the IF stage is blocked, and all
FE/DC bubbles are also stalled.

– When the branch operation has been resolved, clear the BPEN register.

• EX/MEM bubbles
Injecting bubble stages here means delaying the MEM stage of the pipeline. The
EX stage has already completed executing the instruction. This means that there
could potentially be Read-After-Write (RAW) dependencies that can only be re-
solved by the data in the bubble stages. It also means that the MEM stage is
delayed, and RAW dependencies with the MEM stage of the pipeline cannot be
resolved and have to be stalled until the offending instruction clears the MEM
stage. A RAW dependency at the MEM stage means a load instruction - load
writes from the memory to a register, another instruction reads that register. In
order to maintain functionality, the following measures need to be taken:

– In order to address the non-load RAW hazards, add forward wires from all
EX/MEM bubble stages to the DC and EX stages.

– To address load RAW hazards, add an extra pipeline register named LDR.

– When a load instruction is decoded, the address of the register to be written
by load is written on LDR.

– When checking forwarded values, LDR is also checked. If a match is found
on a forwarded LDR, the instruction stalls along with the rest of the
pipeline before it.

– When the load instruction clears the MEM stage, LDR is set to address 0
(corresponding to register R[0] that always holds the value 0). This allows
the stages that check forwarded LDR values to come out of stalling. The
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instruction that needed that value can now retrieve it either from regular
forwarding or from Write-Back, depending on where it is in the pipeline.

• MEM/WB bubbles
Injecting bubbles here means delaying the WB stage of the pipeline. All that is
needed in order to maintain functionality is to simply add forwarding wires from
every MEM/WB bubble stage to the DC, EX and MEM stages. This clears the
only hazard that bubbles introduce here, namely RAW Data Hazards, when an
instruction is reading from a register that has not yet been written back due to the
delayed WB stage that the writing instruction has still not reached.

The above set of rules contains expressions like “for every bubble stage” or “to all
bubble stages” etc. This implies that the action is to be performed on a variable number
of bubbles. The number is a variable because we want to implement different processors
with different bubble configurations, to measure their impact.

It would be very convenient if the language that Processor Designer R© uses to de-
scribe an architecture was a reflective programming language (i.e. a language that can
facilitate modification of its own code at runtime). That way we could easily describe
an architecture that would apply these rules to all of its bubble stages without having to
change the description itself aside from redefining the amount of bubble stages at each
injection point.

However, this is not the case. The Processor Designer R© architecture description
language does not support reflection. This means that every time we want to change the
amount of bubbles at each injection point, we would have to re-write the parts of the
architecture description that are relevant to the rules defined above.

In order to avoid this manual re-writing of code that is actually a pattern based
on some parameters, we apply a simple meta-programming technique: A script was
implemented in the Python programming language that takes as input the amount of
bubbles at each injection point, and applies the rules defined above wherever they apply
in the processor description. Having such a script allows for a much simpler experimental
setup to evaluate the impact of bubble stages. We simply set the parameters, run the
script and then compile the new processor.

Simulating bubble-injected processors & evaluating bubble impact

After having found a way to create a functional processor with any amount of
bubble stages injected, we need to consider exactly what to simulate and how to
evaluate the impact that these bubble stages have on the processor’s performance.

As mentioned before, Processor Designer R© provides us with a simulator for the pro-
cessor model that was described. This simulator is cycle-accurate, and that is because a
real-time accuracy simulation would require specific parameters about the hardware on
which the processor model would be implemented. However, for the needs of a heuristic
function, cycle-accurate simulation is sufficient.

It is obvious from the rules defined for bubble injection that different programs would
be affected by bubbles in different ways. For example, based on the rules for EX/MEM
bubbles we can see that a program with many load-RAW Data Hazards would be stalled
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much more than a program without as many. For this reason, we decided to write
and simulate the execution of three micro-benchmarks: Each one designed to stress
the different parts that these rules have an impact on, namely the ratio of taken and
non-taken branches, and the amount of load-RAW Data Hazards.

• “Normal”: This micro-benchmark has the expected ratio of taken to non-taken
branches (the rule of thumb is that 1 out of 5 branches is non-taken [17]). We
define the amount of load-RAW dependencies in this benchmark as the nominal
amount, which is about 1 out of every 3 instructions is depending on a preceding
load instruction.

• “RAW”: This micro-benchmark has an increased amount of load-RAW Hazards
(double the nominal amount defined above, so 2 out of every 3 instructions induce
load-RAW hazards), and a normal ratio of taken to non-taken branches.

• “Non-taken”: This micro-benchmark has an increased amount of non-taken
branches compared to the taken branches (about half of the branches are taken,
the other half not taken), and a the nominal amount (1 to 3) of load-RAW Data
Hazards.

In Figure 4.5 the instruction mix of each micro-benchmark is shown, as generated
by the compiler that Processor Designer R© generated. It is worth noting that there was
no re-compilation of the original source code of the micro-benchmarks when a new
pipeline was defined (which means that the compiler did not have to be re-generated
either). This was a constraint that we defined. In a possible real implementation the
ability to re-compile the source code of the application(s) that run on a system is usually
a luxury that cannot be afforded.

Since our simulations can be cycle-accurate, we measure the cycles that each micro-
benchmark takes to complete on processors with varying amounts of bubble stages in-
jected. To that end, we used the following injection patterns: We assumed an 8x5
multiprocessor array, which means that the maximum vertical distance from one stage
to the next is 7 steps (i.e. the worst case scenario where we need to go from the first row
with index 1 to the last row with index 8 to get the next block or vice-versa, |1− 8| = 7
vertical steps). This means that there would be at most 7 bubble stages between reg-
ular stages. So we created processors with 0 to 7 bubble stages at each injection point
independently. This allowed us to independently see how much impact a bubble has at
each injection point.

In Figure 4.6 we can see the results of this simulation. The x-axis is the amount
of bubbles at an injection point, and the y-axis shows the cycles that were needed to
complete the micro-benchmark. With these evaluations, we can deduce some basic char-
acteristics of the impact that bubble stages have:

• MEM/WB bubbles have no impact at all regardless of benchmark. This is obvi-
ously due to the fact that since there are forward wires in the bubbles prior to
the WB stage, and since all the WB stage does by definition (see section 2.1) is
forward values to the DC stage, delaying the WB stage does not induce any stalling
conditions. This can also be seen from the set of rules for injecting bubbles.
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Figure 4.5: Instruction mix of all micro-benchmarks

• IF/DC bubbles and DC/EX bubbles have the same or almost the same impact
per bubble inserted for all benchmarks. As expected from the rules defined above,
in the case of non-taken branches, DC/EX bubbles have a slightly heavier impact
than IF/DC bubbles.

• EX/MEM bubbles seem to have the largest impact on all three benchmarks. This
is to be expected since as defined in the rules above, EX/MEM bubbles affect both
non-taken branch situations as well as load-RAW hazards. Also expected is the
fact that in the case where load-RAW hazards are stressed, EX/MEM bubbles have
a steeper impact than in the other benchmarks.

• The impact of bubbles in all injection points in all benchmarks seems to be linear.
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Figure 4.6: Bubble impact evaluation for all micro-benchmarks

The steepness of the line is different for each benchmark but not too different; We
can deduce a steepness for each injection point that will apply well enough for a
heuristic to all situations.

These deductions give us a good idea of how to define the approximation that is
the heuristic function hBI(x) of a processor x. We can, after studying the evaluations
above, deduce that the impact of each bubble in a specific injection point increases the
cycles that it takes to complete the benchmark by a fixed percentage. After studying
the steepness of the plots provided in Figure 4.6, we can define those percentages as such
(Figure 4.7):

Of course, a processor may not (and usually does not) necessarily have only one point
where bubbles are injected. This heuristic is accurate in the case that each injection point
impacts the overall performance independently from the other injection points. As we
will show later in chapter 5, this proves to be an accurate assumption.
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IF/DC 10%

DC/EX 10%

EX/MEM 20%

MEM/WB 0%

Figure 4.7: Approximation of cycle impact per bubble at each injection point

It should go without saying of course that in the case of an array of application specific
processors, such an evaluation should be done with the actual code of the application
that will be executed on the array. The more accurate the evaluation of the bubble
impact, the more accurate the heuristic function will be.

4.3.3.2 Formal definition of the Bubble Impact heuristic

Having evaluated the actual impact of bubble stages injected in a pipeline, we can now
formally define the heuristic function hBI(x) of a processor x.

Given a processor x with bubble stages injected, and an array w that holds the values
displayed in Figure 4.7, we can evaluate the amount of cycles that a program will need to
complete as a percentage of the ideal configuration where there have been no injections
of bubble stages. This can be expressed as a percentage of the original processor speed,
in order to formulate this as a maximization problem, to avoid corrective rules as with
hMD(X).

The heuristic function hBI(x) for a processor x can be defined as follows:
Let w = [0.1, 0.1, 0.2, 0] as defined in Figure 4.7. Then:

hBI(x) =
100

1 +
∑M−1

j=1 wj(|xj − xj+1|)

It is obvious for this case that we can apply this function only to arrays with M ≤ 5
since we used the 5-stage pipeline to extract the approximation of w.

From the formula of the formal definition we can see that the units in which the
heuristic expresses processor performance is the the reciprocal of the amount of cycles
(expressed as a percentage of the ideal processor) needed to complete a known amount
of instructions. This, in effect, is a percentage estimation of the expected Instructions
Per Cycle (IPC) metric. We will use this observation later on in chapter 5 when we
compare performance of different arrays. In Figure 4.8 we show a visual representation
of the formal definition for this heuristic.

