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Abstract
Abstract
The research into metabolic pathways (MP) has only just begun. The need for fast tools
that can deal with the major calculations in this field of work becomes clearer and clearer.
Not only speed is an issue in these calculations but also the accuracy. In this thesis we
will introduce an algorithm to compute how two given metabolic pathways relate to each
other. There are several algorithms that address the same question but no algorithm is yet
as widely adopted as for example BLAST [0] is for sequence aligning. We abstract from
MPs with graphs, which is quite common. The graphs themselves are often too complex
to compare so we have to simplify.
We only look at the enzymes and relations between those enzymes. For every two nodes
in the graph we calculate the distance and compare this distance with the distance in the
other graph. We only compare paths where the start points, as well as the endpoints, have
a relation with each other. From this information we calculate a score that indicates how
well two graphs look alike. Our algorithm is a parallel algorithm from which we have
implemented a prototype on a cluster.

Samenvatting
Samenvatting
Onderzoek naar metabole netwerken staat nog in de kinderschoenen. Er is een groot
tekort aan goede tools die kunnen omgaan met de enorme berekeningen. Deze tools
moeten niet alleen snel zijn, maar ook nauwkeurig.
In dit afstudeerverslag introduceren we een algoritme dat berekend hoeveel twee
metabole netwerken op elkaar lijken. In de literatuur zijn enkele voorbeelden die
hetzelfde doen, maar geen enkel algoritme is onderkend op een manier zoals BLAST[0]
dat is voor sequence aligning.
We abstraheren van metabole netwerken met behulp van grafen. De grafen zijn over het
algemeen erg complex. We kijken in dit afstudeerverslag alleen naar enzym-relatie
grafen. Voor elk paar knopen in de graaf berekenen we de afstand en vergelijken deze
met een afstand in de tweede graaf. We vergelijken alleen paden waar de beginpunten
een relatie hebben en waar de eindpunten een relatie hebben. Met deze informatie
berekenen we een score die aangeeft hoeveel de twee grafen op elkaar lijken. Het
voorgestelde algoritme is een parallel algoritme, waarvan we een prototype gemaakt
hebben voor een cluster.
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Chapter 1
Introduction
1. Introduction
The research, which is the subject of this paper, was undertaken as part of my study
Computer Science at the Technical University Eindhoven. The research was done at the
faculty Bio Medical Technology (BMT) of the Technical University Eindhoven.
The combination of a medical environment combined with computer science was not new
to me. I finished my HTS with an assignment at Philips Medical Systems. There I
experienced how computer science can really help constructing great machines that can
help doctors help more people, faster and with a better diagnosis. The fundamentals for
those machines are, among others, subject of research within the faculty of BMT. During
my study I got interested in the aspects of parallelism and therefore chose this direction to
finish my study. The assignment is a combination of the two.
One of the challenges in life science is to uncover the fundamental design principle that
provides the common underlying structure and function in all cells and microorganisms
[1]. Computer science is contributing to the research in life science. For example, in 2001
a complete map of the human genome has become available. Without computer science
researchers could not have achieved this.
The research question we are trying to solve is the following:
“Find a parallel algorithm for comparing metabolic pathways”
There are three elements in this research question.
- parallel algorithm
- comparing
- metabolic pathways
The first element “parallel algorithm”, states that we want to use parallelism. The second
element “comparing”, reveals that we want to look how similar metabolic pathways are.
This second element plays a dominant role in the formal specification. The third element
“metabolic pathways” is about the objects of our research.
One reason why we are interested in comparing metabolic pathways is that people are
really curious how the world became as it is today. With the knowledge we have today
about life-science we can trace back the evolution-steps by looking at metabolic
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pathways. Another reason we are interested in comparing metabolic pathways is that it
helps to speed up the research in drug discovery.
Metabolic pathways help in understanding the complex underlying structures. Already
many algorithms and tools have been developed in the research of metabolic pathways
but there is no algorithm widely accepted as BLAST[0] is in sequence aligning. We aim
at some algorithm that is for metabolic pathways, what BLAST is for sequence aligning.
The difficulty with this project is that it was completely new. This was also a challenge.
I defined a scoring function between two graphs, based on the length of paths in both
graphs. With this function as input I constructed a parallel algorithm from existing
elements and some new elements. From the algorithm I created a prototype that
calculates the score between two graphs. I hope that analysis of the program shows that
parallelism can be a solution to solve this problem in a reasonable amount of time.
In chapter two we start of with the concepts that are part of the environments we worked
in. We introduce parallelism, message passing and our programming notation. Chapter
three is where we formulate our algorithm through a formal specification. In three
subsections we describe the different parts of the algorithm. We conclude chapter three
with the pseudo code of the algorithm. In chapter four we describe the system
environment of the algorithm. We describe agglomeration, our message passing system,
the way we distribute the processes and a network layer. Testing is the subject of chapter
five. We describe the metrics used and formulate our test cases. In chapter six we present
the results from the test cases. Finally, in chapter seven we present the conclusions and
give some suggestions for further research.

1.1. Goal
Our goal is to design and implement a parallel algorithm for comparing two metabolic
pathways. The result will be a score that indicates how well two metabolic pathways look
alike. This score gives a researcher an indication to investigate the metabolic pathways in
more depth. We abstract from metabolic pathways using graph theory.

10
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Chapter 2
Concepts
2. Concepts
In literature, the notion of graphs and networks are often used interchangeably. In order
not to get confused we make a distinction we follow throughout this thesis.
With graph we mean an abstraction of reality where nodes represent objects and edges
represent connections between those objects.
With (computer) network we mean a physical network of processors and links. Processes
executed on the processors can send and receive messages over the links. The underlying
network topology of the network is a graph.
In the rest of this chapter we discuss some of the concepts we use as starting points of this
thesis. In section 2.1 we explain our approach using the concept of parallelism. The
concept of asynchronous message passing is discussed in section 2.2. We introduce the
programming notation we use in our abstract programs in section 2.3. Finally, in section
2.4 we discuss a number of graphs we use throughout this thesis.

2.1. Parallelism
A parallel program specifies two or more concurrent processes that cooperate on
performing a task. Each process is a sequential program that executes a sequence of
statements. Processes cooperate by communication, in other words, sending and
receiving messages to and from each other. Processes are mapped on processors, where
several processes can be mapped on one and the same processor.
The following example shows what we can achieve by using parallelism.
Example 1
Consider the following equation for the summation of a sequence of N numbers.
N −1

Sum( sequence) = ∑ sequence[i ]
i=0

In this example, assume that every process is mapped on a different processor; we
therefore can talk about processors instead of processes.
Using one processor, this calculation takes N operations. If we divide the sequence into
two parts and let each part be calculated in parallel on two different processors and
merge the results, it will take N/2 + N/2 + 1 operations. But because the two processors
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work in parallel with the N/2 operations, it will only take half of the time to do those
operations. There will be some overhead for distributing the sequences to the different
processors. In Table 1 we see what happens if we use 4, 8 or even 16 processes.
# processors #number of calc/processor Combining the results (# calc)
1
N
+0
2
N/2
+1
4
N/4
+3
8
N/8
+7
16
N/16
+15
Table 1. Distribution of calculations when the number of processors increase.

One of the key issues in parallel design is to decompose the problem into parts that can
be executed in parallel.
We use parallelism to solve our problem because we have a very large data set with
thousands of parts and therefore sequential computation would take a long time.

Cluster
The cluster we use is a seventeen nodes cluster, called “sandpit”, where every node has a
533 Mhz processor. It is connected through a 100 Mbps switch. The underlying network
topology can be seen as a fully connected graph of seventeen nodes. More information
see [2].
Supervisor-worker
The network we use to distribute our data is the so called supervisor-worker (or
master\slave) network. In this network there is one supervisor that initiates the
computation. The network topology is a star-shaped graph with one bidirectional edge
to every process.

Figure 1. One supervisor (S) with many workers (W).
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The responsibilities of the supervisor are the following:
- Interaction with the user;
- Activation of the workers;
- Assigning work to the workers;
- Collecting results from the workers.
The workers are activated by the supervisor to perform calculations. Workers are
called independent if they do not communicate with other workers, which is the case
in the summation example.
The supervisor-worker network is the network we use for the distribution of the work
to the processes.

2.2. Message passing
Message passing is a communication model that uses send and receive primitives to
exchange data between processes. There are two flavors, synchronous message passing
and asynchronous message passing. In synchronous message passing processes are
delayed when the other process is not ready for the communication. A process doing a
send is delayed when the receiving process is not ready to receive. Also a process ready
to receive is delayed when the sending process is not ready to send. In asynchronous
message passing processes are not delayed when the other process is not ready to receive.
So the send and receive cause no synchronization and a message might be arbitrarily later
received after it was sent.

Assumption
We use asynchronous message passing.
Motivation
We do not want to introduce any delay when not necessary.
A disadvantage is that, because the performance characteristics of the processors vary,
you can not state much on the arrival times of messages. The process has to frequently
check if there are messages pending on the input port.

2.3. Programming notation
We use the programming notation as proposed in [3]. We introduce channels, the send
and receive primitives on channels and the function empty.
Communication channels are unbounded queues of messages. A process appends a
message to the end of the queue by executing a send statement. The queue is unbounded
so execution of send does not block the sender. A process receives a message from a
channel by executing the receive statement. Executing of receive delays the receiver until
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the channel is non-empty; then the message at the front is removed and stored in a data
structure local to the receiver.
Channels can be seen as semaphores that carry data. The send and receive primitives are
like the P and V operations with the number of queued ‘messages’ being the value of the
semaphore.
We see the channel as a queue of messages that have been sent but not yet received.
A channel declaration has the form:
chan ch(id1 : type1, …, idn : typen)
ch:
the channels name.
idi:
name of the data field.
typei: type of the data field
If we want to declare an array of channels from 0 to N we write
chan ch[0,N](id : int)
A process sends a message to a channel ch by executing:
send ch(expr1,…,exprn)
expri: expressions whose type must match the corresponding fields in the
declaration of ch.
Because the queue is unbounded, send is a non-blocking primitive.
A process receives a message from a channel ch by executing:
receive ch(var1, … varn)
vari:

variables whose type must match the corresponding fields in the
declaration of ch.

