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CHAPTER I

De�nitions

In this chapter, we provide a brief overview of basic concepts and terms used throughout the disser-

tation. Additional standard graph-theoretic notions not included here can be found in many graph

theory and graph algorithms textbooks, including [12, 15, 104].

We primarily deal with �nite undirected simple graphs and refer to them simply as graphs.

Given a graphG, we denote its vertices asV(G) and its edges byE(G). We also denote the number

of vertices inG by n(G) and the number of edges bym(G). WhenG is unambiguous, we denote

the above notions asV, E, n, andm, respectively and we writeG = ( V;E). We will useuv to denote

an edge between verticesu andv.

The complementG = ( V;E) of a graphG = ( V;E) is de�ned byE = f uv j u;v 2 V;u 6= v; and

uv =2 Eg. In some instances, we will also use the notationGC for the complement ofG. We say that

a graphG0= ( V0;E0) is aninduced subgraphof a graphG = ( V;E) if V0� V andE0= f uvj uv2 E

andu;v 2 V0g. We also say thatG0 is induced byV0and writeG0= G[V0] or, if V0= f v1;v2; : : : ;vkg,

we sometimes writeG0= G[v1;v2; : : : ;vk]. Since we will only be dealing with induced subgraphs in

this paper, we will often omit the word “induced".

We say thatV0 � V is an independent setin G (or empty subgraphof G) if for all u;v 2 V0,

uv =2 E. We say thatV0� V is acliquein G (or complete subgraphof G) if for all u;v 2 V0such that

u 6= v, uv2 E. An independent set (clique)S is maximalif there is no independent set (clique)S0

in G such thatS( S0. Further,Sis maximumif jSj is the maximum possible size of an independent

set (clique) inG. We will refer to the problem of �nding a maximum independent set (clique) as

INDEPENDENT SET (CLIQUE).

Given a vertexv of a graphG, we useN(v) to denote theopen neighborhoodof v consisting of

vertices adjacent tov in G. We useN[v] = f vg [ N(v) to denote theclosed neighborhoodof v. We

call v simplicial if its closed neighborhoodN[v] induces a clique inG. The degreed(v) of v is the

number of edges inG incident withv. For simple undirected graphs we haved(v) = jN(v)j. We call

vertices of degree 1pendant.

We call two verticesu;v 2 V(G) twins if they share all their neighbors, except possibly them-
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selves, i.e. whenN(u) � f vg = N(v) � f ug. Further, we call two twinsu andv truewhen they are

adjacent andfalsewhen they are not.

Throughout this dissertation, we will denote byPk andCk the chordless path and chordless cycle

on k vertices, respectively. We refer to the problems of �nding a maximumPk and a maximumCk

as the LONGEST CHORDLESS CYCLE and LONGEST CHORDLESS PATH problems.

We say that a graphG is k-colorableif each vertex inG can be assigned a color in the range

f 1;2; : : : ;kg so that no two adjacent vertices are assigned the same color. We use COLORING

to refer to the problem of �nding the lowest possible value ofk for which an input graphG is

k-colorable.

Given an algorithmA that solves a particular problem, we will say thatA is ef�cient if its running

time is polynomial in the size of the input (e.g. if the running time ofA is bounded from above by a

polynomial inn andm, when the input is a graphG).

In this dissertation, we will primarily deal with problems on classes of graphs having a particular

characterization or model. We will distinguish between three different types of graph algorithms on

special classes of graphs:model-based, promise, androbust[95].

Model-basedalgorithms will require that the input graph is given together with its special model

(not just its adjacency list or adjacency matrix representation). Inpromiseandrobustalgorithms,

the input graph will be given without an additional model, usually through its adjacency list rep-

resentation. Apromisealgorithm operates on the basis of a “guarantee" that the input graph is a

member of the restricted class of graphs that the algorithm is designed for. If this guarantee is not

met, the algorithm need not function correctly or even terminate. ArobustalgorithmA, on the other

hand, is required to produce a “correct" output in polynomial time, for any input. For an input graph

that does come from the restricted class of graphs,A needs to solve the original problem in polyno-

mial time. For an input graphG not from the class,A needs to either solve the original problem in

polynomial time, or produce, in polynomial time, a certi�cate thatG is not a member of the special

class of graphs.
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CHAPTER II

Introduction

Graphs, as a tool for modeling entities and relationships between them, are ubiquitous. For example,

graphs are used to represent and study communication and interaction in of�ine and online social

networks of individuals [78, 80, 90]. Further, Bayesian networks – which are modeled as directed

acyclic graphs – are a fundamental tool in the theory of causal inference [31, 93, 110]. Many

biological systems can be represented as graphs, including metabolic pathways, protein-protein

interaction networks, and food webs [90, 106]. Graphs also play a very important role in large-scale

information processing systems where structured and unstructured data is integrated into knowledge

graphs on which further reasoning and inference is performed [94, 99].

In many application domains, the corresponding graphs satisfy special properties such as pa-

rameter (in)equalities, absence of certain forbidden subgraphs, having geometric intersection or

containment models, or having certain types of vertex or edge orderings [15]. This can lead to

restricted graph classes on which important optimization problems such as CLIQUE and INDE-

PENDENT set, that are NP-hard on general graphs, become tractable. In such situations, the design

of ef�cient algorithms can take one of several forms. In some instances, we may be given a special

model of the input graph, in addition to the the usual adjacency matrix or list representation, which

facilitates the design of a model-based polynomial algorithm. It may also be possible to recognize

that a graph belongs in the restricted class and reconstruct its special model in polynomial time. In

other cases, the special property that graphs in the restricted class satisfy may be such that a robust

polynomial algorithm is possible, without needing to be given, or to reconstruct, a model.

When solving optimization problems on graphs such as CLIQUE and INDEPENDENT SET,

we are interested in �nding graph substructures of a certain kind. However, identifying special

substructures of graphs is not always of primary interest. Another important line of research is the

study of how different processes evolve or spread over a graph as time passes, including informa-

tion diffusion [75] and disease spread in social networks [89]. Decentralized coordination between

entities positioned as nodes on a network can also be seen as a process over a graph. Different

forms of decentralized coordination have been studied, including consensus [69, 73, 74], coloring
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[69, 85], and bargaining [18]. An important question in these settings is to what extent properties of

the underlying graphs, which may be coming from different restricted classes, affect the dynamics

of a process [11, 90].

This dissertation is centered around models of graph classes. We explore how models can be

used to de�ne new graph classes that either generalize or combine multiple properties. Further, we

study when and how such properties can help us design ef�cient algorithms for recognition and

optimization problems on the class. We also consider how properties of graph class models can

affect the dynamics of processes taking place over a graph. Our work consists of three main parts.

In Chapter III, we consider graph classes characterized by geometric intersection models. In

particular, we introduce a novel model that generalizes the geometric intersection models of inter-

val and permutation graphs. As a result, we obtain two new classes of graphs – simple IP-SEG and

IP-SEG – that generalize interval and permutation graphs, but are not contained within the class of

perfect graphs. We show that even though simple IP-SEG and IP-SEG graphs may contain large

chordless cycles, there are limitations in how such cycles may be represented in the corresponding

models. This allows us to identify several families of forbidden subgraphs for the classes. Leverag-

ing properties of the geometric intersection model, we design polynomial model-based algorithms

for the CLIQUE, INDEPENDENT SET, and LONGEST CHORDLESS CYCLE problems on IP-

SEG graphs. We make initial progress on the recognition problem by presenting a polynomial

recognition algorithm for the subclass of IP-SEG trees. We also discuss possible generalizations

of the geometric intersection model of IP-SEG graphs that may preserve properties that allow the

design of polynomial model-based algorithms for the above optimization problems.

In Chapter IV, we consider a different model used for characterizing or representing special

classes of graphs – vertex orderings. We explore how properties de�ning a vertex ordering can

affect the complexity of recognizing graphs in the class and we look at situations in which vertex

orderings can help us in designing ef�cient algorithms for optimization problems. We give the �rst

robust polynomial algorithm for the CLIQUE problem on IP-SEG graphs that is based on a vertex

elimination ordering. We discuss a generalization of the approach to vertex and edge elimination

orderings where induced neighborhoods belong to classes of graphs on which the CLIQUE problem

is tractable. Further, we consider two different methods of combining vertex ordering properties and

present examples of pairs of properties for which one of the methods leads to a more restricted class
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of graphs. We show that there are cases where this leads to a class of graphs on which a generally

hard optimization problem becomes tractable.

In Chapter V, we consider multiple graph classes and associated random generating models and

we study how structural properties of the underlying graph can impact the effectiveness of mecha-

nisms for facilitating or preventing decentralized consensus between agents positioned as vertices

of a graph. The mechanisms being considered include communication, as well as introduction and

varied placement of adversarial and trusted agents. We build on the work done in [56], where

models of individual behavior were trained based on data from experiments with human subjects,

by performing agent-based simulations over a wider range of graph-generating models, including

geometric-based models of special graph classes like IP-SEG graphs. We consider varying levels

of modi�cations to models of individual behavior and show that agents could be more successful

in reaching decentralized consensus if they were to more closely follow the lead of neighbors who

are known to be non-adversarial agents. In addition, we demonstrate that consensus rates can be

increased, over all considered graph classes and random generating models, by ensuring that ver-

tices of trusted agents induce a connected subgraph. When model modi�cations are combined with

optimized placement of trusted agents, we observe compounded gains in consensus rates. Finally,

we �nd that reaching decentralized consensus on classes like unit-disk and interval graphs, that

are more likely to exhibit a community structure, is particularly challenging and we may need to

consider alternative placements of trusted agents that prioritize coverage of inter-community edges.
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CHAPTER III

Geometric Intersection Models: Generalizing Interval and Permutation Graphs

3.1 Introduction

A large number of important graph classes are de�ned or can be characterized by a geometric in-

tersection model. These characterizations can arise from different geometric objects that are being

intersected. Boxicity graphs (intersection graphs ofd-dimensional rectangles), circular-arc graphs

(intersection graphs of arcs along a circle), and string graphs (intersection graphs of curves in the

plane) [50, 104] are just a few of many such examples. Two particularly well-studied examples are

the classes of interval and permutation graphs [41]. In both of their respective models, the inter-

secting objects are line segments in the plane, with different restrictions imposed on their positions.

In interval graphs, the line segments must lie on a single line, while in permutation graphs, their

endpoints must lie on two separate parallel lines. Because of the similarity, it is natural to look

for geometric intersection models that would generalize those of interval and permutation graphs.

One approach is to have geometric objects that generalize line segments. In the model ofsimple

trianglegraphs (also known in the literature aspoint-interval) [23, 107], the intersecting objects are

triangles, while in the model oftrapezoidgraphs (also referred to asinterval-interval) [23, 26], the

intersecting objects are trapezoids.

Another way of generalizing the models of interval and permutation graphs is to use the same

kind of intersecting geometric objects - straight line segments - but reduce the restrictions on their

possible positions. If we drop all restrictions, then we obtain the large class of SEG graphs - the

intersection graphs of straight line segments in the plane [15]. However, many of the standard

optimization problems, including COLORING [37], INDEPENDENT SET [76], and CLIQUE [17],

remain NP-hard on SEG graphs, even if the representation as a set of segments is given as part of the

input. Sub-classes of SEG graphs, with restrictions on the number of directions that line segments

could have, have been studied, including grid intersection (or 2-DIR) andk� DIR graphs [59, 76].

Such models, however, do not generalize the model of permutation graphs, where segments can

have any direction in the plane, except being parallel with the two lines.

We introduce a new model in which the intersecting objects remain straight line segments, but
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they can either lie along one of two horizontal lines or go from one horizontal line to the other. This

leads to two natural generalizations of both interval and permutation graphs, based on whether all

horizontal segments lie on the same line [67, 68]. We formally de�ne the models and graph classes

in Section 3.2. In Section 3.3, we show that these classes have implicit representations. Unlike

simple triangle and trapezoid graphs, the two new classes are not contained in the class of perfect

graphs. However, in Section 3.4, we show that we are somewhat limited in how we can represent

chordless cycles using the new model, which helps us identify some forbidden subgraphs for the

graph classes. In Section 3.5 we demonstrate several neighborhood-related properties satis�ed by

some vertices of the new classes and identify additional forbidden subgraphs. In Section 3.6, we

present polynomial algorithms for the CLIQUE, INDEPENDENT SET, and LONGEST CHORD-

LESS CYCLE problems, when the model is given as part of the input. We offer partial results with

respect to the recognition problem in Section 3.7. In Section 3.8, we brie�y discuss possible further

generalizations of the new classes of graphs. Finally, in Section 3.9, we discuss some of the open

questions on the new graph classes.

3.2 Preliminaries

Let G = ( V;E) be a graph with a vertex setV = f v1;v2; : : : ;vng. An intersection modelof G is a

family of setsSi ; i = 1;2; : : : ;n; such that(vi ;v j ) 2 E if and only if Si \ Sj 6= /0. We say thatG is an

intersection graphof the family of setsSi .

Many classes of graphs can be de�ned or characterized as the intersection graphs of different

kinds of families of sets. For example, the line graphL(G) of a graphG is the intersection graph of

edges ofG (seen as two-element sets of edge endpoints), EPT graphs are de�ned as the intersection

graphs of nontrivial simple paths (seen as sets of edges) in trees [51], and chordal graphs can be

characterized as the intersection graphs of subtrees of trees [15]. More often, the intersecting sets

correspond to geometric objects in a Euclidean space, including circular arcs, disks, triangles,d-

dimensional rectangles andd-dimensional spheres. We refer to intersection models of this kind as

geometric intersection models. In this chapter, we are primarily interested in geometric intersection

models of straight line segments in the Euclidean plane. The two most prominent and extensively

studied graph classes with such a model are interval and permutation graphs.

De�nition 3.2.1. Interval graphs are the intersection graphs of intervals on the real line.

7



De�nition 3.2.2. Permutation graphs are the intersection graphs of straight line segments having an

endpoint on each of two parallel lines.

An example of a graph that is both interval and permutation, together with the respective geo-

metric intersection models, is given in Figure 3.1. Note that we can obtain an equivalent de�nition

of interval graphs by dropping the requirement that the line in question isreal and by substitut-

ing intervalswith straight line segments. This allows for multiple natural ways of simultaneously

generalizing the geometric intersection models of interval and permutation graphs. These include

point-interval(or simple triangle) andinterval-interval(or trapezoid) graphs introduced by Corneil

and Kamula [23], in which the geometric objects (or sets) corresponding to vertices are formed by

combining multiple line segments.

Figure 3.1: A graph that is both interval and permutation, together with a corresponding interval
(top right) and permutation (bottom right) geometric intersection models.

In this work, we study generalization of the models of permutation and interval graphs in which

the geometric objects corresponding to vertices remain individual line segments. We borrow the

following piece of notation from [86]: for a given line segments in the plane, byt(s), b(s), l (s),

andr(s), we denote a top-, bottom-, left-, and rightmost point ofs. We will reserve the use of this

notation for situations where the extreme point of the segment is uniquely de�ned (as one of the

segment's endpoints). We will also use the same notation whens represents a set of line segments.

De�nition 3.2.3. Let L 1 andL 2 be two horizontal lines in the plane, withL 1 lying aboveL 2. We

say that a straight line segments is aninterval segmentif both its endpointsl (s) andr(s) lie on the

same horizontal lineL i . We say thats is apermutation segmentif t(s) lies onL 1 andb(s) lies on

L 2. Let I be a set of interval segments,P a set of permutation segments, andG the intersection
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graph of the set of segmentsI [ P . We callMG = I [ P aninterval-permutation-segment(IP-

SEG) model ofG. If all interval segments inI lie on the lineL 1, we callMG = I [ P a simple

IP-SEGmodel ofG.

De�nition 3.2.4. A graphG is anIP-SEG graphif it has an IP-SEG model.G is asimple IP-SEG

graphif it has a simple IP-SEG model.

Note that under the above de�nitions, a simple IP-SEG model is also an IP-SEG model, which

indicates that simple IP-SEG graphs are contained in IP-SEG graphs. We will later show that this

containment is proper.

We know that other generalizations of permutation and interval graphs like simple triangle or

trapezoid graphs remain perfect. One important characteristic that distinguishes IP-SEG and simple

IP-SEG graphs is that they may contain odd holes, meaning they are not contained in the class of

perfect graphs. Simple IP-SEG and IP-SEG models of a chordless cycle on �ve vertices are shown

in Figure 3.2. It is easy to see how these models can be extended to models of larger chordless

cycles.

Figure 3.2: A simple IP-SEG model of aC5 is shown on the left. An alternative IP-SEG model is
given on the right. Note that the numbers shown next to line segments indicate the corresponding
vertex labels from a natural labelling ofC5.

3.3 IP-SEG model representation

Each line segments in the plane is uniquely determined by its two endpoints, each of which can

be speci�ed by theirx andy coordinates. We will use the notations = ( x1(s);y1(s);x2(s);y2(s)) .

Thus, when we say we are given the model or representation of an IP-SEG graphG, we mean that

for each vertexv of G we are given a four-tuple of numbers specifying the segment corresponding

to v. Whenxi(s);yi(s) 2 R, the above is not a representation that characterizes IP-SEG graphs. In

fact, it is a characterizing representation of the class of SEG graphs. However, we know that for

IP-SEG graphs, theyi(s) coordinates identify the horizontal lines that the endpoints of a segments
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belong to, and without loss of generality, we may assume thaty1(s);y2(s) 2 f 1;2g. Havingy1(s) =

y2(s) = y(s) indicates that we are dealing with an interval segment andy1(s) 6= y2(s) means we have

a permutation segment. In addition, we may assume that for each permutation segmentp the �rst

endpoint is always positioned onL ¥ i.e. y1(p) = 1 andy2(p) = 2. Further, we may assume that

for each interval segment, its left endpoint comes �rst, i.e. fori = ( x1(i);y(i);x2(i);y(i)) , we have

x1(i) � x2(i). We can also show that the range of values thatx1(i) andx2(i) can take, can be limited

to a �nite set of integers.

Recall that in the model of interval graphs, whether two intervals share a non-empty intersection

depends entirely on the relative ordering of their endpoints along the horizontal line. Similarly,

whether two permutation segments of a permutation graph representation intersect depends entirely

on the relative orderings of their endpoints alongL 1 andL 2. A similar observation can be made

for IP-SEG graphs. In particular, for two segmentss andq, the following holds:

i) If sandq are two interval segments, they intersect if and only if

• y(s) = y(q) (s andq lie on the same horizontal line),and

• x1(q) � x1(s) � x2(q) or x1(s) � x1(q) � x2(s) (s andq overlap).

ii) If sandq are two permutation segments, they intersect if and only if

• x1(s) � x1(q) andx2(q) � x2(s), or

• x1(q) � x1(s) andx2(s) � x2(q).

iii) If s is an interval segment andq is a permutation segment, they intersect if and only ifscontains

one of the endpoints ofq, that is

• y(s) = 1 andx1(s) � x1(q) � x2(s), or

• y(s) = 2 andx1(s) � x2(q) � x2(s).

Thus, all we need to know to determine adjacency between two segmentss andq from an IP-

SEG model is to know what types of segmentssandq are, on which lineL i each of their endpoints

is located on, and what are the relative orderings of their endpoints onL 1 and/orL 2. The last part

implies that the number of different values thexi endpoint coordinates could take is bounded by the
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maximum number of endpoints positioned on a single line and, by extension, the total number of

endpoints. In other words, we may assume that in an IP-SEG model of a graphG on n vertices, for

any line segments in the model we havex1(s);x2(s) 2 f 1;2; : : : ;2ng.

With the above limitations on the range ofxi andyi values, it follows that we need onlyO(logn)

bits of information (the four-tuple specifying the corresponding segment) per vertex to properly

represent any IP-SEG graphG, meaning that the number of IP-SEG graphs onn vertices is bounded

by 2O(nlogn) . Furthermore, theO(logn) bits of information associated with verticesu and v are

suf�cient to test for adjacency betweenu andv in constant time. Therefore, similar to interval and

permutation graphs, simple IP-SEG and IP-SEG graphs have animplicit representation[71, 104].

Like all classes with geometric intersection models, simple IP-SEG and IP-SEG are hereditary

graph classes. Thus, they represent additional examples that conform with the implicit graph con-

jecture made by Kannan, Naor and Rudich in [71], which states that every hereditary class of graphs

with 2O(nlogn) graphs onn vertices has an implicit representation. On the other hand, the more gen-

eral class of SEG graphs also satis�es the conditions of the conjecture, but has no known implicit

representation [19]. The analogous representation using four-tuples does not work for SEG graphs,

because real-valued coordinates can require an exponential number of bits.

Note that in the above discussion we have allowed for the possibility of segments sharing one

or both endpoints. We know that permutation graphs are usually de�ned so that no two permutation

segments share an endpoint. While this is not imposed as a requirement in the de�nition of interval

graphs, the consecutive cliques arrangement [13] of an interval graph implies that every interval

graph has a representation in which no two intervals share an endpoint. This is also the case for

IP-SEG graphs.

