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Abstract

This thesis addresses problems in computer vision and pattern recognition using graphs.
The particular focus is on graph matching and characterization using edge-based operators.
The thesis commences with a brief introduction in Chapter 1, followed by a review of the
relevant literature in Chapter 2. The remainder of the thesis is organized as follows.

Chapter 3 discusses the structure of the Ihara coefficients and presents efficient meth-
ods to compute these coefficients. One of our contributions in this chapter is to propose
a O(k|V|?) worst-case running time algorithm to compute the set of first k Thara coeffi-
cients.Chapter 4 proposes efficient methods for characterizing labelled as well as unlabelled
graphs. One of our contributions in this chapter is to propose a graph kernel based on
backtrackless walks for labelled graphs, whose worst-case running time is the same as that
of the kernel defined using random walks.

The next part of the thesis discusses the edge-based Laplacian and its applications.
Chapter 5 introduces the concept of a metric graph and the eigensystem of the edge-based
Laplacian. Our novel contribution in this chapter is to fully explore the eigenfunctions
of the edge-based Laplacian and develop a method for explicitly calculating the edge-
interior eigenfunctions. In Chapter 6, we define a wave equation on a graph and give a
complete solution. The solution is used to define a signature to classify weighted as well as
unweighted graphs. Chapter 7 presents another application of the edge-based Laplacian,
where the edge-based heat diffusion process is used to define a signature for points on
the surface of a three-dimensional shape. It is called the edge-based heat kernel signature
(EHKS) and it can be used for shape segmentation, correspondence matching and shape
classification. Finally, in Chapter 8 we provide concluding remarks and discuss directions

for future research.
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Chapter 1

Introduction

This chapter provides an introduction and motivation for the research presented in this
thesis. We will explain why we are interested in the graph-based methods for characteri-
zation and matching. The chapter commences by introducing the problems encountered
in machine learning and pattern recognition and what are the solutions available for these
problems. This is followed by our research goals. The chapter concludes by giving an

outline of the rest of the thesis.

1.1 The problems

Graphs-based methods have attracted the interest of many researchers and scholars from
different areas of research in recent years. This is due to the fact that graphs are consid-
ered as one of the most generic data structures. Therefore pattern analysis and learning
tasks involving graphs arise in a number of domains such as computer vision, natural
language processing, data mining and complex networks. In computer vision, graphs are
widely used to abstract images. These graphs are acquired by selecting the feature points
from the images which become vertices of the graph. These vertices are then connected
based on some criteria, e.g., nearest neighbour. A similar approach is used in three-
dimensional computer vision, where the feature points are selected on the surface of the
three-dimensional model. A chemical compound can be represented by a weighted labelled
graph, where nodes carry the label of atoms and edges represent bonds between nodes.
A social network can be represented by a graph where nodes represent persons and edges
represent relationships.

Once graphs are extracted, we can perform different tasks such as matching and clus-
1



Chapter 1: Introduction

tering. However, learning with graphs is difficult. The reason is that graphs are not
vectors. Moreover, there is no natural ordering of vertices of the graph and so there is
no straightforward way to embed them in a vector space. Due to these reasons, tradi-
tional vectorial methods from the statistical machine learning cannot be directly applied

to graphs.

Several methods have been proposed to cope with the difficulties that arise in learning
with graphs. These methods can be categorized as either inexact methods or decompo-
sition methods. Methods falling into the former category include the use of approximate
methods to compute graph-edit distance [13,64], and those falling into the latter category
include those that decompose a graph using permutation invariant characteristics. These
characteristics are related to the topological structure of the graph. Examples include ver-
tex number, edge number, diameter etc. A more sophisticated approach is to decompose
the graph into substructures such as paths, random walks or cycles and use the frequencies

of these substructures to embed graphs into a higher-dimensional space.

One of the most successful recent developments in the machine learning community
is the use of kernel methods to characterize labelled graphs. For a set of graphs I', a
graph kernel implicitly embeds graphs into a higher-dimensional feature space. For such
a kernel x : I' x I' = R, it is known that a map ¢ : I' — H into a Hilbert space H exists
such that k(G,G") =< ¥(G),y(G") >, for all G,G’ € T. Kernel methods are popular
in the literature and have been extensively used to characterize graphs. However, the
problem with the existing kernel methods is that either they are not expressive, or they
are computationally very expensive. One of the goals in this thesis is to define efficient
graph kernels that overcome the problems with existing kernels and have the same running

time.

Over the recent years, there has been an increasing interest in developing new methods
for problems arising in the graph-based learning which are based on solutions of partial
differential equations defined using the vertex-based Laplacian of the graph. The vertex-
based Laplacian is a discrete analogue of the continuous Laplacian in analysis and can be
used to translate physical equations from the continuous domain to the discrete graph-
theoretic domain. To this end, Xiao et al. [87] have used the heat kernel to embed the
nodes of a graph in a Euclidean space. The heat kernel is a solution of the heat equation
and is a compact representation of the path-length distribution on a graph. They have

used the resulting distribution of the embedded nodes to construct a pattern vector for
2



1.1 The problems

characterizing a graph. In related works, Xiao et al. [86] have used the trace of the heat
kernel to characterize graphs. Zhang et al. [90] have used the diffusion process for image
smoothing. Coifman and Lafon [16] have proposed a probabilistic framework which is
based upon diffusion processes on graphs for dimensionality reduction. Escolano et al. [21]
have defined the thermodynamic depth complexity for characterizing the graph structure.
Recently, Suau et al. [76] have analyzed the Schrodinger operator in the context of graph

characterization.

The use of solutions of partial differential equations defined using the vertex-based
Laplacian is also becoming increasingly popular in three-dimensional computer vision.
Here the goal is to define signatures for points on the surface of a three-dimensional shape
that can be used for the purpose of shape matching and clustering. These local signatures
can be combined in different ways to define a global signature for shape classification and
retrieval. For example, Sun et al. [77] have used the diagonal of the heat kernel to define
the so called heat kernel signature (HKS). Castellani et al. [14] have used the HKS to
define a global heat kernel signature (GHKS) and have used this for brain classification.
Aubry et al. [2] have proposed the wave kernel signature (WKS), which is based on the

solution of the Schrédinger equation.

One of the limitations of the discrete Laplacian is that it cannot be used to link most of
the results from the analysis of continuous Laplacian to a direct graph-theoretic analogue.
As a result, although the heat equation can be mapped from the continuous domain onto
a graph, the wave equation cannot be mapped in this way. To translate more complex
results from the analysis to the graph-theoretic domain, one way is to treat the edges of
the graph as interval of real length. Such graphs are referred to as “Quantum Graphs”
in Physics literature. The graph now lives in two spaces, i.e., vertex-space (which is a
point-like measure) and edge-space (Lebeguese measure). Functions therefore can exist on
both edges and vertices of the graph. This results in two part Laplacian, i.e., the discrete
vertex-based Laplacian and the edge-based Laplacian. Although the discrete Laplacian has
been extensively used in the literature, little work has been done on graph characterization
using solutions of the partial differential equations defined using the edge-based Laplacian.
Initial work by ElGhawalby and Hancock [19] has revealed some of the potential uses of
the edge-based Laplacian.



Chapter 1: Introduction

1.2 QOur goals

Our goal in this thesis is to develop efficient graph-based methods, addressing the problems
in computer vision and pattern recognition. Specifically our goals in this thesis are the

following:

1. To define efficient vectorial representations for unlabelled graphs to which the statis-
tical methods can be directly applied. In particular, we explore the use of backtrack-
less walks on a graph and the coefficients of the reciprocal of the Ihara zeta function
(also referred to as the Thara coefficients), which are related to the frequencies of the

prime cycles in the graph.

2. To define a graph kernel based on backtrackless walks for characterizing labelled
graphs with higher accuracy. We also develop efficient methods that can be used
to compute such a kernel, and whose worst-case running is the same as that of the

random walk kernel.

3. To study the edge-based Laplacian of a graph. We give methods for explicitly com-
puting the eigenfunctions of the edge-based Laplacian of a graph. This also reveals
a connection between the edge-based Laplacian and both random walks and back-

trackless walks on a graph.

4. To solve more complex partial differential equations on a graph using the edge-based
Laplacian and use its solution for characterizing graphs. In particular, we give a com-
plete solution of a wave equation on a graph, where the initial condition is Gaussian
wave packets on edges of the graph, and use it to define vectorial representation for
both weighted and unweighted graphs. Such representations can be used to classify

graphs with higher accuracy.

5. To define a signature for a point on the surface of a three-dimensional shape using
a solution of the heat equation defined using the edge-based Laplacian. Such signa-
tures can be used for correspondence matching and shape segmentation, and can be

combined in a number of ways for shape classification and retrieval.

1.3 Contributions

To achieve these goals, we make the following contributions in this thesis.
4



1.3 Contributions

1.3.1 Efficient computation of Ihara coefficients

The Ihara zeta function has recently attracted attention in the pattern analysis and ma-
chine learning literature. For instance, Zhao and Tang [91] have used Savchenko’s formu-
lation of the zeta function [68], expressed in terms of cycles, to generate merge weights for
clustering over a graph-based representation of pairwise similarity data. Their formulation
is based on a representation of oriented line graph, which is an intermediate step in the
development of the Thara zeta function. Watanabe and Fukumizu [80] have presented an
approach to the analysis of loopy belief propagation (LBP) by establishing a formula that
connects the Hessian of the Bethe free energy with the edge Thara zeta function. Ren et
al. [62] have investigated the use of the Thara zeta function for clustering graphs. They
have extended this work to weighted graphs [61] and hypergraphs [57]. In more recent
work, Ren et al. [56] demonstrate a relationship between the Ihara zeta function and the
discrete-time quantum walks on graphs.

Unfortunately, despite its attractions as a compact representation of graph structure,
applications of the Ihara zeta function have been limited due to the computational over-
heads required to calculate it. For the graph G = (V, F), with node-set V' and edge-set E,
the adjacency matrix T' of the oriented line graph of G is of size 2|E|. For graphs of large
edge density, this makes computing the spectrum of 7" and hence the Thara zeta function
or its polynomial coefficients burdensome.

One of our contributions in this thesis is to establish a relationship between the Ihara
coefficients and the Bell polynomials. This relationship can then be used for two purposes.
Firstly, it can be used to find out interesting properties of each of the Ihara coefficients in
terms of frequencies of prime cycles of different lengths in the graph. Secondly, it allows us
to efficiently compute the low order Thara coefficients, which are related to simple cycles
of smaller length in the graph. We provide a O(|V|?) worst-case running time algorithm
to compute such coefficients, which is better than the O(|E|?) worst-case running time of
previously known algorithms. Here |V| represents the number of vertices and | E| represents

the number of edges in the graph.

1.3.2 Defining efficient graph kernels based on backtrackless walks

Kernel methods are becoming popular for characterizing labelled graphs. One of our
contributions in this thesis is to define a kernel based on backtrackless walks on a graph.

The idea is based on the random walk kernel, which is one of the most popular graph
5



Chapter 1: Introduction

kernels. There are two advantages of using backtrackless walks over random walks. Firstly,
backtrackless walks avoid tottering, and so it increases the characterization power of the
kernel. Secondly, since a backtrackless walk is determined by the adjacency matrix of
the oriented line graph, which is closely akin to the discrete time quantum walk on a
graph [20], it is less prone to the problem of failing to distinguish graphs due to the
cospectrality of the adjacency matrix of the graph. The problem with existing kernels
based on backtrackless walks or prime cycles is their computational complexity. In this
thesis, we also propose efficient methods to compute such kernels, that can characterize
graphs with higher accuracy and whose worst-case running time remains the same as that

of the kernel defined using random walks.

1.3.3 Pattern vectors from backtrackless walks and Thara coefficients

One of the problems with graph structure is that there is no order relation. For this reason
graphs cannot be directly embedded in a feature space and traditional statistical methods
cannot be directly applied to graphs. Therefore we need methods that can be used to
embed graphs in a feature space suitable for machine learning tasks. One way for graph
embedding is to use the frequencies of a particular substructure in the graph. In this
thesis, our goal is to use frequencies of backtrackless walks and prime cycles of smaller
length to embed a graph into a higher-dimensional feature space. A prime cycle is a closed
backtrackless and tail-less walk. Since Thara coefficients are related to the frequencies of
prime cycle of smaller length, we use them to embed md2 graphs (i.e., the graphs where
the degree of each vertex is at least 2) in feature space. One of our contributions in this
thesis is to define pattern vectors based on backtrackless walks and IThara coefficients and

propose efficient methods to compute such pattern vectors.

1.3.4 PDEs using the edge-based Laplacian

In this thesis, we develop methods for explicitly computing the set of all eigenfunctions
of the edge-based Laplacian of a graph. Such eigenfunctions can be classified into two
types, vertex-supported eigenfunctions and edge-interior eigenfunctions. We prove that
the vertex supported eigenfunctions are determined by the structure of random walks
on the graph while the edge-interior eigenfunctions are determined by the structure of
backtrackless walks on the graph. We give explicit methods to compute the set of all

eigenfunctions. Once the eigensystem of the edge-based Laplacian is known, we can use
6
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it to define other complex partial differential equations on graph which are more closely
related to equations in analysis. In particular, we give a complete solution of the wave
equation and the heat equation using the edge-based Laplacian, where the initial conditions
are a Gaussian wave packet and a Gaussian heat packet respectively. We use the solutions

of these equations for graph characterization.

1.3.5 Three-dimensional shape signatures

Our last contribution in this thesis is to apply the proposed method for the three-dimensional
shape analysis. For this purpose we use the solution of the heat equation, called the heat
kernel, which is defined using the edge-based Laplacian of the graph. We define a sig-
nature for points on the shape that can be used to embed the shape in a vector space.
The proposed signature can be used for correspondence matching and shape segmentation.
Moreover local signatures can be combined to define a global signature that can be used

for shape retrieval and classification purposes.

1.4 Thesis structure

The remainder of the thesis is organized as follows: Chapter 2 reviews the research lit-
erature related to the work presented in the thesis. Chapter 3 presents efficient methods
to compute the Thara coefficients. Chapter 4 presents efficient methods to characterize
both labelled and unlabelled graphs using backtrackless walks and Ihara coefficients. In
Chapter 5, we give method to explicitly compute the set of all eigenfunctions of the edge-
based Laplacian and show its relationship with random walks and backtrackless random
walks on a graph. Chapter 6 provides a solution of the edge-based wave equation on a
graph where the initial condition is a Gaussian wave packet on the edges of the graph. We
also propose methods for characterizing both weighted and unweighted graphs using the
solution of the wave equation. In Chapter 7, we use the solution of heat equation defined
using the edge-based Laplacian of a graph for three-dimensional shape analysis. Finally,
Chapter 8 concludes the work in this thesis and points out possible directions for future

research.






Chapter 2

Literature Survey

Graph-based methods are popular tools for high order structure learning [62]. In this
thesis, our aim is to develop graph-based methods for high order structures that can
be used for characterization, matching and segmentation of such objects. In the light
of this aim, in this chapter we review relevant research material on graph theory for

characterization and matching.

2.1 Graph models in applications

Graphs are one of the most general data structures. Most of the other data structures
can be considered as simple instances of graphs. It is for this reason that graph-based
methods are widely used in many applications including network analysis [46], World
Wide Web [10], and problems in machine learning [43]. Some of the fields of applications

for graphs are given below.

Image analysis: In computer vision, graph-based methods have been successfully used
for image recognition, correspondence matching and image segmentation. To extract
a graph from images, first the feature points are extracted which become the nodes
of the graph. These nodes are then connected according to some defined criteria.

Figure 2.1 shows an example.

Three-dimensional shape analysis: A three-dimensional shape can be represented by
a mesh that approximates the bounding surface of the shape. Graph-based methods
can be used for partial matching and shape retrieval. Figure 2.2 shows an example

where the bounding surface of a three-dimensional elephant is approximated by a
9
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Figure 2.1: Graph representation of an image

mesh.

Figure 2.2: Graph representation of a three-dimensional model

Chemoinformatics: Graphs are the natural representation for chemical compounds,
where nodes represent atoms and bonds represent edges. The goal here in chemoin-
formatics is to predict the characteristics of the molecule from their graph struc-

ture [7].

Bioinformatics: Graph-based methods are becoming increasingly popular in molecular
biology. The most challenging benchmark dataset that originate from bioinformatics
is the protein-protein interaction network (PPI) [85]. The objective here is to find
the similarity between proteins and enzymes represented in this fashion. Figure 2.3

shows an example, where a protein fragment is modeled as a graph.

Network analysis: Recently, the field of network science has emerged as a new paradigm
for the analysis of patterns represented as large and often very complex graphs.
Examples of such systems are social networks where nodes represent individuals

and edges represent relationships and World Wide Web where nodes represent web

10
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Figure 2.3: Left: Structure of E. coli protein fragment APO-BCCP87 [89], ID la6x in
the Protein Data Bank [6]. Right: Borgwardt et al.’s [9] graph representation for this
protein fragment. Nodes represent secondary structure elements, and edges encode neigh-
bourhood along the amino acid chain (solid) respectively, in Euclidean three-dimensional

space (dashed) graph representation of a protein structure [79]

pages and edges represent hyperlinks. Graph-based methods can be used to identify

interesting properties of these networks.

2.2 Graph matching and graph kernels

One of the most widely studied problems in the graph theory is to measure similarity
between graphs, when the nodes and edges of the graphs are assigned labels. Given two

graphs G and G’ from the space of graphs I, the similarity problem is to find a function
sim:I'xT' = R,

such that sim (G, G’") measures the similarity of G and G’. The simplest solution is to find
a one-to-one correspondence between the nodes of the two graphs. However, exact graph
matching is not practical due to two reasons. Firstly, the graph isomorphism problem
is not known to be in P and this makes the exact solution computationally intractable
and, secondly, the process of acquiring graphs may introduce some noise that will result
in additional /missing edges/vertices. To overcome this problem, inexact and decomposi-
tion methods have been used instead. Inexact methods include the use of approximate
methods to compute graph edit-distance [13]. Decomposition methods include the idea
of decomposing graphs into substructures such as walks [26], paths [8], cycles [31], and
trees [53]. Similarity between graphs can be measured using the frequencies of matching

substructures.

11
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One of the advantages of the decomposition methods is that they lead to kernels that
can be computed in polynomial time. For this reason kernel methods are becoming pop-
ular in recent years. However, instead of decomposing a graph into substructures, kernel
methods compute the similarities between graphs by assuming an implicit embedding of
graphs in a vector space. This usually involves a first step of applying a kernel func-
tion x(G,G’) to each pair of graphs (G,G’) to form a Gram matrix of observed data.
In this way, the original data are implicitly mapped into a higher-dimensional feature
space. In other words, the kernel implicitly assumes the mapping 7 : I' — 9(G) of the
graph to a new space. A kernel acts as a dot product in the new feature space, i.e.,
k(G,G") =< Y(G),¥(G") >. Although originally developed for vector-data, there has
recently been a concerted effort to extend these methods to the structural domain, i.e.,
to measuring the similarity of strings, trees and graphs. While there is an order relation
in strings and trees, graphs represent more difficult structures to kernelise since there is
no order relation. Due to this reason the construction of graph kernels has proved to be

particularly challenging.

One of the most popular graph kernels is the random walk kernel, which is based on the
idea of counting the frequencies of matching walks in the two input graphs [26]. The first
step in the random walk kernel is to construct a product graph of the two input graphs in
such a way that a walk on the product graph corresponds to a simultaneous walk on each
of the two graphs. The kernel can then be computed by counting the number of random
walks of different lengths of the product graph. The advantage of random walk kernel is
the expressivity of its feature space. Besides, it can be computed in polynomial amount of
time and its execution can be further accelerated by using geometric series expansion [26].
Recent literature contains a number of well documented problems with the random walk
kernel. These include the problems that different graphs are mapped to the same point
in the feature-space of the random walk (this can be attributed to the cospectrality of
graphs), and the fact that random walks totter and may visit the same edges and nodes
multiple times. Both of these problems mean that the ability of the graph kernel, to

discriminate graphs of different structures, is reduced.

To overcome the problems with the random walk kernel, a number of extensions and
alternative approaches for defining kernels have been proposed. Mahé et al. [42] have
improved the expressivity of the random walk kernel by using label enrichment and using

random walks that avoid backtracking. The process of label enrichment adds additional
12
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labels to the nodes of the graph-based on the degree of the node and the degrees of the
neighbouring nodes. This increases the accuracy of the resulting kernel. By avoiding
backtracking, tottering can be prevented which increases the expressivity of the resulting
kernel. Mahé et al. [42] have experimentally shown that these two extensions can increase
the performance of the resulting kernel. However, to compute the backtrackless walks,
the graph is transformed into a representation that captures the backtrackless structure
of the graph. This process introduces additional nodes in the graph, which increases the
running time of the resulting kernel and the resulting kernel may not be practical in many
real-world situations.

An alternate approach to random walk kernel is the “all-path” kernel which is defined
on the set of all edge walks without repetitions of the same edge [8]. In [8], Borgwardt
et al. have shown that the “all-path” kernel is a valid graph kernel. However, since
finding the set of all paths in a graph is NP-hard, such kernels are not practical. One
way to overcome this problem is to use a subset of paths rather than the set of all paths.
Borgwardt et al. [8] have defined a kernel which is based on the k-shortest paths in a
graph. They have introduced shortest-path kernel and k-shortest-paths kernel, and have
experimentally shown that shortest-path kernels can characterize a graph with higher
accuracy than the random walk kernel.

As an alternative to the random walk kernel, kernels based on subtrees and cyclic
patterns have also been defined. In [31], Horvath et al. have defined a kernel which is
based on simple cycles and tree patterns in a graph. To compute the kernel, they first
extract the set of all simple cycles from the graph. To add more information to the kernel,
they also consider the graph obtained by removing the edges associated with all simple
cycles. The resulting graph is a forest consisting of the set of bridges in a graph. These
cyclic patterns are then used to construct the kernel. One of the problems with the cyclic
pattern kernel is that its computation is NP-hard [31]. Therefore such kernels can only
be applied to the families of graphs where the number of cyclic patterns are polynomially
bounded, and are hence limited in practical use.

The disadvantages of these methods originate due to competing requirements in the
graph kernel design. Borgwardt et al. [8] have identified the following four requirements

that a graph kernel should satisfy:

1. The kernel should be a good measure of similarity for graphs.

2. Its computation should be possible in polynomial time.
13
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3. The kernel must be positive definite.
4. It should be applicable to all graphs, not just a small subset of graphs.

Additionally, a kernel should be able to differentiate between non-isomorphic graphs which
are cospectral with respect to their matrix representations. Existing graph kernels have
difficulties with achieving at least one of these goals. Some of the positive definite graph
kernels can be computed in polynomial time, but are not expressive. Others are expressive,
but are computationally expensive, sometimes even NP-hard. The problem of defining
efficient positive definite graph kernels for measuring the similarity between graphs remains

a challenging problem in the machine learning community.

2.3 Pattern vectors

Pattern analysis using graph structures has proved to be a challenging problem. The
reason is that graphs have no ordering relations and so they cannot be easily converted
to pattern vectors. Hence, the classical statistical methods from pattern recognition or
machine learning cannot be directly applied to graphs without first converting them to
pattern vectors. To overcome this problem, one way is to extract a pattern vector from a
graph that captures the structure of the graph in a way which is permutation invariant.
These features can be the number of nodes and edges, the node degrees etc.

Another approach for graph characterization is to extract permutation invariant char-
acteristic from the matrix representation of the graphs. The matrix representation can be
the adjacency matrix or the closely related Laplacian matrix of the graph. In [83], Wilson
et al. have used the spectral decomposition of the Laplacian matrix and basis sets of
symmetric polynomials to convert the graphs into pattern vectors. These pattern vectors
are complete, unique and continuous and more importantly they are permutation invari-
ant. They have also explored different methods to embed the vectors in a pattern space
suitable for clustering including principle component analysis (PCA), multidimensional
scaling (MDS) and locality preserving projection (LLP).

