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Abstract

This thesis addresses the problems in structural learning, particularly focusing on struc-
tural characterization and matching. To this end, we present an approach named lhara
coefficients, which is capable of characterizing structures of varying order into pattern
space related to prime cycles. Furthermore, we develop a matching agorithm for es-
tablishing correspondences between structures by conducting dominant cluster analysis
(DCA) on adirect product hypergraph (DPH) .

In Chapter 3 we describe how to extract characteristics from the lhara zeta function
for the purpose of clustering graphs. The novel contributions of this chapter are twofold.
First, we demonstrate how to characterize unweighted graphs in a permutation invariant
manner using the polynomial coefficients from the Ihara zeta function, i.e. the Ihara co-
efficients. Second, we generalize the definition of the I hara coefficients to edge-weighted
graphs. For an unweighted graph, the |hara zeta function is the reciprocal of aquas char-
acteristic polynomial of the adjacency matrix of the associated oriented line graph. Since
the Ihara zeta function has poles which giverise to infinities, the most convenient numeri-
cally stable representation isto work with the coefficients of the quasi characteristic poly-
nomial. Moreover, the polynomial coefficients are invariant to vertex order permutations
and also convey information concerning the cycle structure of the graph. To generalize
the representation to edge-weighted graphs we make use of the reduced Bartholdi zeta
function. We prove that the computation of the Ihara coefficients for unweighted graphs
isaspecial case of our proposed method for unit edge-weights. We also present a spectral
analysis of the lhara coefficients and indicate their advantages over other graph spectral
methods. We apply the proposed graph characterization method to capturing graph-class
structure and clustering graphs. Experimental results reveal that the Ihara coefficients are

more effective than methods based on L aplacian spectra.



In Chapter 4 we aim to seek a compact characterization of nonuniform unweighted
hypergraphs for the purposes of clustering. To this end, we develop a polynomial charac-
terization for hypergraphs based on the Ihara zeta function. We investigate the flexibility
of the polynomial coefficients for learning relational structures with different relational
orders. Furthermore, we develop an efficient method for computing the coefficient set.
Our representation for hypergraphs takes into account not only the vertex connections
but also the hyperedge cardinalities, and thus can distinguish different relational orders,
whichisproneto ambiguity if the hypergraph Laplacianisused. In our experimental eval-
uation, we demonstrate the effectiveness of the proposed characterization for clustering
nonuniform unweighted hypergraphs and its advantages over the spectral characterization
of the hypergraph Laplacian.

In addition to the flexibl e characterization a gorithms devel oped based on the Ihara co-
efficients, we present a novel structural matching algorithm in Chapter 5. This agorithm
can be used both for pairwise matching and higher order matching. We formulate the
problem of high order structural matching by applying dominant cluster analysis (DCA)
to adirect product hypergraph (DPH) (essentially the extension of the association graph
idea to hypergraphs). For brevity we refer to the resulting algorithm as DPH-DCA. The
starting point for our method isto construct a K -uniform direct product hypergraph for the
two sets of higher-order features to be matched. Each vertex in the direct product hyper-
graph represents a potential correspondence and the weight on each hyperedge represents
the agreement between two K -tuples drawn from the two feature sets. Vertices represent-
ing correct assignments tend to form a strongly intra-connected cluster, i.e. a dominant
cluster. We evaluate the association of each vertex belonging to the dominant cluster by
maximizing an objective function which maintains the K -tuple agreements. The poten-
tial correspondences with non-zero association weights are more likely to belong to the
dominant cluster than the remaining zero-weighted ones. They are thus selected as correct

matchings subj ect to the one-to-one correspondence constraint. Furthermore, we present a



route to improving the matching accuracy by invoking prior knowledge and show how the
available outliers can be rejected to avoid contextual ambiguity. The effectiveness of the
overall DPH-DCA framework can aso be justified in terms of evolutionary game theory,
and we hereby observe that the optimal solution obtained by DPH-DCA achieves a Nash
equilibrium subject to the Karush-Kuhn-Tucker (KK T) conditions. An experimental eval-
uation shows that our method outperforms several state-of-the-art higher order structural
matching methods both in terms of immunity to additive noise and robustnessto outliers.

All the methods presented in this thesis will allow themselves to be applied to both
pairwise and higher order relational patterns, and thus provide a route to addressing the

structural characterization and matching problems by invoking multiple relationships.
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Chapter 1

| ntroduction

In this chapter we provide an introduction and motivation for the research work presented
in this thesis, explaining why we are interested in structural characterization and match-
ing. We commence by introducing the problems encountered in learning with structured
data. Then we briefly describe the possible alternative approaches to these problems, fol-
lowed by our research goals and contributions. Finally, an outline of the thesisis provided

at the end of this chapter.

1.1 TheProblems

Structured data have been widely used for representing relational patterns. Pattern anal-
ysis tasks involving trees, graphs and hypergraphs arise in a number of domains such as
natural language processing, proteomics/chemoinformatics, data mining, computer vision
and complex systems.

In computer vision graph-structures are widely used to abstract image structure. Fur-
thermore, to capture the multiple relationships between visual features, hypergraphs have
been exploited as a more sophisticated representation for image abstraction. The first

steps in extracting (hyper)graph structures from images are those of segmentation and



perceptual grouping. However, the algorithms used to segment the image primitives are
not reliable. As aresult there are both additional and missing vertices in these extracted
graphs due to segmentation errors and variations arise accordingly. Thus, structural learn-
ing methods, which are capable of capturing the variations both between and within dif-
ferent classes of structures, are needed.

However, learning with (hyper)graphs is difficult. One important reason is that (hy-
per)graphs are not vectors and hence can not be easily summarized. This renders the
problem of characterizing the mean and covariance of structure categoriesin their origi-
nal formsintractable. Moreover, there is no natural ordering of vertices and (hyper)edges
and specia algorithms are needed to establish correspondences. Due to these difficulties,
relatively little methodology is available straightforwardly for learning with (hyper)graph
structures. In particular, vectorial methods from statistical machine learning can not be
easily applied to the structured data, since there is no canonical ordering of the verticesin
a (hyper)graph.

There are several approaches to coping with the difficulties that arise in learning with
structural patterns. One possible route is to work with permutation invariant graph char-
acteristics that relate to the topological structure, such as vertex number, edge number,
and (hyper)graph radius and perimeter. Alternative features that can be used to establish
pattern vectors include (hyper)graph spectraand (hyper)graph polynomial characteristics.
By characterizing (hyper)graphs using these features, we can embed (hyper)graphsin a
vector space and manipulate them as point patterns. We can characterize structural vari-
ations in terms of statistical variations across the point patterns. Furthermore, we can
measure (dis)similarities between a pair of (hyper)graphs by computing the feature dis-
tance between vectorial representations for the (hyper)graphs, and then perform pairwise
clustering or embed sets of (hyper)graphsin a vector space using multi-dimensional scal-
ing on the (dis)similarities.

Another possible method for overcoming the difficultiesin (hyper)graph based learn-



ing is to establish a mapping between two vertex sets. This family of methods takes
advantage of the likelihood that particular vertices and (hyper)edges co-occur and estab-
lishes correspondences between vertices of two structures. The matching strategy can
be applied to learning modes of structural variation within a (hyper)graph class. Further-
more, the matching methods also play an important rolein constructing generative models
for graphs, because vertex correspondences are required as a prerequisite in learning the
model and the model inference.

Structural characterization and matching are both approaches to addressing the diffi-
cultiesin learning with structured data. However, the most exiting methods are confined
to pairwise graphs and do not lend themselves to higher order relationship patterns, i.e.
hypergraphs. Therefore, characterization and matching methods availablefor higher order

relationships have been alongstanding quest in structural pattern recognition.

1.2 Our Goals

The overall goa of this thesisis to develop novel methods addressing the problems en-
countered in structural learning. Specifically,

1) We aim to establish a novel vectorial representation for graphs to which statistical
learning methods can be applied. In particular, we will explore the Ihara zeta function,
whichisgoverned by the cyclefrequencies of agraph. Based on the lhara zetafunction we
will develop novel graph characterization methods incorporating topological properties,
spectral features and polynomial characteristics of graphs. Furthermore, we will develop
amethod to extend the representation from unweighted graphs to edge-weighted graphs.

i) We aim to make a polynomial analysis of hypergraphs by using the Ihara zeta func-
tion, to establish a novel hypergraph characterization method. We will show how to rep-
resent a hypergraph by using a colored oriented line graph in the Ihara zeta function. We

will demonstrate the effectiveness of the new representation in avoiding order ambigui-



tiesof the hypergraph Laplacian. Additionally, we will devel op an efficient computational
method that renders the computation of the new representation tractable in practice.

i) We aim to develop a novel method for high order structural matching. Our strat-
egy is to cast the high order matching problem into that of high order clustering. We
will show how to establish correct correspondences by clustering verticesin a hypergraph
constructed on the two sets of features with high order relationshipsto be matched. Addi-
tionaly, we will provide a route to making use of prior knowledge of outliersto improve

the matching performance.

1.3 Contributions

To achieve the research goals described in Section 1.2, we make the following specific

contributions;

1.3.1 Graph Characterization Based on the I hara Coefficients

We develop a new framework for characterizing graphs using features based on the lhara
zeta function. In its origina form the Ihara zeta function is defined over the prime cy-
cles of a graph and has poles corresponding to the lengths of the prime cycles. Hence,
if we attempt to sample the Ihara zeta function to obtain a characterization, we will en-
counter numerical instabilities due to the associated infinities. However, since the Ihara
zetafunction is determined by the cycle frequenciesin a graph, there should be a number
of alternative numerically stable representations upon which we can draw. The [hara zeta
function isthe reciprocal of the quasi characteristic polynomial of an oriented line graph.
We therefore make use of the coefficients of the polynomial, i.e. the Ihara coefficients, as
our features. The lhara coefficients are determined by the cycle frequencies in the graph,
and not only avoid the danger of infinities, but are also permutation invariants.

Unfortunately, the Ihara zeta function is only defined for unweighted graphs and can



not be applied to edge-weighted graphs. The reasons for this are twofold: first, when we
encounter weighted edges, the cycle lengths are determined not only by the numbers of
connected edges, but also by their cumulative weights; second, the determinant expression
for the Ihara zeta function is determined by integer prime cycle lengths, and can not be
easily generalized to weighted path length. To overcome these problems, we develop
a novel method for computing the Ihara coefficients for edge-weighted graphs. Thisis
effected by generalizing the determinant form of the Ihara zeta function using a reduced
Bartholdi zeta function. We demonstrate that the computation of the Ihara coefficients
for unweighted graphs is a special case of our proposed method for graphs of unit edge-
weight. In this way we can accommodate both unweighted and edge-weighted graphs,
and make the proposed approach a flexible method for both cases.

1.3.2 Polynomial Analysisof Hypergraphs Based on the I hara Coef-
ficients

We propose to use the Ihara zeta function for hypergraph characterization. To demon-
strate the effectiveness of the Ihara zeta function, we first explain the shortcomings of
the spectral methods for representing nonuniform unweighted hypergraphs theoretically
and then present our proposed method to address it. Unlike the method introduced in
[1] and those reviewed in [2], we do not establish graph approximations based on the
original vertex set of a hypergraph. Instead we transform the hypergraph into a colored
oriented line graph, in which the vertex set includes information concerning the relational
orders of the original hypergraph vertices. This avoids attaching a weight to the hyper-
edge when it is unnecessary. Our characterization isbased on the determinant form of the
Ihara zeta function. In thisway, we provide a matrix representation that naturally avoids
the order ambiguity which might occur when the hypergraph Laplacian is used. Asso-
ciated with the determinant is a set of characteristic polynomial coefficients which are

referred to as the Ihara coefficients and constitute our representation for the hypergraph.

5



It is the discriminative ability that readily makes the I hara coefficients a flexible method
for distinguishing high order structures. Furthermore, we develop an efficient method for
computing the hypergraph Ihara coefficients, which renders the computation of the coeffi-
cientstractable. We apply the proposed characterization method to clustering hypergraphs
extracted from images of different object views and demonstrate their superiority to the

hypergraph Laplacian and the normalized hypergraph Laplacian.

1.3.3 High Order Structural Matching Based on DPH-DCA

We develop a novel framework for high order matching based on dominant cluster anal-
ysis (DCA) on adirect product hypergraph (DPH). For brevity we refer to the framework
as DPH-DCA. The idea is motivated by the concept of main cluster for graph matching
[50] and its generalization for higher order matching [28]. However, we use a different
algorithm to extract the dominant cluster, which not only outperforms the state-of-the-
art methods but also satisfies basic probabilistic properties. Furthermore, we present a
method for incorporating prior knowledge regarding outliers into our framework using a
specific initiaization. Thisimproves the matching performance of our method and com-
parable results can not be achieved by using alternative high order matching algorithms
[28][110]. We also justify the effectiveness of the DPH-DCA framework in terms of evo-
lutionary game theory. The theoretical contribution here is the novel framework for high
order matching in terms of clustering and its game theoretic interpretation. Furthermore,
the proposed method also provides a route for a comprehensive understanding of the re-
lationship between high order cluster and matching. The practical contribution is that
our method outperforms the state-of-the-art high order matching methods in the practical

experiments.



1.4 ThesisOutline

The rest of the thesis is organized as follows: Chapter 2 reviews the research literature
on structural characterization and matching; Chapter 3 presents a graph characterization
method based on the lhara coefficients;, Chapter 4 introduces a polynomia analysis of
hypergraphs based on the Ihara coefficients; Chapter 5 describes a hypergraph matching
method based on DPH-DCA; Chapter 6 concludes the work in this thesis and points out
possibledirectionsfor futureresearch. Additionally, Appendix A presentsthe relationship
between the discrete-time quantum walks and the Ihara zeta function, which provides a

new perspective on the research of the lhara zeta function.



Chapter 2

Literature Review

Graphs and hypergraphs areimportant representationsfor structured datain pattern recog-
nition. One aim of thisthesisis to develop learning methods that can effectively charac-
terize or match high order structures. In the light of this aim, we commence in Section
2.1 by reviewing fundamental graph characteristics along with zeta functions as a more
sophisticated graph representation. Additionally, in this section we explain our motivation
for conducting structural characterization using the Ihara zeta function. We then review
the graph-based |earning methods in Section 2.2, followed by an overview of hypergraph
representation for structural pattern recognition in Section 2.3. Finaly, we review the
research literature on the structural matching in Section 2.4, in which we aso describe
the shortcomings of existing methods which motivate our novel framework for high order

matching.

2.1 Graph Characteristicsand Zeta Functions

Various statistical methods are available for learning patterns represented by vectors.
However, these statistical methods are not suitablefor structured data such astrees, graphs

and hypergraphs. Thisis because structural patterns can not be easily converted into vec-



tors, and the difficulties arise in several aspects. First, thereis no natural ordering for the
vertices in an unlabeled structure, and thisisin contrast to vector components that have
a natural order. Second, the variation within a particular graph class may result in sub-
tle changes in structures of individual graphs. This may involve different vertex set and
edge set cardinalities for graphs drawn from the same class. Moreover, subspaces (e.g.
eigenspaces) spanned by the matrix representations of graphs with different vertex set
cardinalities are of different dimensions, and thus pattern vectorsresiding in the resulting
subspaces would be of different lengths. All these difficulties need to be addressed if we
want to apply the existing statistical methods to learning with structural patterns.

The task of structural characterization isto characterize classes of structural patterns
into afeature space where statistical learning methods can be readily applied. To thisend,
the key issue is to extract from structural patterns a set of characteristics which not only
exactly describe the individual structures but also capture the variations between/within
the structure classes. In this regard, the most straightforward characteristics for graphs
are thetopological properties, such asvertex set cardinality, edge density, graph perimeter
and volume [58]. Furthermore, by measuring the topological difference between graphs,
graph edit distance can be neatly defined [76]. Bunke et al. [68][69][32] embed graphs
into a feature space by using kernel strategies which adopt edit distance as a similarity
measure. Within such graph characterization frameworks, graphs can be easily classified
by using statistical learning approaches such as SVM. Although the topological features
have a straightforward meaning concerning the structures, they are hard to enumerate
for objects with a considerable size. The computational complexity for edit distance is
exponential to the cardinality of the vertex set and is usually computationally prohibitive
in practice, unless approximations are made subject to certain constraints [68]. These
shortcomings limit the direct use of topological properties for the purpose of structural
characterization.

Another approach to graph characterization is to extract aternative vertex permuta-



tion invariant characteristics straightforwardly from the matrix representations of graphs.
Here the initial matrix representation M can be based either on the adjacency matrix, the
Laplacian matrix or the signless Laplacian [26]. The definition of the adjacency matrix A
foragraph G(V, F) isasfollows

Ay = (2.1)

w(u,v) if{u,v} € E;
{ 0 otherwise;
where w(u, v) isthe weight attached to the edge {u, v}. For an unweighted graph, w(u, v)
is1 if thereis an edge between vertices . and v. The degree of avertex u € V, denoted
by d(u), is defined as

d(u) = Z w(u,v). (2.2

vi{v,uleR

For an unweighted graph, the degree of avertex issimply the number of vertices adja-
centtoit. Foragraph G(V, E) with|V| = N, thematrix D = diag(d(v1), d(vs), . .., d(vy)),
with the vertex degrees on the diagonal and zeros elsewhere is referred to as the degree
matrix.

The Laplacian matrix L of agraph G(V, E) isdefined asL = A — D, with entries

W(u,v) if{u,v} € E;
Ly, = —d(u) if u=uv; (2.3)
0 otherwise.

The matrix representation can be characterized using its eigenvalues sp(M) and eign-
evectors (i.e. using spectral graph theory). For instance, Luo, Wilson and Hancock [58]
have made use of graph spectra to construct a set of handcrafted permutation invariant
spectral features for the purpose of clustering graphs. Kondor et al. [47] have presented
an approach to extracting the skew spectrum from the adjacency matrix of a graph up
to a combinatorial transformation, and incorporated it into SVM kernels for the classifi-

cation of chemical molecules. Furthermore, the same authors have refined their spectral
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method by considering the number aswell as the position of labeled subgraphsin agiven
graph [48]. Though the spectral features appear to be less related to graph topology than
the straightforward topological characteristics, the Laplacian spectra give a competitive
performance in clustering graphs over various aternative methods [103].

For the graph matrix representation M, the coefficients of its characteristic polynomial
det(Al — M) can also be taken as graph characteristics. These coefficients are closely re-
lated to the eigenvalues of M, i.e. the graph spectrum. Brooks [12] has generalized
the computation of the coefficients of the characteristic polynomial using three different
methods. Hisfirst method is to express the coefficients in terms of the eigenvalues of the
matrix representation, his second method uses the relationship between the coefficients
and the kth derivative of the associated determinant, and the third method is a brute force
method using matrix elements. Thus, it isclear that the eigenval ue-based and polynomial-
based approaches are closely related to each other and can lead to a number of practical
graph characterizations. In thisregard, pioneering research can be found in Wilson, Han-
cock and Luo's work [102] which shows how to extract a rich family of permutation
invariants from a graph by applying elementary symmetric polynomials to the elements
of the spectral matrix derived from the Laplacian matrix .

An dternative possible characterization method that has received relatively little at-
tention in the computer vision and pattern recognition community is provided by the zeta
functions. In number theory, the Riemann zeta function is determined by the locations
of the prime numbers. Bai, Wilson and Hancock [4] have explored the use of a modified
version of the Riemann zeta function as a means of characterizing the shape of the heat
kernel trace of a graph. They have also shown that the derivative of the zeta function at
the originisrelated to the determinant of the Laplacian matrix. Another natural extension
of the Riemann zeta function from prime numbers to graphs is the Ihara zeta function.
The Ihara zeta function is determined by the set of prime cycles on a graph, and is de-
tailled in [44] and [45]. Hashimoto [40] subsequently deduced explicit factorizations for
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bi-regular bipartite graphs. Bass [7] has generalized Hashimoto’s factorization to all fi-
nite graphs. Stark and Terras [88][89][90] have published a series of articles on the topic.
They commence by presenting a survey of the Ihara zetafunction and its properties. Their
novel contribution isto generalize the Ihara zeta function to devel op edge and path based
variants. Recently, Storm has further developed and refined the lhara zeta function for
hypergraphs [91].

The Ihara zeta function draws on the reciprocal of a polynomial associated with a
graph and is hence akin to methods from algebraic graph theory. However, it aso re-
lies upon a graph transformation. This is an interesting observation since the quest for
improved alternatives to the adjacency and Laplacian matrices has been a longstanding
quest in spectral graph theory. Recently, the signless Laplacian (i.e. the degree matrix
plus the adjacency matrix) has been suggested. However, Emms et al. [31] have recently
shown that a unitary matrix characterization of the oriented line graph can be used to re-
duce or even completely lift the cospectrality of certain classes of graph, including trees
and strongly regular graphs. This pointsto the fact that one potentially profitable route to
improving methods from spectral graph theory may reside in graph transformation.

Although the lhara zeta function have been widely investigated in the mathematics
literature, it has received little attention as a means of characterizing graphs in machine
learning. Furthermore, to be rendered tractable for real world problemsin pattern recog-
nition, the issue of how to generate stable pattern vectors from the Ihara zeta function
must be addressed. Zhao et al. [111] have recently used Savchenko’s formulation of the
zetafunction [ 78], expressed in terms of cycles, to generate merge weights for clustering
over a graph-based representation of pairwise smilarity data. Their formulation is based
on arepresentation of oriented line graphs, which is an intermediate step in the devel op-
ment of the Ihara zeta function studied in this work. Watanabe et al. [99] have presented
an approach to the analysis of Loopy Belief Propagation (LBP) by establishing aformula

that connects the Hessian of the Bethe free energy with the edge Ihara zeta function.
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A substantial part of thisthesisis concerned with the Ihara zeta function. The motiva-
tionfor usto explorethelharazetafunction for structural characterizationistwofold: first,
the Ihara zeta function is determined by cycle frequencies, and thus capable of reflecting
graph topologies; second, the Ihara zeta function can be expressed in a polynomial form
of a transformed graph such that certain polynomia and spectral analysis can be done
based on it. These properties of the Ihara zeta function allow it to naturally incorporate
topologies, spectra and polynomials into a unifying representation, and thus enable it to

have the potential to result in arich family of structural characteristics.