Indeed, suppose that we have an IP-SEG model of a graphG in which line segments share

endpoints and lete be one of those endpoints. Without loss of generality, we may assumee lies on

L 1. Let P be the set of permutation segments havinge as an endpoint. Similarly, letIL andIR be

the sets of interval segments havinge as a left and right endpoint, respectively. We can modify the

IP-SEG model ofG so thate is no longer a shared endpoint, in the following way. Use the open

interval ie arounde that does not contain any other endpoints. In it, arrange theL 1 endpoints of

permutation segments inP in a reverse order from the one their correspondingL 2 endpoints have.

In case some of the permutation segments also share an endpoint onL 2, resolve the tie arbitrarily.
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Then, we can extend the interval segments inIL to the left, so that they all include the new endpoints

of permutation segments inP, end at different endpoints, but their endpoints still remain within

ie. We can achieve the same thing with interval segments inIR by extending them to the right.

With this transformation, we ensure that permutation segments that sharede as an endpoint now

either intersect betweenL 1 andL 2, or still have a shared endpoint onL 2. In addition, all interval

segments inIL and IR do contain the new endpoints of permutation segmentsP and all interval

segments inIL andIR still contain the pointe, meaning they have non-empty pairwise intersections.

Finally, no new pairwise intersections are created as segments inP[ IL [ IR are the only ones that

have an endpoint in the open intervalie.

Thus, the above transformation leads to a new IP-SEG model ofG that has one fewer shared

endpoint. By doing this repeatedly, we can obtain an IP-SEG model in which no two segments share

an endpoint. The following lemma summarizes the results in this section.

Lemma 3.3.1. Every IP-SEG graph has an IP-SEG model MG such that:

i) for every line segment s2 MG, x1(s);x2(s) 2 f 1;2; : : : ;2ng and y1(s);y2(s) 2 f 1;2g, and

ii) no two segments in MG share an endpoint.

From our discussion so far, it is clear that an IP-SEG graph may have more than one IP-SEG

model. Nevertheless, when we deal with an IP-SEG graphG paired with a particular IP-SEG model

MG, there is a clear one-to-one correspondence between vertices inG and line segments inMG.

In such situations, for convenience, we will interchangeably use the notions of vertices and line

segments, as well as the notions of induced subgraphs and sets of line segments.

3.4 Chordless cycles in IP-SEG graphs

In an IP-SEG model, two interval segments that do not lie on the same parallel line cannot intersect.

Let G be a graph with an IP-SEG model consisting of interval segments only. IfG is connected,

then all of the interval segments in its IP-SEG model must lie on the same line. By extension, if

G has more than one connected component, the interval segments of a single componentC must

lie on the same line. It is easy to see that the interval segments of a componentC on L 2 can be

translated toL 1, while ensuring that they do not intersect with other interval segments already on

L 1. This means that a graphG has an IP-SEG model consisting only of interval segments, if and
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only if it has a simple IP-SEG model of only interval segments. In other words,G has an IP-SEG

model consisting of only interval segments if and only ifG is an interval graph. We can also make

the analogous observation for permutation segments: a graphG has an IP-SEG model consisting of

only permutation segments if and only ifG is a permutation graph.

Interval graphs are chordal and therefore an IP-SEG model of a chordless cycle of length greater

than three cannot consist exclusively of interval segments. Similarly, permutation graphs cannot

contain an induced cycle on more than four vertices. Therefore, an IP-SEG model of a chordless

cycle of length greater than four cannot consist exclusively of permutation segments. Figure 3.3

shows how a chordless cycle on four vertices may be represented using only permutation segments.

Figure 3.3: An IP-SEG model of aC4 consisting of permutation segments only.

3.4.1 Interval and permutation arcs

We have already seen that aC5 is a (simple) IP-SEG graph. It is easy to see how the models of

C5 in Figure 3.2 can be extended by adding more interval segments to represent larger chordless

cycles. Our goal is to show that the ways in which such a cycle can be represented is, in a certain

sense, limited and we will use that to identify examples of graphs that do not belong to the classes

of simple IP-SEG and IP-SEG graphs.

Let u andv be vertices of an IP-SEG graphG corresponding to interval segmentsiu and iv,

respectively, in a given IP-SEG representation ofG. Further, suppose thativ is fully contained iniu.

Then,u andv are adjacent and all neighbors ofv must also be neighbors ofu in G. In other words,

N[v] � N[u] must hold for the closed neighborhoods ofv andu.

Consider a pathPn = ( v1;v2; : : : ;vn). Clearly,N[v1] � N[v2], N[vn] � N[vn� 1], andv1 andvn are

the only vertices inPn with the property of having a closed neighborhood that is contained within

a closed neighborhood of another vertex. Now consider an IP-SEG representation ofPn using only

interval segments. From the above discussion, it follows that an interval segment could be contained

within another only if it corresponds tov1 or vn. We say that an IP-SEG representation ofPn using
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only interval segments is anactive interval representationif no interval segment is contained within

another. Assuming that the interval segment corresponding tov1 is the one with the leftmost left

endpoint, it is easy to see that in an active interval representation ofPn, the left-to-right ordering of

all left endpoints would coincide with the ordering of the vertices inPn. The same is true for the

left-to-right ordering of all right endpoints of interval segments. An example is shown in Figure 3.4.

Figure 3.4: An active (left) and an inactive (right) interval representation of aP3.

Suppose we are given an IP-SEG representationMCn of a chordless cycleCn = ( v1;v2; : : : ;vn),

with n � 4. Let s(vi) denote the line segment inMCn corresponding to vertexvi . Further, suppose

that not alls(vi)'s are permutation segments, i.e. thatMCn consists of both interval and permutation

segments. LetSi; j = ( s(vi);s(vi+ 1); : : : ;s(v j )) be a maximal nonempty sequence of consecutive

interval segments in IP(Cn), i.e. a sequence such thats(vi� 1) ands(v j+ 1) are permutation segments

and for eachk 2 f i; i + 1; : : : ; jg, s(vk) is an interval segment (indices are modulon). We callSi; j an

interval arcof length j � i + 1. We can de�ne the notion of apermutation arcof MCn, analogously.

Using the above notation, any IP-SEG representation of a chordless cycleCn, for n � 5, can be

described as consisting of interval and permutation arcs. Note that because we de�ne interval and

permutation arcs as nonempty sequences of segments, the IP-SEG model of aC4 shown in Figure 3.3

has 0 interval arcs and 0 permutation arcs. Clearly, all other IP-SEG models of chordless cycles

which have segments of both types, must contain arcs of both types, and the number of interval arcs

must equal that of permutation arcs. We also have the following result.

Lemma 3.4.1. Let Cn be a chordless cycle, with n� 4. Cn has an IP-SEG representation with t

interval arcs of lengthsf l1; l2; : : : ; ltg if and only if Cn� n0, where n0= å t
i= 1(l i � 1), has an IP-SEG

representation with t interval arcs, each of length1.

Proof. Let Si;i+ k be an interval arc of a given IP-SEG representation of a chordless cycleCn. Note

that Si;i+ k, being formed byk+ 1 segments, must be an active interval representation of the path

Pk+ 1. Suppose we take one interval segmentsj in Si;i+ k and replace it with two partially overlapping
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interval segmentssj0 andsj00such thatsj = sj0 [ sj00andsj0 \ sj00does not overlap any of the other

segments inSi;i+ k. With this we are transforming an IP-SEG representation ofCn into an IP-SEG

representation ofCn+ 1. Similarly, assumingk � 1, we can take two consecutive interval segmentssj

andsj+ 1 in Si;i+ k and replace them with one new segmentsj � such thatsj � = sj [ sj+ 1. This allows

us to transform an IP-SEG representation ofCn with an interval arc of lengthk+ 1 into an IP-SEG

representation ofCn� 1 with an interval arc of lengthk. The more general result stated in the lemma

follows from a repeated application of the above transformation.

A natural question to ask is how many interval arcs an IP-SEG representation of a chordless cy-

cle can have. Recall that in Figure 3.2 we saw one (simple) IP-SEG representation of aC5 consisting

of one interval arc and one permutation arc, as well as another IP-SEG representation consisting of

two interval arcs and two permutation arcs. We also noted that aC4 is the only example of a chord-

less cycle that can have no arcs. We will show that these are in fact the only three possibilities.

Lemma 3.4.2.Let MCn be a simple IP-SEG model of a chordless cycle Cn, containing both interval

and permutation segments. Then MCn must have exactly one interval arc.

Proof. Suppose there exists a chordless cycleCn with a simple IP-SEG model that has two interval

arcs. Then, by Lemma 3.4.1, there exists a chordless cycleCm, m � n, with a simple IP-SEG

model that has two one-segment interval arcsI1 andI2. Without loss of generality, we may assume

that I1 lies to the left ofI2 on L 1. Let P1 = ( p1;1; p1;2; : : : ; p1;q) andP2 = ( p2;1; p2;2; : : : ; p2;r ) be

the two permutation arcs so thatp1;1 andp2;1 are the permutation segments that intersectI1 and the

intersection pointp2;1 \ I1 is to the right ofp1;1 \ I1. Consider the pointsz0 = p1;1 \ I1, zq = p1;q \ I2,

andzk = p1;k \ p1;k+ 1, 1 � k < q. The straight-line segments connectingzi with zi+ 1, 0 � i � q, form

a broken lineB(P1) connectingz0 with zq. Note thatB(P1) is a continuous curve connectingz0

andzq that is bounded betweenL 1 andL 2. As such, one of its constituting straight-line segments

must intersectp2;1 (see Figure 3.5). Since each of these line segments must be contained within

some permutation segment ofP1, there must be a permutation segmentp1;x that intersectsp2;1.

However,p1;x andp2;1 correspond to two non-consecutive vertices of a chordless cycle that cannot

be adjacent, which is a contradiction. Therefore, aCn cannot have a simple IP-SEG model with

two interval arcs. Furthermore, if aCn could have a simple IP-SEG model withk � 3 interval arcs,

we could turn this into a simple IP-SEG model withk � 1 interval arcs by collapsing one of the
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interval arcs into a single point and effectively merging two permutation arcs into one. Therefore, a

Cn cannot have a simple IP-SEG model with more than one interval arc.

Figure 3.5: A simple IP-SEG representation of a chordless cycle cannot consist of two interval
arcs because the broken lineB(P1) induced by the �rst permutation arcP1 will have to intersect a
segment of the other permutation arcP2.

Lemma 3.4.3. Let MCn be an IP-SEG model of a chordless cycle Cn, containing both interval and

permutation segments. Then MCn must have either exactly one interval arc, or exactly two interval

arcs positioned on separate horizontal lines.

Proof. Given Lemma 3.4.2, we only need to consider "proper" IP-SEG models having at least

one interval arc on each horizontal line. Suppose there exists a chordless cycleCn with an IP-

SEG model that has two interval arcsI1 andI2 on L 1 and one interval arcI3 on L 2. As in the

proof of Lemma 3.4.2, we may assume that each of these are one-segment interval arcs. Let

P1 = ( p1;1; p1;2; : : : ; p1;q) be the permutation arc betweenI1 and I2, P2 = ( p2;1; p2;2; : : : ; p2;r ) the

permutation arc betweenI2 and I3 and P3 = ( p3;1; p3;2; : : : ; p3;s) the permutation arc betweenI1

andI3. Further, assume thatp1;1 andp3;1 are the permutation segments ofP1 andP3, respectively,

intersecting withI1.

If the intersection pointp1;1 \ I1 is to the left ofp3;1 \ I1 (left half of Figure 3.6), then the broken

line B(P1) induced by the intersection points of permutation segments ofP1 (see proof of Lemma

3.4.2) must intersectp3;1. This would imply an intersection between two permutation segments that

correspond to non-consecutive vertices inCn, a contradiction.

Suppose the intersection pointp3;1 \ I1 is to the left ofp1;1 \ I1 (right half of Figure 3.6) and

consider the endpoint ofp1;1 that lies onL 2. It cannot lie withinI3 asp1;1 andI3 do not correspond

to consecutive vertices in the chordless cycle. However, if it were to lie to the left or right ofI3, then

B(P3) or B(P2) would need to intersect withp1;1, both of which lead to a contradiction. Therefore,

a Cn cannot have an IP-SEG model with two interval arcs on one horizontal line and one interval
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arc on the other. Recalling the observation about collapsing interval arcs on the same line, this also

implies that an IP-SEG model of a chordless cycleCn cannot have more than one interval arc per

horizontal line.

Figure 3.6: An IP-SEG representation of a chordless cycle cannot consist of two interval arcs onL 1

and one onL 2 because: (1) the broken lineB(P1) induced by the permutation arcP1 will have to
intersect a segment of the permutation arcP3 (model on the left) or (2) a segment of the permutation
arcP1 would have to intersect eitherB(P2), B(P3), or I3 (model on the right).

3.4.2 Permutation arcs are always short

From our discussion of the IP-SEG models ofC5 shown in Figure 3.2 and from the proof of

Lemma 3.4.1, we know that interval arcs can have arbitrarily large lengths, assuming the corre-

sponding chordless cycle is large enough. This, however, is not the case for permutation arcs. First,

consider a simple IP-SEG model of a chordless cycleCn with an interval arcI and a permutation

arcP = ( p1; : : : ; pk), such thatp1 intersectsI to the left ofpk. It is easy to see thatk � 2 is a tight

lower bound. Supposek � 5 and letO1 andO2 be the two permutations of(1; : : : ;k) that de�ne the

relative ordering of endpoints of permutation segments inP along the horizontal linesL 1 andL 1,

respectively. Thenp1 and pk will correspond to nonconsecutive vertices ofCn and 1 will have to

appear beforek in bothO1 andO2. Sincep1 andpk are the only permutation segments intersecting

I , 1 andk must appear consecutively inO1. Further,p3 cannot intersect neitherp1 nor pk. Also,

p3 cannot have both of its endpoints to the left ofp1 because one of the segmentsp4; p5; : : : ; pk� 1

(and the broken line they form) would have to crossp1. Similarly, p3 cannot be be entirely to the

right of pk. The only other potential option is to placep3 betweenp1 andpk, but to achieve this we

would need for bothO1 andO2 to contain the sub-ordering(1;3;k), which contradicts 1 andk being

consecutive inO1. Therefore, the lengthk of a permutation arc in a simple IP-SEG model ofCn is

bounded by 2� k � 4.

Now, consider an IP-SEG model ofCn having two interval arcsI1 andI2, with I1 being the one

alongL 1. Let the two permutation arcs beP = ( p1; : : : ; pk) andQ = ( q1; : : : ;ql ), with t(p1);t(q1) 2
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I1, b(pk);b(ql ) 2 I2, andt(p1) being to the left oft(q1). Since segments ofP cannot intersect with

segments ofQ, b(p1) cannot be to the right ofb(ql ). If b(p1) lies onI2 then we must havek = 1.

Suppose thatk � 2. Thenb(p1) < l (I2) < b(pk) and, by symmetry,t(pk) < l (I1) < t(p1). This

implies thatp1 intersectspk, which is only possible if they correspond to consecutive vertices in

Cn, i.e. if k = 2. Therefore, in an IP-SEG model ofCn that has two arcs of each kind, a single

permutation arc can consist of either one or two segments. Figure 3.7 summarizes all possible

con�gurations of chordless cycles that contain both interval and permutation segments.

Figure 3.7: The possible IP-SEG con�gurations ofCn with one arc of each kind (top) and with two
arcs of each kind (bottom). Dashed lines indicate that interval arcs can have arbitrary length. Note
that the left-to-right symmetric equivalents of the top middle and bottom middle con�gurations are
also possible.

Knowing the limited ways in which we can represent a chordless cycle in an IP-SEG model,

we can describe the �rst family of forbidden induced subgraphs for the classes of simple IP-SEG

and IP-SEG graphs. Consider the graphG7;2 on 21 vertices formed by a cycleC7 = ( v1;v2; : : : ;v7)

and verticeswi andzi , 1 � i � 7, such thatwi is pendant tovi andzi is pendant towi . A simple

IP-SEG modelMC7 of theC7 in G7;2 must consist of one interval arcI and one permutation arc

P. As P cannot have length greater than 4,I must be composed of at least three segments. Then

there exists a vertexvt corresponding to aninterior interval segmentst of I , i.e. a segment such

that l (I ) < l (st) andr(st) < r(I ). Moreover,st must fully lie between the endpoints of the broken

line B(P) induced by the permutation arc. Consequently, the segment corresponding tovt 's pendant

neighborwt cannot be a permutation segment as it would intersect with at least one segment inP.

This, combined with the fact thatst 's ends are overlapped by the two neighboring interval segments,
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implies thatwt must correspond to an interval segment that is fully contained inst . However,wt

has a neighborzt that it does not share withvt , a contradiction. Therefore,G7;2 is not a simple

IP-SEG graph. Note that this would be true for any graphGn;2 constructed in an analogous way

from a cycleCn with n � 7. One can easily verify thatG7;2 is also a minimal non-member of simple

IP-SEG graphs, under vertex removal. Note that the above argument showing thatG7;2 is not a

simple IP-SEG graph does not require the verticeszi to be pairwise nonadjacent, meaning that any

combination of edges(zi ;zj ) leads to other examples of graphs that are not simple IP-SEG.

Figure 3.8: The graphG7;2 (left) is not a simple IP-SEG graph, but is an IP-SEG graph. One possible
IP-SEG model ofG7;2 is shown on the right.

On the other hand,G7;2 and G8;2, can be represented using an IP-SEG model (forG7;2 see

Figure 3.8), which demonstrates that the class of simple IP-SEG graphs is properly contained in

IP-SEG. However, this is not true for graphsGn;2 with n � 9. We know that in an IP-SEG model

MCn of Cn which has two interval and two permutation arcs, the permutation arcs cannot consist

of more than two segments. Thus, whenn � 9, at least one interval arc ofMCn would need to be

of length at least three and at least one vertexvt would have to correspond to an interior interval

segment. This would again lead to a contradiction when trying to assign segments towt andzt .

3.5 Neighborhood properties and other forbidden induced subgraphs of IP-SEG graphs

The observed limitations on IP-SEG models of chordless cycles that use segments of both types

allow us to make some inferences on the kinds of neighborhoods a vertex of an IP-SEG graph

may have. LetG be an IP-SEG graph andMG be one of its IP-SEG models. Supposev is a

vertex ofG such thatN(v) contains aCn = f c1;c2; : : : ;cng as an induced subgraph, withn � 5. A

short inspection of the possibleCn con�gurations shown in Figure 3.7 suf�ces to see thatv cannot

correspond to a permutation segment inMG. Without loss of generality, we may assume that the
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interval segmenti(v) thatv corresponds to lies onL 1. Sincen � 5, we know that there has to be at

least one vertexck that corresponds to an interval segmenti(ck). Because an interval segment cannot

intersect interval segments lying on a different horizontal line,i(ck), as well as any other interval

segments corresponding to vertices ofCn in MG, must lie onL 1. If u is a vertex different fromv,

such thatN(u) contains the sameCn = f c1;c2; : : : ;cng, thenu must also correspond to an interval

segmenti(u) lying on L 1 in MG. BecauseCn must contain at least one vertexcl corresponding to

a permutation segment inMG, i(v) andi(u) must have a non-empty intersection (at the very least,

containing the top endpoint ofcl 's permutation segment). LetWn;2 be the graph formed by adding

a single vertexv to a wheel graphWn and makingv a false twin of the apex ofWn. We callWn;2 a

2-apex wheel graph. The above discussion implies that 2-apex wheel graphsWn;2, with n � 5, are

another set of graphs that do not belong to the class of IP-SEG graphs. The 2-apex wheel graphW5;2

shown in Figure 3.9) is a minimal non-member of IP-SEG graphs.

Figure 3.9: The 2-apex wheel graphW5;2 formed by taking the wheel graph on six verticesW5 and
adding to it a false twinv of the wheel apexu.

We can say something even stronger about the interval segmenti(v) in the above discussion. If

Cn, in MG, is represented using the �rst con�guration (see Figure 3.7), its interval arcI will need

to be of length at least 3 and contain at least one interior interval segment, whichi(v) will need to

fully contain. Similarly, if we are dealing with the second con�guration, the length of the interval

arcI will need to be at least two and, to ensure thati(v) intersects all of the permutation segments,

i(v) will have to fully contain the leftmost interval segment ofI . Finally, in the third con�guration,

which will have a nonempty interval arcI , in order to intersect all permutation segments,i(v) will

need to fully contain all the segments ofI . In short, if a vertexv of an IP-SEG graphG contains

a chordless cycle in its neighborhood, then in any IP-SEG model ofG, v necessarily corresponds
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to an interval segmenti(v) that contains at least one other interval segment. Having in mind that

Cn, for n � 5, is not a permutation graph, we have the following, signi�cantly more general, result

regarding the neighborhoods of vertices of IP-SEG graphs.