Ren et al. [59] have used the coefficients of the characteristic polynomials of the matrix
representation of the graph to embed the graph into a higher-dimensional feature space.
The characteristic polynomial is the determinant det (A — M), where I is the identity
matrix, M is the matrix representation of the graph, and A is the variable of the poly-

nomial. With the appropriate choice of the matrix, these coefficients capture the cyclic
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structure of the graph [62,70]. They have explored number of different matrix representa-
tions, including the adjacency matrix, the Laplacian matrix which is the adjacency minus
the diagonal degree matrix, the Perron-Frobenius operator which is the adjacency matrix
of a transformed version of the graph, and the adjacency matrix of the positive support of
third power of the discrete time quantum walk matrix. They have experimentally shown
that polynomial coeflicients perform better than the graph spectra.

Another approach for graph embedding, related to the embedding methodology we
propose in this thesis, is to use the frequencies of substructures as feature for the vectorial
representation of the graph. These substructures can be random walks, shortest paths, or
cycles in the graph. For example Kashima et al. [35] use frequent path finding algorithm
that finds m frequent paths for constructing feature space. Recently, Ren et al. [62] have
explored the use of the Thara zeta function as a mean of gauging cycle structure in graphs.
The Ihara zeta function is computed by first converting a graph into the equivalent oriented
line graph, and then computing the characteristic polynomial of the resulting structure.
The coefficients of the characteristic polynomials are related to the frequencies of prime
cycles of different sizes, and can be computed in polynomial time from the eigenvalues of
the adjacency matrix of the oriented line graph. The method can be easily extended from
simple graphs to both weighted graphs [61] and hypergraphs [60].

Riesen et al. [65] have proposed a general approach for transforming graphs into n-
dimensional real vector spaces by means of prototype selection and graph edit distance
computation. The key idea is to use the distances of an input graph to a number of
training graphs as vectorial description of the graph. Their method is based on the idea of
mapping the pattern vectors into dissimilarity spaces [51] [50]. This idea was also applied
to strings by Spillmann et al. in [73]. The main challenge in this method is the selection

of prototype. Riesen et al. [65] have proposed the following five prototype selectors
Centres: selects the m prototypes situated in the centre of graph set I'
Random: randomly selects m prototypes from graph set I"

Spanning: iteratively selects m prototypes as follows. The first prototype selected is the
set median graph. Each additional prototype selected by the spanning prototype
selector is the graph which is furthest away from the already selected prototype

graphs.

k-centers: choose m graphs from I' so that they are evenly distributed with respect to
15
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the dissimilarity information.

Targetsphere: This method first selects the centre graph and the graph which is furthest
away from the centre. The remaining m — 2 are selected by locating the graphs that

are nearest to the interval borders in terms of edit distance.

Many other approaches have been proposed to embed the graph in a feature space.
Jouili et al. [34] have proposed a graph embedding technique based on the constant shift
embedding which transforms a graph to a real vector. The constant shift embedding
increases all dissimilarities by an equal amount to produce a set of Euclidean distances.
This set of distances can be realized as the pairwise distances among a set of points in a
Euclidean space. Xiao et al. [87] have used the solution of the heat equation, called the
heat kernel, to embed the nodes of a graph into a higher-dimensional Euclidean space.
They have used the geometric properties of the resulting embedding to characterize the

graph.

2.4 Diffusion processes on graphs

The traditional discrete graph Laplacian A, acts as an operator which is defined only on
the vertices of a graph [15]. The discrete Laplacian has proved to be a useful tool in the
analysis of graphs and has found applications in a number of areas including computer
vision, image processing, and machine learning. For example, Fiedler [22] has used the
eigenvector corresponding to smallest positive eigenvalue of the Laplacian for the purpose
of partitioning graph.

One of the most popular and successful applications of discrete Laplacian in machine
learning and pattern recognition is the dimensionality reduction. The generic problem
of dimensionality reduction is the following. Given a set of k points x1,x2,...,z; in n
dimensional space R™, find a set of k points y1,ya, ...,y in R™ (m << n) such that y;
represents z;. Belkin et al. [3] have used Laplacian eigenmaps that considers the problem of
constructing the representation for data lying on a lower-dimensional manifold embedded
into a higher-dimensional space. They have shown that the embedding provided by the
Laplacian eigenmap is optimal and it preserves the local information. Given k points

T1,T9, ..., in R™, the algorithms performs the following three steps:

Constructing the adjacency graph: The adjacency graph is constructed by choosing

the points as nodes. Two nodes are connected according to either e-neighbourhoods
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(i.e., Nodes i and j are connected by an edge if the Euclidean distance between the
two points is less than € ) or n-nearest-neighbour (i.e., nodes i and j are connected

by an edge if 7 is among n nearest neighbours of j or vice versa).

Choosing the weights: Two variations for weighting the edges were proposed. The first
one assigns a weight of 1 to every edge of the graph. The second one uses the function
w;j = exp (—||@; — x;||?/t). The reason for choosing the later is that it is related to

the heat equation on the graph and captures the geometric properties of the data.

Eigenmaps: Once the graph is constructed and weights are assigned, the third step is
to compute eigenvalues and eigenvectors for the generalized eigenvector problem
Lf =ADf, where D is the diagonal weight matrix, and L = D — W is the Laplacian
matrix. The eigenmap is constructed by choosing the m eigenvector corresponding

to first m smallest positive eigenvalues, i.e., z; = (f1(7), f2(2), ..., fn(2)).

The idea of the Laplacian eigenmap was extended by Czaja et al. [84]. They have
introduced Schrodinger eigenmap which is a generalization of the Laplacian eigenmap.
Schrodinger eigenmap allows experts to input data in the form of additional, labelled
information (called potential) on a data-dependent graph to improve the detection and
classification processes. This additional information becomes potential for the Schrodinger
operator. Hence, Schrodinger eigenmaps not only capture the geometry of the underlying
graph, but they also capture the dynamics of the labelled data. The Schrédinger eigenmap
can be applied to a wide range of high-dimensional biomedical data analysis problems that
require the flexibility to add expert data in a fully automated classification problem [84].
The authors in [84] have applied the method to gene expression analysis and showed higher
accuracy results.

Coifman and Lafon [16] have proposed a probabilistic framework which is based upon
diffusion processes on graphs for dimensionality reduction. They have used the eigenvec-
tors of Markov matrix (the normalized Laplacian) to construct coordinates called diffusion
maps. They have shown that diffusion maps can generate an efficient representation of
complex geometric structure and can be used for finding meaningful geometric descriptions
of data. Nadler et al. [45] have observed that the eigenvector of the normalized Laplacian
are discrete approximation of the eigenfunctions of a Fokker-Plank operator with reflecting
boundary conditions.

The partial differential equations on graphs defined using the discrete Laplacian, have
17
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been also used as a tool for anisotropic image smoothing [81]. The anisotropic image
smoothing is an implementation of smoothing filters that smoothes the image while pre-
serving the edge details. Tschumperle et al. [78] has proposed a generic framework for
anisotropically smoothing multivalued images that uses a solution of a partial differential
equation while preserving natural curvature constraints. Zhang et al. [90] have used diffu-
sion process on graphs using the discrete Laplacian for the purpose of anisotropic image
smoothing. The first step is to construct a weighted attributed graph from the image, and
compute the associated Laplacian matrix. Diffusion across this weighted graph structure
with time is captured by the heat equation, and the solution, i.e., the heat kernel, is found
by exponentiating the Laplacian eigensystem with time. Image smoothing is affected by
convolving the heat kernel with the image. The method has the effect of smoothing within
regions, but does not blur region boundaries. They experimented their method with both

gray-scale and colour images.

The discrete Laplacian defined over the vertices of a graph, however, cannot link
most results in analysis to a graph-theoretic analogue. For example the wave equation
uy = —Awu, defined with discrete Laplacian, does not have finite speed of propagation.
The reason is that the discrete Laplacian is an approximation of Laplacian on discrete
points only and hence results from calculus seem unnatural using the discrete Laplacian.
Therefore we need improved calculus on graph that can link most of the results from
analysis to graph-theoretic domain. In [23,24], Friedman and Tillich have developed a
calculus on graphs which provides strong connections between graph theory and analysis.
This approach has a number of advantages. It allows the application of many results
from analysis directly to the graph domain, and opens up the use of many new partial
differential equations on graphs. As an example, they define a wave equation which has a

finite speed of propagation, in contrast to the usual wave equation on a graph [24].

In the graph calculus of Friedman and Tillich, the graph is given a geometric realization
by associating an interval with each edge of the graph. Functions may therefore exist both
at the vertices and on the interior of edges. From this starting point they develop a
divergence and, most importantly, graph Laplacian. This type of Laplacian has found
application in the physics literature where the interpretation is as the limiting case of a
“quantum wire” [32,66] . The graph Laplacian consists of two parts; namely a vertex-based
Laplacian and an edge-based Laplacian. Friedman and Tillich also demonstrate that for

edgewise-linear functions the edge-based Laplacian is zero and the graph Laplacian reduces
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to the traditional discrete graph Laplacian. On the other hand, for functions where the
vertex-based Laplacian is zero, they obtain the edge-based Laplacian only. This results in
a setting which is substantially different from the traditional approach. While the method
leads to the definition of both a divergence operator and a Laplacian, it is not exhaustive

in the sense that the edge-based eigenfunctions are not fully specified.

2.5 Three-dimensional shape analysis

A three dimensional shape can be conveniently represented by a mesh that approximates
the bounding surface of the shape. Although such representations are convenient for ren-
dering and visualization purposes, they are not suitable for analysis tasks such as automatic
shape matching and automatic shape classification. For the analysis tasks the key idea is
to define an informative and discriminative feature descriptor that characterizes each point
on the surface of the three dimensional shape. Generally these techniques use a feature
vector in R™ [2,77], which contains both local and global information for that point. These
feature descriptors can be used in many ways for analyzing three-dimensional shapes. For
correspondence matching, the descriptors are used to find potential correspondence among
pairs of points on two different shapes [2,77]. For clustering the parts of a shape, the sig-
natures can be used to identify semantically coherent parts of an object [1,67]. Local
descriptors can be combined in different ways to define a global shape signature and this
can be used for shape classification or recognition [14,48]. Ovsjanikov et al. [49] have gen-
eralized it to the notion of map that puts in correspondence real-valued functions rather
than points on the shapes.

To be effective, Bronstein [11] has enumerated a list of the following desired properties,

which a descriptor should have:

Localization: a small displacement of a point on the manifold should greatly affect the

descriptor computed at it.

Sensitivity: when a point on a shape is queried against another similar shape, a small
set of best matches of the descriptor should contain a correct match with high

probability.

Discriminativity: the descriptor should be able to distinguish between shapes belonging

to different classes.
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Invariance: the descriptor should be invariant or at least insensitive to a certain class of

transformations that the shape may undergo.

Efficiency: the descriptor should capture as much information as possible within as little

number of dimensions as possible.

Earlier work on three-dimensional shapes was based on the fact that isometric surfaces
share the same geometric structure, also known as the “first fundamental form”. For
example, all possible bendings of a given surface that includes all length preserving defor-
mations without tearing or stretching the surface are considered to be isometric. One of
the early works on three-dimensional shape analysis for recognition and classification was
the construction of probability distributions and was reported by Osada et al. [48]. They
construct a signature for a three-dimensional model as a probability distribution sampled
from a shape function measuring the geometric properties of the three-dimensional model.
They call this generalization of geometric histogram as a shape distribution [48]. To de-
fine their signature they define a number of shape functions based on different geometric
properties of the shape. They have experimented with the following functions and have

shown their ability to classify three-dimensional models.

A3 Measures the angle between three random points on the surface of a three-dimensional

model.

D1 Measures the distance between a fixed point and one random point on the surface.

The fixed point is usually chosen as the centroid of the boundary of the model.
D2 Measures the distance between two random points on the surface.

D3 Measures the square root of the area of the triangle between three random points on

the surface.

D4 Measures the cube root of the volume of the tetrahedron between four random points

on the surface.

Shape distribution has the advantage of being invariant under controlled transformations.
However, the retrieval performance of the shape distributions is not sufficient, failing to
distinguish shapes that are quite different. To improve its performance, Ohbuchi et al. [47]
proposed a modification of D2 shape signature referred to as mutual angle-distance his-
togram (AD) and mutual absolute-angle distance histogram (AAD) shape feature. Unlike

the D2, which is a 1D histogram, they used 2D histograms.
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The statistical signatures proposed by Osada et al. [48] and Ohbuchi et al. [47] are
simple and somewhat robust to small perturbations. However, its classification rate is
considered to be low. Elad et al. [18] have proposed an efficient method for comput-
ing bending invariant shape signature for isometric surfaces which is based on geodesic
distances. Their method is based on two numerical procedures. The first is the fast
marching on triangulated domains (FMTD) [71] that efficiently calculates geodesic dis-
tances on triangulated curved surfaces. This is followed by a multidimensional scaling
(MDS) technique. They have shown that their approach is useful for nonrigid isomet-
ric surface classification and can also be helpful in identifying nonrigid objects that are
partially occluded.

Unfortunately, shape signatures defined using geodesic distances are sensitive to the
local topology of the shape. As a result such signatures have limited use. Recently,
there is an increasing interest in descriptors obtained from the spectral decomposition of
the Laplace-Beltrami operator associated with a shape. Reuter et al. [63] have used the
eigenvalues of the Laplace-Beltrami operator to define shape signature. They have shown
that their signature contains enough information to classify shapes and they have the

following properties:

Isometry Congruent solids (or isometric surfaces) should have the same fingerprint being
independent of the solid’s given representation. For some applications it is necessary

that the fingerprint is independent of the object’s size.

Similarity Similar shaped solids should have similar fingerprints. The fingerprint should

depend continuously on the shape deformation.
Efficiency The effort needed to compute those fingerprints should be reasonable.

Compression In addition, it would also be desirable that the fingerprint data should not

be redundant, i.e., a part of it could not be computed from the rest of the data.

Physicality Furthermore, it would be nice if an intuitive geometric or physical interpre-

tation of the meaning of the fingerprints would be available.

Shape signature defined by Reuter et al. [63] fails when two non-isometric shapes
share the same spectra. Such shapes are called isospectral shapes. To overcome this
problem, Rustamov [67] has defined a shape signature, referred to as global point signature

(GPS), which is based on both the eigenvalues and eigenfunctions of the Laplace-Beltrami
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operator. This work was also inspired by Lévy’s work [40]. In his paper, Lévy [40]
has shown that the eigenfunction of the Laplace-Beltrami operator can give interesting
information about the geometry of the shape. Possible applications of this representation
include signal processing on surfaces, geometry processing, registration and pose transfer,
and segmentation and parameterization. Given a point p on the surface, the global point

signature is defined as

1 1 3
) ), ...

GPS has many applications including shape segmentation. Local signatures are com-

ars(r) = (

bined using G2 distribution (a modification of D2 distribution [48]) to give a global sig-
nature for shape classification [67]. Although GPS overcomes the problem of failing to
distinguish isospectral shapes, it introduces the problem of eigenfunctions sign correction.
This is due to the fact that the signs and the ordering of the Laplace-Beltrami eigenfunc-
tions can flip from one pose to another. This makes it difficult to identify segments over
different poses. Another limitation of GPS (and the other methods discussed so far) is
that it is a global signature and cannot be used to detect partial symmetries or to perform
partial matching of articulated shapes.

To overcome these problems with GPS, Sun et al. [77] have used a heat diffusion
process to define signatures and this is referred to as the heat kernel signature (HKS).
HKS is defined by sampling the retained heat at a number of time points. Given a point

p on the surface of the shape, its heat kernel signature (HKS(x) : Rt — R) is defined as
HEKS(x,t) = ki(z,x),

where ki (z, x) is the fundamental solution of the Heat equation, called heat kernel. They
showed that the HKS contains sufficient information to characterize points uniquely. By
sampling the retained heat at different times, they have shown that HKS captures both
the local and the global properties of the shape. Hence, it can be used for both partial

shape matching and shape classification. HKS has the following desirable properties [77]:

e It organizes information about the intrinsic geometry of a shape in an efficient,

multi-scale way.
e It is stable under perturbations of the shape.

e It is concise and commensurable, but remains informative.
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e It can be estimated faithfully and efficiently.

Many extensions and modifications of HKS have been proposed. Raviv et al. [55] have
extended the idea of HKS to robust isometry-invariant volumetric descriptors and show
their utility in shape retrieval. Their work is based on the fact that in many cases modelling
shape deformations as approximate isometries of the volume of an object rather than
its boundary can capture the properties of non-rigid deformations with higher accuracy.
Castellani et al. [14] have used HKS to define a signature for shape classification, called
the global heat kernel signature (GHKS). The GHKS is defined by accumulating the local
heat kernel values observed at each point into a histogram for a fixed number of scales.
They have applied GHKS to magnetic resonance imaging (MRI) data and used it to detect
brain morphological abnormalities.

Another physically motivated feature descriptor, the wave kernel signature (WKS), was
proposed by Aubry et al. [2], which uses the wave like solutions. WKS was proposed as a
solution to the excessive sensitivity of the HKS to low frequency information. WKS is the
solution of Schrodinger equation and it represents the average probability of measuring a
quantum mechanical particle at a specific location. They have experimentally shown that
WKS allows for more accurate feature matching than the HKS. A comparison of properties
of WKS and HKS can be found in [11]. The author has analyzed both descriptors and

proposed a generic family of descriptors that generalize both the HKS and the WKS.

2.5.1 Summary

In this chapter, we have reviewed the relevant research literature on the spectral graph
theory for characterization and matching graphs. We have also analysed deficiencies and
problems with the existing methods. Based on the review of the relevant literature, we
may draw several conclusions.

Firstly, the Thara zeta function provides potential approaches to characterize graphs.
The original form of the Ihara zeta function is defined on cycle frequencies and thus is
closely related to graph topologies. Although the Thara zeta function is generally an infinite
product, its reciprocal can be written as a determinant of a matrix whose coefficients are
related to the frequencies of prime cycles in the graph. This identifies a possible way
to use these coefficients for graph characterization. However, the computation of the
Thara coefficients requires us to transform the graph into oriented line graph, whose size

can be O(]V]?) in the worst-case. One of our contributions in this thesis is to develop
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efficient methods to compute the Ihara coefficients. In Chapter 3, we develop a relationship
between Thara coefficients and Bell polynomial that can be used to efficiently compute
these coefficients. This relationship also helps us to understand the structure of each

Thara coefficient in terms of frequencies of prime cycles of different lengths in the graph.

Secondly, to characterize labelled graphs, several graph kernels have been defined on
substructures like random walks, shortest paths, and cycles. However, they all suffer from
one or the other of the following two problems. Either they are not expressive enough or
their high computational costs make them not suitable in practical situations. In Chapter
4, we propose a graph kernel which is based on backtrackless walks on a graph. Such
kernel offers a more powerful representation of graph compared to the alternative random
walk kernel. Moreover we also propose efficient method to compute such kernels, whose
worst-case running time is the same as that of the kernel defined using random walks.
To characterize unlabelled graphs, we use pattern vectors that are composed of Thara

coefficients and backtrackless walks on a graph.

Thirdly, the traditional discrete Laplacian defined over the vertices of a graph does
not link most of the results from the analysis of continuous Laplacian to a direct graph-
theoretic analogue. To overcome this problem, Friedman and Tillich [23] have developed
a calculus on graph. This formalism can be used to translate more complex equation from
analysis to graph-theoretic domain. While Friedman and Tillich find the eigenvalues of
the edge-based Laplacian, and give some of its eigenfunctions explicitly, they do not give
a method for computing the entire eigensystem of the graph. In Chapter 5, we develop
explicit methods to compute the eigenfunctions of the edge-based Laplacian. This also
reveals a connection between the edge-based Laplacian and the adjacency matrix of both

the line graph and the oriented line graph.

Fourthly, although the discrete Laplacian has been extensively used in the literature,
little work has been done on graph characterization using the solutions of partial dif-
ferential equations defined using the edge-based Laplacian. Initial work by ElGhawalby
and Hancock [19] has revealed some of the potential uses of the edge-based Laplacian. In
Chapter 6, we explore the use of the wave equation defined using the edge-based Laplacian
for graph characterization. We solve the wave equation on a graph and use its solution to

characterize graphs.

Finally, to explore the use of the edge-based Laplacian to solve problems in computer

vision, in Chapter 7, we present a novel method for defining pose-invariant signatures for
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2.5 Three-dimensional shape analysis

non-rigid three-dimensional shapes based on the edge-based heat kernel. The signature
proves useful for both shape segmentation and feature point correspondence. To illustrate
the utility of our method, we apply it to segmenting and classifying non-rigid three-
dimensional shapes represented in terms of meshes. One of our novel contributions in
this chapter is to define adjacency matrix for the mesh in a way that captures both
the topological and geometric properties of the shape itself. We then use the resulting
adjacency matrix to find the eigenfunctions of the edge-based Laplacian.

Above all, the work presented in this thesis addresses the shortcomings in the existing
methods for characterization and matching graphs and aims to improve their performance
and efficiency. We will compare our proposed methods with the state-of-the-art-methods

and discuss in detail our contributions to the research literature in the subsequent chapters.
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Chapter 3

Ihara Coefficients and Bell

Polynomials

The Thara zeta function has proved to be a powerful tool in the analysis of graph struc-
tures [62]. It is determined by the frequencies of prime cycles of a finite graph G = (V, E).
The reciprocal of the Thara zeta function can be characterized in terms of a characteristic
polynomial of the adjacency matrix 7" of the oriented line graph associated to G. The
coefficients of this polynomial, referred to as IThara coefficients, have been used to charac-
terize graphs in a permutation-invariant manner, and allow for an efficient evaluation of
the Thara zeta function.

Despite its attractions as a compact representation of graph structure, the use of
Thara coefficients for graph representation has been limited in the literature due to the
computational overheads required to calculate such coefficients. This is due to the fact
that to compute the Thara coefficients, we need to transform the graph into an oriented
line graph [62]. For the graph G = (V| F), with node-set V' and edge-set E, the adjacency
matrix T' of the oriented line graph, which is also called the Perron-Frobenius operator,
is of size 2 x |E| (i.e., twice the number of edges in the graph). Therefore the worst-
case running time of computing IThara coefficients is O(|E|?). For graphs of large edge
density, this makes computing the spectrum of 7" and hence the Thara zeta function or its
polynomial coefficients burdensome.

In this chapter, we establish a relationship between the Thara coefficients and the Bell
polynomials. This has two advantages. Firstly, it allows us to determine the structure
of each of these coefficients in terms of number of simple cycles and prime cycles in the

graph. Secondly, this relation can be used to efficiently compute these Thara coefficients.
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We develop an efficient recursive scheme that can be used to compute the set of the Thara
coefficients in O(|E|?) worst-case time, provided that the eigenvalues of T' are known. We
also provide an efficient recursive method to compute the set of low order Thara coefficients
in O(|V|?) worst-case time, which is better than any known method for computing such

coefficients.

3.1 Graphs

Before introducing the Thara zeta function, in this section we provide some basic definitions

and notations that will be used throughout the thesis.

3.1.1 Definitions

A graph G = (V,E) consists of a finite nonempty set V' of wertices and a finite set
E C V x V of unordered pairs of vertices, called edges. If {u,v} € E, we say that u
is adjacent to v. A graph is simple if it has no edge of the from {u,u} and if there are
no repeated edges. In the remaining of this thesis we will use the term graph to refer to
a simple graph. For a weighted graph, there exists a mapping w : £ — R, which assigns a
unique weight to every edge of the graph.