As mentioned already, this function describes the speed of a processor x, so we are
looking to maximize this function per processor. The function hBI(X) for a configuration
X of the entire array is defined again as the sum of each processor’s heuristic value, and
hence also needs to be maximized.

hBI(X) =
k∑

i=1

hBI(xi) =
k∑

i=1

100

1 +
∑M−1

j=1 wj(|xi,j − xi,j+1|)

The proof that this function will always select the configuration with the largest value
for k available is the same as the proof for hTL(X).
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Figure 4.8: An example processor x and it’s evaluation hBI(x)

4.4 External constraints

The system also needs to take as an input a set of external constraints, as shown pre-
viously in Figure 3.6. These constraints can be any set of rules that are defined over
an entire array or even just parts of it. The implementation of the heuristic search al-
gorithms makes no assumptions as to the definitions of these constraints, so they must
take the most general case possible only into account, which is the case that a constraint
C is defined over the entire multiprocessor array A.

As such, we can view these constraints as boolean functions of A and X. If a con-
figuration X of an array A violates a constraint C then the function will return a false
value, otherwise it returns true. So, from now on, constraints will be viewed as functions
denoted as C(A,X).

As a proof of concept for the design of the algorithms, we decided to implement a
simple constraint. The constraint can be informally described as follows:

“In any given junction point in the interconnect where wires need to connect
two stages of a processor, at most L wires can be utilized.”

This means that when an algorithm creates a configuration X of A, it must create
it in such a way that there is no vertical overlapping of more than L processor paths.
Figure 4.9 shows two configurations of a 4x5 array with L = 1 (only 1 vertical wire per
junction point), one that violates the constraint and one that does not.

For the evaluation of the work in this thesis (as presented in chapter 5), we used L = 1.
If the actual implementation of the interconnect is indeed pipelined, the L parameter can
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Figure 4.9: Comparative example of two configurations using CL(X,A) with L = 1

be explored to find a value that satisfies area demands of the implementation without
making CL(X,A) too strict.

4.5 Heuristic search algorithms

Having defined the heuristic functions and also described how constraints work, we can
now implement algorithms to put these heuristics to use. As discussed in section 4.1,
the flexibility to choose between speed and solution quality is valuable, so the algorithms
have been chosen and implemented accordingly.

4.5.1 Greedy search

The first approach to the problem was to implement a greedy [7] algorithm, that would
be very fast but could also produce decent solutions. This algorithm does not take the
complete state formulation approach to the problem. Instead, it builds the solution
iteratively, each time taking the best step first. A step means to assign one stage to a
processor. So the algorithm, at each step will attempt to assign to the current processor
being built, the closest available stage. This is essentially trying to minimize hMD(x),
the only function that can be defined at this step level instead of the entire processor.

The process begins by first detecting a bottleneck column. This is because a bot-
tleneck column will have all its parts assigned to a processor, so it is an easy starting
point. From there, it moves in two directions, right towards the end of the array and
left towards the start. Starting from the bottleneck column, each processor is assigned
the closest available part from the column next to the current one before moving one
column in both directions.

Naturally there are cases where the same part is the closest available part for more
than one processor. In those cases, a First-Come-First-Served policy is applied, meaning
that, once a part has been assigned to a processor, it appears as unavailable to the
next processor(s) that will search for available parts. Figure 4.10 shows the pseudo-code
description of this algorithm which we simply call Greedy.

It is obvious that when there are many such contention spots, the optimality of the
constructed solution suffers. In the evaluation part of this thesis (chapter 5) the exact
quality of the solutions provided by this greedy method is measured. In any case, as this
algorithm does not approach the problem with the complete state formulation method,
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Greedy.
Input: A (defect array), N, M (array dimensions), kmax

Returns: X (configuration of A)

{Find first bottleneck}
b←M
for j = 1→M do

if A[j].workingElements() < b then
bottleneck ← j
b← A[j].workingElements()

end if
end for{bottleneck now has the index of the first bottleneck column}

Ensure: b ≤ kmax {We can’t create more than kmax processors}
for i = 1→ kmax do
{Assign elements to each processor}
for j = bottleneck →M − 1 do
{From bottleneck towards the end}
X[i][j]← closestWorkingElement(A[j + 1])

end for
for j = bottleneck → 2 do
{From bottleneck towards the beginning}
X[i][j]← closestWorkingElement(A[j − 1])

end for
end for
if C(X) = True then

return X
else

return Failure
end if

Figure 4.10: Greedy search algorithm

it is a very fast algorithm since it does not depend on the amount of states that can be
generated. Its complexity depends simply on the size of the input array, which is a small
input compared to even a fraction of the state space size, as described in section 4.2.

It should also be noted that because Greedy works iteratively, it cannot take into
account any external constraints that may be defined over the entire array, such as
CL(X,A). This means that Greedy will provide a complete solution only after it has
finished, and if that solution does not satisfy external constraints, the algorithm will
return failure.

4.5.2 Exhaustive search

Having implemented a greedy algorithm, we needed a way to be able to measure just
how accurate it was, and this would also apply to any other algorithm that did not



48 CHAPTER 4. PROPOSED APPROACH

guarantee optimality. Since we have no pre-defined objective function to evaluate a
given configuration of a multiprocessor array, we would have to compare the heuristic
evaluations of the configurations provided by algorithms. This means that the entire state
space would have to be evaluated, to find the best state within it, and then compare the
heuristic evaluation of that state with that of the state provided by a search algorithm,
in order to measure accuracy.

To that end, we implemented an exhaustive search algorithm that evaluates all states
of the state space. A complete state in this problem is a configuration X of the array, and
its evaluation is its heuristic value, h(X). An exhaustive search would have to iterate
through all the possible configurations and select the best one.

In order to achieve that, we use the combination of algorithms described in Fig-
ures 2.4 and 2.5, since as discussed in section 4.1, a configuration is simply the set of
a k-permutation for each column. Using these algorithms we can generate all possible
configurations of the array in lexicographical order. Specifically, for each combina-
tion there is a set of lexicographically ordered permutations associated with it, and all
combinations are also lexicographically ordered.

As discussed in section 4.2 columns are combinationally independent from one an-
other. This means that the state generation can be applied individually per column of
the array. In other words, there are M different sets of states, called column states,
which, when combined, form the complete state X. Figure 4.11 shows how a configu-
ration X of a 4x4 array A with k = 2 is represented as a complete state, using column
states.
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Figure 4.11: Representation of complete states composed of column states

From that figure we can see visually how each column is independent in terms of its
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own state space: We can re-arrange the elements within a column and still produce valid
(barring external constraints) configurations.

Figure 4.12 shows the pseudo-code description of the exhaustive search algorithm,
which we call BruteForce. The algorithm generates in order all states of each column,
before proceeding to the next and resetting the ones before it, much like a counter is
resetting previous digits when incrementing the next by one.

BruteForce.
Input: A (defect array), N, M (array dimensions), kmax

Returns: X (configuration of A)

{Set each column of X to the first permutation of the first combination}
for j = 1→M do

X[j].resetCombination()
X[j].resetPermutation()

end for
cbest← X {Initialise best to current X}
for j = 1→M do
{Now, iterate through all states, replacing best when encountering a better one}
{Re-arrange X column-wise}
if X[j].isLastPermutation() = False then
X[j].nextPermutation()

else
if X[j].isLastCombination() = False then
X[j].nextCombination()
X[j].resetPermutation()

else
if j 6= M then
{If we have completely re-arranged this column and there are no more ar-
rangements, reset it before moving to the next, unless this is the last one}

X[j].resetCombination()
X[j].resetPermutation()

end if
end if

end if
if C(X) = True and best(X, cbest) = X then
{Check if this new X satisfies constraints and if it is better than the currently
stored cbest}
cbest← X

end if
end for
return cbest

Figure 4.12: BruteForce algorithm



50 CHAPTER 4. PROPOSED APPROACH

It is obvious from the formulas describing the size of the state space in section 4.2
that this algorithm is not a fast algorithm, because it scales with the state space, which
as shown grows at very fast rates.

4.5.2.1 Look-up tables

A careful examination of the way the generation of combinations and permutations
works and the way that they are utilized by the BruteForce algorithm will reveal one
drawback: After generating all the states of one column, and iterating to the next state
of the following column, all the states for the first one have to be re-generated. This is
work that has already been done.

In order to avoid this, we can use a Look-up Table (LUT) in order to generate and
store all the states per column. This way, whenever we iterate to the next state of a
column, we do not have to regenerate all the states for the previous columns again. We
simply retrieve them from the LUT. The structure of the Look-up table is explained
visually in Figure 4.13, based on the representation of a complete state that was given
in Figure 4.11.
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Figure 4.13: Retrieving a column state from the LUT with k = 2

With this LUT we can speed up the BruteForce algorithm somewhat. An description
of this sped up version of BruteForce called FastBruteForce in pseudo-code can be seen
in Figure 4.14.