A receive delays if the queue is empty, so receive is a blocking primitive.
Sometimes we do not want a processor to be delayed, because the processor can do other
work while waiting for a message. To determine whether a channel’s queue is empty, a
process can call the function
bool empty(ch)
which is true if the channel is empty and false otherwise.
Channels are reliable and error-free. Messages send to a channel are eventually delivered
and not corrupted. The queue is a first in/ first out queue, so messages are received in the
same order they where sent.
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2.4. Graphs
We abstract from metabolic pathways by the use of graph theory[4]. In this thesis we use
the following definition of a graph.

Definition 2-1
A graph G=(V,E) consists of a nonempty set V of vertices and a finite set E ⊆ V ×V of
edges.
In the remainder of this chapter we introduce our graph abstraction of a metabolic
pathway, the enzyme-relation graph and a real-life example that we use to demonstrate
our algorithm. We also introduce to other concepts of graphs, the path graph and the
scale-free graph. We use the path graph and the scale-free graph to demonstrate and test
the algorithm.

2.4.1. Enzyme-relation graph
We use the information that is stored in a database called the Kyoto Encyclopedia of
Genes and Genomes[5] (KEGG) to generate an enzyme-relation graph from a metabolic
pathway. When we mention metabolic pathways we mean the way they are interpreted in
KEGG.
An enzyme-relation graph is an abstraction of a metabolic pathway. In the metabolic
pathway there are two kinds of vertices, compounds and enzymes, and also two kinds of
connections, reactions and relations. Relations are between enzymes and reactions are
between compounds. A relation has a compound associated with it and a reaction has an
enzyme associated with it. Basically metabolic pathways are two merged graph structures
that are closely linked together. So a metabolic pathway has already a graph-like
structure, but as we just described it, is very complex and therefore hard to handle.
There are two obvious ways to abstract from the complex graph-structure of metabolic
pathways. Either you choose the compound-reaction graph or the enzyme-relation graph.
The main differences between the compound-reaction graph and the enzyme-relation
graph are that the compound-reaction graph is a directed graph with hyper-edges and the
enzyme-relation graph is an undirected graph with normal edges. Purely for simplicity we
chose the enzyme-relation graph.

Real world example
We choose to compare the citrate-cycle of the mus musculus, better known as the house
mouse, and the rattus norvegicus, better known as the Norwegian rat, to test our
algorithm. The citrate-cycle is a good candidate to test our algorithm because it has all the
properties a metabolic pathway can have including a cycle, but is not extremely large. We
choose to compare the rat and the mouse because it is known that although they belong to
different species, they have a common ancestor and therefore are related. We expect that
the two pathways have a high resemblance.
\Department of Biomedical Engineering
\Department of Mathematics and Computer Science
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2.4.2. Path graphs
We use the concept of path graph to demonstrate our algorithm because it is a very
simple structure and most properties of our algorithm can be explained by it.

Definition 2-2
A simple path is a sequence of edges (v0 , v1 ) , (v1 , v2 ) , … , (vn−1 , vn ) , where v0 ≠ vn and no
vertex is repeated.
Definition 2-3
The path graph Pn is the n-vertex graph with (n-1) edges, all on a simple path.

2.4.3. Scale-free graphs
Metabolic pathways have a structure that resembles scale-free graphs [6]. For that reason
we chose scale-free graphs to demonstrate and test our algorithm. This gives insight in
behavior, scalability and performance of our algorithm.
The structure of scale-free graphs is discussed using the number of connections of a
vertex as a parameter. This is called the degree.

Definition 2-4
The degree of a vertex v in a graph G, denoted deg(v), is the number of adjacent vertices
(neighbors).
In a scale-free graph most vertices have a very low degree and a few vertices have a very
high degree, called hubs. The number of neighbors follows a power-law.
The probability P(k) that a vertex in the graph has k neighbors, follows as a powerlaw:
P ( k ) ~ k −γ
The degree exponent γ depends on the detail of graph structure, but for most scale-free
graphs it is in the range 2 < γ ≤ 3.
We will not try to give a good definition of scale-free graphs or attempt to give an
algorithm to generate them. That is a complete study of its own. We will use a simple
strategy that generates graphs that mimics scale-free graphs.

16
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Figure 2. Scale free graph with 4 hubs.

As we look at scale-free graphs (as in the picture above) we see that is consists of
connected tree-like structures. This gave us the idea to generate a scale-free graph from
the concept of a tree.

Definition 2-5
A tree is a connected graph with no cycles.
We generate a scale-free graph of N vertices with H hubs by generating H trees and
connect the H trees with H-1 edges. We let every tree be roughly the same size. Either
N 
N 
 H  or  H  . We choose our tree sizes in such a way that all N vertices are exactly part
of 1 tree.
This gives us a very sparse scale-free graph. By adding some more random edges we get
a less sparse graph. For a dense scale-free graph we follow another strategy. We generate
H total connected sub-graphs in stead of trees, connect them with each other and remove
edges.
A property of scale-free graphs is that a few nodes (the hubs) have many connections and
the other nodes have only a few connections. To guarantee that our scale-free graphs
follow this property we have a variable δ we can adjust to set the minimal difference in
degree size between a hub and another node.
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Chapter 3
Algorithm
3. Algorithm
In this chapter we describe the development of our algorithm. We start with the
derivation of a formal specification of the algorithm in section 3.1. From this formal
specification we can distinguish three subparts: the calculation of the distance, the
calculation of the distance ratio and finally the calculation of the score. The calculation of
the distance is the topic of section 3.2, where we discuss and adapt the shortest path
algorithm of Misra and Chandy[7]. In section 3.3 we discuss the distance ratio and adapt
our solution of section 3.2. In section 3.4 we discuss the final step, the calculation of the
score, where all sub-results are combined. Then we transform our algorithm into pseudocode using the programming notation introduced in section 2.3.

3.1. Formal specification
In this section we present the formal specification and how we have obtained it. It is well
known that comparison of graphs is a difficult problem. For instance, the problem if two
graphs are isomorphic, which is called the graph isomorphism problem, is believed to be
NP-complete. Therefore we decided we want to calculate a score S over two given graphs
G1 and G2 that gives an indication how similar graphs G1 and G2 are. Besides the two
graphs G1 and G2 there is extra information on the objects that the vertices of the graphs
represent. This information can be seen as a label. Labels are more alike when the objects
are more alike. We illustrate this with Example 2. While we have these labels, we do not
have to check every possibility, but only the possibilities that involve nodes that have
common labels. So it seems we have an easier problem than the graph-isomorphism
problem.

Example 2
Consider the five objects a, b, c, d and e, for which we know that they are all rectangles.
We have extra information on the objects. We have the length and the width of the
objects. From the extra information we obtain the following four statements.
a.lenght = b.length ∧ a.width = b.width
a.length = c.lenght ∧ a.width ≠ c.width
a.length ≠ d .lenght ∧ a.width = d .width
a.length ≠ e.lenght ∧ a.width ≠ e.width
We can now conclude that, compared to a, b is exactly a, and c and d are more like a
than e.
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Every vertex has a label that identifies it as an object. If two vertices have exactly the
same label then we assume that they are exactly the same object. If two vertices have
roughly the same label then we assume that they are roughly the same object. The more
labels look alike the more the vertices are related. We capture this intuition of similarity
this with the relation R. We write (v, w) ∈ R , if vertices, v ∈ G1.V and w ∈ G2 .V have
related labels, and thus represent related objects.
In general, the relation R could give exactly one related object w for a given v, or a set of
related objects. For example in the context of metabolic pathways one can choose only to
let the best BLAST-value [7] of enzymes v and w define the relation R, or all the BLASTvalues of enzymes v and w that are above some threshold. The latter increases complexity
of the problem enormously because we have to take a set into account in the calculations
in stead of a single value. For simplicity reasons we assume:

Assumption
Relation R is a bijection .
We write R(v)=w iff (v, w) ∈ R .
The score S between two graphs should have meaning in the broader context because we
want to be able to compare results of different calculations with each other. This means
that the bounds of S should be independent of the data. Our goal is to give an indication
to which extent two metabolic pathways look alike. In other words, we want to calculate
the proportion between two metabolic pathways. Proportions are bounded by zero and
one.
0 ≤ S ≤1
A natural way to define similarities is to look at some properties of subparts of the graph
and compare those parts between the two graphs. This subpart could be for example a
vertex, an edge, or even a sub-graph. We are going to develop the similarity function S in
a stepwise manner. We start with the following equation that states that the score S over
two graphs, G1 and G2, is the combined score S’ over the sub graphs.

S (G1 , G2 ) =

∑ S ' ( A, B)

A⊆G1 , B ⊆ G2

We decided to look at a simple sub-graph with a regular structure, the path graph. We do
not want to compare every path in G1 with every path in G2. We use the labels to only
compare paths where the begin vertices v and w are related and the end vertices v’ and w’
are related, i.e. (v, w) ∈ R and (v' , w') ∈ R .

S (G1 , G2 ) =

∑ S ' ((v, v' ), ( w, w' ))

, where (v, w) ∈ R and (v' , w') ∈ R .

v ,v '∈G1 .V , w , w '∈G2 .V

20
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We choose to look at one property of a path: the length.

Definition 3-1
We define the length of a path as the number of edges of which the path consists.
We want to minimize the number of paths we need to compare. We only look at lengths
of the shortest paths between vertices. This is known as the “distance” between vertices.

Definition 3-2
The distance d(x,y) between two vertices x and y in a graph is the length of a shortest
path between them.
We are looking for a function S’’ on the distances of two paths.
S ' ((v, v' ), ( w, w' )) = S ' ' (d (v, v' ), d ( w, w' ))

, where (v, w) ∈ R and (v' , w') ∈ R .

S’’ is a function on v, v’, and R. There are many possibilities for the function S’’. We
first look at the function S’’ = d ∆ (v,v’,R) that calculates the delta-distance.

d ∆ (v, v’, R) = d (v, v') − d (R (v), R(v' ) )
Definition 3-3
The eccentricity of a vertex v, called ε , in a connected graph is its distance to a vertex v’
farthest from v.
The range of d ∆ is between 0, which means that both distances are equal, and the largest
eccentricity of v and R(v). This is the case if one of the distances is minimal (zero) and
the other one is maximal.