Lemma 3.5.1. Let G be an IP-SEG graph and let MG be one of its IP-SEG models. If v is a vertex

of G with a corresponding line segment s(v) in MG such that:

a) s(v) is an interval segment not containing any other interval segments, or

b) s(v) is a permutation segment such that no interval segment intersecting s(v) is contained within

another interval segment,

then N[v] must induce a permutation graph.

Proof. We will prove this result by showing how the line segments corresponding to vertices inN[v]

can be mapped fromMG to another IP-SEG model consisting exclusively of permutation segments,

while maintaining the same set of segment pairs having non-empty intersections.

a) Supposes(v) is an interval segment, lying onL 1, and such that it does not contain any other

interval segments. We can split the set of segments ofMG corresponding to vertices ofN[v] into the

following 4 groups:

• P : all permutation segments,

• I L: interval segmentsi that overlaps(v) on the left, i.e. such thatl (i) < l (s(v)) andr(i) 2 s(v),

• I R: interval segmentsi that overlaps(v) on the right, i.e. such thatl (i) 2 s(v) andr(i) >

r(s(v)) ,

• I C: interval segmentsi that contains(v) (we includes(v) itself in this set).

Let L� be a point on the lower horizontal lineL 2 satisfyingL� < b(p), for all p 2 P . Let R� be

a right-hand side analog ofL� . Consider the following mappingt a:

t a(q) =

8
>>>>>><

>>>>>>:

q; q 2 P

permutation segmentp with t(p) = r(q) andb(p) = L� ; q 2 I L

permutation segmentp with t(p) = l (q) andb(p) = R� ; q 2 I R [ I C
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Figure 3.10 illustrates whyt a produces a valid permutation representation ofG[N[v]] that main-

tains the original set of segment pairs with non-empty intersections fromMG.

Figure 3.10: An IP-SEG representation of the neighborhood of vertexv, with v represented as an
interval segment not contained by another (model on the left) and how that representation can be
mapped to another (model on the right) consisting entirely of permutation segments.

b) Now suppose thats(v) is a permutation segment such that no interval segment intersecting

s(v) is contained within another interval segment. In parta), our task was simpler in that we were

able to come up with an appropriate transformation that kept all permutation segments in their

original positions. However, such a transformation is not always possible whens(v) is a permutation

segment. Consider a vertexu in N[v] corresponding to an interval segmenti(u) 2 L 1 such that

l �
1 < l(i(u)) andr(i(u)) < r �

1, wherel �
1 = minf t(p) : p 2 P g andr �

1 = maxf t(p) : p 2 P g. Further,

suppose thati(u) intersects with at least one permutation segmentpl such thatl �
1 < t(pl ) < t(s(v))

and at least one permutation segmentpr such thatr �
1 > t(pr ) > t(s(v)) . It is easy to see that the only

way to mapi(u) to a permutation segmentp(u) that intersects bothpl andpr is if p(u) intersects a

permutation segment ending atl �
1 or r �

1, which would introduce at least one new pair of segments

with a non-empty intersection.

There is, however, a way to rearrange the endpoints of permutation segments, so that all interval

segments corresponding to vertices ofN[v] in MG can be mapped to new permutation segments,

while maintaining the same set of segment pairs with non-empty intersections. We divide the end-

points of segments, both interval and permutation, intersectings(v) into 4 groups:

• LT : endpointseonL 1 such thate< t(s(v)) ,

• RT : endpointseonL 1 such thate> t(s(v)) ,
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• LB: endpointseonL 2 such thate< b(s(v)) ,

• RB: endpointseonL 2 such thate> b(s(v)) .

Note that for each permutation segmentp intersectings(v) we either have: 1)t(p) 2 LT and

b(p) 2 RB, or 2) t(p) 2 RT andb(p) 2 LB. Similarly, for each interval segmenti intersectings(v)

we either have: 1)l (i) 2 LT andr(i) 2 RT , or 2) l (i) 2 LB andr(i) 2 RB.

The �rst step of our transformation is to reverse the ordering of endpoints inLT . More formally,

for e 2 LT , let l (e) denote the line segment that hase as one of its endpoints. Further, lete1 <

e2 < � � � < ejLT j be the ordering of endpoints inLT . Then, for eachk 2 f 1;2; : : : ; jLT jg, we make

ek the new endpoint of segmentl (ejLT j� k+ 1) in LT . In the second step of the transformation, we

perform an analogous reversal of the endpoints inRB. The third step amounts to swapping the sets

RT and LB. Namely, let f1 < f2 < � � � < fjRT j and g1 < g2 < � � � < gjLBj be the endpoints inRT

andLB respectively. We translate the endpoints inRT from L 1 to L 2, so that their relative left-to-

right ordering is preserved andfjRT j is positioned to the left ofb(s(v)) . Similarly, we translate the

endpoints inLB from L 2 to L 1, so that their relative left-to-right ordering is preserved andg1 is

positioned to the right oft(s(v)) .

Steps one and two do not change the type of a line segment - permutation (interval) segments

remain permutation (interval) segments. The swap of endpoints in step three, on the other hand,

moves one endpoint of each interval segment to a different horizontal line, in effect mapping it

to a permutation segment. It is easy to con�rm that once the three steps are completed, pairs of

permutation that intersected before, intersect now too. Interval segments originally lying onL 1,

now become permutation segments entirely to the left ofs(v) which, because of the re-positioning

of endpoints of the original permutation segments, now have the desired intersections. The same is

true for the interval segments originally lying onL 2, which now lie to the right ofs(v). The only

issue is that the permutation segments that interval segments are mapped to, now do not intersect

s(v). However, we can easily resolve this by re-positionings(v) so that it intersects all newly formed

permutation segments. We illustrate the full transformation in Figure 3.11.

Any non-empty IP-SEG model must include an interval segment not containing any other inter-

val segments. One such example is the interval segment onL 1 that has the leftmost right endpoint.
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Figure 3.11: An IP-SEG representation of the neighborhood of vertexv - with v represented as a
permutation segment (left) - and how that representation can be mapped to another (right) consisting
entirely of permutation segments. The mapping reverses the orderings of endpoints inLT andRB.
Then, it swaps the elements of setsRT andLB, while preserving the respective orderings. Finally, it
re-positions the segment corresponding to vertexv so that it intersects all other segments.

Thus, we have the following simple corollary of Lemma 3.5.1.

Corollary 3.5.1. Any IP-SEG graph G must have at least one vertex v such that G[N[v]] is a per-

mutation graph.

Note that Corollary 3.5.1 does not constitute a characterization of IP-SEG graphs. All vertices

of the graphGn;2 (described in the previous section) have closed neighborhoods that induce per-

mutation graphs, butGn;2 is not an IP-SEG graph whenn � 9. Nevertheless, Corollary 3.5.1 gives

us another family of graphs that are not IP-SEG, namely graphs that do not have vertices whose

neighborhood induces a permutation graph. There is one example set of such graphs that is partic-

ularly easy to construct. Letk � 5 and letCk;2 be the graph onn = 2k vertices formed by taking the

union of two copies ofCk and adding all possible edges that go between vertices of different copies.

Clearly, for each vertexv 2 Ck;2, G[N[v]] contains an induced chordless cycle of length greater than

4 and therefore cannot be a permutation graph. Note thatCk;2 is not a minimal non-member of

IP-SEG graphs under vertex removal, as it contains instances of the 2-apex wheel graphWk;2 as in-

duced subgraphs. We will see another, more signi�cant consequence of Corollary 3.5.1, in the next

chapter when we discuss a robust algorithm for theCLIQUE problem based on a vertex elimination

ordering.

We conclude this section with an observation regarding asteroidal triples. The neighborhood of

a vertexv in an IP-SEG graphG can contain an asteroidal triple(a1;a2;a3), but in any valid IP-SEG

model ofG, v will have to correspond to an interval segment containing another as permutation
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Figure 3.12: An example of a graph that is not IP-SEG, in which a vertexv is adjacent only to the
vertices of an asteroidal triple(a1;a2;a3).

graphs cannot contain asteroidal triples. However, we cannot have a vertexu whose only neighbors

area1;a2; anda3. An example of such a graph, that is not IP-SEG, is shown in Figure 3.12. The

following lemma summarizes the result.

Lemma 3.5.2.Let G be an IP-SEG graph containing an asteroidal triple(a1;a2;a3) and a vertex u

such that a1;a2;a3 2 N(u). Then, there exists i2 f 1;2;3g such that N(ai) � N(u).

Proof. Let M(G) be an IP-SEG model ofG andp be a permutation segment inM(G). We say that

another segments2 M(G) (interval or permutation)lies to the left (right) of p, if any endpoints of

s on L 1 lie to the left (right) oft(p) and similarly, any endpoints ofs on L 2 lie to the left (right) of

b(p). Further, given two segmentss1;s2 2 M(G), we say thatp separates s1 ands2 if one of the two

segments lies to the left, and the other to the right, ofp. For a vertexx of G we denote bys(x) the

line segment corresponding tox in M(G).

We consider two cases. First, suppose that at least one ofs(a1);s(a2); ands(a3) is a permutation

segment. Without loss of generality, we may assume that this includess(a1). It is easy to see that

s(a1) cannot separates(a2) ands(a3), as any path betweens(a2) ands(a3) will need to contain a

vertex whose corresponding segment intersectss(a1). Thus,s(a1);s(a2); ands(a3), up to horizon-

tal and vertical symmetry and swappings(a2) with s(a3), can have only one of the three potential

arrangements shown in the top half of Figure 3.13. Note that in arrangement 1), there is no way to

places(u) so that it intersects all three segments. Therefore, we actually cannot have this arrange-

ment inM(G). The arrangements 2) and 3) are possible inM(G), but the only way to places(v)

so that it intersects all three segments is as an interval segment on the top line containing thes(a2)

segment. On the other hand, if each ofs(a1);s(a2); ands(a3) is an interval segment, we essentially
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Figure 3.13: Possible con�gurations of segments corresponding to three independent vertices, up to
symmetry and segment relabeling.

have two arrangements to consider, shown in the bottom half of Figure 3.13. In arrangement 4), we

cannot places(u) so that it intersects all three ofs(a1);s(a2); ands(a3), so this arrangement cannot

occur inM(G). Arrangement 5) remains possible, but as before, the only way to places(u) is as an

interval segment onL 1 containings(a2). SinceM(G) is an IP-SEG model ofG ands(u) ands(a2)

must be interval segments withs(u) containings(a2) in M(G), we must have thatN(a2) � N(u).

3.6 Polynomial algorithms for optimization problems when the IP-SEG model is given

The respective geometric intersection models of interval and permutation graphs, imply very nat-

ural polynomial algorithms for solving several important optimization problems, including clique,

independent set, and graph coloring. For example, given the model of an interval graph, we can �nd

a maximum independent set by using a greedy algorithm which at each step selects the interval with

the leftmost right endpoint, while removing all other intervals that intersect it from consideration.

Given the model of a permutation graph, we can easily �nd a maximum clique by recovering the

de�ning permutation of the graph from the model and �nding the longest decreasing subsequence

in it. These algorithms are not of great practical importance, as there exist linear-time algorithms for
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the respective problems on larger graph classes, such as chordal and comparability graphs, which do

not require a model as part of the input. Nevertheless, such model-based algorithms point us to an

initial direction in the study of optimization problems on the new classes of simple IP-SEG and IP-

SEG graphs. In particular, we look at the following three optimization problems when the IP-SEG

model is given as part of the input: CLIQUE, INDEPENDENT SET, and LONGEST CHORDLESS

CYCLE.

3.6.1 The CLIQUE problem

Suppose thatC is a clique in an IP-SEG graphG with a given IP-SEG modelMG. Since interval

segments lying on different parallel lines cannot intersect, all interval segments inC, if any, must lie

on a single line. Without loss of generality, we may assume that line isL 1. Denote byCint the set

of interval segments inC and byCprm the set of permutation segments inC.

Consider the case whenCint 6= /0 and letsC be the intersection of interval segments inCint. As

such,sC is fully contained in each interval segment inCint and it must contain the top endpoint of

each permutation segment inCprm. In addition, the endpoints ofsC must be endpoints of one or

more interval segments inCint. Figure 3.14 provides an illustration.

Figure 3.14: An IP-SEG representation of a clique on 5 vertices.

If we knew whatsC was, it would not be dif�cult to recover a clique of maximum size. First, set

Cint to be the set of interval segments fully containingsC. Then, identify all permutation segments

that have an endpoint insC and �nd a clique of maximum sizeCprm on the permutation graph they

induce. Note that, since there may be multiple possible options forCprm, there may be multiple

cliques of maximum size that correspond tosC. Nevertheless, the above procedure will recover a

maximum clique, when we knowsC.

This leads to a simple polynomial algorithm for the clique problem, when the IP-SEG model

is known [67]. First, identify the maximum clique on the graphGp induced by the permutation

segments ofG. Then, go over all pairs of endpoints(s1;s2) of interval segments (s1 ands2 may
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belong to different segments) alongL 1 and identify the maximum clique formed by interval seg-

ments containing the intervalsC = [ s1;s2] and permutation segments with an endpoint insC. Repeat

the same for pairs of endpoints alongL 2. The clique of largest size found in this procedure is a

maximum clique ofG.

Algorithm 1 CLIQUE on IP-SEG graphs (given the model)
Clique(G, MG)

1: Cp: maximum clique of the graph induced by all permutation segments ofG
2: Cmax = Cp

3: for i 2 f 1;2g do
4: for each pair of endpoints(s1;s2) onLi do
5: Cint: interval segments onL i containing the interval[s1;s2]
6: Cprm: maximum clique formed by permutation segments with an endpoint in[s1;s2]
7: C = Cint [ Cprm

8: if jCj > jCmaxj then
9: Cmax = C

10: end if
11: end for
12: end for
13: return Cmax

Depending on what subroutine we apply to �nd a maximum cliqueCprm on the permutation

graphs induced by permutation segments, the overall running time of the algorithm would be

O(n2(n+ m)) or O(n3logn).

3.6.2 The INDEPENDENT SET problem

We already encountered the notion of a line segmentq being to the left or to the right of a permu-

tation line segmentp in the proof of Lemma 3.5.2. For simplicity, we use the notationq < p and

q > p. Clearly, two permutation line segmentsp1 andp2 do not intersect if and only ifp1 < p2 or

p1 > p2. We say that a line segmentq is betweentwo non-intersecting permutation segmentsp1 and

p2, if p1 < q < p2 or p2 < q < p1.

SupposeG is an IP-SEG graph with a given modelMG. Let I be a maximum independent set in

G andIprm andIint be the sets of permutation and interval segments, respectively, that formI. The

permutation segments inIprm must form a sequencef pig such that eachpi+ 1 is to the right ofpi .

Let pn� 1 andpn be the next to last and last permutation segments in the sequencef pig, respec-

tively, as shown in Figure 3.15. LetG0(pn� 1) be the set of all segments, interval and permutation,
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that are to the left ofpn� 1. Let G(pn� 1) = G0(pn� 1) [ f pn� 1g and letI (pn� 1) = I \ G(pn� 1). It is

easy to see that ifI is of maximum size inG, thenI(pn� 1) must be an independent set of maximum

size in the induced subgraphG(pn� 1) of G.

Figure 3.15: An IP-SEG representation of an independent set with at least two permutation seg-
ments.

Denote byGi(pn� 1; pn) the set of all interval segments alongL i that are betweenpn� 1 andpn

and letIi(pn� 1; pn) = I \ Gi(pn� 1; pn). It is again easy to see that ifI is of maximum size inG, then

Ii(pn� 1; pn) must be an independent set of maximum size in the induced subgraphGi(pn� 1; pn) of

G.

While �nding I(pn� 1) amounts to solving the original problem of �ndingI , we do know that

the subgraphGi(pn� 1; pn) is an interval graph and therefore, we can �ndIi(pn� 1; pn) by applying

an existing algorithm for �nding an independent set of maximum size on interval graphs. This leads

to a simple dynamic programming algorithm for the independent set problem in which for each

permutation segmentp we keep track of the largest independent setI (p) formed byp along with

segments thatp is to the right of [67]. Begin by obtaining a left-to-right topological orderingT

of the set of all permutation segments using theto the right of relation. Then, process segments

in T in a left-to-right order. If a segmentp is not to the right of any of the already processed

segments fromT, thenI(p) is simply the union ofp and the largest independent sets onL 1 andL 2

formed by interval segments thatp is to the right of. Otherwise, we also need to consider the sets

I (p0) [ I2(p0; p) [ I2(p0; p) for each permutation segmentp0that p is to the right of. We also need to

account for the possibility that the largest independent set ofG consists only of interval segments in

MG. For this, we simply need to combine the largest independent set of the interval subgraph ofG

induced by interval segments lying onL 1 with the corresponding independent set onL 2. Finally,

it is possible that a largest independent set ofG contains interval segments that lie to the right ofpn.

We deal with this by introducing a new permutation segmentp� to MG that lies to the right of all
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other line segments. In the above notation, �nding a maximum independent set ofI of G amounts

to �nding I(p� ) � f p� g in (the updated version of)MG.

Algorithm 2 INDEPENDENT SET on IP-SEG graphs (given the model)
IndependentSet(G, MG)

1: p� : a new permutation segment that is to the right of all segments inMG

2: MG = MG [ f p� g
3: T: a topological ordering of the permutation segments ofMG

4: for p in T do
5: I1(p): largest independent set of interval segmentssonL 1 such thats< p
6: I2(p): largest independent set of interval segmentssonL 2 such thats< p
7: I ( p) = I1(p) [ I2(p) [ f pg
8: for p0 in T such thatp0< p do
9: I � (p) = I(p0) [ I1(p0; p) [ I2(p0; p) [ f pg

10: if jI ( p)j < jI � (p)j then
11: I ( p) = I � (p)
12: end if
13: end for
14: end for
15: return I(p� ) � f p� g

Since we are given the model and thus we have the interval segments in sorted order, we can

�nd each of the independent sets of interval subgraphs in the algorithm inO(n) time. This leads to

an overall running time ofO(n3).

3.6.3 The LONGEST CHORDLESS CYCLE problem

Another problem that is NP-hard on general graphs, but can be solved in polynomial time on IP-

SEG graphs when given the model, is thelongest chordless cycle(LCC) problem. In the literature,

this problem is also known as thelongest induced cycleproblem and it remains NP-complete on

bipartite graphs [45]. Further, much like the CLIQUE problem, the LCC problem on general graphs

is NP-hard to approximate withinn1� e, for anye > 0 [70]. However, due to the fact that the set of

possible IP-SEG con�gurations ofCn is limited (see Figure 3.7), we can solve the LCC problem on

IP-SEG graphs in polynomial time by going through these con�gurations. Note that this approach

is not based on exhaustive enumeration as IP-SEG graphs can have exponentially many chordless

cycles. For example, the graph on 2n+ 2 vertices whose IP-SEG model is shown in Figure 3.16 has

2n different chordless cycles of lengthn+ 2.

Nonetheless, we know that chordless cycles can only use 2-4 permutation segments in an IP-
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Figure 3.16: A simple IP-SEG modelMG of a graphG on 2n+ 2 vertices. Each ofG's chordless
cycles is of lengthn+ 2 and consists of 2 permutation segments andn interval segments inMG.
Notice that each interval segmenti1 has a true twini2. Substitutingi1 with i2 in any chordless cycle
thati2 is part of, leads to different chordless cycle.

SEG model. For a given subset of 2-4 permutation segmentsP, we can easily check whether they

can correspond to a chordless cycle con�guration (i.e. whether they can form one valid permutation

arc or two disjoint valid permutation arcs). Suppose they can and that we want to �nd a longest

chordless cycle that includesP. This can be reduced to the problem of �nding a longest interval arc

whose interval segments fall within a certain range. We illustrate the approach by looking at one

particular con�guration shown in Figure 3.17.

Figure 3.17: A 4-segment permutation arcP = ( p1; p2; p3; p4) that could potentially be combined
with an interval arcI to form a chordless cycle. The interval segments in green could partake in
such an interval arcI , but those in red cannot.

The setP consists of 4 permutation segments. The only way to incorporateP into an IP-SEG

model of a chordless cycleC is to combine it with an interval arcI along the lineL 1. A valid

interval arcI can consist only of interval segments that lie entirely betweent(p2) andt(p3) and

contain at least part of the interval[t(p1);t(p4)] - these are the green segments in Figure 3.17 and

we refer to them asI1(P). Thus, to �nd a longest chordless cycleC containingP it suf�ces to �nd a

longest interval arcI in I1(P) that starts in(t(p2);t(p1)] and ends in[t(p4);t(p3)) .
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Recall that an interval arc corresponds to a chordless path. Further, the problem of �nding a

longest chordless path in a vertex-weighted graph (WLCP) is known to be solvable in polynomial

time on the class of interval graphs [47, 63]. We cannot apply such algorithms to the interval graph

induced byI1(P), as a longest chordless path of interval segments inI1(P) is not guaranteed to

intersectt(p1) andt(p4) and may therefore not constitute a valid interval arc. However, we can

�nd a longest valid interval arc by transforming our problem to the following instance of the WLCP

problem. LetG1(P) be the subgraph induced by vertices corresponding to the set of segments

I1(P) [ f p1; p4g. It is easy to see thatG1(P) must be an interval graph. Further, assign weights of

n to the vertices ofp1 andp4 and weights of 1 to all other vertices ofG1(P). Then,I1(P) contains

a valid interval arc of lengthk connectingp1 with p4 if and only if G1(P) contains a chordless path

with total weight of 2n+ k.