This method actually provides us with more features that will be essential when
implementing other search algorithms:

• It allows the compression of the representation of a state from an two-dimensional
array to an one-dimensional array that only holds the indexes of each column’s
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FastBruteForce.
Input: A (defect array), N, M (array dimensions), kmax

Returns: X (configuration of A)

{Create the LUT containing all possible states per column} {Also initialize X to the
first state per columns}
for j = 1→M do
LUT [j]← generateAllColumnStates(A, j, kmax, N,M)
X[j]← 1

end for
cbest← X
for j = 1→M do

for n = 1→ nj do
{nj is the amount of states per column}
X[j]← n
decompress(X,LUT )
if C(X) = True and best(X, cbest) = X then
{Check if this new X satisfies constraints and if it is better than the currently
stored cbest}
cbest← X

end if
end for

end for
return cbest

Figure 4.14: FastBruteForce algorithm

state in the LUT. In order to decompress that state, we simply retrieve the column
state at the index pointed to by the respective index in the compressed state
representation.

• Moving from one state to any other has the same complexity, which is the cost
of M look-ups, i.e. the cost of decompressing a single state, instead of having to
re-generate all in-between states until we reach the desired state, as would have
been the case when using the simple state generation used in BruteForce.

• This representation also allows to move to previous states, something which was
not possible when using the simple state generation algorithms, that only provide
the next combination or permutation. This is an essential feature for algorithms
that traverse the state space in a non-sequential manner like Simulated Annealing,
as defined in section 2.4.

• A state representation of this type is also ideal for use with Genetic algorithms (as
discussed later but also in section 2.4), where populations are usually described
as either bit-streams or as one-dimensional integer arrays. This allows for much
simpler breeding and mutation functions.
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Of course, using the LUT technique does not have only advantages. The cost to pay
for the advantages provided is the memory that is allocated to store all states of each
column. This is shown in detail in the evaluation in chapter 5.

4.5.3 Landscape investigation

After having implemented exhaustive search algorithms that order the state space, it
is now possible to actually plot out the landscape of the state space as described in
section 2.4. We can only do this for input sizes that can be searched exhaustively within
a practical time period, but even that should give us a good enough insight on what
techniques would have a better chance of providing close to optimal solutions.

The actual shape of the landscape is defined by the evaluation of each state in it.
Since we do not have an objective function and we use heuristic functions instead, the
landscape is formed by the evaluation of the heuristic. Since we have defined three
different heuristics, we will obtain three different landscapes. The input size, as discussed
in section 4.2, is a function of kmax, which is the maximum amount of working processors
one can create out of a given array.

Exhaustive search techniques cease to be practical after kmax ≥ 5 (see also evaluation
in chapter 5. For this reason, we plotted out the landscapes for input sizes up until
kmax = 4. Even with only a few input sizes to work with, we can still draw some
interesting conclusions from the landscapes that we plot. In Figure 4.15 we can see
one of the landscapes that resulted from each of the three different heuristic functions
defined, for kmax = 2 on a 4x5 array. We can see several important features of this
landscape that will later help us design more algorithms:
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Figure 4.15: Landscape of a 4x5 array with kmax = 2

• The landscape is full of local extrema, very close to one another. Almost every
point on the landscape is actually a local extremum.
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• There appears to be some sort of periodicity in the shape of the landscape. Some
features and patterns tend to re-appear, and this includes global extrema which
is very important.

• These characteristics apply to all three landscapes generated by the three heuristic
functions. This is not to say that all three heuristics are equivalent. It only means
that all three will affect the performance of an algorithm in approximately the
same way. The accuracy of the solution still depends on the actual accuracy of the
heuristic as well.

4.5.4 Hybrid search using Simulated Annealing

As mentioned already when discussing exhaustive search techniques, their time complex-
ity becomes impractical very quickly as the input size increases. If larger input sizes have
to be searched then other techniques must be implemented.

As mentioned in section 2.4, when exhaustive search becomes impractical, one way to
work around it is to use local search techniques. These techniques will investigate only
a portion of the state space. Their performance will largely depend on the surround-
ing landscape. However, using Simulated Annealing, the impact of a hard to navigate
landscape is lessened.

This has another drawback however: A simple application of Simulated Annealing on
such a large state space would result in the quality of the solution quickly decreasing as
the state space increases, since Simulated Annealing works as all local search techniques
on a specific time limit. If we simply scale the time limit based on input size, we quickly
run into the same problem that exhaustive search has, namely the time complexity
quickly becoming too big for any practical application.

So, the trade-off here is rather fundamental: We can either sacrifice the quality of the
solution and apply a fixed-limit Simulated Annealing search regardless of input size, or
we can scale the time limit based on input size to increase the quality of the solution but
sacrifice time complexity. In order to work around this trade-off as well as possible, we
propose a technique we call Hybrid search, combining aspects of Simulated Annealing
and exhaustive search. We take advantage of the fact that Simulated Annealing can
provide good solutions under a fixed time limit, provided that the state space it searches
through is not too big, in order to create a state space that is small enough for exhaustive
search.

In order to use this to our advantage, we partition the state space into chunks that
have a manageable size, such that Simulated Annealing under a fixed time limit will
provide the best state within that part with a good probability. We, then, apply Simu-
lated Annealing to each of these chunks, and from each one we obtain the best state that
Simulated Annealing could find. This way we create a new set of states, much smaller
than the original state space, with a good probability of containing the globally best
state of the underlying state space. We, then, employ an exhaustive search in this new
state space, selecting the best state that the exhaustive search finds as the solution that
the Hybrid algorithm returns.

In Figure 4.16 the pseudo-code description of the algorithm is given. It can be seen
that the amount of Simulated Annealing instances and their time limits is a parameter
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that can be tuned to give either more accuracy or more speed, the two extremes being
either to use only exhaustive search, or to use only Simulated Annealing in the blending
of the algorithms.

Hybrid.
Input: A (defect array), N, M (array dimensions), kmax,
S (time limit for Simulated Annealing), T (amount of Simulated Annealing instances)
Returns: X (configuration of A)

for j = 1→M do
LUT [j]← generateAllColumnStates(A, j, kmax, N,M)
X[j]← 1

end for
cbest← X
for t = 1→ T do
{Run an instance of Simulated Annealing in this part of the state space}
{The tuple [LUT, t, T ] defines the chunk of the state space that Simulated Annealing
works on}
X ← SimulatedAnnealing([LUT, t, T ], S)
decompress(X,LUT )
if C(X) = True and best(X, cbest) = X then
{Check if this new X satisfies constraints and if it is better than the currently
stored cbest}
cbest← X

end if
end for
return cbest

Figure 4.16: Hybrid algorithm

For this implementation of Simulated Annealing, the scheduling function that we
used was that of a linear decay that begins from probability = 1 and decays linearly
to 0 in S time units (iterations). So the definition of “temperature” as a function of
iterations s is:

T (s) = − 1

S
s + 1

The reason for this is that because of the extreme variation in the state space land-
scape, we want to maintain a certain degree of randomness even towards the end. Using
exponential decay would result in the Simulated Annealing algorithm performing sim-
ilarly to a simple Hill Climbing algorithm, i.e. converge quickly and get trapped. By
maintaining some randomness, we can have at least a small chance of escaping local
extrema even as the time limit is being approached.

To further help the Simulated Annealing algorithm escape from local extrema easier,
in those cases that there is no better option, we added the ability for the algorithm to
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perform a random restart within the allocated state space chunk. This allows the
algorithm to visit a wider range of states should it get stuck somewhere.

4.5.5 Partial search

The hybrid approach tried to work around the first observation about the landscape,
namely that it is filled with local extrema. We can also take advantage of the second
observation, which is that the landscape shows some periodicity. The idea is that apply-
ing the Hybrid algorithm only to a fraction of the actual state space will give us a faster
algorithm. Given a wide enough window there is a very good chance that, because of
this apparent periodicity, a global extremum will be found within this window.

So, we introduce a new algorithm called Partial, where we apply this technique.
First we select a random starting point within the state space, and then expand in both
directions until the pre-defined window length is reached, and then apply Hybrid within
this window. A pseudo-code description of this algorithm is shown in Figure 4.17.

As shown, this algorithm has an extra tunable parameter, which is the width of the
window. The wider the window that we use, the slower but potentially more accurate
the algorithm will become.

4.5.6 Seeded search

Another approach attempts to improve upon the solution of the Greedy algorithm. The
idea here is that there could, potentially, be optimal solutions just a few “tweaks” away
from the configuration that the Greedy algorithm provided. A “tweak” in this problem
can be a few swaps between elements in a column, either to a new permutation or to a
new combination.

This directly applies to the definition of a complete state that the other algorithms
search amongst: Neighbouring states differ from one another just by a few swaps of
elements. If we performed a sort of “reverse” look-up, from the configuration XG that
the Greedy algorithm provides as a solution, and use that as a pivot to apply a local
search, we would essentially be performing exactly this search of “tweaking” on the
solution provided by Greedy.

A new algorithm, called Seeded, first runs the Greedy algorithm, performs a “reverse”
look-up of the configuration that Greedy provides in order to represent it as a compressed
state. We need a compressed state since, once we have it, we can use that as the seeding
point for an application of Partial search that uses the compressed XG as a starting point
instead of using a random starting point. Performing a reverse look-up is described by
Figure 4.18. Basically finding the compressed representation of a full state given the LUT
consists of performing M string-matches of each column in XG against each element in
each column of the LUT. The indices of each match are the compressed representation
of XG.