0 ≤ d ∆ < max(ε (v), ε ( R(v)) )
This means that the range of every d ∆ depends on the eccentricity of the vertices.
Because of this we could get the effect illustrated in the following example:

Example 3
Assume we have a path v,v’, where d(v,v’) is 2, d(R(v),R(v’)) is 1, and therefore delta
length d ∆ is 1. For another path w,w’ ,with d(w,w’) is 100, d(R(w),R(w’)) is 99, delta
length d ∆ is also 1. If the first case 50% of the edges is not equal, in the latter case 1%
of the edges is not equal. In the delta-distance calculation they have the same effect on
the score while the latter has a high similarity and the first has a low similarity.

Conclusion: d ∆ is not a proper choice for S’’.
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So we look at the function d ρ that calculates the ratio between the distances.

dρ =

d (v, v')
d (R(v), R (v' ) )

, where d (R(v), R(v' ) ) ≠ 0 .

If we assume that d(v,v’) is smaller than d(R(v),R(v’)) than the range of d ρ is larger than
0, which is an asymptote, and smaller or equal to 1, where equal to 1 means that both
distances are equal.
Let us consider the effect we saw in example 3. For d(v,v’) is 2 and d(R(v),R(v’) is 1 we
get a ratio d ρ of 0.5 and with d(w,w’) is 100 and d(R(w),R(w’)) is 99 we get 0.99. So the
latter has a larger effect on the score, which is good because it has a larger similarity.
The assumption we made of d(v,v’) is smaller than d(R(v),R(v’)) is easily solved by
taking the minimum of d(v,v’) and d(R(v),R(v’)) and dividing it by the maximum of
d(v,v’) and d(R(v),R(v’)).

S ' ' (d (v, v' ), d ( w, w' )) =

(v, w) ∈ R

min (d (v, v' ), d ( R (v), R (v' )) )
max (d (v, v' ), d ( R (v), R (v' )) )

, where

and (v' , w') ∈ R and d (R(v), R(v' ) ) ≠ 0 .

If we substitute S’’ for S’ and S’ for S we get

S (G1 , G2 ) =

∑

v ,v '∈G1 .V
v ≠v '

min (d (v, v' ), d ( R (v), R (v' )) )
max (d (v, v' ), d ( R (v), R (v' )) )

There are two problems with this equation. The first has to do with the bounds of S. We
sum up the ratios of all paths (v,v’) compared to (R(v),R(v’)). To restore the bounds we
1
have to multiply the ratios with
.
V1 ⋅ V2
The other problem is that we have d (R(v), R(v' ) ) ≠ 0 . This is only the case if v’=v, since
we have that R is a bijection. We will exclude this case.

Definition 3-4
We define S as the similarity score on two given graphs G1, G2 based on the ratio of
distances between paths
S (G1 , G 2 ) =

1
min (d (v, v' ), d ( R (v), R (v' )) )
⋅ ∑
V1 ⋅ V2 v ,v '∈G1 .V max (d (v, v' ), d ( R (v), R (v' )) )
v '≠ v
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A low similarity score, close to zero, means that graph G1 and graph G2 have low
similarity, where a high similarity score, close to one, means that graph G1 and G2 have a
high similarity.
We can distinct three subparts:
the calculation of a distance d
the calculation of the distance ratios, and
the calculation of the score by taking the sum and dividing it by the number of
vertices.
These subparts are the topics of the next three chapters.

3.2. Distance
For the calculation of the distances in a graph we adapted the distributed single source
shortest path algorithm of Chandy and Misra [ref] into a distributed all pairs shortest path
algorithm. The algorithm of Chandy and Misra deals with a network where the
underlying network topology is a weighted, directed graph in the presence of negative
cycles. Our graph is an unweighted, undirected graph that has no negative cycles. The
latter simplifies the termination detection algorithm that is embedded in the algorithm of
Chandy and Misra.

3.2.1. Distributed single source shortest path algorithm
The objective of the distributed single source shortest path algorithm is to let all
processes have available the shortest distance to a source process. The network has one
source process that initiates the algorithm, we call this process p1, and N-1 other
processes pi that calculate the distance to this source process. The network topology is an
undirected connected graph where every node can only communicate with his direct
neighbors.
Each process pi, as well as process p1, has three attributes, d, pred and num.
d
The shortest length of a path between the node v1 and a node vi known to process
pi at this point in the computation. d=¶ if no length message has been received.
pred the predecessor from which the length d was received. pred is undefined if d=¶
and i=1.
num The number of messages sent by pi for which no ack has been received so far.
Processes can send and receive two kinds of messages. A length message and an ack
message. wi,j is the weight of edge i,j.
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Process p1
The root process sends an initial message (w1,k, pk) to all succesors pk, sets num to |pk| 1
and waits for the acknowledgements(ack). If all ack’s are received, and therefore num=0,
all distances are calculated and process p1 can terminate.
It is possible that a length message (s,pi) arrives at p1 .p1 response is to send an ack to pi.

Process pj, (j ≠ 1)
Process pj can receive two kinds of messages, a length message or an ack message.
Upon receiving a length message (s, pi):
The process determines if the messages denotes a new shortest path. If so, it sends an ack
to the old pred, updates d and pred with respectively s and pi and sends the length of this
new shortest path, incremented with wi,j, to all successors vk of vj. num is incremented
with |vk|. If the message does not denote a shorter path an ack message is send to pi.
In the algorithm of Misra and Chandy there are several of cases where an ack can be
send. We will not discuss these because in our algorithm we do not have to deal with
negative cycles and therefore an increment of num can never lead to the case that num
becomes zero.
Upon receiving an ack message:
The variable num is decremented and if it reaches zero the ack message to pred is sent.
If the algorithm has terminated, every vertex knows the shortest path to v1.

Example 4
Figure 3 shows the state sequence of four processes from a larger system. Solid lines
indicate a direct path from a vertex to another. Dotted lines indicate that there is a path
from one vertex to another. Active vertices and changing cells in the matrices are filled
gray. Messages are indicated with arrows. For simplicity all weights are 1. The system
starts in an initial state (a) and P1 initiates the algorithm (b). The system terminates when
the final state (o) is reached. From this example we can conclude that the number of
messages is large but the size of the messages is small. We have to see if the message
load will not become the bottleneck in our algorithm.

1

| x | is the number of items in set x.
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Figure 3. Example single source shortest path algorithm of Misra and Chandy.
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Figure 4. Example single source shortest path algorithm of Misra and Chandy (con’t).

26
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3.2.2. Distributed all pairs shortest path algorithm
In the algorithm of Misra and Chandy every vertex has the shortest path to the source
node v1 when the algorithm terminates. What we need is that every vertex knows the
shortest path to all other vertices.
The idea is that every vertex initiates its own single source shortest path algorithm. For
this purpose we adapt the variables d, pred and num into vectors of length N, where N is
the network size. To determine which d, pred and num we have to work with, the initial
message is extended with a field id=pi. Because we don not have weighted edges, we
choose our weight wij=1 and from now on we will not mention this weight any more.
Every process initiates the algorithm, so we do not distinguish between a process p1 and
process pi.
Each process pi has three vectors, d, pred and num.
did
The shortest length of a path between vid and vi known to process pi at this point in
the computation. did=¶ if no length message has been received.
predid the predecessor from which the length did was received. predid is undefined if
did=¶ and i=id.
numid The number of messages sent by pi in benefit of paths to vid for which no ack has
been received so far.

Process pj:
The process pj sends a (1,j, pk) to all succesors pk, sets numj to |pk| and waits for the
ack(j)’s. If all ack(j)’s are received, and therefore numj=0, all processes pi (j≠ i) know the
distance to pj. pj can terminate if numj=0 for all id.
Just as in the original algorithm process pj can receive length messages and ack messages.
If a length message (s,id ,pi), with id=pj, arrives at pj an ack(id) is sent to pi.
Upon receiving a length message (s, id, pi) with id <> pj:
The process determines if the messages denotes a new shortest path. If so, it sends an
ack(id) to the old predid, updates did and predid with respectively s and pi and sends this
new shortest path, incremented with one, to all successors vk of vi. numid is incremented
with |vk|. If the message does not denote a shorter path an ack(id) message is send to pi.
Upon receiving an ack(id) message:
The variable numid is decremented and if it reaches 0 the ack(id) message to predid is sent.
If the algorithm has terminated every vertex knows the shortest path to vi, 0<i<N.
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Example 5. Three states of the all pairs variant.
To show the changes with the algorithm single source algorithm this example shows the
initial state (a), the initiation of the algorithm (b) and the final state (c) of the system of
example 4. The other states are to complex to follow, but imagine that the flow of
example 4 is now simultaneously done for all vertices. As you can see in (b) not all
vertices have their initialization step at the same step since we have an asynchronous
system.

Figure 5. Some states of the all-pairs algorithm.

In the appendices we added a proof sketch of the correctness of this algorithm.

3.3. Distance ratio, dr
We have adapted the algorithm of Misra and Chandy from a single source shortest path
algorithm to an all pairs shortest path algorithm. With this algorithm we calculated all
distances v,v’. The next step is to calculate the distance ratio’s. To be able to calculate

dρ =

min (d (v, v' ), d ( R (v), R (v' )) )
max (d (v, v' ), d ( R (v), R (v' )) )

we need the information d(R(v),(R(v’)).
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This can be achieved by extending the shortest path algorithm with a final send operation
of the calculated distances to the related vertices in the other network.

Process pj:
The process pj sends its gathered distance information to the processes R(pj). Because of
symmetry process pj also receives the two vectors d and id from R(pj).
We can now calculate d ρ for every v.

dρ =

min (d (v, v' ), d ( R (v), R (v' )) )
max (d (v, v' ), d ( R (v), R (v' )) )

The result is a vector of d ρ values.
We expand the algorithm proposed in 3.2 with an extra message. We already had
length(s,id,pi) and ack(id) messages. The extra message we add it the message
ratio(ds,ids,pi) where ds is a vector of N distances d and ids is a vector of the vertices
corresponding with the distances in ds.

3.4. Summation
The last step process pj does before sending the result to the supervisor is the
calculation ∑ d ρ . This is trivial and needs no further explanation. The supervisor will
v '∈G1 .V

do the final summation and the multiplying with

1
.
V1 ⋅ V2

3.5. Pseudo-code
We end chapter three with the pseudo code of the algorithm.

Figure 6. Communication channels of process n.
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All the nodes have to share their information on the distances dist(p,q) and have to
process acknowledgements with their neighbors. The number of neighbors on a process n
is variable and is denoted with Dn.