2.2 Graph Representationsfor Pattern Recognition

This section reviews the various graph representations used in pattern recognition, not
restricted to graph characterization. Graph-based methods are widely used in solving
problemsin computer vision and pattern recognition at different levels of feature abstrac-
tion. Early work related to graph-based representations focuses on identifying subgraph
isomorphism [94] or measuring edit distance [76] for the purpose of structura pattern
recognition. These methods enumerate the node attributes to obtain an optimal solution
to certain cost functions. Therefore, graphs are not characterized in a mathematically
consistent way by using these methods. However, this shortcoming can be overcome by
adopting graph spectral methods [22] for graph characterization. In addition to repre-
senting graphs in terms of vertex set and edge set, another graph representation used in
spectral graph theory is adjacency matrix or Laplacian matrix. Each entry of the matrix is
associated with the pairwise relationship between two vertices, and the indices of the en-
try represent labels for the two vertices. By using the matrix representations, graphs can
be processed in a computationally efficient and consistent way, because existing comput-
ing algorithms for matrices can be straightforwardly applied to graphs. Therefore, many
statistical pattern recognition algorithms can directly work on graph-based data once the

13



matrix representations are established. One good example is to formul ate the problem of
clustering as that of computing the principal eigenvector of the normalized affinity matrix
for agraph [100]. Furthermore, Zass et al. [109] have shown how to provide a probabilis-
tic interpretation for this formulation by developing a completely positive factorization
scheme. On the other hand, Shi et al. have [87] presented a method based on the normal-
ized Laplacian matrix rather than the normalized affinity matrix. Their method isreferred
to asnormalized cut becauseit is capable of balancing the cut and the association. Robles-
Kelly et al. [70] have introduced a probabilistic framework based on a Bernoulli model
which adopts EM algorithm for extracting the leading eigenvector as the cluster mem-
bership indicators. Pavan et al. [64] have formulated the problem of pairwise clustering
as that of extracting the dominant set of vertices from a graph. Based on this notation,
Rota-Bulo et al. have devel oped game-theoretic approaches to partial clique enumeration
[74] and hypergraph clustering [73]. Qiu et al. [65] have characterized the random walk
on a graph using the commute time between vertices and proved that the commute time
matrix is a more robust measure of the proximity of data than the raw proximity matrix.
Behmo et al. [9] have exploited the formulation based on commute times as a manner
of image representation. Furthermore, some researchers have investigated the problem of
graph based learning by incorporating the path-based information between vertices as a
replacement of pairwise similarity. Representative work includes Path-Based Clustering
[33] and the sum-over-paths covariance kernel [59].

Different from clustering graph vertices, the research on graph embedding aims to
seek alow dimensional coordinates for the vertices. Thisis often conducted in amanifold
learning scenario, where certain local features of the manifold underlying the original
data are preserved. Based on a similar notion to normalized cut, Belkin et al. [8] have
presented a graph embedding framework called L aplacian eigenmaps for dimensionality
reduction. Other notable manifold learning methodsinclude ISOMAP [92] and LLE [75].

These manifold learning methods adopt different cost functions and thus result in differ-

14



ent local structure preservations. Recently, Yan et al. [105] have generalized traditional
embedding methods such as PCA by using a graph embedding framework and extended it
into non-negative versions [107][98][55]. Shaw et al. [85] have introduced an embedding
strategy which preserves the global topological properties of an input graph.

A preliminary step for all these graph-based methods (both for clustering and em-
bedding) is to establish a graph over the training data. Data samples are represented
as vertices of the graph and the edges represent the pairwise relationships between them.
The methodsfor establishing agraph and measuring vertex similarities (i.e. edge weights)
have a great influence on the subsequent graph-based learning algorithms. Therefore, the
process of graph construction has recently attracted much research interest [60][27][46]
asit remainsonly partially solved.

In addition to representing the pairwise relationship within a training data set (i.e.
normalized cut, ISOMAP and LLE), graph-based methods also play an important role in
learning with structured data. Problems of this kind arise when training data are not rep-
resented in vectors but in terms of relational structures such as trees and graphs. In this
case, learning a gorithms which admit structured data are needed. For example, the prob-
lem of discovering shape and object categoriesis frequently posed as one of clustering a
set of graphs. Thisisan important process since it can be used to organize large databases
of graphsin amanner that renders retrieval efficiency [80].

The strategies for learning with structured data can be roughly classified into two cat-
egories. The first is the graph characterization methods reviewed in Section 2.1. The
second is to devel op specific learning algorithms which admit individual graphs or trees
asinput. For the second category, a similarity between structured data samplesis defined
and traditional learning schemes are applied based on the pairwise similarities between
structured data samples. For example, graph similarities can be computed by using tree or
graph edit distance and structured objects are assigned to classes using pairwise clustering

[15][93]. However, the use of pairwise similarities alone is arather crude way to capture
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the modes of variation present in graphs of a particular class. Moreover, it requires the
computation of vertex correspondences which is sometimes an unreliable process. The
graph kernels [66][97] overcome this problem to a certain degree by naturally incorporat-
ing vertex correspondences into the process of learning. Thisis effected by the learning
process in which every pair of vertices drawn separately from two graphs are compared
to obtain an entry of the kernel matrix. However, the process of vertex enumeration gives
rise to computational inefficiency. Although fast computational scheme [86] has recently
been proposed, these methods still undergo heavy computational overheads. In contrast
to the graph kernel strategies, graph characterization methods would be more efficient if
pattern vectors are suitably established, because it avoids enumerating the comparisons

between every pair of vertices.

2.3 Hypergraph Representationsfor Pattern Recognition

There has recently been an increasing interest in hypergraph-based methods for repre-
senting and processing structures where the relations present are not smply pairwise.
The main reason for thistrend is that hypergraph representations allow verticesto be mul-
tiply connected by hyperedges and can hence capture multiple rel ationships between fea-
tures. Due to their effectiveness in representing multiple relationships, hypergraph-based
methods have been applied to various practical problems such as partitioning netlists [38]
and clustering categorial data [34]. For visual processing, to the best of our knowledge,
the first attempt at representing visual objects using hypergraphs dates back to Wong et
al.’s [104] framework for 3D object recognition. In this work a 3D object model based
on a hypergraph representation is constructed, and this encodes the geometric and shape
information with polyhedrons as vertices and hyperedges. Object synthesis and recogni-
tion tasks are performed by merging and partitioning the vertex and hyperedge set. The
method is realized using set operations and the hypergraphs are not characterized in a
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mathematically consistent way. Later, Bretto et al. [11] introduced a hypergraph model
for image representation, where they successfully and simultaneously solved the prob-
lems of image segmentation, noise reduction and edge detection. However, their method
also relies on a crude form of set manipulation. Agarwal et al. [1] have performed visual
clustering by partitioning a weighted graph transformed from the original hypergraph by
aweighted sum of its hyperedges into the graph edge. Recently, Rota-Bulo et al. [72]
have established a hypergraph model for estimating affine parametersin vision problems.
Bunke et al. [14] have devel oped a hypergraph matching algorithm for object recognition,
where consistency checks are conducted on hyperedges. The computational paradigm un-
derlying their method is based on tree search operations. Zass et al.[110] and Duchenne
et al.[28] have separately applied high-degree affinity arrays (i.e. tensors) to formulat-
ing hypergraph matching problems up to different cost functions. Both methods address
the matching process in an algebraic manner but must undergo intractable computational
overheads if hyperedges are not suitably sampled. Shashua et al. [83][84] have per-
formed visual clustering by adopting tensors for representing uniform hypergraphs (i.e.
those for which the hyperedges have identical cardinality) extracted from images and
videos. Their work have been complemented by He et al.’s [43] algorithm for detecting
number of clusters in tensor-based framework. Similar methods include those described
in [36][18][19][20][ 73], in which tensors (uniform hypergraphs) have been used to repre-
sent the multiple relationships between objects. Additionally, tensors have recently been
used to generalize dimensionality reduction methods based on linear subspace anaysis
into higher orders [96][106][42][41]. However, the tensor representation considers all
possible permutations of a subset of vertices and establishes hyperedges with cardinality
consistent with the relational order. Therefore, tensors can only represent uniform hy-
pergraphs, and are not suited for nonuniform hypergraphs (i.e. hypergraphs with varying
hyperedge cardinalities).

One common feature of these existing hypergraph representations is that they exploit
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domain specific and goal directed representations. Specifically, most of them are confined
to uniform hypergraphs and do not lend themselvesto generalization. The reason for this
lies in the difficulty in formulating a nonuniform hypergraph in a mathematically neat
way for computation. There has yet to be awidely accepted and consistent way for rep-
resenting and characterizing nonuniform hypergraphs, and this remains an open problem
when exploiting hypergraphs for machine learning. Moreover, to be easily manipulated,
hypergraphs must be represented in a mathematically consistent form, using structures
such as matrices or vectors.

Since Chung's [23] definition of the Laplacian matrix for K -uniform hypergraphs,
there have been several attempts to develop matrix representations of hypergraphs. To es-
tablish the adjacency matrix and Laplacian matrix for a hypergraph, an equivalent graph
representation is often required. Once the graph approximation is to hand, its graph rep-
resentation matrices (e.g. the adjacency matrix (2.1) and the Laplacian matrix (2.3)) are
referred to as the corresponding hypergraph representation matrices. It is based on these
approximate matrix representations that the subsequential processes of hypergraphs (e.g.
high order clustering and matching) take place. Agarwal et al. [2] have compared a
number of alternative graph representations [10][34][54][71][112] for hypergraphs and
explained their relationships with each other in machine learning. One common feature
for these methods, as well as the method in [1], is that aweight is assumed to be associ-
ated with each hyperedge. Additionally, the graph representationsfor a hypergraph can be
classified into two categories. (@) the clique expansion [1][10][34][71] and (b) the star ex-
pansion [54][112]. The clique expansion represents a hypergraph by constructing agraph
with all pairs of vertices within a hyperedge connecting to each other. The star expansion
represents a hypergraph by introducing anew vertex to every hyperedge, and constructing
agraph with all vertices within a hyperedge connecting to the newly introduced vertex. In
both strategies, each edgein each individua graph representation isweighted in amanner
determined by the corresponding hyperedge weight in a task-specific way that is differ-
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ent from others. Moreover, these graph-based representations for hypergraphs are just
approximations and give rise to information loss, as reported in [1]. This deficiency may
result in ambiguities when the approximation methods are used to distinguish structures
with different relational orders.

To address these shortcomings, an effective matrix representation for hypergraphsis
needed, such that the ambiguities of relational order can be overcome. To thisend, trivial
graph approximations should be avoided for hypergraph representation. In the mathemat-
ics literature, the definitions of the Ihara zeta function has recently been extended from
graphs to hypergraphs [91]. In the determinant form of the Ihara zeta function, a graph
representation is also used for describing the hypergraph. However, this graph repre-
sentation uses color edges to capture the hyperedge connectivity and does not result in
information loss regarding relational order. We will make a polynomial analysis of the
hypergraph Ihara zeta function and develop a family of features that readily characterize
hypergraphs into a feature space suitable for hypergraph clustering.

2.4 Structural Matching

Many problems in computer vision and machine learning are those of establishing con-
sistent correspondences between two sets of features. Thisis possible because individual
feature sets usually have interna structure, and between-set correspondences can be re-
covered by measuring the (dis)similarities between the structural contexts of the features.
We refer to the process of establishing correspondences subject to structural similarity as
structural matching, which is necessary in many pattern recognition tasks. For example,
to establish visua correspondences between two objects from the same class, we need
not only to measure the visual similarities but also maintain the consistence in spatial
arrangement between corresponding feature points. In addition to the straightforward

applications, chalenges of structural matching also arise in knowledge discovery from
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large graph datasets, where suitable methods are required to robustly organize, query and
navigate large sets of graphs extracted from real world data, such as visual images and
chemical molecules. To this end, we need to establish an explicit class archetype and
maintain correspondences between individual objects belonging to it. Additionally, the
procedure of correspondence maintenance is also of key importance in learning genera-
tive models for graphs, where vertex correspondences are assumed to be prior knowledge
for constructing supergraph prototypes[93].

The early research literature on structural matching focuses on establishing consi stent
correspondences between features using pairwise relationships. This problem is often
formulated in terms of graph matching, which can be solved by optimizing an objective
function associated with the compatibility matrix (i.e. the matrix with entries represent-
ing the agreements of two graph edges). Umeyama[95] has presented a spectral matching
method for graphs of the same size. In his study, a pair of graphs both with vertex cardi-
nality NV are embedded into feature space where an N-dimensional coordinate is obtained
for each vertex. Comparisons are made between every pair of vertex coordinates and
the Hungarian algorithm is used to extract the most dominant correspondences. Based
on a similar notion, Shapiro et al. [82] have proposed a spectral technique which ac-
commodates graphs with different sizes by truncating the least significant modes in the
coordinate vectors for vertices. Gold et al. [35] have provided a softassign strategy, in
which atwo-way constraint is enforced in the objective function and Sinkhorn’s normal-
ization method is used to obtain the optimal solution. Wilson et al. [101] have derived
a probability distribution for relational errors that occur when there is significant graph
corruption and presented a graph matching method based on discrete relaxation. Luo et
al. [58] have presented a graph matching approach by using the EM algorithm and sin-
gular value decomposition. An overview of the research literature before the year 2004
can be found in the survey article [24]. Recently, Leordeanu et al. [50] have proposed
an efficient matching approach based on graph spectra methods, in which the elements
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of the principal eigenvector for the compatibility matrix are used as the matching scores.
Further developments of this graph spectral approach include balancing the compatibility
matrix [25] and developing an efficient algorithm for solving quadratic assignment prob-
lems in graph matching [52]. Albarelli et al. [3] have formulated the matching problem
in terms of a non-competitive game. Furthermore, various learning methods have been
proposed to optimize the parameters for graph matching [52][16].

All the graph matching methods are confined to pairwise representations, i.e. the re-
lational order between features is two. Our work in this thesis, on the other hand, is
concerned with high order structural matching, i.e. relational orders not restricted to two.
We will investigate the problem of high order structural matching in terms of hypergraph
formulations. Hypergraphs have the capability of capturing multiple relationships be-
tween features. After presenting one hypergraph characterization method in Chapter 4,
we will continue to explore hypergraphs in a structural matching scenario in Chapter 5,
since characterization and matching are the two main strategies for learning classes of
structural patterns.

Recently a number of researchers have attempted to extend the matching process to
incorporate higher order relations. Their research aims are similar to those in this the-
Sis. Zass et al. [110] are among the first to investigate this problem by introducing a
probabilistic hypergraph matching framework, in which higher order relationships are
marginalized to unary order. Chertok et al. [21] haveimproved thiswork by marginalizing
the higher order relationships to be pairwise and then adopted pairwise graph matching
methods. However, these two methods only approximate the hypergraph representation
by using a clique graph. It has already been pointed out in [1] that this graph approxima-
tion isjust a low pass representation of the original hypergraph and causes information
loss and inaccuracy. On the other hand, Duchenne et al. [28] have devel oped the spectral
technique for graph matching [50] into a higher order matching framework using tensor

power iteration. Although they adopt an L; norm constraint in computation, the origi-
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nal objective function is subject to an L, norm. Furthermore, their method is devel oped
in a heuristic manner, and the effectiveness can not be clearly explained. Our proposed
method will address these shortcomings accordingly. We do not approximate hypergraphs
using graph representation. Moreover, our proposed method will satisfy the basic axiom

of probability and can be explained in terms of high order clustering.

2.5 Summary

We have reviewed the research literature on structural characterization and matching, both
for pairwise and higher order representations. We have analyzed the deficiencies of the
existing methods and pointed out our possible solutions for overcoming these shortcom-
ings. This chapter can be summarized as follows.

There is a substantial body of research on graph based |earning methods and most of
it lies in the graph partition or graph embedding scenario. Graphs as natural represen-
tations for structured data are also widely used in the structura pattern recognition. In
the literature most structural characteristics are extracted from the original form or the
original matrix representation of agraph, and graph characterization in atransformed do-
main has rarely been investigated. The Ihara zeta function provides potential approaches
to characterizing transformed graphs using polynomial or spectral methods. Furthermore,
the original form of the Ihara zeta function is defined on cycle frequencies and thus is
closely related to graph topologies. These properties of the Ihara zeta function motivate
usto explore it as a powerful structural characterization method.

The research literature on hypergraph based learning algorithmsis generally confined
to tensor factorization, which isahigher order extension of its pairwise counterpart. When
hypergraphs are used for representing higher order structured data in structural pattern
recognition, they are often approximated by a graph representation. Trivial graph approx-

imations may giveriseto certain information loss and result in ambiguitiesin distinguish-
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ing different relational orders. To address these shortcomingsin the existing hypergraph-
based methods, we will continue to explore the Ihara zeta function as an effective tool for
high order characterization. We will also show that the characterization method devel-
oped in this thesis is flexible for both pairwise and higher order structures and can thus
overcome the ambiguities caused by the approximation methods in the literature.

Research on structural matching has extended over forty years and various strategies
have been proposed to solve the pairwise correspondence problems. In contrast, the re-
search on high order matching is still at a relatively early stage. Existing high order
matching algorithms are either approximated by graph matching or developed in a heuris-
tic manner, and thus are far from maturity. To address these shortcomings, we will present
anovel hypergraph matching framework. Our method can be explained in terms of high
order clustering and we will show its advantages over the state of the art methods.

Above al, the work in thisthesis addresses the shortcomingsin the research literature
and aims to present effective structural characterization and matching methods. 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

Graph Characterization via lhara

Coefficients

We present aroute to graph characterization based on the I hara zeta function in this chap-
ter. We first review the fundamental knowledge related to the Ihara zeta function and
describe how to extract graph characteristics from it. We then extend the representation to
edge-weighted graphs and provide a spectral interpretation of the proposed method. Both
guantitative and qualitative experiments are conducted to verify the effectiveness of the

proposed method in graph characterization.

3.1 ThelharaZeta Function

In this section we commence by reviewing how to construct the Ihara zeta function for a
graph. We then explore the possibility of using a set of polynomial coefficients from the
I hara zeta function as a representation of graph-structure. Our novel contribution hereis

to use the existing ideas from graph theory to devel op a new representation for graphs.
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3.1.1 Definition

Inagraph acycle(i.e. closed path) isreferred to asaprime cycle aslong asit satisfiesthe
following two conditions: i) the cycle and its cyclic permutations have no backtracking;
i) the cycle is not a multiple of another cycle. The equivalence class [p] associated with
the prime cycle p isthe set of cyclic permutations of p. Based on these notions, the Ihara
zeta function associated with afinite connected graph is defined as [44][45]:

Za(u) = H (1- uL(p))_l : (3.1
[p]

The product is over the equivalence classes [p] of prime cycles p, and L(p) denotes the
length of p. Since the number of prime cyclesin agraphisusualy infinite, the expression
given in (3.1) is not tractable for practical purposes. As a result, the Ihara zeta function
is generally an infinite product. However, one of its elegant features is that it can be

collapsed down into arational function, which rendersit of practical utility.

3.1.2 Rational Expression

For a graph G(V, E)) with vertex set V' of cardinality |V'| = N and edge set £ of cardi-

nality |E| = M, therational expression for the Ihara zeta function is[7]:
Za(u) = (1 —u2)Ddet (1y — uA +u*Q) ", (32)

where x(G) is the Euler number of the graph G(V, E), which is defined as x(G) =
N — M, and A is the adjacency matrix of the graph. The degree matrix D is constructed
by placing the column sums of the adjacency matrix as diagonal elements, while setting
the off-diagonal elementsto zero. Finally, with | , denoting the k& x k identity matrix, Qis

the matrix difference of the degree matrix D and the identity matrix | y,i.e. Q=D — I y.
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3.1.3 Permutation I nvariant

The topology of a graph is invariant under permutations of the node labels. However,
neither the adjacency matrix nor the Laplacian matrix for isomorphic graphs are permuta-
tion invariant. Suppose A and A, are the adjacency matrices associated with isomorphic
graphs G(V, E) and G p(V, E) respectively. Let P be the permutation matrix representing
the changes in node order between G(V, E') and Gp(V, E). P is an orthogona matrix.
The permutation relationship between the two adjacency matricesis Ap = PAPT and so
isQp = PQP”. The lhara zetafunction of G»(V, E) can be denoted as:

| — uAp +u*Qp)
| — uPAPT + 4*PQPT) ™

PIPT — uPAP” 4 u?PQPT) ™"

I
—~
—_
|
I
(V)
~— ~— ~— ~~—
=
a
oL
D
-+
~—~~ —~ —~

| — uA + uzQ)f1

The Ihara zeta functions of the graphs G and G'» appearing in (3.3) have the same form.
This proves that it is invariant to node order permutations. As a result, the equivalent
representations of the Ihara zeta function, such as its derivatives or the coefficients of the

polynomial of itsreciprocal, are also invariant to node order permutation.

3.1.4 Determinant Expression

For md2 graphs, i.e. those graphsin which every vertex has degree at least 2, it is straight-
forward to show from equation (3.1) that the Ihara zeta function can be rewritten in the
form of the reciprocal of a polynomial. Although the Ihara zeta function can be evaluated
efficiently using (3.2), the task of enumerating the coefficients of the polynomial appear-
ing in the denominator of the Ihara zeta function (3.2) is difficult, except by resorting to

software for symbolic calculation. To efficiently compute these coefficients we adopt a
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different strategy. We first transform the graph into an oriented line graph. The Ihara zeta
function is then the reciprocal of the quasi characteristic polynomial for the adjacency

matrix of the oriented line graph.

Oriented Line Graph

To commence, we construct the oriented line graph of the original graph from the asso-
ciated symmetric digraph. The symmetric digraph SDG(V, E,) of agraph G(V, E) is
composed of afinite nonempty vertex set V' identical to that of G(V, £') and afinite mul-
tiset £, of oriented edges called arcs, which consist of ordered pairs of vertices. For arc
eq(u,w) € E; where w and w are elementsin V, the origin of e, (u, w) is defined to be
o(eq) = w and the terminus is t(e;) = w. Itsinverse arc, which is formed by switch-
ing the origin and terminus of e, (u, w), is denoted by e, (w, ). For the graph G(V, E),
we can obtain the associated symmetric digraph SDG(V, E;) by replacing each edge of
G(V, E) by an arc pair in which the two arcs are inverse to each other. An exampleil-
lustrating how to derive the symmetric digraph from an original graph is shownin Figure
3.1. Figure 3.1(a) shows an example graph with five vertices and six edges and Figure
3.1(b) showsits corresponding symmetric digraph.