A directed graph or digraph D = (Vp, Ep) consists of a finite nonempty set Vp of
vertices and a finite set Ep C Vp x Vp of ordered pairs of vertices, called arcs. So a
digraph is a graph with an orientation on each edge. For an arc (u,v), v is called the head
and w is called the tail of the arc. For the arc (u,v), the inverse arc is (v,u). A digraph
D is called symmetric if for every arc of D, its inverse arc is also an arc of D. There is a
one-to-one correspondence between the set of symmetric digraphs and the set of graphs,
given by identifying an edge of the graph with an arc and its inverse arc on the digraph
on the same vertices. We denote by SDG(G) the symmetric digraph associated with the
graph G. Figure 3.1(b) shows the symmetric digraph of the graph of Figure 3.1(a). The
original graph G has 4 vertices and 5 edges, while the symmetric digraph SDG(G) has 4
vertices and 10 arcs.

The complement or inverse of a graph G is a graph with the same vertex set but whose
edge set consists of the edges not present in . The complement is denoted by G = (V, E),
where

V=Y,
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and

E ={(u,v): (u,v) ¢ E}.

The line graph LG(G) = (V1, Er) is constructed by replacing each arc of D(G) by
a vertex. These vertices are connected if the head of one arc meets the tail of another.

Therefore

Vi ={(u,v) € D(G)},
Er ={((u,v), (v,w)) : (u,v) € D(G), (v,w) € D(G)}.

The oriented line graph OL(G) = (Vo; Eo) is constructed in the same way as the L(G)
except that reverse pairs of arcs are not connected, i.e., ((u,v), (v,u)) is not an arc. The

vertex and edge sets of OL(G) are therefore
Vo ={(u,v) € D(G)},

Eo = {((u,v), (v,w)) : (u,v) € D(G), (v,w) € D(G),u # w}.

Figure 3.1(c) and Figure 3.1(d) show the oriented line and line graph of the graph of
Figure 3.1(a) respectively. Note the dotted arcs in line graph do not exist in the oriented
line graph. The number of vertices in both the line graph and oriented line graph are

twice the number of edges in the original graph (10 in this case).

3.1.2 Walks on a graph

In this thesis, we need several definitions for walks and cycles.

Definition 3.1.1 A walk w of length k in a graph is a sequence of vertices vy, va, ...Uk+1
where v; € V such that v; and v;4; are adjacent. The length of the walk is the number of
edges traversed by the walk. A walk has backtracking if v;_1 = v;y1, for some i, 2 < i < k,
where k is the length of the walk. A walk is backtrackless if it has no backtracking. A path
is a walk that does not have any repeated vertices. A graph can have an infinite number

of walks but can only have a finite number of paths.

Definition 3.1.2 A cycle of length k is a walk vy, va, ..., such that v; = vg. A cycle is
simple if it has no repeated vertices other than v; and vi. The r-multiple of a cycle £ is the
cycle £" formed by going r times around £. A cycle £ has a tail if £ has no backtracking but

€2 has backtracking. A cycle is primitive if it is not the r-multiple of some other cycle for
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€12
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€41 i €23
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(b) Symmetric diagraph
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€34

(c) Oriented line graph (d) Line graph

Figure 3.1: Graph and its transformed versions

r > 2 (but it can have repeated vertices or edges). We impose an equivalence relation on
cycles via cyclic permutation, i.e., two cycles & = (v1,v2,...,v,) and & = (ug, ug, ..., uy)
are said to be equivalent if for some o € Z/nZ, v; = ujtq for all i € Z/nZ. Note that the
direction of travel does matter so traversing a cycle in the opposite direction does not give
a cycle equivalent to the original one. A prime cycle is the equivalence class of primitive

cycles which have no backtracking or tails, written as [C].

In the graph of Figure 3.2, the sequence RW = (v, va, v3, v2,v5) is a random walk, while
BW = (v1,v2,v3,v4,05) is a backtrackless walk. The cycle & = (v1,v2, v3, v4, V5, V2, V1)
is a backtrackless cycle but it has a tail (since &2 has backtracking). The cycle & =

(v2,v3,v4,V5,v2) is a prime cycle since both & and ¢3 are backtrackless cycles. It is also
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3.1 Graphs

a simple cycle, because it has no repeated vertices, other than wvs.

Figure 3.2: A simple graph with 5 vertices

A random walk on the vertices of L(G) represents a sequence of edges traversed by a
walker on the original graph G. Similarly, a random walk on the vertices of OL(G) defines
a sequence of edges in a random walk on G where backtracking steps are not allowed. This

is because the edge ((u,v), (v,u)) is not included in the OL(G).

3.1.3 Matrix representation for graphs

There are different ways to represent a graph using matrix. The most widely used are the

adjacency matrix and the Laplacian matrix.

Definition 3.1.3 The adjacency matriz A of a graph G = (V, E) is a |V| x |V| matrix,
whose (u,v)™ entry is given as

1, if (u,v) € E;

0, otherwise.

The adjacency matrix of a weighted graph is given as

Wy, if (u,v) € E;
A(u,v) =

0, otherwise.
where w,,, represents the weight of the edge (u,v).

The (u,v)" entry of the n'® power of the adjacency matrix of an unweighted graph rep-
resents the number of random walks of length n from node u to node v. Since OL(G)

prevents backtracking, the (u,v)" entry of the n'* power of the adjacency matrix of OL(G)
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represents the number of backtrackless walks of length n + 1 from the tail of the edge u

to the head of the edge v in the original graph.

Definition 3.1.4 The Laplacian matriz L of a graph G = (V, E) is a |V| x |V]| matrix,

whose (u,v)! entry is given as

-1, if (u,v) € E;
L(u,v) = d(u), ifu=w;
0, otherwise.

where d(u) represents the degree of the vertex wu, i.e., the number of vertices adjacent to

the vertex u.

The Laplacian matrix can also be computed as L = D — A, where D is the diagonal
degree matrix, i.e., the matrix with the vertex degree on diagonal and zeros elsewhere.
The Laplacian matrix of a graph is the discrete analogue of the continuous Laplacian
operator in the analysis, and therefore it can be used to translate equations from analysis

to graph-theoretic domain.

Definition 3.1.5 The spectrum of a graph is the set of the eigenvalues associated with

the matrix representation of the graph.

Definition 3.1.6 Two graphs G1 = (Vi, E1) and Go = (Va, E2) are said to be isomorphic
if there exists a bijection f : V3 — V5, such that any two vertices v and v are adjacent
in G; if and only if f(u) and f(v) are adjacent in Ga. In other word, two graphs are

isomorphic, if one can be transformed into the other by relabeling the vertices.

Figure 3.3 shows an example of isomorphic graphs, where the mapping is {1,2,3,4,5} —
{2,1,3,4,5}.

1¢ 1 2

Figure 3.3: Isomorphic graphs
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Definition 3.1.7 Let A; and A, be the adjacency matrices of two non-isomorphic graphs
G1 and Gg respectively and A; and A, be the adjacency matrices of their complement
graphs, i.e., G; and G respectively. G and Gy are called cospectral with respect to
their adjacency matrices, if A1 and As have the same spectrum. Similarly G; and G5 are
cospectral with respect to the adjacency matrices of their complements, if A; and A, have

the same spectrum.

Non-isomorphic graphs can be cospectral with respect to other matrix representa-
tions. Figure 3.4 shows some examples of cospectral graphs [72]. The graphs of Figure
3.4(a) are cospectral with respect to their adjacency matrices, sharing the same spec-
trum, i.e., {—2,0,0,0,2}. The graphs of Figure 3.4(b), on the other hand, are cospectral
with respect to both their adjacency matrices and the adjacency matrices of their comple-
ments. The spectrum of these graphs is {—2,—1,—1,0,1,1,2}, and the spectrum of the
complements of these graphs is {—2,—2,—1.3723,0,0, 1,4.3723}. Similarly the graphs of
Figure 3.4(c) are cospectral with respect to their Laplacian matrices, sharing the spectrum

{0,0.7639,2,3,3,5.2361}.

IX A

(a) Cospectral graphs with respect to their ) Cospectral graphs with respect to adja-
adjacency matrices cency matrices of graphs as well as their com-
plement

<0

c) Cospectral graphs with respect to their Laplacian matrices
Figure 3.4: Examples of cospectral graphs

33



Chapter 3: Thara Coefficients and Bell Polynomials

3.2 The Ihara zeta function

We now introduce the Thara zeta function.

3.2.1 Definition

The Thara zeta function associated with a graph G is a function of the complex variable

u € C defined as
Gw) = T (1 - (3.1)

c€[C]

where [C] runs over the set of all equivalence classes of prime cycles of G, and I(c) denotes
the length of the prime cycle.

The Thara zeta function can also be expressed in terms of a power series of the variable
u [37]:

o) = exp (i N’”um) | (32)
o

where N,, represents the number of prime cycles of length m.

One of the advantages of the Thara zeta function is that its inverse, (g(u)™*

, can be
written in the form of a determinant of a matrix of size 2|E| x 2| F|, whose coefficients are
related to the frequencies of prime cycles in the graph. This makes the use of the Thara

zeta function of practical utility.

3.2.2 The reciprocal of the Thara zeta function

The Thara zeta function can also be written in the form of a determinant expression [37]:

1

) = T =y

(3.3)

where T', the Perron-Frobenius operator, is the adjacency matrix of the oriented line graph
of the original graph. The size of T' is 2|E| x 2|E|, where |E| denotes the cardinality of
E, i.e., the number of edges of G, and I is the 2|E| x 2|E| identity matrix. Since the
reciprocal of the Thara zeta function can be written in terms of a determinant of the
matrix 7', therefore it can be expressed in the form of a polynomial of degree at most 2|E)|
(and exactly 2|E| for md2 graphs, i.e., the graphs where the degree of each vertex is at

least two.), i.e.,

Co(u)™ =det(I —uT) = co + cru + cou® + czu® + ... + 02|E‘u2|E‘, (3.4)
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where g, c1, ..., ¢ | are the coefficient of the reciprocal of the Thara zeta function, referred
to as the Thara coefficients.
The above coefficients can be computed as a summation of a series of determinants

[12,58):

bin bz .. bigg
=3 b2_’1 be bQ’?'E' . (3.5)
G| : B :
boig)1 bop2 - boiE|2iE|
2|E|

This requires the computation of ( ) determinants of size 2|E| x 2|E| to find one

2|E|—k

coefficient cg.

3.3 TIhara coefficients and Bell polynomials

In this section, we give our first major contribution. We provide an explicit representation
of the Ihara coefficients in terms of the complete Bell polynomials. Later we will show how
this relationship can be used to relate the low order Thara coefficient to the frequencies
of simple cycles in the graph. We will also use this relationship to develop algorithms for
efficiently computing Thara coefficients, whose worst-case running time is better than the

previously known algorithms.

3.3.1 Bell polynomials

Bell polynomial is a combinatorial identity, named in honor of Eric Temple Bell. We
distinguish between partial and complete Bell polynomials. The partial Bell polynomials

are a triangular array of polynomials given by

n!

: Ty Je
Bn,k(wly--wxn—kﬂ):Zle‘ H (ﬁ) , for 1<k <n,
=1 J& =1 '

where the sum extends over all sequences j1, j2, ..., jn_k+1 Of non-negative integers such
that
n—k+1 n—k+1
Y Ge=k and > jel=n.
=1 (=1
The sum of the partial Bell polynomials By, (1, ..., Zp—k+1) over all values of k gives the
complete Bell polynomials By (1, ..., xy), i.e.,

n
Bn(xla s 7xn) = ZBn,k(mla s 7xn7k+1) .
k=1
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The complete Bell polynomials B, (x1,...,z,) have the following generating function:
iz =1
n
exp (Z n'u”) = Z mBn(ﬂvl, ce T )u”, (3.6)
n=1 n=0
and, additionally, it can be shown that they satisfy the following identity:
m ()z (e (e e
-1 (e ()ws o we
0 -1 T n-3 ro ... Tp-9
Bu(z1,...,20) = ') L (3.7)
0 0 -1 T ... Tp—3
0 0 0 0 -1 x

The Bell polynomial has an interesting combinatorial meanings. If the integer n is
partitioned into a sum in which “1” appears j; times, “2” appears js times, and so on,
then the number of partitions of a set of size n that collapse to that partition of the integer
n when the members of the set become indistinguishable is the corresponding coefficient

in the polynomial.

3.3.2 Relationship between IThara coefficient and Bell polynomial

An interesting relation between the Thara coefficients and the complete Bell polynomials
can be established by combining Equation 3.2 and Equation 3.4, i.e.,
N,
m __ o Tmom
Z emu™ = exp Z ] (3.8)
m>0 m>1

The coefficient ¢, can be computed by evaluating the k* derivative of Equation 3.6 at

u = 0. The first five Ihara coefficients are

CO - 17
cl1 = _Nla
1 2
2 = o5 (=N2 + N7)
1
1
g = 7!(_6N4+8N3N1+3N22_6N2N12+N{1)'

In general, the n*" Thara coefficient is given by

o S () oo

k17k27~-'»kn
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where ki + 2ko + 3k; + ... + nk, = n and z; = —(k — 1)!Ny. Hence, we can write ¢, in
terms of Bell polynomials:
1 n
Cnp = E < Bn,k (1‘1,]]2, ...,xnkJrl)) N (310)
" \k=1
1

= ﬁBn (21,22, ey Tn) (3.11)

where By, i, (x1, %2, ...,Zn—k4+1) are partial Bell polynomials and By, (z1, 2, ...,2,) is the
complete Bell polynomial.
The following theorem proves this relationship of the Ihara coefficients in terms of the

complete Bell polynomials.

Theorem 3.3.1 Let G be a graph, T be the adjacency matrix of OL(G) and let ¢,, denote
the n'* Thara coefficient related to G. The following identity holds:

Bp(aq,...,ap)

Cn = )

n!

where ay = —(¢ — 1)IN;.

Proof 3.3.2 By Equation 3.2 and Equation 3.6 we have

Gl = ew (—ZZu)

n=1

o0
«
= exp (Z n?u”) ,

n=1

1
- Z EBTL(ala R an)un'

n=0
Differentiating the above equation n times, and evaluating the result at uw = 0, we get

A

dunfal(()) = By(a,...,an).

Now the coefficients ¢, of the reciprocal of the Ihara zeta function can be derived from

Equation 3.4 in terms of derivatives of L(u) evaluated at u = 0 as follows:

_ L4 0 3.12
Cn—m%%()- (3.12)
From the above results we conclude
By(ag,...,ap)
Cp = o
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This result justifies a possible method for computing the Ihara coefficients, which makes
use of Equation 3.7. Indeed, one could compute the Thara coefficient by calculating the
determinant of a matrix, which has in general complexity O(|E|3). Since each «; depends
on N;, the number of prime cycles of length 4, the relations also provides a possible
method for determining the structure of each Thara coefficient in terms of frequencies of

prime cycles of different lengths.

3.4 The structure of Thara coefficients

As mentioned earlier, the relationship that we have established in Section 3.3 between
Thara coefficients and the Bell polynomials can be used to characterize the structure of
each Thara coefficient. In particular, we give an alternate proof of the following theorem
where we prove that the low order Thara coefficients are related to the frequencies of simple
cycles in the graph. This theorem was first proved by Scott and Storm [70]. However,
the relationship established in the previous section between Ihara coefficients and the Bell

polynomials helps simplify the proof.

Theorem 3.4.1 (Scott and Storm [70]) Let G be a simple graph with (g (u) be its Thara
zeta function. Let ¢q,co, ..., ¢y, be its Thara coefficients. Then ¢; = ¢o = 0. Furthermore,
cs, c4 and c5 are the negatives of twice the number of triangles, squares, and pentagons in

G respectively.

Proof 3.4.2 This can be proved by using the relationship between the Ihara coefficients
and the Bell polynomials.

e Since ¢; = —N; and since there are no loops in a simple graph so ¢; is always zero.

e Similarly ¢y is always zero since ¢y = % (—Nz + N12) and there are no multiple edges

or loops in a simple graph.

e c3 = % (—2N3 + 3Na Ny — Nf’) = —%Ng. Since G is a simple graph, N3 depends
on the number of triangles in a graph. FEach triangle will contribute 6 to Nj.
This is due to the fact that each node in a triangle gives us two backtrackless
and tailless paths of length 3 traversed in opposite directions. Therefore N3 =
6 x number of triangles in G and hence the coefficient c3 is equal to the negative of

twice the number of triangles in the graph G.
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e Similarly the coefficients ¢4 = —%N4 and c; = —%Ng), and so ¢4 and c5 are equal
to the negative of twice the number of rectangles and pentagons in the graph G

respectively. a

Note that the high order Ihara coefficients are related to number of prime cycles of
different lengths. For example cg = —éN(; + 1—18N§, so ¢g depends on the number of prime
cycles of length 6 and the number of triangles in the graph. Indeed, in [70] Scott and
Storm have shown that the coefficient cg is the negative of twice the number of hexagons
in G plus four times the number of pairs of edge disjoint triangles plus twice the number
of pairs of triangles with a common edge, while ¢ is the negative of twice the number of
heptagons in G plus four times the number of edge disjoint pairs of one triangle and one
square plus twice the number of pairs of one triangle and one square that share a common
edge. Hence, the high order Ihara coefficients may give redundant information about the
structure of the graph.

Since the structure of the Thara coefficients is determined by the frequencies of prime

cycles in the graph, they can be used to determine the girth of the graph.

Definition 3.4.3 For a graph G = (V, E), the girth of G is the length of the shortest

cycle in G.

We now show that the relationship between the Thara coefficients and Bell polynomials
can be used to show that the girth of the graph is determined by the Ihara coefficients.
This result was first shown by Horton in his Ph.D dissertation [30] and later by Scott and
Storm [70].

Theorem 3.4.4 (Horton [30]) Let r be the girth of a simple graph G = (V, E). Then,
¢ =0 for 1 <k < r. Moreover, ¢, is the negative of twice the number of cycles of length

T.

Proof 3.4.5 From the relationship between the Thara coefficients and Bell polynomials,
it is straightforward to show that ¢z = 0 for 1 < k < r. This is because each cg, for
1 < k < r depends on the number of cycles of length smaller than r, but the length of
smallest cycle in the graph is r.

Using the relationship between the Thara coefficients and Bell polynomials again, it
can be shown that ¢, = —%NT, where r is the girth of the graph and N, depends on the

number of simple cycles of length r (since there are no cycles of smaller length in G). Each
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cycle will contribute 2r to N,., because each node in the cycle will give two closed paths of
length r traversed in opposite directions. Therefore NV, = Negative of twice the number

of cycles of length r in G. This completes the proof. a

This shows that the smallest non-zero Ihara coefficient ¢; is determined by the number
of cycles of length ¢ in the graph. Indeed, using Theorem 3.3.1, it can be shown that
if r is the girth of the graph G = (V| E), then ¢; = 0, whenever 0 < i < r, and ¢; =

negative of twice the number of cycles of length i, whenever r < i < 2r.

3.5 A recursive formula for the complete Bell polynomials

We introduce here a recursive formula that can be used for the computation of the Bell
polynomials. This result will then play a fundamental role in next section, where we
propose our efficient method for computing the IThara coefficients.

Although the recursive relation for the Bell polynomials is already known (see, e.g. [4,
5]), we provide here a self-contained proof for completeness. To this end, we prove the
following lemma first, which can be considered as a special instance of the general Leibniz

rule for the nt" derivative of the product of functions.

Lemma 3.5.1 Let h(u) = exp (f(u)). Then for all n > 1,

n—1

AROESY <" . 1>f("‘“ () (w),

£=0

where £ (u) and h(™ (u) denote the nth-order derivatives of f and h, respectively.

Proof 3.5.2 We proceed by induction. For n = 1 we can easily see that

W (u) = % [exp(f ()] = f exp(f(u) = fO (u)h(u).

For the general case n we have

B (u) = %h(n—l) (u)

- !Z (" ) onOw

=0

_'_

) (” ) 2) SO0 @)D ()|
/=0

where we used the inductive hypothesis for h(*~1(u). By taking the term ¢ = 0 out of

the first summation and the term £ = n — 2 out of the second one, we obtain after simple
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algebra:

n

f
4 Z (n - 2> f(n—1—e) (u)h(”l)(u) + (” 2 2> f(n—l—f) (u)h(”l)(u),

B () = £ ()h(u) + FO (w)hD ()
-3
- f+1

0

= f" wh(u) + fO @)h" " (u) +

Theorem 3.5.3 The complete Bell polynomials can be expressed using the following

recursive formula:

n—1 m—1

/=0 ( ) )xn,ng(xl,...,xg), ifn>0
Bu(x1,...,2pn) =

1, otherwise .

Proof 3.5.4 Let f(u) = >_0%, Zy™. Then it easy to see that f(™)(0) = z,,. Similarly, let

h(u) = 300 o LBy (21, ..., 2,)u". Then h(™(0) = B, (x1,...,2s). By Equation 3.6 and

by Lemma 3.5.1 the result derives. a

3.6 Efficient computation of Ihara coefficients

The recursive formula for the computation of the Bell polynomials introduced in Theorem
3.5.3, combined with the fact that the Thara coefficients can be expressed in terms of
the Bell polynomials, leads to a novel, easy and efficient way of computing the Ihara
coefficients. Our final contribution in this chapter is to provide efficient recursive methods

for computing the Thara coefficients, which are based on the following theorem.

Theorem 3.6.1 Let G be a graph and T be the adjacency matrix of OL(G). The Ihara

coefficients related to G can be computed through the following recursive formula:

23050 (Na—g) e, ifn > 1

Cp =
1, otherwise .
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Proof 3.6.2 By Theorem 3.5.3 and Lemma 3.3.1 we have that

122 /=1 = o« S
_ —¢

Cp = ~ E ( ’ )aneﬁ!cz = g mce = . E (Nn—e)ce.
=0 =0 =0

3.6.1 Computing the set of Ihara coefficients

Using the fact that the number of prime cycles can be computed from the trace of the
matrix T', the coefficient of the reciprocal of the Thara zeta function can be recursively

computed as

IS T (T e, if > 1
Cp =

1, otherwise .

Note that Tr (7™) can be computed efficiently in terms of the eigenvalues A1, ..., \ g of
matrix 7', since Tr (T") = Zl.ill A'. Assuming the eigenvalues of 1" are known, we can
compute, by means of Theorem 3.6.1, the Thara coefficients incrementally starting from
n = 1 by exploiting for each new coefficient the previously computed ones. By doing
so, the complexity of the computation of all the Thara coefficients is O(|E|?). It is worth
noting that this complexity becomes O(|E|?) if the spectrum of T is not available, since

a preliminary eigenvalue decomposition of 7' is required in order to compute the terms

e (T7).

3.6.2 Computing low order Ihara coefficients

As mentioned in Section 3.4, the low order Thara coefficients are related to frequencies of
simple cycles of small lengths in a graph. The high order Thara coefficients, on the other
hand, can give us redundant information. One of our goals in this thesis is to use the low
order Thara coeflicients for characterizing graphs. In order to compute the low order Ihara
coefficients, we give an algorithm that computes a constant number of low order Thara
coefficients and runs in O(|V|?) time in worst-case.

We commence by introducing a |V| x |V| matrix Ay for a graph G = (V, E), whose

(u,v)!" entry is the total number of backtrackless walks of length k, for k > 1, i.e.,

[Ag],,, = number of paths in G of length &

with no backtracking starting at v and ending at v.
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3.6 Efficient computation of IThara coefficients

Here (u,v) runs over the vertices of G. Since there is no backtracking in paths of unit
length, we define A; = A. To locate the paths of higher lengths, we use the following

theorem [75] that recursively computes the matrix A for k > 2.