Analogous reductions to instances of the WLCP problem on interval graphs can be done for

each of the other IP-SEG con�gurations of chordless cycles. When exploring con�gurations with

2 interval arcs, we will actually need to solve 2 instances of the WLCP problem. Each of these

reductions can be performed inO(n) time when the model of the IP-SEG graph is given. Solving

each instance of the WLCP problem can be done inO(n3) time [63]. Overall, we will need to

consider up toO(n4) subsets of 2-4 permutation segmentsP, leading to a total running time of

O(n7). We summarize the full algorithm for the LCC problem on IP-SEG graphs, when the model

is given, below.

Note that Algorithm 3 only explores chordless cycle con�gurations that contain both interval and

permutation segments. The LCC of a given IP-SEG graph, may be of length 3 or 4, meaning it could

be composed of segments of the same type. For completeness, if the LCC found by Algorithm 3

is of length less than 4, we will need to identify if the subgraph induced by permutation segments

only contains aC4. If no chordless cycle was found at this point, we will also need to see if the

subgraph induced by interval segments only contains a triangle. These additional checks, however,

do not affect the overall asymptotic running time bound.

3.7 First steps towards recognition

In this section we tackle the recognition problem of IP-SEG graphs and offer some partial results.

A natural place to start is to look at simpler subclasses of IP-SEG graphs like trees. We say that a
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Algorithm 3 LONGEST CHORDLESS CYCLE on IP-SEG graphs (given the model)
LongestChordlessCycle(G, MG)

1: LCC= /0
2: P : k-element subsets of permutation segments inMG, with 2 � k � 4
3: for P 2 P do
4: if P can be part of a valid chordless cycle con�gurationC then
5: for i 2 f 1;2g do
6: Ii(P): interval segments onL i that could partake in a valid interval arc inC
7: if Ii(P) 6= /0 then # C may or may not admit an interval arc onL i

8: p;q: permutation segments ofP delimiting valid interval arcs onL i in C
9: w: Ii(P) [ f p;qg �! f 1;ng: weight function s.t.w(p) = w(q) = n andw(x) = 1;8x =2

f p;qg
10: Gi(P): interval graph induced byIi(P) [ f p;qg and weighted byw
11: MIAi(P) = WLCP(Gi(P)) � f p;qg # �nd a longest interval arc onL i

12: else
13: MIAi(P) = /0
14: end if
15: end for
16: if jP[ MIA1(P) [ MIA2(P)j > jLCCj then
17: LCC= P[ MIA1(P) [ MIA2(P)
18: end if
19: end if
20: end for
21: return LCC

treeT is acaterpillar if the removal of all pendant vertices (leaves) ofT results in a pathP. We call

P thecentral pathof T. We say that a subtreeS of a treeT is attachedto a vertexv 2 T if v =2 S

andSis a connected component ofT � v. Note that if a subtreeSof a treeT is attached tov, thenv

must have exactly one neighbor inS.

Trees in the class of interval graphs are exactly caterpillars [36]. The same is true for trees in the

class of permutation graphs [3, 48]. While IP-SEG graphs can contain trees that are not caterpillars,

we will show that IP-SEG trees can be characterized as a fairly simple generalization of caterpillars.

Let T be a an IP-SEG graph that is a tree and letM(T) be an IP-SEG model ofT. Let Q

be the set of permutation segments inM(T). First, suppose that the subgraphT[Q] induced by

vertices corresponding to permutation segments is connected, i.e. is a subtree. ThenT[Q] must be a

caterpillar. Letq 2 Q be an arbitrary permutation segment and letS(q) be the set of vertices that can

be reached fromq without going through any vertices ofQ� f qg. SinceT is a tree and thus acyclic,

S(q) must consist of interval segments only. Moreover, for eachi 2 f 1;2g, the setSi(q) � S(q) of
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interval segments lying on lineL i must be either empty or form a caterpillar that is attached toq.

Our choice ofq was arbitrary, meaning that anyq 2 Q can have up to two caterpillars formed by

interval segments attached to it, regardless of whetherq is part of the central pathC(T[Q]) of T[Q]

or q is a leaf node ofT[Q]. In other words, we can think ofT as containing acentral caterpillar T[Q]

such that eachq 2 T[Q] may have up to 2peripheral caterpillarsattached to it. Note that different

IP-SEG models ofT may lead to different central and peripheral caterpillars, i.e. an IP-SEG tree

may have multiple subtrees that could play the role of a central caterpillar.

Now let us consider the case whenT[Q] is not connected. Then,T[Q] must consist of a set of

k disjoint caterpillars that have a unique left-to-right orderingO = T[Q1] < T[Q2] < � � � < T[Qk]

in M(T). Let t1 andb1 be the segments inT[Q1] with the rightmost top and bottom endpoints,

respectively. Note thatt1 \ b1 6= /0 and further, whenT[Q1] consists of a single segment, we have

that t1 = b1. Let T1 be the set of interval segments onL 1 that can be reached fromt1, using only

interval segments. Similarly, letB1 be the set of interval segments onL 2 that can be reached

from b1, using only interval segments. SinceT is both connected and acyclic, exactly one ofT1

andB1 must intersect with exactly one permutation segment inT[Q2]. Without loss of generality,

we may assume this to beT1. It is possible thatT1 intersects with permutation segments from

other caterpillarsT[Q j ] for 3 � j � J, but only if T[Q2];T[Q3]; : : : ;T[QJ� 1] consist of exactly one

permutation segment each.

Suppose thatk = J and letI1;k be the unique path of interval segments onL 1 connectingt1

with the permutation segmentqk 2 T[Qk] that T1 intersects. LetC(Q j ) denote the central path

of the caterpillarT[Q j ]. Then,t1 is either an end vertex ofC(Q1) or a leaf vertex pendant to an

end vertex ofC(Q1). The same can be said aboutqk with respect toC(Qk). Because of this,

T0= T[I1;k [ Q1 [ Q2 [ � � � [ Qk] is a caterpillar with a central pathC(Q1) [ I1;k [ C(Qk). Moreover,

T hasT0 as a central caterpillar and each of the vertices ofT0 has at most 2 peripheral caterpillars

attached to it. It is easy to see how the argument can be extended inductively to treesT wherek > J.

This leads us to the following characterization of IP-SEG trees.

Lemma 3.7.1. A tree T is an IP-SEG graph if and only if it satis�es the propertyP : T can be

decomposed into one central caterpillar C and a set of peripheral caterpillarsC such that each

vertex v2 C has at most two caterpillars ofC attached to it.
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Proof. We have already shown in the above discussion that any IP-SEG tree must satisfy the prop-

ertyP . Going in the opposite direction, suppose thatT is a tree satisfying the propertyP . We can

construct an IP-SEG model ofT as follows. The central caterpillarC is a permutation graph and

therefore, we can construct a model ofC consisting only of permutation segments using any recog-

nition algorithm for permutation graphs that outputs a model as a by-product. Since any caterpillar

is also an interval graph, we can create an interval model for each of the peripheral caterpillars in

an analogous way. Finally, for each vertexv 2 C with a permutation segmentp(v):

• if v has no caterpillars attached to it, do nothing;

• if v has one caterpillarC1 attached to it, scale the interval model ofC1 and place it alongL 1,

while making sure that the appropriate segment ofC1 containst(p(v)) ;

• if v has two caterpillarsC1 andC2 attached to it, scale the interval models ofC1 andC2 and

place them alongL 1 andL 2, so that the appropriate segments ofC1 andC2 containt(p(v))

andb(p(v)) , respectively.

We can use the above characterization of IP-SEG trees to design a recognition algorithm. For

any pair of verticesu;v from a treeT, there is a uniqueu� v path inT. Thus, ifT were an IP-SEG

tree, then the central pathPC of its central caterpillar will be uniquely determined by the endpoints

of PC (which may coincide whenPC is trivial). As a consequence, when trying to determine ifT is

an IP-SEG tree, we only need to considerO(n2) paths as candidates forPC. The challenge is that we

do not know beforehand what caterpillars contained inT and havingPC as a central path could play

the role of a central caterpillar. Moreover, we may have an exponential number of such caterpillars

since there could be exponentially many subsets of vertices ofT that are at distance 1 fromPC which

we could add as leaves of the central caterpillar. However, we can resolve this issue by looking at a

speci�c kind of candidate central caterpillars that are easier to construct and must exist in any tree

that is IP-SEG.

Suppose thatT is an IP-SEG tree with a modelM(T) and letq be a permutation segment in

M(T) that is part of the central pathPC of T's central caterpillar. Letq� be the unique vertex ofSi(q)

adjacent toq, whereSi(q) is a nonempty caterpillar attached toq. Deleting a vertex of degree at most
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2 from a caterpillar can produce an empty set, one caterpillar, or two caterpillars. This means that, if

q� has at most 2 neighbors inSi(q), we can modifyM(T) by turningq� into a permutation segment

and re-positioning the interval segments of the resulting (at most two) caterpillars. Figure 3.18

illustrates the transformation which leads to a new IP-SEG model ofT. This implies that we can

treatq� as a leaf of the central caterpillar, with at most two caterpillars attached to it.

Figure 3.18: On the left, we see an IP-SEG tree with a central caterpillar formed by permutation
segments only and having a central path(1;2;3). 2 has a caterpillar attached to it, such that the
attaching interval segment (green squares) has two neighbors (red crosses) in the attached caterpillar.
On the right, we see how the attaching interval segment can be transformed to a permutation segment
with two trivial caterpillars attached to it.

Applying the above transformation for all eligible caterpillars attached to a permutation segment

of PC leads to what we call amaximalcentral caterpillar. Further, any path that is a central path of

at least one central caterpillar, is a central path of exactly one maximal caterpillar. Therefore, for a

given treeT and a pathP in T, we can check ifT is an IP-SEG graph withP as the central path of

some maximal caterpillar ofG as follows. For any vertexv2 P examine the subtreesSof T attached

to v (Sv \ P = /0). For each such subtreeS check ifS� f ug is a union of at most two caterpillars,

whereu is the vertex ofSadjacent tov. If the answer is negative, check ifS is a caterpillar itself.

If S is not a caterpillar, thenP cannot be the central path of a maximal caterpillar ofT. Otherwise,

markSas aspecialcaterpillar. If we are able to complete the process without encountering a vertex

v 2 PC with more than 2 special caterpillars attached to it, thenG is an IP-SEG tree, otherwise it is

not. We summarize the full recognition algorithm below.

The recognition algorithm for IP-SEG trees �rst checks inO(n) time whether the graph is a

tree to begin with. If the input graph is a tree, the algorithm then goes throughO(n2) pairs of

vertices. For a given pairu;v, the uniqueu� v pathP and all the subtrees attached to vertices of that

path can all together be computer inO(n) time. The potentially bigger portion of work is done in

determining whetherP can serve as the central path of a central caterpillar. The checks performed
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Algorithm 4 Determine if a graphG is an IP-SEG tree
IsIP-SEGTree(G)

1: if G is not a treethen
2: return False
3: end if
4: P : f (u;v) j u;v 2 V(G)g # u = v is also also accounted for
5: for (u;v) 2 P do
6: P: the uniqueu� v path inG
7: for q 2 P do
8: S q: subtrees ofG attached toq but disjoint fromP
9: specialq = 0 #number of special caterpillars attached toq

10: for Sq 2 S q do
11: q� : the neighbor ofq in Sq

12: if S� q� is not a union of at most 2 caterpillarsthen
13: if Sq is a caterpillar then
14: specialq = specialq + 1
15: else
16: return False
17: end if
18: end if
19: end for
20: if specialq > 2 then
21: return False
22: end if
23: end for
24: end for
25: return True

on each subtreeSattached to a vertex ofP are linear in the size ofS- they are based on identifying

connected subtrees of a forest and determining if a given tree is a caterpillar. Since attached subtrees

are attached to exactly one vertex ofP, the overall work that we end up doing on these checks for all

subtrees isO(n). Therefore, the full recognition algorithm runs inO(n3) time and it can easily be

extended to produce an actual IP-SEG model when the input graph is an IP-SEG tree. We conclude

this section with a speci�c example of a tree not in the class of IP-SEG graphs, shown in Figure 3.19.

3.8 Additional geometric intersection models generalizing those of interval and permutation

graphs

One way to look at IP-SEG graph models, in relation to interval graph models, is as a relaxation

that allows endpoints of line segments in the plane to lie on two parallel straight lines in the plane

as opposed to just one. This viewpoint opens up the possibility of considering a parametric general-
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Figure 3.19: The forbidden subtreeT2 of caterpillar trees is shown on the left.T2 is an IP-SEG tree.
However, the tree shown on the right is not IP-SEG. Whatever pathP we choose, at least one subtree
Sattached to a vertexv of P will always contain a copy ofT2 and will thus not be a caterpillar. In
addition,u is the vertex inS that v is adjacent to,S� u will either contain a copy ofT2 or it will
consist of more than 2 connected subtrees.

ization of interval graph models, where the endpoints of line segments can be anchored atk parallel

straight lines in the plane. We will call this type of modelk-IP-SEGand the class of graphs having

such a modelk-IP-SEG graphs. Clearly, 1-IP-SEG graphs are just interval graphs and fork � 2,

k-IP-SEG graphs also generalize permutation graphs.

A similar parametric generalization, which we refer to ask-permutation, has been considered

by Middendorf and Pfeiffer in [86]. As the name suggests, in this generalization the two endpoints

of a line segment cannot lie on the same parallel straight line. Clearly,k-permutation graphs are

contained in the class ofk-IP-SEG graphs. Because 2-permutation graphs are exactly the class of

permutation graphs, the containment is proper fork = 2. On the other hand, it is easy to see how

for any set ofn arbitrarily-oriented line segments in the plane, we can draw at most 2n distinct

parallel straight lines so that each endpoint of a line segment lies on one of the parallel lines. Thus,

if we allow k to be unbounded, both parametric generalizations coincide with the general class of

SEG graphs. An interesting open question is whether the containmentk-permutation� k-IP-SEG

remains proper for all bounded values ofk.

Middendorf and Pfeiffer show that given the model, the CLIQUE problem onk-permutation

graphs, whenk is bounded, can be solved in polynomial time. A clique in ank-IP-SEG graph with

an associated modelMG can only contain interval segments coming from one parallel line inMG.

Therefore, our algorithm for the CLIQUE problem on IP-SEG graphs (see Algorithm 1) can be
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naturally extended to the class ofk-IP-SEG graphs, whenk is bounded.

Another approach towards generalizing the geometric intersection models of interval and per-

mutation graphs has been to allow the endpoints of segments in the plane to lie on curves other than

parallel lines. In particular, circle graphs are the intersection graph of chords in a circle (line seg-

ments whose endpoints lie on a circle) and they generalize permutation graphs. Circular arc graphs

are a generalization of interval graphs where instead of intersecting line segments on a straight line

we have intersecting circular arcs lying on a circle. Both circle and circular arc graphs are well-

studied in the literature and ef�cient algorithms for a number of optimization problems, including

CLIQUE and INDEPENDENT SET, are known [104]. A natural extension of the two classes would

be to allow for both chords and circular arcs within the same circle. Such a model clearly gener-

alizes the IP-SEG model and it seems quite possible that similar approaches to the CLIQUE and

INDEPENDENT SET problems could work on the new class of graphs.

3.9 Conclusion

In this chapter we introduced the new IP-SEG geometric intersection model simultaneously gen-

eralizing the respective models of interval and permutation graphs. We showed that the resulting

classes of simple IP-SEG and IP-SEG graphs have an implicit representation. In addition, we saw

that unlike earlier generalizations such as simple triangle and trapezoid graphs, these classes are

not contained in the class of perfect graphs. Nonetheless, we are somewhat limited in how we

can represent a chordless cycle using an IP-SEG model, which leads to some forbidden subgraphs

for the two classes. Further, we demonstrated that all IP-SEG graphs have at least one vertexv

whose neighborhoodN(v) not only cannot contain a large chordless cycle but has to induce a per-

mutation graph. We presented polynomial algorithms for the CLIQUE, INDEPENDENT SET, and

LONGEST CHORDLESS CYCLE problems on IP-SEG graphs when the model is given as part

of the input. Note that each of these algorithms can be extended to solve the weighted version of

the corresponding problem. We also tackled the recognition problem and presented a polynomial

recognition algorithm for the special case of IP-SEG trees. Finally, we discussed parametric and

non-parametric models further generalizing that of IP-SEG graphs and how some of the algorithms

designed for IP-SEG graphs could be extended to work on the more general classes of graphs.

The recognition problem on the full class of IP-SEG graphs, as well as the related problem of
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reconstructing an IP-SEG model of an IP-SEG graph, are natural questions that remain open. There

are three lines of approach, two of which involve �nding alternative characterizations of IP-SEG

graphs, that appear most promising. First, given that interval and permutation graphs have nice

vertex ordering characterizations and a similar result has been recently obtained for one of their

generalizations - simple triangle graphs - by Takaoka [107], it would be worth exploring if such a

characterization can be found for simple IP-SEG or IP-SEG graphs. A second approach would be

to identify further neighborhood properties of vertices in IP-SEG graphs with the goal of expanding

the list of forbidden subgraphs to a forbidden induced subgraph characterization. A third approach

would be to build on our result for the recognition of IP-SEG trees and consider subclasses of IP-

SEG graphs by incrementally reducing the restrictions on the kinds of cycles we allow. Potential

starting points include the recognition of IP-SEGcactusgraphs (graphs in which two cycles can

share at most one vertex) [15] and IP-SEG graphs that contain onlyatomiccycles (chordless cycles

C such that for each pair of verticesu;v in C, one of the shortestu� v paths is fully contained inC)

[46].

Future work should also be done on studying other optimization problems on the class of IP-

SEG graphs. A good candidate would be COLORING, given the simple algorithms for this problem

on interval and permutation graphs arising naturally from their geometric intersection models. In

addition, given our result on the LONGEST CHORDLESS CYCLE problem, it could be worthwhile

exploring related problems like HAMILTON CYCLE and its generalization LONGEST CYCLE,

where cycles of interest do not have to be chordless. In the following chapter we will see a robust

algorithm for the CLIQUE problem on IP-SEG graphs based on a vertex elimination ordering. It

would be interesting to know if we can design robust algorithms for optimization problems other

than CLIQUE. Finally, future study could involve better understanding the generalizations of IP-

SEG graphs discussed in Section 3.8 and extending additional algorithmic results from IP-SEG

graphs to the IP-SEG generalizations.
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CHAPTER IV

Vertex Orderings

4.1 Introduction

There are different methods for de�ning or characterizing graph classes. We have already seen

intersection models characterizing a number of classes, including interval, permutation, and IP-

SEG graphs. Other characterization methods include containment models, forbidden subgraphs,

intersection of properties, vertex orderings, and edge orderings [104]. Some well-studied classes

like permutation graphs have known characterizations of multiple types, including:

• Intersection model[104]: Line segments going between two parallel lines;

• Containment model[15, 35, 52, 104]: Intervals on the real line;

• Forbidden induced subgraphs[28, 44]: No induced subgraphs from an in�nite set of graphs

of various kinds, that includes odd-holes;

• Intersection of properties[35, 104]: Graphs that are both comparability and co-comparability;

• Vertex ordering [15, 104]: An ordering of the verticesv1;v2; : : : ;vn that does not have any

triples(vi ;v j ;vk), 1 � i < j < k � n, such that:

1. vivk is an edge, butviv j andv jvk are not edges, or

2. vivk is not an edge, butviv j andv jvk are edges.

In this chapter, our focus will be on vertex orderings. Avertex ordering characterization(VOC)

of a classG usually has the following form: a graphG is a member of the classG if and only if

G has a vertex ordering satisfying one or more properties [55, 107]. These characterizing vertex

orderings can often be a powerful tool in developing ef�cient algorithms for various problems on

the corresponding graph class. Such algorithms process these vertex orderings from left to right or

right to left, looking at local properties of a single vertex at a time [15]. The vertex ordering for

permutation graphs shown above allows for a linear dynamic programming algorithm that solves

the clique problem [104]. Similarly, we can solve the graph coloring problem on chordal graphs in
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linear time by stepping through a reversed perfect elimination ordering [15]. Vertex orderings can

help us develop ef�cient algorithms for optimization problems even when they do not constitute a

VOC of a class of interest. In fact, there are instances in which such vertex orderings allow us to

design robust algorithms for an optimization problem on the class.