The oriented line graph associated with the original graph can be defined using the
symmetric digraph. Itisadual graph of the symmetric digraph sinceitsarc set and vertex
set are constructed from the vertex set and the arc set of its corresponding symmetric
digraph, respectively. The construction of the vertex set V;, and the arc set £, of the
oriented line graph can be expressed as follows [49]:

{ Vi = E4(SDG); a4

Eqr = {(ea(u,v), eq(v,w)) € E4(SDG) x Eq(SDG); u # w}.

From (3.4) we can see that the vertices of the oriented line graph are obtained from the
arcs of the symmetric digraph, and as a result we can denote an arc e4; in the symmetric

digraph and its corresponding vertex v; in the oriented line graph using the same index
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vy Vs

(a) Origina graph. (b) Symmetric digraph. (c) Oriented line graph.

FIGURE 3.1: GRAPH EXAMPLE.

i. According to (3.4), an arc would be directed from vertex v;; to vy, in the oriented line
graph subject to the necessary condition that the terminus of the arc e4; connectsthe origin
of the arc e4;. The only exception in this case is that the reverse arc pairs do not establish
arcsin the oriented line graph. For the example graph in Figure 3.1(a), the corresponding
oriented line graph is shown in Figure 3.1(c) (disregarding for the time being the arcs
consisting of a dashed line and two arrows on both ends). We can see that there is an
arc directed from vertex v, to vy7 in Figure 3.1(c), due to the connection between the
terminus of the arc e4;; and the origin of the arc e;4; in Figure 3.1(b). However, there is
no arc between the vertex v;3 and vy in Figure 3.1(c), because the arcs ey3 and ey are a
reverse arc pair in Figure 3.1(b).

The adjacency matrix T of the oriented line graph, whichisa2M x 2M sguare matrix,
isreferred to as the Perron-Frobenius operator of the original graph. For the (4, j)th entry
of T, T(i,7) is1if thereisone arc directed from the vertex i to the vertex j in the oriented
line graph, and O otherwise. Unlike the adjacency matrix of an undirected graph, the
Perron-Frobenius operator T is not a symmetric matrix due to the constraint that arisesin
(3.4).

Furthermore, we also notice that the arc set of the oriented line graph is adopted by
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discrete-time quantum walks as the state space. To make this study one step further, we
investigate the rel ationship between the | hara zeta function and the discrete-time quantum
walks, and find that the Perron-Frobenius operator can be formulated in terms of the
positive support of the transpose of the transition matrix of the discrete-time quantum

walks. Detailed analysis of this relationship can be found in Appendix A.

Quasi Characteristic Polynomial

With the oriented line graph to hand, the I hara zeta function can be written in the form of

adeterminant [7][49] using the Perron-Frobenius operator:
Zg (u) = det(l — uT). (3.5

Here we refer to det(I — AM) asthe quasi characteristic polynomial of the matrix M. It
is different from the characteristic polynomial det(Al — M) by multiplying the argument
with M rather than the identity matrix 1. From (3.5) it is clear that the reciprocal of the
Ihara zeta function for a graph is the quasi characteristic polynomial of T, and can be
expressed as:

Z(_;l(u) =c+cau—+---+ CQM_1U2M_1 + CQMUQM. (36)

We refer to the polynomial coefficients {cy, co, ..., cons} in (3.6) as Ihara coefficients.
They are the coefficients of the quasi characteristic polynomia and are the antitone se-

guence of the characteristic polynomial coefficients of T.

3.1.5 [IlharaCoefficientsfor Characterizing Graphs

To establish pattern vectors from the I hara zeta function for the purpose of machine learn-
ing, itisnatural to consider taking function-samples as the elements of the pattern vectors.
However, function-samples have no known exact significance related to graph structure.

Furthermore, there is the possibility of sampling at the locations of poles and these give
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rise to infinities. Hence, the pattern vectors consisting of function samples are potentially
unstabl e representations of graphs.

On the other hand, the Ihara coefficients do not give rise to infinities. These coeffi-
cients are essentially descriptors of graph structure. Provided G(V, E) is asimple graph,
the coefficients have the following properties [79]: a) the coefficients c3, ¢4, and c; are
respectively the negative of twice the number of triangles, squares, and pentagonsin G,
b) c¢ isthe negative of twice the number of hexagonsin G plus four times the number of
pairs of edge disjoint triangles plus twice the number of pairs of triangles with acommon
edge, ¢) c¢; isthe negative of twice the number of heptagonsin G plus four times the
number of edge digoint pairs of one triangle and one square plus twice the number of
pairs of one triangle and one square that share a common edge, and d) the highest order
coefficient is associated with the degree d(v;), which is the number of edges incident to

vertex v;:

canr = (=X T (d(wi) = 1) (3.7)

v, eV

For unweighted graphs, the set of Ihara coefficients can play the role of pattern vectors
for describing graphs, not only because they are numerically stable, but also because they

characterize the graph structure in terms of cycle frequencies.

3.2 IharaCoefficientsfor Edge-weighted Graphs

Although (3.5) characterizes unweighted graphs in a compact way using the quasi char-
acteristic polynomial of the Perron-Frobenius operator, when it comes to edge-weighted
graphs, i.e. the edges not only record the vertex connections but also have a scalar weight
attached to each of them, then the method introduced in Section 3.1.4 is no longer ap-
plicable. This is because the Perron-Frobenius operator for an unweighted graph is the
adjacency matrix of the associated oriented line graph, which only bears relational infor-

mation and defaults the edge weights to binary values. This hinders the generalization
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of the determinant expression of the Ihara zeta function as a characterization of edge-
weighted graphs.

To overcome this problem and furnish characterization methods for edge-weighted
graphs, we generate the required Perron-Frobenius operator from a ssimplified version
of the Bartholdi zeta function. The Bartholdi zeta function is a more sophisticated zeta
function defined over two independent variables. We then introduce a scheme to charac-
terize the edge-weighted graphs using the quasi characteristic polynomial of the modified
Perron-Frobenius operator. The novel contribution hereisto extend the definition of Ihara

coefficients from unweighted to edge-weighted graphs.

3.2.1 Bartholdi Zeta Function

The Bartholdi zeta function of a graph aimsto generalize the zeta function using the con-
cept of a‘prime circle’ [6]. For agraph G(V, E), the rational expression of the Barthol di

zetafunctionis:

Zap(u,t) =(1 — (1 — 1)2u?)"“x

det (Iy — uA+ (1 — )u®(D — (1 = t)Iy)) ", (3.8)

where y (G) isthe Euler number (defined with (3.2) previoudly for the I|harazetafunction).
Compared with the Ihara zeta function in its rational form (3.2), the rational expression
for the Bartholdi zeta function involves an additional variable ¢, which is closely related
to the cyclic bump count of acycle in a graph. Here a cycle with one-step backtracking
is referred to as a single cyclic bump. One noteworthy property of the Bartholdi zeta
function is that when ¢t = 0, it reduces to the Ihara zeta function. For more details of the
Bartholdi zeta function and its relationship with the I hara zeta function, we refer readers
to[6], [61] and [77].
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3.2.2 lharaPolynomial for Edge-weighted Graphs

Based on Bartholdi’s work, Mizuno and Sato have developed the following determinant

expression for the Bartholdi zeta function [61]:
Zap(u,t) = det (Iapr — (B — (1 —£)I)u)) . (3.9)

In this form the zeta function is equivalent to (3.8) and is suitable for dealing with both
unweighted graphs and edge-weighted graphs. There are two 2M x 2M operators B
and J in (3.9), which are both closely related to the symmetric digraph of the original
graph. For a graph G,,(V, E') with weighted edges, the associated symmetric digraph
SDG,(V, E) can be constructed by replacing each edge of G,(V, E') with an arc pair in
which the two arcs are the reverses of each other. The edge weights are then attached
to each of its generating arcs. This process is quite similar to that adopted in the case
of unweighted graphs introduced in Section 3.1.4, except that there is the additional step
of weight attachment. To illustrate this point, suppose that the example in Figure 3.1(a)
is edge-weighted. Its symmetric digraph will retain the structure shown in the Figure
3.1(b). The only difference is that there is an attribute associated to each reverse arc pair
determined by the edge weight in the original graph.

Based on the symmetric digraph, the elements of the operators B and J can be com-

puted as follows:

wg if tleq) = oley; 1 if ey = €y
BU{ b iftlea) = ofeq) Jij{ 5= 10

0 otherwise, 0 otherwise.

Here, a) ¢(eq;) and o(e,;) denote the origin and terminus of thearc e,; inthe symmetric
digraph, respectively, b) e, denotes the inverse arc of e4; and c) wy; is the weight of the
arc eq; in the symmetric graph, which is equal to the weight of the edge of the original
graph from which the arc is derived.

For edge-weighted graphs, when ¢ = 0 in (3.9), the determinant form of the Bartholdi
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zeta function reduces to the corresponding Ihara form denoted as follows:
Ze(u) = det(lopr — u(B — )" = det(lopy — uTy) " (3.11)

where we define T, = B — J to be the Perron-Frobenius operator for edge-weighted
graphs. Moreover, T,, can aso be regarded as the adjacency matrix of the oriented line
graph of the original edge-weighted graph. The form in (3.11) was mentioned in [77] as
an intermediate step to develop a new Bartholdi zeta function. However, it has not been
studied from the perspective of edge-weighted graphs, which are the emphasis of this
section.

The establishment of the matrices B and J summarizes the process of constructing the
oriented line graph from a edge-weighted graph. Here, the oriented line graph is similar
in structure with that for the corresponding unweighted case, except with the addition of
arcs between vertices deriving from the reverse arc pairsin the symmetric digraph. Unlike
the unweighted case, the reverse arc pairs in the symmetric digraph are used to establish
arcs in the oriented line graph from an edge-weighted graph. That is, if the arcs ey4; and
eq; are areverse pair in the weighted symmetric digraph, there would be areverse arc pair
between the vertices vz, and vy; in the oriented line graph. The weight measures of the
reverse arc pairs are different from the remaining arcs in the oriented line graph. Suppose
that the vertices in the oriented line graph are attributed by the same weights as their
corresponding arc in the symmetric digraph. Each edge in areverse arc pair is attributed
by the weight of its terminus vertex minus one, according to (3.10) and (3.11). The
remaining arcs that have no reverse counterparts are attributed by their terminus vertex
weights only, according to the definition of B in (3.10).

The structure of the oriented line graph of the example graph in Figure 3.1(a) (suppose
it is edge weighted) is shown in Figure 3.1(c). A dashed line with arrows at both endsis
an arc pair, which represents two arcs that are reverse to each other and originate from
the reverse arcs in Figure 3.1(b). Solid lines with an arrow on one end and which are

similar part to the unweighted case in structure, are arcs derived subject to the constraint
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in (3.4). The arcs denoted by the dashed line and the solid line are weighted differently.
For exampl e, the edge directed from the vertex v, 1, to vy7 isattributed by the edge-weight
of e4; inFigure 3.1(b), that is, the weight of the edge connecting v, and v, in Figure 3.1(a).
On the other hand, each edge of the arc pair between the vertices v, and vy, isattributed
by the edge-weight of e,44 or €410 in Figure 3.1(b) minusone, that is, the weight of the edge
connecting v, and v in Figure 3.1(a) minus one.

There are severa points that need to be stressed here. First, unlike in (3.4), thereis
no requirement on the exclusion of reversed arcs in the computation of the operator B
in (3.10). Second, the operator J records all the reversed arc relations. Third, when it
comes to unweighted graphs, T,, reducesto T in (3.5). Thisis because in this case B
reduces to a binary matrix representing orientations and connections only. More impor-
tantly, the operator T,,, i.e. the difference of B and J, naturally satisfies all the constraints
in (3.4) when it is reduced to an unweighted version. Above all, our proposed scheme
establishes a generalized version of the Perron-Frobenius operator, which is available to

both unweighted graphs and edge-weighted graphs.

3.2.3 lharaCoefficients for Edge-weighted Graphs

According to our observations in Section 3.2.2, the Ihara coefficients can be constructed
for both unweighted graphs and edge-weighted graphs in a unified manner. Here, we
denote the Perron-Frobenius operator of a graph, irrespective of whether it is unweighted
or edge-weighted, as T,,. According to (3.11), the Ihara coefficients can be derived from
the polynomial:

Z; N (u) = det(l — uT,)

=co4 cu+ -+ oy M 4 oM (3.12)

From (3.12), the Ihara coefficients {cy, c1, . . ., caps } are the coefficients of the quasi char-

acteristic polynomial of the matrix T,,. Pattern vectorsv = [cy ¢; ... copr]” for character-

34



izing graphs can then be established with Ihara coefficients as components. As discussed
in Section 3.1.5, the Ihara coefficients not only avoid the hazards of infinities that are
encountered if function samples are used, but also convey information concerning graph

structure and topol ogy.

3.3 Graph Spectral Interpretation

For unweighted graphs, the Ihara coefficients are essentially descriptors of graph struc-
ture. For edge-weighted graphs, however, the Ihara coefficient have no direct links with
the cycle frequencies or vertex degrees in the graph. Here we study the I hara coefficients
for md2 graphs from a spectral standpoint. We perform a comprehensive anaysis on the
effectiveness of the Ihara coefficient for clustering md2 graphs.

Asstated in Sections 3.1.4 and 3.2.2, thereisaways one oriented line graph associated
with an md2 graph. In practice the cardinality of the vertex set of the oriented line graph
is much greater than, or at least equal to, that of the original graph. The construction of
the oriented line graph is thus a process of transforming the origina graph into a new
version with adjacency matrix T,, in a higher dimensional space than that of the original
graph. Furthermore, the Ihara coefficients are determined by the spectrum of the Perron-
Frobenius operator. Each coefficient can be derived from the polynomial of the eigenvalue
set {\1, X ... \,} of T,, asfollows:

corr = (=17 D> Ay A, (3.13)

k1<ka< ... <kp
The eigenvalue set of T, isjust the pole set of the Ihara zeta function. For an unweighted
graph, it is linked to the lengths of prime cycles. Equation (3.13) provides an efficient
way to compute the lhara coefficients by enumerating the eigenvalues of a 2M x 2M
matrix. Thisisclosein spirit to the first method for computing the polynomial coefficients

suggested by Brooks[12]. Moreover, it is more efficient than the third method suggested
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by Brooks, which is based on computing the determinant of 20/ x 2M matrix (27" )

2M —r
times to obtain the coefficient cop/— ;.

From the above spectral analysis, we can see that the computational complexity of
obtaining the Ihara coefficients is governed by the eigen-decomposition of the Perron-
Frobenius operator and this requires O(M?) operations.

The Ihara coefficients are signed elementary symmetric polynomials (ESP) on the
eigenvalues of T,,. It isinteresting to note that Wilson, Luo and Hancock [102] have
applied elementary symmetric polynomials to the elements of the spectral matrix Y =
VA®T of the Laplacian matrix L = YY? = ®A®”. The same authors have also ex-
plored using the leading eigenvalues of the graph matrix representations, i.e. truncated
spectra [58]. By using ESP they overcome problems of restricted performance encoun-
tered using the truncated spectra. However, the work is based on the Laplacian matrix L
rather than the Perron-Frobenius operator T,,. The Ihara coefficients, on the other hand,
are the coefficients of the quasi characteristic polynomial of T,, and are determined by
the full spectrum of T,, according to (3.13). Furthermore, the Perron-Frobenius operator
extracts graph characteristics in a higher dimensional feature space instead of the matrix
representations of the original graph. Therefore, the Ihara coefficients not only capture
richer graph characteristics than graph spectral representations, but also naturally avoid
the spectral truncation. In our experiments, we compare the performance of the Ihara co-

efficients with the truncated L aplacian spectrum and the ESP of the L aplacian spectrum.

3.4 Experimental Evaluation

We test our proposed method on both unweighted and edge-weighted graphs. For graphs
of each type, we report results on both synthetic and real world data. The experiments on
synthetic data are aimed at evaluating the ability of the Ihara coefficients to distinguish

between graphs under controlled structural errors. The experiments on real world data
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aim to assess whether the lhara coefficients can be embedded in a pattern space that
reveals their cluster structure. Both qualitative and quantitative evaluations are made in

our experiments.

3.4.1 Unweighted Graphs
Synthetic Graphs

We commence by investigating the relationship between graph edit distance and the Eu-
clidean distance between pattern vectors composed of |hara coefficients. The edit distance
between two graphs G; and G isthe minimum edit cost taken over all sequences of edit
operations that transform G into G5. In our experiments we establish a new graph by
deleting a certain number of edges from a seed graph. We assign to each deletion an edit
cost equal to the deleted edge weight. The edit distance between the edited graph and the
seed graph is equal to the total deleted edge weights, i.€. dgii = D, pojereq W(e). FOr
unweighted graphs, the edge weight is unity for each deleted edge and the edit distanceis
equal to the number of edges deleted.

We commence with a set of randomly generated md2 graphs. The seed graph for
the set has 100 vertices and 300 edges. The remainder of the graphs in the set are ob-
tained by deleting the edges of the seed graph (indexed from 1 to 30). At each level of
editing, 100 trials are performed and the edges deleted are chosen randomly, subject to
preserving the md2 constraint. In our experiments, we construct two Ihara coefficient
pattern vectors o; = [c3, cu, ¢5, cg, ¢7, In(|cans])]” and U5 = [c3, ¢4, In(|cans|)]F. Since
the components of ;5 are a subset of those of v;, we refer to v; as the pattern vector
composed of unselected Ihara coefficients and v as that composed of selected Ihara co-
efficients. The final component of each pattern vector is scaled in a logarithmic manner
to avoid problems of dynamic range. For comparison, we also establish pattern vectors

with the same dimension as v; using the truncated spectrum of the Laplacian matrix.
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The leading eigenvalues of the Laplacian matrix experimentally play a dominant role in
characterizing graphs. Thus we take the second smallest through to the seventh smallest
eigenvalues of graph Laplacian L as components, i.e. 77 = [Xa, A3, Ay, As, Ag, M7,
where L = ®A®", A = diag(\1, Ny, --- Ay)and 0 = A\ < Xy < --- < Ay, We
refer to v, as the Laplacian spectral pattern vector, which proves to be one of the most

effective spectral representations for graphs [103]. The feature distance between pattern

vectors 7; and v; is defined asthe Euclidean distance d; ; = /(v; — 4;)T (0; — ;). Wein-
vestigate the representational power and stability of the pattern vectors. The experimental
results are shown in Figure 3.2. Figure 3.2(a) shows the feature distance between pat-
tern vectors (composed of unselected I hara coefficients) of the seed graph and the edited
graph as a function of the edit distance, i.e. the number of edges deleted. The relative
standard deviation (RSD) is aso shown as an error bar on each measurement. The lhara
coefficient distance generally follows the edit distance. Figure 3.2(b) shows the feature
distance between Laplacian spectral pattern vectors, as well as the corresponding RSD,
as a function of the edit distance (but scaled differently to Figure 3.2(a)). From Figures
3.2(a) and 3.2(b) it is clear that the dynamic range of the coefficient feature distance is
much larger than that of the Laplacian spectral distance for a corresponding edit distance.
Thus the I hara coefficients are more sensitive to graph edits than the truncated Laplacian
spectra. Figure 3.2(c) shows the feature distance computed using the selected Ihara coef-
ficients as afunction of the edit distance. Compared with Figure 3.2(a), the selected |hara
coefficients are more linear with the edit distance than the unselected Ihara coefficients.
To evaluate how reliably the Ihara coefficient distance and the Laplacian spectral distance
predict the edit distance, we plot their RSD as afunction of edit distance in Figure 3.2(d).
From Figure 3.2(d), it isclear that although the unselected | hara coefficients areless stable
than the graph spectra, the selected Ihara coefficients offer the best stability. Thisillus-
trates that the I hara coefficients have the potential to provide amore stable representation

than the truncated L aplacian spectra when the proper coefficient selection is performed.
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Further discussion on the coefficient selection will be detailed in the next subsection.

View-based Object Recognition

We apply the pattern vectors composed of Ihara coefficients to two graph datasets. The
first set of graphs are extracted from three sequences of images of model houses [58].
The second set of graphs are extracted from images of three toys. The third set of graphs
are extracted from images of the objects in the COIL database [62]. Sample images of
the model houses, toys and objects in the COIL database are shown in Figures 3.3(a)
(referred to as the CMU, MOV and Chalet sequences from left to right), 3.3(b) and
3.3(c) respectively. There are ten pictures taken for each model house from different view
angles, thirty pictures taken for each toy from different view angles, and seventy two
pictures taken for each object in the COIL database from different view angles. We first
extract corner points from each image using the Harris detector [39]. Then we establish
Delaunay graphs based on these corner points as vertices. Each vertex is used as the
seed of a Voronoi region, which expands radically with a constant speed. The collision
fronts of the regions delineate the image plane into polygons, and the Delaunay graph
is the region adjacency graph for the Voronoi polygons. Figure 3.3 shows the Delaunay
graphs superimposed on the sampleimages of the objects. Once we have extracted graphs
from the objects, we can establish pattern vectors using either the I hara coefficients or the
truncated Laplacian spectra. One way to evaluate the effectiveness of the pattern vectors
for clustering graphsisto apply K -meansto them to obtain clusters and then compute the
Rand indices to assess the clustering performance. The Rand index is defined as R; =
X/(X +Y), where X isthe number of agreementsand Y isthe number of disagreements
in cluster assignment. If two objects are in the same cluster in both the ground truth
clustering and the clustering from our experiment, this counts as an agreement. If two
objects are in the same cluster in the ground truth clustering but are in different clusters

in our experiment, this counts as a disagreement. The Rand index takes a value in the
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(b) Toy image samples.

(c) Image samplesin COIL dataset.

FIGURE 3.3: EXTRACTED GRAPHS FOR EXPERIMENTS.

interval [0,1], where 1 corresponds to a perfect clustering.