Dn =deg(n)
We introduce two sets of channels, length and ack, each set contains Dn channels, and
one channel ratio of size one. A length message contains a distance s and an identifier id.
An ack message contains only the identifier id. A ratio message contains the distance d
and the identifier id.
Process n
chan length[0:Dn] (s: int, id: int)
chan ack[0:Dn] (id: int)
chan ratio (ds int[], ids int[])
5
int d[N]
int pred[N]
int num[N]

10

15

#INIT
i:=0
do i ≤ N 
d[i] :=¶
pred[i]:=null
num[i]:=0
i:=i+1
od
d[n]=0

20

#STARTUP
l := 1
do l < Dn 
send length[l](1,n) #send a s=1 to all neighbors
l:=l+1
od

num[n]:=Dn
25

#TERMINATE_1
if num[n] ≠ 0  done := false
[] num[n] = 0  done := true
Fi
30
do not done
if empty( ack[k] ) k := (k + 1)% N 
35

40

30

#PROCESS_ACK
#in the presence of a ack message
receive ack[k](id)
num[id] := num[id] - 1
if num[id] = 0 and id ≠ n 
send ack[pred[id]](id)
fi
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[] empty(length[l]  l := (l +1) % N 

45

#PROCESS_LENGTH
#in the presence of a length message
receive length[l](s,id) od
if s < d[id] 
if num[id]>0

50

send ack[pred[id]](id)
num[id] := num[id] - 1
fi

d[id] := s
pred[id] := l
m:=0
do m ≤ Dn 
if m ≠ p 
send length[m] (s+1,id)

55

fi

60

num[id] := num[id] + 1
od
if num[id]=0 send ack[p](pred[id]) fi
[] s ≥ d[id]  send ack[p](id)
fi

65

fi
#TERMINATION_2

done := true
i := 0
do i < N and done

70

If num[i] <> 0 done := false fi
I=I+1
od
od

75

send ratio[pi](d,ids)
recv ratio[pi](d2,ids2)
do for all d and d2:
dist_ratio = min (d,d2) /max (d,d2)

80

od
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Chapter 4
Implementation
4. Implementation
In chapter three we developed an algorithm independent of the underlying network. We
defined the vertex as the smallest grain-size and took that as the input to define the
communication behavior of our algorithm. In this chapter we build the bridge between
the abstract algorithm and the implementation of a prototype on a processor network. We
start with agglomeration of our grain size. Because metabolic pathways are graphs with at
least one order magnitude more vertices than we have processors we need to agglomerate
letting one process contain more vertices. This is the subject of section 4.1. We
implemented our algorithm in C++ using the message passing interface MPI[8] which is
discussed in section 4.2. In section 4.3 we discuss our distribution model and in section
4.4 we describe a network abstraction.
We used the concepts written in [9] to design and build or program.
The relation between processors, processes and tasks is as follows. Every processor
contains one or more processes. Every process has one or more tasks. A task is equivalent
with a vertex.

4.1. Agglomeration
Agglomeration and mapping are about making the algorithm suitable to run it on a
parallel computer. Agglomeration is about increasing the grain size so there is a better
use of resources. Mapping is the actual assignment of processes to processors.
In such a mapping tasks are assigned to processors, trying to maximize processor
utilization and minimize communication cost. With agglomeration we try to reduce
communication costs by increasing computation and communication granularity,
retaining flexibility with respect to scalability and mapping decisions.
Since agglomeration and mapping are closely related we do those two steps
simultaneously.
When the problem size (N) is at most the size of the number of processors (P), we can
run on our processor-network, we do not need to agglomerate. But in most cases our
problem size will be at least an order of magnitude larger than P, the number of available
processors. We want our algorithm to be flexible and use the resources efficient. We
adapt our algorithm in such a way that it calculates with a given P and N, the grain-size.
With this grain size it divides the data and distributes it over the available processes.
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The dividing of the data over the available processes can be done in many ways. Figure 7
shows a number of those ways that are often used.
Besides block and cyclic distribution we have also the lasso distribution and the random
distribution that are often used. It depends on the kind of task you have which one is the
better.

Figure 7. Dividing data over processes.

Our finest grain, the vertex, has a regular data-size and also the workload on the data per
vertex is of comparable size because the work that has to be done depends on the datasize. What distinguishes vertices is their degree (definition 2.4).
The number of messages addressed for the vertex itself is of equal size because this
depends on the data-size. But a vertex with a high degree is part of more paths and will
have a larger part in the forwarding of length and ack messages.
This gives reason to distribute the vertices in such a way that those high degree vertices
are packed together with a number of low degree vertices. We could distribute in such a
way that we have to strive towards an equal degree size on all processes.
As our object of research mimic scale-free graphs there are a lot of vertices that have a
low degree and a few that have a large degree. Communication costs differ a lot for a low
degree and a high degree vertex. As communication is the operation that consumes most
time we could also try to minimize our communication costs. T.H.M. Janssen developed
a minimal cut algorithm that distributes vertices that reduces the overall communication
costs within a network [10]. This algorithm would be very suitable for our distribution.
But we choose to do our distribution with block-distribution. This is a simply,
straightforward and well known distribution. For the path graph this is one of the best
distributions because neighboring vertices are on the same processor except at the edges.
So the external communication is limited with the number of P-1. For other graphs this
kind of distribution is often a bad choice.
We keep the minimal cut and the equal degree-size in mind as an improvement of our
algorithm.
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Adapting our algorithm
When we defined the problem we choose the smallest object, the vertex, to be our task.
Our problem size depends on the size of two graphs. So we will distribute the vertices of
those graphs over the processes. This will needs some minimal adaptations on our
algorithm, but the structure remains the same.
For a process this means that instead of dealing with just one vertex it needs to deal with
a set of vertices. We need to adapt the data size of our algorithm. Figure 4 shows the
increase of the dataset from 1 vertex to 4 vertices.
We also need to adapt some function to be able to distinct the current vertex in the
message handler of the algorithm. We extend the parameters of all the send and receive
functions, with a “to” and a “from”. So a vertex now has an address of (processor_id,
vertex). The processor_id is solved in the network_layer (section 4.4).

Figure 8. Agglomeration of the data.

Our termination detection now needs so check more values, and our initialization
increased with a factor. The message-handler part remains almost untouched, besides the
extra function parameters. Since the message from and to vertices on the same process
need to invoke MPI these internal messages are passed through with the help of two
queues.
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4.2. Message passing
We have used the message passing interface MPI to communicate between processes. In
our program notation of section 2.3, we introduced channels, the two primitives send and
receive and the boolean function empty.
Before we discuss these four concepts we first introduce four other functions:
To initiate an MPI computation:
MPI::Init( )
To terminate an MPI computation:
MPI::Finalize( )
To determine the number of processes in the network:
MPI::Get_size( )
To determine the process identifier of this process:
MPI::Get_rank( )

channels
There is no notion of channels in MPI. You can send a message to every process i with 0
≤ i < size, where size is the number of processors. It is the programmer’s responsibility to
only send messages to the specified neighbors.
send
MPI has a number of send functions. We use the non-blocking variant that closely
matches our program notation.
MPI::Isend( )
receive
MPI has a number of receive functions. We use the blocking variant that closely matches
our program notation.
MPI::Recv()
Because we have more kinds of messages we use the tag field to distinct them.

empty
To test if there is a message pending there is a function MPI::Probe. As with the send and
receive functions we also have a blocking and a non-blocking variant.
If we want to stick closely to our pseudo-code we should use the non-blocking variant
MPI::IProbe, because according to our pseudo-code we want to test all the channels by
polling. Polling consumes processor time so we rather would not test by polling. For this
purpose MPI has some other features we use. MPI defines two useful constants:
MPI_ANY_SOURCE
MPI_ANY_TAG
So we use the blocking variant MPI::Probe. If we call the MPI::Probe function with
source = MPI_ANY_SOURCE and tag=MPI_ANY_TAG it will block until a message
arrives. If MPI:Probe returns from the call, we can recover with MPI::Status::Get_tag if
the message is a length or a ack message. With MPI::Status::Get_source we can recover
the source of the message. A call to MPI:Recv with the right parameters will receive
either a length message or a ack message.
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4.3. Distribution
In section 2.1 we introduced the network we use to distribute our data, the supervisorworker network. Although we have two different kinds of processes we load the same
program on all P processors. We make the distinction between the supervisor and the
workers based on their rank. The process with rank 0 will serve as a supervisor while the
other P-1 processes will service as workers. (Figure 9)
if (Network.Initialize ())
rank = Network.get_rank()
if (rank==0)
/* Supervisor */
else
/* Worker */
fi
else
“Error: No network”
Figure 9. Supervisor-worker
structure

In the next two sections we will describe the supervisor and the worker in more detail.

4.3.1. Supervisor
The supervisor is a sequential program where we can distinguish five phases (Figure 10).
/* Supervisor */
Read(Input)
Distribute(work)
Divide(data)
Send(data)
Collection(results)
Recv(results)
Computation(results)
Write(output)
Figure 10. Phases of the supervisor.

Input phase:
The supervisor reads the graph data from two files that contain one graph each.
Distribution phase:
The data is divided into P-1 parts and distributed to the P-1 workers. We could choose to
let the supervisor keep one part of the data to it self to compute. We choose not to.
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Collection phase:
When workers are ready computing, the result is sent to the supervisor.
Computation:
A final computation step is needed on the results of the workers. This contains a
summation and a function application on the data (see section 3.4).
Output phase:
The result of the algorithm is written to a file.
Information the supervisor needs about the network is obtained from the network layer
described in section 4.4.

4.3.2. Worker
The worker is a sequential program where we can distinguish three phases.(Figure 11)
/* Worker */
wait(Ready(vertex_set))
{
ShortestPath(vertex_set, distances)
DistanceRatio(vertex_set, distances, ratio)
for v in vertex_set:
Send(v, distances_v)
Recv(v, distances_w)
CalculateRatio(v, distances_v, distances_w)
Summation(ratio, results)
Send(results)
}
Figure 11. Phases of the worker.

Wait:
The worker waits for a ready signal that indicates that the network received the data and
is ready. So worker does not know on how data is received. Vertex_set is the set of
vertices that is handled by this process.
ShortestPath:
The calculation of all distances for every vertex in the vertex_set as described in section
3.2.
DistanceRatio:
The calculation of the distance ratio’s for every vertex in the vertex_set as described in
section 3.3.
CalculateRatio:
The calculation of the delta ratio for the distances_v and distances_w for the vertex_set v.
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Summation:
The calculation of the summation of the distance ratio’s as described in section 3.4.
Send:
The result of the algorithm is send to the supervisor.
Information the worker needs about the graph problem is obtained from the network layer
which is described in section 4.4.