In Figure 4.19 the Seeded algorithm is described in pseudo-code. The parameters of
this algorithm are the same as the ones that Partial search takes. In the special case
that the solution provided by Greedy as a seeding point violates external constraints,
Seeded begins using a random point, which is equivalent to using Partial search.
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Partial.
Input: A (defect array), N, M (array dimensions), kmax,
S (time limit for Simulated Annealing), T (amount of Simulated Annealing instances),
W (width of window)
Returns: X (configuration of A)

{Generate the state space}
for j = 1→M do
LUT [j]← generateAllColumnStates(A, j, kmax, N,M)
{Select a random starting point}
X[j].randomize()

end for
{Now we need to only select those states around the pivot point}
cropStates(LUT,X,W )
{And now we apply the hybrid search}
cbest← X
for t = 1→ T do
{Run an instance of Simulated Annealing in this part of the state space}
{The tuple [LUT, t, T ] defines the chunk of the state space that Simulated Annealing
works on}
X ← SimulatedAnnealing([LUT, t, T ], S)
decompress(X,LUT )
if C(X) = True and best(X, cbest) = X then
{Check if this new X satisfies constraints and if it is better than the currently
stored cbest}
cbest← X

end if
end for
return cbest

Figure 4.17: Partial algorithm

4.5.7 Genetic search

Since there are no other obvious exploits to take advantage of in the landscape, another
approach is necessary if the previous methods are not suitable for the system designer.
One approach that does not depend on the landscape and its features is Genetic algo-
rithms. As described in section 2.4, these algorithms randomly “breed” states to create
new ones instead of traversing the landscape to get new states.

A basic description of a general Genetic algorithm has been given in Figure 2.11.
However, the functions that perform the basic operations of this algorithm need to be
defined based on the problem, and parameters need to be set to determine the algorithm’s
performance and complexity.

So, with the description of the general Genetic algorithm given in Figure 2.11, we
implemented the operations defined in the algorithm description as such:
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Figure 4.18: Reverse lookup of a column from a configuration XG with k = 2

Seeded.
Input: A (defective array), N, M (array dimensions), kmax,
S (time limit for Simulated Annealing), T (amount of Simulated Annealing instances),
W (width of window)
Returns: X (configuration of A)

{We begin by running Greedy}
XG ← Greedy(A,N,M, kmax)
{Generate the LUT}
for j = 1→M do
LUT [j]← generateAllColumnStates(A, j, kmax, N,M)

end for
{We compress XG with the reverse look-up method}
X ← reverseLookUp(LUT,XG)
{Simply call Partial with X as a starting point instead of the random one, if X satisfies
constraints}
if C(X) = True then

return Partial(X)
else

return Partial()
end if

Figure 4.19: Seeded algorithm

• evaluate: This function sorts the total population in descending order based on the
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heuristic function h(X) that is being used. This means that the “fittest” members
of the population will be at the top of the list.

• selection: This function is responsible for selecting the states that will be bred to
create new ones. Since we have already sorted the population, it is enough to just
select a certain amount from the top of the list. This amount is exactly the top
2/3rd’s (66%) of the population, and the reason for this is because of the way that
the next function, crossover, was designed.

• crossover : This function is responsible for producing new states out of a selection
of old ones. The way we chose to implement this is by pairing the best states
according to the evaluation and producing one offspring from each pair. This
means that we have a 2:1 breed ratio. For every 2 states, 1 new is produced.

We chose to keep the population constant and use each breeder state only once,
so in order to do that with a 2:1 breed ratio, the amount of breeder states had to
be 2/3rd’s of the initial population. The offspring produced, which is amounts to
1/3rd because of the 2:1 ratio, replaces the worst 1/3rd of the initial population. So
after a crossover, we have the best 2/3rds and their offspring as the new population.

The way that the actual crossover is implemented is shown in Figure 4.20, and it
is the standard [11] way of breeding two members of the population. Also shown
in that figure is the mutation process, which is explained below.
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Figure 4.20: Crossover and mutation, with M = 4

We can see from this figure why the compressed complete state representation is
very useful for use in this algorithm.
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• mutate: This function is applied to every new offspring that is produced. With a
given probability m, a random “gene” is mutated, which means it is assigned a new
random (but valid) value. A “gene” in our case is the value at one index of the
compressed complete state representation. The probability m basically dictates
the rate at which new “genes” are injected in the selection pool, and it is generally
a rather low probability. For our implementation, we used m = 5%.

From the description of the general Genetic algorithm in Figure 2.11 we can see
that we also need to define the amount of generations as well as the size of the initial
population. These 2 are tunable parameters that define the algorithms time complexity
and performance, as we will see in the evaluation in chapter 5.

4.5.8 Random search

As a last step, we implemented a completely random algorithm, mainly to use as a
comparison against the other non-deterministic algorithms, to show that applying more
than simple randomness has an actual benefit.

The Random algorithm is very simple: It performs S random steps, and it stores the
best state that it encounters. After S steps have been performed, the state stored as the
best is returned. S here is a tunable parameter that directly affects the time complexity
of the algorithm, and potentially its accuracy, as we show in chapter 5. Figure 4.21
shows a pseudo-code description of the algorithm.

4.6 Conclusions

In this chapter we described our approach in detail, by defining the problem domain to
be the combinatorial optimization domain, giving some specific details of the problem
such as the expected complexity and the definition of bottleneck columns.

We formally defined three different heuristic functions with increasing amount of
specific problem knowledge: Manhattan Distance, Throughput Loss and Bubble Impact.
In the case of the latter, we also defined the experimental setup and described the exact
process from which the approximation was extracted.

We also defined and described the heuristic search algorithms. We presented a total of
8 algorithms: Greedy, BruteForce, FastBruteForce, Hybrid, Partial, Seeded, Genetic and
Random. For each algorithm we also explained the motivation behind their conception
and based on this motivations also made some predictions about their performance and
behavior.
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Random.
Input: A (defective array), N, M (array dimensions), kmax,
S (random steps limit)
Returns: X (configuration of A)

{Create the LUT containing all possible states per column} {Also initialize X to the
first state per columns}
for j = 1→M do
LUT [j]← generateAllColumnStates(A, j, kmax, N,M)
X[j]← 1

end for
cbest← X
for s = 1→ S do

for j = 1→M do
X[j]← n {Generate a random state}
decompress(X,LUT )
if C(X) = True and best(X, cbest) = X then
{Check if this new X satisfies constraints and if it is better than the currently
stored cbest}
cbest← X

end if
end for

end for
return cbest

Figure 4.21: Random algorithm
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In this chapter the evaluation of the various approaches described in chapter 4 is pre-
sented. Any design choices left for the evaluation part are defined and explained. We
first describe our experimental setup in section 5.1, and then we present our results along
with our interpretation in section 5.2.

5.1 Experimental setup

In this section the way that the evaluation procedure was carried out is explained in
order to make it reproducible. We define the inputs, the way that the benchmarking was
carried out, and exactly what was measured.

5.1.1 Input sizes

The way that the problem scales with input size increase has been explained in detail
in section 4.2 as a typical example of combinatorial explosion. We also mentioned in
section 3.1 that we would like to keep the results as relevant as possible with industry
standards. The first fact leads us to consider arrays with N = 2k processors, and the
second to consider arrays of 4 and 8 processors.

The actual architecture of the processor also matters. We chose to benchmark pro-
cessors with 4 and 5 pipeline stages, since the 5-stage pipeline is a rather typical reference
point for a general purpose processor, and many DSP processors have 4 stage pipelines.

Also, we have already seen that the WB stage of a 5-stage pipeline processor is merely
an interconnect. Taking that into account in the case of the decoupled multiprocessor
array shown in Figure 3.3, we can see that this approach, as seen from this thesis’ view-
point of a processor with interconnected pipeline stages, a 5-stage processor is equivalent
to a 4 stage processor with an extra interconnect stage.

For the reasons above, we chose to use the following array sizes for our benchmarking
process: 4x4, 4x5, 8x4 and 8x5 multiprocessor arrays. Wherever the difference in
input size (or lack thereof) is important for an evaluation result, the results will be
presented comparatively in terms of the array size.

As mentioned in section 4.2, when the maximum amount of processors that can
be created from an input array is equal to the initial amount of processors that were
available (k = N), it means that there were no defects in the array. Since this thesis
is about defect tolerance, that particular case is of no interest. So, the maximum value
for k that we create inputs for is N − 1. With all of the above taken into account, we
created input arrays with sizes 4x4 and 4x5 with random defects such that we could
create k = 1, 2, 3 processors, and arrays of 8x4 and 8x5 size with random defects such
that we could create k = 1, 2, 3, 4, 5, 6, 7 processors. This means that we have in total 20
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different arrays. In the results presented below, the abbreviation NxM k shows which
array that result refers to. In the cases where only the NxM size is given, k is the free
variable of the x-axis, if it applies to that result.

5.1.2 Benchmark configurations

When describing the approach in chapter 4, we defined 3 different heuristics for the
heuristic search algorithms that we implemented. We also showed that some of these
algorithms are parametrisable to be either faster, or more accurate. We also defined an
example constraint, that can be turned on or off.

The comparison that we believe needs to be made is amongst the different algorithms,
so evaluation results will be grouped by algorithms. This means that heuristics, tunings
and constraint usage define different benchmark configurations. Since we have 3 different
heuristics, 2 different tuning settings (fast or accurate) and 2 options for constraints (on
or off), we define 12 different benchmark configurations, as shown in Figure 5.1. Each
configuration is given a abbreviation, in order to make the results more readable.