Theorem 3.6.3 (Stark and Terras [75]) Let A be the adjacency matrix of a graph G and
Q be a |V| x |V| diagonal matrix whose u!* diagonal entry is the degree of the u* node
minus 1. Then
A, if k=1;
Ap = A2 (Q+1), if k=2 (3.13)

Ay 1A — Ay 50Q, if k>3

The proof of the above theorem can be found in [75]. O

Note that As can be computed using one matrix multiplication and two matrix ad-
ditions, and therefore it requires O(|V|* + |V|?) operations. Similarly Ay, for k > 3, is
recursively computed and requires one matrix addition and two matrix multiplications,
and therefore a total of O(|V|? 4+ |V|?) operations. The worst-case running time of com-
puting Ay is therefore O(k x |[V|?). When k is bounded by O(1), then the running time
of computing Ay becomes O(|V])3.

To efficiently compute the low order Ihara coefficients, we use the fact that the number

of prime cycles of length n can be computed from the matrices Ay as [75]:

[(m—1)/2]
Npy=Tr [Ap—(Q—=1) > Am o] (3.14)
j=1

Using the above equation we can compute N, in O(m x |V|3) worst-case time. This is
because the computation of each A,, requires O(m x |V|3) time. Hence, the worst-case
running time of computing N,, is O(|[V|?), when m is bounded by O(1), i.e., when m is
constant. The execution can be accelerated by using dynamic programming and storing
the temporary sums in memory. Once Ny, No, ..., N,, are known, we can use the following
recursive formulation to compute the Thara coefficients:

Lyl if 1;
- —kCk, 1M > 1

1, otherwise.
The worst-case running time of computing the first n Ihara coefficients is bounded by

O(n|V|?). To compute the fixed number of Thara coefficients the worst-case running time
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becomes O(|V[3). Tt is worth noting that the complexity becomes O(|E| x |V|3), if we

wish to compute the set of all Thara coefficients.

3.7 Summary

In this chapter, we have developed a relationship between the Ihara coefficients and the Bell
polynomial. This relationship allows us to study the structure of each of these coefficients
as well as to compute these coefficients in an efficient way. The Thara coefficients are
related to prime cycles in the graph, and therefore can be used to characterize the graphs
in a permutation invariant manner. We have provided a method that computes the set of
all Thara coefficients in O(|E|?) time, provided the spectrum of the oriented line graph is
known. We have also provided a method to compute the set of low order IThara coefficients

in O(|V[?) time.
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Backtrackless Walks on a Graph

In this chapter, we explore the use of backtrackless walks and prime cycles for character-
izing graphs. The reason for using backtrackless walks and prime cycles is that they avoid
tottering, and hence can increase the discriminative power of the resulting graph repre-
sentation. We present methods for characterizing both labelled and unlabelled graphs.
For labelled graphs, we define graph kernels using backtrackless walks on the graph. For
unlabelled graphs, we construct pattern vectors that are composed of backtrackless walks
and IThara coefficients. We also provide efficient methods to compute these kernels and
pattern vectors. For graph kernel, we present an O(|V|®) time algorithm, which is better
than the O(|Vi|'2) worst-case running time of the previously known algorithms. Similarly
for unlabelled graphs, we present an O(|V|?) algorithm which is better than the O(]V|®)
worst-case running time of the previously known algorithms. In the experimental evalua-
tion, we apply the proposed methods to cluster labelled as well as unlabelled graphs. The
results show that the use of backtrackless walks and prime cycles instead of random walks
can increase the accuracy of recognition.

Another advantage of using backtrackless walks and Thara coefficients is that these
methods are based on the adjacency matrix of the oriented line graph, which is closely
related to the discrete time quantum walk on a graph [56]. Emms et al. [20] have demon-
strated the ability of Quantum walks to distinguish strongly regular graphs. This justifies
the use of backtrackless walks for the purpose of distinguishing non-isomorphic cospectral
graphs. Indeed, in the experimental section we will demonstrate that the random walk
cannot distinguish graphs which are cospectral with respect to their adjacency matrices as
well as the adjacency matrices of their complements. On the other hand, pattern vectors

constructed from the Ihara coefficients or backtrackless walks can distinguish such graphs.
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4.1 Graph kernels

In this section, we provide methods for characterizing labelled graph using graph kernels.
We commence by introducing a graph kernel and define the random walk kernel. Next we

discuss backtrackless walk kernels and provide efficient methods to compute such kernels.

Definition 4.1.1 A labelled graph is a graph along with an additional set of labels £ and

a function [ : V' U E — L which assigns a label to each edge and/or vertex of the graph.

A labelled graph can be vertex-labelled which assigns labels to the vertices only, edge-
labelled which assigns labels to the edges only, or fully-labelled which assigns labels to
both edges and vertices. Any edge-labelled (or vertex-labelled) graph can be considered
fully labelled if we consider that all of the vertices (or edges) of the graph are assigned
the same label. Similarly an unlabelled graph can be considered as a labelled graph, that
assigns the same label to each vertex and edge of the graph. If a labelled graph G is
transformed to a line graph LG(G) or an oriented line graph OL(G), then the vertices
and edges of the LG(G) or OL(G) are assigned the same labels of the corresponding edges

and vertices of G respectively.

Definition 4.1.2 A graph kernel is a positive definite kernel on the set of graphs I'. For
such a kernel k : I' Xx I' — R it is known that a map ¢ : I' — H into a Hilbert space H
exists, such that k (G,G") = (Y(G),y(G")) for all G,G" € T [69].

Graph kernels can be defined on different substructures such as random walks [26], shortest
paths [8], cyclic patterns [31], and trees [53] in the graph. Ome of the most popular
polynomial time algorithms for graph characterization is the random walk kernel [26].
The idea behind the random walk kernel is to measure the similarity between graphs
based on the frequencies of matching random walks of different lengths.

As mentioned earlier, one of the problems with the random walk graph kernel is that
of tottering. A tottering walk can move to one direction and then immediately returns to
the starting position. This results in many redundant paths in the graphs. For example
in the chemical data structure of citric acid in Figure (4.1), the sequence O=C-C-C-C-H
may correspond to a walk on 6 different atoms (red dashed in the figure) or a tottering
walk on 4 different atoms (green solid in the figure). These redundant paths may decrease

the discriminative power of the resulting kernel.
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0 H OH-C—O H 0
T : :

C " C " C - C C
\ i

OH H OH H OH

Figure 4.1: Structure of citric acid

One way to avoid this problem is to use the set of all paths or simple cycles in the graph
because a path or a cycle does not contain repeated edges and therefore avoids tottering.
However, finding the set of all paths or cycles is an NP-hard problem and is not practical
in most cases [8] [31]. Therefore such kernels can only be applied to a limited families
of graphs, where the numbers of simple cycles or paths can be computed in polynomial
time. Another way to avoid tottering is to use backtrackless walks or prime cycles instead
of random walks. In this section, we present methods for characterizing graphs using
backtrackless walks on the graph. We give methods for characterizing both labelled and
unlabelled graphs and propose efficient methods to compute such kernels. The worst-case
running time of the proposed method is the same as that of the method which uses random

walks on the graph.

4.1.1 Random walk kernel

The random Walk Kernel is based on the idea of counting the number of matching random
walks of different lengths in the two input graphs. Instead of decomposing the graphs into
random walks of different lengths, Gértner et al. [26] have proposed an efficient method for
locating all the pairs of matching random walks in two input labelled graphs, which is based
on the idea of direct product graph (labelled). A direct product graph is a construction
that allows an implicit embedding of the input graphs into a higher-dimensional feature

space. It is defined as follows:

Definition 4.1.3 Given two input graphs G7 = (V1, E1) and Go = (Va, E»), their direct

product graph (labelled), Gx = (Vx, Ex), is defined as
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Vi (Gx) = {(v1,v2) € Vi x Va : label(vy) = label(vs)},

and

By (Gx) = {((u1,u2) , (v1,v2)) € VZ (Gx) :

(u1,v1) € E1 A (u2,v2) € Eg Alabel (uy,vy) = label (ug, v2)}.

Figure 4.2(c) shows an example of a direct product graph of the two input graphs of Figure
4.2(a) and Figure 4.2(b). A labelled random walk on the direct product graph corresponds
to a labelled random walk on the two input graphs. For example the labelled sequence
(x,b,z,¢,y,a,2,a,y) in the product graph corresponds to a labelled random walk in each
of the input graphs. Similarly a labelled backtrackless walk on the direct product graph
corresponds to a labelled random walk on the two input graphs. For example, in the case
of Figure 4.2, the labelled sequence (z,b, z, ¢, y, a,z) in the product graph corresponds to
a labelled backtrackless walk in each of the input graphs.

(a) Labelled graph (b) Labelled graph

(4,2) (1,2) (1.4)

®

8 C Z
(4.4) (3.3) (2.1)

(c) Direct product graph

Figure 4.2: Two labelled graphs and their direct product graph
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Definition 4.1.4 Given two input labelled graphs G; = (V1, F1) and G = (Va, E2), the

random walk kernel can be computed using the direct product graph Gx = (Vi, Ex) as:

Vx| oo

K(G1L,G) = > [Xﬂ : (4.1)

wo=1 k=0 o
where X is the adjacency matrix of G« and €y, €o, ... is a sequence of constants chosen
in such a way that the kernel converges [26]. Note that, we define X = Iy xv| which
counts the total number of random walks of length 0, i.e., the number of matching pairs

of vertices in the two input graphs.

4.1.2 Backtrackless walk kernel

In this section, we introduce the backtrackless walk kernel and propose efficient method
for computing such a kernel. Backtrackless walk kernel is a modification to random walk
kernel, and is based on the idea of counting the number of matching backtrackless walks
instead of random walks in the two input graphs. To define a kernel on backtrackless walks,
one way is to convert the graph into a form that captures the backtrackless structure of
the graph. This can be done by transforming the graph G into oriented line graph, OL(G),
since the OL(G) captures the backtrackless structure of the graph. The kernels can be
defined on the oriented line graph of the direct product graph. Another transformation

was proposed by Mahé in [42], which is defined as follows:

Definition 4.1.5 Given a graph G = (V, E), the transformed graph, G' = (V', E’), is
defined as
V =VUE,

and
E' = {(v,(v,w)):v eV, (v,w) € E}
U {((u,v), (v,w)) : (u,v), (v,w) € E,u # w}.

The transformed graph is labelled as follows. For a node v' € V, the label is I'(v') =
[(v'), if v € V,or I'(v) = I(v) if v = (u,v) € E. For an edge ¢ = (u/,v") between two
vertices v’ and v € VU E and v € E, the label is simply given by I'(e’) = I(v'). The
construction of G’ and its labeling are illustrated in Figure 4.3.

A random walk on the transformed graph corresponds to a backtrackless walk on the
original graph and a random walk on the product graph of the transformed graph corre-

sponds to a random walk on each of the transformed graphs (and hence a backtrackless
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NG

(a) Labelled graph (b) Symmetric digraph

NN
<

/\

(¢) Transformed graph

Figure 4.3: A labelled graph and its transformed graph

walk on each of the original graphs). Therefore the product graph of the transformed
graphs of the two input graphs can be used to count the number of matching backtrack-
less walks in the two input graphs. The backtrackless walk kernel for the two input graphs

G1 and G is defined in a similar way as

Vx| oo

R(GLG) =Y Y a [Y’“] , (4.2)

w,o—=1 k=0 v

where Y is the adjacency matrix of the direct product graph of the two transformed graphs
(instead of the adjacency matrix of the direct product graph of the original graphs).
However, the use of backtrackless kernels in practice is limited because of the com-
putational cost of such kernels. For a graph G = (V, E), the size of the transformed
graph is |E| + |V|. Therefore, the size of the product graph of the transformed graphs
is (|E1| +|Vi|) x (|E2| 4 |Va]). In the worst-case, when |E| = O (|V|?), the size of the
product graph can be O (|V1|? x |[V3]?). In such cases, the computational cost of the ker-
nel can be O (|V|'?), when both Gy and G have |V| vertices. This is due to the fact
that the computation of the kernel requires the inversion of the adjacency matrix of the
product graph [79], and this generally requires cubic time. For this reason, kernels based

on transformed graphs may not be practical in most cases.
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To overcome the above mentioned problem, in this chapter we present a method that
efficiently computes a kernel based on backtrackless walks using the adjacency matrix of
the original graph instead of the transformed graph. For this purpose we use the |V| x |V|

matrix Ay defined in Section 3.6.2, whose (u,v)th entry is given by

[Ak]u,u = number of walks in G of length &

with no backtracking starting at v and ending at v.

Here w,v run over the vertices of GG. Since there is no backtracking in paths of unit
length, we define A; = A. Also we define Ag = I}y||v|, which counts the total number of
backtrackless walk of length 0. To locate the walks of higher lengths, we use the theorem

3.6.3 [75] that recursively computes the matrix Ay for k > 2, i.e., we compute each Ay,

for k>0 as
Lvixvi, if k= 0;
A, if k=1,
A =
A2 —(Q+ 1), if k=2;
Ap1 A — Ap_5Q, ifk>3.

\

We now define backtrackless walk kernel using the adjacency matrix of the direct

product graph.

Definition 4.1.6 Given two input graphs G; and Ga, the backtrackless walk kernel is

defined as
Vx| oo

K (Gl, GQ) = Z Zek [Xk]u,v . (4.3)

u,v=1 k=0
where X is the adjacency matrix of Gx. The (u,v)th entry of Xj is the number of
backtrackless walks of length &k in G, starting from vertex v and ending at vertex v. Note
that Xy counts the total number of backtrackless walk of length 0, i.e., the number of

matching pairs of vertices in the two input graphs.

The kernel defined here is a valid positive definite kernel if we choose a sequence of
positive coefficients ¢; such that (4.3) converges [79]. Here we propose to choose ¢; = ¢
for # > 1 and 0 < € < 1. The value of € depends on the particular dataset to which
we are applying the kernel. In practice, we approximate the infinite sum of Equation 4.3

by computing it for the first k,,q,; terms, where k4, is some small and fixed number.
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The reason for ignoring the backtrackless walks of higher length is that they contain some

redundant information and, therefore, can reduce the performance of the resulting kernel.

4.1.3 Timing analysis

In this section, we have proposed a method to compute a kernel, which is based on back-
trackless walks in a graph. However, it remains an important question that how the pro-
posed method compares to known methods in terms of computational complexity. Here
we compare the time complexity and the execution time of the proposed method with
alternative methods.

Suppose we are dealing with two graphs G; = (Vi, E») and Go = (Va, E3). Suppose
that the number of vertices in both graphs are bounded by n, ie., |Vi| = O(n) and
|[Va] = O(n). The random walk kernel is computed from the adjacency matrix of the
direct product graph, whose size in the worst-case can be O(n?). Since the random walk
kernel is computed by matrix multiplication or matrix inversion [79], which generally
requires cubic time in terms of the size of the matrix, therefore the worst-case running
time of the random walk kernel is O(n®).

To compute the backtrackless walk kernel using transformed graph, we need to find
the direct product graph of the transformed graphs of the original graphs. The size of the
transformed graph of the graph G is O(|V|+ |E|) and the size of the product graph of the
transformed graphs of G; and G2 is O ((|Vi| + |E1]) x (|V2| + |E2])). In the worst-case,
when the graph is dense, i.e., when E = O(V?), the size of each transformed graph can
be O(n?) and the size of the direct product graph can be O(n*). Therefore the worst-case
running time of the backtrackless walk kernel using transformed graph can be O(n'?).

Finally, the proposed kernel, defined in Equation 4.3, is computed using the adjacency
matrix of the direct product graph of the original graphs, whose size in worst-case is O(n?).
The running time of the propose kernel is therefore O(n®), if we successively compute Ay
using recursion of Theorem 3.6.3. Note that, while the worst running time of the proposed
kernel and the random walk kernel are the same, in practice the random walk kernel runs
a little faster than the one defined here. This is due to the fact that to compute Ay (for
k > 2), we require two matrix multiplications, while to compute A*, we require only one
matrix multiplication.

We now compare the execution time of the proposed method with alternative methods.

For this purpose, we randomly generate 1000 graphs, each with 100 nodes and around 500
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edges. For each graph, we compute random walks of length 10, backtrackless walks of
length 10 using graph transformation method [42], and backtrackless walks of length 10
using proposed method. The average execution time for each method on 1000 graphs is
shown in Table 4.1. The table also shows the values of the standard error. The standard
error (SE) estimates the standard deviation of the sample mean and It is defined as the
standard deviation divided by the square root of the number of samples, i.e.,

o

i

where o is the standard deviation and n is the number of samples. From the results of

SE =

Table 4.1, It is clear that even on sparse graphs our method performs very well compared
to that based on the transformed graph. Note that, as mentioned earlier, the execution

time for the random walk is slightly less than that of the backtrackless walk.

Table 4.1: Execution time comparison

Method Execution time (ms) | Standard error (ms)
Random walk kernel 2.7035 0.0237
Backtrackless walk kernel (proposed) 3.1584 0.0274
Backtrackless walk kernel (transformed) 129.7705 0.9141

4.2 Pattern vectors

Although the kernel defined in (4.3) can be used for both labelled and unlabelled graphs,
it can be very inefficient in case of unlabelled graphs. This is due to the fact that the size
of the product graph is |Vi| x |Vz|, when the input graphs have no labels. The running
time can be improved by a method called label enrichment [46], which assigns labels to
each vertex of the graph based on its degree and the degree of its neighbours. However,
in the case where the degrees distribution for a graph is nearly uniform (e.g., in Delaunay
triangulation) then such methods cannot be very useful.

Unlabelled graphs can be efficiently characterized by defining a vector representation
for the graph based on the frequency with which a particular substructure appears. This
will allow us to embed the graph into a higher-dimensional feature space. In this section,
we use backtrackless walks and Ihara coefficients for embedding the graphs in a vector

space. We also provide efficient methods for computing these pattern vectors.
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4.2.1 Pattern vectors using backtrackless walks

To characterize unlabelled graphs, we use the pattern vector b—zj)(G) = [ly, 12, ..., ], where
I is the number of backtrackless walks of length n, and k is the length of the pattern
vector. As with the backtrackless walk kernel, the high order terms in the pattern vector
are ignored since they contain redundant information. The value of [; can be computed
from the adjacency matrix of the graph. To compute [,, for n > 2, one way is to use 7T,
the adjacency matrix of the oriented line graph. As a result the coefficients [,, for n > 2

can be computed as
V|
=y [T, (4.4)
ij=1

The running time of computing each [, using (4.4) is O(|E|®) which in worst-case is
O(|V|%). To reduce the computational cost, we use A,, that can be computed using the

recursion in Theorem (3.6.3), instead of 7"~ 1. So we compute each I, for n > 1, as

4

=3 [A;y- (45)

ij=1
Using (4.5), the cost of computing each [,, in worst-case is now O(|V|?).

One of the disadvantages of using the pattern vector defined above is that walks with
larger lengths may give rise to redundant information. One way to overcome this problem,
is to define the pattern vector as IIZ(G) = [eily, eala, ..., exlg], where (e1,€,...,€;) is a
sequence of weights. These weights are assigned in such a way that the walks of shorter
lengths get higher weights. We select these weights in the same way as we did for labelled
graphs, i.e., we choose ¢; = ¢ for i > 1 and for some 0 < € < 1. Another approach to
choose these constants is to use the exponential decay function, i.e., ¢; = exp(—\i), where
A is the decay constant. One of the disadvantages of using proper weights is that the value
of € (or \) is not fixed and need to be learned from the training dataset.

To compare the performance of the pattern vector l?U(G), we also define pattern vector
composed of random walks. Such a pattern vector can be constructed by using the higher
powers of the adjacency matrix, i.e., the pattern vector of length k& from random walks for

the graph G is defined as @(G) = [w1, w2, ..., wg], where

4

w, = > [A",;. (4.6)

ij=1
Here A is the adjacency matrix of the graph G. As with the pattern vector bw(G), another

approach is to define the pattern vector from random walks as W(G) = [e1wy, €2wa, ..., EpWk].
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Here (€1, €9, ..., €;) is a sequence of weights, chosen in the same way as for the pattern vector

from backtrackless walks.

4.2.2 Pattern vectors from Ihara coefficients

In Chapter 3, we have shown that the IThara coefficients are related to the frequencies of
prime cycles in the graph and can be computed in polynomial time. Since a prime cycle is
defined as a closed backtrackless and tail-less walk, Ihara coefficients are directly related
to closed backtrackless (and tail-less) walks on a graph. Here we propose to use the low
order Thara coefficients of the Thara zeta function for clustering graphs. The reason is
that the low order Thara coefficients are related to simple cycles of small lengths. The high
order Thara coefficients, on the other hand, can give us redundant information. In Chapter
3, we have proposed an algorithm that computes the constant number of low order Ihara
coefficients and runs in O(|V[|?) time in worst-case.

To characterize graphs using the Thara coefficients we propose to use the pattern vector
z—c>(G) = [c3,c4,C5,...c] for the graph G, where ¢; is the i*" Thara coefficient. Since
co =1, c; = 0, and ¢ = 0, we have ignored these coefficients in the pattern vector.
Also since, as mentioned earlier, the high order Thara coefficients contain some redundant
information, we only keep the low order Thara coefficients. As with the pattern vector
for backtrackless walks, a more sophisticated approach is to define the pattern vector
using a sequence of weights chosen in such a way that the high order Ihara coefficients
are assigned lower weights. The reason for assigning smaller weights to higher IThara
coefficients is that the coefficients besides c3, ¢4 and c¢5 provide redundant information.
So an alternative approach is to use the pattern vector 2_c>(G) = [€103; €2C4; €3C5; .. .€Cht2) s
where (e1,€9,...,€;) is a sequence of weights and can be chosen in the same way as for
bu(G).

The difference between the pattern vector @(G) and the pattern vector Z—C>(G) is worth
noting. The latter depends on the number of closed backtrackless and tail-less walks in the
graph and can be computed from the diagonal of the matrix 7. The former depends on
the number of all the backtrackless walks in the graph and hence uses all the information
contained in the matrix T. So the pattern vector z_c>(G) can be useful when the graph
exhibits a cyclic structure (e.g. Delaunay triangulation). However, when the graph has
too many branches (e.g. chemical structures of molecules or Gabriel graphs), then the

%
pattern vector bw(G) can be more informative.
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4.3 Experiments

In this section, we apply our proposed method to both real-world and synthetic datasets.
The purpose of the experiments on synthetic datasets is to evaluate whether the backtrack-
less walks can distinguish between different graphs under controlled levels of similarity (i.e.,
structural modifications) measured using graph edit distance. For the real-world data we

have selected two different datasets, Mutag [74] and COIL [44].

4.3.1 Synthetic data

We commence by investigating the relationship between graph edit distance and the Eu-
clidean distance for the pattern vector b_>w(G) as well as 7t0(G). The edit distance between
two graphs G1 and Go is the minimum edit cost taken over all sequences of edit opera-
tions that transform G to Go [13]. For this purpose, we generate 100 random points in
Fuclidean space and construct a Delaunay triangulation over the point positions. A De-
launay triangulation for a set P of points in a Euclidean space is a triangulation, DT'(P),
such that no point in P is inside the circumcircle of any triangle in DT'(P) [17]. We use
the resulting graph with 100 nodes and 288 edges as our seed graph.

We next generate 1000 graphs by randomly deleting up to 30 edges of the seed graph.
The edit cost between seed graph and the newly generated graph is then equal to the
number of edges deleted. For each graph we compute backtrackless walks of length up to 10

_>
and construct a pattern vector in the form bw(G) = [l1, lo, ..., l10]. We compute the distance

between the vector v; and v} as d;; = \/(Ff - v_;)T (v} — ©}). The experimental results
are shown in Figure 4.4, which shows the distance between pattern vectors composed of
backtrackless walks of seed graph and edited graph as a function of edit distance, i.e.,
number of edges deleted. Similarly Figure 4.4(b) shows the distance between pattern
vectors composed of random walks of the seed graph and the edited graph as a function
of the edit distance. The small variance in Figure 4.4(a) compared to Figure 4.4(b) shows
that backtrackless walks offer more stability to noise.