4.4. Network-layer
This network layer is a shell around the MPI-library and does two things. It facilitates the
supervisor-worker network, and it facilitates the network topology of our problem.
We build this network-layer for a number of reasons. The main reasons are:
- Separation of concerns. We can think about the supervisor, the worker and the
algorithm without having to think about details of sending and receiving
information.
- Hide details. We don’t want to clutter our algorithm with MPI properties and
variables. In our algorithm we only have the variables that concern the algorithm.
- Easier to read. The above notions have the result that the source-code is easier to
read.

Data
For the supervisor-worker network the network-layer contains the rank and the size of the
network. For the network-topology of our problem the network-later contains the grain
size, the vertices and the neighbors.
Functionality
Besides the properties to obtain the data, we have the following functions for the
supervisor-worker network (see sections section 4.3.1 and 4.3.2):
- Send (data)
- Recv (data)
- Send (result)
- Receive (result)
- Ready
and the following functions for the algorithm (see section 3.2 and 3.3):
- Send (length)
- Recv (length)
- Send (acknowledgement)
- Recv (acknowledgement)
- Send (distances)
- Recv (distances)
- Probe ( )
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Chapter 5
Testing
5. Testing
In the next chapter we present the results of our algorithm. In this chapter we define the
test cases needed for the analysis where we base our results on, and the metrics we use.
The metrics are introduced in section 5.1. We define a number of test cases with path
graphs and scale-free graphs. We do not test the algorithm with the enzyme-relations
graphs because there where some extra adaptations needed and there was no time to do
them. The test cases are discussed in section 5.2.

5.1. Metrics
The metrics we analyze are speedup, efficiency and message load. We measure them by
doing a time analysis on the algorithm. We measure besides the total execution time also
the communication time and the idle time. We measure communication time by
measuring the time spend in send and receive functions. We measure idle time by timing
the time spend in the probe function. Since
execution time = computation time +communication time + idle time
we can calculate the computation time.

5.1.1. Speedup
We analyze speedup by keeping the two network topologies of |V1| and |V2| vertices
constant and increase the number of processors in the network. The increasing of the
number of processors will follow the sequence 1, 2, 4, 8, 12, 16, 20, 24, 28, 32. We do
this for (|V1|,|V2|)= (50, 50), (500, 500), (1000, 1000). We measure total execution time.
Speedup Sp is calculated with the formula:

Sp =

T1
Tp

5.1.2. Efficiency
Efficiency is the fraction of time that processors spent doing useful work, in other words,
not being idle. We analyze efficiency by keeping the two network topologies constant
and increase the number of processors in the network. The increasing of the number of
processors will follow the sequence 1, 2, 4, 8, 12, 16, 20, 24, 28, 32. We will do this for
(|V1|,|V2|)= (50,50), (500,500), (1000,1000). Efficiency Ep is calculated with the formula:

Ep =

T1
p.T p
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5.1.3. Message load
We analyze message load by counting the messages that are send for (|V1|,|V2|)= (50,50),
(500,500), (1000,10000). We measure the number of send length, ack and sum messages.
We compare this with the calculated message load to analyze how often a shorter
distance is found.

5.1.4. The score
The score of the algorithm should not be affected by anything other than another
problem. We feed the algorithm some specific sets of graphs (G1, G2) to show this.

G1 ≡ G2 . Input of identical G1 and G2 should result in a perfect score.
S (G, G ) = 1
G1 ⊆ G2 , which should result in a score between 0 and 1 dependent on the similarity
between them.
To see if the ratio of similarity between graphs G1 and G2 is visible in the score S we
consider the path graphs G0, p and G p , q . G0, p is a path graph with integer labels from
vertex 0 to vertex p-1 with length p, and G p , q is a path graph with integer labels from
vertex p to q-1 with length q-p. The ratio of the lengths of G0, p and G p ,q ∪ G0, p should
be comparable with the score
S (G0, p , G0, p ∪ G p ,q )

5.2. Test cases
5.2.1. Path-graph
The path graph, see section 2.4.2 for the definition, gives us insight in the linear
scalability of our algorithm.
The variables of the path graph are:
P
number of processors
|V1|
problem size of graph G1.
problem size of graph G2.
|V1|

Expectations
Increasing processors will lead to a decrease of computation time since the work is
divided over more processors and there are less internal messages. The arrival time of
external messages is faster because computation time is faster. So there is less waiting
and idle time will decrease. Communication time will be more or less constant because
the number processes, and with that the number of external links, remains the same.
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Speedup
We expect our speedup to increase to a certain maximum. After that adding more
processors will not lead to an increase of speedup.
Efficiency
Computation is started on the arrival of a message, so the time between the arrivals of the
messages is important. If the messages arrive in such a rate that a new message is waiting
when the computation of the previous arrived message is done, efficiency will be high.
In most cases messages needs to be forwarded. So if a message spends a minimum time
in the arrival queue message are faster forwarded. This will accelerate the algorithm.
Because our algorithm first handles internal messages, external messages spend a
relatively long time in the arrival-queue. With the path graph every process only has two
external links. So the arrival time between external messages is large. External messages
lead to a burst of internal messages. But since external message arrive in a slow rate
processes are waiting a long time. We expect a poor efficiency.

Message load
The message load of the path graph can be precisely calculated. Because for every (v,v’)
there is only one unique path it will never be the case that another shorter path is found.
The number of messages for the a path graph of size N is

2.(D + ( N − 1)) +

((N − 2).(D + (N − 1) + (N − 1))) = 2N(N - 1)

where D is the degree deg(v) of a vertex v.
The first term is the number of messages of the two D=1 vertices:
D + ( N − 1) ,
and the second term is the number of messages of the (N-2) D=2 vertices:

D + ( N − 1) + ( N − 1)
An ack message (id, to from) has the size of 3*sizeof(int), where the length message (s,
id, to, from) has the size of 4*int. The number of acks and length messages is the same so
3.5*2N*(N-1) = 7N*(N-1)

Result, the score
We expect that the score is 1 if we calculate S(G,G) and that the score is comparable to
the ratio of the lengths of G0, p and G p ,q ∪ G0, p if we calculate S (G0, p , G0, p ∪ G p ,q ) .
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5.2.2. Scale-free graph
The scale-free graph, see section 2.4.3 for a description, gives us insight in none-linear
scalability of our algorithm.
The variables of the scale-free graph are:
P
number of processors
H
number of hubs
δ
the minimal difference between the degree of hubs and normal vertices.
|V1|
problem size of graph G1.
|V1|
problem size of graph G2.

Expectations
The computation time of a process depends on the degree of the total set of vertices of
that process, since computation is initiated by messages. If the degree of all nodes is more
or less the same than computation time will not differ much for the different processes. If
the degree is not regular divided over the processes, than the computation time per
process can differ a lot. Because we calculate the computation time by taking the mean
over all processes the differences per process has no effect on our computation time. The
computation time of a scale-free graph is likely to be larger than a path graph of the same
size because scale-free graphs have hubs that have δ more edges and therefore the work
is not regular divided. Because scale-free graphs are likely to have cycles, a message that
arrives can denote a shorter path. So messages are resend, and therefore more work is
done.
For the same reason idle time of a process will not be as regular as with the path graph.
Some processes, for example process that has no hub to service, have more idle time than
processes that have one or even more hubs to service. We expect that idle time will be
much smaller, because messages visit fewer vertices. With the path graph every message
went through every vertex. This is not the case with the scale-free graph. The diameter of
a scale-free graph is smaller than a path graph of the same size.
The distribution-method should take care of an equal distribution of the work. Since we
choose block-distribution we expect that the work is not equally distributed and therefore
idle time and computation time will vary a lot. By taking the mean over all processes we
hide these effects.
We expect that the communication time will increase, because message could be needed
to be resend because a shorter path is found.

Speedup
As with the path graph we expect our speedup to increase to a certain maximum. We
expect to get a better speedup than the path-graph since the arrival time between
messages is shorter in a scale-free graph due to a smaller diameter of the graph. This
effect will result in less idle time and a faster calculation. Of course it also depends on the
effects of the distribution method.
44
\Department of Biomedical Engineering
\Department of Mathematics and Computer Science

Efficiency
We expect that the arrival time between messages to be shorter. And although messages
initiate computation we still expect efficiency to decrease, but less than with the path
graph.
Message load
We cannot precisely calculate the number of messages, since messages can be resent if a
shorter path is found. What we can do is calculate a minimum number of messages. How
much larger the real message load is, depends on all sorts of factors such as the problem
size, the number of hubs, the distribution method, the speed of the network and the order
the messages arrive. There are too many factors so we cannot say anything about the
message load with good arguments.
Result, the score
If we calculate S(G,G) we expect the score to be 1. If we calculate S(G1, G2) where G1
has many parts the same as G2 we expect to see this in a good score.
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Chapter 6
Results
6. Results
In this chapter we present the results of the test cases the path graph (section 6.1) and the
scale-free graph (section 6.2). In section 6.3 we will compare the results of the path graph
with the results of the scale-free graph.

6.1. Path graph
We tested the algorithm with path graphs of different problem sizes (N), a constant
number of processes (Q) and variable number of processors (P). Table 2 shows the
different path graphs. The problem size N is the size of the graphs. Because we have two
graphs the real problem size is N+N.
Test
A
B
C

N
Q P
50
10 1, 2, 3, 4, 5, 6, 7, 8
500 32 1, 2, 4, 8, 12, 16, 20, 24, 28, 32
1000 32 1, 2, 4, 8, 12, 16, 20, 24, 28, 32
Table 2. Properties of the tested path graphs

We first show the results of all tests and explain them. After that we discuss our metrics.

Test A
Consider two path graphs of 50 vertices each as our input. We created 10 processes.
Therefore every process has 10 vertices, 5 vertices of graph G1 and 5 vertices of graph
G2. We varied the number of processors from 1 to 8. Table 3 and Figure 12 show the
results.
P
Tex
Tcomp % Tcomm % Tidle
%
1 0,88 0,2 23 0,01 1 0,67 76
2 0,46 0,16 35 0,01 2 0,29 63
3 0,43 0,13 30 0,01 2 0,29 67
4 0,25 0,12 48 0,01 4 0,12 48
5 0,21 0,11 52 0,01 5 0,09 43
6 0,25 0,12 48 0,01 4 0,12 48
7 0,21 0,11 52 0,01 5 0,09 43
8 0,2 0,12 60 0,01 5 0,07 35
Table 3. Results of Test A. Path graph N=50, Q=10 (T in sec.)