Tuning Constraints Heuristic Abbreviation

Manhattan Distance Acc-Off-MD
Off Throughput Loss Acc-Off-TL

Accurate Bubble Impact Acc-Off-BI
Manhattan Distance Acc-On-MD

On Throughput Loss Acc-On-TL
Bubble Impact Acc-On-BI

Manhattan Distance Fast-Off-MD
Off Throughput Loss Fast-Off-TL

Fast Bubble Impact Fast-Off-BI
Manhattan Distance Fast-On-MD

On Throughput Loss Fast-On-TL
Bubble Impact Fast-On-BI

Figure 5.1: The 12 different benchmark configurations

While the On/Off setting of constraints is straightforward, and the usage of a specific
heuristic as well, the actual parameters of a tuning need to be set. The impact of each
parameter in each algorithm is explained at the algorithm definitions in section 4.5. The
exact values that we used for each tuning are shown in Figure 5.2.

5.1.3 Measured quantities

After having defined what the input is and how the benchmarks are configured, the
quantities that will be measured need to be defined as well. The definition and reason
to measure each quantity are given here. The actual measurements are presented in the
next section.

1. State space size : It has been mentioned a few times already that state space size
is a major obstacle that we have to work against. The formulas for calculating it
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Accurate

Algorithm Parameters

Greedy N/A

BruteForce N/A

FastBruteForce N/A

T = 1000
Hybrid S = 300

T = 1000
Partial S = 300

W = 106

T = 1000
Seeded S = 300

W = 106

G = 1000
Genetic P = 60

Random S = 104

(a) “Accurate” tuning parameters

Fast

Algorithm Parameters

Greedy N/A

BruteForce N/A

FastBruteForce N/A

T = 100
Hybrid S = 20

T = 100
Partial S = 20

W = 106

T = 100
Seeded S = 20

W = 106

G = 100
Genetic P = 30

Random S = 103

(b) “Fast” tuning parameters

Figure 5.2: The algorithm parameters for each tuning

have been given in section 4.2, but we also measure the actual numbers that our
inputs produce, to get a more realistic picture of what this combinatorial explosion
means.

2. Memory use : When describing the look-up table technique that enabled the
easier implementation of some of the algorithms, it was mentioned that the cost to
pay was extra memory. To see just how much this extra cost is, we measure the
memory consumption of the algorithms.

3. Execution time : One of the most important aspects of the algorithms to measure
is the actual time needed to provide a solution to the inputs given. The time that
it took for each algorithm to solve a particular input from start to finish was
measured1, under all the different benchmark configurations for all inputs.

4. Solution quality & accuracy : The other part of the trade-off after execution
time is the quality of the solution and its accuracy. The distinction here is that
by quality we mean just how good the solution is in terms of absolute heuristic
evaluation, and by accuracy we mean how close it was to the actual global optimal
solution, wherever we could apply exhaustive search.

5. Simulated multiprocessor array performance : Since we had the setup de-
scribed in section 4.3 to create processors with any bubble configuration, and to

1Execution time was evaluated on an IntelR© Core
TM

2 T7200 CPU clocked at 2GHz, using a single
core (i.e. no inherent parallelism in the algorithms has been exploited).
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simulate program execution on these processors, we decided to also simulate pro-
cessors that would result from applying the algorithms to some of the input arrays
and compare them to an ideal reconfiguration, to see just how well they would
perform in as close to actual implementation conditions as possible.

It is also worth noting that in order to maintain statistic validity, measurements
of quantities that do not maintain the exact same value at every execution (such as
execution time and solution quality & accuracy), were averaged over 10 repeated mea-
surements.

5.2 Evaluation results

In this section we present the resulting figures from the evaluation process. They are
presented in the categorization that was described in the previous section.

5.2.1 State space size

The first and one of the most important factors to measure is the exact size of the state
space. In order to do that the only thing that is needed is the actual input, and the
formulas presented in section 4.2. We measured the state space size for all input array
sizes (4x4, 4x5, 8x4, 8x5) with the free variable being the amount of working processors
that could be created based on the input array. The results are presented in Figure 5.3.

It is worth noting the logarithmic scale used on the y-axis. We can clearly see the
effect of the combinatorial explosion in this plot: Within 7 steps the problem grows from
about 10 states to 1019. These numbers should be kept in mind when discussing the
accuracy of algorithms, given that they have to operate within such vast state spaces.

5.2.2 Memory use

We also discussed that in order to facilitate some of the search algorithms, a look-up
table technique had to be implemented. This look-up table provides a number of features
that are essential for the search algorithms, as described in section 4.5, but it comes at
the cost of extra memory usage. In Figure 5.4, we show exactly how much extra memory
is needed for this look-up table, compared against the memory usage of algorithms that
do not make use of a look-up table (marked in the plot as “regular”). The results are
presented for each array size.

As with the state space size comparison, the free variable here is the amount of
working processors that could be created on the respective input array. The scale is
logarithmic again, and the units are bytes. We see that memory usage has an exponential
growth rate, but it remains within easily manageable sizes for today’s standards (about
2 MB for the largest input).

We also see that “regular” (non look-up table) algorithms use a near constant amount
of memory. In the case that memory is indeed a concern, an algorithm of that type could
be considered, so the look-up table technique although useful, is not the only way to go.
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Figure 5.3: State space size

5.2.3 Execution time

Execution time, as already discussed, is one end of a fundamental trade off in the design
of the algorithms we implemented. We can tune each algorithm to be fast, but we
sacrifice solution quality & accuracy. So the results for these trade-off quantities need
to be considered within this context.

This is one of the reasons that different benchmark configurations were created. Since
there are 12 different benchmark configurations, and 4 different array sizes, normally we
would have to include 48 execution time comparisons. However, in order to make the
results more readable, we will show those results that carry important information.
We will use the 8x5 array size as a case study, simply because the focal point of the
comparison is among algorithms and not among array sizes. An extensive presentation
of all results containing all time comparisons and all array sizes can be found in appendix
A.

Before proceeding to an actual comparison between the algorithms, we need to
present the impact of each option in the benchmark configuration, to establish proper
context when comparing algorithms under a certain configuration.
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4x4 regular

4x4 lookup

4x5 regular

4x5 lookup

8x4 regular

8x4 lookup

8x5 regular

8x5 lookup

Figure 5.4: Memory consumption

5.2.3.1 Tuning impact

For the 8x5 size there are 12 different execution time comparisons to show. As discussed,
there are 2 main options that heavily affect execution time: Either go for a “fast”
tuning, or for an “accurate” one. We can witness this by keeping the rest of the options
(constraint usage and heuristic function) in the benchmark configuration the same, and
comparing the results of the fast and the accurate tuning. For the sake of this comparison,
we will use the Manhattan Distance heuristic, without any external constraints applied.
Figure 5.5 shows a side-by-side comparison of the Acc-Off-MD versus the Fast-Off-MD
results.

The first thing to note about both plots is the usage of a logarithmic y-axis. This
is mostly to accommodate for the exponential time complexity of the exhaustive search
algorithms. It can be seen in both plots that they have a very steep exponential growth.
It is actually exactly the same, since these algorithms do not have any tunable parame-
ters. Also the same in both plots is the execution time for the Greedy algorithm, since it
too does not have any tunable parameters. We can also see that as expected, Greedy is
much faster than all other algorithms. These conclusions apply to all configurations:
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(a) “Accurate”
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(b) “Fast”

Figure 5.5: Acc-Off-MD vs Fast-Off-MD (execution time)

The exhaustive search algorithms are always the slowest, while Greedy is consistently
the fastest algorithm.

As for the comparison between the actual tunings, the conclusion is pretty obvious:
The algorithms simply become slower when tuned for more accuracy, exactly as expected.

5.2.3.2 External constraint impact

We can now investigate the impact of the second option in benchmark configuration,
which is the usage of external constraints. The option here is whether to impose them
or not. So, keeping the rest of the options the same, we will show a comparison between
two configurations. We will use the “fast” tuning set and the Throughput Loss heuristic
function for this purpose. Figure 5.6 shows a side-by-side comparison of the Fast-Off-TL
versus the Fast-On-TL benchmark configurations.
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Figure 5.6: Fast-Off-TL vs Fast-On-TL (execution time)
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While it may not be obvious at first glance, there is an impact: The execution time for
all algorithms has been increased by about one order of magnitude. All algorithms
have been affected in pretty much the same way, except for the Greedy algorithm, which is
expected, because as discussed at the definition of this algorithm, it cannot take external
constraints into account except for when it has actually completed its execution. We
can also see here that the conclusions from the previous comparison also apply: Greedy
is still the fastest algorithm in both cases, and the exhaustive search algorithms are
always the slowest. External constraint usage simply increases the execution time of all
algorithms by about one order of magnitude. This comes from the fact that examining
whether a state violates a constraint or not is an extra calculation that needs to be done
at each state that the algorithms produce.

5.2.3.3 Heuristic function impact

The last option in the benchmark configuration is the choice of the heuristic function.
Here the available choices are as many as the heuristic functions we defined, which are
three: Manhattan Distance (hMD(X)), Throughput Loss (hTL(X)) and Bubble Impact
(hBI(X)). In order to see how the choice of each function affects execution time, we will
keep the other two options constant and compare the execution time of algorithms with
three different heuristic functions. For this purpose, we will use the “accurate” tuning
set and the “off” option for constraint usage. Figure 5.7 shows the 3-way comparison
amongst the different benchmark configurations: Acc-Off-MD, Acc-Off-TL, and Acc-Off-
BI.

We can see from this 3-way comparison that practically the choice of heuristic func-
tion does not affect execution time. It is mostly a choice that will affect, as we will
show next, the quality and accuracy of the algorithms. We can see also that the con-
clusions extracted before, still apply: Greedy is the fastest choice, while the exhaustive
search algorithms are the slowest.