To compare the stability of the pattern vector b_>w(G) with the pattern vector ri6(G),
we have shown the SE as a function of edit distance in Figure 4.4(c). The smaller SE for
backtrackless walks shows that it provides a more stable representation of the graph when
compared to the random walks. The figure also compares the SE for the pattern vector
z_c>(G) The higher SE for the Ihara coefficients is due the fact that randomly deleting the

edges from the graph can produce a graph with too many branches. It illustrates that
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the Thara coefficients cannot provide a good measure of similarity for the graphs when

branches are present.
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Figure 4.4: Effect of edit distance

4.3.2 Cospectral graphs

One of the advantages of using pattern vectors constructed either from backtrackless walks
or Thara coefficients is that they are less prone to the problem of degeneracies to the
cospectrality of non-isomorphic graphs. This is due to the fact that backtrackless walks and
Thara coefficients are determined by the spectrum of the adjacency matrix of the oriented
line graph, which is related to the discrete time quantum walk on a graph [56]. Recently,

Setyadi and Storm [72] have shown the ability of Thara zeta function to distinguish some
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Chapter 4: Backtrackless Walks on a Graph

cospectral graphs up to 11 vertices. In this section, we experimentally demonstrate that
the pattern vector extracted from a random walk m(G) cannot distinguish between non-
isomorphic graphs which are cospectral with respect to both their adjacency matrices and
the adjacency matrices of their complements. On the other hand pattern vectors composed
of backtrackless walks b—>w(G) and the Thara coefficients ’L—C>(G) can distinguish such graphs.

Figure 4.5 shows three pairs of non-isomorphic graphs with 9 [27], 10 [29] and 8 vertices
respectively. The pairs of graphs G; and Go (Figure 4.5(a)), G5 and G4 (Figure 4.5(b)),
and G5 and G (Figure 4.5(c)) are cospectral with respect to both their adjacency matrices
and the adjacency matrices of their complement respectively. Table 4.2 shows the values of
the pattern vectors b_>w(G), Fh(G) and z_c>(G) These results show that the pattern vector
@(G) cannot distinguish graphs which are cospectral with respect to both their adjacency
matrices and the adjacency matrices of their complements. However, the pattern vectors

bw(G) and zc (G) can distinguish such graphs.

(FI D

a) Cospectral graphs G and G2 b) Cospectral graphs G3 and Ga

MN

¢) Cospectral graphs G5 and Gg

Figure 4.5: Pairs of graphs which are cospectral with respect to their adjacency matrices

as well as the adjacency matrices of their complements

Note that, while the pattern vector m(G) cannot distinguish graphs which are cospec-
tral with respect to both their adjacency matrices and the adjacency matrices of their
complements, we observed that such pattern vectors can distinguish the graphs which are
cospectral with respect to their adjacency matrices only. Figure 4.6 shows three non-
isomorphic graphs [29] G; (Figure 4.6(a)), G2 (Figure 4.6(b)), and G3 (Figure 4.6(c)),

each with 7 vertices. These graphs are cospectral with respect to their adjacency ma-
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Table 4.2: Pattern vectors composed of backtrackless walk, random walks, and Ihara

coeflicients for the cospectral graphs of Figure 4.5.

Method | Pattern vector

24 44 84 154 276 498 900 1620 2916 5246]
24 44 84 154 276 496 888 1582 2832 5088]
26 46 78 128 210 348 586 976 1608 2646]
26 46 78 128 210 346 584 972 1598 2636]
18 28 40 54 76 106 148 196 260 358]

18 28 40 48 64 92 120 152 200 270]
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[24 68 196 570 1664 4868 14256 41772 122432 358896
[24 68 196 570 1664 4868 14256 41772 122432 358896
[26 72 196 542 1484 4098 11242 31018 85176 234868|
[26 72 196 542 1484 4098 11242 31018 85176 234868|
[18 46 114 288 722 1824 4590 11594 29222 73796]
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trices. Graphs G; and G» are also cospectral with respect to the adjacency matrices of
their complements, G; and Go. However, G is neither cospectral to G; nor to Gy with
respect to the adjacency matrix. Table 4.3 shows the values of the pattern vectors b—>w(G),
z_c>(G) and 70(G) for the three graphs of Figure 4.6. It is clear from the table that the
pattern vectors b—>w(G) and ;;(G) can distinguish all the three graphs. On the other hand
the pattern vector @(G) can only distinguish G3 from the other two graphs, but cannot
distinguish between G and Ga. Note that, if the graphs are regular then cospectrality of
the adjacency matrix and that of the oriented line graph’s adjacency matrix are equiva-
lent. Therefore the pattern vectors b—>w(G) and z_c>(G) can only distinguish non-isomorphic

cospectral graphs which are non-regular.
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(a) G1 (b) G2 (c) Gs

Figure 4.6: Cospectral graphs

Table 4.3: Pattern vectors composed of backtrackless walk, random walks, and Ihara

coeflicients for the cospectral graphs of Figure 4.6

Method | Pattern vector

l?u (G1) | [22 54 134 324 782 1900 4606 11124 26902 65132]

b_>w (G2) | [22 54 134 318 750 1782 4238 10054 23854 56654]

b_>w (Gs3) | [22 58 134 294 734 1726 3870 9294 21982 50286]

7 (G1) | [22 76 264 920 3208 11192 39048 136248 475400 1658808
70 (Ga) [22 76 264 920 3208 11192 39048 136248 475400 1658808|
i (G3) | [22 80 272 960 3328 11648 40576 141696 494208 1724800]
ic (G1) | [F10-12 -14 13 54 60 50 -69 -110 -140]

ic (G2) | [[10 -12 -8 17 48 34 8 -56 -44 -12]

i (G3) | [-F10-10 -8 13 44 41 8 -62 -26 -44]

4.3.3 Real-world datasets

In this section, we compare our method with alternatives on real-world data. We choose
two real-world datasets namely Mutag [74] and COIL [44]. We then compare our method
to a number of existing methods. We use KNN classifier to measure the classification
accuracy on this data.

Mutag:

The Mutagenesis dataset consists of a set of chemical compounds, first introduced to
the machine learning community in [74]. The data consists of two classes, one which
produces mutagenic activity and one which does not. The goal, from the point of view
of classification, is to identify the mutation-causing molecules from their structure. There

are 125 chemicals in the active class and 63 in the inactive class.
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The molecular structure of each chemical is represented by a labelled graph. The atoms
form the vertices of the graph and are encoded with a label representing their periodic
table group. The edges are weighted 0.5 for a single bond, 1 for a double bond and 0.75
for an aromatic carbon-carbon bond. In the second part of our experiments, we use it as
an unlabelled dataset by ignoring the attributes of edges and vertices.

COIL:

The second dataset consists of graphs extracted from the images in the Columbia object
image library (COIL) dataset. This dataset contains views of three-dimensional objects
under controlled viewer and lighting condition. For each object in the database there are
72 equally spaced views. The objective here is to cluster different views of the same object
onto the same class. To establish a graph on the images of objects, we first extract feature
points from the image. For this purpose, we use the Harris corner detector [28]. We then
construct a Delaunay graph using the selected feature points as vertices. Figure 4.7(a)
shows some of the object views (top row) used for our experiments and Figure 4.7(b)

shows the corresponding Delaunay triangulations.
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Figure 4.7: COIL objects, Delaunay triangulations, and Gabriel graphs
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4.3.4 Experiments and results

To evaluate the performance of our kernel on labelled graphs we use the Mutag dataset. We
have compared our method with the random walk kernel [26]. The classification accuracies
are estimated using 10-fold cross-validation. In 10-fold cross validation, the original data
is partitioned into 10 subsamples of equal size. Of these 10 subsamples a single subsample
is retained as the validation data for testing the model, and the remaining 9 subsamples
are used as training data. This process of cross-validation is then repeated 10 times, with
each time a different subsample is used as the test data. Table 4.4 shows the classification
accuracies and SE. The classification accuracy of the kernel based on backtrackless walk
is 91.1%, while the classification accuracy of the kernel based on random walks is 90.0%.
Note that although the accuracy of recognition is increased, the improvement is not very
significant. As demonstrated in Section 4.3.2, backtrackless walks are more powerful in
distinguishing non-isomorphic cospectral graphs. This may suggest that the small increase
in the performance of backtrackless walk kernel over the random walk kernel is due to the

set of graphs which are cospectral with respect to their adjacency matrix representations.

Table 4.4: Experimental results of Mutag dataset

Method Accuracy

Random walk kernel 90.0%
Backtrackless walk kernel 91.1%

To evaluate the performance of the pattern vector extracted from backtrackless walks
on unlabelled graphs, we apply our method to the Delaunay triangulations extracted from
COIL dataset which are unlabelled graphs. Here we choose four different objects each
with 72 different views. To visualize the results we perform principal component analysis
(PCA) on the pattern vectors b—>w(G) PCA is mathematically defined [33] as an orthogonal
linear transformation that transforms the data to a new coordinate system such that the
greatest variance by any projection of the data comes to lie on the first coordinate (called
the first principal component), the second greatest variance on the second coordinate, and
so on. Figure 4.8(a) shows the results of the PCA embedding of pattern vectors b_>w(G)
on the first three principal components. For comparison, a similar result of the PCA
embedding of pattern vectors m(G) on the first three principal components is shown in
Figure 4.8(Db).
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First eigenvector
First eigenvector

Second

Second eigenvector

eigenvector

Third eigenvector Third eigenvector

(a) Backtrackless walk (b) Random walk

Figure 4.8: Comparison of performance of clustering

To investigate the performance of backtrackless walks in more detail, we have plotted
the frequencies of backtrackless walks of lengths 3, 6, and 10 against the view numbers in
Figure 4.9. The results show that the backtrackless walks of shorter lengths can distinguish
the objects very well. However, as the length of the walks is increased, the variation in the
views of same objects increases and the discriminative power decreases. For example, the
walks of length 10 in Figure 4.9(c) shows high variation compare to the walks of length 6
in Figure 4.9(b). This is due to the fact that backtrackless walks of length greater than 5
can add noise to the structural representation of the graph. For example, a backtrackless
walk of length 6 might correspond to a random walk on six different edges of a graph or a
random walk on three different edges that traverses a triangle twice. Hence, although the
use of backtrackless walk can reduce noise in the structural representation of the graph

due to redundancy, the problem is not completely avoided.

To compare the performance of proposed methods, we construct pattern vectors of
length 10 from the random walks, backtrackless walks and IThara coefficients for the four
objects used in the previous experiment. We measure the accuracy of each method using
10-fold cross validation. The results in Table 4.5 shows that the Thara coefficients can be
useful to classify Delaunay graphs. This is due to the fact that the Delaunay triangulation
are md2 graphs (i.e., the graphs in which the degree of each vertex is at least two) and
are cyclic in nature. The results also suggest that the accuracy can be increased by using

a backtrackless walk instead of a random walk.

We now compare the performance of the proposed methods on non-cyclic graphs, i.e.,

graphs having branches. For this purpose we use the unlabelled Mutag data set and the
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Number of backtrackless walks
Number of backirackless walks
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(a) BW of length 3 (b) BW of length 6
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(c) BW of length 10

Figure 4.9: Number of backtrackless walks of different lengths for graphs extracted from
COIL dataset

Table 4.5: Experimental results of COIL (Delaunay triangulations)

Method | Accuracy
FO(G) | 94.8%
b(G) | 95.5%

(@) | 98.6%

COIL objects represented using a Gabriel graph [25] rather than a Delaunay triangulation.
The Gabriel graph for a set of n points is a subset of Delaunay triangulation, which

connects two data points v; and v; for which there is no other point vj, inside the open
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ball whose diameter is the edge (v;,v;). The reason for this modification is to reduce the
frequency of cycles of smaller lengths and to introduce some branches in the graph. The

Gabriel graph of some of the COIL objects are shown in Figure 4.7(c).

Figure 4.10 compares the backtrackless walk of smaller length and low order Thara
coefficients. It is clear from the figure that not only the backtrackless walks can distinguish
the different objects with higher accuracy but it also offers small variations in different
views of the same object as compared to the Ihara coefficients. The reason for high
variation is that Gabriel graphs may introduce branches. Table 4.6 shows the classification
accuracies of different methods, which suggest that the pattern vector b—>w(G) give better

performance when the graphs have branches.

Table 4.6: Experimental results (pattern vectors)

Method | Dataset Accuracy
Fb(G) | Mutag (unlabelled) 89.4%
b?u(G) Mutag (unlabelled) 90.5%
z—g(G) Mutag (unlabelled) 80.5%
F0(G) | COIL (Gabriel Graph) | 97.2%
bu(G) | COIL (Gabriel Graph) | 97.6%
ie(G) | COIL (Gabriel Graph) |  90.6%

To illustrate the advantage of using weights for the pattern vector, we select three
different objects from COIL data set each with 30 different views. We select feature points
on the objects and construct Delaunay graphs over the point positions. For each graph,
we compute the pattern vectors using weighted Thara coefficients and backtrackless walks
and unweighted Thara coefficients and backtrackless walks. To compare the performance,
we cluster the graphs using k-means clustering [41]. k-means clustering is a method which
alms to partition n observations into k clusters in which each observation belongs to the
cluster with the nearest mean. We compute Rand index [54] of these clusters which is
a measure of the similarity between two data clusters. Table 4.7 compares the Rand
indices of both methods. It is clear that choosing an appropriate constant can increase

the performance of the pattern vectors.
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Figure 4.10: Backtrackless walks and Thara coeflicients of Gabriel graphs
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Table 4.7: Rand indices (comparison of pattern vector with and without weights)

Method | without weights | with weights

_>
bu(G) 0.8692 0.8809
() 0.8699 0.9191

4.4 Summary

In this chapter, we have explored the use of backtrackless walks and IThara coefficients
for characterizing labelled as well as unlabelled graphs. To efficiently characterize the
labelled graphs we have proposed the use of a graph kernel which is based on backtrackless
walks in a graph. We have also presented efficient methods to compute such a kernel.
The worst-case running time of the proposed method is the same as that of a kernel
defined using random walks. To characterize unlabelled graphs, we have used feature
vectors that are composed of backtrackless walks and IThara coefficients. These feature
vectors can be used to embed the graph in a vector space. The worst-case running time
of computing these feature vectors is O(|V|?). Experiments have been conducted on
both labelled and unlabelled graphs. Results show not only that backtrackless walks and
Thara coefficients are effective for graph clustering but they are also more powerful in

distinguishing cospectral graphs.
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Chapter 5

Eigenfunctions of the Edge-Based

Laplacian

The traditional discrete graph Laplacian operator [15] has proved to be a useful tool in
the analysis of graphs and has found applications in a number of areas. For example, the
heat kernel, which is derived from the graph Laplacian, has been used to define graph
kernels [36,39] in the machine learning literature. Sun et al. [77] used the heat kernel
on the mesh representing a three-dimensional shape to create a heat kernel signature for
describing shape. In [2], Aubry et al. used wave-like solutions of Schrédinger’s equation
to form an alternative shape descriptor, referred to as the wave kernel signature. The
graph Laplacian was used by Coifman and Lafon [16] for dimensionality reduction of data.
There are many other applications of graph Laplacian in the literature.

Despite its numerous applications, one of the limitations of the discrete Laplacian is
that it cannot link results from the analysis of continuous Laplacian to a direct graph-
theoretic analogue. For example, the wave equation defined using the discrete Laplacian
does not have a finite speed of propagation [24]. One way to overcome this problem is to
bring edges into the picture and treat them as one-dimensional real length intervals. Such
graphs are referred to as Quantum Graphs [38] or Geometric Graphs in the literature.
With this approach functions can now exist on both edges and vertices, and equations
from analysis can be translated to graphs in a more natural way. Quantum graphs can be
considered as simplified models, where one is interested in propagation of waves of various
natures (electromagnetic, acoustic, etc) through a one-dimensional system [38].

In [24], Friedman and Tillich have studied a new type of wave equation on graphs

that involves a reasonable analogue of wave equation in analysis and has a finite speed
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of propagation. The graph Laplacian, that they have studied, consists of two parts; a
vertex-based Laplacian and an edge-based Laplacian. They also demonstrate that for
edgewise-linear functions the edge-based Laplacian is zero and the graph Laplacian reduces
to the traditional discrete graph Laplacian. On the other hand, for functions where the
vertex-based Laplacian is zero, they obtain the edge-based Laplacian only. This results in
a setting which is substantially different from the traditional approach. In the remainder
of this chapter, we will concern ourselves with the edge-based Laplacian.

While Friedman and Tillich find the eigenvalues of the edge-based Laplacian, and
give some of its eigenfunctions explicitly, they do not give a method for computing the
remaining eigenfunctions. In this chapter, we explore the eigenfunctions of the edge-based
Laplacian on a graph and develop methods to explicitly compute these eigenfunctions.
The eigenfunctions of the edge-based Laplacian are of two types, i.e., vertex-supported
eigenfunctions and edge-interior eigenfunctions. One of our contributions in this chapter
is to show a relationship between the edge-interior eigenfunctions and the eigenvectors of
the adjacency matrix of the oriented line graph. This relationship gives us an explicit
method to compute edge-interior eigenfunctions. We also show a relationship between
the vertex-supported eigenfunctions and the eigenvectors of the line graph. The analysis
shows that the eigenfunctions of the edge-based Laplacian are related to both the random
walk and the backtrackless random walk on a graph.

We commence this chapter by introducing the edge-based Laplacian of the graph and
giving a brief details of the formalism of Friedman and Tillich [24]. Next we discuss
the set of eigenfunctions supported at the vertices, and demonstrate the relationship of
these eigenfunctions to the classical random walk on the graph. Then, from an analysis
of functions supported only on the interior of edges, we develop a method for explicitly
calculating eigenfunctions which take this form. This reveals a connection between the
edge-based Laplacian and the backtrackless random walk on the graph, which in turn is

linked to some properties of the quantum walk on a graph and its Thara zeta function.

5.1 The edge-based Laplacian

In this section, we give brief details of the formalism of Friedman and Tillich [23]. Let
G = (V,E) be a graph with a geometric realization G. The geometric realization is the
metric space consisting of the vertices V' and a closed interval of length [, associated with

each edge e € E. The graph has a (possibly empty) boundary set 0G C G. We assume
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that the boundary is separated; i.e., each boundary vertex is incident on only one edge.
The graph G:{ V,E} excludes boundary vertices and any incident edges G= G\dG. We
associate an edge variable with each edge. Let e = (u,v) be an edge with interval variable
Te. The edge variable xz. equals zero where the edge meets vertex u and equals one at

vertex v.

Definition 5.1.1 (Friedman and Tillich [23]) A vertex measure, V is a measure sup-
ported on the vertices with V(v) > 0 for all v € V. For our purposes it suffices to take
V(v) = 1 for all v € V. An edge measure, £ is a measure supported on the interior of
edges. £(v) =0 for all v € V and the restriction to the interior of edges is the Lebesgue

measure.

Let f be a function defined on the graph (on both edges and vertices). We take f(u)
to mean the value of f at vertex u and f(e, z) to mean the value of f at position z. along
edge e. Since we have different volume measures on the edges and vertices, we must take
care in dealing with integrating factors since they are different on edges and vertices. We
use dV for the vertex integration factor and d€ for the edge integration factor. As a result,

we have a two-part Laplacian:
Af =AyfdV + Agfd€, (5.1)

where Ay is the vertex-based Laplacian and Apg is the edge-based Laplacian. When re-
stricting to an edgewise linear functions, the edge-based Laplacian becomes zero, i.e.,
Apr = 0. In this case A reduces to the tradional discrete Laplacian which is defined as
L =D — A, where D is the digonal degree matrix, while A is the adjacency matrix.
Since graph Laplacians are usually given as positive definite operators, the edge-based

Laplacian is minus the usual calculus Laplacian (i.e., second derivative)
Apf ==V - Vf. (5.2)
The vertex-based Laplacian turns out to be

Avf= V(lv) S ne - VL), (5.3)

esv

Here n. , is the outward-pointing unit normal. In other words, for an edge (u, b) it points

from u to v at the vertex v, and from v to u at the vertex wu.

Definition 5.1.2 A function is said to be edge-based if Ay f = 0. For edge-based func-

tions, the Laplacian consists of only the edge-based part, Af = Agfd€.
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For a function f to be edge-based, the following condition applies.

Z(—l)l_z‘*”Vf(e,xe,U) = 0 Vo, (5.4)

esv

or in other words, the sum of the outward-pointing gradients must be zero.

5.2 Vertex-supported edge-based eigenfunctions

In this section, we discuss the vertex supported eigenfunctions of the edge-based Laplacian.
We also develop a relationship between vertex-supported eigenpairs and eigenpairs of the
line graph. Friedman and Tillich [24] demonstrate the connection between the eigenpairs
of the edge-based Laplacian and the eigenpairs of the row-normalised adjacency matrix,
provided that all edge lengths are equal. However, the analysis is not valid when the
edge lengths vary. For this reason, in the remainder of this thesis, we assume that the
edge lengths on the graph are equal. The relationship between the eigenfunctions of the
edge-based Laplacian and the eigenvectors of the row-normalized adjacency matrix follows
directly from the observation that Ag is essentially the familiar Laplacian of calculus and
therefore admits eigenfunctions of the form ¢(e,z.) = C(e) cos(wze + B(e)) where w? is

the eigenvalue. The eigenfunction is edge-based and so applying condition (5.4) to the

eigenfunction gives

5 6 = dlweosw _ 55

sin w
esv

for any (w?, ¢), which form an eigenpair for Ag, when w is not a multiple of 7.

Definition 5.2.1 A principal eigenpair is an eigenpair of Ap with 0 < w < 27 where
w? is the smallest magnitude eigenvalue of a sequence of eigenpairs of the form ((w +

2n7)?, C(e) cos[(w + 2nm)z. + B(e)]), n € N with the same coefficients B(e) and C(e).

Let the vector g # 0 be the restriction of an eigenfunction ¢ to the vertices, taken in
some particular order, i.e., g, = ¢(u). All eigenfunctions in the same sequence as ¢ have
a vertex restriction equal to g.

The row-normalised adjacency matrix A for interior vertices v € Vis given by

. A
A = S 5.6
where A is the usual graph adjacency matrix.
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5.2 Vertex-supported edge-based eigenfunctions

Theorem 5.2.2 (Friedman and Tillich [24]) Let G be the geometric realization of a
graph and let A be its row-normalized adjacency matrix. Each eigenvalue A of A, with

A ¢ {—1,1} corresponds to two principal eigenvalues of G

cosT' A and 27w —cosTl ), (5.7)

each with the same multiplicity as A. The corresponding eigenvector g is the vertex

restriction of the sequence of eigenfunctions based on the principal eigenvalue w.

Equation (5.5) allows us to determine the eigenfunctions. For a principal eigenvalue w

the principal eigenfunction is ¢(e, z.) = C(e) cos(B(e) + wz,) with

0(6)2 _ g(v)2+g(u)281;225(u)g(v) COS(,U’ (58)
tan Ble) = JWeosw=g(u) (5.9)

g(v)sinw

There are two solutions to Equations (5.8) and (5.9) which are {—C(e), Bo(e) + 7} and
{C(e), By(e)} but both give the same eigenfunction. The sign of C(e) must be chosen
correctly to match the phase, so that C(e) cos(B(e)) = g(u). Since B and C' are uniquely
determined, this comprises all the eigenfunctions of this form.

Friedman and Tillich give a pair of eigenvalues as above for each eigenvalue of the row-
normalized adjacency matrix, but we note that the eigenpair given by w = 27 — cos™ ' A
actually corresponds to the same sequence of eigenpairs as w = cos™! \, but with negative

values of n. There is, therefore, a single sequence for each eigenvalue with

w = cos L\, (5.10)

d(e,z.) = C(e)cos|[B(e)+ (w+2mn)xe],n € Z. (5.11)

The value A = 1 is always an eigenvalue of A. This corresponds to a principal eigenvalue
of w =0 in Ag and therefore the corresponding eigenfunction is ¢(e,z.) = C(e) cos(B(e))
which is constant on the vertices. If G # () then this eigenfunction does not exist. If
OG = () then we obtain a single principal eigenpair of w = 0 and ¢(e, z.) = C.