We see that the idle time Tidle follows execution time Tex. The computation time Tcomp
slightly decreases at the beginning and oscillates between 0.11 and 0.12. Communication
time is constant.
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Figure 12. Results of Test A. Path graph N=50, Q=10

The idle time consist of waiting for messages. In a path graph the length of the longest
path determines the idle time since messages arrive with a large interval. When we
increase the number of processors the sub paths are calculated faster because the arrival
time of the message is small. Between the processes the arrival time is still with a larger
interval. The length of the path the processes make determines the idle time.
The communication is constant because we do not change the number of processes only
the number of processors. All processes have two neighbors except for the first and the
last vertex. Increasing the number of processors has no effect on the communication time.

Test B.
Consider two path graphs of 500 vertices each as our input. We created 32 processes.
Therefore every process has 31 (+/-1) vertices, 15 or 16 vertices of graph G1 and 15 or 16
vertices of graph G2. We varied the number of processors from 1 to 32 with the sequence
of Table 2. Table 4 and Figure 13 show the results.
P
1
2
4
8
12
16
20
24
28
32

Tex
278
216,87
118,09
70,03
69,42
34,51
69,59
69,81
70,17
33,91

Tcomp
129,19
86,99
54,7
35,78
25,86
19,56
31,53
27,18
22,11
19,57

%
46
40
46
51
37
57
45
39
32
58

Tcomm
2,47
1,56
1,06
0,81
0,56
0,46
0,89
0,79
0,69
0,62

%
1
1
1
1
1
1
1
1
1
2

Tidle
146,34
128,32
62,33
33,45
43,01
14,48
37,18
41,84
47,37
13,71

%
53
59
53
48
62
42
53
60
68
40

Table 4. Results of Test B. Path graph N=500, Q=32 (T in sec.)
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Figure 13. Results of Test B. Path graph N=500, Q=32

We cannot really compare Test A with Test B because the parameters are too different,
but what we can see is that computation is not constants but shows a behavior that looks
like the idle time. We think that Test A was that lightweight that we never had total
processor utilization and that tasks were never blocked for process switching while in the
computation phase. In Test B we probably had total utilization, and the effect of adding
more processors is visible in the computation time. Again we see that the idle time takes
a large share of the total time. The dip at 16 could indicate that we found a minimum.
Since Q = 32 this means that all processors only have 2 processes.

Test C.
Consider two path graphs of 1000 vertices each as our input. We created 32 processes.
Therefore every process has 63 (+/-1) vertices, 31 or 32 vertices of graph1 and 31 or 32
vertices of graph2. We varied the number of processors from 1 to 32 with the sequence of
table 2. Table 5 and figure 14 show the results.
P
Tex
Tcomp
%
Tcomm %
Tidle
%
1
4038
1248,1 31 11,38 0 2778,5 69
2 2679,6 857,48 32 7,74
0 1814,4 68
4 1269,1 525,35 41 4,97
0 738,76 58
8 805,48 339,22 42 4,00
0 462,27 57
12 697,29 279,15 40 3,31
0 414,82 59
16 403,60 183,12 45 2,39
1 218,08 54
20 808,82 297,65 37 3,55
0 507,62 63
24 812,72 264,36 33 3,50
0 544,85 67
28 809,34 222,05 27 3,19
0 584,10 72
32 387,42 183,89 47 2,86
1 200,66 52
Table 5. Results of Test C. Path graph N=1000, Q=32 (T in sec.)

\Department of Biomedical Engineering
\Department of Mathematics and Computer Science

49

We doubled the problem size from 500 to 1000. If we look roughly at figure 14 we can
say that the graphs look the same only the numbers are higher. Even the dip at P is 16 is
visible.

Figure 14. Results of Test C. Path graph N=1000, Q=32

6.1.1. Speedup
The first half of Table 6 shows the execution times of the sequential algorithm. We did
this by running our parallel algorithm in a single process on a single processor.
P
1
1
1
1
1
1

Q
N
Tex
Tcomp
Tcomm
1
50
1.59
1.59
0
1
500
1419.66 1419.66 0
1
1000 11235.2 11235.2 0
10 50
0.88
0.2
0.01
32 500
278
129.19
2.47
32 1000 4038
1248.1
11.38
Table 6. Sequential execution times. (T in sec.)

Tidle
0
0
0
0.67
146.34
2778.5

We see that even for a relatively small problem size the calculation take a large amount
of time on a single processor. With N = 500 it already takes 23 minutes, and with
N=1000 it takes more than three hours. Because we did our tests with constant Q we
calculated our speedup with the value of T1,Q , with Q=10, 32, 32 for N = 50,500 and
1000 respectively. These values are shown in the second half of Table 6. We already see
that just by using more processes we get a relatively large speedup. This seems strange
since the total work is the same and increasing processes on 1 processor deals with
overhead. We think we can explain this by the following. With 1 process the data-table
has a size of 2N * 2N. We search on several occasions on a row in this table with linear
search. With 32 processes each process has a table of 2(N/32) * 2N. So or search time
will decrease by a factor 32. Due to idle time, process switching and other overhead, the
50
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execution time is not 32 times better in the case with 32 process but only 5 respectively
2.75 for N=500 and N=1000.
Table 7 and Figure 15 show the speedup Sp of N=50 and Q=10. Speedup increases by
adding more processes.
P
Tex
1 0,88
2 0,46
3 0,43
4 0,25
5 0,21
6 0,25
7 0,21
8 0,2
Table 7. Speedup &

Sp
Ep
1,00 1,00
1,91 0,96
2,05 0,68
3,52 0,88
4,19 0,84
3,52 0,59
4,19 0,60
4,40 0,55
Efficiency N=50, Q=10

Figure 15.Speedup path graph N=50, Q=10

At P=5 we see local maximum. This can be explained by the fact that Q=10 and with P=5
every processor has 2 processes to service. With P=5 all processes have the same amount
of work and the same amount of overhead. Our values are means over all processes. So
we at P=5 we got the best mean.

\Department of Biomedical Engineering
\Department of Mathematics and Computer Science

51

Table 8 and Figure 16 show the speedup of N=500 and N=1000.

P
1
2
4
8
12
16
20
24
28
32

500
1000
Tex
Sp
Ep
Tex
Sp
Ep
278
1,00
1,00
4038
1
1,00
216,87
1,28
0,64 2679,6 1,51
0,75
118,09
2,35
0,59 1269,1 3,18
0,80
70,03
3,97
0,50 805,48 5,01
0,63
69,42
4,00
0,33 697,29 5,79
0,48
34,51
8,06
0,50
403,6 10,00 0,63
69,59
3,99
0,20 808,82 4,99
0,25
69,81
3,98
0,17 812,72 4,97
0,21
70,17
3,96
0,14 809,34 4,99
0,18
33,91
8,20
0,26 387,42 10,42 0,33
Table 8. Speedup & Efficiency, N=500 and 1000, Q=32

We see that the speedup of N=1000 is slightly better than N=500 but the graphs follow
the same pattern.

Figure 16. Speedup pathgraph N=500 and 1000, Q=32

They both show the local maximum at P=16. Again every processor has two processes
the service at P=16. The other maximum is at P=32 where every processor has only one
process to service.
In all three cases we see that speedup increases to a maximum. We expected this, but we
did not expect efficiency to drop. We think this is the result of the following. All nodes
on the cluster have two processors. From P=1 to P=16 we used one processors per node.
For P=16 to P=32 we used two processors per node. We expect that there is some extra
overhead while we used two processors, which could explain the drops after P=16.
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6.1.2. Efficiency
Figure 17 shows the efficiency Ep for N=50 and Q=10. (see table 7).

Figure 17. Efficiency Path graph N=50, Q=10

We see that adding more processors the efficiency decreases. At P=5 we saw that the
speedup had a local maximum. We also see a relatively good efficiency at P=5. After P=5
the efficiency drops.
Figure 18 shows the efficiency for N=500 and N=1000 for both Q=32.(see also Table 8)

Figure 18. Efficiency Path graph N=500,N=1000 and Q=32
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As with the speedup we see the same pattern for both graphs. The efficiency decreases if
we increase the problem size. Again the local maximum at P=16 is visible. As we
expected the efficiency is very poor. The processes are mostly busy doing nothing.

6.1.3. Message-load
With one process the message load is zero because the network layer is not invoked. All
messages go through internal queues.
The formula for the number of messages was:
D + ( N − 1) for a begin or end vertex (degree 1),
D + ( N − 1) + ( N − 1) for other vertices (degree 2).
On every process there are vertices from graph1 and graph2. So the message load is for
example for N = 100,
1 + 99 = 100
Graph1:
Graph2:
1 + 99 = 100
+
200
for a degree 1 node and
Graph1: 2 + 99 + 99 = 200
Graph2: 2 + 99 + 99 = 200
+
400
for a degree 2 node.
Table 9 shows the results for N=100, 500 and 1000.

N

D=1

D=2

100 200
400
500 1000 2000
100 2000 4000
Table 9. Amount of messages.

This follows our expectations.

6.1.4. The Score
Because the last step, the calculation of the delta-distance, of the algorithm was not ready
in time we did our measurements over the distance calculation. This part can be seen as
the most time consuming part, so we think it is representative for the algorithm as a
whole. This is the reason we can not say any thing about the score.
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6.2. Scale-free graph
We tested the algorithm with scale-free graphs of the same size as our path graph tests to
be able to compare the results. We choose the let the number of hubs (H) be 10 for all
three tests.
Test
A
B
C

N
H
Q P
50
10 10 1,2,3,4,5,6,7,8
500 10 32 1,2,4,8,12,16,20,24,28,32
1000 10 32 1,2,4,8,12,16,20,24,28,32
Table 10. Properties of the tested scale-free graphs.

We first show the results of all test and than explain them. After that we discuss the
metrics.