In Section 4.2 we introduce some notation and basic de�nitions that will be used throughout

the chapter. In Section 4.3 we explore several types of vertex orderings, differing in the way the

de�ning property is speci�ed. These include elimination orderings and vertex orderings that avoid

certain forbidden ordered subgraphs. We also explore the complexity of the related problems of

class recognition and representation construction on different vertex ordering types. In Section 4.4

we look at when and how different types of vertex ordering characterizations are useful in design-

ing ef�cient algorithms for important optimization problems. We give the �rst robust polynomial

algorithm for the CLIQUE problem on IP-SEG graphs and discuss a generalization of the approach

to other classes of graphs. In Section 4.5 we focus on multiple-property vertex ordering characteri-

zations as a method of combining graph class properties. We explore when this approach leads to a

more restricted graph class than simply taking the intersection of the corresponding graph classes.

Further, we discuss situations where certain optimization problems may become tractable on the

more restricted class.

4.2 Preliminaries

If a graphG has a linear ordering< of its vertices associated with it, we writeG = ( V;E;< ) and we

call G anordered graph.

An ordered graphG0= ( V0;E0;< G0) is aninduced ordered subgraphof an ordered graphG =

(V;E;< G) if G0 is an induced subgraph ofG and< G0 is a suborder of< G.

We callGR thereversalof an ordered graphG if V(GR) = V(G) andE(GR) = E(G), but < GR

is obtained by reversing the ordering< G. The complementof an ordered graphG = ( V;E;< G),

denoted byGC, is the unordered complementG of G combined with the linear ordering< G.

We now formalize the two main methods of graph class characterization that we will be referring

to in this chapter.

De�nition 4.2.1. We say that a graph classG has anintersection of properties characterization

(IPC) in terms of graph classesG1;G2; : : : , andGn, if G = G1 \ G2 \ � � � \ Gn.
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The reason we call the above characterization method “intersection of properties", instead of just

“intersection of graph classes", is that the intersecting graph classes are themselves characterized

by possessing certain properties. Any graph that is a member of the new graph class satis�es each

of the properties characterizing the intersecting graph classes.

De�nition 4.2.2. Let G be a class of graphs and letP = f P1;P2; : : : ;Png be a set of properties. We

say thatG admits avertex ordering representation (VOR)in terms of propertiesP if for any graph

G 2 G, there exists a linear ordering of the verticesV(G) that satis�es the propertiesP . We say

thatG has avertex ordering characterization (VOC)in terms of propertiesP , if for any graphG,

G 2 G if and only if there exists a linear ordering of the verticesV(G) that satis�es the properties

P .

Note that a VOR or a VOC, as de�ned above, requires a single vertex ordering that satis�es all of

the propertiesP simultaneously. The importance of this distinction will become more apparent in

Section 4.5 when we look at VOC as a potentially more restrictive approach than IPC for combining

multiple vertex ordering properties. In addition, the notion of a VOR will be particularly useful in

the context of graph classes for which we do not yet have a nice VOC, but can identify a VOR that

helps us solve a particular optimization problem.

4.3 Vertex ordering types

Vertex ordering properties can take different forms, but they can be broadly �tted into two main

types. The �rst type includes properties that a vertexv needs to satisfy with respect to vertices that

come after it in a vertex ordering. While it is generally important which vertices come afterv in

the vertex ordering, the property thatv needs to satisfy is usually speci�ed in a way that does not

put any restrictions on the relative ordering of said vertices. The vertex ordering characterizations

induced by such properties are most commonly referred to aselimination orderings. The second

type of properties are usually speci�ed in terms of a set of patterns of vertices and edges that a valid

vertex ordering needs to avoid. These forbidden patterns are most commonly expressed as a set of

small ordered graphs.
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4.3.1 Elimination orderings

We use the following formalization of anelimination vertex ordering satisfying a propertytaken

from [15].

De�nition 4.3.1. The ordering(v1;v2; : : : ;vn) of the vertex setV of a graphG is an elimination

ordering satisfying propertyP if for all i 2 f 1; : : : ;ng, the vertexvi has propertyP in the graph

Gi = G[vi ;vi+ 1; : : : ;vn].

One very important example of an elimination ordering characterizes the class ofchordalgraphs

- the graphs in which every cycle of four or more vertices has a chord.

Theorem 4.3.1. (Dirac [32]) A graph G is chordal if and only if there exists an ordering of its

vertices(v1;v2; : : : ;vn) such that each vertex vi is simplicial in Gi = G[vi ;vi+ 1; : : : ;vn]. We call such

a vertex ordering aperfect elimination ordering.

Note that chordal graphs are de�ned by a global property as the graphs that do not contain an

induced chordless cycle on four or more vertices. However, the property of a vertex being simplicial

in the above VOC characterization is local. This, combined with the fact that it is easy to test if a

speci�c vertex is simplicial, leads to a straightforward greedy polynomial recognition algorithm for

chordal graphs: �nd a simplicial vertex, eliminate it from the graph, and then repeat the same for

the remaining subgraph. If at any point the algorithm fails to �nd a simplicial vertex, the graph is

not chordal. If, however, the algorithm is able to eliminate all vertices of the graph then the graph is

chordal and the elimination ordering is perfect.

Another example of a graph class de�ned by a global property, but having a simple and useful

VOC that uses a local property is that ofdistance hereditarygraphs. A graphG is distance hered-

itary if and only if for every pair of verticesx andy all induced paths betweenx andy have the

same length. Distance hereditary graphs also have the following VOC that uses the local property

of being a pendant vertex or a twin vertex.

Theorem 4.3.2. (Bundelt et al. [7]) A graph G is distance hereditary if and only if there exists

an ordering of its vertices(v1;v2; : : : ;vn) such that each vertex vi is pendant to, or is the twin of, a

vertex in Gi = G[vi ;vi+ 1; : : : ;vn]. We call such a vertex ordering apruning sequence.
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As was the case with chordal graphs, the above local-property VOC of distance-hereditary

graphs allows for a naive greedy recognition algorithm. While there are more ef�cient linear time

recognition algorithms for both classes [104], the fact remains that graph classes having an elim-

ination VOC are generally easy to recognize, one approach being through the construction of the

corresponding elimination ordering. We will see that the same is not always true for graph classes

that only have a VOC that forbids certain ordered patterns.

4.3.2 Forbidden ordered subgraphs

The other main type of vertex ordering properties are usually stated as follows:< is a valid vertex

ordering ofG if < contains no subordering from a setS[15]. In the most common formulation due

to Damaschke [27], the setSconsists of ordered graphs. Such a vertex ordering becomes a repre-

sentation (characterization) of a graph class, if (and only if) every graph from the graph class has a

vertex ordering avoiding the ordered subgraphs fromS. Two forbidden ordered subgraphs on three

vertices, denoted by the abbreviationsch andcp, that are used in vertex ordering characterizations

of a number of well known graph classes are shown in Figure 4.1.

Figure 4.1: The ordered subgraphschandcp.

The following theorem states several forbidden ordered subgraph characterizations of graph

classes expressed in terms ofchandcp, as well as their reversals or complements. Note that most of

these characterizations were known in the literature prior to [27], but appeared in different contexts

and were not identi�ed as belonging to the same type of VOC's.

Theorem 4.3.3.(Damaschke [27])For each pair(G;S) in Table 4.1, G2 G if and only if there is

a vertex ordering of G that contains no induced ordered subgraph from S.

It is easy to see that perfect elimination orderings mentioned earlier are exactly the orderings

that avoidch. Thus, for chordal graphs, elimination orderings and forbidden ordered subgraphs

are just two different ways of describing the same characterization. A similar statement can be

made about threshold graphs, whose elimination ordering is such that each vertexvi must be either

isolated or neighboring all vertices inGi = G[vi ;vi+ 1; : : : ;vn].
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Table 4.1: Classes of graphs characterized by sets of forbidden ordered subgraphs.

(1) G = chordal S= f chg
(2) G = comparability S= f cpg
(3) G = threshold S= f ch, chCg or S= f chR; chC; cpg
(4) G = split S= f ch, chCRg
(5) G = proper interval S= f ch; chRg
(6) G = interval S= f ch; cpCg
(7) G = permutation S= f cp; cpCg

Comparability graphs arise from partial orders and are the graphs whose edges can be oriented

transitively, i.e. in such a way that for any triple of verticesa;b;c; if we have the directed edges

a ! b andb ! c then we also must have the edgea ! c. Such a transitive orientation of the edges

of a graph produces an acyclic directed graph
!
G and it is not dif�cult to see that the topological

orders of
!
G are exactly the vertex orderings ofG that avoidcp.

Split graphs are those whose vertices can be partitioned into a clique and an independent set.

They can also be characterized as the graphs that are both chordal and co-chordal. Using this second

characterization, one can easily derive the forbidden ordered subgraph characterization stated in

Theorem 4.3.3. Threshold graphs are a proper subclass of split graphs and we will revisit this

relationship in Section 4.5.

We have already seen that permutation graphs are de�ned as the intersection graphs of line

segments with endpoints on two parallel lines and interval graphs as the intersection of intervals on

the real line. Proper interval graphs are a subclass of interval graphs with a geometric intersection

model in which no interval properly contains another.

We should note that in the more recent literature, the equivalent notion offorbidden patternshas

been used in place of forbidden ordered subgraphs [40, 61, 107]. In its original formulation [61],

a pattern onk vertices is just an ordered graph onk vertices, but speci�ed in such a way that the

vertices always have the labelsf 1;2; : : : ;kg, i.e. the vertex ordering of the graph is implied by the

vertex labels. Some authors, however, expand the notion of apatternto include edges that may or

may not be present in the corresponding ordered subgraph [40, 107]. More precisely, they de�ne

a pattern as an ordered graph in which a pair of vertices has one of three relations: plain edges,

dashed edges, and non-edges. A subgraph of an ordered graph matches a pattern, if the plain edges

are present, the non-edges are absent, and there is no constraint on dashed edges. Then, a graph class
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G has a VOC in terms of a set of forbidden patternsSif each graphG2 G has a vertex ordering such

that no ordered subgraph ofG matches a pattern inS. Clearly a pattern with no dashed edges is just

an ordered subgraph. The presence of a dashed edgexy implies that the given pattern encompasses

both ordered graphs that have the edgexy and ordered graphs that do not have it. Thus, as in the

case of interval graphs shown in Figure 4.2, patterns may lead to a more compact representation of

a VOC than ordered subgraphs.

Figure 4.2: a) The two forbidden ordered subgraphs characterizing interval graphs. b) The forbidden
pattern characterizing interval graphs. The dashed edge indicates that this pattern encompasses both
chandcp.

If a graph classG has a forbidden ordered subgraph characterization in terms of the setS=

f s1;s2; : : : ;skg, we simply writeG = ( s1;s2; : : : ;sk). Thus, from Theorem 4.3.3 we have thatchordal=

(ch) andinterval = ( ch;cpC). We will adopt the convention of using lowercase letters for denoting

forbidden ordered subgraphs, reserving the use of uppercase letters for vertex ordering properties

expressed in a different way. For example, we will use(DH) to denote a vertex ordering that is the

pruning sequence of a distance hereditary graph, since we do not know of a �nite set of forbidden

ordered subgraphs characterizing this graph class.

4.3.3 Complexity of recognition

We saw that classes like chordal and threshold graphs that have elimination ordering characteriza-

tions admit a naive greedy algorithm for constructing the special ordering which also serves as a

recognition algorithm. The other graph classes mentioned in Theorem 4.3.3 do not have a known

elimination ordering. Despite that, we can ef�ciently recognize them (in polynomial time). The

algorithms are not as straightforward as greedily building an elimination ordering, but all of the

graph classes in Theorem 4.3.3 can be recognized inO(n+ m) time, except comparability graphs

for which the best known algorithms require time proportional to matrix multiplication. In addition,

Hell et al. [61] have shown that all graph classes having a VOC in terms of forbidden patterns of
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3 vertices can be recognized in polynomial time. Thus, a natural question to ask is whether graph

classes with a VOC can always be recognized in polynomial time. The answer, assumingP 6= NP,

is no.

Before we give the �rst example of a graph class with a VOC that is NP-complete to recognize,

we need to de�ne several notions taken from Chaturvedi in [20].

De�nition 4.3.2. Let
!
G be a directed acyclic graph (DAG). We say that a directed path

!
p = p1 !

p2 ! � � � ! pb in
!
G is open if the endsp1 andpb are not adjacent. We say that

!
G is bbb-transitive

if the number of vertices in a longest open directed path of
!
G is equal tob. An undirected graph

G is bbb-orientable if there is an acyclic orientation of its edges such that the resulting DAG is

b-transitive. bbb-ORIENT is the following decision problem: Given an undirected graphG and a

numberk, does there exist an acyclic orientation of the edges ofG such that the resulting DAG is

b-transitive for someb � k?

The notion ofb-transitivity generalizes that of transitivity and 2-orientable graphs are exactly

the class of comparability graphs. Thus 2-orientable graphs can be recognized in polynomial time.

Chaturvedi cites the following hardness result in [20], which is attributed to Xu.

Theorem 4.3.4.b-ORIENT is NP-complete.

A closer look at the actual reduction from MONOTONE NAE-3SAT tob-ORIENT presented

in [20] reveals that the following stronger result also holds.

Proposition 4.3.1. 3-ORIENT is NP-complete.

Now consider the setS= f b0;b1;b2;b3g of ordered subgraphs shown in Figure 4.3. We claim

that the graph class with a VOC in which the elements ofS are forbidden, i.e.(b0;b1;b2;b3), is

exactly the class of 3-orientable graphs. Indeed, if an undirected graphG is 3-orientable, it is easy

to see that any topological order of the corresponding 3-transitive DAG
!
G can serve as a vertex

ordering ofG that avoids all elements ofS. In addition, one can show that any ordered subgraph on

four or more vertices that does not have an edge between the �rst and the last vertex, must contain

as an induced ordered subgraph one of the elements ofS. Thus, if G 2 (b0;b1;b2;b3) andL is a

vertex ordering ofG that avoids the elements ofS, orienting each edgexy asx ! y if and only if

x < L y, produces a 3-transitive DAG
!
G.
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Figure 4.3: The ordered subgraphsb0, b1, b2, andb3.

Thus, the class of 3-orientable graphs has a VOC, but is NP-complete to recognize. In addition,

the larger graph class(b0) containing 3-orientable graphs is also known to be NP-complete to rec-

ognize [34]. The following result by Duffus et al. establishes the hardness of recognition for a much

larger set of forbidden ordered subgraphs.

Theorem 4.3.5.(Duffus et al. [34]) Letg be a 2-connected ordered graph with

< g= ( v1;v2; : : : ;vk),

whose automorphism group contains neither of the mappings

(v1;v2; : : : ;vk) ! (v2;v3; : : : ;vk;v1) and(v1;v2; : : : ;vk) ! (vk;vk� 1; : : : ;v2;v1).

Then determining if a graph belongs to the classG = ( g) is NP-complete.

Given thatalmost allgraphs are 2-connected andalmost allgraphs have the trivial automor-

phism group consisting of only the identity mapping(v1;v2; : : : ;vk) ! (v1;v2; : : : ;vk), Duffus et al.

propose the following conjecture.

Conjecture 4.3.1. (Duffus et al. [34]) For any ordered graph g, such that g is neither complete nor

an empty graph, the recognition problem for the graph class(g) is NP-complete if either g or its

complement is 2-connected.

This conjecture remains unresolved. One particular instance that was open until recently is the

recognition problem for the class oftriangle-extendible (TE)graphs. Consider the ordered graph

te shown in Figure 4.4. A graph is TE if and only if it has a vertex ordeing that avoidste, i.e.

TE = ( te). The class of TE graphs was introduced by Spinrad [104] as another generalization of

comparability graphs.te is isomorphic to the ordered subgraphb3 - one of the graphs used to de�ne

3-orientable graphs. Thus, every 3-orientable graph is also triangle-extendible.
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Note thatte does not satisfy the assumptions of Theorem 4.3.5 - the automorphism group ofte

contains the mapping(1;2;3;4) ! (4;3;2;1). However, it does satisfy the assumptions of Conjec-

ture 4.3.1 -te is not complete or empty and it is 2-connected. Neogi et al. have recently shown that

the recognition problem for triangle-extendible graphs is in fact NP-complete [88], offering further

support for Conjecture 4.3.1. Given that both the proof of Theorem 4.3.5 and the proof of Neogi

et al. use the 3-COLORING problem to establish the respective NP-completeness results, it would

be interesting to see if the two can be generalized to positively resolve Conjecture 4.3.1. We will

explore the class of triangle-extendible graphs, along with related subclasses and superclasses, in

more detail in later sections.

Figure 4.4: The forbidden ordered subgraphtecharacterizing the class of triangle extendible graphs.

One possible approach for dealing with graph classes with VOCs, for which we do not have a

polynomial recognition algorithm, is to consider subclasses on which the special vertex ordering

can be constructed greedily. In other words, we want to be able to construct an elimination ordering

of the vertices in such a way that when we are picking the next vertexxi , we can be certain that

xi cannot form any violations with vertices that are yet to be eliminated, regardless of the order in

which these vertices are later eliminated.

Consider a graphG belonging to the class(b0), which we know is NP-complete to recognize. If

G has a vertexv which does not appear as one of the endpoints in any induced path on four vertices

in G, thenG must have a vertex ordering that avoidsb0 and starts withv. Not all graphs inb0 have

such a vertex. For example, every vertex ofC5 - a cycle on 5 vertices - appears as the endpoint of

two induced paths on four vertices, even though(1;4;2;5;3) is a vertex ordering ofC5 that avoids

b0. Nonetheless, by only considering graphs for which we can greedily construct ab0-free ordering,

at each step eliminating the next vertex that does not start or end an induced path on four vertices,

we obtain a subclass of(b0) graphs for which we can solve the recognition problem, and recover

the special vertex ordering, in polynomial time.
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4.4 Optimization Problems

One of the main motivations behind the study of special graph classes is that important optimization

problems, that are hard on general graphs, can become tractable. Knowing a vertex ordering, with

a particular set of properties, of a graph is often very helpful in designing ef�cient algorithms for

such problems. There are three main lines of approach that take advantage of this. One is trying

to �nd a nice vertex ordering characterization of a graph class de�ned using a different model (not

involving vertex orderings) and then using the properties of the characterizing vertex ordering to

come up with an algorithm that solves a particular optimization problemP ef�ciently. The second

approach involves taking a vertex ordering with properties that lead to a straightforward algorithm

for a particular problem and then studying the class of graphs characterized by that vertex ordering.

This often comes in the form of generalizations like 3-orientable or triangle-extendible graphs of

a well-studied class like comparability graphs. Note that this mirrors our approach with IP-SEG

graphs in the previous chapter where we studied geometric intersection models generalizing those of

interval and permutation graphs, while trying to keep properties of the model that allowed for simple

polynomial algorithms for the CLIQUE and INDEPENDENT SET problems. The third approach

is a variation of the �rst - instead of �nding a VOC of the class of interest, we try to identify a VOR

of the class that can be recovered in polynomial time. Then, if we develop a polynomial algorithm

that solvesP by using the special vertex ordering, we are effectively solvingP on a larger class

of graphs. Our main contribution in this section - a robust algorithm for the CLIQUE problem on

IP-SEG graphs - falls under the last category.

4.4.1 Using a VOC of a known graph class

Consider the class of chordal graphs which was originally de�ned as consisting of graphs that do not

contain a chordless cycle of length 4 or more as an induced subgraph. Chordal graphs can also be

characterized by having a perfect elimination ordering, which is used to design ef�cient algorithms

for several problems, including CLIQUE, INDEPENDENT SET, and COLORING.

Let G be a chordal graph and let< G be a perfect elimination ordering ofG. Further, letC be an

arbitrary maximal clique inG and letvi be the vertex ofC having the leftmost position in< G. Since

vi is simplicial inGi = G[vi ;vi+ 1; : : : ;vn], C is the unique largest clique withvi as its leftmost vertex

in < G. Thus, an arbitrary vertexv j can be the leftmost vertex in< G of at most one maximal clique,
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implying that the number of maximal cliques of a chordal graph is at mostn. Moreover, the above

argument indicates a straightforward algorithm for �nding a maximum clique of a chordal graphG

with a given perfect elimination ordering< G. Process the perfect elimination ordering from left to

right and identify the verticesvi whose neighborhood inGi is of the largest possible size. For each

suchvi , N[vi ] would be a clique of maximum size.