The value A = —1 will be an eigenvalue of A if @G is bipartite. If G # () then the
eigenfunction must be zero on the vertices. We defer the evaluation of eigenfunctions not
supported on V for the next section. If 9G = () then a single principal eigenpair exists
with w = 7 and ¢(e, x.) = C cos(mx.). The eigenfunction alternates in sign between the

two partitions of the graph.
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Chapter 5: Eigenfunctions of the Edge-Based Laplacian

This comprises all principal eigenpairs which are supported on the vertices (g # 0) [24].
The eigenfunctions supported on the vertices are therefore directly determined by the

eigensystem of A.

5.2.1 Random walks and line graphs

We now show a relationship between the eigenpairs of graph and line graph.

Proposition 5.2.1 Let A be the row-normalised adjacency matrix of G and U be the

row-normalised adjacency matrix of the line graph of G. Each eigenpair {)\,g} of A
corresponds to an eigenpair {y, h} of U with

o= A (5.12)

huv = Auvgv- (513)

Proof 5.2.3 We may write the row-normalized adjacency matrix of the LG as

- A'U/UA'LU.’L' 6’0’&)
UU/U wx - )
) d;p

= AuwApidow. (5.14)
We have

Zqu,wxhwx = ZAUUwaévawxgxa

= Auv Z Avmgm
= AMMuwGo = phyy. (5.15)

O

The vertex-supported eigenfunctions of the edge-based Laplacian are therefore deter-
mined by the structure of the random walk on the graph. As we shall show later, the
remaining eigenfunctions are determined by the structure of the backtrackless random

walk.

5.3 Edge-interior eigenfunctions

We now proceed to our main result. We show that edge-supported eigenfucntion can be
determined from the eigenvectors of the oriented line graph. These eigenfunctions of the
edge-based Laplacian are zero on the vertices of G and therefore must have a principal

frequency of w € {m,27}. We start with the case w = 7.
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5.3 Edge-interior eigenfunctions

Proposition 5.3.1 Principal eigenfunctions of the edge-based Laplacian with principal

eigenvalue w = 7 and which are zero on the vertices of G are of the form
T o
(e, ze) = Cle) 005(5 + 7x.),e € F,

with
Y Cle)=0Vve V. (5.16)

esv
Proof 5.3.1 Since the boundary is separated, the eigenfunctions must be zero on any
boundary edge and any edge incident on a boundary vertex. As a result, we may concern
ourselves only with G. The eigenfunction ¢(e, z¢) is zero at both vertices incident on edge
e, giving values of B(e) = n/2 and B(e) = 37/2. However, both values give the same
eigenfunction (with a different sign for C(e)). We may therefore take B(e) = w/2. The
gradients at either end of the edge are Vo(e,z. = 0) = —7wC(e)sin(5) and Vo(e,z. =
1) = —7C(e)sin(2F). Applying condition (5.4) to this eigenfunction, we obtain

> Cle)=0.

esv

O

Hence, in order to find eigenfunctions of this type, we must find a set of coefficients

attached to the edges which sum to zero at every vertex.

Proposition 5.3.2 The principal eigenfunctions of the edge-based Laplacian with prin-

cipal eigenvalue w = 27 and which are zero on the vertices of G are of the form
o(e,ze) = Cle) cos(g + 21z,), e € I,

with
D (1) Cle) = 0Vw € V. (5.17)

esv

Proof 5.3.2 The proof is essentially the same as for the previous proposition. However,
the gradients at either end of the edge are Vo(e, z, = 0) = —27C(e)sin(5) and Vo(e, z, =
1) = —2nC(e) sin(%f). Applying Condition (5.4), we obtain

D (=1)TFerC(e) = 0.

esv
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Chapter 5: Eigenfunctions of the Edge-Based Laplacian

We may interpret this condition as follows: Consider each undirected edge of G as a
pair of directed edges. Associate a value C'(e) with each directed edge in the direction of
increasing x. (i.e., from z. = 0 to . = 1) and a value —C'(e) with the reverse edge. Then
the condition above is that the sum of incoming directed edges at a vertex must be zero.

We may write these conditions for both principal eigenvalues in the following form.
Let wy,, = £C(e) be the values associated with each edge, as described above. The sign is
always positive for eigenvalues w = 7 and alternates in sign depending on the direction of
edge traversal for w = 27. Then we may form a matrix W with elements Wy, = wyy Ayyp-

The conditions for w = 7 are then

w1l = 0, (5.18)

w o= wT, (5.19)
and for w = 27 they are

w1l = 0, (5.20)

w o= -wT, (5.21)

where 1 is the vector of all-ones.

The oriented line graph of G (OL(G)) represents the structure of a backtrackless
random walk on G in the sense that a random walk on the vertices of OL(G) generates a
sequence of edges which can be traversed in a backtrackless random walk on G. In [56],
Ren et al. have demonstrated that the adjacency matrix of the oriented line graph, T,
is equal to the positive support of a quantum walk on the graph . This matrix is also
related to the Ihara zeta function of the graph since it is equal to the Perron-Frobenius
operator on OL(G) and therefore can be used to calculate the Thara zeta function (g (u)
using (51(u) = det(I — uT"). We now show that the eigenvectors of T' corresponding to

eigenvalues of A = +1 determine the structure of the edge-interior eigenfunctions.

Theorem 5.3.3 Let T be the adjacency matrix of OL(G) and s be an eigenvector of T’
with eigenvalue A = 1. Then sy, = —Syp and ), sy» = 0, and s provides a solution for W
in the case of w = 2. Similarly, if A = —1 then s,, = syy and ), sy, = 0, and s provides

a solution for W in the case of w = .

Proof 5.3.4 In [56] Ren et al. demonstrate that s,, = Ayu,wy,y is an eigenvector of T if

Y v AuvWyy = 0 and either wyy = —Wyy OF Wyy = Wy If Wyy = —wyy the eigenvalue is
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5.4 Summary

A =1, and if wy, = wy, then the eigenvalue is A = —1. These are precisely the solutions
for W (and for C(e)). Since the eigenvectors with A = £1 span the space of possible
solutions, we obtain |E| — |[V|+ 1 linearly independent solutions for A = 1 and |E| — |V|
linearly independent solutions for A = —1 which are all the available solutions according

to [24]. O

The structure of the eigenfunctions which are not supported on the vertices is therefore

determined by the eigenvectors of the backtrackless random walk on the graph G.

5.4 Summary

We have explored the eigenfunctions of the edge-based Laplacian and given explicit forms
for all of these eigenfunctions. Our analysis provides a method for computing the eigen-
functions from the eigenvectors of the oriented line graph, which are zero on the vertices.
We demonstrate the connection between the eigenfunctions and both the classical random
walk and backtrackless random walk. The edge-based Laplacian therefore shares elements
of both of these. As noted by Friedman and Tillich [24], this approach is closer to tra-
ditional analysis than the usual discrete graph Laplacian. In particular, it allows us to
formulate wave equations and relativistic heat equations which have more usual properties
and may be of great use in the study of networks where distance and propagation speed

are important.
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Chapter 6

Gaussian Wave Packet on a Graph

The solutions of partial differential equations defined using the discrete Laplacian have
been extensively used to solve problems that arise in computer vision and machine learning
over the recent years. For example Xiao et al. [87] have used the solution of heat equation
for graph embedding and clustering. Similarly Zhang et al. [90] have used the diffusion
process for anisotropic image smoothing. While the use of partial differential equations
defined using the discrete Laplacian has been extensively investigated in literature, little
work has been done on the use of partial differential equations defined using the edge-
based Laplacian to solve such problems. Initial work by ElGhawalby and Hancock [19]
has revealed some of the potential uses of the edge-based Laplacian.

In this chapter, we investigate approaches for characterizing the weighted as well as
the unweighted graphs, which are based on the solutions of the wave equation on a graph.
The wave equation is defined using the edge-based Laplacian of the graph and it provides
a richer and potentially more expressive means of characterizing graphs than the more
widely studied heat equation. Unfortunately the wave equation whose solution gives the
kernel is less easily solved than the corresponding heat equation. This is due to the reason
that the eigenfunctions of the edge-based Laplacian are more complex than that of the
node-based Laplacian. In this chapter we present a solution to the wave equation, where
the initial condition is a Gaussian wave packet(s) on the edge(s) of the graph. One of our
novel contributions in this chapter is to propose a global signature of a graph which is
based on the amplitudes of the waves at different edges of the graph over time and that
can be used to characterize both weighted and unweighted graphs.

We commence this chapter by defining the eigensystem of the edge-based Laplacian of

the graph and how it can be computed. We also discuss how to normalize these eigenfunc-
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Chapter 6: Gaussian Wave Packet on a Graph

tions, and to find a complete set of orthonormal bases of the edge-based Laplacian. Next
we give a complete solution of a wave equation for both bipartite and non-bipartite graphs,
where the initial condition is a Gaussian wave packet(s) on the edge(s) of the graph. We
use the solution of the wave equation to define signatures, called the wave packet signature
(WPS), for both weighted graphs and unweighted graphs. The proposed signatures are
based on the amplitudes of waves on the edges over time. In the experiment section, we
perform the proposed method on real-world data and compare its performance with other

state-of-the-art methods.

6.1 Edge-based eigensystem

We commence this chapter with a brief review of the eigenvalues and eigenfunctions of
the edge-based Laplacian [24,82] and discuss how to find a complete set of orthonormal
bases for the edge-based Laplacian of a graph. Let G = (V| F) be a graph with a geometric
realization which is a metric space consisting of vertices V' with a closed interval of constant
length associated with each edge e = (u,v) € E. We associate an edge variable x, with each
edge that represents the standard coordinate on the edge with z.(u) = 0 and z.(v) = 1.
For the work presented in this chapter, it will suffice to assume that the graph is finite
with empty boundary (i.e., 0G = 0) and edge-length is 1. As explained in the previous

chapter, there are two types of eigenfunctions of the edge-based Laplacian.

6.1.1 Vertex supported edge-based eigenfunctions

The vertex-supported eigenpairs of the edge-based Laplacian can be expressed in terms of
the eigenpairs of the normalized adjacency matrix of the graph. Let A be the adjacency
matrix of the graph G, and A be the row-normalized adjacency matrix, i.e., the (i,7)th
entry of A is given as A(i,7) = A(i, )/ > kjer Ak, j). Let (g(v),A) be an eigenvector-
eigenvalue pair for this matrix. Note that ¢ is defined on vertices and may be extended
along each edge to an edge-based eigenfunction. Let w? and ¢(e,z.) denote the edge-
based eigenvalue and eigenfunction respectively. Then the vertex-supported eigenpairs of

the edge-based Laplacian are given as follows:

1. For each (g(v),\) with A # £1, we have an eigenvalue w? with w = cos™* \. Since
there are multiple solutions to w = cos™! A, we obtain an infinite sequence of eigen-

functions; if wy € [0, 7] is the principal solution, the eigenvalues are w = wy+2mn,n €
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6.1 Edge-based eigensystem

Z. The eigenfunctions are ¢(e, z.) = C(e) cos(B(e) + wx,) where

9(v)* + g(w)? — 29(v)g(u) cos(w)
sin?(w)

C(e)? =

)

and
g(v) cos(w) — g(u)
g(v)sin(w)
There are two solutions here, {C, By} or {—C, By + 7} but both give the same

tan(B(e)) =

eigenfunction. The sign of C'(e) must be chosen correctly to match the phase.

2. A = 1 is always an eigenvalue of A. We obtain a principle frequency w = 0, and
since ¢(e,xz.) = Ccos(2nmze), therefore ¢(e,v) = ¢(e,u) = C, which means the

eigenfunction is constant on the vertices.

3. A = —1 is an eigenvalue of A, if the graph is bipartite. We obtain a principle
frequency w = m, and since ¢(e, z.) = C cos(mx. + 2nmz,), therefore ¢(e,v) = C
and ¢(e,u) = —C, which means the eigenfunction is constant on vertices, with an

alternating sign on both sides of bipartition.

6.1.2 Edge-interior eigenfunctions

The edge-interior eigenfunctions are those eigenfunctions which are zero on vertices and
therefore must have a principle frequency of w € {m,27}. These eigenfunctions can be

determined from the eigenvectors of the adjacency matrix of the oriented line graph.

1. The eigenvector corresponding to the eigenvalue A = 1 of the oriented line graph pro-
vides a solution in the case w = 27, and we obtain |E|— |V|+1 linearly independent

solutions.

2. Similarly the eigenvector corresponding to the eigenvalue A = —1 of the oriented line
graph provides a solution in the case w = m. If the graph is bipartite, then we obtain
|E| — |V| 4+ 1 linearly independent solutions. If the graph is non-bipartite, then we

obtain |E| — |V| linearly independent solutions.

This comprises all the principal eigenpairs which are only supported on the edges.

6.1.3 Normalization of eigenfunctions

Note that although these eigenfunctions are orthogonal, they are not normalized. To

normalize these eigenfunctions we need to find the normalization factor corresponding to
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Chapter 6: Gaussian Wave Packet on a Graph

each eigenvalue. Let p(w) denotes the normalization factor corresponding to eigenvalue w.

Then
=3 [ e
p W) = yLe e
ecf 0

Evaluating the integral, we get

pw) =Y Cle)?

B N sin (2w + 2B(e))  sin(2B(e)) .
ec&

4w 4w

Once we have the normalization factor in hand, we can compute a complete set of or-

thonormal bases by dividing each eigenfunction with the corresponding normalization

factor. Therefore the orthonormalized eigenfunction corresponding to eigenvalues w? is

(e, xe) = S(Ef)) cos(B(e) + wxe).

Note that the constant eigenfunctions ¢(e, z.) = C cos(2nmx.) corresponding to prin-
cipal frequency w = 0 are different for the case when n = 0 and when n > 0. When
n = 0, these eigenfunctions are constant on vertices as well as edges, and therefore in this
case C' = ﬁ, since, > p fol (ﬁ)dee = 1. When n > 0, the eigenfunctions corre-
sponding to principal frequency w = 0 are constant on vertices but not on edges. They
take the form ¢(e, z.) = C cos(2nmx.) on the edges. These eigenfunctions must be nor-
malized, so C' = %, since Y 5 fol (\/%cos(%mxe))Zda:e = 1. Once normalized, these

eigenfunctions form a complete set of orthonormal bases for L?(G, £).

6.2 General solution of the wave equation

In this section we give a general solution of a wave equation on a graph. Let a graph
coordinate X defines an edge e and a value of the standard coordinate on that edge =x.

The eigenfunctions of the edge-based Laplacian are
b n(X) = Cle,w) cos (B(e,w) + wx + 2mnz).

The edge-based wave equation is

9%u

S (X,8) = Apu(,1). (6.1)

To solve the above equation, we look for separable solutions of the form u(X,t) =

Gwn(X)g(t). This gives us

o (X)g" (1) = g(t) (w + 2mn)° d(w, n),
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6.2 General solution of the wave equation

which gives a solution for the time-based part as
g(t) = aypcos [(w+ 2mn)t] + B, psin [(w + 27n)t] .
By superposition, we obtain the general solution of the wave equation as:
u(X,t) = Z Z C(e,w) cos [B(e,w) + wx + 2mnx]
{U;w:cos [(w+ 2mn)t] + By psin [(w + 27n)t]}. (6.2)

Here the coefficients o, , and 3,,, depend on the initial conditions of the wave equation.

6.2.1 Initial conditions

Since the wave equation is second order partial differential equation, we can impose initial

conditions on both position and speed

u(X,0) = p(X),
T,0) = (),
and we obtain
p(X) = zw: zn: wnCle,w) cos [B(e,w) + wx + 2mnz] (6.3)
q(X) = zw: zn: Buom(w + 27n)C (e, w) cos [B(e, w) + wzx + 2mna] . (6.4)

We can obtain the coefficients o, 5, and 3, 5, using the orthogonality of the eigenfunctions.

So from Equation 6.3, we get
1 .
Qo = Z Cle.w)g [Fon+ Finl (6.5)

where
1
me — ezB/ dxp(e’x)ezwxez%rn’
0

We can find 3, 5, similarly to the above, using Equation 6.4. So we get
1 *
Bun(w+ 2mn) = Z C(e, w)§ (G + Gl s (6.6)
e

where

1 1
Gun = 62‘3/ dzq(z, e)ei(w+27m)m _ ez’B/ dxpl(x, e)ei(w+27rn)z'
0 0
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Chapter 6: Gaussian Wave Packet on a Graph

6.3 (Gaussian wave packet

In this section, we give a complete solution of the wave equation, where the initial condition
is a Gaussian wave packet on the edge of the graph. For this purpose, we assume that the
initial position of the wave equation is a Gaussian wave packet p(e,z) = e~2@=1* on one

particular edge and zero everywhere else. Then we have

)

1
. e ,
F,, = e’LB/ dre a(z—p) ezwxez%rnm’
0
W2 1 w\2
— ’LB z,uw / dre a(x—u—%) ez27rnx'
0

Let the Gaussian wave packet is fully contained on one edge, i.e., p(z, e) is only supported
on this edge, then
W2 [° iw\2
Fw n= ezBezuw / dl‘e*a(:rf,ufﬁ) ezQﬂ'nx'
—00

Solving the above equation, we get

F,, = \/?ei[B—&-,u(w—i—Qﬂn)]e ia (u.)—i-QnTr)2
’ a

Similarly to the above, solving for F ,, we obtain

F(jn _ \/?ei[BJru(erme)}e 1o (w+2n7r)2’
’ a

and therefore, the coefficient «,, can be found as
T
a

Qyp = \/76_4111(w+2m)20(e, w) cos[B + p (w + 2mn)]. (6.7)

Since p(z, e) is zero at both ends the coefficients § can be found straightforwardly, as
_ T L (w+2nm)? :
Bun = e i C(e,w)sin[B + p (w + 27n)]. (6.8)

6.3.1 Complete reconstruction

Let f be the edge on which the initial function is non-zero. Let the Gaussian is fully

contained on one edge. Then the solution is given as:
s 1 2
- C —4a (w+2mn)
S \facw oo Y e
cos [B(w, €) + wx + 2mnzx] cos [B(w, f) + (w+2mn)(t + ). (6.9)

For a particular sequence with principal eigenvalue w, we need to calculate

Uy = Z \/>e_4a (wt2mn)? o [B(w,e) +wzx + 2mnzx] cos [B(w, ) + (w+ 2mn)(t + u)] .
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6.3 Gaussian wave packet

Writing the cosine in exponential form, we obtain

2 :\/>6 4a (wH27n)?

><4 [ i[B(ew)+B(f,w)] z(w—i—?n’n)(x-l—t—‘ru) + e—z[B(e w)+B(e, w)} —i(w+2mn)(z+t+p)

_i_ei[B(e,w)fB(f,w)}ei(w+27rn)(xft7,u) + efi[B(e,w)fB(e,w)]efi(w+27rn)(a:ft7,u) )

We need to evaluate terms like ) ge_ﬁei[B(e’”)+B(f7w)]ei(‘“+2”")(fc+t+“), where the values

of w and n depend on the particular eigenfunction sequence under evaluation.

Let W(z) be z wrapped to the range [—%, %), ie.,

W(z)=2z— {z+J

Here |z| is the floor function, i.e., the largest integer not greater than z. Solving for all

cases (i.e., for all values of w and n), the complete solution becomes:

wX, ) = Y O, )0, 1) ( —aWV (@) o [B(e,w)+B(f,w)+w {x+t+u+;H

2
wEN,

1 oemaW(a—t=p)? [B(e,w) —B(f,w)4+w {x —t—pu+ ;H)

1 —aW(z+t+p)? —aW(z—t—p)?
+2]E\ (e +e )
C(w,e)C(w, f) [ W(z—t—pu)2 —aW(z+t4p)?
+Z%eaw w?* _ gmaW(z+t+p)
P )
+ Z C( ) (w f) (( ){m t— u+2Je—aW(x t—p)?
WEQC 4
_(_1) Lm+t+u+%J e—aW(w-‘rt-Ht)z) . (610)

where ), represents the set of vertex-supported eigenvalues and §2; and 2. represent
the set of edge-interior eigenvalues respectively, i.e., m and 2w. The second term in the

summation comes from the constant eigenvalue, i.e., w = 0.
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Chapter 6: Gaussian Wave Packet on a Graph

Similarly for a bipartite graph, the solution becomes

wx,t) = % Clw,e)Clw. f) ( —aW(a+)? o {B(e,w)ﬁ—B(f,w)—i—w {x+t+u+;ﬂ

WEQa 2
+ e~ W (@—t—p)? .o [B(e,w) — B(f,w)+w {x —t—pu+ ;J])

+ (afal/\/(aethJr,u)2 + efaW(xftf,u)Q)
3757 (

+C’(w, e)C’(w, f) ((_1) I_z—t—u-i-%J efal/\/(mftfu)2 + (_1) {m—l—t—l—/ﬁ-%J e*aW($+t+H)2)

+ Z C(w7€)4 (w f) ( —aW(z—t—pu)? —aW(x+t+u)2)

+ Z C(wv 6)40("‘)7 f) ((_1> \_m—t—u—O—%J e—aW(z—t—u)2

_(_1) Lm+t+u+%J e—aW(x-i—t-‘ru)z) ) (6.11)

Here the third sum is due to the constant eigenfunction with alternating sign corresponding
to the principal frequency w = w. Note that the last two terms in Equation 6.10 as well as
Equation 6.11 depend on the number of edges and vertices in the graph. For example if
the graph is a tree (which is always bipartite), then Equation 6.11 gives the solution with
last two terms disappeared since |[E| — |V| = —

For a weighted graph, we assume a Gaussian wave packet on every edge of the graph,
whose amplitude is multiplied by the weight of that particular edge, and solve the wave
equation for this case. Let w;; be the weight of the edge (¢, 7). The solution for bipartite

graph in this case becomes

u(X,t) = Z w; Z Clw,e)Cw, f)

(u,v)EE weq

1
<e—aW(x+t+M)2 cos [B(e, w) + B(f,w) +w Lm +t4+pu+ 2H

+ emaW(@—t=p)? g [B(e,w) — B(f,w)+w {x —t—p+ ;H)

+ (afal/\/(aethJr,u)2 + efaW(xftf,u)z)
o151 (

+C’(w, e)C’(w, f) ((_1) I_z—t—u-i-%J e*dW(I*t*u)Q + (_1) {m—l—t—i—u-‘r%J efaW(:rthﬁu)Q)

+ Z C(w7€)4 (w f) ( —aW(z—t—pu)? —aW(:c+t+u)2)

+ Z C(wv 6)40("‘)7 f) ((_1> Lm—t—u—&-%J e—aW(x—t—u)2

_(_1) Lm+t+u+%J e—aW(w+t+u)2) . (612)
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6.4 Gaussian wave packet signature

As with the case of unweighted graphs, the last three terms depend on the number of
vertices and edges in the graph and whether the graph is bipartite or not. For example
for non-bipartite graphs, the third term in the above equation disappears.

To show the evolution of Gaussian wave packet on a graph, we take a graph with 5
nodes and 6 edges. We assume the initial condition is a Gaussian wave packet on a single
edge and zero elsewhere. Figure 6.1(a) shows the results for the times t =0, ¢t =1,¢t =2
and t = 3 in a three-dimensional space. Note that when the wave packet hits a node with
degree greater than 2, some part of the packet is reflected back while the other part is
equally distributed to the connecting edges. Figure 6.1(b) shows a similar analysis but
with a different initial condition. Here we assume that initially a Gaussian wave packet
exists on every edge of the graph and show its evolution for the times t =0,t=1,t =2

and ¢t = 3.