To take the study of establishing pattern vectors using I hara coefficients one step fur-
ther, we first explore which combination of the coefficients gives the best performance
on the real world data because not all the coefficients are equally useful in characteriz-
ing graphs. This can be observed from Figure 3.4, where the pattern vector composed
of asubset of the Ihara coefficients {cs, c4, 5, 6, ¢z, In(|caps|)} are separately applied
to the house sequences and the first three objects in the COIL dataset. As the number

of coefficients involved in a pattern vector increases, the Rand index does not always
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exhibit a corresponding increase. This is in accordance with the experimental results
on synthetic graphs in Section 3.4.1. Therefore, only a subset of the coefficients con-
tribute significantly in representing graph features. That is, some coefficients may be
redundant and some others may reduce the effectiveness of graph characterization. We
thus need to select a subset of salient coefficients, i.e. those that take on distinct val-
ues for different classes and aso exhibit small variance within the class. To do this, we
compute the between-class scatter S, = Zﬁil D;(é; — &)* and the within-class scatter
Sy = ZiUzl Z%Meci(ck,i,j — ¢r4)? of theindividual coefficients, where ¢, is the mean
of the samples for coefficient ¢, ¢, is the mean of the samples for ¢, in class C;, D,
is the number of samplesin class C; and U is the total number of classes. We then use
the criterion function Jo = (S, + Su)/S. to evaluate the performance of the individual
coefficients. We select the coefficients according to the condition that the individual coef-
ficients that make the largest contributionsto J are the most significant. We select three
objects and for each object ten sample images are used as training data to compute the
criterion function value. Figure 3.5 showsthe criterion function values for the coefficients
extracted from the three datasets. The beginning and trailing coefficients offer more dis-
crimination than the intermediate ones. Thisis because the remaining coefficients provide
no significant increase in information over c3, ¢, and ¢y, Sincethey are determined by the
number of triangles and squares in the graph and the vertex degrees, which are the most
basic characteristics from md2 graphs. Based on this feature selection analysis, we work
with the pattern vector @5 = [c3, ¢4, In(|cans])]*. Thethree components of o7 extracted
from the first four objects in the COIL dataset are shown in Figure 3.6 as a function of
view number. Each linein a given plot represents the coefficients extracted from one ob-
ject. Thelinesin each plot are well separated, thus indicating that the three coefficients
are sufficient to distinguish different object classes.

We then apply the pattern vectors composed of a) truncated Laplacian spectra, i.e.

the leading three nonzero Laplacian eigenvalues, b) unselected Ihara coefficients and ¢)
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selected | hara coefficients to the house sequences, toy pictures and the first four objectsin
the COIL dataset. Figures 3.7, 3.8 and 3.9 show the clustering results obtained by embed-
ding the pattern vectors for the three datasets separately into a three-dimensiona space
using PCA.. The selected coefficients outperform both the truncated L aplacian spectraand
the unselected coefficients, and give clusters with better separation.

Finally we focus our attention on the COIL dataset, and evaluate the clustering per-
formance obtained with different numbers of object classes. After embedding the pattern
vectors into a three-dimensional space using PCA, we locate clusters using the K'-means
method and calculate the Rand index. The Rand indices for each kind of pattern vectors
are shown in Table 3.1. The selected | hara coefficients give the best performance and the
truncated L aplacian spectra the poorest.

3.4.2 Edge-weghted Graphs

For edge-weighted graphs, we evaluate our proposed scheme in two ways. We again
commence with a study on synthetic data aimed at evaluating the ability of the Ihara co-
efficients to distinguish between edge-weighted graphs under controlled structural errors.
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FIGURE 3.5: CRITERION FUNCTION VALUES FOR UNWEIGHTED GRAPHS.

Number of object classes
4 | 5|6 7 | 8

Pattern vector

Truncated Laplacian spectra | 0.93|0.87|0.85|0.85|0.87
Unselected | hara coefficients| 0.98 | 0.88 | 0.88| 0.85| 0.86
Selected Ihara coefficients | 0.99|0.93(0.87|0.87 | 0.88

TABLE 3.1: RAND INDICES FOR UNWEIGHTED GRAPHS FROM THE COIL DATASET.
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Second, we focus on real world data and assess the effectiveness of the |hara coefficient

pattern vectorsin detecting object clusters.

Synthetic Graphs

We first investigate the relationship between graph edit distance and the feature distance
between I hara coefficient pattern vectors for edge-weighted graphs. We commence with
a single randomly generated md2 graph as the seed graph with 100 vertices and 300
weighted edges. In this subsection, the edge weights are always generated so as to have
auniform distribution over the interval [0.5, 1.5]. We obtain edited versions of the seed
graph by randomly deleting edges, with the number of deleted edges varying from 1 to 30.
For each number of deletions, we perform ten randomized edge deletion trials subject to
the md2 constraint. We compute the Ihara coefficients using (3.13) and construct the pat-
ternvector intheformof @,y = [cs, ca, In(|eans—s]), In(|cans—2|), In(|eans—1]), In(|cans])]”
The final four components of the pattern vector are scaled in a logarithmic manner to
avoid unbalanced variance. Figure 3.10 plots the feature distances obtained using the
pattern vectors composed of Ihara coefficients, versus the corresponding graph edit dis-
tances between the seed graph and its modified variants. The main feature to note from
the plot is that for edge-weighted graphs the Ihara coefficient distance again generally
follows the weighted edit distance. Moreover, for small distances the variation of Ihara
coefficient distance is approximately linear with edit distance. For large edit distance the
Ihara coefficient distance becomes more scattered.

To take this study on synthetic data one step further, we have studied the distribution
of the lhara coefficient feature distance. We investigate two sets of graphs. The first set
consists of graphs which are obtained by randomly deleting one edge from a seed graph
with 100 vertices and 301 weighted edges, subject to the md2 constraint. The second set
are md2 graphs randomly generated with 100 vertices and 300 weighted edges. Figure

3.11(a) shows the distribution of the Euclidean feature distance between the vectors of
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Ihara coefficients for the first set of graphs (red asterisk curve) and that of the second
set (black circle curve). The modal distance between pattern vectors for graphs with
random edge edits is much smaller than that for the structurally distinct graphs. For
comparison, Figure 3.11(b) showsthe distribution of the Mahalanobis distance for the two
sets of graphs. The Mahalanobis distance between pattern vectors v; and v; is defined as

di; = /(Ui — 0;)TS-1(0; — U;) where X is the covariance matrix of the pattern vectors.
The Mahalanobis distance accounts for correlated features using the covariance and can
correctly scale the feature components. The main feature to note in Figure 3.11 isthat the
two distributions are almost totally non-overlapping. From Figures 3.11(a) and 3.11(b),
the distance between pattern vectors appears to provide scope for distinguishing between
distinct graphs when there are variations in edge structure due to noise.

To provide an illustration and make a more comprehensive comparison with the graph
spectra methods, we create two graph sets for testing the alternative representations.
These two graph sets are established according to different types of graph edits sepa-
rately. Each of the two sets are three classes of graphs separately derived from three seed
graphs, which are again randomly generated with 100 vertices and 300 weighted edges.
However, we perform two different types of edit operations on the seed graphs to estab-
lish the two graph sets separately. The first is to randomly delete eight edges at each
time, and the second is with arandom number of edge deletionsfrom oneto eight in each
trial. We begin by performing the first type of edit operations on three seed graphs. Sixty
four random trials of the edits are performed on each of the three seed graphs separately.
Graph features of the three classes of edited graphs are shown in Figure 3.12, where Fig-
ures 3.12(a), 3.12(b) and 3.12(c) respectively show a) the largest L aplacian eigenvalue, b)
thefinal coefficient of the elementary symmetric polynomial [102] of Laplacian spectrum
(ESP's) and c) thefinal Ihara coefficient as afunction of trial number. The main feature to
note is that in the case of the Ihara coefficients, the variance is smallest and there islittle

overlap. The remaining two methods are overlapped to a more severe degree.

53



Next we embed the pattern vectors for the two sets of edited graphs separately into a
three-dimensional space using PCA to evaluate their performance in clustering. We ap-
plied this procedure both to the L aplacian spectral pattern vector consisting of the second
through to the seventh L aplacian eigenval ues and to the Ihara coefficient vector oy, ;. Fig-
ure 3.13 shows the experimental results. Figures 3.13(a) and 3.13(b) respectively show
the clusters generated by the truncated Laplacian spectra and the lhara coefficients, sub-
ject to the first type of graph edits. Although the Laplacian spectral method appears to
produce ‘good’ clustersin Figure 3.13(a), there are some problemsthat are worth noting.
First, the right two clusters are so close that they almost merge into one. Second, the
left cluster has a non-compact ring shape and there are no graphs near the cluster center.
However, the clustersin Figure 3.13(b) produced by the I hara coefficient method are both
more compact and more separable. Figures 3.13(c) and 3.13(d) show the results for the
second type of graph edits. In this more complex situation, the L aplacian spectral method
yields clusters with considerabl e scattering, asillustrated in Figure 3.13(c). However, for
the Ihara coefficients, although there are a small number of outlier samples (two black
triangles in the pink star cluster and one pink star in the green circle cluster), the overall

performance is better and provides the basis for a usable clustering technique.

View-based Object Recognition

We now establish the pattern vectors composed of lhara coefficients for edge-weighted
graphs extracted from three datasets which have been used in Section 3.4.1, i.e. the house
sequences, the toy pictures and the images from the COIL dataset. Here Delaunay graphs
are aso extracted as explained in Section 3.4.1. However, to consider edge-weighted
graphs, the edge connecting vertices indexed by 7 and j is exponentially weighted by the
negative of the Euclidean distance between the two vertices, i.e. w;; = exp[—k ||X; — X;||]
where x; and x; are coordinates of corner points: and j in an image and % is a scalar

scaling factor.
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FIGURE 3.14: CRITERION FUNCTION VALUES FOR EDGE-WEIGHTED GRAPHS.
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TRACTED FROM THE COIL DATASET.
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We first explore which coefficients provide the strongest discrimination between the
graphs for the different object classes. To do this, we select the coefficients according to
the criterion introduced in Section 3.4.1 that the individual coefficients which make the
largest contributions to the criterion function are the most significant ones. For each of
three selected objects, ten sampleimages are used astraining datato compute the criterion
function value. Figures 3.14(a), 3.14(b) and 3.14(c) show the criterion function valuesfor
the coefficients extracted from the house dataset, the toy dataset and the COIL dataset
respectively. It is clear that the leading few and trailing coefficients contribute more to
distinguishing the objects than the intermediate ones.

Next we evaluate the performance of the pattern vectors in distinguishing real world
graph classes. We test the Laplacian eigenvalues, the ESP's and the I hara coefficients on
the COIL dataset. Figure 3.15 showsthe statistics of the same four objects asafunction of
coefficient indices. For each coefficient we show the mean value and standard error over
different views. For Figure 3.15, different colored lines correspond to different objects.
The main features to note here are that a) both the Ihara coefficients and the ESP's are

better separated than the Laplacian eigenvalues, b) there is now little difference between
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the Ihara coefficients and the ESP's. Thislatter point is attributable to the high regularity
of the Delaunay graphs.

We then use 151 = [es, ca, In(Jeanr])]”, Gwise = [es, In(|ean—al), (leane])]”
and Ty rs3 = [In(|canr—a]), In(|canr—1]), In(|eans])]” as the pattern vectors characterizing
the edge-weighted graphs extracted from the house sequences, the toy pictures and the
COIL dataset respectively. For comparison, we use the leading three non-zero Laplacian
eigenvalues as the spectral pattern vector for the two datasets. We embed the pattern
vectors into a three-dimensional space using PCA. Figures 3.16(a) and 3.16(b) show the
clustersof graphs extracted from the house sequences, produced by the L aplacian spectral
method and the Ihara coefficients respectively. Figures 3.17(a) and 3.17(b) show the clus-
ters of graphs extracted from the three classes of toy pictures, produced by the Laplacian
spectral method and the Ihara coefficients respectively. Figures 3.18(a) and 3.18(b) show
the clusters of graphs extracted from the first four objects of the COIL dataset, produced
by the Laplacian spectral method and the Ihara coefficients respectively. From Figures
3.16, 3.17 and 3.18 it isclear that the | hara coefficients outperform the L aplacian spectral
method in producing good clusters.

To take the quantitative evaluation of the pattern vectors one step further, we concen-
trate our attention on the COIL dataset, and evaluate the clustering performance obtained
with different numbers of object classes. After performing PCA on the pattern vectors,
we locate the clusters using the K-means method and calculate the Rand index for the
resulting clusters. The Rand indices for the Laplacian spectral method and for the Ihara
coefficients are listed in Table 3.2. From Table 3.2 it is clear that the Ihara coefficients

outperform Laplacian spectrafor all numbers of object classes studied.
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Number of object classes
4 |56 |7 8

Pattern vector

Truncated Laplacian spectra| 0.94 | 0.87|0.87 | 0.86 | 0.87
I hara coefficients 0.99/0.95(0.90|0.88|0.89

TABLE 3.2: RAND INDICES FOR EDGE-WEIGHTED GRAPHS FROM THE COIL

DATASET.

3.5 Summary

In this chapter we have studied how to extract characteristics from graphs using the Ihara
zeta function, and have exploited the resulting characterization for the purposes of clus-
tering graphs. We use Ihara coefficients to construct pattern vectors. Furthermore we
have provided a route that allows the Ihara coefficients to be extended from unweighted
to edge-weighted graphs. Thisis achieved by establishing the Perron-Frobenius operator
for edge-weighted graphs with the assistance of a reduced Barthodi zeta function. This
generalization allows us to compute the Ihara coefficients for both unweighted graphs
and edge-weighted graphs in a unified manner. We have performed a spectral analysis
that reveals the reasons why the Ihara coefficients are more effective in distinguishing
graph classes than the graph spectral methods. Experiments have been conducted on both
synthetic and real world data, and reveal not only that the Ihara coefficients are effective
for graph clustering but that they also outperform the truncated L aplacian spectra.
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Chapter 4

Hypergraph Characterization via lhara

Coefficients

In this chapter we present a hypergraph characterization method based on the Ihara coef-
ficients. We verify that the Ihara coefficients are flexible for graphs and hypergraphs, and
can distinguish structures consisting of vertices with the same pairwise connectivity but
different relational orders. Furthermore, we present an efficient method for the coefficient
computation. Experiments show both the effectiveness and efficiency of the proposed
method.

4.1 Hypergraph Fundamentals

In this section, we review the definitions of hypergraphs and hypergraph Laplacian. Fur-
thermore, we reveal the shortcoming of hypergraph Laplacian spectra in distinguishing
hypergraphs when their differences are simply relationship orders, and explain the possi-

ble reasons for this deficiency.
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4.1.1 Definition

A hypergraph is defined as a set pair HG(V, E') where V' is a set of elements, called
vertices, and F is a set of non-empty subsets of 1/ called hyperedges. A hypergraph is
a generalization of a graph. Unlike graph edges which are pairs of vertices, hyperedges
are arbitrarily sized sets of vertices, and can therefore contain an arbitrary number of
vertices. Examples of a hypergraph are shown in Figures 4.1 and 4.3. For the hypergraph
inFigure 4.3, thevertex setisV = {vy, vo, v3, v4, v5} @nd the hyperedge setis F = {e; =
{v1,v3}, e = {v1, v}, es = {va, 04,05}, €4 = {v3,v4,05}}. The representation of
a hypergraph in the form of sets, concretely captures the relationship between vertices
and hyperedges. However, it is difficult to manipulate this form in a computationally
convenient way. Thus one alternative representation of a hypergraph is in the form of
a matrix. For a hypergraph with 7 vertices and J hyperedges, we establish an 7 x J

incidence matrix H with element £, ; asfollows:

1 ifv; €ey;
hij = (4.1)

0 otherwise.

The incidence matrix of the hypergraph HG(V, E') can be more easily manipulated than
its equivalent set representation.

4.1.2 Hypergraph Laplacian Spectrum

Although the incidence matrix can fully describe the characteristics of a hypergraph, the
matrix elements represent vertex-to-hyperedge relationships rather than vertex-to-vertex
relationships. To obtain a vertex-to-vertex representation, we need to establish the ad-
jacency matrix and Laplacian matrix for a hypergraph. To achieve this goal, a graph
representation for the hypergraph isrequired. One possible method isto construct agraph
with edges weighted by the quotient of the corresponding hyperedge weight and cardi-
nality [112]. In this case, even those edges derived from an unweighted hyperedge are
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assigned a non-unit weight. As an aternative, rather than attaching a weight to each
edge in the graph representation, one definition of the adjacency matrix and the associ-
ated Laplacian matrix for a nonuniform unweighted hypergraph are A;; = HH? — D,
andLy = D, — Ay = 2D, — HH” respectively, where D, is the diagonal vertex degree
matrix whose diagonal element d(v;) isthe summation of the elementsin theith row of H
[67]. The set of eigenvalues of L ; are referred to as the hypergraph Laplacian spectrum
and can be used in a straightforward way as characteristics captured from HG(V, E).
However, these matrix representations exhibit deficiencies when used to characterize
relational structures. For example, for the hypergraphs in Figures 4.1(a) and 4.1(b), the
adjacency matrices are identical, and so are the associated Laplacian matrices. Specifi-

caly, the adjacency matrix and Laplacian matrix for the two hypergraphs in Figure 4.1

are as follows;
0o 1 1 2 -1 -1
Ay = 1 0 1 Ly = -1 2 -1
1 1 O -1 -1 2

It is clear that neither the unweighted adjacency matrix nor the Laplacian matrix can
distinguish these two hypergraphs. One important reason for the limited usefulness of
the above hypergraph matrix representations is that they result in information loss when
relational orders of varying degree are present. The adjacency matrix and the Laplacian
matrix introduced above only record the adjacency relationships between pairs of nodes
and neglect the cardinalities of the hyperedges. In this regard they can not distinguish
between pairwise relationships and higher order relationshipsfor the same set of vertices.
To overcome this deficiency, we must resort to tools that are capable of distinguishing
hypergraphs with the same pairwise connectivity among the same set of vertices but with
different relational orders. To this end, we adopt characteristic polynomials extracted
from the Ihara zeta function as a means of representing hypergraphs. In the next section,

we commence by showing that the Ihara zeta function can be used to represent this type
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of relational structure in hypergraphs. We use the Ihara coefficients, i.e. the characteristic
polynomial coefficients extracted from the determinant form of the Ihara zeta function,
as hypergraph characteristics. We show that the lhara coefficients not only encode the
relational structure in a consistent way but also overcome the deficiencies caused by the

vertex-to-vertex matrix representations described above.

4.2 |harazetafunction from graphsto hypergraphs

The definition and rational expression of an Ihara zeta function for a graph have been
introduced in Chapter 3. Based on the definition of the graph lhara zeta function (3.1),
Storm [91] has extended the definition of the lharazetafunctionto ahypergraph HG(V, E)

asfollows:

Calw)= T (1 —ul)™", (4.2)

pEPH

where Py isthe set of the equivalence classes of primecyclesinthehypergraph HG(V, E).
A prime cyclein a hypergraph is a closed path with no backtrack. That is, no hyperedge
istraversed twicein the prime cycle. For example, thecycle {v; — vo — v3 — v, } inthe
hypergraph in Figure 4.1(a) is a prime cycle. However, the cycle {v; — vy — v3 — v1}
in the hypergraph in Figure 4.1(b) is not a prime cycle. Thisis because the hyperedge e,
e and ez are only traversed once separately in the cycle {v; — vy — v3 — v} inFigure
4.1(a). On the other hand, the cycle {v; — v, — v3 — v} traverses the hyperedge e,
more than once in Figure 4.1(b) and does not make it a prime cycle.

To formulate the Ihara zeta function for a hypergraph in a manner similar with (3.2),
the bipartite graph representation of the hypergraph is needed. To establish the associated
bipartite graph, we use a dual representation in which each hyperedge is represented by
anew vertex. The union of the new vertex set and the original vertex set constitute the
vertex set of the associated bipartite graph. Each new vertex isincident to each of original

vertices in the corresponding hyperedge. The new vertices corresponding to hyperedges
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are on one side and the original hypergraph vertices are on the other side. Thus the
bipartite graph and star expansion for a hypergraph share the same form, although they
are defined for different purposes. For instance, the bipartite graph associated with the
example hypergraph in Figure 4.3 is shown in Figure 4.4.

The Ihara zeta function of the hypergraph HG(V, E) can be equivalently expressed in

arationa form asfollows:

CH(U) = ZBG(\/’I_L) = (1 - U)X(BG)det (' [V(HG)|+|E(HG)| — \/’EABG + UQBG)_I, (4.3)

where Zp(.) isthe lhara zeta function of the bipartite graph, x (BG)is the Euler number
of the associated bipartite graph, Ag is the adjacency matrix of the associated bipartite
graphof HG(V, E), and Qg = Dpe — v () +e(re) - Further details on the arguments
leading from (3.2) to (4.3) can be found in Storm’s paper [91].

The adjacency matrix of the associated bipartite graph can be formulated using the
incidence matrix H of HG(V, E):

O\ (21 x| (1) H

Apc = (4.4)

H Oy (v ()

The hypergraph I hara zetafunction in the form of (4.3) provides an alternative method
for the function value computation. It also resultsin auseful computational method which
lifts the efficiency of computing the Ihara coefficients and will be discussed later on in
Section 4.5.

4.3 Permutation I nvariant

The structure of a hypergraph is invariant under permutations of nodes and hyperedge
labels. If we want to represent a hypergraph using a pattern vector, we should ensure
that the elements of the pattern vector are invariant to permutations of the vertex labels.

However, the incidence matrix is modified by the vertex order and hyperedge order, since
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the rows and columns are indexed by the vertex order and hyperedge order, respectively.
If we relabel the vertices, theincidence matrix undergoes a permutation of rows, and if we
relabel the hyperedges, the incidence matrix undergoes a permutation of columns. The
elements of the adjacency matrix and Laplacian matrix for a hypergraph can be labeled
by the vertex labels alone without taking into account the hyperedge labels. However,
these two kinds of matrices also undergo column and row permutations when the vertex
labels interchange. On the other hand, the hypergraph Ihara zeta function is invariant
to label permutations on both vertices and hyperedges. To prove this property, suppose
that H and Hp are the incidence matrices associated with two isomorphic hypergraphs
HG(V,FE) and HGp(V, E), respectively. Let the matrix Py, be the node permutation
matrix representing the change in node order between HG(V, E) and HGp(V, F) and
P the hyperedge permutation matrix representing the change in hyperedge order. Both
Py and Py, are orthogonal matrices and asaresult Py P, = 1, and PzPL = |, where |y,
and | ; are identity matrices of the same size of Py, and P, respectively. The permutation
relationship between the two incidence matrices can be denoted asH p = Py HPg. Thus,
the relationship between the adjacency matrix of HG p(V, E) and that of HG(V, E) is:

0 PLHTPY
Apc, = |E(HG)|X|E(HG))| E %4 _ PABGPT (4.5)
PyHPE Ov e x|vH)
where
PL 0
Ov(na)x|E(HG) Py

and P is an orthogonal matrix with the size of (|V(HG)| + |[E(HG)|) x ([V(HG)| +
[E(HG)]).
Suppose that the |hara zeta function for HGp(V, E) is.