5.2.3.4 Algorithm comparison

Now that we have shown the impact of each choice in the benchmark configuration on
execution time, we can compare algorithms to one another, presenting the comparison
for just one benchmark configuration. The results of all benchmark configurations as
well as array sizes can be found in appendix A

Since we know that: a) the tuning set affects all tunable algorithms in the same way,
b) the same applies to the usage of constraints, and also that c) the choice of heuristic
function has no impact on execution time, we can practically choose any benchmark
configuration to compare the execution time amongst algorithms. For this reason we
will present the execution time results of the Acc-Off-BI benchmark configuration, and
the conclusions will apply for all 12 benchmark configurations. We have already reached
the conclusion that the exhaustive searches are the slowest ones. In order to see the
comparison of the rest of the algorithms better, we will omit these algorithms from the
following comparison in order to be able to use a linear time scale and see exactly each
algorithm’s results. Figure 5.8 shows this comparison of algorithms in linear time.

We can now make the following observations:
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(b) Throughput Loss
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(c) Bubble Impact

Figure 5.7: Acc-Off-MD vs Acc-Off-TL vs Acc-Off-BI (execution time)

• Random is faster than all the others except Greedy and has almost a constant
speed. This is expected since the time complexity of Random is dependant on the
steps that it is set to make, not the input size (working processors).

• Hybrid performs slower than all the others. This is expected because of the fact
that, even though it tries to work around the size of the state space by using a
blend of Simulated Annealing and exhaustive search, it still scales based on that
size.

• On the other hand, both Partial and Seeded perform somewhat faster. This is
because both of these algorithms scale on their pre-defined window size, which is
just a fraction of the state space size. The scaling that we see here comes actually
from the inherent scaling in complexity that the creation of the look-up table
induces. This is why the steepness of these algorithms is smaller than that of the
Hybrid algorithm.

• The execution times of Partial and Seeded directly trace each other, almost exactly
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Figure 5.8: Execution time comparison, Acc-Off-BI configuration

coinciding. This comes as no surprise, since as was described in the definition of
Seeded, in terms of implementation it is actually just the Partial algorithm preceded
by a call to Greedy to get the seeding point and a reverse look-up. Since Greedy
has such a low execution time, it does not affect the total execution of Seeded by
much in comparison to Partial.

• Finally, we can make the following observations about Genetic: It seems that for
smaller problem sizes (1 and 2) it is actually the slowest one. In fact, it is even
slower than the exhaustive search algorithms, as seen in previous comparisons. This
is again expected, because the actual scaling variable of the Genetic algorithm is
not the input size, but rather its parameters (generations G and population size
P ). This is why we see it being so slow for the first few input sizes. However, this
quickly turns into an advantage, as it becomes the fastest algorithm after Greedy
and Random. The scaling seen in this figure comes again from the inherent scaling
by input size of the creation of the look-up table.
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5.2.4 Solution quality & accuracy

While execution time as a concept is pretty straightforward, solution quality and ac-
curacy need defining. By solution quality we mean the actual heuristic value of
the solution that an algorithm provided. This means that the numbers between different
heuristics are not comparable. By solution accuracy we mean the percentage differ-
ential between the heuristic value of the solution provided by an algorithm against the
one that exhaustive search provided. This means that by definition, exhaustive search
algorithms have 100% accuracy. So, this comparison is only useful for the algorithms
other than the exhaustive search ones.

Since we cannot directly compare different heuristic values from different functions,
the options in the benchmark configurations that we can see the impact of are the
tuning sets and the usage of constraints. The different heuristic functions will have to
be separately compared in the final algorithm comparison at the end. However, since
accuracy by definition hides the specifics of a heuristic, we can use that as a comparison
when determining the impact of heuristic function choice in algorithm accuracy.

5.2.4.1 Tuning impact

The two available choices here are the “fast” and “accurate” tuning settings. They were
designed to have a direct and uniform impact on all algorithms towards the respective
end of the trade-off. We saw previously that accuracy had a direct impact on speed,
and now we want to see if the same holds true the other way round. For this reason, we
will keep the other two options of the benchmark configuration constant, and compare
between tuning settings only. We will use the “off” setting for constraint usage, and the
Manhattan Distance heuristic for this. Figure 5.9 shows a side by side comparison of the
Acc-Off-MD versus the Fast-Off-MD benchmark configurations for solution quality.
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Figure 5.9: Acc-Off-MD vs Fast-Off-MD (heuristic value)

Interpreting the impact here might not be such a simple task, because of the com-
plexity of the picture shown, which comes from the fact that the precise value depends
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not only on the size, but also on the actual defect distribution over the array. Things
become more clear when we view the same comparison but in terms of accuracy. This
is as defined above, the percentage difference of the heuristic value of an algorithm
against the exhaustive search value. This implies that we are only able to do this com-
parison for the input sizes that we could apply exhaustive search to, namely k ≤ 4, as
discussed in section 5.1.

The following comparison, Figure 5.10 shows the same comparison as above but
expressed in terms of accuracy. This makes things easier for interpreting the results.
Tuning has a direct impact on accuracy, as designed. In the “Accurate” tuning set,
algorithms maintain a higher accuracy, consistent as the input size increases, while on
the “Fast” tuning set, algorithms quickly start to deteriorate in accuracy. This is exactly
the effect that the tuning sets were designed to have on the algorithms. One exception
seems to be Genetic, which does not seem to lose any accuracy regardless of tuning,
and also maintains a consistent 100% accuracy for both sets, a behaviour that can be
attributed to the nature of Genetic, which ignores inherent difficulties in a landscape by
definition.
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Figure 5.10: Acc-Off-MD vs Fast-Off-MD (accuracy)

5.2.4.2 External constraint impact

The other option that we can explore to see the impact of on the quality and accuracy
of algorithms is the usage of constraints. By definition, this option is expected to have
an impact on both quantities, since whenever an algorithm cannot provide a solution
that satisfies constraints it is considered a failure. For that purpose, we keep the other
two configuration options constant and compare between the two values for constraint
usage, on and off. We use the “Accurate” tuning set and the Throughput Loss heuristic.
Figure 5.11 shows a side by side comparison of the Acc-Off-TL versus the Acc-On-TL
benchmark configuration for solution quality.

This time it is a bit easier to see the effect of external constraints on the quality of
the solutions provided: When the constraints are on, most algorithms start to produce
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Figure 5.11: Acc-Off-TL vs Acc-On-TL (heuristic value)

solutions with lower heuristic values. In the case of this heuristic function, Throughput
Loss, where we defined it to be a maximization problem, lower heuristic value means
worse potential accuracy.

We use the term “potential” because it is actually possible that the constraints are
so strict that make it impossible even for exhaustive search to find a satisfying solution.
Figure 5.12 shows the previous comparison expressed as accuracy against exhaustive. As
expected, the presence of constraints affects the accuracy of the algorithms. Interestingly,
this impact is not big: Algorithms that could find a solution without constraints seem
to find a solution within constraints with almost the same accuracy as before, with
one notable exception: Greedy seems to suffer the most from constraints. This is of
course expected since by its definition, Greedy cannot predict whether the solution it
is constructing iteratively will violate a constraint or not before it has completed its
execution.
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Figure 5.12: Acc-Off-TL vs Acc-On-TL (accuracy)



74 CHAPTER 5. EVALUATION

5.2.4.3 Heuristic function impact

The definition of solution accuracy hides the “units” in which heuristic functions
express their values, so we can directly compare the accuracy of the algorithms when
using different heuristic values. This is especially interesting because different heuristic
values will form different landscapes, which is a determining factor in algorithm accuracy.

So, in order to compare the impact of heuristic functions on algorithm accuracy, we
must keep the other two configuration options constant. We use the “Fast” tuning set
and the “Off” setting for constraint usage. Figure 5.13 shows the 3-way comparison
between the benchmark configurations Fast-Off-MD, Fast-Off-TL and Fast-Off-BI for
solution accuracy.
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(b) Throughput Loss
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(c) Bubble Impact

Figure 5.13: Fast-Off-MD vs Fast-Off-TL vs Fast-Off-BI (accuracy)

As expected, different heuristics make the algorithms behave differently with regard
to accuracy, and the impact is different for each algorithm. So, in order to compare the
algorithms, we have to treat each heuristic function as a different comparison.
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5.2.4.4 Algorithm comparison

Since, as shown previously, the impact of tuning is uniform across different algorithms,
and the same can be said for constraints, these two choices for benchmark configuration
do not really matter when discussing solution quality & accuracy, in the sense that
conclusions made for either option can be applied to the others.

However, as we also showed, the choice of heuristic function affects each algorithm
individually in a different way. So, in order to keep comparisons valid and conclusions
consistent, we need to examine each heuristic function on its own with regard to quality
& accuracy.

To do so, we will use the same options for tuning and comparison usage in all three
heuristic function comparison sets, namely the “Fast” tuning and the “Off” option for
constraint usage.

Manhattan Distance
The following comparison set shows the benchmark configuration Fast-Off-MD, this time
with the focus being the actual performance of the algorithms compared to each other,
both in terms of solution quality and solution accuracy.

Figure 5.14 shows the solution quality of each algorithm (the Manhattan distance
heuristic value) as a function of input size. It is important to remember that in this case
we are talking about a minimization problem, so lower value is better.

We already explained that in terms of absolute heuristic value, it is hard to judge
algorithm performance based on just input size. The defect distribution plays a major
role in this. However, we can make some preliminary observations from this plot before
we proceed to the actual accuracy comparison:

• Genetic is strictly better than every non-exhaustive algorithm.