6.4 Gaussian wave packet signature

To define a signature for the weighted as well as the unweighted graphs, we use the
amplitudes of the waves on the edges of the graph over time. For an unweighted graph, we
assume that the initial condition is a Gaussian wave packet on a single edge of the graph.
For this purpose we select the edge (u,v) € E, such that u is the highest degree vertex in
the graph and v is the highest degree vertex in the neighbours of u. In case, if this edge
is not uniquely defined, we arbitrarily select amongst all possible candidate edges. For
this case Equation 6.10 provides a solution if the graph is non-bipartite, while Equation
6.11 provides the solution if the graph is bipartite. For weighted graph, we assume a wave
packet on every edge whose amplitude is multiplied by the weight of the edge. Equation
6.12 provides a solution in this case. We define the local signature, called the wave packet

signature (WPS), of an edge as
WPS(X) = [w(X, to), u(X, t1), u(X, ta), ...u(X, t,)].
Given a graph G, we define its global wave packet signature (GWPS) as
GWPS(G) = hist (WPS(&1), WPS(X2),, ..., WPS(Xg))) , (6.13)

where hist(.) is the histogram operator which bins the list of arguments W PS(X}),
WPS(Xs),,..., WPS(X|g|). Here X; represents the the value of standard coordinate .

on the edge e;. In the experiment section we choose z, = 0.5.
87



Chapter 6: Gaussian Wave Packet on a Graph
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z-axis
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(a) Evolution of a single wave packet on a graph

z-axis
z-axis

Z-axis
z-axis

(b) Evolution of multiple wave packets on a graph

Figure 6.1: Solution of wave equation on a graph with 6 vertices and 8 edges
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6.5 Experiments

In this section, we test the proposed method on cospectral graphs and real-world data. We
also compare the performance of the proposed method with other alternative methods and
report the results. We commence by demonstrating the ability of the GWPS to distinguish

between cospectral graphs.

6.5.1 Cospectral graphs:

One of the advantages of using the solution of equations defined using the edge-based
Laplacian is that it is less prone to the problem of failing to distinguish graphs due to
cospectrality of the Laplacian or adjacency matrices. This is due to the fact that the
structure of edge-interior eigenfunctions of the edge-based Laplacian are determined by the
structure of backtrackless walks on the graph which is more powerful tool in distinguishing
non-isomorphic cospectral graph as compared to the random walks on the graphs.

To demonstrate this we find GWPS of the pairs of cospectral graphs of Figure 6.2(a)
and Figure 6.2(b). These pairs of graphs are cospectral with respect to both their adja-
cency matrices and the adjacency matrices of their compliments. Figure 6.3(a) and Figure
6.3(b) show the GWPS for these graphs. Results show the ability of the GWPS to distin-
guish graphs which are cospectral with respect to their adjacency matrices and adjacency
matrices of their compliments. Note that in Chapter 4, we have shown that such graphs

cannot be distinguished by random walks on graphs.

W & &)

a) Cospectral graphs, each with 9 vertices and ) Cospectral graphs, each with 10 vertices and

12 edges 13 edges

Figure 6.2: Examples of cospectral graphs with respect to adjacency matrices of graphs

and adjacency matrices of their compliment graphs

Similarly Figure 6.5 shows the GWPS for the pair of graphs of Figure 6.4, which are

cospectral with respect to their Laplacian matrices. These graphs cannot be distinguished
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(b) Histogram for the graphs of Figure 6.2(b)

Figure 6.3: Histograms for cospectral graphs

by the heat kernel trace [86] of graphs. However, as shown in Figure 6.5, GWPS can
distinguish such graphs.

Figure 6.4: Cospectral graphs with respect to their Laplacian matrices
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Frequency of amplitudes
Frequency of amplitudes

Bins Bins

Figure 6.5: Histogram for the graphs of Figure 6.4, which are cospectral with respect to

their Laplacian matrices

6.5.2 Real-world data

In this section, we perform an experimental evaluation of the GWPS on different graphs.
These graphs are extracted from the images in the Columbia object image library (COIL)
dataset [44]. These are Delaunay triangulation (DT), Gabriel graphs (GG), and relative
neighbourhood graphs (RNG).

Delaunay triangulation: A Delaunay triangulation for a set P of points in a Euclidean
space is a triangulation, DT (P), such that no point in P is inside the circumcircle

of any triangle in DT'(P) [17].

Gabriel graphs: The Gabriel graph for a set of n points is a subset of Delaunay trian-
gulation, which connects two data points v; and v; for which there is no other point

vy, inside the open ball whose diameter is the edge (v;, vj).

Relative neighbourhood graphs: Like the Gabriel graph, the relative neighbourhood
graph is also a subset of Delaunay triangulation. In this case, a lune is constructed
on each Delaunay edge. The circles enclosing the lune have their centres at the
end-points of the Delaunay edge; each circle has a radius equal to the length of the
edge. If the lune contains another node then its defining edge is pruned from the

relative neighbourhood graph.

Figure 6.6(b), Figure 6.6(c), and Figure 6.6(d) show the DT, GG and RNG of the

corresponding COIL objects of Figure 6.6(a) respectively.
91



Chapter 6: Gaussian Wave Packet on a Graph

ST,
o Ly
;\f) ] _d‘l"u Eg}'
NS A
Rl o

AN
':"a.v.uﬂ

o | A i
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Figure 6.6: COIL objects and their extracted graphs

Unweighted graphs: We commence by experimenting the proposed method with
the Delaunay triangulations. To compute the GWPS, we first compute WPS for each
edge by setting z. = 0.5. We set t;q, = 100 and t,,;,, = 20 to allow the wave packet to
be distributed over the whole graph. We then compute the GWPS for the graph by fixing

100 bins for histogram.

To visualize the results, we have performed principal component analysis (PCA) on
the GWPS. Figure 6.7(a) shows the results of the embedding of the pattern vectors on
the first three principal components. Results demonstrate the ability of GWPS to provide

good separation between objects of different classes.
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Figure 6.7: Comparison of clustering results

To measure the performance of the proposed method we compare it with truncated
Laplacian, pattern vector from random walks and pattern vector from Thara coefficients.
To compare the performance, we cluster the pattern vectors using k-means clustering [41].
The rand indices for these methods are shown in Table 6.1. It is clear from the table
that the proposed method can classify the graphs with higher accuracy as compared to
alternative methods. To visualize the results, we have applied PCA on the resulting
pattern vectors for each method. Figure 6.7(b), Figure 6.7(c), and Figure 6.7(d) shows
results for truncated Laplacian, pattern vector from random walks on graphs [26], and

pattern vector from Thara coefficients [62] respectively.

We now compare the performance of the proposed method on GG and RNG. The
purpose of comparing the performance on GG and RNG is twofold. Firstly, since both the
GG and RNG are subset of DT, it allows us to analyze the performance of the proposed
method under controlled structural modifications. Secondly, since both GG and RNG
reduce the frequencies of cycles of smaller length and introduce branches in the graph, it

allows us to analyze the performance of the proposed method on non-cyclic graphs.
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Table 6.1: Experimental results on Delaunay triangulation

Method Performance

Wave Kernel Signature 0.9965

Random Walk Kernel 0.9526
Thara Coefficients 0.9864
Truncated Laplacian 0.9737

To visualize the results, we have applied PCA on GWPS computed from GG and
RNG. Figure 6.8(a) and Figure 6.8(b) show the visual results of the proposed method on
GG and RNG respectively. Results suggest that the proposed method can separate the

objects of different classes under controlled structural error.
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Figure 6.8: Clustering results of GWPS
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Table 6.2 compares the performance of the three methods, which shows that the pro-
posed method performs well under controlled structural modifications compared to other
methods. Note that a drop in the performance of the Thara coefficients is due to the fact
that the Ihara coefficients cannot provide a good measure of similarity for the graphs when
branches are present. This is because the Thara coefficients are related to the frequencies
of prime cycles in the graph. GG as well as RNG reduces the frequencies of cycles of

smaller length and may also introduce branches.

Table 6.2: Experimental results on GG and RNG

Method GG RNG
Wave Kernel Signature | 0.9511 | 0.8235

Random Walk Kernel 0.9115 | 0.8197

Thara Coefficients 0.8574 | 0.7541

Truncated Laplacian 0.8188 | 0.7790

Properties of WPS: We now look at the characteristic of the proposed GWPS. For
large graphs, the histogram distribution of the wave amplitudes over time (i.e., GWPS)
closely follows a Gaussian distribution. Figure 6.9 shows the distribution of the GWPS of
a single view of 4 different objects in COIL dataset and a Gaussian fit for each signature.
Given GWPS of length IV, the parameters of the Gaussian curve can be found as

L&
n= Z; GW PS(i),

and

(GWPS(i) — p).
1

B 1
TN 14

n
=
Results suggest that the Gaussian curve fits nicely to the GWPS.

In our next experiment, we have selected 4 different objects from COIL data set with
all the 72 view and extracted their DT and GG. Next we compute their GWPS and find
the parameters of the Gaussian curve for each signature. In Figure 6.10(a) and Figure
6.10(b), we have plotted the values of the standard deviations of Gaussian fit for all the DT
and GG respectively. Results show that the standard deviation of Gaussian curve provides

a good separation between the objects of different classes. Table 6.3 shows the mean value

of the standard deviation and the standard error for each of the 4 objects. These results
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Figure 6.9: Gaussian fit of GWPS

suggest that the properties of the Gaussian distribution can be used to classify objects of

different classes.

Table 6.3: Average values of standard deviation

Standard Deviation | Standard Error
Object 1 0.1400 1.54 x 1073
Object 2 0.0989 6.57 x 1074
Object 3 0.0793 5.64 x 10~*
Object 4 0.0685 4.07 x 1074

Weighted graphs: In our final experiment, we test the performance of the proposed
GWPS on weighted graphs. For this purpose, we have selected the same four objects from

the COIL dataset with all the 72 views. We have extracted the Gabriel graphs for each of
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Standard deviation

Different Views of an object

(a) Delaunay triangulations
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Different Views of an object

(b) Gabriel graphs

Figure 6.10: Standard deviations of all views of four different objects

these views. The edges are weighted with the exponential of the negative distance between
two connected vertices, i.e., w;; = exp|—k||z; — x;||] where z; and z; are coordinates of
corner points ¢ and j in an image and k is a scalar scaling factor. For each weighted
graph, we have computed GWPS. To compare the performance, we have also computed

the truncated Laplacian for each graph.

To visualise the results, we have applied PCA to both GWPS and truncated Laplacian.

Figure 6.11(a) shows the clustering results of GWPS, while Figure 6.11(b) shows the
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clustering result of the truncated Laplacian. Results show that the WPS provides a better

separation between weighted graphs of different classes as compared to the truncated
Laplacian.

To compare the performance we have computed the rand indices for both

methods. Table 6.4 shows that GWPS gives higher accuracy as compared to alternate

methods. These results of GWPS on both weighted and unweighted graphs suggest that

edge-based methods perform well compared to the vertex-based methods.

Third eigenvector

second eigenvector

(a) GWPS

Third eigenvector

Second eigenvector

(b) Truncated Laplacian

Figure 6.11: Clustering results on weighted graphs
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Table 6.4: Experimental results on weighted graphs

Method Accuracy

Wave Packet Signature 0.9931

Truncated Laplacian 0.8855

6.6 Timing analysis

The solution of wave packet signature can be computed in O(|E|?) time, once all the
eigenfunctions are computed. This is due to the fact that computing the amplitude for each
edge requires O(|E|) time and there are |F| edges. The vertex supported eigenfunctions
can be computed in O(|V|?) time. However, to compute the edge-interior eigenfunctions,
we require to convert the graph into an oriented line graph and find the eigenvectors
corresponding to the eigenvalues —1 and 1. So the running time for computing the edge-
interior eigenfunctions is O(|E|®). Therefore the running time of computing GWPS is

O(|E|?). Note that this time can be accelerated by using eigs routine in Matlab.

6.7 Summary

In this chapter, we have used the solution of the wave equation on a graph to characterize
both weighted and unweighted graphs. The wave equation is solved using the edge-based
Laplacian of a graph. The advantage of using the edge-based Laplacian over vertex-based
Laplacian is that it allows the direct application of many results from analysis to graph-
theoretic domain. Our novel contribution in this chapter was to solve a wave equation on a
graph, where the initial condition is a Gaussian wave packet(s) on the edge(s) of the graph.
We use the amplitude of the waves on the edge over time to define a signature, called the
global wave packet signature (GWPS) to characterize graph. Experimental evaluations
show that the proposed signature can perform better as compared to the feature vectors

that are based on the discrete Laplacian of the graph.
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Chapter 7

Shape Analysis using the
Edge-based Laplacian

In this chpater our purpose is twofold. Firstly, we shall solve a heat equation on a graph
using the edge-based Laplacian, where the initial condition is a Gaussian heat packet on
a single edge of a graph. Secondly, we use the fundamental solution of the heat equation
defined using the edge-based Laplacian to define a signature for the points on the surface
of a three-dimensional shape.

The key idea in the analysis of three-dimensional deformable shapes is to define an
informative and a discriminative feature descriptor that characterizes each feature point
on the surface of the shape. Generally these techniques use a feature vector in R™ [1,77],
which contains both local and global information for that point. These feature descriptors
can be used in many ways for analyzing three-dimensional shapes. For correspondence
matching, the descriptors are used to find potential correspondence among pairs of points
on two different shapes [1,77]. For clustering the parts of a shape, the signatures can be
used to identify semantically coherent parts of an object [2,67]. Local descriptors can be
combined in different ways to define a global shape signature and this can be used for
shape classification or recognition [14,48].

One of our novel contributions in this chapter is to construct the adjacency matrix of
a mesh, that represents a three-dimensional shape, in a way that capture the geometric
as well as the topological properties of the shape. Next we find the eigenfunctions and
eigenvalues of the edge-based Laplacian of the proposed adjacency matrix. Based on the
eigenpairs of the edge-based Laplacian, we propose a local signature, called the edge-based

heat kernel signature (EHKS) that can be used for segmentation, matching and clustering
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three-dimensional shapes. Using local EHKS, we define a global edge-based heat kernel
signature (GEHKS), which can be used for shape classification and shape retrieval. In
the experiment section, we show the applications of the proposed signature for shape
segmentation, shape matching, and shape classification.

We commence this chapter by solving a heat equation on a graph using the edge-based
Laplacian, where the initial condition is a Gaussian heat packet on a particular edge of the
graph. We demonstrate the solution on a graph with 5 vertices and 7 edges. Next we define
signatures that can be used for segmentation, matching and retrieval of three-dimensional
shapes. In the experiment section, we perform numerous experiments to demonstrate the
effectiveness of the proposed method and compare it with the alternative state-of-the-art

methods.

7.1 General solution of the heat equation

In this section we give a similar solution to the heat equation as we did for the wave
equation in the previous chapter. We assume that the initial condition is a Gaussian heat
packet on a single edge of the graph and see its evolution with time. We will demonstrate
the result by simulating the solution on a graph with 5 vertices and 7 edges. To commence,
let G = (V, E) be a graph with empty boundary. Suppose a graph coordinate X defines
an edge e and a value of the standard coordinate on that edge x. The eigenfunctions of

the edge-based Laplacian are
b n(X) = Cle,w) cos (B(e,w) + wx + 2mnz).

The edge-based heat equation is
oh
ot
We look for separable solutions of the form h(X,t) = ¢y, ,(X)g(t). This gives

(X,t) = Aph(X,1). (7.1)

Sun(X)g (1) = g(t) (w + 2n)° d(w, n),
which gives a solution for the time-based part as

g(t) = a e ((r2mmL,

By superposition, we obtain the general solution
h(X,t) = Z Z C(e,w) cos [B(e,w) + wx + 2mnx]
w n

{up pe~ (@ F2m’ty (7.2)
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7.1.1 Initial conditions

Let p(X) be the initial condition, i.e., at t =0, h(X,t) = p(X). Then
p(X) = Z Z a,nC(e,w)cos [B(e,w) + wz + 2mna] .
w n
We can find o, , using the orthogonality of the eigenfunctions. So we get
1 .
Ckw,n = ; C(e, C(.))i [Fw,n + Fw,n] s

where

1
me — ezB/ dmp(e, x)ezwrez%rn.
0

7.1.2 Solution of the heat equation for a Gaussian heat packet

Let the initial position be a normally distributed heat packet p(e,x) = e~2@=m* on one

particular edge and zero everywhere else. Then we have

)

1
. _ _ 2 . .
F,,. = ezB/ dre a(z—p) ew.meez27rn:v7
0

iw

iB i 7& 1 _ ( _ _7)2 2
— e’L eluwe 4a dwe a\r—n 2% 67, TI'TLCL'.
0

Let the Gaussian heat packet is fully contained on one edge, i.e., p(z, e) is only supported

on one edge and zero elsewhere. Then

1B ipw _w? > fa(xf,ufi—“’)z 12T
Fon=¢"e" e 1a dze 2a) e .
—0oQ

Solving the above equation, we get

F,, = \/?ei[B—&-,u(w—l—Qﬂn)]e—41a(w+2n7r)2.

’ a

Similarly to the above, solving for F};,, we obtain

,n)?
- \/;ei[BJru(erme)]e41‘l(w+2n7r)2
a
and therefore, we get
_ T L (wt2nm)?
Qun =/ —€ da C(e,w)cos[B + p (w + 2mn)]. (7.3)
a

Let f be the edge on which the initial function is non-zero. Then the solution becomes

cos [B(w, €) + wzx + 2mnx] cos [B(w, f) + (w + 27mn)u] . (7.4)
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To demonstrate the results, we have simulated the heat equation on a graph with 5
vertices and 7 edges, where the initial condition is a Gaussian heat packet on a single
edge of the graph. Figure 7.1 shows the evolution of the heat packet for the times ¢t = 0,
t=0.01,t=005and t=0.1¢t=1and t =5.

7.2 Three-dimensional shape descriptors

In this section, we define shape descriptors for the three-dimensional shapes that uses the
eigenvalues and eigenfunctions of the edge-based Laplacian and a solution of the edge-based
heat equation. We define local signatures and show their applications in three-dimensional
shape segmentation and correspondence matching. We also define a global signature for

the purpose of three-dimensional shape classification.

7.2.1 Local descriptor

In this section, we define local signature for every point on the mesh. This point could be
any vertex of the mesh or it could be a point on any edge of the mesh. Since the mesh
approximates the bounding surface of the three-dimensional shape, therefore this point is
defined on the surface of the shape. In the remainder of this chapter, we will use the term
p to refer to a point on the mesh (and therefore on the surface of the three-dimensional
shape).

To demonstrate the effectiveness of the eigenfunctions of the edge-based Laplacian,
we commence by defining an edge-based global point signature (EGPS) which is similar to
the global point signature (GPS), defined by Rustamov [67]. Given (w?, ¢), the eigenpairs
of the edge-based Laplacian of the graph, the EGPS for a point p on the surface of the

three-dimensional shape is an infinite dimensional feature vector, defined as

EGPS(p) = (;mp), L), =500, ) |

Here w%,w%, w%, ... are the smallest positive eigenvalues, while ¢1, ¢2, ¢3, ... are the corre-
sponding eigenfunctions. In the experimental section, we will show that, although the
EGPS can be used for shape segmentation, it is not invariant under bilateral symmetries
and cannot be used for shape matching. Note that the point p in EGPS can represent the
vertices as well as any point on the edges of the mesh. Therefore EGPS is different than

GPS, in the sense that GPS is defined for the vertices of the mesh only.
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Figure 7.1: Solution of the heat equation on a graph with 6 vertices and 8 edges
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To have a more robust representation, we define both local and global shape descrip-
tors, which are based on the fundamental solution of the heat diffusion process, called the

heat kernel. The heat kernel, H;, has the following eigen-decomposition:

e}

Hy(z,y) =Y e o(x)(y), (7.5)

i=0
where (¢, w?) are the eigenpairs of the edge-based Laplacian.
The local signature is defined by sampling the self-heat of vertices and edges over
time which can be computed from the heat kernel. Given a point p on the mesh of the
three-dimensional shape, its edge-based heat kernel signature (EHKS) is a feature vector

in k-dimensional feature space, given as:

EHKS(p) = [Hy, (p, p), Hy, (P, D), -, Hyy,_, (p, D)) (7.6)

To make EHKS scale invariant, we normalize the EHKS by scaling each H; by [ v Ki(p,p)dp
[77]. The quantity f 1 Ft(p,p)dp is also called the heat kernel trace, and can be computed

as y_; e—wit,

7.2.2 Global descriptor

To extend our method to the problem of shape classification we define a global edge-based
heat kernel signature (GEHKS) for the three-dimensional shape, which is based on the
local EHKS of the vertices of the mesh that approximates the bounding surface of the
shape. Our approach of defining a global signature for the shape is closely related to the
approach of [14]. Given a mesh with n vertices that represents a shape S, we define its

global edge-based heat kernel signature as
GEHKS(S) = hist (EHKS(v1), EHKS(v2), ..., EHKS(vy,)), (7.7)

where hist(.) is the histogram operator, and vy, vs, ..., v, represent the vertices of the
mesh. Since the GEHKS is defined on small and large values of ¢, it encodes both the

local and the global information about the shape.

7.2.3 Discrete settings

A three-dimensional shape can be conveniently represented by a mesh that approximates
the bounding surface of the three-dimensional shape (see Figure 7.2). Therefore to find the

corresponding edge-based Laplacian we need to find the adjacency matrix of the mesh.
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The simplest way to define the adjacency matrix is to use the unweighted (0-1) or the
weighted (distance or proximity) matrix. However, such representations are sensitive to
the regularity of the particular triangulation and give little information about the shape
itself. In this section, we propose a new method for constructing the adjacency matrix of

the mesh that captures its geometric and topological properties.
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Figure 7.2: Mesh representation of a three-dimensional shape of an elephant

Most of the techniques [2,67,77] for characterizing points on non rigid three-dimensional
shapes use the eigenpairs of the Laplace-Beltrami operator (discrete Laplacian). It is im-
portant to note the difference between a combinatorial Laplacian and the discrete one.
The combinatorial Laplacian is related to the mesh and it does not contain significant
information concerning the shape itself. The discrete Laplacian (or Laplace-Beltrami op-
erator) is specifically designed to capture the geometric and topological properties of the
underlying surface. Many schemes have been proposed to construct the discrete Laplacian
that estimates the Laplace-Beltrami operator [2,67,77]. Most of these schemes use the so
called cotangent scheme, which was originally introduced in [52].

To estimate the EHKS from a mesh, we construct the adjacency matrix in a way that is
consistent with the Laplace-Beltrami operator and that captures the geometric as well as
the topological properties of the shape. This can be done by using the cotangent scheme
which uses the angle information between the edges and area around each vertex (see
Figure 7.3).

Let M is a matrix whose (i, j)th entry is defined as

cotaij;—cotb’ij’ it (4, ) € B;

0, otherwise.
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Figure 7.3: Angles and the area appearing in the adjacency matrix

where «;; and §;; are the angles opposite to the edge (4, ), as shown in Figure 7.3. Let
S be a diagonal matrix whose ith diagonal entry is the area associated with the triangles
abutting the vertex i. We define the symmetric adjacency matrix as A = S/2M S1/2. The
(,7)th entry of the adjacency matrix, in terms of the elements of the matrices M and S,
is given as follows:

S(i,1)S(5,7)M (i, 7), if (i,7) € E;
A ) = (4,4)S(4,7) M (i, 5) (4,5) € (7.9)

0, otherwise.
The matrix defined above not only captures more information about the geometric and
topological properties of the shape, but it also minimizes the dependence of the adjacency

matrix on the mesh.

7.3 Experiments

In this section, we will present both the qualitative and the quantitative analysis of the
proposed edge-based heat kernel signature. We perform our experiments on a subset of
SHREC 2010 dataset that contains 10 different shapes, each with 20 different non-rigid
deformations. Figure 7.4 shows some of these shapes. To find the edge-based eigenpairs,
we first construct the adjacency matrix, as described in the previous section. We compute
the area associated with each vertex using the method proposed in [88]. We then find the
eigenpairs of the normalized adjacency matrix.