Corp (1) = (1 — wX P det (v mey s izie) — Vilpa, + UQBGP)_I- (4.7)

Let S = det <| |V(HG)|+|E(HG)| — \/EABGP + UQBGP)’ then
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S = det (v ey +pme) — VuPApcP" + uPQpP")
= det (Pl |V(HG)|+|E(HG ‘P - \/_PAB(;P + UPQBGP )
= det [P( VHG)|+EHE) — VUABG + UQBG) ]

= det (v (mg)|+|pHe) — VUl + uQBG) (4.8)

Thus we have
Ciap () = (1 = u) P78 = (y(u). (4.9)
Therefore, the Ihara zeta function for a hypergraph and the characteristics derived

from it are invariant to the permutations of both the vertex labels and hyperedge labels.

4.4 Determinant Expression of the Ihara Zeta Function
for Hypergraphs

From the definition (4.2), it is clear that the Ihara zeta function for a hypergraph is the

reciprocal of apolynomial:
CH(U) = (Co + c1u + 4 cM_luM_l + C]V[UM)_I, (410)

where M is the highest order of the polynomial, of which the detail will be discussed
in Section 4.4.2. The polynomia coefficients cg, cs, . . ., c); are referred to as the Ihara
coefficients. Although the Ihara zeta function can be evaluated efficiently using (4.3),
the task of enumerating the coefficients of the polynomial appearing in the denominator
of the Ihara zeta function (4.3) is difficult, except by resorting to software for symbolic
calculation. To efficiently compute these coefficients, a different strategy is adopted. The
hypergraph isfirst transformed into an oriented line graph. The Ihara zetafunction isthen
the reciprocal of the characteristic polynomial for the adjacency matrix of the oriented

line graph.
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FIGURE 4.3: HYPERGRAPH FIGURE 4.4: BIPARTITE GRAPH.

EXAMPLE.

441 Oriented Line Graph

To establish the oriented line graph associated with HG(V, E'), we commence by con-
structing a |e;|-clique, i.e. clique expansion, by connecting each pair of vertices in e;
through an edgefor each hyperedgee; € E. Theresultinggraphisdenotedby GH (V, E¢).
It is important to stress that there are potential multiple edges between two vertices in
GH(V, Eg) if the two vertices are encompassed by more than one common hyperedge
in HG(V, E'). Suppose there are p hyperedges encompassing two verticesin HG(V, E).
Thep hyperedgesinduces p edges separately between thetwo verticesin GH (V, E¢). For
the example hypergraph in Figure 4.3, GH(V, E) isshown in Figure 4.5. In this exam-
ple, the edges belonging to the common clique are indicated by the same color while the
different cliques are colored differently. In the example, there are two edges between v,
and v colored differently, and these are induced by e3; and e, in the original hypergraph
in Figure 4.3, respectively.

For GH (V, E¢), the associated symmetric digraph DG H (V, E;) can be obtained by
replacing each edge of GH(V, E¢) by an arc (oriented edge) pair in which the two arcs
are inverse to one another. For GH (V, E) in Figure 4.5, the associated DG H (V, E,) is
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FIGURE 4.7: ORIENTED LINE GRAPH.
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shown in Figure 4.6. Finally, the oriented line graph of the hypergraph can be established
based on the symmetric digraph. The vertex set and edge set of the oriented line graph
are defined asfollows[91]:

Vo = Ea;
(4.11)
Eo = {(u,v);, (v,w); € Eg x Eq : i # j};

where the subscripts 7 and j denote the indices of the hyperedges from which the arcs
(u,v) and (v, w) are, respectively, induced.

One observation that needs to be made hereisthat the adjacency matrix A ; and Lapla-
cian matrix L i for a hypergraph introduced in Section 4.1.2 are in fact those of the graph
established on the clique expansion, but without an edge-weight attachment. These ma-
trix representations can induce ambiguities when representing relational structures with
different relational orders. This point isillustrated by the two hypergraphsin Figure 4.1,
which have the same clique graph and thus the same adjacency matrix and Laplacian ma-
trix. The reason for thisisthat the clique expansion only records adjacency relationships
between pairs of vertices and can not distinguish whether or not two edges are derived
from the same hyperedge. Thus the clique graph representations for a hypergraph may
result in the loss of information concerning relational order. However, the lhara zeta
function overcomes this deficiency by avoiding the interaction between any two edges
derived from the same hyperedge. Thisis due to the constraint in (4.11) that the connect-
ing arc pair induced by the same hyperedge in the original hypergraph can not establish
an oriented edge in the oriented line graph. On the other hand, if a pair of reverse arcs
in DGH (V, E;) areinduced by different hyperedgesin the original hypergraph, they can
establish a pair of reverse oriented edges in the oriented line graph. These properties are
illustrated in Figure 4.7, which shows the oriented line graph obtained by transforming
from the original hypergraph in Figure 4.3. From (4.11) it is clear that the vertices of the
oriented line graph are obtained from the arcs of the symmetric digraph. As a result we

can denote an arc in the digraph and its corresponding vertex in the oriented line graph
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using the same label. In Figure 4.6 the terminus of the arc e,4; points to the origin of the
arc egs. However, there is no oriented edge between vertices e;; and eyq in Figure 4.7.
The reason for thisisthat they are derived from the same hyperedge e in Figure 4.3. As
a result, the constraint prevents connections between any nodes with the same color in
Figure 4.7. On the other hand, there is a pair of reverse oriented edges (represented by
one linewith arrows on both ends) between e;;5 and e s in Figure 4.7. The reason for this
is that although e4;5 and egg are reverse arcs in Figure 4.6, they are induced by different
hyperedges, i.e. e; and e4, respectively, in the origina hypergraph in Figure 4.3. Thisis
the also the casefor e;; and ey in Figures 4.6 and 4.7. Asaresult of these properties, the
example hypergraphs in Figures 4.1(a) and 4.1(b), which have both the same adjacency
matrix and the same Laplacian matrix, produce oriented line graphs with totally different
structures as shown in Figures 4.2(a) and 4.2(b), respectively.

The adjacency matrix Ty of the oriented line graph is the Perron-Frobenius operator
of the origina hypergraph. For the (i, j)th entry of Ty, Ty(é,7) is 1 if there is one
edge directed from the vertex with label i to the vertex with label j in the oriented line
graph, and otherwise it is 0. Unlike the adjacency matrix of an undirected graph, the
Perron-Frobenius operator for a hypergraph is not a symmetric matrix. This is because
the constraint in (4.11) arises in the construction of oriented edges. Specifically, any two
arcsinduced by the same hyperedgein the original hypergraph are not allowed to establish
an oriented edge in the oriented line graph.

4.4.2 Characteristic Polynomial

With the oriented line graph to hand, the Ihara zeta function for a hypergraph can be

written in the form of a determinant [91] using the Perron-Frobenius operator:
Cr(u) =det(ly —uTy) " (4.12)
From (4.12) we can see that M in (4.10) is the dimensionality of the square matrix
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Ty.
The Perron-Frobenius operators of the hypergraphs in Figures 4.1(a) and 4.1(b) are,

respectively:
o 0 1 0 0 0
1 0 0 0 0 O
0o 1 0 0 0 O
The = ; Ty = 0.
o 0 0 0 1 0
o 1 1 0 0 1
o 0 0 1 0 0

Substituting the above Perron-Frobenius operators into (4.12), we obtain the lhara
zetafunctionsfor the hypergraphsin Figures 4.1(a) and 4.1(b) asfollows:

Cra(u) = (1 —2u® +ub) 71 (4.13)

Cap(u) = 1. (4.14)

The two functions have different forms and are thus available for distinguishing hy-
pergraphs with the same clique expansion. Thisagain verifiesthe validity of the Iharazeta
function in distinguishing hypergraphs which might cause ambiguities when traditional
matrix representations such as adjacency matrix and Laplacian matrix are used.

From (4.12), we can see that the reciprocal |hara zeta function for a hypergraph isin

fact the characteristic polynomial of the Perron-Frobenius operator, that is

Crt(w) = cu = (u— ) (4.15)
r=0 k=1

where )\, denotes the kth eigenvalue of the Perron-Frobenius operator T .
To establish pattern vectors from the hypergraph Ihara zeta function for the purposes
of characterizing hypergraphsin machinelearning, it isnatural to consider taking function

samples as the elements. Although the function values at most of the sampling pointswill
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perform well in distinguishing hypergraphs, there is the possibility of sampling at poles
(whenu = \;) giving rise to meaninglessinfinities. Hence, the pattern vectors consisting
of function samples are potentially unstable representations of hypergraphs, since the
distribution of the eigenvalues of T ;; and hence the poles are unknown beforehand.

The characteristic polynomial coefficientsin (4.10), i.e. the Ihara coefficients, do not
giverise to infinities. Furthermore, these coefficients relate strongly to the hypergraph-
structure since the I hara zeta function records information about prime cycles in the hy-
pergraphs. We use the Ihara coefficients as the el ements of the pattern vector for a hyper-
graph and then apply them to clustering hypergraphs. From (4.15) it is clear that the char-
acteristic polynomial coefficients are determined by the spectrum of the Perron-Frobenius
operator. Each coefficient can be derived from the elementary symmetric polynomials of

the eigenvalue set {\;, Ay, A3 ... } of T asfollows:

G=0=0" Y Ak Ay (4.16)

k1<ka< ... <kr

4.5 Numerical Computation

We can compute the Ihara zeta function values by using (4.3). However, to efficiently
compute the Ihara coefficients, we need to compute the characteristic polynomia of T
in (4.12) and thus obtain the function form in (4.10) to compute the coefficient set. How-
ever, the construction of the oriented line graph for a hypergraph is complicated and com-
putationally expensive. Furthermore, the eigencomputation on T 5 tends to induce large
values which often leads to floating point overflow errors. Therefore, the computation of
the Ihara coefficients from the characteristic polynomial of T isimpractical in real-world
situations.

To overcomethe deficiency of computing the Ihara coefficientsusing (4.12) and (4.16),
in this section, we develop a novel yet straightforward method which commences from

the associated bipartite graph. Instead of constructing the oriented line graph for a hy-
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pergraph, we establish the oriented line graph for the bipartite graph associated with the
hypergraph. The construction of the oriented line graph for a graph (at this stage for the
associated bipartite graph) is simply a special case of the procedures described in Section
4.4.1 as long as the hypergraph is 2-uniform. Considering the rational expression (4.3)

based on the associated bipartite graph, we have

(' (w) = Zpa(Vu) = det(l pe — VuTpe) (4.17)

where T ¢ is the Perron-Frobenius operator of the associated bipartite graph, of which

the reciprocal |hara zeta function is represented as

Zpsw)= ] (1—u)

pE€Ppa

_ (1 _ ulpﬂ) (1 _ u\pzl) (1 _ u\Pal) oo (4.18)

where p; is the ith prime cycle in the set Pz of prime cycle equivalence classes of the
bipartite graph. Note that every prime cycle in a bipartite graph has an even length, i.e.
|p;| is@ways an even number for abipartite graph. Let {¢, ¢, é2, 3, ¢4, &5, Cg . . . } denote
the Ihara coefficient set for the bipartite graph. It is clear that Z5;,(u) is a polynomial
with the odd coefficients equal to zero, that is

Zne(u) = det(I pg — uTpe)
= 50 + 51U + Eguz + E3u3 + 64u4 + 55’&5 + 56’&6 4+ -
= &y + 0u + éu® + 0u? + équ + 0u’® + Ggul + - -

= Gy + ot + Gut + Egul + - - . (4.19)

Therefore, if we take /u as the argument of the Ihara zeta function of the bipartite graph
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instead of v, we have

' (w) = Zpa(vVu)
= det(l ¢ — VuTpa)
- (1 _ (\/a)lpll) (1 — (\/a)\pzl) (1 — (\/a)\ps\)
= G+ 0v/u+ &(Vu)? + 0(Vu)’ + &(Vu)* + 0(Vu)® + E(vu)® + -
= &y + Cou + Gqu® + Egud + - - -

=co+ cru+ cou® + czud + - - - (4.20)

Aswe can seefrom (4.20), the polynomial coefficientsof the hypergraph can be efficiently
obtained by selecting just the even-indexed Ihara coefficients of the associated bipartite
graph. Suppose {1, X2, \; ... } isthe eigenval ue set associated with T ¢, then each |hara

coefficient can be computed as

Cr = 527, = Z 5\]§15\]€2 ;\k2r71/~\k2r' (421)

ki1<ko< ... <kor_1<kor

The high computational overheads associated with T are due to the large size of the
matrix Tg. On the other hand, T s overcomes this drawback since it is much smaller
in size than Ty, especialy for hypergraphs with large hyperedge cardinalities. The
size of the Perron-Frobenius operator of a nonuniform hypergraph tends to be difficult
to enumerate. Here we thus use the K-uniform hypergraph, i.e. hypergraph with ev-
ery hyperedge containing K vertices, for analyzing the computational complexity of the
Perron-Frobenius operators Ty and Tgg. Suppose there are in total NV hyperedges in
the K-uniform hypergraph. To obtain Ty, the clique expansion and its digraph of the
K-uniform hypergraph need to be established according to the transform introduced in
Section 4.4.1. This procedure produces an oriented line graph with K (K — 1) N vertices
and a Perron-Frobenius operator of size (K — 1) KN x (K — 1)K N. Toobtain T z¢, the
bipartite graph and its digraph of the K -uniform hypergraph need to be established. This
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procedure produces an oriented line graph with 2K N vertices and a Perron-Frobenius
operator of size2KN x 2K N. For uniform hypergraphs K is greater than 2, and the
relation aways holds for 2K N < (K — 1)K N. Asaresult, the size of T g is smaller
than that of Ty aslong as K > 3. Additionally, the computational complexity of obtain-
ing the Ihara coefficients is governed by the eigendecomposition of the Perron-Frobenius
operator. Thisrequires O(n?) operations where n is the size of the Perron-Frobenius op-
erator. Therefore, the computational overheads of eilgendecomposition on T 3, are lower

than those of T.

4.6 Experiments

Our experiments are aimed at evaluating both the effectiveness and efficiency of our pro-
posed method. In Section 4.6.1, we test our proposed method on real-world data with the
aim of assessing the representational power of the Ihara coefficients for hypergraph char-
acterization. In Section 4.6.2, we measure the computational overheads of our numerical
method for computing the hypergraph Ihara coefficients (presented in Section 4.5) and
compare it with the original method based on the Perron-Frobenius operator T 5.

4.6.1 Hypergraph Clustering

In this subsection, we evaluate the effectiveness of the Ihara coefficients in clustering
hypergraphs. Specifically, we assess whether the hypergraph Ihara coefficients can be
embedded into a pattern space that reveals their cluster structure. We also compare the
method based on hypergraph lhara coefficients with the spectral characterization of hy-
pergraphs.

This subsection is divided into two parts. Firstly, we introduce a hypergraph extrac-
tion method based on high-level feature points of images. Secondly we test our proposed
hypergraph characterization method on hypergraphs extracted from 2D different views of
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3D objects. Both qualitative and quantitative evaluations are made to verify the effective-

ness of the proposed method.

Hypergraph Representation of Objects

To the best of our knowledge, Bretto et al. [11] were among the first to propose the use
of hypergraph-based image representations. In their work, they incorporate the inten-
sity values of picture elements into the neighborhood description for edge detection and
denoising. However, this representation is low level pixel-based and is computationally
burdensome.

Here we adopt a high-level hypergraph representation, i.e. feature hypergraph, based
on feature points, rather than the pixel contents of an image. The hypergraph associated
with one object is established with m vertices and m hyperedges, where m is the cardi-
nality of the feature point set V' = {vy, vy ... v, } extracted from the object. Each feature
point is represented by one vertex in the hypergraph and therefore the feature point set is
identical to the hypergraph vertex set (denoted by V7). Each hyperedge is specific to one
vertex, which we define as the seed of the hyperedge.

To determine the elements of each hyperedge in addition to the seed, we measure the
similarities between the intensities of the seed and of the other vertices which lie in the
spatial neighborhood of the seed. This confines the extent of the hyperedge. Let c(v;)
denote the spatial coordinate of the feature point v; in animage, /(v;) denote the intensity
of v;, ®;; be afixed value which represents the distance threshold for neighborhood, and
®;, be the similarity threshold between the vertex intensities. The similarity threshold
®,, could be either afixed value or calculated in an adaptive manner. In our experiments,
we adapt the threshold @, so that it is equal to the standard deviation of the intensities of
the neighboring feature point

%:m\/ > - Iw)F 422




(c) COIL.

FIGURE 4.8: DATASETS.
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FIGURE 4.9: HYPEREDGES ENCOMPASSING THE SELECTED FEATURE POINT IN THE

MQOVI| HOUSE IMAGES.

FIGURE 4.10: HYPEREDGES ENCOMPASSING THE SELECTED FEATURE POINT IN THE

TOY LOBSTER IMAGES.
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(a) -15°

(e) 5° (h) 20°

FIGURE 4.11: HYPEREDGES ENCOMPASSING THE SELECTED FEATURE POINT IN THE

TOY DUCK IMAGES.

where N ;g i1Sthe number of feature points in the neighborhood of the feature point v;.
The association of the vertex v; to the hyperedge £(v;) derived from the seed v; is

determined as follows

€ E(vy) if [lc(vi) — c(vy)|| < @y andif [ I(v;) — I(vy) [< Pjo;
v; (4.23)
¢ E(v;) otherwise.

Thefirst condition confines one set of candidate verticesto the spatial neighborhood of
the seed. The second condition selects a set of candidate vertices satisfying the similarity
constraint. The intersection of the two sets constitute one hyperedge. We refer to the
hypergraph established in (4.23) as the feature hypergraph of an object.

Theincidence matrix of the feature hypergraph is hence of sizem xm. Theith column

represents the hyperedge derived from v;, and the jth row corresponds to vertex v;. Thus
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the element of incidence matrix is denoted as

(4.24)

Wi ) L if [Je(vs) — c(vy)|| < @y and if | I(v;) — I(v)) |< Pjo;
1,7)=
0 otherwise.

This strategy for extracting hypergraphs from images is smilar to the method in-
troduced in [11], where the common feature of these two methods is that the adaptive
similarity threshold is used to capture the local variance. The main difference between
them is that the hypergraphs established in [11] are based on al the pixels in an image
and is a low-level visual representation. The hypergraphs thus obtained tend to be large
in size and induce expensive computational overheads. Our method, on the other hand,
is based on feature points rather than the complete image pixel set and is a high-level
representation. We establish hypergraphs with reasonably small sizes, which are easy to
compute and process.

In our experiments on real world data, we extract hypergraphs from 2D image se-
quences of 3D objects. The first set of hypergraphs are extracted from house images in
the CMU, MOVI and Chalet sequences (samples are shown in Figure 4.8(a)), the second
set are extracted from images of three toys (samples are shown in Figure 4.8(b)), and
the third set are extracted from images of eight objectsin the COIL dataset (samples are
shown in Figure 4.8(c)). In these datasets, the pictures for each object are taken from
different view angles. There are ten pictures taken for each model house, thirty pictures
for each toy, and seventy two pictures for each object in the COIL database. To establish
hypergraphs on the objects, we first extract feature points using the Harris detector [39]
asthe vertices of hypergraphs. For each image, we construct the feature hypergraph using
the method presented in this subsection. Here the neighborhood threshold ¢ ;; is set to be
1/4 the size of theimage, and similarity threshold @ ;, is computed using (4.22). We visu-
alize one object of each dataset by sequencing eight of its consecutive images in Figures
4.9, 4.10 and 4.11 separately. The eight views of the toy lobster in Figure 4.10 are taken

consecutively with interval 3°. The eight views of the toy duck in Figure 4.11 are taken
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consecutively with interval 5°. In Figures 4.9, 4.10 and 4.11, the feature points extracted
by the Harris detector are super-imposed on the images. Here we highlight an example
seed vertex as a circled green asterisk. Those vertices belonging to the same hyperedge
spanned by the seed vertex are shown as uncircled green asterisks. The remaining feature
points are shown as red dots. From the examplesin the different sequencesit is clear that

the hyperedge is generally stable under the change of viewpoint.

Hypergraph I hara Coefficientsfor Clustering

We evaluate the effectiveness of the Ihara coefficientsin clustering hypergraphs extracted
from the different image sequences in Section 4.6.1. We use this problem as an appli-
cation vehicle to demonstrate the utility of our hypergraph characterization. It must be
stressed that our encoding of image feature arrangements does not necessarily represent
the optimal way to use this information, and much research remains to be done to define
how the information can be used in an optimal way. Moreover, the imagery used in our
study does not necessarily provide a demanding test of the method. However, the data
has been used in a number of earlier studies [16][103] of graph-based method for object
view clustering. In fact the object recognition problem posed by the imagery is quite
straightforward and could probably be solved using very simple image statistics such as
gray-scale or color histograms. Nonetheless, it must be stressed that our representation
based on the Ihara zeta function provides a characterization of the arrangement of image
features that is invariant to trandation, rotation and scaling. We stress that the literature
on image representation using hypergraphsis still initsinfancy and littleisavailable as a
standard of comparison or benchmark.

We commence by exploring which coefficients provide the strongest discrimination
between the hypergraphs for the different object classes. To do this, we compute the
between-class scatter S, = >°_| D;(¢.; — &)? and the within-class scatter S, = 3.1

Z%M e, (Cryig — ¢r.i)? of theindividual coefficients, where ¢, isthe mean of the samples
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for coefficient ¢, ¢, is the mean of the samples for ¢, in class C;, D; is the number of
samplesin class C; and U isthetotal number of classes. We then use the criterion function
Jo = (Sy + Sw)/Sw to evaluate the performance of the individual coefficients. Figure
4.12 illustrates the function values of .J for the beginning and trailing hypergraph Ihara
coefficientsfor the house dataset. For thetrailing coefficients, the criterion function values
for both the original coefficients and the natural logarithm scaled coefficients are plotted.
It is clear that the natural logarithm scaled trailing coefficients are more distinctive than
the origina trailing coefficients and the leading ones, and there is a tendency that the
leading coefficients are more discriminativethan the intermediate ones. Figure 4.13 shows
the logarithm of the coefficient standard deviation as a function of coefficient index. Itis
clear that the standard deviation of the trailing coefficients is many orders of magnitude
larger than that of the leading coefficients. It isfor thisreason that we re-scale the trailing

coefficients by taking the natural logarithm in our experiments.
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FIGURE 4.12: CRITERION FUNCTION FIGURE 4.13: VARIANCE OF THE COEF-

VALUES FOR THE HOUSE DATASET. FICIENTS FOR THE HOUSE DATASET.