• Random behaves rather erratically in terms of solution quality, which is expected
given the algorithm’s definition.

• A very interesting result is the also erratic behavior of Partial in combination with
the fact that it differentiates quite a bit from Seeded. This can be attributed to
the fact that Partial has a completely random starting point, whereas Seeded has
the consistent result of Greedy as a starting point.

• We can also see that Seeded behaves quite consistently, which means that the
impact of the seeding point matters quite a bit for both Partial and Seeded.

• It seems also that Seeded for the most part improves its starting point, which is
the solution of Greedy.

• Greedy seems to generally provide a worse solution than other algorithms.

These observations should become more definite when the comparison is presented
in terms of accuracy against the exhaustive algorithms, presented in Figure 5.15. Here
we can make some more specific observations:
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Figure 5.14: Solution quality (heuristic value) comparison, Fast-Off-MD configuration

• Genetic consistently proves to be 100% accurate.

• Random has a rather low and inconsistent accuracy.

• Partial is indeed inconsistent in accuracy, but still maintains a rather high amount
of relative accuracy.

• Greedy shows a consistent decline in accuracy as problem size increases, and proves
to be the least accurate algorithm compared to the other algorithms, barring the
inconsistent behavior of Random which could make it worse than Greedy.

• Seeded always improves upon the accuracy of Greedy, which proves that the
idea for implementing Seeded indeed holds ground; a better solution is
usually a few steps around Greedy.

• Hybrid seems to be generally just as accurate as Seeded, but not consistently,
showing that focusing on a smaller window of states with a good starting point is
indeed a beneficial strategy.
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Figure 5.15: Solution accuracy comparison, Fast-Off-MD configuration

Throughput Loss
We now have to repeat the same comparison for the Throughput Loss heuristic function,
both for solution quality but also accuracy. Throughput Loss defines the problem as
a maximization problem, so for the following comparison in Figure 5.16, a larger value
indicates a solution of better quality.

For this heuristic function it would seem that the landscape it creates affects all
algorithms in about the same way. However, some preliminary observations can be
made:

• Genetic seems to be strictly better than all other non-exhaustive algorithms.

• Random does not show an erratic behavior, indicating an increased amount of close
to optimal local maxima in the state space.

• Seeded seems to have a better quality than Greedy.

• Hybrid seems to be close to optimality as well.
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Figure 5.16: Solution quality (heuristic value) comparison, Fast-Off-TL configuration

In order to view the situation in more detail and consistency, we also need to see the
same comparison in terms of accuracy, as shown in Figure 5.17.

Here some more specific observations can be made:

• Genetic and Partial show 100% accuracy.

• Hybrid also shows close to 100% accuracy.

• Seeded shows consistent improvement upon Greedy, and also very close to 100%
accuracy.

• Random shows low and inconsistent accuracy as expected.

• With the exception of the expected low accuracy of Random, Greedy seems to be
the least accurate algorithm, with a decaying trend.

Bubble Impact
The last heuristic function that we can compare algorithms with is Bubble Impact. As
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Figure 5.17: Solution accuracy comparison, Fast-Off-TL configuration

with Throughput Loss, this function describes the problem as a maximization problem,
which means that a larger heuristic value implies a higher solution quality. Figure 5.18
shows a comparison amongst algorithms in terms of solution quality.

As with Throughput Loss, this heuristic function’s landscape seems to affect all
algorithms in the same way. Some preliminary observations can be made:

• Random seems to be consistently worse than other algorithms.

• Greedy interestingly seems to provide the best results.

• It seems that there is not much differentiation in the quality of the solution amongst
the rest of the algorithms.

For a more detailed investigation, we need to study the comparison expressed in
terms of accuracy, as shown in Figure 5.19. Some more specific observations that can be
made are:

• Indeed, all algorithms seem to perform about as well, with the exception of Random
which, however, appears to be improving with larger input size, a fact that can be
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Figure 5.18: Solution quality (heuristic value) comparison, Fast-Off-BI configuration

attributed to a more smaller “period” of the landscape created by this heuristic
(i.e., the chunk that seems to be repeating itself is smaller and appears more
frequently than in other landscapes created by the other two heuristics).

• Greedy, Genetic, Hybrid and Seeded seem to be the best ones.

• Seeded proves to be better than Partial.

Cross-heuristic observations about the algorithms
Now that we have observed and studied the behavior of the algorithms under different
configurations and different landscapes, we can make some remarks about each algorithm
in terms of quality & accuracy:

• Greedy has turned out to be, in general, the least accurate solution, in different
landscapes and especially in the presence of constraints. However, it still maintains
in absolute terms a rather good accuracy, at least above 70%.
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Figure 5.19: Solution accuracy comparison, Fast-Off-BI configuration

• Hybrid is one of the most accurate solutions (keeping almost always above 80%),
which is to be expected given the fact that it inspects the largest fraction of the
state space compared to other state-space traversing algorithms.

• Partial proves inconsistent, which can be largely attributed to the fact that it has
a completely random starting point. However, it still maintains a higher degree of
accuracy than Greedy.

• Seeded seems to always improve upon the quality & accuracy of both Partial and
Greedy, which means that the idea behind its inception is a valid one.

• Genetic is the most accurate solution of all algorithms. It has proven to be just as
accurate as an exhaustive search, at least for the input sizes that allowed for such
a comparison. It is consistently the algorithm with the highest accuracy.

• Random has a low and inconsistent quality & accuracy, as was expected by the
definition of the algorithm. It is worth mentioning that all non-deterministic algo-
rithms proved to be consistently better than the purely random strategy.
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5.2.5 Simulated multiprocessor array performance

Finally, we decided to make some measurements in the experimental setup that was
described in section 4.3: Since we have the setup available to create any bubble-injected
processor that we wanted, and we could also simulate with cycle-accuracy their actual
performance, we could actually simulate a hypothetical 8x5 multiprocessor array with
defects, as it would perform had it been reconfigured by one of our algorithms.

For this measurement, we chose N = 8 to have enough processors for the algorithm
to reconfigure, and since the pipeline we extracted the Bubble Impact heuristic from in
the simulation had M = 5, we used an 8x5 array as our hypothetical multiprocessor
array.

We then employed the Genetic algorithm, which was the most accurate algorithm as
shown before, and in a second experiment the Greedy algorithm, which was the fastest
one, to solve our 8x5 defective array inputs. Since N = 8, the algorithms had to solve
7 different instances, with up to 7 working processors (as we explained, the case of 8
working processors means no defects). For Genetic, we used the “Accurate” tuning and
the “Off” setting for constraints for this measurement to see the best results that we
could get in terms of accuracy. For Greedy there are no parameters to set, so the only
relevant option is the constraint usage, which was set to “Off” like with Genetic.

The evaluation procedure was as follows: We provided both algorithms with the same
7 inputs to solve. We then used the procedure described in section 4.3 to create each
working processor that the algorithm provided in each problem instance. For example,
when Greedy provided a solution with 5 different working processors (each with a certain
bubble injection pattern), we created these 5 processors individually in Processor De-
signer with the dictated amount of bubbles injected. We then simulated the execution of
the three micro-benchmarks defined in section 4.3 and measured how many cycles were
needed for their completion. This was carried out for both algorithms in all 7 instances.

Since we know the initial amount of instructions in each micro-benchmark and how
long (in cycles) a processor with no bubbles needed to execute each micro-benchmark,
we can calculate the Instructions Per Cycle (IPC) for an ideal (baseline) processor. And
since we can also simulate and measure how many cycles a bubble-injected processor
needs to complete the same amount of instructions (same micro-benchmarks), we can
calculate its IPC as well. Since we also define each processor in the array to be indepen-
dent (in terms of instruction execution) from the others, we can simply add the IPCs of
all the processors in an array to get the total IPC of the entire array.

It is worth mentioning again here that the Bubble Impact heuristic expresses pro-
cessor performance in IPC, since it calculates an estimation of the reciprocal of the
cycles that a processor needs to execute a known benchmark, as shown in the heuristic
function’s formal definition in section 4.3. So since estimation and simulation produce
quantities using the same measurement units (IPC), we can actually compare them to
see exactly how close our estimations of (expected) performance cost were to the actual
(simulated) performance cost. This is an important piece of information since we have
stressed that heuristic accuracy is a determining factor in algorithm performance.

In Figure 5.20 we see a comparison of the IPC (y-axis) for each of the 7 instances
(x-axis) that the two algorithms solved, normalized to 100% per working processor. At
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each instance (each point on the x-axis) we show:

• The “ideal” IPC, which is the IPC that would have been obtained if we had x
amount of ideal (100% IPC) processors

• The “estimated” IPC, which is the IPC that the Bubble Impact heuristic calculated
for the array that the algorithm provided as an output

• The “actual” IPC for each benchmark, which is the IPC that we obtained for the
array with the simulation procedure described above.

• The “gap” from the simulated IPC results to the ideal state, expressed as a per-
centage.
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Figure 5.20: Heuristic accuracy: Bubble Impact IPC vs Simulated IPC

From it, we can make the following conclusions:

• As expected and mathematically proven in section 4.3, as the available working
processors increase, so does the IPC.

• The heuristic is actually very accurate - The estimated IPC is consistently close
to the actual IPCs obtained by simulation, for all instances in both algorithms. In
fact, they are 93.72% accurate for the IPC’s of Genetic and 91.75% for those of
Greedy, on average.