To �nd the maximum independent set of a chordal graphG with a given perfect elimination

ordering< G, we step through< G= ( v1;v2; : : : ;vn) from left to right, greedily selecting a vertexvi if

none of the vertices already included in the independent set are its neighbors. To see that this greedy

algorithm is correct, suppose that it makes a �rst mistake when selecting thek-th vertexvik. That

would mean that there is a maximum independent setI that contains the verticesvi1;vi2; : : : ;vik� 1, but

there is no maximum independent set that also containsvik. Now, the algorithm selectedvik since

it did not have any neighbors in the set amongvi1;vi2; : : : ;vik� 1. Furthermore, since the algorithm

was greedy, all vertices aftervik� 1 in the setI must appear aftervik in < G. Since< G is a perfect

elimination ordering,vik can have at most one neighbor among the vertices ofI appearing aftervik

in < G. In addition,vik must have at least one neighbor inI , otherwiseI+ = I + f vikg would be an

independent set properly containingI which would contradict the maximality ofI . That would mean

thatvik has exactly one such neighborv� . But thenI � = I � f v� g+ f vikg is a maximum independent

set containingvik, contradicting the assumption that selectingvik was a mistake.

Consider the followinggreedy coloringalgorithm. LetG be a graph along with an ordering of

its vertices< G. Suppose also that the colors are identi�ed with the positive integersf 1;2;3; : : :g.

Step through< G from left to right, coloring vertexvi with the lowest-integer color not used on any

already processed neighbor ofvi . On general graphs, �nding an optimal coloring is NP-hard and so

a greedy coloring will often be suboptimal. However, ifG is a chordal graph and< G is a reversed

perfect elimination ordering, the above greedy algorithm produces an optimal coloring. This stems

from the fact thatvi and its already colored neighbors form a cliqueC. One can use this in an

inductive argument to show that the color that will be assigned tovi is exactlyjCj. This, in turn,

implies that the total number of colors used will be equal to the maximum clique size, which is a

lower bound on the number of colors needed on any graph.

All of the above algorithms can be made to run inO(n+ m) time. In all of them, we assumed

that we are given a chordal graph along with a perfect elimination ordering. We will later see
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cases where we do not know how to ef�ciently recognize a graph class and �nd the special vertex

ordering. Nevertheless, we can recognize chordal graphs by constructing a perfect elimination

ordering inO(n+ m) time.

The �rst, constructive stage of the algorithm uses a modi�cation of the breadth-�rst search (BFS)

algorithm called lexicographic BFS (LexBFS). We include the description of LexBFS presented in

[104]. Vertices are partitioned into sets, all vertices being in the same set initially. At each step, an

arbitrary vertexx from the last set is chosen. We removex from the graph and place it in the output

list. Each setSis subdivided into neighbors and non-neighbors ofx, with neighbors ofx in Splaced

immediately after the set of non-neighbors ofx in S. Standard data structures can be used to make

LexBFS run inO(n+ m) time. The output of LexBFS is a vertex ordering. The following result due

to Rose, Tarjan, and Lueker, shows the close connection between LexBFS and chordal graphs.

Theorem 4.4.1.[15] The following two conditions are equivalent:

(i) G is chordal;

(ii ) Every LexBFS vertex ordering of G is a reversed perfect elimination ordering.

Thus, the �rst stage of the recognition algorithm for chordal graphs will consist of running

LexBFS. In the second stage, we need to verify that the reversal of the LexBFS ordering from stage

one is a perfect elimination ordering. Step through the reversal of the LexBFS ordering from left to

right. Letv be the vertex considered at a given step. Find the �rst neighbor ofv that appears after it

and call this vertexw. Verify thatw has edges to all neighbors ofv that come afterw. If this is not

the case, answer that the ordering is not a perfect elimination ordering sincev is not simplicial. If the

veri�cation step works at all vertices, the graph is chordal and the ordering is a perfect elimination

ordering. Since the veri�cation step for each vertexv takes time proportional tojN(v)j for each

vertexv, the veri�cation stage runs inO(n+ m).

Having anO(n+ m) recognition algorithm for chordal graphs that produces a perfect elimination

ordering means that we can solve the CLIQUE, INDEPENDENT SET, and COLORING problems

in O(n+ m) time without thepromisethat a graphG is chordal and without being given a perfect

elimination ordering as an additional part of the input.

We should note that the above three problems are solvable in polynomial time on the larger

class ofperfectgraphs that contains chordal graphs. Perfect graphs were introduced by Berge in
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the 1960s. A graphG is perfect if and only if for every induced subgraphH of G, the chromatic

number ofH is equal to the maximum clique size ofH. Grötschel, Lovász, and Schrijver [54]

used the ellipsoid method for convex programming to develop polynomial algorithms for the above

three problems. However, the ellipsoid method is generally considered impractical and polynomial

combinatorial algorithms for subclasses of perfect graphs, like the vertex-ordering-based algorithms

for chordal graphs, remain very much of interest.

We have seen three problems that are solvable in polynomial time on perfect graphs, and in

particular on chordal graphs. There are, however, a number of standard optimization problems that

remain NP-hard on chordal graphs. These include the problems of �nding a dominating set of

minimum size and a vertex ordering of minimum bandwidth. In what follows, we will discuss the

class of interval graphs which is a proper subclass of chordal graphs. In particular, we will discuss

how the interval graph vertex ordering characterization that we have seen in Section 4.3 played a key

role in the design of the �rst linear-time algorithms for the DOMINATING SET and BANDWIDTH

problems on this class.

Recall that interval graphs have a very nice and simple geometric intersection model in which

vertices correspond to intervals on the real line and two vertices are adjacent if and only if the cor-

responding intervals intersect. The extensive research on interval graphs began in the 1960s, partly

motivated by an important work of Benzer [10] that dealt with the internal organization of genes

and is directly related to interval graphs [104]. There are many different known characterizations

of interval graphs, including the the intersection of properties characterization due to Gilmore and

Hoffman [104] which states that interval graphs are the intersection of chordal and co-comparability

graphs. In this section, however, we are interested in the vertex ordering characterizationinterval

= ( ch;cpC), i.e. interval graphs are those that have a vertex ordering that avoids the ordered sub-

graphschandcpC shown in Figure 4.5.

Figure 4.5: The forbidden ordered subgraphschandcpC characterizing interval graphs.

Suppose we are given an interval representationI of an interval graphG. In particular, leti(v)

be the interval corresponding to vertexv and letl (v) andr(v) be the left and right endpoints ofi(v),
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respectively. We can obtain a(ch;cpC) vertex ordering ofG by ordering the vertices ofG based on

the right endpoints of the intervals: for any two verticesu andv, if r(u) < r(v), placeu beforev;

if r(u) = r(v), use the left endpoints to break the tie, placingu beforev if l (u) < l (v). There are

at least two works which appear to have independently discovered the(ch;cpC) VOC of interval

graphs and how to obtain it from an interval representation [77, 96].

Let G be an ordered graph with a vertex ordering< G. Denote byp(v) the position of vertexv in

< G, where the positional indices run from 1 ton. The bandwidth ofG is the maximum difference

p(u) � p(v) across all pairs of adjacent verticesu;v. Consider the ordered graphsP4 andC3, as

shown in Figure 4.6.P4 has bandwidth of 1 andC3 has bandwidth of 2.

Figure 4.6: The natural ordering of the path of four vertices and the only possible ordering of a
triangle.

The minimum bandwidth of an unordered graphG is the smallest bandwidth that can be achieved

across all vertex orderings ofG. The orderings ofP4 andC3 shown in Figure 4.6 are the vertex order-

ings that achieve the minimum bandwidth, respectively. Any other vertex ordering ofP4, however,

will lead to a suboptimal bandwidth of 2 or more. The BANDWIDTH problem is particularly in-

teresting in the context of vertex ordering characterizations because it requires us to �nd a special

vertex ordering. In particular, we can think of the class of graphs of minimum bandwidthk as hav-

ing a VOC of a different type - one that is not an elimination ordering or avoids certain forbidden

ordered subgraphs, but one that minimizes a certain quantity.

Kratsch [77] appears to have been the �rst to identify and use the(ch;cpC) vertex ordering of

interval graphs in an algorithmic context. He designed one of the �rst polynomial time algorithms

for the decision version of the BANDIWDTH problem on interval graphs. His algorithm uses the

(ch;cpC) ordering of an interval graph as a starting point. It then processes one vertex at a time,

modifying the current vertex ordering while trying to not increase the distance between already

processed neighbors beyondk. At the end, it produces a vertex ordering achieving a bandwidth of at

mostk if such an ordering of the interval graph exists. The overall running time of this algorithm is

O(n2). This then leads to a straightforwardO(n2logn) time algorithm for the optimization version of
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the problem which performs a binary search on then possible bandwidth values using the decision

version algorithm as a subroutine. It was later discovered by Mahesh et al. [83] that one of the

rearrangement steps in Kratsch's algorithm was �awed. They were, however, able to correct that

particular step preserving the overall structure and running time of the original algorithm.

[96] is a work that appeared several years later and used the(ch;cpC) vertex ordering of interval

graphs to solve variations of the DOMINATING SET problem. Given a graphG = ( V;E), S� V

is a dominatingset ofG if every vertex inV � S has a neighbor inS. S is a totally dominating

set if every vertex inV, including those inS, has a neighbor inS. The standard dominating set

problem consists of �nding a dominating set of minimum cardinality, or minimum total weight if

vertices have weights. Variations of the problem specify additional properties that the dominating

set needs to satisfy. In [96], Ramalingam et al. consider the properties of the set being independent,

connected, or totally dominating. They then develop a uni�ed algorithm that can be applied to

each of the four weighted variations of the problem and runs in linear time. The(ch;cpC) ordering

is a key building block of the algorithm, since the decision of whether to include a vertex in the

dominating set or not is based in part on the positions of its neighbors in the ordering. In addition to

their algorithm being simultaneously applicable to these four variations of the DOMINATING SET

problem, it was actually one of the �rst polynomial algorithms for weighted total domination and

improved the best known bound at the time for weighted connected domination.

We should note that both the BANDWIDTH and the DOMINATING SET algorithms mentioned

above relied on a recognition algorithm for interval graphs due to Booth and Lueker [13]. When

given an interval graphG, this algorithm produces as a byproduct aconsecutive cliques arrangement

(CCA)of G- an ordered list of the maximal cliques ofGsuch that each vertex belongs only to cliques

that appear consecutively in the list. CCA is yet another characterization of interval graphs that is

equivalent to an interval representation. This recognition algorithm runs inO(n+ m) time, but uses

a relatively complex data structure called PQ-tree. There is an alternativeO(n+ m) recognition

algorithm that was later discovered by Corneil, Olariu, and Stewart [24]. This algorithm avoids

using non-standard data structures and is simpler to implement, but has a much more complicated

proof of correctness [104]. It is based on multiple sweeps of a modi�ed LexBFS and instead of a

CCA, it produces a(ch;cpC) ordering when the input is an interval graph.
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4.4.2 New graph class from a VO with a nice property

Recall the greedy coloring algorithm from earlier. This algorithm produces an optimal coloring of

a chordal graphG when applied to a reversed perfect elimination ordering of the vertices ofG. The

same algorithm is also optimal when applied to a topological sort of a transitive orientation, i.e. a

(cp) ordering, of a comparability graph [82]. In both cases, we have a special vertex ordering on

which the greedy algorithm is optimal. It turns out that every graph has a vertex ordering on which

the greedy coloring is optimal - the vertices being ordered based on their color in a particular optimal

coloring, with vertices of the same color being ordered consecutively. Unfortunately, �nding such

an ordering, and more generally obtaining an optimal coloring, is NP-hard on general graphs. The

cases of chordal and comparability graphs are different since we can construct the special vertex

orderings ef�ciently.

Our ultimate goal is to be able to solve COLORING ef�ciently on as large a class of graphs

as possible. In the context of the above discussion, one possible avenue is to look for a vertex

ordering that generalizes the(ch) and(cp) orderings, but satis�es some additional properties which

are restrictive enough so that not all graphs would have such an ordering. One such example is

formed by theperfectorderings introduced by Chvátal in the early 1980s.

De�nition 4.4.1. (Chvátal [21]) A vertex ordering(v1;v2; : : : ;vn) of graphG is perfectif, for each

induced (ordered) subgraphF of G, the number of colors used by the greedy coloring algorithm on

F is optimal onF. A graphG is perfectly orderableif it has a perfect vertex ordering.

Unfortunately, the recognition problem for the class of perfectly orderable graphs is known to

be NP-complete [15]. A great deal of research has been done on exploring subclasses of perfectly

orderable graphs for which there are ef�cient recognition algorithms, includingbipolarizable, P4-

indifference, andP4-comparabilitygraphs. This was facilitated in part by the following characteri-

zation of perfect orderings.

Theorem 4.4.2.(Chvátal [21])A vertex ordering< of a graph G is perfect if and only if G contains

no (induced) P4 = a� b� c� d such that a< b and d< c.

Note that the alternative characterization shown in Theorem 4.4.2 can be easily translated to

the language of forbidden ordered subgraphs. Perfectly orderable graphs are exactly equal to
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(p14; p24; p34) graphs (see Figure 4.7). This, along with the fact that perfectly orderable graphs

are perfect, has led Olariu to generalize Chvátal's original notion of perfect orderings by identifying

all 40 sets of forbidden orderings ofP4 that de�ne graph classes which are perfect [91].

Figure 4.7: The forbidden ordered paths on four vertices characterizing perfectly orderable graphs.

We include another example of a simple algorithm for an optimization problem that gives rise to

an interesting set of classes generalizing comparability graphs. SupposeG is a comparability graph

and we are given a(cp) vertex ordering< G of G. To simplify the notation, assume the vertices

in < G are labelled 1 ton. To �nd the size of a maximum clique inG, we can apply the following

dynamic programming algorithm [104]. For each vertexi, denote byCi the size of the maximum

clique containingi as its last (rightmost) vertex in< G. Let w be a neighbor ofi precedingi in

< G. Then, since(G;< G) does not containcp as an induced ordered subgraph, any neighbor ofw

precedingw in < G must also be a neighbor ofi. This implies that to calculate the value ofCi , we

simply need to �nd the maximumCw over all neighborsw of i precedingi in < G, and add 1.

An analogous dynamic programming algorithm can be used for CLIQUE on triangle-extendible

graphs, if the(te) ordering is given [104]. In this case, instead of keeping track of the maximum

cliques ending with a single vertex, we need to maintain the sizesCi j of maximum cliques having

i as second to last andj as last vertex in the(te) ordering. Then, we calculateCi j by adding 1 to

the maximumCw;i , such thatw precedesi andw neighbors bothi and j. It is not dif�cult to see

that, on an appropriate vertex ordering, we can further generalize the above dynamic programming

approach to keeping track of the sizes of maximum cliques ending with an arbitrary constant number

of vertices. This gives rise to the notion ofk-extendible(or k-clique-extendible) graphs de�ned by

having a vertex ordering that avoidske- the orderedk+ 1-vertex graph with only one missing edge

between the �rst and the last vertex. It follows that 2-extendible graphs are simply comparability

graphs and 3-extendible graphs are the triangle-extendible graphs.

For k a constant, using the dynamic programming approach described above we can solve the

CLIQUE problem onk-extendible graphs inO(nk) time when a(ke) ordering is given. An alter-

native dynamic programming algorithm that runs inO(kmk=2) time and may be more ef�cient on
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sparse graphs, is presented in [58]. We know that we can recognize comparability graphs in time

proportional to matrix multiplication. As mentioned earlier, Neogi et al. have recently shown that

the recognition problem is NP-complete on both triangle-extendible graphs and onk-extendible

graphs, fork � 4 [88]. Much like with perfectly orderable graphs, a possible next step is to consider

subclasses ofk-extendible graphs that could potentially be easy to recognize. We consider a couple

of such candidate classes, that generalize permutation graphs, in Section 4.5.

Before proceeding we should include the following important remark. Establishing that recog-

nition of a graph class is NP-complete does not immediately imply that a particular optimization

problem on the class would necessarily be NP-hard. For example, intersection graphs of axis-

aligned rectangles (boxicity 2graphs) and intersection graphs of paths in a tree (EPT graphs) are

both NP-complete to recognize, but admit polynomial algorithms for the CLIQUE problem [104].

Therefore, the question of whether there exists a robust algorithm for the CLIQUE problem on

k-extendible graphs – one that does not need to use a(ke) ordering – remains open.

4.4.3 Using a non-characterizing elimination VO to develop robust algorithms

We saw that the characterizing perfect elimination ordering of chordal graphs can be used to develop

a simple polynomial algorithm for the CLIQUE problem. In particular, the VO allows us to reduce

the CLIQUE problem on a chordal graphG to instances of the CLIQUE problem on a series ofn

induced subgraphs ofG. Since all of these induced subgraphs are cliques themselves, each of the

instances of the CLIQUE problem is trivially tractable. The solution of the initial CLIQUE problem

on the overall graph then is simply the largest among the solutions to the instances of the CLIQUE

problem.

A similar approach is also applicable to non-trivial settings where the special elimination or-

dering does not necessarily characterize the graph class. Consider the class ofunit disk graphs

consisting of intersection graphs of sets of circles in the plane having the same radius. Clark, Col-

bourn, and Johnson have shown that when the geometric intersection model (centers and radii of

each circle) is given, the CLIQUE problem can be solved in polynomial time on unit disk graphs

[22]. It was later shown that recognition of unit disk graphs is NP-hard [16]. Thus, one might think

that the Clark, Colbourn, and Johnson model-based algorithm will not help in designing a robust

algorithm for the CLIQUE problem on unit disk graphs. However, by focusing on certain steps of
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the model-based algorithm which lead to ef�cient computation of the maximum clique, Raghavan

and Spinrad were able to remove the dependence on the model [95].

Let G be a graph and lete1 < e2 < � � � < em be an ordering of its edges. We denote byGi

the graph formed by including edges which occur after edgeei in the ordering. The edge ordering

is called aco-bipartite edge elimination ordering (EEO)if for all edgesei = ( x;y), the common

neighbors ofx andy in Gi induce a co-bipartite graph inG. Raghavan and Spinrad showed that each

unit disk graph has a co-bipartite edge elimination ordering, thus reducing the original CLIQUE

problem tom instances of the CLIQUE problem on co-bipartite subgraphs. CLIQUE is solvable in

polynomial time on co-bipartite graphs. Moreover, it is easy to �nd a co-bipartite edge elimination

ordering in polynomial time, if such an ordering exists – at each step greedily select and eliminate

an edge whose endpoints' common neighbors induce a co-bipartite graph in the remaining graph

(co-bipartite graph recognition is also polynomial). If we are not able to eliminate all edges with

the above procedure, the graph does not have a co-bipartite edge elimination ordering and therefore

cannot be a unit-disk graph. This constitutes a robust algorithm for CLIQUE on unit-disk graphs.

This leads us to our main result in this chapter regarding the CLIQUE problem on IP-SEG

graphs. Recall Corollary 3.5.1 which stated that every IP-SEG graphG has at least one vertex

v whose closed neighborhoodN[v] induces a permutation subgraph ofG. Note the similarity to

chordal graphs where each graph has at least one simplicial vertex. Like chordal graphs, and as any

graph class with an intersection model, IP-SEG graphs are a hereditary class, meaning thatG� v

remains an IP-SEG graph. This implies that an IP-SEG graphG must have an elimination vertex

ordering< such that for any vertexv, the subgraph induced by the neighbors ofv that are to the right

of it in < must be a permutation graph. We call such an ordering apermutation vertex elimination

ordering (VEO).

While the permutation VEO is not a VOC of IP-SEG graphs, it does allow us to develop a

robust polynomial algorithm for the CLIQUE problem. Find a vertexv whose open neighborhood

is a permutation graph – we can afford to do this since recognition of permutation graphs can be

done in linear time. If such a vertex does not exist, then the graph cannot be an IP-SEG graph. If

such av does exist, in linear time identify the largest clique containingv in the remaining graph by

solving an instance of CLIQUE on a permutation graph, removev and repeat. With this algorithm

that runs inO(n2(n+ m)) time, we either �nd that the input graph cannot be an IP-SEG graph or
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produce a list of cliques, the largest of which must be a maximum clique of the input graph.

Note the connection between the above robust algorithm and the model-based CLIQUE algo-

rithm (see Algorithm 1) where we were also reducing the original problem to instances of CLIQUE

on permutation subgraphs. In addition, the robust algorithm for CLIQUE on IP-SEG graphs can

also serve as a robust algorithm for CLIQUE on circle graphs in which the open neighborhood of

every vertex must be a permutation graph. It is also worth noting that class of graphs characterized

by having a permutation VEO ismuchlarger than the class of IP-SEG graphs. While the class of

IP-SEG graphs has 2q(nlogn) graphs onn vertices, each bipartite graph has a trivial permutation VEO

and therefore the class of graphs with permutation VEOs contains 2q(n2) graphs onn vertices.

The robust algorithms for CLIQUE on unit-disk and IP-SEG graphs point to a more general

approach. LetG be a class of graphs on which CLIQUE is solvable in polynomial time. Further,

suppose we know how to recognize members of theG in polynomial time. Then, we can solve the

CLIQUE problem in polynomial time on both 1) the class of graphs having aG vertex elimination

ordering and 2) the class of graphs having aG edge elimination ordering. Algorithm 5 provides a

sketch of the robust algorithm for the case of vertex elimination orderings.