Test A.
Consider two scale-free graphs of 50 vertices and 10 hubs each, as our input. We created
10 processes. Therefore every process has 10 vertices, 5 vertices of graph G1 and 5
vertices of graph G2. We varied the number of processors from 1 to 8. Table 11 and
figure 19 show the results.
P Tex Tcomp % Tcomm % Tidle %
1 1,12 0,27 24
0,06
5 0,79 71
2 0,65
0,2
31
0,06
9 0,39 60
3 0,39 0,16 41
0,06
15 0,17 44
4 0,38 0,13 34
0,05
13 0,2 53
5 0,37 0,13 35
0,05
14 0,19 51
6 0,36 0,13 36
0,05
14 0,18 50
7 0,36 0,13 36
0,05
14 0,18 50
8 0,38 0,14 37
0,05
13 0,19 50
Table 11. Results of Test A. Scale-free graph, N=50, H=10, Q=10 (T in sec.)

The computation time as well as the idle time get more or less constant after P=4. The
communication time can be regarded constant. We also see that idle time and
computation time are almost the same for P=3.
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Figure 19. Results of Test A. Scale-free graph, N=50, H=10, Q=10

For the distribution of the scale-free graph we used the same method as with the path
graph, namely block-distribution. We created our scale-free graph by chunking it into H
blocks. So with Q=10 every processes has 1 hub. This revolves in a almost constant
communication time. The saturation at P=3 could be explained that perhaps the
processors no longer have full utilization.

Test B.
Consider two scale-free graphs of 500 vertices and 10 hubs each, as our input. We
created 32 processes. Therefore every process has 31 (+/-1) vertices, 15 or 16 vertices of
graph G1 and 15 or 16 vertices of graph G2. We varied the number of processors from 1
to 32 with the sequence shown in Table 10. Table 12 and figure 20 show the results.
P
Tex
Tcomp
%
Tcomm %
Tidle
%
1 1162,3
155
13 152,5 13 854,83 74
2
833,9 110,9 13 100,3 12 622,71 75
4
552,6 70,98 13 58,09 11 423,54 77
8 275,72 42,96 16 35,64 13 197,12 71
12 216,83 31,37 14 24,55 11 160,91 74
16 133,49 24,51 18 17,09 13 91,89 69
20 269,5 38,65 14 33,46 12 197,39 73
24 292,23 33,05 11 32,21 11 226,97 78
28 212,45 27,28 13 28,78 14 156,38 74
32 207,94 23,95 12 28,49 14 155,51 75
Table 12. Results of Test B. Scale-free graph N=500, H=10, Q=32 (T in sec.)

As with the path graph Test A with Test B cannot be really compared because the
parameters are too different. We see in Figure 20 that the communication and the
computation time are almost the same. If we look at the percentages we see that
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computation time is oscillating around 14%, communication time around 12% and idle
time around 73.

Figure 20. Results of Test B. Scale-free graph, N=500, H=10, Q=32

The dip at P=16 we saw with the path graph is also present with the scale-free graph.

Test C
Consider two scale-free graphs of 1000 vertices and 10 hubs each, as our input. We
created 32 processes. Therefore every process has 31 (+/-1) vertices, 15 or 16 vertices of
graph G1 and 15 or 16 vertices of graph G2. We varied the number of processors from 1
to 32 with the sequence shown in Table 10. Table 13 and figure 21 show the results.
P
Tex
Tcomp
%
Tcomm
%
Tidle
%
1
13241 1938,6 15 2664,1 20
8638
65
2
8707
1308,2 15 1830,4 21 5568,3 64
4 5456,2 803,3 15 1105,9 20 3547,1 65
8
2809
471,6 17 624,3 22
1713
61
12 2839,9 332,1 12 428,2 15 2079,5 73
16 1694,8 256,6 15 333,02 20 1105,6 65
20 3044,9
412
14 526,33 17 2106,5 69
24 2575,3 346,2 13 460,8 18 1768,3 69
28 1988,5 288,4 15 425,2 21 1274,9 64
32 1993,5 252,1 13 418,7 21 1322,6 66
Table 13. Results of Test C. Scale-free graph, N=1000, H=10, Q=32 (T in sec.)

We doubled the problem size but the time values are almost tenfold. This holds for both
computation time as idle time. Communication time is almost 20 times as high.
We see as N gets larger that communication time takes a larger percentage of the total
execution time. The percentage of the computation time remains more or less the same.
Idle time takes 10% less of the total execution time.
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Figure 21. Results of Test C. Scale-free graph N=1000, H=10, Q=32

6.2.1. Speedup
We kept the scale-free tests the same as the path graph tests, so we calculate our speedup
with T1,Q for Q=10, 32, 32 for respectively N=50, 500 and 1000.
P
1
1
1
1
1
1

Q
1
1
1
10
32
32

N
Tex
Tcomp
Tcomm
Tidle
50
1.59
1.59
0
0
500
1417.57 1417.57 0
0
1000 11259.7 11259.7 0
0
50
1.12
0.27
0.06
0.79
500
1162.3
155
152.5
854.83
1000 13241
1938.6
2664.1 8638
Table 14. Sequential execution times (T in sec.)

In the first half of table 14 we see that the values are almost the same as the values of the
path graph. The speedup we get by adding processes is neglect able or not present in the
case of P,Q=1,32. With the path graph we suspected that our linear search was
responsible for the speedup. That this speedup is now lower of not present could be
explained by the fact that the vertices in a scale-free graph have a degree often more than
2. The linear search is spending less time because it is inspecting less values, due to the
irregularity of the data table.
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Table 15 and figure 22 show the speedup Sp of N=50, H=10 and Q=10.
P
Tex
Sp
Ep
1 1,12 1,00 1,00
2 0,65 1,72 0,86
3 0,39 2,87 0,96
4 0,38 2,95 0,74
5 0,37 3,03 0,61
6 0,36 3,11 0,52
7 0,36 3,11 0,44
8 0,38 2,95 0,37
Table 15. Speedup and Efficiency
Scale-free graph of N=50, H=10, Q=10

Figure 22. Speedup Scale-free graph of N=50, H=10, Q=10

Speedup increases strongly until P=3. After that adding more processes does not help to
increase speedup much. With P=3 every processor has three or four processes. The work
is divided regularly since every process has two hubs and 18 other vertices. This is the
result of choosing H=10, which is the same as Q. At P=3 we have saturation.

\Department of Biomedical Engineering
\Department of Mathematics and Computer Science

59

Table 16 and Figure 23 show the speedup of N=500 and N=1000.
500
1000
P
Tex
Sp
Ep
Tex
Sp
Ep
1 1162,3 1,00 1,00 13241 1,00 1,00
2
833,9 1,39 0,70
8707
1,52 0,76
4
552,6 2,10 0,53 5456,2 2,43 0,61
8 275,72 4,22 0,53
2809
4,71 0,59
12 216,83 5,36 0,45 2839,9 4,66 0,39
16 133,49 8,71 0,54 1694,8 7,81 0,49
20 269,5 4,31 0,22 3044,9 4,35 0,22
24 292,23 3,98 0,17 2575,3 5,14 0,21
28 212,45 5,47 0,20 1988,5 6,66 0,24
32 207,94 5,59 0,17 1993,5 6,64 0,21
Table 16. Speedup and Efficiency Scale-free graph of N=500 and
N=1000, H=10, Q=32 (T in sec.)

Figure 23. Speedup Scale-free graph N=500 and N=1000, H=10, Q=32

We see that that the two graphs intersect on more than one point, where with the speedup
of the path graph the graph of N=1000 had an overall better speedup. We think this is the
result of the irregularity of the scale-free graph. The maximal speedup we achieve is
lower than with the path graph. This maximum is again at P=16. We expected to get a
better speedup than the path graph. This is not the case. We expect to get a better speedup
if we change the distribution method.
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6.2.2. Efficiency
Figure 24 show the efficiency for N=50, H=10 and Q=10. (see table 15).

Figure 24. Efficiency Scale-free graph, N=50, H=10, Q=10

We see that adding processors lead to an increase of efficiency. We saw that after P=3
speedup got more or less constant. We see that the efficiency has a local maximum at
P=3. After that is decreasing almost with a constant factor.
Figure 25 shows the efficiency for N=500 and N=1000.

Figure 25. Efficiency of Scale-free graph N=500 and N=1000, H=10, Q=32
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We see that the two graph intersect on more than one occasion. At P=16 we see again a
local maximum. Efficiency is as with the path graph very poor. We expect better result
with another distribution method.

6.2.3. Message load
If we look at the total number of messages send per process for the scale-free graph of
N=50, H=10 and Q=10 we see that the amounts differ, but always with a factor 100. It
would be very interesting to investigate how these numbers are build up.
Rank Amount of messages
1
500
2
1100
3
900
4
900
5
500
6
400
7
600
8
500
9
600
Table 17 . number of messages per process, scale free graph N=50, H=10, Q=10.

Table 18 shows the messages for the case of N=500 and N=1000. Of course the sent
length messages have the same value as the received acknowledgements and the send
acknowledgements have the same amount as received messages. That the way it is
specified in the algorithm. But the regularity of the numbers is interesting. We need more
information to analyze these numbers in more depth. At least the degree is needed to be
able to say something about the number of messages that are sent more than once because
a new path was found.
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N=500
Send
Ack
1968

1

7000

14000

Send
Length
10064

2

15000

8032

6968

6968

8032

36000

22064

13936

13936

22064

3

15000

7032

7968

7968

7032

38000

16064

21936

21936

16064

4

15000

8032

6968

6968

8032

40000

24064

15936

15936

24064

5

15000

7032

7968

7968

7032

50000

26064

23936

23936

26064

6

14000

7032

6968

6968

7032

54000

28064

25936

25936

28064

7

14000

7032

6968

6968

7032

44000

18064

25936

25936

18064

8

14000

7032

6968

6968

7032

36000

20064

15936

15936

20064

9

13000

6032

6968

6968

6032

50000

26062

23938

23938

26062

10

15000

9032

5968

5968

9032

48000

22062

25938

25938

22062

11

17000

9032

7968

7968

9032

42000

22062

19938

19938

22062

12

13000

5032

7968

7968

5032

44000

24062

19938

19938

24062

13

12000

6032

5968

5968

6032

40000

16062

23938

23938

16062

14

9000

4032

4968

4968

4032

46000

26062

19938

19938

26062

15

11000

6032

4968

4968

6032

52000

28062

23938

23938

28062

16

10000

5032

4968

4968

5032

46000

20062

25938

25938

20062

17

9000

4032

4968

4968

4032

46000

24062

21938

21938

24062

18

7000

3032

3968

3968

3032

38000

16062

21938

21938

16062

19

5000

2032

2968

2968

2032

36000

18062

17938

17938

18062

20

3000

1032

1968

1968

1032

34000

18062

15938

15938

18062

21

2000

1030

970

970

1030

44000

24062

19938

19938

24062

22

2000

1030

970

970

1030

42000

20062

21938

21938

20062

23

2000

1030

970

970

1030

38000

18062

19938

19938

18062

24

2000

1030

970

970

1030

36000

18062

17938

17938

18062

25

2000

1030

970

970

1030

32000

14062

17938

17938

14062

26

2000

1030

970

970

1030

24000

10062

13938

13938

10062

27

2000

1030

970

970

1030

26000

14062

11938

11938

14062

28

2000

1030

970

970

1030

22000

10062

11938

11938

10062

29

2000

1030

970

970

1030

18000

8062

9938

9938

8062

30

2000

1030

970

970

1030

14000

6062

7938

7938

6062

31

2000

1030

970

970

1030

10000

4062

5938

5938

4062

32

1000

30

970

970

30

4000

62

3938

3938

62

Rank

Probe

Receive
Length
1968

Receive
Ack
5032

N=1000
Send
Ack
3936

Send
Length
5032

Probe

Receive
Length
3936

Receive
Ack
10064

Table 18. Messages per process for N=500, N=1000 Q=32
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Rank

Figure 26. Number of messages per process for N=500, N=1000, Q=32

Figure 26 is the visualization of table 18. We see that the first half of the processes for
N=500 send much more messages than the second half of the processes. We need to
investigate this in more dept to see why this effect is happening.