To find the edge-based heat kernel signature for shape, we compute first 300 smallest

eigenvalues and corresponding eigenvectors using the eigs routine in Matlab, which is
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used to solve the sparse eigenvalue problem. We compute the scaled EHKS by uniformly
sampling 100 points for different values of ¢ over the time interval [tmin, tmaz] Where tp, =

41n 10/)\300 and tmam =4In 10/)\2 [77]

W

Figure 7.4: The SHREC 2010 database of shapes

7.3.1 Edge-based eigenfunctions for segmentation

We commence by analysing the eigenvalues and eigenfunctions of the edge-based Laplacian.
Figure 7.5 shows the values of three different edge-based eigenfunctions (corresponding to
the second, fifth, and seventh smallest eigenvalues) on the vertices of the mesh of a three-
dimensional shape of an elephant. Here different colours represent different values of the
eigenfunction. It is clear from the figure that these eigenfunctions can be used to segment
parts of the shape.

To demonstrate the effectiveness of the edge-based eigenpairs for segmentation of the
different parts of a three-dimensional shape, we have selected a three-dimensional shape of
pliers and its two different deformations. We have computed the EGPS of every vertex of
the mesh of each shape. The feature vector is approximated by taking the first 300 smallest
non-zero eigenvalues and the corresponding eigenfunctions. Next we have applied the k-

mean clustering on the EGPS coordinates, with £ = 5. Figure 7.6 shows the clustering
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Figure 7.5: Figenfunctions corresponding to some of the small eigenvalues

results of EGPS coordinates.

Figure 7.6: Shape segmentation using EGPS

These results suggest that the eigenpairs of the Edge-based Laplacian can be used to
extract meaningful segments of a three-dimensional shape. Note that, although the EGPS
can be used for shape segmentation, it is not invariant under the bilateral symmetries.
For this reason both the GPS and the EGPS are not very effective for correspondence
matching problem. In next section, we will show that EHKS, on the other hand, is not
only invariant under different poses but it is also invariant under bilateral symmetries of

the shape.
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7.3.2 Segmentation using EHKS

In this section, we use the EHKS for segmenting different parts of a three-dimensional
shape. We commence by computing the EHKS for every vertex of the mesh of six different
deformations of a human body. Figure 7.7 shows the results, where different colours
represent different values of the EHKS. It is clear from the figure that the EHKS is stable
across different deformations of the shape. The results also suggest that EHKS is not only
invariant across different deformations, but it is also invariant under bilateral symmetries

of the shape.

Figure 7.7: EHKS for six shapes

To show the stability of the proposed method for segmentation, we illustrate the
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method on the problems of segmenting and classifying parts of a human body using EHKS.
For this purpose, we perform three different experiments. In our first experiment, we se-
lect all the vertices of the mesh of five different parts of a human body and compute their
EHKS. We embed the resulting feature vectors in a lower-dimensional feature space by
performing principal component analysis (PCA) [33]. The projection of EHKS on the first
two principal components is shown in Figure 7.8, which suggests that the EHKS can be

used to distinguish between the different classes of features of the same shape.

. L
g
.%“.
5l
First eigenvector
(a) A human body (b) Embedding using EHKS

Figure 7.8: Embedding results of different parts of a human body in a two-dimensional

Euclidean space

In our next experiment, we show that EHKS is consistent across different deformations
of the shape. For this purpose, we select points (only vertices of the mesh) on the hands,
the feet, and the head of 15 different poses a human body and compute their EHKS.
To visualize the results, we apply PCA on the resulting signatures and embed them in
a three-dimensional space. Figure 7.9 shows that not only the EHKS can distinguish
between different classes of features such as the hands, the feet, and the head, but can
also distinguish classes of features of different shapes.

In our final experiment, we demonstrate the effectiveness of the proposed method for
the purpose of shape clustering and compare it with the wave kernel signature. For this
purpose, we select a three-dimensional shape and compute EHKS of every vertex of the
mesh that approximates the shape. Next we apply k-mean clustering on the resulting

signatures. We perform this experiment on three different three-dimensional shapes (i.e.,
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Third Eigenvector

Second Eigenvector
First Eigenvector

Figure 7.9: Feature points segmentation

the shape of a man, pliers, and an ant), each with three different deformations. Figure
7.10(a), Figure 7.11(a) and Figure 7.12(a) show the segmentation results of the EHKS
of the shape of a man, pliers, and an ant and their deformations respectively. Results
show that not only the EHKS can find the meaningful segments of the shape but it is
also consistent across different deformations of the shape. To compare these results, we
have also computed the WKS for the same shapes and their deformations. Figure 7.10(b),
Figure 7.11(b) and Figure 7.12(b) show the segmentation results of the WKS. The results
show that, although the WKS can segment the parts of a shape, it is not consistent across

different deformations of the shape.

7.3.3 Matching using EHKS

In this section, we evaluate the performance of the proposed EHKS for the purpose of
correspondence matching. To commence we select three different three-dimensional shapes
(i.e., the shape of a human body, an ant, and glasses). We also select a deformed shape
corresponding to each of these shapes. For each three-dimensional shape we randomly
select a point (vertex) on five different parts of the shape and compute EHKS for each of
these points. We also compute the EHKS of every vertex of the mesh that approximates
the deformed shape. Next we compute the Euclidean distance of the feature descriptor of
selected points on each shape with the feature descriptors of each of the vertices on the
corresponding deformed shape. Figure 7.13 shows the first 50 best matches of each of the
points on the shape with the points on deformed shape. Results show that EHKS is highly
robust across different deformations of the shape. We perform a similar experiment for

WKS (Figure 7.13). Results suggest that EHKS is more robust and stable as compared
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(a) Clustering using EHKS

(b) Clustering using WKS

Figure 7.10: Comparison of clustering results of a human body

to WKS. Note that some of the mismatches with WKS are due to bilateral symmetries of

the shape.

To compare the performance of EHKS with WKS, we select a three-dimensional shape
of a human body and its deformed shape. We randomly select a point (vertex) on 10
different parts of the shape and find the best match for each vertex of the mesh of the
deformed shape using the EHKS as well as the WKS. We repeat this experiment for five
times and count the number of best matches for both cases. The number of successful

matches for both methods are reported in Table 7.1, which suggests that EHKS gives
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(a) Clustering using EHKS

~

ava

(b) Clustering using WKS

Figure 7.11: Comparison of clustering results of pliers

better performance results compare to WKS.

In our final experiment, we demonstrate the effectiveness of EHKS for dense graph
matching. For this purpose we select the three-dimensional shape of a human body and
compute the EHKS of every point (vertex) on one of its feet. Next we select a deformed
shape of the selected shape and compute the EHKS of every vertex of the mesh of the
shape. Figure 7.14 shows the best match for points on the selected shape to its deformed
shape. The results suggest that the proposed signature is also suitable for the dense

matching problem.

7.3.4 Stability analysis of EHKS

In our next experiment, we show the stability of EHKS under controlled noise. For this

purpose we take three-dimensional shapes of a human body and a bear and their deformed
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(a) Clustering using EHKS

r

(b) Clustering using WKS

Figure 7.12: Comparison of clustering results of an ant

shapes. We add controlled Gaussian noise to the deformed shapes with mean p = 0, and
standard deviation o = 0.3. We randomly select a point (vertex) on three different parts of
each of the given shapes and compute their EHKS. Next we compute EHKS for each vertex
on the deformed shapes, corrupted by the Gaussian noise. We compute the Euclidean
distance of the feature descriptors of the selected vertices with feature descriptors of each
vertex on the deformed shape. In Figure 7.15, the lines between shapes show the first 50
best matches of each of the three vertices on the given shape with the points on deformed

shape. Results show that the proposed method is robust under controlled Gaussian noise.

To demonstrate the usefulness of the proposed adjacency matrix, we compare the per-

formance of the EHKS using different adjacency matrices. We select a three-dimensional
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(a) EHKS (left) and WKS (right)

(c) EHKS (left) and WKS (right)

Figure 7.13: Comparison of correspondence matching
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Table 7.1: Number of best matches

1 2 3 4 5
EHKS 8 8 8 9 8
WKS 6 8 7 7 8

Figure 7.14: Dense point matching using EHKS

Figure 7.15: Robustness of EHKS under noise
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shape of a human body and its deformation. Next we randomly select a point (vertex) on
three different parts of the shape and, for each point, find the first 50 best matches on the
deformed shape. Figure 7.16 shows the results of EHKS when computed from the proposed
matrix (Figure 7.16(a)), the matrix A = (PJFTPT> where P = S~'M (Figure 7.16(b)), and
the symmetric matrix M that uses the angle information only (Figure 7.16(c)). Results
shows that EHKS constructed using the proposed adjacency matrix is more stable than

the alternatives.

(a) Proposed adjacency matrix (b) Using A = (P + PT)/2

(c) Symmetric matrix M

Figure 7.16: Comparison of different adjacency matrices
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7.3.5 Classification using GEHKS

In our final experiment, we show the applications of the GEHKS for shape classification.
For this purpose, we select three-dimensional shapes of an ant, pliers and an octopus
from SHREC 2010 dataset with all of their deformations, and compute GEHKS for each
of these shapes. To visualize the results, we apply PCA on these GEHKS and embed
them in a three-dimensional space. Figure 7.17 shows that the proposed method can be
useful for clustering different shapes. To compare the accuracy of the proposed method we
perform a similar experiment with WKS and compute the rand indices for both methods.
The accuracy of the proposed method was 0.8514 while that of the WKS was 0.7893.
These results show that the EHKS is more informative than the WKS, and gives higher
performance for shape classification.

# Plier

*

¥4

Octopus +

First eigenvector

Second eigenvector
Third eigenvector

Figure 7.17: Classification of different shapes

7.4 Timing analysis

The running time of computing the EHKS for a vertex of the mesh is dominated by the
eigen-decomposition of the adjacency matrix of the mesh. The worst-case running time
of computing these eigenfunction is O(]V|?). Computing the adjacency matrix requires
O(|E|) time. Once the eigenpairs of the edge-based Laplacian are known, the EHKS can
be quickly computed and its running time depends upon the number of eigenvalues that
we are using to approximate EHKS (in our case it is 300). Note that to compute the
EHKS of a vertex of the mesh, we don’t need to find the adjacency matrix of the oriented
line graph. This is due to the fact that edge-interior eigenfunctions are zero on the vertices

of the graph. Hence, the worst-case time of computing EHKS for the vertices of the mesh
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is O(|V|?). In practice the execution time can be accelerated by using the eigs routine of
matlab. This is due to the fact that the mesh representation of the 3-D shape is usually
very sparse and also we only need to find a fixed number of smallest eigenvalues and
corresponding eigenvectors. Finally, to compute the GEHKS, we need to compute the

EHKS for every vertex, and so the worst-case running time of computing GEHKS can be

o(vI").

7.5 Summary

We have presented a method for analyzing three-dimensional non-rigid shapes, which is
based on the heat equation defined over the edge-based Laplacian. Our novel contribution
in this chapter is to define the adjacency matrix of the mesh (using the cotangent scheme
and area around each vertex of a mesh) in a way that is robust under different shape
deformations and which captures the geometric as well as the topological properties of
the shape. We have computed the edge-based eigenvalues and eigefunctions of the shape
using the proposed adjacency matrix. Our main contribution in this chapter is to define
pose invariant shape signatures using the edge-based heat equation. Experimental results
show that the proposed signatures can be used for clustering, correspondence matching

and classifying three-dimensional shapes with higher accuracy.
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Chapter 8

Conclusion

This chapter summarises the main contributions of the thesis and discusses its limitations

and possible future directions for research.

8.1 Contributions

Our goal in this thesis is to define invariants for a graph that can be used to efficiently
characterize the graph. We have presented applications of proposed methods for the
purpose of graph characterization and three-dimensional shape matching, clustering and
classification.

Our first contribution in this thesis is to develop a novel and an efficient method for
computing the coefficients of the reciprocal of the Ihara zeta function, called the Thara
coefficients. The Thara zeta function is determined by frequencies of the prime cycles of
the graph. It has proved to be a powerful tool in the analysis of graph structures and
has been successively used in pattern analysis and machine learning. However, despite its
attractions as a compact representation of graph structure, applications of the Ihara zeta
function have been limited due to the computational overheads required to calculate it.
In this thesis we have developed methods to efficiently compute Thara coefficients. This
is accomplished by first establishing a relationship between the Ihara coefficients and the
Bell polynomials. Then using a recursive formulation for the complete Bell polynomials,
we have shown how the set of all Thara coefficients can be efficiently computed in O(|E|?)
time and how the set of low order Thara coefficients can be computed in O(|V|3) time.
This relationship also helps us to understand the structure of each of the Thara coefficients

in terms of frequencies of prime cycles in the graph.
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Our second contribution is to develop efficient methods for characterizing labelled
graphs with higher accuracy. We have defined a graph kernel which is based on back-
trackless walks on a graph. A graph kernel is a kernel function which gives similarity
measure between two graphs. It computes the inner product of the two graphs by im-
plicitly assuming the embedding of the graphs into a higher-dimensional feature space.
To compute the kernel we have used the product graph formalism that can be used to
find a measure of similarity between graphs without explicitly embedding the graph into
a higher-dimensional feature space. The worst-case running time of the proposed graph
kernel is O(|Vi|?), which is the same as the worst-case running time of the kernel defined
using random walks on a graph. Here |Vi| represents the size of the vertex set of the
product graph. We have experimentally shown that, by avoiding tottering, the kernel de-
fined using backtrackless walks provides a more richer representation of the graph than the
kernel defined using random walks and can characterize the labelled graphs with higher

accuracy.

We have also developed efficient methods for characterizing unlabelled graphs using
feature vectors composed of Thara coefficients and backtrackless walks on a graph. We
have shown how these feature vectors can be computed in O(|V|?) in the worst-case. We
have experimentally demonstrated that when the graph is cyclic then the feature vector
composed of Thara coeflicients gives better classification results. However, when the graph
has many branches then the feature vector constructed from backtrackless walks gives
higher performance. Another advantage of using backtrackless walks and Thara coefficients
is that they are less prone to problems of failing to distinguish graphs due to cospectrality
of the Laplacian or the adjacency matrix. This is due to the fact that the Ihara coefficients
and backtrackless walks are based on the adjacency matrix of the oriented line graph, which
is closely akin to the discrete time quantum walk on a graph [56]. We have experimentally
shown that the Ihara coefficients and backtrackless walks can distinguish graphs which
are cospectral with respect to their adjacency matrices as well as the adjacency matrices

of their complements. On the other hand, random walks cannot distinguish such graphs.

The second part of the thesis discusses the geometric graphs and their applications in
machine learning and three-dimensional computer vision. A geometric graph is a graph
with a geometric realization that assigns real interval to every edge of the graph. Func-
tions may therefore exist both at the vertices and on the interior of edges. This results

in two part Laplacian, i.e., vertex-based Laplacian and edge-based Laplacian. One of our
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contributions in this thesis is that we have established methods to explicitly compute the
eigenfunctions of the edge-based Laplacian of the graph. This revealed a connection be-
tween the eigenpairs of the edge-based Laplacian of the graph with both the random walks
and backtrackless walks on the graph. The eigenfunctions of the edge-based Laplacian of a
graph are of two types, vertex-supported eigenfunctions and edge-interior eigenfunctions.
We have shown that the vertex-supported eigenfunctions are related to the eigenvectors of
the line graph, while the edge-interior eigenfunctions are related to the certain eigenvectors

of the oriented line graph.

Once the complete set of eigenfunctions of the edge-based Laplacian is known, we can
use it to implement other complex partial differential equations on a graph that would have
no meaning if defined using the traditional vertex-based Laplacian. Our next contribution
is to define a wave equation on the graph using the edge-based Laplacian and using its
solution to define a robust signature, called the global wave packet signature (GWPS),
for both weighted and unweighted graphs. The GWPS is defined using the amplitudes
of a travelling wave on different edges of the graph. We have conducted experiments on
both weighted and unweighted graphs. For each method we have made an experimental
comparison with the alternative methods. Experimental results show the effectiveness of

the GWPS.

Our final contribution in this thesis is to develop methods based on the edge-based
Laplacian of a mesh for the three-dimensional shape analysis. One of our novel contri-
butions is to define an adjacency matrix of the mesh that approximates the bounding
surface of the three-dimensional shape. The adjacency matrix is defined using the cotan-
gent scheme and area around each vertex of a mesh and it captures both the geometric and
topological properties of the shape. Our second contribution is to define pose invariant
shape signature using the edge-based heat equation which is defined using the edge-based
eigenpairs computed from the proposed adjacency matrix. This is called the edge-based
heat kernel signature (EHKS) and it can be used for characterizing points on the surface
of a three-dimensional shape. The EHKS is robust under different shape deformations
and therefore it can be used for correspondence matching between deformed shapes. It
can also be used to find meaningful parts of a three-dimensional shape and is invariant
under bilateral symmetries. Our final contribution in this chapter was to define a global
signature, called the global edge-based heat kernel signature (GEHKS). The GEHKS is

defined by binning the local EHKS, and it can be used for shape classification and shape
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retrieval. We have performed numerous experiments to demonstrate the applications of
the proposed signatures for the purpose of shape segmentation, shape matching, and shape

classification.

8.2 Limitations and future work

Although the methods proposed in this thesis outperform the state-of-the-art methods,
there are some limitations with the proposed methods. In this section we discuss some of
the limitations and possible approaches for future directions of research.

The advantage of using backtrackless walks or Ihara coefficients over random walks
is that they reduce tottering which gives a richer representation of the graph structure.
However, although the problem of tottering is reduced, it is not completely avoided. This
is because the walks of higher length or high order Ihara coefficients may introduce some
noise in the structural representation of the graph. For example, a backtrackless walk
of length 6 might correspond to a random walk on six different edges of a graph or a
random walk on a triangle that traverses the triangle twice. For this reason high order
backtrackless walks and high order Thara coefficients are not suitable to distinguish graphs.
One possible approach to further reduce this problem is to look at the coefficients of the
Bartholdi zeta function, which is a generalization of the Ihara zeta function that keeps
track of the number of “bumps” (or the number of times a walk totters). Other directions
are to look at the coefficients of path zeta function and edge zeta function to compute
more interesting invariants for graph representation.

Another advantage of backtrackless walks and Ihara coefficients over random walks
is that they are more powerful in distinguishing non-isomorphic cospectral graphs. We
have demonstrated that backtrackless walks and IThara coefficients can distinguish non-
isomorphic graphs, which are cospectral with respect to their adjacency matrices as well
as the adjacency matrices of their complements. However, backtrackless walks or Ihara
coefficients cannot distinguish strongly regular cospectral graphs. Emms et al. [20] have
conjectured that such graphs can be distinguished by quantum walks on graphs. It is
worth trying to see if we can extract invariants from the Bartholdi zeta function or the
edge zeta function that can be used to distinguish such graphs.

Since the feature vector composed of Thara coefficients uses low order Thara coefficients
to reduce the problem of tottering, it can fail to distinguish cyclic graphs that contain

cycles of higher length only. For example if the girth of a graph is r, and we are using
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a feature vector whose length is k, where & < r, then the feature vector will contain all
zeros. The problem can be reduced by selecting a proper weighting constant and carefully
selecting the length of the feature vector. However, if the graph contains cycles of mixed
lengths, the feature vector composed of the Ihara coefficients might fail. It might be
interesting to adopt a more sophisticated strategy to select the feature vector length and

the weight associated with each component of the feature vector.

For our work related to backtrackless walks and Ihara coefficients, we need to develop
more general framework that can be used to characterize a large families of graphs. One
of the limitations of the work presented in this thesis is that we have proposed different
invariants for different types of graphs. We have used the Ihara coefficients to characterize
a graph when it represents a cyclic structure. Examples of such graphs are Delaunay trian-
gulations. Since the Thara coefficients do not apply to hierarchical structures (like trees),
we propose to use backtrackless walks for graphs where branches are present. Examples
of such graphs are graphs extracted from chemical compounds. However, some classes of
graphs exhibit both kinds of structures. For example the relative neighbourhood graph,
which is a subset of Delaunay triangulation, exhibits a cyclic structure with some branches
present. Another possible future direction is to combine these two invariants in an inter-
esting way and to find a single feature vector that keeps track of both the cyclic structure
of the graph and the number of tree like structures in the graph. Such feature vectors
can be used to characterize a large family of graphs, including the graphs that have many

cycles and branches.

Although graph invariants defined using the edge-based Laplacian improve the accu-
racy of the traditional methods, one of the drawbacks of such invariants is that it requires
us to find the eigenfunctions of the oriented line graph of the original graphs. The size
of the oriented line graphs is 2|E|, where |E| represents the number of the edges in the
graph. Therefore the time required to compute the edge-interior eigenfunctions is O(|E|3).
Hence, if the graph is dense, the computation of the edge-based Laplacian can be expen-
sive. We have already proposed methods in this thesis that computes graph kernels based
on backtrackless walks and Thara coefficients in O(|V'|3) worst-case time that do not re-
quire us to convert the graph into oriented line graph. It is worth trying to see if we
can develop methods for efficiently computing edge-interior eigenfunctions of the graph

directly, without transforming the graph into the oriented line graph.

One of the limitations of the work presented in this thesis about the analysis of the
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edge-based Laplacian is that it is limited to the case where edge lengths are assumed to be
uniform. It might be interesting to extend the work to the graphs where the edge lengths
may vary.

Finally, the methodologies developed in this thesis can be explored in various research
areas such as biological networks, social networks and complex systems. Furthermore, the
definition of edge-based Laplacian allows us to define other complex partial differential

equations on graphs that have close meaning to equations in analysis.
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Set of graphs

Graph

Vertex set of a simple graph

Edge set of a simple graph

Directed graph

Symmetric directed graph

Line graph of a graph

Oriented line graph of a graph

Product graph of two graphs

vertex set of the product graph

Edge set of the product graph

Graph that excludes the boundary vertices and edges that are incident
with the boundary vertices

Vertex set of G

Edge set of G

Adjacency matrix of a graph

Row-normalized adjacency matrix of a graph

Laplacian matrix of a graph

Perron-Frobenius operator (adjacency matrix of the oriented line graph)
Adjacency matrix of the line graph

Matrix whose (u,v)" entry gives the number of backtrackless walks of

length k starting at vertex u and ending at vertex v
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Ihara zeta function of a graph G

Equivalence classes of prime cycles

Number of prime cycles of length m

Partial Bell polynomial

Complete Bell polynomial

n** Thara coefficient

Pattern vector composed of backtrackless walks
Pattern vector composed of random walks

Pattern vector composed of Thara coefficients

Graph kernel

weight assigned to pattern vectors and graph kernels
Geometric graph

Boundary of graph

Edge-based Laplacian

Vertex-based Laplacian

Outward-pointing unit vector along edge e at vertex v
Vertex measure

Edge measure

Standard edge coordinate

Eigenvalue of the vertex-based Laplacian

Eigenvector of the vertex-based Laplacian

Square root of the eigenvalue of the edge-based Laplacian

Eigenfunction of the edge-based Laplacian



Abbreviations

EHKS Edge-based heat kernel signature
GEHKS Global edge-based heat kernel signature
HKS Heat kernel signature

GHKS Global heat kernel signature

WKS Wave kernel signature

GWKS Global wave kernel signature

GPS Global point signature

EGPS Edge-based global point signature
WPS Gaussian wave packet signature

GWPS Global gaussian wave packet signature
RW Random walk

BW Backtrackless walk

IC Thara coefficient (The coefficient of the reciprocal of the Ihara zeta function)
PCA Principal component analysis

MDS Multidimensional scaling

SE Standard error

md2 Graph where the degree of each vertex is at least 2
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DT
GG
RNG
COIL

Mutag

Delaunay triangulation
Gabriel graphs

Relative neighbourhood graphs
Columbia object image library

Mutagenicity
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