Algorithm 5 Robust algorithm for CLIQUE onG VEO graphs
RobustClique(G)

1: Cmax = /0
2: while G is not emptydo
3: e= 0 #count the eliminated vertices in this iteration
4: for v 2 V(G) do
5: if G[N(v)] 2 G then
6: C: a clique of maximum size inG[N(v)]
7: if jCj > jCmaxj then
8: Cmax = C
9: end if

10: removev and all edges incident withv from G
11: e= e+ 1
12: end if
13: end for
14: if e= 0 andG is not emptythen
15: return input is not aG VEO graph #we cannot extend theG VEO
16: end if
17: end while
18: return Cmax
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4.5 Combining Properties

Recall the intersection of properties and vertex ordering characterizations of permutation graphs.

Permutation graphs are the intersection of comparability and co-comparability graphs, but they are

also the graphs having a vertex ordering that simultaneously avoids the ordered subgraphscp and

cpC. In Damaschke's forbidden ordered subgraphs notation, we have the following equality:

permutation graphs= ( cp) \ (cpC) = ( cp;cpC)

In both characterizations, we are essentially combining the same pair of properties. In the IPC

method, the combination is performed by taking the set intersection of the larger classes of com-

parability and co-comparability graphs. In the VOC method, we are requiring that a single vertex

ordering simultaneously satis�es the characterizing vertex ordering properties of comparability and

co-comparability graphs.

Let P 1, P 2, be vertex ordering properties. Then we trivially have(P 1;P 2) � (P 1) \ (P 2).

Damaschke [27] mentions this observation in the context of forbidden ordered subgraphs, butP 1

or P 2 may belong to any other type of vertex ordering properties, including, for example, pruning

sequences of distance-hereditary graphs.

We know that

interval graphs= ( ch;cpC) = ( ch) \ (cpC) and

split graphs= ( ch;chCR) = ( ch) \ (chCR):

However, we also know that

threshold graphs= ( ch;chC) ( (ch) \ (chC) = split graphs:

Thus a natural question is: for which propertiesP 1, P 2, does the equality(P 1;P 2) = ( P 1) \

(P 2) hold? Unfortunately, while we know of some simple suf�cient conditions [27], this question

remains largely unresolved even when limited to VOC's in terms of forbidden ordered subgraphs.

In what follows, we examine two pairs of properties whose VOC combination is a proper sub-

class of their IPC combination. We also look at how the different combinations might affect the
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tractability of important problems.

4.5.1 Distance-hereditary and chordal: Proper subclasses of ptolemaic graphs and the band-

width problem

Consider the properties of being distance-hereditary (DH), i.e. having a pruning sequence, and of

being chordal (ch), i.e. having a perfect elimination scheme. Howorka [62] has shown that the

class(ch) \ (DH) obtained by IPC combination coincides with that ofptolemaicgraphs, originally

de�ned using pairwise distances between vertices.

De�nition 4.5.1. (Kay, Chartrand [72]) A connected graphG is ptolemaic if for any four vertices

u;v;w;x of G, d(u;v)d(w;x) � d(u;w)d(v;x) + d(u;x)d(v;w), whered(a;b) denotes the number of

edges in a shortest path between verticesa andb.

As was the case with combining the chordal and co-chordal properties, there are two different

VOC combinations of the distance-hereditary and chordal properties: a pruning sequence that is

also a perfect elimination scheme -(DH;ch); or, a pruning sequence that is also a reversed per-

fect elimination scheme -(DH;chR). Unlike the case of chordal and co-chordal, however, both of

(DH;ch) and(DH;chR) are proper subclasses of the IPC class(ch) \ (DH).

Figure 4.8: Ptolemaic graph that is not: a)(DH;ch); b) (DH;chR)

The graph shown in parta) of Figure 4.8 is ptolemaic: (1,2,3,4,5,6,7,8) is a pruning sequence

and (2,1,3,4,5,6,7,8) is a perfect elimination ordering. However, the only simplicial vertices of this

graph are 2 and 7, none of which has a twin or is a pendant vertex. Thus this graph is not(DH;ch).

Similarly, theclaw graph shown in partb of Figure 4.8 has a pruning sequence (2,3,4,1) and a

reversed perfect elimination ordering (1,2,3,4), so it is ptolemaic. But any pruning sequence must

have 1 in position 3 or 4, while any reversed perfect elimination scheme must have 1 in positions 1

or 2. Therefore, the claw graph is not(DH;chR).
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One of the relatively few optimization problems that are intractable on ptolemaic graphs is the

minimum bandwidth problem. In fact, the problem remains intractable on trees, even on caterpillar

trees of hair length at most 3 [30]. Note that the vertex ordering of any tree obtained by removing

a leaf at a time is a(DH;ch) ordering. Thus,trees � (DH;ch), which implies that the minimum

bandwidth problem is intractable on the class(DH;ch).

The class of(DH;chR) graphs, however, is different. We not only have that the claw graph

is not a member of this class, but also, no(DH;chR) graph could contain a claw as an induced

subgraph. This means that the only trees that belong to(DH;chR) are simple paths. This opens

up the possibility for the minimum bandwidth problem being tractable on(DH;chR) graphs. In

fact, it is an easy exercise to show that any(DH;chR) vertex ordering cannot containcpC as an

induced ordered subgraph. This implies that any(DH;chR) graph must be an interval graph. We

have seen that the minimum bandwidth problem is tractable on interval graphs. The most ef�cient

known algorithms include anO(nD2logD) algorithm by Muradyan (D denotes the maximum vertex

degree), anO(nBW(G)) by Kleitman and Vohra, and anO(nlogn) algorithm by Sprague [30]. Given

that we do not know of anO(n+ m) minimum bandwidth algorithm for interval graphs, it would be

interesting to see if such an algorithm exists for(DH;chR) graphs.

4.5.2 TE and co-TE: Two generalizations of permutation graphs

Recall that triangle-extendible graphs generalize comparability graphs and, by extension, co-triangle-

extendible graphs generalize co-comparability graphs. We have also seen thatpermutation graphs=

(cp;cpC) = ( cp) \ (cpC).

Figure 4.9: The forbidden ordered subgraphs characterizing (co-)comparability and (co-)triangle-
extendible graphs.

Now consider the two graph classes(te;teC) and (te) \ (teC), obtained by applying the two
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different methods, VOC and IPC, of combining the two properties TE and co-TE. Unlike the case

with comparability and co-comparability, the VOC method leads to a class that is a proper subclass

of the one obtained with the IPC methods.

Proposition 4.5.1. (te;teC) ( (te) \ (teC).

Proof. The 13-vertex graphG13, illustrated in Figure 4.10, is a member of(te) \ (teC), but not of

(te;teC). The vertex set ofG13 is given byV(G13) = A[ B[ C, where

• A = f a1;a2;a3;a4g andA is an independent set,

• B = f b12;b13;b14;b23;b24;b34g andB is a clique,

• C = f c12;c13;c14g andC is an independent set.

The additional edges ofG13 that go between two different component sets are given by the follow-

ing:

• bi j is adjacent toai anda j ;

• c1i is adjacent toa1 andai ;

• b1i is adjacent toc1i .

To simplify the proof, we will treat the two-digit indices of vertices inB andC as two-element

sets, i.e. we wil treatb32 andc41 as alternative labels for the verticesb23 andc14, respectively.

We consider the two vertex orderingsO1 = ( a1;b23;b24;a2;a4;b34;a3;c12;b12;c13;b13;c14;b14)

andO2 = ( a2;a1;b12;c12;b13;b14;b23;b24;b34;c13;a4;c14;a3). A 4-vertex TE violation in a vertex

ordering ofG13 can only take one of the following forms:

• suborders withb1k andc1k appearing betweena1 andak, or

• subordersai < b jk < blm < bnp or bnp < b jk < blm < ai such thati =2 f n; pg and f j;kg \

f l ;mg = f ig.

The list of forms that 4-vertex co-TE violations in a vertex ordering ofG13 can take is somewhat

longer and includes suborders with:

• c1i andc1j appearing betweenbpq andbrs, whereff 1; ig; f 1; jgg \ ff p;qg; f r;sgg= /0,
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Figure 4.10: A sketch of the 13-vertex graphG13 that is(te) \ (teC), but is not(te;teC). The �gure
only illustrates a few of the edges going across component sets. The full set of edges is speci�ed in
the main text.

• c1i anda j appearing betweenbpq andbrs, wherei =2 f 1; jg, f 1; ig =2 ff p;qg; f r;sgg, and j =2

f p;qg [ f r;sg,

• ai anda j appearing betweenc1k andb1k, wheref i; jg \ f 1;kg = /0,

• ai anda j appearing betweenc1k andal , wherel 2 f 1;kg andf i; jg \ f 1;kg = /0,

• ai andc1j (or c1i andc1j ) appearing betweenc1k andak, wheref i; jg \ f 1;kg = /0,

• ai anda j appearing betweenak andblm, wherek 2 f l ;mg andf i; jg \ f l ;mg = /0, and

• c1i anda j (or c1i andc1j ) appearing betweenap andbqr, wherep 2 f q; rg, p 6= 1, j 6= 1, and

f q; rg =2 ff 1; ig; f 1; jgg.

Using the above enumeration of all forms TE and co-TE violations could take in a vertex order-

ing of G13, it is easy to verify thatO1 is a valid(te) ordering andO2 is a valid(teC) ordering. This

demonstrates thatG13 does belong to the class(te) \ (teC). However,O1 contains the co-TE viola-

tion (a1;a2;a3;c14) andO2 contains the TE violation(a1;b12;b13;b23). This means that neitherO1

norO2 is a valid(te;teC) vertex ordering. In fact, using a computer program, we were able to verify

thatG13 cannot have a valid(te;teC) vertex ordering, showing thatG13 2 ((te) \ (teC)) � (te;teC).

66



The class of TE graphs contains all bipartite graphs and therefore it is asuperfactorialhereditary

class of graphs [103] – it contains 2Q(n2) graphs onn vertices. We show, however, that this is not the

case for the classes of(te;teC) and(te) \ (teC) graphs [66]. Consider the following theorem.

Theorem 4.5.1.(Alekseev [4])A hereditary class of graphs has2Q(n2) members on n vertices if and

only if it contains all bipartite graphs, all co-bipartite graphs, or all split graphs.

Let B15 be the bipartite graph on 15 vertices with vertex partitionsX = f xi j 1 � i � 5g and

Y = f yi; j j 1 � i < j � 5g and edge setE = f (xi ;y jk) j i = j or i = kg. It is easy to see that this

graph is highly symmetric – any permutation of(1;2;3;4;5) implies a corresponding relabelling of

the vertices ofB15 that induces an automorphism of the graph. Therefore, ifB15 has a co-TE vertex

ordering, it would have to have a co-TE vertex ordering that has verticesx1;x2;x3;x4; andx5 in that

order. However, in whatever position we try to place vertexy15 in, relative to the vertices of theX

partition, we would get at least one of(x1;x2;x3;y15) or (y15;x3;x4;x5) as a co-TE violation. Hence,

B15 is a bipartite graph that is not co-TE and its complementB15 is a co-bipartite graph that cannot

be TE. Note that the above argument did not depend on the fact thatY is an independent set inB15.

This implies that the split graphS15 obtained by takingB15 and makingY a clique also cannot be a

co-TE graph.

B15;B15; andS15 are examples of bipartite, co-bipartite, and split graphs, respectively, that do

not belong to either of the classes(te;teC) and(te) \ (teC). If f (n) is such the class of(te;teC)

(or (te) \ (teC)) graphs has 2(Q( f (n))) members onn vertices, by Alekseev's theorem we must

have f (n) 2 o(n2). In addition, since both classes generalize permutation graphs, we also have

f (n) 2 W(nlogn). Finding tighter bounds onf (n) is an open problem. We know that permutation

graphs always have a "large" (of sizeq(n1=2)) clique or an independent set. It would be interesting

to know if a similar result can be established for(te;teC) or (te) \ (teC) graphs. A positive result

could help us in proving a tighter upper bound on the number of graphs in the respective graph class.

Most of the other natural questions are open on both of(te;teC) and(te) \ (teC) graphs. Given

that (te;teC) and(te) \ (teC) generalize permutation graphs, an interesting question is whether the

two classes have a nice geometric intersection or containment model related to their special vertex

orderings. We would also like to know whether the two classes can be recognized in polynomial
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time. In particular, a polynomial algorithm that constructs the relevant special orderings will im-

ply a polynomial algorithm for the clique and independent set problems. Even if it were shown

that recognition on(te;teC) and(te) \ (teC) is NP-complete, we would still have the related open

question of whether there are robust algorithms for CLIQUE and INDEPENDENT SET on the two

graph classes.

4.6 Conclusion

In this chapter, we looked at different types of vertex orderings and related graph classes. We

explored how the properties de�ning some of the vertex orderings can affect the complexity of

recognizing graphs in the class. Additionally, we looked at situations in which vertex orderings can

be a powerful tool for designing ef�cient algorithms for optimization problems. In particular, we

gave the �rst robust polynomial algorithm for the CLIQUE problem on IP-SEG graphs using the

permutation vertex elimination ordering and discussed a generalization of the approach to vertex and

edge elimination orderings where induced neighborhoods belong to classes of graphs on which the

CLIQUE problem is tractable. Further, we considered two different methods – IPC and VOC – of

combining two vertex ordering properties. We presented additional examples of pairs of properties

for which VOC leads to a more restricted class of graphs than IPC and showed that in some cases

this may lead to a class of graphs on which a generally hard optimization problem may become

tractable. In what follows, we summarize several interesting avenues for future research, some of

which were already touched upon in previous sections.

In Section 4.3, we mentioned that there are two main vertex ordering types: elimination order-

ings and orderings avoiding ordered subgraphs. We saw examples like chordal graphs which have

VOC's of both types - perfect elimination ordering and(ch). We also saw examples like 3-transitive

graphs or perfectly orderable graphs, which have a forbidden ordered subgraph characterization but,

since the recognition problem on these classes is known to be NP-complete, they cannot have an

elimination ordering de�ned by a local property that can be checked in polynomial time. It would be

interesting to know which sets of forbidden ordered subgraphs lead to elimination orderings de�ned

by local properties that can be checked in polynomial time.

An answer to the above question may be helpful in further understanding the complexity of

recognition on graph classes with a forbidden ordered subgraph VOC's. In particular, it would
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be interesting to extend the results by Duffus et al. [34]. In particular, since both the proof of

Theorem 4.3.5 and the proof of Neogi et al. that recognition of TE graphs is NP-complete make use

of the 3-COLORING problem, it would be interesting to see if the two proofs can be generalized

to positively resolve Conjecture 4.3.1. Another approach would be to look at graphsgn that are

not 2-connected and see if we can arrive at a more comprehensive set of suf�cient conditions for

recognition being polynomial on the class(gn), thus extending the work done by Hell et al. [61].

Another avenue for future research is to try to extend the work of Damaschke [27] and better

understand when a multi-property VOC characterization is more restrictive than the corresponding

IPC characterization, i.e. for which combinations of properties(P 1;P 2; : : : ;P k) ( (P 1) \ (P 2) \

� � � \ (P k). Further, we would like to better understand how this is related to the complexity of

recognition or different optimization problems on the corresponding classes. For example, we saw

in Section 4.5 that bandwidth on(DH) \ (chR) = ptolemaic graphsis NP-complete, but we know

how to solve it in polynomial time on the more restricted class(DH;chR).

Stemming from Olariu's work on perfectly orderable graphs [91], another possible direction

would be to try to characterize, using vertex orderings, all graph classes on which a particular

problem is (in)tractable. This is likely to be a challenging question and may need further re�nement,

but looking at a problem like bandwidth, that is about �nding a special vertex ordering, may be a

good starting point.

In this chapter, we saw examples of graph classes such as unit-disk and IP-SEG on which we

can design a robust algorithm for the CLIQUE problem based on a special vertex or edge elimina-

tion ordering. We were able to do this because the corresponding neighborhood-induced subgraphs

belonged to other graph classes on which recognition and CLIQUE are solvable in polynomial time.

It could be worthwhile to more systematically examine classes on which CLIQUE and INDEPEN-

DENT SET are still open and try to see if we can construct analogous elimination orderings.

Finally, it would also be interesting to study particular new graph classes de�ned using a VOC

that generalize important existing classes. In particular, we would like to better understand the class

of triangle-extendible graphs that generalizes comparability graphs. As suggested in Section 4.5,

one possible approach is to �rst look at subclasses of this class obtained by intersection of properties

– e.g.(te) \ (teC) – or multi-property vertex orderings – e.g.(te;teC).
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CHAPTER V

Decentralized Consensus on Graphs with Different Structural Properties

5.1 Introduction

In earlier chapters, we discussed how properties of different models of restricted classes of graphs

can help us design ef�cient algorithms for solving important optimizations problems such as COL-

ORING, CLIQUE, and INDEPENDENT SET. Such algorithms are usually applied when we are

interested in �nding certain kinds of subgroups of entities or relations. In other settings, however,

we may be interested in studying how different processes evolve or spread over a graph. In particu-

lar, we want to know if the dynamics of such processes change across restricted graph classes which

may have different structural properties.

The processes of interest may include cascading failures in computer networks and power grids

[25], disease spreads in contact networks of individuals [89], or information diffusion in social

networks [75]. In some instances, the evolution of these processes may be the result of actions

performed by, and interactions between, purposeful agents in control of vertices or edges of the

graph. This usually takes the form of decentralized coordination between agents which may or may

not have competing objectives [18, 53, 69, 85].

We note that in applied settings where graphs are used to model real, existing systems like the

World Wide Web, individuals linked by family or friendship ties, or the chemical reactions taking

place in a cell, the use of network science terminology is more common. Namely, these systems are

considered to be networks of nodes with links between them, whereas their corresponding mathe-

matical representations are graphs of vertices and edges [9]. We will interchangeably use the graph

theory and network science terminology, without differentiating between graphs and networks.

In this chapter, we study the effects of the underlying network structure, across multiple graph

classes and associated random generating models, on the effectiveness of different mechanisms for

facilitating or disrupting coordination. We start by reviewing our work in [111] on the utility of

communication on decentralized coordination between human subjects, including settings where

competing incentives may be present. We also review the subsequent study of the disruptive ef-

fects of adversarial agents on decentralized coordination [56] and how well these can be mitigated
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through the introduction of trusted agents. In both cases, we put emphasis on the varying levels of

effectiveness of mechanisms for facilitating or disrupting coordination depending on the structural

properties of the underlying graph model or class. We then build on the work done in [56], by

performing simulations over a wider range of graph-generating models, including geometric-based

models of special graph classes such as IP-SEG graphs, and explore in more detail the effects of

graph structure on decentralized coordination success. We �nd that reaching decentralized con-

sensus is challenging on graphs with geometric intersection models, including random geometric

graphs and IP-SEG graphs. We show that the chances for consensus can be improved, over all

considered graph classes and random generating models, by ensuring that the set of visible nodes

is connected. Through simulations, we demonstrate that by increasing the trust that agents have

in their visible neighbors, we can further increase consensus rates. Moreover, we �nd that there

is an ampli�ed positive effect when optimized placement of visible nodes is combined with in-

creased trust in visible nodes. Finally, we discuss directions for future study, including alternative

placements of visible nodes and additional graph classes and associated generating models.

5.2 Effects of communication and strategic tension on decentralized coordination

Coordination between individuals plays a central role in many biological processes, often to facil-

itate energy saving. Examples include huddling in groups of penguins, drafting in �ocks of birds

and schools of �sh [108], and groups of ants working together to move a large object [84] or build

a bridge with their own bodies allowing other members of the colony to cross a gap in the foraging

trail [97]. Coordination is also ingrained in a wide range of human tasks, from navigation in large

crowds and coordination of cockpit members [60], to coordination between disaster response teams

on the ground and teams preparing to deploy [33, 100]. As a result, there is considerable literature

that explores mechanisms that facilitate more successful coordination [33, 81, 98].

Communication is considered to be one of the key mechanisms promoting human coordination

and has received signi�cant attention in previous literature, including studies using human subjects

[42, 105] and theoretical methods [29, 38]. In most of this literature, communication is only allowed

in a distinct, pre-play stage, with particular focus on simple, two-player games. However, real tasks

involve a signi�cantly greater number of coordinating agents and communication takes place during

the coordination phase. Further, in real coordination settings, the access to information and ability
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to communicate are often localized.

In order to better account for such complexities, in [111], we investigate the effects of com-

munication on a more complex coordination task involving 20 players. The players are situated as

nodes of a network who can make decisions in real-time over a �xed time-horizon, but only observe

decisions by their network neighbors. This setup builds on a class of games introduced by Kearns

et al. [69, 73, 74], considering global consensus as the goal, but allowing agents to have clashing

individual incentives. Unlike most prior literature, we allow subjects to communicate while they

are making decisions in real time. Moreover, we explore the impact of a) communication restricted

to immediate neighborhoods, b) global communication across the entire network, and c) communi-

cation with strong constraints on the information content of messages, on the ability of subjects to

ultimately reach global network consensus, with or without strategic tension.