6.2.4. The Score
Because the last step of the algorithm, calculation of the delta-distances, was not ready in
time we did our measurements over the distance calculation. This part can be seen as the
most time consuming part, so we think it is representative for the algorithm as a whole.
This is the reason we can not say any thing about the score.

6.3. Path-graph versus Scale-free graph
We compare the results of the path graph for N=1000 with the results of the scale-free
graph for N=1000. Figure 27 shows the execution times for the two graphs.
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Figure 27. Execution time for the path graph and the scale-free graph of N=1000.

We see that the total execution time drops fast for the scale free graph. At first the
difference is almost 10.000 seconds. But already at P=8 the difference is only 1000. This
is very promising since the distribution method was perfect for the path graph but not at
all for the scale-free graph.
Figure 28 shows the computation time for the path graph and the scale-free graph of
N=1000.

Figure 28. Computation time for the path graph and the scale-free graph of N=1000.

The computation time of the scale-free graph is larger. The number of total edges is the
same. Perhaps nodes with a higher degree need more computation time for their set of
edges than when the edge-set is small. Or, because sending to more neighbors takes
longer, there is more process-switching. Computation time was not measured but
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calculated. So the computation time could include some hidden effect that we are not
aware of.
Figure 29 shows the communication time for the path graph and the scale free graph of
N=1000.

Figure 29. Communication time for the path graph and the scale-free graph of N=1000.

With the path graph communication time is constant, but with the scale-free graph it is
not. That is strange since the number of processes does not change and there for the
number of external communication does not change. We think that because of the larger
communication time the process switching is the cause. Adding more processes can be
translated in less process switching, smaller communication time.
Figure 30 shows the idle time for the path graph and the scale-free graph of N=1000.

Figure 30. Idle time for the path graph and the scale-free graph of N=1000.
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We see that the enormous drop we saw with the execution time from P=1 to P =8 is the
result of an enormous drop in idle time. Adding processors decreases the waiting. If we
change the priority and therefore can decreasing waiting even more we expect to get
better results for the amount of idle time.
Figure 31 shows the speedup for the path graph and the scale-free graph of N=1000.

Figure 31. Speedup for the path graph and the scale-free graph of N=1000.

The speedup of the path graph and the scale-free graph look the same despite the fact that
de distribution method was perfect for the path graph and not so perfect for the scale-free
graph. So we expect that another distribution would get us a better speedup for the scalefree graph.
Figure 32 shows the efficiency for the path graph and the scale-free graph of N=1000.

Figure 32. Efficiency for the path graph and the scale-free graph of N=1000.

Efficiency of the scale-free graph is poorer than that of the path graph. But again, if we
use a better way of distribution we could gain a lot.

\Department of Biomedical Engineering
\Department of Mathematics and Computer Science

67

68

\Department of Biomedical Engineering
\Department of Mathematics and Computer Science

Chapter 7
Conclusion
7. Conclusion
The algorithm we propose is a start of a search for an algorithm to do some form of
alignment of metabolic pathways. We defined a formal specification based upon the
distance of paths between two graphs. We used a shortest path algorithm to calculate
these distances. However, we not only calculated the distances with this algorithm, but
also the shortest paths. This means we can traverse these paths. This makes it possible to
think in the direction of aligning paths, and therefore graphs. (see also section 7.1.4).
We started with the idea to compare the compound-reaction graphs. These graphs are
more complex as enzyme-relation graphs. When we would have solved the problem for
the complex graph we would get the easier graph for free. We altered our approach when
time began to get an issue.
So we used undirected graphs as a basis for our algorithm. The algorithm can be adapted
to make it suitable for directed graphs. If one should add the possibility of the multi-edge
we think it is possible to use the same algorithm to calculate for instance a compoundreaction graph which is a directed graph with multi-edges.
Besides research on metabolic pathways and graphs we also looked at ways to extract the
data from the KEGG-database and ways to visualize the graphs. This research was done
when we still had the idea to create a tool around our algorithm.
At a late stadium in the project we switched our programming language. We switched
from Python to C++. There were some problems with the python binding and since MPI
was written in C++ we chose that language.
We did not reach our goal to design and implement a parallel algorithm for comparing
two metabolic pathways. However, we are able to compare two graphs in parallel where
we have the extra label information of the vertices and the relation R. R is in our
algorithm a bijection. It is an easy step to make it suitable for metabolic pathways and
this is only a matter of time.
We also can state from our analysis that parallelism shows its power with our algorithm.
We have a speedup close to 10 for both N=500 and N=1000. Efficiency is poor for the
scale-free graph, but the fact that the distribution method (block distribution) is a bad
choice we expect we can gain a lot by using for instance the minimal cut algorithm of
Thijs Janssen.
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Also we can bring down our idle time by changing the priority of the way messages are
handled. Since a length messages initiate computation and often needs to be forwarded to
initiate computation on other processes these should have the highest priority, both
internal and external.
We also saw that the linear search takes a lot of time. This can be improved by changing
the data structure and the way we search for the data.
We end this master thesis with some suggestions for future work, which is the topic of
section 7.1.

7.1. Future work
We made some assumptions in this master thesis that made the development of the
algorithm easier and more straightforward. In section 7.1.1 we will describe some other
possibilities for the relation R. Also the way of distribution needs more research. Some
direction is given in section 7.1.2.
Since the algorithm is using message passing to compute the score there are many
messages in the system. Combining messages could improve the performance of the
algorithm. This is the subject of section 7.1.3. In section 7.1.4 we discuss possibilities of
aligning vertices. Finally in section 7.1.5 we describe some notions we think a tool
around the algorithm should have.

7.1.1. The relation R.
In this master thesis we assumed the relation R to be a bijection. In most cases however
this is not the case. It is very well possible that an enzyme in metabolic pathway 1 has no
relation with any of the enzymes in metabolic pathway 2, or vice versa. Also it is very
well possible that an enzyme has a relation with more than one other enzyme. Either
because one and the same enzyme could me active in more parts of the metabolic
pathway, or that not the best BLAST-value is used but all the BLAST-value above a
certain threshold.
Especially the case that the relation R returns more than one vertex increases the
complexity of the algorithm as well as the total amount of message load. The algorithm
which is a basis for further work needs adaptation towards such an R. One should also
look what happens to the algorithm when a vertex is in no relation with a vertex of the
other graph.

7.1.2. Distribution
We use block distribution when we distributed our vertices. In the case of the path graph
this turned out very well, because the workload of each process is the same and the
connection between the processors was the minimum of 1.
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For scale free graphs the workload of hubs is of a different order than the workload of the
other vertices. So you want to start distributing the hubs and filling the rest up with the
other nodes. This kind of distribution is keeping the average degree of a processor
invariant.
Since metabolic pathways also know the concept of hubs the latter distribution seems
more appropriate. More research should be done towards this concept. Especially the
work of T.H.M Janssen on load distribution for parallel network looks like a promising
direction, because we thinks the minimal cut algorithm he suggest suits our needs very
well.

7.1.3. Combining messages
The amount of traffic of messages is large. There is a lot of traffic between the same
nodes. One could investigate how far it is possible to combine messages of different
vertices that need to be sent to other vertices on a different processor.

7.1.4. Aligning vertices
In this thesis we described an algorithm that calculates the sum of the distance rates
between paths in two different graphs. Only the number of vertices between the begin
vertex and end vertex is important in our calculation. As a next step one could look at
those vertices in between. We could, for instance, create a stack of vertices we traverse
when we walk the path from v to a v’ in graph G1, by enclosing the vertices in our
message. On arrival on v’ we send this stack to w’ and pop the stack in reverse order
when we walk from w’ to w, and check if the vertices in between are related.
So we try to align every vertex on the path in G1 with a vertex on the path in G2. If the
vertices do not match, we could investigate if the vertex will be further on the path. This
is possible because we know the direction to all vertices. So if the direction of the path is
the same as the direction of the wanted vertex we could speak of a gap. If the wanted
vertex is not on the path we could speak of a mismatch.
The terms mismatch and gap we know from sequence aligning. We believe that, with
more research, the ideas presented in this master thesis could lead to an aligning method
of graphs.

7.1.5. An internet based tool around the algorithm
Having a good algorithm is one thing; you also need to provide a good interface if you
want to make it useful. Without a good interface people will not start to use it or even be
interested in it. So you need to create a tool around the algorithm and the parallel
machine it executes on.
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The tool should be easy accessible, for instance through a web-interface. It should be free
of costs.
The way of input should be easy, either through databases or through files. It should
support a broad group of formats, as well on the input side as on the output side. The
latter is important because people want to investigate their data with other tools. Not just
one database should be supported, but many databases.
The output should be presented in a nice way either textual of graphical. The best way we
think, is to have adaptable views for different users. Users use the algorithm for different
reasons. Some look for differences, other look for similarities or even for the differences
between the similarities. These views could be pre-defined or user defined.
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