We compute the lhara coefficients for a hypergraph as described in Section 4.5 and
construct a pattern vector of theform ¢ = [c3, ¢4, In(|ear—s|), In(|ear—2|), In(|ear—1]),
In(|cas|)]*. The reason for which we choose ¢; and ¢, as elements of the pattern vector is

twofold. First, these two coefficients are more discriminativethan the intermediate ones as
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illustrated in Figure 4.12. Second and more importantly, c3 and ¢, straightforwardly refer
to some structural characteristics of the associated oriented line graph (i.e. ¢3 isnumber of
triangles and ¢, that of squares[49][79]). The last four components of the pattern vector
are scaled in alogarithmic way to avoid problems of dynamic range. The other trailing
coefficients are not taken as pattern vector elements due to their big values and great
variance. For comparison, we use the truncated spectra of the L aplacian matrix introduced
in Section 4.1.2 and the normalized Laplacian matrix described in [112]. The normalized
L aplacian matrix of ahypergraphisdefinedasLy = Iy|—D;"/?HD.H” D, /2, where D,
isthe diagonal vertex degree matrix whose diagonal element d(v;) isthe summation of the
ithrow of H, and D, isthe diagonal vertex degree matrix whose diagonal element d(e; ) is
the summation of the jth column of H. We take the second through to the seventh smallest
eigenvalues of the Laplacian matrix, i.e. 77, = [\Y, AL, ALo A0 AL, AL]T, and those of
the normalized Laplacian matrix, i.e. Tny = [AYL, AYE, AVLANEANE ANLT asthe
elements of pattern vectors. Figure 4.14 shows the Euclidean distance matrix for the three
different pattern vectors, i.e. the truncated normalized Laplacian spectra, the truncated
L aplacian spectra and the Ihara coefficients, on the House sequences. From Figure 4.14
it is clear that the truncated normalized Laplacian spectral vectors do not yield a strong
block structure while the remaining two methods provide much better results. Figure
4.15 shows the PCA projections of the three different hypergraph pattern vectors for the
Chalet house images. We explore whether the projection preserves the ordering of views
which were obtained as the camera panned around the object. Each point in the pattern
space is marked with a view number which corresponds to the order of the camera angle
and the line connects consecutive object views. It is clear that the normalized Laplacian
spectral method yields an erratic trgjectory and the Laplacian spectral method provides a
dlightly clearer trajectory but isstill hard to track. On the other hand, the I hara coefficients
produce a smoother trgjectory and the neighboring images in the sequence are generally

Euclidean neighborsin the eigenspace.
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Figures 4.16(a), 4.16(b) and 4.16(c) illustrate the behavior of the leading non-zero
eigenvalue of the normalized L aplacian matrix, the largest (final) eigenvalue of the Lapla-
cian matrix and the final Ihara coefficient, respectively, of the first four objects in the
COIL dataset. The four dotted lines represent the four objects separately. From Figure
4.16 it is clear that the second smallest eigenvalue of the normalized Laplacian matrix
results in an overlap of all four objects. The largest eigenvalue of the Laplacian matrix
results in an overlap for objects 1 and 2. On the other hand, when the final Ihara coef-
ficient is used, the different objects are well separated. This reveals the potentia of the
I hara coefficients as a means to effectively cluster objects.

We then embed the three different pattern vectors for hypergraphs extracted from the
house sequences, the toy dataset and the COIL dataset into a three-dimensional space
using PCA for the purposes of visualization. Figure 4.17 shows the results for the three
classes of model houses. Figure 4.18 shows the results for the three classes of toys.
Figures 4.19 shows the results for the first four objectsin the COIL dataset. From Figures
4.17,4.18 and 4.19 it isclear that the I hara coefficients produce the best clusters, whilethe
truncated normalized L aplacian spectra perform the worst of al among the three methods.

To take the quantitative evaluation of the pattern vectors one step further, we concen-
trate our attention on the COIL dataset, and evaluate the clustering performance obtained
with different numbers of object classes. We compare the hypergraph Ihara coefficients
with alternative hypergraph based methods (L aplacian spectra and normalized Laplacian
spectra) as well as the method of spatial envelope [63]. Unlike the hypergraph based
methods which use a high-level representation for visual information, the spatial enve-
lope is alow-level pixel-based approach that represents the dominant spatial structure of
a scene. For comparison, we first perform PCA on the pattern vectors established by
using different methods. We then locate the clusters using the K'-means method and cal-
culate the Rand indices for the resulting clusters. The Rand indices for the three methods

are listed in Table 4.1. From Table 4.1 it is clear that the Ihara coefficients outperform
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Number of Object Classes

Pattern Vector
5 6 7 8
Spatial Envelope 0.7762 0.6775 0.7141 0.6944
Truncated Normalized Laplacian Spectra 0.7323 0.7074 0.7650 0.8030
Truncated Laplacian Spectra 0.8574 0.8564 0.8454 0.8449
Ihara Coefficients 0.9355 0.8859 0.8716 0.8812

TABLE 4.1: RAND INDICES.

the alternative two spectral methods as well as spatial envelope for all numbers of object

classes studied.

4.6.2 Computational Evaluation

In this subsection, we evaluate the computational efficiency of the algorithms for com-
puting the hypergraph Ihara coefficients, and reveal the relationship between their com-
putational overheads and the structural complexity of the associated graphs. The algo-
rithms are tested on synthetic K -uniform hypergraphs, though the Ihara coefficients ap-
ply to nonuniform hypergraphs as well, because their structural complexity is easier to
manipulate than randomly generated nonuniform hypergraphs. Each of the agorithms
investigated were programmed using 32bit Matlab 2007a and run on a 2.40 GHz Intel(R)
Core(TM)2 CPU with 3.24 GB of RAM.

We commence by computing the hypergraph Ihara coefficients for a set hypergraphs
with just one hyperedge and varying the number of vertices from 2 to 80. In other words
we investigate the effect of varying the relational order. The time required to compute the
coefficients based on the Perron-Frobenius operator T generated from the original hy-
pergraph and the Perron-Frobenius operator Tz generated from the associated bipartite
graph are plotted separately as a function of relational order K (i.e. number of vertices
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FIGURE 4.14: DISTANCE MATRIX.
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participating in a hyperedge) in Figure 4.20. As the vertex cardinality of the hypergraph
becomes larger from 2 up to 80, the time required to compute the coefficients based on
Ty grows exponentially. However, the time required to compute the coefficients based
on T g remains amost constant with increasing size of the relational order. Thus the

computing time of the T z-based method is less sensitive to relational order.

120H | ——T,,

24— Ty

100

80

60

Time/s

40

20

FIGURE 4.20: COMPUTING TIME FOR THE HYPERGRAPHS WITH ONE HYPEREDGE.

We then test the T 5-based and T z;-based methods on K -uniform hypergraphs. We
fix the vertex cardinality to 10 and establish K -uniform hypergraphs with the relational
order K varying from 2 to 9. We confine the hypergraph established at each relational
order to be complete, i.e. the hyperedges are the set of combinations of K different
vertices. The total number of hyperedges, the total number of vertices of the oriented
line graph generated from the original hypergraph, and the total number of vertices of
the oriented line graph generated from the associated bipartite graph for each K -uniform
hypergraph are shown in Figure 4.21. For the same K-uniform hypergraph, the vertex
cardinality of the oriented line graph generated from the origina hypergraph is greater
than that from the associated bipartite graph.

The computing time for the methods based on the original hypergraph and the associ-
ated bipartite graph, i.e. Ty and T g respectively, are plotted separately as a function of
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relational order K in Figure 4.22. For K-uniform hypergraphs, the trend for the comput-
ing time for the T ;;-based method is close to that of the vertex cardinality of the oriented
line graph generated from the original hypergraph. Thisis also the case for computing
timefor T z,-based method and the vertex cardinality of the oriented line graph generated
from the associated bipartite graph. Since the vertex cardinality of the former is greater
than that of the latter, our proposed T z,-based method is certain to have lower computa-
tional overheads than the original method based on T . Thisis supported by the results
shown in Figure 4.22 and also accords with the complexity analysis presented in Section
4.5.

7000 T T T T T T T T 3000

—— Vertices for T,,
6000 2 Vertices for T, -

2500

Hyperedges

5000 -
2000 -

4000
1500

Number
Time/s

3000
1000
2000
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FIGURE 4.21: QUANTITIES IN THE REP- FIGURE 4.22: COMPUTING TIME FOR

RESENTATION. THE K-UNIFORM HYPERGRAPHS.

To evaluate the computational overheads of the algorithms for hypergraphs extracted
from real-world images, we investigate the computing time of the T ;- and T ;-based
methods for the image sequence in Figure 4.11. Hypergraphs are constructed for the
images as described in Section 4.6.1. The number of vertices and the average hyperedge
cardinality for each hypergraph are presented in Table 4.2. Figure 4.23 illustratesthe com-
puting time for both methods. It is clear that the T z-based method is significantly more
efficient than the T -based method for hypergraphs extracted from real-world images.
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Image @ @ (© @d @ & h O
Number of vertices 40 33 39 39 39 3FH H#A 36
Average hyperedge cardinality 8.33 7.48 7.79 8.08 7.72 6.23 6.65 6.69

TABLE 4.2: SIZE OF HYPERGRAPHS EXTRACTED FROM IMAGES IN FIG .4.11.
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FIGURE 4.23: COMPUTING TIME FOR THE HYPERGRAPHS EXTRACTED FROM THE

IMAGES OF THE TOY DUCKS.

4.7 Summary

In this chapter we have performed a characteristic polynomial analysis on hypergraphs
and characterize (nonuniform) unweighted hypergraphs based on the Ihara zeta function.
We have used the I hara coefficients as the elementsin the pattern vector for a hypergraph.
We have also introduced an efficient method for computing the Ihara coefficients based
on the associated bipartite graph. The Ihara coefficients are capable of distinguishing
relational orders and thus can avoid the ambiguities caused by the hypergraph Laplacian.
Experimental results show the effectiveness of the proposed method.
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Chapter 5

High Order Structural Matching Using
Dominant Cluster Analysison a Direct

Product Hypergraph

The idea described in this chapter is to extend the main cluster method of Leordeanu and
Hebert [50] for graph matching and its generalization for high order matching [28], by us-
ing dominant cluster analysis (DCA) on a direct product hypergraph (DPH). For brevity
we refer to the resulting algorithm as DPH-DCA. The novel aspect of our work resides
in the use of the new concept of dominant cluster to develop an algorithm that not only
outperforms the state-of-the-art methods but also satisfies the basic axioms of probabil-
ity. We also present a method for initializing our algorithm that can be used to suppress
outliers. Thisimprovesthe matching performance of our method, and comparable results
can not be achieved by using alternative high order matching algorithms [28][110]. Fur-
thermore, we justify our DPH-DCA framework in terms of evolutionary game theory, and
hereby observe that the optimal solution obtained by DPH-DCA achieves a Nash equi-
librium subject to the Karush-Kuhn-Tucker (KKT) conditions. It is important to stress

that we disregard the situation where feature labels are used as a reference for matching
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(e.g. [14][108]) in the thesis. Instead, we concentrate our attention on the more challeng-
ing matching problem in which the only available information are the internal structural
relationships between features within a set.

5.1 Problem Formulation

We consider the problem of matching two sets of features both with high order relation-
ships. In each feature set, we refer to a subset of K elements as a K -tuple, and the Kth
order relationshipswithin the set are described in terms of measuring the similarity of each
K-tuple. We thus represent the set of Kth order feature relationships by a K -uniform hy-
pergraph HG(V, E'), whose hyperedges have identical cardinality &'. Each vertex v; € V
in the K-uniform hypergraph HG(V, E') represents one element in the feature set. Each
hyperedge ¢; € E represents one K-tuple {v;,,--- ,v;,. } € V and the weight attached
to each hyperedge represents the similarity measure on the K '-tuple encompassed by the
hyperedge. For simplicity, we denote a vertex v; by itsindex i in the remainder of our
work. The K-uniform hypergraph HG(V, E) can be represented as a Kth order tensor
H, whose element 1, ... ;,. isthe hyperedge weight if there is a hyperedge encompassing
the vertex subset {i,--- ,ix} € V, and zero otherwise. The problem of matching two
feature sets both constituted by K'th order relationships can then be transformed to that
of matching the two associated K -uniform hypergraphs HG(V, E) and HG'(V', E"). To
this end, we establish a high order compatibility tensor C, i.e. compatibility tensor, for
HG(V,E)and HG'(V', E'). The elements of the K'th order compatibility tensor C are

defined as follows

0 if Hil,"'JK =0or Hz/’l = 07

i
Cirit o iy, = / . K (5.2)
S(Hiy g Hlilk) otherwise;
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where s(-, -) is afunction that measures the similarity between a pair of hyperedges, and
there are many aternative methods that are available in literature to define the func-
tion. In our study, we adopt the definition s(H,, ... i\, Hfg,---,z';{) = exp(—||Hiy ix —
Hj, . |13/01) where o, is a scaling parameter. This function derives from the Gaus-
sian kernel for measuring similarity between features and has been widely used in the
matching scenario [25][28][50]. Each element of the compatibility tensor C represents
a similarity measure between the two corresponding hyperedges. The hyperedge pair
{i1, -+ ,ig} and {i},--- i} with a large similarity measure has a large probability
Pr({iy, -+ ,ix} <> {d}, - ,i%}|H, H') for matching. Here the notation «» denotes a
possible matching between a pair of hyperedges or a pair of vertices. Under the condi-
tional independence assumption of the matching process [110], the probability for hyper-
edge correspondence can be factorized over the associated vertices of the hyperedges as

follows

K
Pr({iy, -+ ik} < {i},- -+ ix}{HG, HG') = [ [ Pr(in > i, |HG, HG') ~ (5.2)

n=1
where Pr(i,, <> i, |HG, HG') denotes the probability for the possible matching i,, <>
ir, to be correct. For two hypergraphs HG(V, E) and HG(V', E') with |V]| = N and
|[V'| = N’ respectively, we denote their N x N’ matching matrix by P with the (¢, i")th
entry P,y = Pr(i «+» ¢|HG, HG"). According to (5.2), high order matching problems
can be formulated as locating the matching probability that most closely accords with
the elements of the compatibility tensor, i.e. seeking the optimal P by maximizing the

following objective function
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N N N N
f(P) = Z Z Z Cisit it Pr({in, -+ yir} < {iy, - ik HHG, HG')
in=1¢=1  ixg=1i. =1
N N N N’ K
- Z N Z Z Cirit il H P, (5.3)
in=1¢=1  ig=1i. =1 n—1

subjectto Vi, j, P; > 0and SN S0 P, = 1. The objective function (5.3) is the cor-
relation between the hyperedge similarity C', i ... ;,.» and the K -wise product Hff:l P
for vertex correspondences. It isanatural extension of the objective function that is com-
monly used in classical pairwise matching algorithms such as softassign [35]. It gener-
alizes the relationa order from two to an arbitrary high order K. This formulation has
also been adopted in tensor power iteration for higher order matching [28]. However, the
difference between our method and the existing algorithmsis that we restrict the solution
of (5.3) to obey the the fundamental axioms of probability, i.e. positiveness and unit total
probability mass. This constraint not only provides an alternative probabilistic perspec-
tivefor hypergraph matching, but also proves convenient for optimization. We denote the
optimal solution matrix of (5.3) by P with the (4,4")th entry Dy = 13r(z' ~ |HG, HG').
We refer to Pr(i <+ /| HG, HG') as the matching probability for vertex i and i’. The set
of matching probabilities {Pr(i «» #|HG, HG")|i € Vi € V'} maximizing (5.3) indi-
cate how likely it is that each correspondence is correct according to structural similarity
between the two hypergraphs HG and HG'.

On the other hand, we also observe that the objective function (5.3) can be justified in
terms of evolutionary game theory. In this regard we will further describe how the pro-
cess of optimizing (5.3) achieves a Nash equilibrium subject to the Karush-Kuhn-Tucker
(KKT) conditions. This observation provides a different perspective for understanding
the principles underlying our high order matching framework. The details regarding the
evolutionary game theoretic interpretation will be presented in Section 5.4.

Oncethe set of matching probabilities satisfying (5.3) are computed, correspondences
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between vertices drawn from HG and HG' can be established. Matchings with a zero
probability are the least likely correspondences, and matchings with nonzero probabilities
tend to be those with significant similarity between their structural contexts. Our amisto
seek the subset of possible correspondences with non-zero matching probabilities which

satisfy (5.3), that are subject to the one-to-one matching constraint.

5.2 High Order Matching AsDominant Cluster Analysis
on a Direct Product Hypergraph

In this section we pose the high order relational matching problem formulated in (5.3)
as one of dominant cluster analysis (DCA) on a direct product hypergraph (DPH). We
commence by establishing a direct product hypergraph for the two hypergraphs, which
separately represent the two sets of high order features to be matched. Optimal matching

can be achieved by extracting the dominant cluster of vertices from the direct product

hypergraph.

5.2.1 Direct Product Hypergraph

The construction of adirect product hypergraph for two /& -uniform hypergraphsis agen-
eralization of that of the direct product graph [97], which can be used to construct kernels
for graph classification. We extend the concept of a direct product graph to encapsulate
high order relations residing in a hypergraph and apply this generalization to hypergraph
matching problems. For two K-uniform hypergraphs HG(V, F) and HG'(V', E'), the
direct product HG  is ahypergraph with vertex set
Vi ={@,)|ie V,i' e V'}; (5.4)
and edge set
Ey = {{(2172,1) e (Z.Kﬂ.,K)}l{ilv T 7iK} S Ev {lev T 72,[(} S E,}' (55)
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The vertex set of the direct product hypergraph H G consists of Cartesian pairs of
vertices drawn from HG and HG' separately. Thus the cardinality of the vertex set of
HGy is|Vi| = |V||V'| = NN'. The direct product hypergraph HG is K-uniform,
and each K -tuple of verticesin HG . is encompassed in a hyperedge if and only if the
corresponding vertices in HG and HG' are both encompassed by a hyperedge in the
relevant hypergraph. Each hyperedge in a direct product hypergraph is weighted by the
similarity between the two associated hyperedges from HG and HG'. Two example
hypergraphs and their direct product hypergraph are shown in Figure 5.8 and Table 5.2
respectively.

e, e €y

X

FIGURE 5.8: TWO EXAMPLE HYPERGRAPHS (LEFT AND RIGHT).

Hyperedgeindex | 1 | 2 | 3|4 | 5|6 |7 (8|9 ]10|11 12
1111712/ (12" | 13| 13" |12/ | 12" | 13" | 13" | 14" | 14’
Vertex indices | 2223 |21'|23"| 2172223 24" |22"| 24| 22|23
3332333132 | 31" 34" |33 | 34" | 32" |33 | 32

Hyperedge weight s(eq, eyr) s(ey, ex)

TABLE 5.2: DIRECT PRODUCT HYPERGRAPH OF THE TWO HYPERGRAPHS IN FIGURE

5.8. (FOR SIMPLICITY WE INDEX EACH VERTEX (i,i’) € Vi BY ii'.)

In Table 5.2 we can see that thereisno hyperedge encompassing {(1, 1'), (2,2'), (3,4")}
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in the direct product hypergraph. Thisisbecause {1’,2’, 4’} is not encompassed by a hy-
peredge in the right example hypergraph in Figure 5.8 .

Furthermore, from our definition of direct product hypergraph, it is clear that the com-
patibility tensor C defined in (5.1) isin fact thetensor C . associated with the direct product
hypergraph HG . for HG and HG'. Every possible matching i <+ ¢’ is associated with
the vertex (i,4") in HG . For simplicity we let « denote the vertex represented by the
Cartesian pair (7,4'), and let D denote the subset of verticesin HG . which represent the
correct vertex matching for HG and HG'. We denote the probability for the vertex «
belonging to D by Pr(a € D|HG ). For adirect product hypergraph with N, vertices,
we establishan N, x 1 vector p with the ath element p, = Pr(a € D|HG ). With these
ingredients the optimal model satisfying the condition (5.3) reduces to

N Ny K
p= arg’r)nax Z e Z Coy g Hpan (5.6)
n=1

a;=1 ax=1
subject to the constraints Vo, p, > 0 and Zfﬁl po = 1. According to (5.6), zero proba-
bility will be assigned to the vertices that do not belong to D. We refer to the probability
ﬁr(a € D|HGy) = p, where p, isthe ath element of the vector p satisfying the opti-
mality condition in (5.6) as the association probability for the vertex «. Therefore, the
matching problem can be solved by extracting the cluster of vertices with nonzero asso-

ciation probabilitiesin the direct product hypergraph.

5.2.2 Dominant Cluster Analysis

In this subsection, we present a route to obtaining the optimal matching by clustering the
vertices in the direct product hypergraph. Drawing on the concept of the dominant set
in agraph [64] and its game theoretic generalization [ 73], we commence by defining the

average similarity of a subset of verticesin the direct product hypergraph.
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Definition 1. The average similarity of a subset I7X of vertices in a K-uniform direct

product hypergraph HG . (Vi E) isdefined as

K
S(VX) = Z Con o ax H W, (5.7)
n=1

{ar,ax}cVx
subject to the positiveness constraint w,, > 0 for a € V., and the normalization constraint
Zaevx w, = 1, where C,, ... o, iSthe element of the tensor C,, for HG (Vi Ey), the
set {a, -+, ok} representsa K-tuplein V.., and w, is the association weight assigned

to the vertex .

Theorem 1. For a K-regular direct product hypergraph HG . (V, Ey), if we set the
association weight of a vertex equal to the association probability, i.e. w, = 13r(a €
D|HG ) which maximizes the objective function (5.6), the subset of vertices with non-
zero weights have the largest average similarity over all possible subsets of vertices and

all possible vertex weighting assignments.

Proof. Let XA/X C V, denote the vertex subset that is associated with non-zero association
probabilities, then we have the following propertiesfor a € V., and the subset V.

1) Vo € ‘A/X,wa = ﬁr(& € DIHG) > 0;

i) Vo ¢ XA& and o € Vi, w, = ﬁr(& € DIHG) = 0.