• We also observe that, in general, the arrays produced tend to follow the ideal state
rather closely with consistency (as indicated by the gap percentages shown on the
figure).

Using the same numbers that we obtained from these experiments, we can make
another useful comparison: How do the arrays obtained by the fastest algorithm perform,
compared to the arrays provided by the most accurate algorithm. In order to do that
comparison, we must view each micro-benchmark simulation separately since each of
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them has a different amount of instructions. For this comparison we show (in Figure
5.21) again the IPCs of each of the 7 arrays provided by the two algorithms in each input
instance, normalized to 100% IPC per working processor. At each instance (each point
on the x-axis) we show the “ideal” IPC as we defined it previously, and the IPC of the
array that Greedy and Genetic provided.
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Figure 5.21: Genetic vs Greedy vs Ideal IPC comparison

From it we can see that Genetic is consistently better than Greedy as expected by the
empirical evaluation results presented in the previous section. However, Greedy is not
that much worse, performing somewhat better than expected (i.e. closer to the results
of Genetic than expected) by the heuristic function as shown in the empirical evaluation
before.

5.2.5.1 The “special” case of bursty processing demand

It can be argued that IPC measurements give a picture that is somewhat unrealis-
tic/idealized, since it is a metric averaged over time. It could be that jobs come in
bursts, with a lot of idle time between each burst. This could mean that even though
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an array was reconfigured to have the maximum amount of processors possible, some of
them could be slow enough, that, given a bursty job demand, would not contribute to
the performance of the array at all. This can be the case for example when scheduling
the jobs on processors that are faster than others finishes those jobs in a smaller amount
of time than a more balanced job distribution.

To see the effects of this phenomenon, we decided to make the following calculations
from the results obtained from the previous experiment: We assume that there are only
as many jobs to be carried out as there were processors in the array before defects
arose, i.e. the minimum amount possible that would utilize all the (initially) available
processors. In our case, this means that we assume that only 8 jobs (8 executions of
a micro-benchmark) were to be carried out on the processor array. Then, using the
cycles that we measured before (each processor, of each array at each instance, for each
algorithm) we can, by manually performing an optimal scheduling of these jobs, find out
how many cycles in total would be needed to complete all 8 of them in each case. Again,
since each micro-benchmark has a different amount of instructions, we need to do this
comparison for each micro-benchmark individually.

The results of this comparison are shown in Figure 5.22, where we show the total
amount of cycles per instance, for the two algorithms as well as the ideal cycles. In this
case, ideal means the cycles that x ideal processors would need to carry out the 8 original
jobs. From it, we can see the following:

• Naturally, by adding more processors the total cycles needed to complete 8 jobs
decrease.

• Indeed, the effect of adding more processors in the case of bursty processor demand
seems to follow a diminishing returns trend: The more we approach the state
where there are no defects, the less impact each new processor has. Or, inversely,
the first processors that are knocked out due to defects cost less for the overall
performance penalty. The more processors that are lost however, the impact of
losing an additional processor becomes greater.

• It can be that the reconfigured array needs no more than the ideal amount of
cycles, exactly because the optimal scheduling determined that defect-free (ideal)
processors (if any existed in the reconfigured array) were to be assigned more tasks
than others.

• Greedy and Genetic perform almost the same, and sometimes Greedy proves even
better than Genetic. This is because of the fact that Genetic is asymptotically
better than Greedy. This means that, for small enough time periods such as the
scheduling of only 8 jobs instead of constant processing demand, it can provide
solutions that prove worse in the short term. As shown however previously, the
same solution proves to be better in the long term.

5.3 Conclusions

In this chapter we described the experimental setup that was used to evaluate our ap-
proach presented in chapter 4. We defined exactly what we would measure and how,
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Figure 5.22: Genetic vs Greedy vs Ideal cycles (bursty demand)

and proceeded to present these measurements. We then also provided some conclusions
based on the results that we obtained, for each metric that we evaluated. Additional
discussion and further conclusions based on the evaluation results are given in the next
chapter (chapter 6).



Conclusions 6
In this thesis, we attempted to approach the problem of exploring the vast amount
of reconfiguration options in an adaptively defect tolerant multiprocessor array, and
designing a way to produce an optimal or close to optimal solution to this problem.
Challenges included the formal definition of the problem as a computational problem,
defining performance metric approximations that would work well in as many scenarios of
architectural designs and interconnect choices as possible, the exploration and addressing
of the architectural issues that arise from an adaptive computer architecture for the
purposes of simulation, the design of algorithms that can perform with reasonable time
and space (memory) complexities and provide optimal or close to optimal solutions, and
the empirical evaluation of our approach so that meaningful conclusions and observations
can be made.

6.1 Conclusions on the evaluation results

Our results indicate that even though the reconfiguration options are many, the problem
can be addressed by our algorithms and be solved in reasonable time. The fundamental
trade-off that was detected from the problem definition between solution quality and
time complexity was verified by the empirical evaluation of our algorithms, but we believe
the cost in terms of time complexity to be worth paying in order to provide a better
configuration.

During the empirical evaluation we saw the confirmation of many of the predictions
made during the description of our approach:

• The problem indeed shows the typical behaviour of combinatorial explosion.

• The fundamental trade-off is as expected, between solution quality and time com-
plexity. Space complexity (memory usage) remains within easily manageable limits.

• Different landscapes affect the performance of algorithms in different ways.

• We can indeed exploit the periodicity of the landscape to gain algorithmic speed,
as shown by the empirical evaluation of Partial.

• Greedy will almost always provide a very fast solution but with the least accuracy.

• The solution provided by Greedy can be almost always improved by a few tweaks,
as the quality evaluation of Seeded shows.

• The Genetic algorithm performs better than all other algorithms in terms of solu-
tion quality & accuracy, as expected from the fact that it is not hindered by the
difficulty of various landscapes.

87
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• A completely random search pattern as exhibited by Random will have worse
performance than the other non-deterministic algorithms. In other words, clever
non-deterministic methods are worth implementing instead of just leaving it all to
chance.

• The Bubble Impact heuristic is a very accurate estimation of what the IPC per-
formance of an array would be in practice.

The problem of algorithm selection has been studied and formulated as a computa-
tional problem in itself [21]. Given the trade-off between speed and accuracy based on
the empirical evaluation we presented, the Genetic approach when solution quality is the
critical factor is the most suitable approach. The Greedy strategy is more appropriate
when speed is the most important factor, and when a fair trade-off between the two is
sought after, the Seeded algorithm, or a faster tuning of the Genetic algorithm can be
applied.

6.2 Thesis contributions

This thesis addressed a number of challenges regarding the design of adaptively defect
tolerant multiprocessor arrays. The main contributions of this work include:

1. The proper definition of the problem as a formal computational problem in the
combinatorial domain.

2. The definition of three general approximations for performance with varying de-
grees of architectural and interconnect knowledge integrated into these approxima-
tions.

3. The study and addressing of the architectural issues that arise from adaptively
defect tolerant processors, for the purpose of simulation.

4. The design and implementation of eight heuristic search methods to address the
issue of reconfiguration options.

5. The empirical evaluation of these implementations in order to reach useful conclu-
sions.

Some key statistics from this work are:

• The problem size: 1019 candidate solutions at the largest input

• Optimal solution obtainable within 2.5 seconds, by the Genetic algorithm

• At least 70% of optimal within 10−4 seconds by the Greedy algorithm

• Cost estimations that are at least 91.75% accurate

• Solutions within 65% – 85% of the ideal state
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We believe that the combination of defect tolerance and multiprocessor array design
is a design paradigm that will become more prominent as technology scales, and that
research in this field will draw increasingly more focus as we reach the limits of our
current implementation technologies in terms of reliability and lifespan. This thesis is
our contribution towards that direction, and we hope that it will prove to be a useful
research resource within this field.

6.3 Future work

Some areas that can be further researched in this work include the investigation of other
problem domains as a way to formulate this problem as a computational problem, as
mentioned in section 4.1. It could be that a better choice in the trade-off lies within the
linear programming domain, or the graph colouring domain, etc.

We also believe that the design choices for our algorithms can be further explored:
Their parameters can take many different values that may impact their performance in
ways that we did not expect. A systematic design exploration of the algorithm parame-
ters in the context of this problem is a path that is worth investing research on. Perhaps
even methods from Artificial Intelligence such as Machine Learning can be applied to
finely tune the algorithms for specific demands.

The heuristic functions can always be improved to provide more accurate approxi-
mations. As we already mentioned, in the case of application specific processors, the
heuristic function extracted from processor simulation could be carried out with the
actual application code that the processors were designed for.

Of course, more algorithms could always be designed & implemented. The field of
heuristic search provides a vast amount of options in respect to algorithm choice.

We also saw that scheduling policies have an impact on the performance of the array.
There is extended research in the field of multiprocessor array scheduling, and methods
from that field could be applied either to make heuristics more accurate or to extend the
performance capabilities of a defect tolerant multiprocessor array.

Finally, it is worth investigating the architectural issues of a completely dynamic
processor that can reconfigure itself on the fly when injected with variable amounts of
bubble stages, as well as perhaps investigating the possibility to share stages between
processors.
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Appendix: Extensive
Evaluation A
Here we present the extensive evaluation results, for every array size, every benchmark
configuration and every measurement. They appear in the following order:

1. Landscape plots1

2. Execution time plots

3. Solution quality plots

4. Solution accuracy plots

A.1 Landscape plots
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1Plots for input sizes 8x5 and 8x4 are shown until k = 2 for readability’s sake
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A.2 Execution time plots
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