As aresult of these two properties, the average similarity of Vi is

K
STy = S Caan [
n=1

{al,---,aK}C‘,}x
Ny Ny K
=> Y Carreax || Pr(e, € DIHG) (5.8)
a;=1 ag=1 n=1
Equation (5.8) holds because for any K -tuple including one vertex a.,, ¢ V, theterm
Coay oo 112, Pr(ev, € D|HG,,) isequal to zero.
It is clear that the average similarity of V. is associated with the optimal solution of

(7), which runs over al possible weighting assignments. Asaresult, the subset of vertices
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with non-zero association probabilities as weights have the largest average similarity over

all possible subsets of vertices and all possible vertex weighting assignments. O

Definition 2. A dominant cluster for a direct product hypergraph isthe subset of vertices

whose association probabilities are not zero.

Based on Definitions 1 and 2 and Theorem 1, it is clear that the problem of high order
matching can be straightforwardly transformed to a process of extracting the dominant
cluster from the direct product hypergraph. We refer to this process as dominant cluster
analysis on adirect product graph (DPH-DCA).

Let w denote a vector with the ath element w,. According to the iterative technique
for maximization reported in [5], the maximization of a homogeneous polynomial g(w)
with the constraints that Vo, w, > 0 and ) w, = 1 can be achieved by applying the

following update until converged

Nx
Wit = W, 8§IL(UW) /Z w(ﬁ)% Va. (5.9
o 5=1

In the matching scenario, we define g(w) = S0 - S22 Co, oy [Ty Wa, - AC-

cording to the definition of the compatibility tenor in (5.1), Cy, ... o, = 0ifinay, - ax
thereisapair of indices equal to each other. Asaresult, the partial derivative of g(w) can

be computed as follows

dg(w) = .
) k S Y Coson ,HQMQ" (5.10)

0(2:1 aK:1
Substituting (5.10) into (5.9), we can easily perform DPH-DCA by applying the following

update until convergence is reached

Nx Ny K
new Wq ZQQZI e 'ZaKzl Coaz,ax [ [nes Wan
Wi = — T - - (5.11)
25=1 wg 252=1 U Z,@K=1 Cﬂ,ﬁz,wﬂx Hn:2 wa,
At convergence we obtain the optimal weight vector W = [y, Wy, - - - , Wy, |*, With

the ath component w,, representing the the optimal association weight for the vertex «
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belonging to the dominant cluster D. Since « isthe simplified donation for the Cartesian
pair (i,4"), w, aso represents the optimal score for i <+ i’ to be a correct matching. In
other words, p = W is an optimal solution for the objective function (5.6) and its original

form (5.3).

5.3 Matchingwith Prior Reections

The high order structural matching algorithm described in Section 5.2 is an unsupervised
process. The weight of each vertex in the direct product hypergraph can be initialized
by using a uniform distribution of probability. However, if two vertices in a hypergraph
have the same structural context, i.e. their interchange does not change the hypergraph
structure, they can cause ambiguity when matching is attempted. Two alternative state-
of-the-art methods, namely probabilistic hypergraph matching [110] and tensor power
iteration [28], also suffer from this shortcoming. An example of the ambiguity is shown
in Figure 5.9, in which the vertices 2 and 5 have the same structural context within the
left hypergraph. We compute the compatibility tensor C for the two hypergraphsin Figure
5.9, according to (5.1) with o; = 1. If we adopt the initialization of weighting each vertex
by auniform probability 1/20, the matching scores computed by using different methods
for all the 20 possible matchings are shown in Table 5.3 (disregarding the row (d) for
the time being). It is clear that although the three methods adopt different optimization
strategies, each of them results in the same matching score for 2 «<» 2’ and 5 « 2/,
and can not distinguish which one of the two possible matchings is more likely to be
correct. This is misleading because only one of the two possibilities is allowed to be
correct under the one-to-one matching constraint. The reason for thisambiguity withinthe
DPH-DCA framework isthat the matching scores are initialized by a uniform distribution
of probability for the update formula (5.11) and this results in a matching ambiguity for

vertices with the same structural context in a hypergraph.
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Hy=7 H 572

FIGURE 5.9: EXAMPLE HYPERGRAPHS CAUSING MATCHING AMBIGUITIES.

However, if prior knowledge about outliers (i.e. hypergraph vertices for which no
match exists) is available, we can to a certain extent avoid the ambiguity and improve
matching accuracy by using a different initialization strategy. We refer to the vertex sub-
set Vo C V., (i.e. possible correspondences) associated with available outliers as prior
rejections, and the adopted initialization in the light of prior rejectionsis as follows

w(a) = 0 it a € VZ; (5.12)
1/(Nyx — N2) otherwise;
where N¢ isthe cardinality of V2. The matching scores for the hypergraph examplesin
Figure 5.9 are shown in the row (d) of Table 5.3, where we assume that the vertex 5 isan
identified outlier. It isclear that 5 <+ 2’ maintains a zero score and does not necessarily
influence the matching score for 2 «+» 2’ any more.

The initialization scheme (5.12) improves the matching accuracy within the DPH-
DCA framework because the vertex weight w,, in the numerator of the update formula
(5.11) plays an important role in maintaining the initial rejection. It enables the prior
rejections to maintain a zero weight and does not affect the matching scoresfor other pos-
sible correspondences at each update until converged. The extent to which the matching

accuracy can be improved depends on the amount of prior rejections available. The more
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11266173141 5611226230242 (52

(@) ] 0.1866 | 0.1866 | 0.1866 | 0.1866 | 0.1866 | 0.0938 | 0.2401 | 0.2208 | 0.2208 | 0.2401

(b) | 0.1971 0 0 0 0 0 0.1989 0 0 0.1989
(c) | 0.5000 0 0 0 0 0 0.1250 0 0 0.1250
(d) | 0.5000 0 0 0 0 0 0.1667 0 0 0

1326031334353 |14 (264|134 44|54

(@ ]0.0782]0.2283 | 0.2462 | 0.2276 | 0.2283 | 0.0782 | 0.2283 | 0.2276 | 0.2462 | 0.2283

(b) 0 0 0.1989 | 0.0036 0 0 0 0.0036 | 0.1989 0
(©) 0 0 0.1250 0 0 0 0 0 0.1250 0
(d) 0 0 0.1667 0 0 0 0 0 0.1667 0

TABLE 5.3: MATCHING SCORES FOR THE TWO EXAMPLE HYPERGRAPHS IN FIGURE
5.9 COMPUTED BY USING THE ALTERNATIVE METHODS (A) PROBABILISTIC HYPER-
GRAPH MATCHING, (B) TENSOR POWER ITERATION, (C) DPH-DCA WITHOUT PRIOR

REJECTIONS AND (D) DPH-DCA WITH PRIOR REJECTIONS.

prior knowledge concerning the outliers that is available, the more accurate the matching
that can be obtained. Thiswill be verified in our experimental section.

However, the initialization scheme (5.12) does not apply to the two alternative meth-
ods described in the literature [110][28]. The probabilistic hypergraph matching method
[110] initializesamatching score by afixed value obtained from the marginalization of the
compatibility tensor, and thus can not accommodate the prior rejections by using (5.12).
The tensor power iteration method [28], though manually initialized, convergesto afixed
matching score for different initializations. As a result, the two aternative methods are

unable to accommodate prior rejectionsin the same manner as our DPH-DCA framework.
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5.4 An Evolutionary Game Theoretic | nterpretation

In this section, we provide an evolutionary game theoretic perspective for the DPH-DCA
framework. We are motivated by the recent work of game theoretic approach to visual
correspondence [3], in which the problem of graph matching is posed as that of a non-
cooperative game. The main difference is that the DPH-DCA framework can be applied
to establishing both pairwise and higher order correspondences while the game theoretic
approach presented in [3] is restricted to pairwise graphs. The game-theoretic analysis
has also been incorporated into a clustering scenario [73]. On the other hand, we adopt
evolutionary game theory here as a justification of our high order matching framework
rather than that of clustering.

The general evolutionary game theory has been comprehensively investigated in avast
variety of research fields such as sociology, economics and biology. In an evolutionary
game, a popul ation of independent players simultaneously select their preferred strategies,
and each player receives a payoff proportional to the compatibility of the selected strategy
with respect to the strategies selected by the other players. The evolution withinagameis
a selection mechanism that spreads the fittest strategiesin the population, and accordingly
drives the detrimental ones to extinction. The evolution will finally result in a state of
evolutionarily stable strategies that maximizes the average payoff over the population.

We justify the DPH-DCA framework for structural matching in terms of strategic in-
teractions (i.e. evolutionary games) among a population of players. Given two setsof Kth
order relational features, we refer to each possible correspondence between two features
which are drawn from the two sets separately as a strategy. Based on the formulation of
the DPH-DCA framework presented in Section 5.2, we assume there is a game with N,
strategies. We denote the probability distribution over al strategiesby an V. -dimensional
vector p with the ath component p,, representing the probability for an independent player
to select the ath strategy, subject to the conditions a) Vo, p, > 0 and b) ij;l Pa = L.
Additionally, the element C, ... o, Of the compatibility tensor C is used to provide a
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payoff for players selecting the strategies a1, - - - , . The overall average payoff with
respect to K independent playersinvolved in the gameis

Nx Nx K
gP) =D > Coreag | [ Pon- (5.13)
n=1

a1=1 ag=1

The overall average payoff (5.13) can aso be formulated in terms of the tensor nota-
tion. To this end, we define the tensor product function with respect to the compatibility

tensor C, and K probability vectorsp,, - - -, p, asfollows

G(pys- - Px) = Cx X1 PL X2 Pg -+ X P (5.14)
Any interchanges of the vectorsin (5.14) do not affect the value of the tensor product
due to the hypersymmetric property of the compatibility tensor C,. See [96] for more
details about the product for a tensor.
Letp, =p,Vp, € {py, - ,Px}, ad we have the the overall average payoff (5.13)
reformulated in terms of the tensor notation as follows
K players
9(p) =GB D) = C x1 " x2p” i p. (5.15)
In the evolution within a game, the probability vector p is expected to achieve the
state of evolutionarily stable strategies thereby in the most favor of maximizing the over-
all average payoff (5.15). On the other hand, it is worth noting that the relationsin (5.13)
and (5.15) are in fact identical to that in the objective function (5.3) for the DPH-DCA
framework. Additionally, the update (5.11) behaves in a sense as the process of evolu-
tion, in which the strategies favoring the overall average payoff tend to be selected and
thus survive every round of evolution while the unfavorabl e strategies become less prefer-
able and finally extinct in the evolution. This can be verified by the fact that the update
(5.11) at convergence only maintains the most favorable weights contributing to the max-
imization of (5.6) with non-zero values and drives the remaining less favorable weights to

zero. One concrete example can be seen in the rows (¢) and (d) of Table 5.3, where only
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weights associated with optimal matchings exhibit non-zero values. Correspondences as-
sociated with the identified outliers (prior rejections) can be regarded as strategies which
are acknowledged by all independent players as unfavorable choices, and they are thus
not supposed to be selected by any independent player. Therefore, according to the dis-
cussions in Section 5.2, the optimal matching probability vector p that maximizes the
objective function (5.3) aso provides the evolutionarily stable strategies for the evolu-
tionary game with respect to the compatibility C,.. This observation not only justifies our
objective function (5.3) in terms of evolutionary game theory but also provides a novel
perspective for high order structural matching.

For a further exploration of evolutionary game theory in the high order structural
matching scenario, we investigate the Lagrange function for maximizing overall average
payoff (5.13). Let uy,--- ,uy, and A be Lagrange multipliersand u = [uy, -+, un, |7,
and the Lagrange function with respect top is

K players Ny
L(p7u’/\):G(pa 7p>+up+/\<]—_zpa) (516)
a=1

Theoptimal probability vector p maximizing the overall average payoff (5.15) is supposed
to satisfy the relation

K players

——
M + UpDy — A =0, (5.17)
apa p=p
forl < a < N,. Lete, denotean N, -dimensional vector with the ath element 1 and the

remaining elements 0. According to the partial derivative (5.18) of the objective function
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(5.6), we have the partial derivative of the overall average payoff (5.15) asfollows

K players

oG p7 7p‘
(aT’ =K Z Z Caag SO Hpozn

:CXxlﬁ X2ﬁ -..Xae,‘(g...
=Cy XlﬁT X2ﬁT"'

as=1

ag=1
><Kp

AT
XKk-1P Xk eZZ

K —1 players
Substituting (5.18) into (5.17), we have the following relations
Nx
)\:ul—l—KZ chag aKHpOln7
as=1 ag=1
Nx
)\ZU2+KZ Z Coas,- aKHpam
Ot2:1 A= 1
Nx
A= U + K Z e Z Oa,ag, QK Hpanu (519)
Ot2:1 A= 1
UNX +K Z Z CNX,ag, AR Hpan
2= 1 o= 1
Let ebean N, -dimensional all onevectore = [1,--- ,1]T andz = [21, 20, - - , 2w, [T

withthe ath element z, = S

ape1 "

o I
a=1 0‘70‘27 oK

_5 Da,,- Wehavetherelations

in (5.19) rewritten in terms of matrices as follows

rxe=u+ Kz

(5.20)

Performing inner product on both sides of (5.20) with p, we have

e-p=u-p+Kz-p.

(5.21)
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Sincee-p=1landKz-p=3"C -0 Cos oo [T Pan» We have

a1=1 ’ ag=1"—"01,

Nx Nx Nx K
A= Zuaﬁa + Z T Z Oa1,---,aK Hﬁan- (522)
a=1 n=1

Ot1:1 O(Kil
Ifforl <a < Ny, u, > 0and Zﬁ;l uapPo = 0, thevector p with the ath element p,,
isreferred to as a point satisfying the Karush-Kuhn-Tucker (KK T) conditions [56] for the
Lagrange function (5.16). Therefore, for the optimal matching probability vector p which

K players

. .. - Ny Ny K ~ i~ .
satisfies KKT conditions, A = 3° 3 Capage Ly Pan = G(P,-++,P) is

a1=1 ’ ag=1 01,

the maximum value of the average payoff (5.15). In this case, the relation (5.17) can be

rewritten as
K —1 players K players
— R —
G(p>"'7p7e01)+uapa:G(p>"'ap) (523)

According to the KKT conditions, u,, = 0 if p, > 0. Thuswe have the following two

relations
K —1 players K players
— —
G(pa"'>p>ea)§G(p>"'ap)> fOI‘lSCYSNX; (524)
K —1 players K players
— —
G(p,---,p,e) =G, ---,p), fora with respect to p, > 0. (5.25)

Therelationsin (5.24) and (5.25) are in fact sufficient conditions for a Nash equilibrium
K —1 players

. —
of an N, -strategy, K -player evolutionary game [13]. WerefertoG(p,--- ,p,€,) asthe
average payoff obtained by the a-strategist. Here an o-strategist isaplayer who insistson

choosing the strategy « in the process regardless of the evolution of the remaining strate-
K players

gies. Thisisin contrast to the overall average payoff G(m) where the probability
p of the evolutionarily stable strategies can be achieved through the evaluation among all
the N, strategies. We can thus alternatively interpret the optimization of the matching
probability vector p as a Nash equilibrium in the game with compatibility C,, subject to
the KKT conditions.
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5.5 Experiments

We test our algorithm for high order structural matching on two types of data. Firstly, we
test our method on synthetic datato evaluate its robustnessto noise and outliers. Secondly,
we conduct experiments to match features extracted from images. Prior rejections are
considered for both types of data to improve the matching accuracy. We compare our
method with two state-of-the-art methods, i.e. probabilistic hypergraph matching [110]

and tensor power iteration [28].

55.1 Matching Synthetic Data

We commence with the random generation of a structural prototype with 15 vertices. The
distance d,; between each pair of vertices: and j of the prototype is randomly distributed
subject to the Gaussian distribution N(1,0.5). We test our method by establishing cor-
respondence between the prototype structure and a modified structure. The alternative
modifications include a) noise addition, b) vertex deletion, c) rescaling and d) rotation.
Since neither the probabilistic hypergraph matching nor tensor power iteration methods
rely on a specific initialization, we test our DPH-DCA matching method without prior
rejections to make afair comparison with these two alternative methods.

We first compare the performance of different methods under a varying degree of
added noise, both for graph matching and hypergraph matching. To this end we per-
turb the prototype structure by adding noise to the distance between each vertex pair
and generate a modified structure. The noise added is normally distributed according
to N(0,0?), and we vary o2 from 0.04 up to 0.36 to evaluate the matching accuracy at
different noise levels. We conduct 100 trials at each noise level. For graph matching,
we measure the pairwise similarity between the two points ¢ and j within each set by
using g;; = exp(—||d;;||*/o2) where o5 is the scaling parameter and is set to 0.5 in this

experiment. One the other hand, when pairwise measures can not properly reflect the
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similarities between structures, e.g. similar polygons with different areas, higher order
similarity measures are required for establishing hypergraph representations. To test the
performance of different methods for hypergraph matching we re-scaled the distance be-
tween each of vertex pairs by arandom factor and rotate the structure by arandom angle.
In this case, the pairwise relationships are no longer sufficient for the matching task. We
use the sum of polar sines presented in [53] as a higher order similarity measure for point
tuples. We measure the similarity of every 3-tuple within the vertex set and thus establish
a weighted 3-uniform hypergraph for the structure. The compatibility tensor C for two
structures is computed according to (5.1) with o; = 0.1. Figures 5.10(a) and 5.10(b)
illustrate the results of the matching accuracy as a function of noise level. It isclear that
our DPH-DCA framework outperforms the two alternative methods at each noise level.

To take the investigation one step further, we study the performance of our method for
matching structures of different vertex cardinalities. To this end, we extract a substruc-
ture from a prototype and slightly perturb the distance between each vertex pair by adding
random noise normally distributed according to N (0,0.04) . The cardinality of the ver-
tex set of the substructure varies from 14 down to 5. Vertices not in the substructure are
outliers for the matching process. For each vertex cardinality of a substructure, 100 trials
are performed. Figures 5.10(c) and 5.10(d) illustrate the matching accuracy as a func-
tion of outlier number for the three methods. It is clear that our DPH-DCA framework
outperforms the two alternative methods at each number of outliers.

We have also evaluated the matching accuracy of our DPH-DCA framework at differ-
ent levels of available prior regjections. To thisend, we have extracted a 5-vertex substruc-
turefrom a prototype and slightly perturb the distance between each vertex pair by adding
random noise normally distributed according to N (0,0.04). We involve prior rejections
by rejecting the matchings associated with a varying number of outliers. Figures 5.11(a)
and 5.11(b) illustrate the matching accuracy as a function of the number of rejected out-

liers. Itisclear that the matching accuracy grows monotonically asthe number of rejected
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TIONS.

outliersincreases.

5.5.2 Image Correspondences

We apply the different methods to the CMU house sequence, which has been widely
used to test matching algorithms[16][21][28][57] and provides abaseline for comparison.
We perform graph matching for this dataset and evaluate the performance for alternative
methods. We use the Harris detector [39] to extract corner points from the images. The
matching results for the first and tenth frames in the sequence are shown in Figure 5.12.
The probabilistic hypergraph matching produces three incorrect correspondences, tensor
power iteration produces four incorrect correspondences, and our DPH-DCA algorithm
(without prior regjections) establishes al correct matchings. The matching results for the
first and twentieth frames in the sequence are shown in Figure 5.13. From Figures5.13(a),
5.13(b) and 5.13(c) it isclear that although our DPH-DCA algorithm outperforms the two
aternative methods, it still produces two false matches. The reasons for thisis two-fold.

Firstly, relative to the corner points extracted in the first frame, the positional disturbance
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on the corner pointsin the twentieth frameis greater than that on those in the tenth frame.
Secondly and more importantly, there are three corner pointsin the bottom part of the first
frame which have no exact correspondence with any points in the twentieth frame, and
thus can be considered as outliers. The positional disturbance and outliers are a conse-
quence of the limited effectiveness of the corner detector for extracting invariant features
from frames where the noise variance is significant. Figure 5.13(d) shows the correspon-
dences produced by our DPH-DCA algorithm with prior rejections and the green marked
points are the those rejected as outliers. It isclear that after prior rejections, all of the cor-
respondences produced by DPH-DCA are visually correct though there are still positional
disturbances for the corner points.

We then apply the aternative matching methods to an image sequence of atoy human
being, which has been used in the experiments of the preceding chapters for structural
clustering. In Figure 5.14 we visualize the performance of the aternative methods by
matching the first and twelfth frames. Furthermore, we test the alternative methods to
match a pair of images from one class of COIL dataset and the matching results are
illustrated in Figure 5.15. It is clear that DPH-DCA provides the most visually correct
correspondences among alternative methods.

To make a quantitative evaluation of the alternative methods, we plot the matching
accuracy between the first frame and the subsequent frames in an image sequence as a
function of frame number. The accuracy for DPH-DCA is computed without prior rejec-
tions. The accuracy curvesfor the image sequences of the CMU house and the toy human
being are shown in Figures 5.16(a) and 5.16(b), respectively. From all the experimental
results for the two sequences of images, it is clear that our DPH-DCA method (without
rejections) outperforms the two alternative methods. Moreover, with the assistance of
prior rejection, we can further improve the matching results of DPH-DCA.

To visualize the matching for real world images we test the alternative methods on
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(a) Probahilistic hypergraph matching. (b) Tensor power iteration.

(C) DPH-DCA.

FIGURE 5.12: CORRESPONDENCE BETWEEN THE FIRST AND TENTH HOUSE IMAGES.
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(c) DPH-DCA. (d) DPH-DCA with prior rejections.

FIGURE 5.13: CORRESPONDENCE BETWEEN THE FIRST AND TWENTIETH HOUSE

IMAGES.
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(a) Probahilistic hypergraph matching. (b) Tensor power iteration.

(c) DPH-DCA. (d) DPH-DCA with prior rejections.

FIGURE 5.14: CORRESPONDENCE BETWEEN THE MODEL AND TWELFTH IMAGES OF

THE TOY HUMAN BEING.
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FIGURE 5.16: GRAPH MATCHING PERFORMANCE FOR IMAGES.
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frames of video®. We use the Harris detector to extract corner points from the first and
30th frames. We use the sum of polar sines presented in [53] to measure the similarity
of every 3-tuple in the corner point set and thus establish a weighted 3-uniform hyper-
graph for each image. Figure 5.17 illustrates the matching performances for alternative
methods. The matching results for the two comparison methods are visualized in Figures
5.17(a) and 5.17(b), where 11 correct correspondences and 4 incorrect ones are obtained
by using the tensor power iteration, and 12 correct correspondences and 3 incorrect ones
by the probabilistic hypergraph matching. For DCA without prior rejections (visualized
in Figure 5.17(c)), we obtain 14 correct correspondences and 1 incorrect ones. Figure
5.17(d) visualizes the matching result by reecting two outliers (green marked). It is clear

that the false match is eliminated by incorporating the proper prior rejections.

5.5.3 Test for Nash Equilibrium

In Section 5.4 we have justified the DPH-DCA framework in terms of evolutionary game
theory. Furthermore, we have also observed that the optimal solution obtained by DPH-
DCA achieves a Nash equilibrium subject to the Karush-Kuhn-Tucker (KKT) conditions.
To experimentally verify this observation, we make a quantitative evaluation on the av-
erage payoff obtained by evolutionarily stable strategies both with and without an -
strategist. We first compute the average payoff for the matchings demonstrated in Figures
5.12(c), 5.13(c), 5.14(c) and 5.15(c) by using equation (5.15). The values for the over-
al average payoff (i.e. that without an «-strategist) are plotted as red asterisks in the
four subfigures of Figure 5.18. Every unmatched pair of vertices represents a strategy «
which has been driven to extinction in the evolution. For the «a-strategist selecting the
extinct strategy o, we compute the average payoff with respect to p and e, by using equa-
tion (5.18). The sorted average payoff involving extinct strategies (i.e. unmatched vertex

pairs) are plotted as black triangles in the four subfigures of Figure 5.18. It is clear that

http://www.suri.it.okayama-u.ac.jp/e-program-separate.htmi
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(c) DPH-DCA. (d)y DPH-DCA with two prior rejections.

FIGURE 5.17: IMAGE CORRESPONDENCES.
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the values of the average payoff obtained with consideration of an «-strategist are less
than those of the overall average payoff.

We then evaluate the average payoff for all the matching pairsin the image sequences
of the CMU house and the toy human being. For each two images to be matched, we refer
to the pair of the leftmost vertex in one image and the rightmost vertex in the other image
asthe extinct strategy «. Thisassumption isreasonable because these two vertices always
tend to be so different in structural context that they are very unlikely (almost impossible)
to be matched by using alternative matching methods. We plot the overall average payoff
for each pair of images as red asterisks and plot the average payoff with the «o-strategist
as black triangles. It is easy to observe that the values of the overall average payoff
overwhelm those with the a-strategist. Both Figures 5.18 and 5.19 experimentally verify
the fact that the high order matching satisfies the relation (5.25) in Nash equilibrium, and
thus provide a practical support for our interpretation in Section 5.4.

5.6 Summary

In this chapter we have presented a novel approach to high order structural matching.
We have transformed the matching problem to that of extracting the dominant cluster
from the direct product hypergraph for two feature sets with high order relationships.
Prior knowledge about outliers can be easily involved in our framework by initializing the
matchings associated with the outliers by a zero weight. Additionally, we have explained
how to justify the proposed framework in terms of evolutionary gametheory. Experiments

have shown that our method outperforms the state-of-the-art methods.
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Chapter 6

Conclusions and Future Work

6.1 Conclusions

We have presented two structural learning methods, Ihara coefficients for the purpose of
structural characterization and DPH-DCA for the purpose of structural matching. These
two methods can be applied to both pairwise and higher order relational structures.

To develop an effective vectorial representation for graphs, we have firstly studied
how to extract characteristics from graphs using the Ihara zeta function. We have used a
set of polynomial coefficients, i.e. Ihara coefficients, derived from a transformed graph to
construct pattern vectors. Furthermore, we have provided a route that enables the Ihara
coefficients to be extended from unweighted to edge-weighted graphs. This is accom-
plished by establishing the Perron-Frobenius operator for edge-weighted graphs with the
assistance of a reduced Barthodi zeta function. This generalization allows us to compute
the Ihara coefficients for both unweighted graphs and edge-weighted graphsin a unifying
manner. We have performed a spectral analysis that explains the reasons for the Ihara
coefficients having greater representational power than the graph spectral methods. We
have also shown how the I hara coefficients can be computed in terms of the spectrum of a

transformed graph. Additionally, the Ihara coefficients are by definition closely related to
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graph topologies. We can thus conclude that the Ihara coefficients are polynomial char-
acteristics combining both topological properties and spectral features. This advantage
makes the Ihara coefficients a more powerful graph characterization method over those
restricted to either topologies or spectra.

We have al so performed apolynomial analysison hypergraphs and characterize (nonuni-
form) unweighted hypergraphs based on the | hara zeta function. We have used the polyno-
mial coefficients, i.e. lhara coefficients, as the elements in the pattern vector for a hyper-
graph. We have verified that the I hara coefficients are capabl e of distinguishing relational
orders and thus avoid the ambiguities caused by the hypergraph Laplacian. Although the
hypergraph |hara coefficients are characteristics extracted in a polynomial manner, they
can be computed in terms of the adjacency spectrum of a colored oriented line graph
representation of the original hypergraph. Additionally, the definition of the hypergraph
I hara zeta function enables the coefficients to reflect certain topological properties of the
associated colored oriented line graph. Therefore, the Ihara coefficients can be regarded
as a set of quite general characteristics, as they bear information regarding polynomials,
spectra and topologies. Furthermore, we have aso introduced an efficient method for
computing the hypergraph I hara coefficients based on the associated bipartite graph. This
is effected due to the fact that the associated bipartite graph results in a relatively small
sized graph representation of the hypergraph, on which the Ihara coefficients are com-
puted. All the above merits make the Ihara coefficients a flexible and effective method for
high order structural characterization.

In the last part of this thesis we have presented a novel approach to high order struc-
tural matching. We have cast the problem of high order matching to that of high order
clustering. To this end, we have first established a direct product hypergraph for two
feature sets with high order relationships. In the direct product hypergraph, every vertex
represents a possible correspondence between a pair of vertices drawn separately from the

two feature sets. The vertices representing correct correspondences are supposed to form
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adominant cluster and those for incorrect correspondences should not be included in the
cluster. Thus, we have devel oped a method for extracting the dominant cluster for correct
correspondences, which isreferred to as dominant cluster analysison adirect product hy-
pergraph (DPH-DCA). We have also shown that prior knowledge about outliersin either
feature set can be easily incorporated into our framework by initializing the matchings as-
sociated with the outliers by a zero weight. Our DPH-DCA framework naturally satisfies
the basic axioms of probability, i.e. sum to one and positiveness. Furthermore, we have
justified our framework in terms of evolutionary game theory. We have observed that a
Nash equilibrium can be achieved in our matching framework subject to the KKT condi-
tions. Last but not least, our matching approach is a flexible method that can be applied
to establishing correspondences between either apair of graphs or apair of hypergraphs.
We have conducted experiments on both pairwise and higher order structured data
using the proposed methods. For each method, we have made an experimental comparison
with state of the art methods, where both qualitative and quantitative evaluations have
been made. Experimental results show the effectiveness of the method presented in this

thesis.

6.2 Limitations

Although the methods described in this thesis outperform the state of the art methods,
there are still some limitationsto be noted.

We have shown both theoretically and experimentally that the Ihara coefficients out-
perform the spectral methods in graph characterization. However, the lhara coefficients
do not apply to hierarchical structures, e.qg. ordered trees. As many practical problems
exhibit themselves with hierarchical structures, the Ihara coefficients see limitsin the ap-
plications of analyzing tree-like graphs, such as molecules and internet. The reason for

this limitation is that the Ihara zeta function is governed by cycle frequencies of graphs
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and the Ihara coefficients are thus insufficient to reflect structural characteristics such as
branches and vertex orderings. As aresult, the Ihara coefficients are not capable of dis-
tinguishing graphs with the same cyclic structure but different vertex orderings or branch
structures.

Although we have described how to characterize hypergraphs using a high order gen-
eralization of the Ihara coefficients, this representation is restricted to unweighted hyper-
graphs. On the other hand, edge-weighted hypergraph representations, which are capable
of not only capturing the multiple connections among vertices, but also depicting the
affinity of the vertices encompassed in a hyperedge, have emerged in the recent literature.
The hypergraph I hara coefficients described in this thesis, however, do not exhibit them-
selves with the capability of handling edge-weighted hypergraphs. In the representation
of ahypergraph using the colored oriented line graph, edges drawn from the same hyper-
edge share the common color. As far as edge-weighted hypergraphs are concerned, not
only is the same color required for edges drawn from a common hyperedge but also the
weight of each hyperedge is supposed to be broken down and assigned to its derivative
edges according to certain criteria. Since there has not yet been awidely accepted method
for graph representations of hypergraphs, the extension of hypergraph Ihara coefficients
to edge-weighted hypergraphs s still a problem to be solved.

Additionally, the feature selection method adopted for (hyper)graph characterization
based on lhara coefficients is heuristic. The individual Ihara coefficients contribute in
quite different ways to (hyper)graph characterization. Furthermore, their different com-
binations manifest a variation of the representational power of the coefficients. It isthus
important to understand their individual significance and their optimal combinations.

In the general matching scenario, the similarity measure between hyperedges plays
an important role in establishing the compatibility tensor and has a great influence on the
subsequent matching performance. In this thesis, we have used the Gaussian kernel for

measuring the similarity of apair of hyperedges, and we have used the sum of polar sines
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as a higher order similarity measure for point tuples. Although these measures have al-
ready been used in algorithms for various pattern recognition problems, there is still no
theoretical evidence to prove them to be optimal options. Therefore, the choice of simi-
larity measures in thiswork is heuristic, and we need to carry out a further investigation
on how to define a reasonable similarity measure that is capable of reflecting structural

features more convincingly.

6.3 FutureWork

To address the shortcomings described in the preceding section, we suggest some possible
approaches to overcoming them in future work.

To generalize the functionality of the Ihara coefficients and make them available to
hierarchical structures such as ordered trees, we may develop a new zeta function with the
consideration of NV-step backtracking. In the new definition, the zeta function is expected
to be refined such that its polynomial coefficients are not only suitable to distinguish
branch structures but also capable of incorporating vertex ordering information.

K-uniform hypergraphs with weighted hyperedges have recently been exploited as a
powerful tool in representing data with high order relations. It is thus worth trying to
generalize the Ihara zeta function to admit edge-weighted hypergraphs. To this end, we
have to determine the criteria upon which a reasonable edge-weighting strategy for graph
representations of hypergraphs can be established. Furthermore, we need to work out the
method for computing the solution that satisfies the criteria.

Since the method of feature selection plays an important part in determining the rep-
resentational power of the Ihara coefficients, it might be interesting for us to adopt some
more sophisticated strategies (e.g. simulated annealing) to identify the most discrimina-
tive coefficient subset.

For our hypergraph matching framework, we need to develop more accurate similar-
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ity measures by investigating more sophisticated metrics that can effectively capture the
relationship between hyperedges. We aso need to develop strategies for evaluating the
effectiveness of varying parameter values in the similarity measure and thus obtaining
the optimal solution. Other possible future work regarding DPH-DCA includes devel-
oping the combined methodology for both high order clustering and matching. As the
DPH-DCA method formulates the problem of matching in terms of clustering, it should
be possible to establish a unifying framework both for high order clustering and matching
based on DPH-DCA.

Furthermore, the methodologies developed in the thesis should not be confined to
computer vision. Possible applications can be explored in various research fields such as

biological networks, molecular computing, social networks and complex systems.
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Appendix A

Relationship between the lhara Zeta
Function and Discrete-Time Quantum

Walks

A.l1 Discrete-time Quantum Walks

This section reviews the fundamental knowledge of discrete-time quantum walks. These
notions are derived from the study of a quantum mechanical system. Detailed knowledge
of quantum mechanics reviewed in this section can be found in the textbook [81] and the
thesis[29].

To establish discrete-time quantum walks on a graph G(V, E), we first replace each
edge e(u,v) € E of the graph by a pair of reverse arcs e,(u, v) and e4(v, u), and denote
the set of arcs by E,, which is aso referred to as the state space for the discrete-time
quantum walks. Using Dirac’s notation, we denote the state on the arc e4(u, v) by |uv),

and the general state of the quantum walksis of the form

W)= > awlw), (A.1)

eq(u,v)EEy
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where the quantum amplitudes o, are complex. Using (A.1), the probability that the walk
isinthe state |uv) isgiven by Pr(|uv)) = a,al,, where o, isthe complex conjugate of
Ay

The evolution of the state vector between the stepst and ¢ + 1 is determined by the
transition matrix U. The entries of U determine the probabilities for transitions between
states, i.e. |¢11) = Uly). Since the evolution of the walk is linear and conserves
probability, the matrix U must be unitary, i.e. U~ = UT, where U' denotes the complex
conjugate of the matrix transposed. Furthermore, the transition matrix U is supposed
to assign the same amplitudes to al transitions |u v) — |ow;), u; € N(v) \ u; (2 <
i < r) and a different amplitude to the transition |u;v) — |vu,), because the walks
on an unweighted graph does not rely on any labeling of the edges or vertices. The
Grover diffusion matrices [37] are usually adopted as the transition matrices, because
they are the matrices furthest from the identity which are unitary and are not dependent

on any labeling of the vertices. Using the Grover diffusion matrices, the transition matrix

U = [Uw,2),(u,0) ea(w,e),catuv)er, has entries

U dl_(;uacy v =w, (A 2)
(w,z),(u,v) — v .
0, otherwise,

where ¢, is Kronecker delta, i.e. d,, = 1 if u = x and 0 otherwise. The definition in
(A.2) alowsdestructive interference to take place, because the entriesof U are negative as
well as positive, though be real. The negative entries of U can result in negative quantum

amplitudesfor a state.
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A.2 Relationship between the Ihara Zeta Function and
Discrete-time Quantum Walks

In this section we will show how to express the Perron-Frobenius operator in terms of the
transition matrix of the discrete-time quantum walks. To achieve this goal, we introduce

the definition of the positive support of a matrix.

Definition 3. The positive support ST (M) = [s; j]mxn Of the matrix M = [M; j];nxn IS

defined to be a matrix with entries

B 1, Mi,j > 0,
Si,j = (A3)

0,  otherwise,

wherel <i<m,1<j<n.

Theorem 2. Let T be the Perron-Frobeniusoperator in the lhara zeta function of a simple
graph G(V, E) subject to the md2 constraint (i.e. that any vertex of a simple graph are
adjacent to at least two other vertices). Let U be the Grover diffusion matrix governing
the evolution of the discrete-time quantum walks on the graph G(V, E). Then T isthe
positive support of the transpose of U, i.e. T = S*(U').

Proof. For the graph G(V, E), the state transition matrix U of the discrete-time quantum
walks and the Perron-Frobenius operator T of the Ihara zetafunction are both 2| E| x 2| F|
matrices. Thisis because both the cardinality |V | of the vertex set V;, of the associated
oriented line graph OLG(Vy,, E41,) and the total number of basis states in the discrete-
time quantum walks are egqual to the cardinality |E,| of the arc set F; of the associated
symmetric digraph SDG(V, E,), and it isobviousthat |E,| = 2| E].

Specifically, al the non-zero entries of T are 1 while the same entries in U’ are
weighted by twice of the reciprocal of the connecting vertex degreeinthe graph G(V, E).
Additionally, the entries representing reverse arcs in U’ have values 2/d, — 1 (v € V)

while the same entriesin T are always set to zeros.
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The md2 constraint requires any vertex of thesimple graph G(V, E) are adjacent to at
least two other vertices (d, > 2, v € V). Therefore,

2
——-1<0. A4
= -1% (A4)

v

We thus have
Uiw.z).(uwy >0 if v=wandu +# z,
(w,), (u,0) # (AS5)
Ulw,a),(up)y < 0 otherwise,
for u,v,w,x € V and eq(w,x),eq(u,v) € E;. From the relations in (A.5) we can

concludethat T = S*(U’). This completes the proof. O

A.3 ThelharaZetaFunction and Cospectral Regular Graphs

Scott and Storm [ 79] have numerically proved that the Ihara zetafunction is superior to the
adjacency matrix spectrum in distinguishing non-isomorphic graphs. Furthermore, they
have pointed out that in some circumstances the Ihara zeta function can not distinguish
non-isomorphic graphs. However, they have not offered an explanation or analysis of
the cases in which the Ihara zeta function fails to resolve spectral ambiguities. From our
empirical work [30][31] and based on the relationship between the Ihara zeta function
and discrete-time quantum walks described in Section A.2, we assert that the Ihara zeta
function is not able to properly distinguish cospectral regular graphs.

To verify this assertion, we first establish the matrix T = [T(u,v),(w,m)]u,v,w,xev on the
graph G(V, E). Theentriesof T are

T(u,v),(w,x) = AuUAwac(;Uw (1 - 5uac> ) (A6)

where u, v, w,z € V and A,, isthe (u, v)th entry of the adjacency matrix of G(V, E).
Consequently, T isa |V|> x |V|? matrix which can be established in a similar manner
to the Perron-Frobenius operator T. It is the adjacency matrix of a transformed graph
G3(V5, E5) of G(V, E), with vertex set and edge set defined as follows
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Vi = {(wo) |uv e V), A7
Er ={((w,v), (w, ) [ u,v,w,z € V}.

The matrix T indexes each entry using two ordered vertex pairs. The eigenvaluesof T are

the same as the eigenvalues of T but with the addition of |V'|? — 2| E| zero eigenvalues due

to the additional zerosin the matrix T.

Theorem 3. Let G(V, E)) be a k-regular graph with n vertices. Let T be the Perron-
Frobenius operator appearing in the Ihara zeta function of G(V, E). The eigenvalues of

T are determined by the eigenval ues of the adjacency matrix A of G(V, E) .

Proof. Let A4 beaneigenvalueof A with corresponding eigenvector ¥ = [, Yuy, - - -, Yuyy,

whereu; € V,1 < i < |V|. Let X be an eigenvalue of T with corresponding eigenvector

D = [Dur 1)y Plusva)s - - + s Plupy v | Where u;, v € V, 1 < i < |[V[. We then have
)\¢(u,v) = Z T(u,v),(w,x)¢(w,x)- (A8)
w,zeV

Substituting the relation in (A.6) into (A.8) and making use of the symmetry of A, we

have

)‘¢(u,v) = Z Auvwa(svw (1 - 5ux) ¢(w,x)

w,x€V

= Z AquAvm¢(v,x) - Auv¢(v,u)‘ (Ag)

zeV

We define the vector ¢ with entries

bomy = Am(wx—fwv), (A.10)
and likewise

Py = Aw(wu—fwv), (A1)

by = Auv(wv—fwu), (A12)
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where f isacomplex constant for G(V, E') and u, v, = € V. We now proceed to show that
¢ isan eigenvector of T. Substituting the relations in (A.10) and (A.11) into the relation
in (A.9), we obtain

)\¢(u,v) = Z AuvAvx (wx - fwv) - Auv <wu - fwv)

zeV

= Auv ( Z Avx¢x - f¢v Z Avac)
zeV zeV
_Auku + Auvfwv
= Auz/\ﬂﬁv - Auquvz)vk - Auv¢u + Auquvz)v

- Auv (¢U(AA - kf + f) - ¢1L)

— M, (%M - %). (A.13
A A
From (A.13) we observe that
A —kf+ 1
¢(u,v) = Auv (@bv%ff - X¢u) . (A14)
Comparing therelationin (A.14) with our assumption (A.12) we deduce the following
equations
MokfHT (A.15)
A
1
- = f. A.16
L= (A16)
Solving (A.15) and (A.16) we finally obtain
A A
/\_Tiz k — R (A.17)

These eigenval ues account for 2|V/| of the eigenvalues of T. The remaining 2|E| — 2|V
non-zero eigenvalues take the values 1 each with multiplicity |E| — |V]. To verify this

point we consider the eigenvectors for T of the form

¢(u,v) = Aukuv . (A . 18)
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where w,, IS constant corresponding to A,,,. Substituting the relation in (A.18) into the
relation in (A.9), we have

/\qs(u,v) = Auv Z Avxwvx - Auvwvu~ (Alg)

zeV
According to the relations in (A.18) and (A.19), ¢, Will an element of the eigen-

vector for T under the following conditions

> Apw = 0V, (A.20)
zeV

Wyy = —Wyy, (A.22)
or Wyy = Wy (A.22)

The values of w,, which correspond to A are irrelevant, so we can set the relations
in (A.20) to zero. Itisclear that when the relation in (A.21) holds, A = 1. On the other
hand, when the relation in (A.22) holds, A = —1. Additionally, the relation in (A.21)
or (A.22) provides us with |E/| non-zero variables, and the relation in (A.20) with |V|
linear constraints. We thus have | E| — |V| linearly independent solutionsfor A = +1 and
|E| — |V linear independent solutions for A = —1, giving 2| E| — 2|V/| solutions. This
completes the spectrum of T and thus T.

We can therefore conclude that the spectrum of T is determined by the spectrum of
the adjacency matrix A of the graph G(V, E). This completes the proof. O

Theorem 4. The Ihara zeta function can not distinguish non-isomorphic regular graphs

which are cospectral with respect to the adjacency matrix.

Proof. The Ihara coefficients have arelationship with the spectrum of the Perron-Frobenius

operator such that each coefficient can be derived from the elementary symmetric poly-
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nomials of the eigenvalue set {\1, Ay, - - -, Ay} Of T of the graph G(V, E) asfollows

2|E|
1 = — Z )\ka
k=1
2/B| 2B
=Y > M,
k=1 p=k+1
G=0=0" 0 ) Mk o My (A.23)

k1<ko< ... <kr

2|E|

OB = H )\k
k=1

From Theorem 3, we know that the eigenvalueset {1, Ay, - - - , Ay |} Of T of aregular
graph G(V, E) is determined by the eigenvalues of the adjacency matrix A of G(V, E).
From (A.23), the reciprocal Ihara zeta function is completely determined by the eigen-
value set of T. Thus, the regular graphs which are cospectral with respect to the adja-
cency matrix should also have identical Ihara zeta functions. We can therefore conclude
that the Ihara zeta function can not distinguish non-isomorphic regular graphs which are

cospectral with respect to the adjacency matrix. This completes the proof. O

A4 Summary

We have explored the rel ationshi p between the Ihara zeta function and discrete-time quan-
tum walks. The analysis hinges around the fact that the Perron-Frobenius operator in the
Ihara zeta function can be formulated in terms of the positive support of the transpose of
the transition matrix of the discrete-time quantum walks. Furthermore, we have proved

that the Ihara zeta function fails to distinguish adjacency cospectral regular graphs. This
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supplements Scott and Storm [79] recent research on the Ihara zeta function in distin-
guishing cospectral graphs. Moreover, it suggests that formulating an alternative zeta
function in terms of the characteristic polynomia of T" (n > 3) may solve problems

associated with cospectrality.
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