5.2.1 Experimental methodology

Echoing several prior experiments in networked consensus [69, 73, 74], we designed experiments

in which sets of 20 human subjects were assigned to nodes of a network and were asked to choose

one of two colors (red or green), with the primary objective of reaching a global consensus on a

single color. Subjects could see the color choices made by their network neighbors (or white, if no

choice had been made) and could change their own color at any point. The crucial novel element

in these experiments was the integration of an instant-messaging-like communication interface (see

Figure 5.1).

First we recruited workers from Amazon's Mechanical Turk, a crowdsourcing online platform.

In the recruitment stage, each worker completed a simple three-question English language pro�-

ciency test, followed by a tutorial that explained each part of the experimental setup, the networked

consensus task, and the web application interface. Once they completed the tutorial, participants

were required to af�rm (by checking a box in an online form) that they were over the age of 18 and

that they had read and consented to the terms of participation. We also asked participants to indicate

their time availability and if they would agree to be contacted for scheduled experiment sessions.

Workers were able to participate in a full experiment session only after they have completed the

recruitment stage.

In total, we ran more than 250 games (instances of the networked consensus task) over 6 experi-
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ment sessions, involving 131 distinct participants. Each game could last at most 60 seconds, but was

terminated as soon as consensus was reached. Each participant received a base payment of $0.15

per game. In addition, if the game reached consensus each player received a bonus. The magnitude

of the bonus depended on two things: 1) whether the game involved individuals with color prefer-

ences, and 2) which color was chosen as consensus. In the �rst case, no matter which color was

chosen in consensus, all subjects received $0.20. In the second case, if consensus was achieved in

which all players chose the individual's preferred color, this participant received a $0.30 bonus; if,

on the other hand, the less preferred color was chosen in consensus, the bonus to this individual was

only $0.10. In all treatments involving color preferences (which constituted half of all treatments),

exactly 10 nodes preferred each of the two colors. To ensure quality of the data, we treated games

in which one or more participants did not choose a color at all as invalid, and removed these from

consideration. In the end, we were left with 239 valid games which comprised our �rst analysis.

In these experiments, we systematically varied four factors: a) communication form, b) com-

munication structure, c) color preferences, and d) network structure. Communication form involved

three treatments: no communication, which provided our baseline, local communication, where in-

dividuals could only send messages to their immediate neighbors, and global communication, which

allowed the individual's messages to be seen by the entire network. With communication structure,

we controlled the extent to which exchanged messages were constrained through two treatments:

unconstrained, in which arbitrary natural language (or otherwise) messages could be exchanged,

and constrained, in which an individual could only send messages of the form “# of my neighbors

choosing green, # of my neighbors choosing red”. The “unconstrained” treatments did involve two

character-limit constraints: we imposed a 10-character limit on each message, and a 50-character

limit on all messages sent by a given node in a game. In the experiments, these character lim-

its appeared to be quite generous. We considered settings with no color preferences, and those in

which different participants faced con�icting preferences about colors (for example, some receiv-

ing a higher payout for a red, and others for a green, consensus); however, the number of subjects

preferring each color was always equal.

Finally, we considered three categories of network structure. The �rst set of networks were

generated using the Barabási–Albert preferential attachment model (BA) [8]. In this model, we

start with a set ofq0 disconnected nodes and continue by successively adding one new node at a
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time, connected toq (q � q0) existing nodes with a probability proportional to the current degrees

of the existing nodes. Formally, the probabilitypi that the new node is connected to the existing

nodei is pi = ki=å j k j , whereki is the degree of nodei and the sum is taken over all existing nodes

j. The BA model is an example of a scale-free model with a node degree distribution that follows a

power law of the formP(k) � k� 3. In other words, BA networks generally contain large numbers of

nodes with small degree, and a small numbers of “hubs”, which are nodes with very large degree.

The other two sets of networks were generated using theG(n;m) variant of the Erd�os–Rényi

random graph model (ER) [39], in which a graph is chosen uniformly at random from the collection

of all graphs which haven nodes andmedges. In networks generated by the ER model, connectivity

is entirely random and they have approximately binomial degree distribution with a central peak near

the mean degree
2m
n

and rapidly decreasing probabilities for degrees away from the mean.

In all our experiments, we used networks of size 20 and setq0 = q = 3, which meant that the

BA model always produced networks with 51 edges. To try to differentiate between the effects that

network edge density – fraction of possible edges present in the network or
2jE(G)j
n(n� 1)

– and node

degree distribution might have on the ability of subjects to reach consensus, we considered two sets

of ER networks: i) ER-Dense (ERD) withn = 20, m= 51, and ii) ER-Sparse (ERS) withn = 20,

m= 26.

5.2.2 Aggregate results: the value of communication and the importance of graph density

Prior research considering the role of communication in coordination has almost universally found

that allowing people to communicate improves their performance. However, most such investi-

gations were either not tightly controlled, were very small-scale, or allowed communication only

during a distinct pre-play phase, in which all individuals were allowed to discuss the task. Our

experimental setup aimed to more realistically capture the role of communication by embedding

it within the task itself and varying its form (local vs global) and structure (unconstrained vs con-

strained). We found that local communication had no signi�cant bene�t over no communication:

60% of all games were solved (subjects reached global consensus) when no communication was

allowed, while 61% of games were solved in the local communication treatments. On the other

hand, allowing subjects to communicate beyond local neighborhood boundaries (global communi-

cation), led to an overall consensus rate of 83%, a signi�cantly higher fraction than either no or
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local communication (p < 0.005 for both comparisons). Moreover, Figure 5.2a) shows that global

communication systematically dominates the other two forms (local and no communication) across

network structures. This observation remains consistent in treatments with or without color pref-

erence incentives (where people obtain a higher payout for consensus on one color rather than the

other). The difference is particularly signi�cant in the sparser ERS networks, where global commu-

nication exhibits nearly double the success rate of local and no communication treatments.

Previous literature, as well as common intuition, suggest that natural language can signi�cantly

improve the chances of success in human coordination tasks. Therefore, a plausible hypothesis

would be that imposing constraints on messages should signi�cantly degrade ability of subjects to

coordinate. However, we �nd that the opposite is true. Namely, approximately 67% of games with

unconstrained communication were solved, compared with 77% of games solved when only a single

type of message could be sent (counts of the two colors in one's neighborhood) (comparison was

signi�cant at p < 0.05). As Figure 5.2b) shows, this observation extends to both local and global

communication settings. However, the primary difference between consensus rates arises in BA

networks (see Figure 5.2c)).

Looking at Figure 5.2a) again, the consensus rates in games with dense ER networks appear

to match those in games with BA networks, but players are less successful in games over sparse

ER networks when communication is not global. While this is a very limited setting with only two

levels of network density considered, the above observation agrees with previous literature in that

higher density should improve the chances for successful coordination in networked settings. On the

other hand, it appears that the presence of global communication can be quite helpful in overcoming

the challenge posed by lower network density.

Previous research has also found that the existence of network hubs (high-degree nodes) may

help facilitate coordination. While we do not observe this consistently across treatments - Fig-

ure 5.2a) shows virtually no difference between consensus rates over ER and BA networks of

the same density - we do observe signi�cantly higher consensus rates in games with constrained

communication than in games with unconstrained communication, when the underlying network is

generated using the BA model (Figure 5.2c)). In fact, this difference persists in local constrained

communication settings (signi�cant atp < 0:05). This suggests that the presence of network hubs

can be helpful when combined with appropriate constraints on communication structure. In our
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experimental treatments, in particular, hub nodes in BA networks were often able to observe the

color choices of 65-85% of network nodes. Therefore, the constrained messages they were send-

ing, describing the state of their neighborhood at timet, were very good approximations of the

global network state at timet. In addition, their high degree may also explain why in games on BA

networks, constrained communication offered signi�cant improvement over unconstrained commu-

nication, even when nodes were only allowed to communicate locally - a message sent by a hub

node to its neighbors will be received by a sizable majority of nodes.

5.2.3 Individual behavior

To better understand the aggregate �ndings discussed above, we developed a parametric behavior

model, making use of the following parameters which we hypothesize were the primary observable

drivers of individual behavior:

• Game stage: we divided the game into three stages, beginning, middle, and end; the latter

two stages (middle, end) were represented as binary variables (the beginning becoming the

default).

• Number of neighbors (neighbors): the number of neighbors of a player.

• Fraction of neighbors choosing a different color (opposite color): the fraction of a player's

neighbors who are choosing a different color from the decision maker.

• Relative excess of received messages promoting different color over the same color (op-

posite message): the count of messages received that suggest using a different color less

the count of messages promoting the same color as currently chosen by the decision maker,

measured over the previous 15 seconds.

• Preference for currently chosen color (prefer current): whether the player would earn

higher payout if their currently chosen color becomes the consensus choice.

We discretized time at 1 second intervals and used a logistic regression to predict the probabil-

ity that an individual will change their color in the next 10-second interval. We developed 5 such

models, one for no communication, and one for each of the four combinations of communication
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forms (local vs global) and communication structure (unconstrained vs. constrained), with all vari-

ables normalized to facilitate cross-variable and cross-model comparison. The results are shown in

Figure 5.3. We found that behavior is broadly consistent across the different settings. As one might

expect, having a greater fraction of neighbors with and receiving more messages advertising the

opposite color increases, while the player preferring their current color reduces the chances that the

player will change their color, in all communication settings. An intriguing observation is that the

prevalence of messages advertising the color not currently chosen have the greatest impact on an

individual's decision to switch, in most cases far greater than any other factor. In fact, it appears to

be the strongest factor in local communication, even though we have found it to offer little improve-

ment in facilitating coordination. Similarly, the impact of such messages on decisions only seems to

diminish as we introduce constraints. What this strongly suggests is that it is the information content

of messages, rather than behavior in response to these, that explains our aggregate observations.

To explore this hypothesis, in [111] we developed a quantitative measure ofmarginal informa-

tion about the global state conveyed by messages over time. With this measure we tried to capture

how much closer to the global state (proportion of network nodes having the current majority color)

a recipient's observed information is after receiving messages over a �xed unit of time than they

were prior to these messages (based on both choices by immediate neighbors, as well as messages

received in the past). We refer the reader to [111] for the formal de�nition of the measure. We

include an informal description, through example, below.

We focused on messages that could be perceived as suggestions for recipients to stay with or

change to a particular color. For a recipient in the unconstrained communication setting, such

messages might include "choose red", "red wins", or simply "red" (all of them indicating that the

recipient should stay with or change to red), but do not include messages like "Sam", "come on", or

"ignore pay". For recipients in the constrained communication setting, we assumed that they would

treat messages reporting more neighbors of one color ("3 red, 2 green") as suggestions to stay with

or change to that color (red). Now, suppose that recipient Y's neighborhood was predominantly red

or in the past she had mostly received messages suggesting red. However, more recently she had

started receiving signi�cantly more messages suggesting green and the actual global majority color

is green. In this scenario, we consider the recent communication this player received to have high

marginal information as it better indicates the current global state of the network than the player's
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neighborhood or past received communication.

Using this this approach, we found that marginal information conveyed by messages over time is

signi�cantly greater in global communication than in local, particularly early in the games, which is

partly due to the fact that more messages are received in global communication treatments. We also

found that difference in marginal information is especially signi�cant in sparse ER networks, ex-

plaining the rather dramatic advantage of global communication in such settings. We also observed

that constrained communication games involved messages with higher marginal information earlier

during the game for dense ER and BA networks, speeding up consensus. This partially explains

why constrained communication settings achieved somewhat higher consensus rates.

5.2.4 Summary of �ndings

Much of prior literature has found that communication has substantial value in facilitating coordi-

nation. This seems quite natural when one considers the importance of communication in everyday

small-scale coordination activities, ranging from who picks up the kids from school to how a par-

ticular complex task should be split among several workers. Game theoretic literature, in particular,

has explored extensively the strategic role of “cheap-talk” communication, taking for granted the

role it serves in providing valuable information about the state of the world. Our experiments ex-

plored communication as embedded in a networked coordination task, allowing subjects to make

decisions and communicate in real time, and we systematically investigated the impact that different

constraints on communication play in its value to the coordination task. From a behavioral stand-

point, we found that people indeed “respond” to messages that they receive: speci�cally, they are

signi�cantly more likely to change their decision if it con�icts with received messages. This behav-

ioral trait is consistent across all communication treatments. The key difference is how informative

received communication is. When people can only discuss the task locally, little information about

global state is ultimately conveyed. In contrast, global communication is clearly far more informa-

tive, and that ultimately leads to improved performance. We see some evidence that constraining the

structure of local communication could add some value, but this appears to be limited to network

settings containing well-connected hubs whose messages can relay a very good approximation of

the current global state to a sizable portion of the population. The consideration of information

conveyed in communication has not �gured signi�cantly in prior literature, even though realistic
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communication contexts are, typically, local. Consequently, our �ndings suggest that unconstrained

communication through local channels may be insuf�ciently effective in promoting global coordi-

nation, and entities, such as media and government, with the ability to reach a broad array of the

population may have a critical role to play in facilitating coordination.

5.3 Decentralized coordination in the presence of adversarial and trusted agents

There has been considerable prior literature devoted to studying and modeling human behavior in

networked coordination settings, including networked consensus [69, 73, 74, 111], coloring [69, 85],

bargaining [18], and social dilemma games [53]. However, decentralized coordination often takes

place in the presence of adversarial agents. For example, organizations attempting to coordinate on

a strategy may also compete with other organizations, and coordination in combat mission planning

and execution inherently faces adversarial entities in the form of enemy combatants. Addition-

ally, in many settings adversaries attempt to exert their in�uence undetected, such as by bribing

insiders, taking control of network nodes through cyber attacks, and spreading fake information

[5]. Therefore, it is important to consider resilience to adversarial tampering with the decentral-

ized coordination process. While existing research has devoted considerable attention to ensuring

robustness to faults and attacks, it has mostly done so assuming that non-malicious agents follow

simple stylized models of individual behavior [2, 14, 79]. However, many settings feature human

actors who play an important role in reaching consensus.

In this section, we will discuss one of the �rst studies to address the question of human behavior

in adversarial coordination settings by Hajaj et al. [56]. This study investigates the problem of

decentralized consensus on networks in the presence of adversarial nodes, �rst using human subject

experiments with 556 participants, and subsequently through the data-driven agent-based modeling

(DDABM) methodology [113]. The experiments explore two design factors and their potential

to mitigate adversarial in�uence: allowing neighboring nodes to communicate and embedding a

small set of trusted nodes in the network. Note that in [111], discussed in Section 5.2, we found

that communication among network neighbors has limited value in facilitating consensus. On the

other hand, much prior research, using stylized models of individual behavior, has argued that the

presence of trusted nodes can signi�cantly facilitate decentralized coordination [1, 2, 109].

The results in [56] that we will discuss in this section, run counter to both of these observations.
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First, they demonstrate that local communication can help a great deal, especially as the number of

adversarial nodes is increased. Second, they show that the presence of trusted nodes does not, in the

aggregate, help, reinforcing the need to develop better models of individual and collective behavior

in such settings. Next, Hajaj et al. develop a data-driven agent-based model of adversarial decen-

tralized consensus on networks, following the DDABM methodology [113]. In DDABM, individual

agent models are derived from data, and are then instantiated in an agent-based framework via fea-

tures that capture behavioral inter-dependencies among network neighbors. These agent models

serve three purposes. First, like the descriptive models of individual decision-making in [111], they

provide further insight into individual behavior. Second, the resulting agent-based model effectively

captures the experimental observations at the macro level, and is quite robust to small errors in the

individual agent models. Third, it demonstrates the usefulness of the derived computational plat-

form as a means for further simulation-based investigation of the adversarial consensus problem.

This last point will form the foundation of our work presented in Section 5.4, where we explore the

in�uence of network structure on decentralized coordination over a much wider range of network

generating models, including some restricted to special graph classes.

5.3.1 Experimental methodology and aggregate results

The general experimental setup of Hajaj et al. in [56] largely replicated that in [111] which we

discussed in Section 5.2. There was, however, one change that turned out to be quite consequen-

tial. The visual game interface in [111] featured a progress bar, showing how close the overall state

is to global consensus (measured by the percentage of nodes having the majority color). In the

new setting, however, such a progress bar communicated too much information, particularly when

adversaries were present, and it was therefore removed (particularly since it did not have a clear mo-

tivation and was just a design artifact of prior sets of experiments [69, 73]). Removing the progress

bar increased the importance of local unconstrained communication (there were no treatments with

global or constrained communication in these experiments), relative to our earlier �ndings in [111].

The above experimental framework was augmented with several features in order to study how

adversarial nodes impact the ability of the rest (i.e., the non-adversarial sub-network) to reach global

consensus. Namely, players were divided into two teams: aconsensusteam and ano-consensus

team (in our parlance, these are the adversaries). The goal of theconsensusteam is to reach global
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consensus among members of this team only. The goal of theno-consensusteam is to prevent

consensus among members of the consensus team. The bonus payout of each player was contingent

on their team achieving its goal. Unlike in [111], there were no treatments with competing incentives

among players of the same team. At the beginning of the game, each player was assigned to one of

these teams, and this assignment was indicated in their view of the game.

The number ofconsensusplayers in each game was �xed to 20, to control the baseline dif�culty

of the task (the underlying consensus problem on networks becomes more dif�cult as the network

size grows, other things being equal). In addition, in each game there werea no-consensus players

introduced, wherea 2 f 0;2;5g. The value ofa was not disclosed to the players at the beginning of

a game; although an omniscient observer can infer it from the size of the overall network (which

is 20+ a), no player could, in fact, do this, since players could only observe their direct neighbors,

and the maximum node degree was limited to 15 to facilitate effective visualization. Adversaries

(no-consensusnodes) were non-visible to others, including other adversaries.

Additionally, it is often possible to have a small number of knownreliable or trustednodes

on the network, for example, nodes which are particularly dif�cult to compromise due to a high

amount of investment in their security, and conventional wisdom is that such nodes can greatly

facilitate consensus [2]. To allow for this,visiblemembers (henceforth,visible nodes) of thecon-

sensusteam were introduced. The numberv of visible nodeswas also varied, withv 2 f 0;1;2;5g.

These nodes were visible only to their immediate network neighbors, which in the game interface

was highlighted by an orange circle around the corresponding nodes. As in [111], three network

structures were explored: BA, ER-dense, and ER-sparse. Average degrees increased slightly due

to the addition of adversarial nodes. For example, BA and dense ER networks on 20 nodes had a

mean degree of 5:1, whereas those on 25 nodes had a mean degree of 5:28. Nevertheless, the overall

goal of differentiating between the effects of network density and those of degree distribution on

decentralized coordination, remained.

The human subjects - 556 in total - were again recruited through the Amazon Mechanical Turk

platform and they jointly played 1,080 games. The measure of coordination success used was

the consensus rate - the proportion of games reaching global consensus on a single color among

members of theconsensusteam. We now give a brief overview of some of the aggregate experiment

results.
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Con�rming intuition, having adversarial players participate in the game did have a statistically

signi�cant deleterious impact on consensus rate (p < 0:01). Delving deeper, they distinguished

between two kinds of impact adversaries can have:structural (the presence of adversarial nodes

may lead to the subgraph formed byconsensusnodes being poorly connected or disconnected) and

behavioral(color choices made or messages sent by adversaries may mislead neighboringconsensus

nodes). Their analysis con�rms that in the experiments with human subjects, adversaries can indeed

have both kinds of negative impact on coordination betweenconsensusnodes.

Hajaj et al. also �nd that allowing unconstrained communication between neighbors has a clear

positive impact on reaching consensus: when no adversaries are present, communication increases

consensus rate by 23.5%, with 2 adversaries improvement rises to 35.1%, and with 5 adversaries

games that feature communication are 54.5% more likely to reach consensus than those that do

not. In particular, they �nd that in settings where adversaries have signi�cant structural impact (the

subgraph ofconsensusnodes is disconnected), communication appears to neutralize the behavioral

impact of adversaries. They note that communication helps even when there are no adversaries,

in contrast with prior results [111]. The key distinction, as mentioned earlier, is the absence of the

progress bar: without this source of global information, communication becomes considerably more

informative.

In terms of the impact of network structure, the main observation made by Hajaj et al. is that

BA are more resilient in the presence of adversaries. In particular, when no communication is al-

lowed, the addition of adversaries leads to drop in consensus rates across network structures, but

it is less pronounced on BA networks than on ER-dense networks. Moreover, when local uncon-

strained communication is allowed, 2 adversaries are unable to signi�cantly impact consensus rate,

suggesting that when only few adversarial nodes are present, the ability to communicate endows

scale-free networks with resilience even in the face ofbehavioralmanipulation [56].

Finally, prior research that used stylized models of node behavior had demonstrated that the

presence of trusted nodes can signi�cantly improve the resilience to attacks [1, 2, 109]. However,

in this experimental setting with coordination between human participants, Hajaj et al. �nd that

the value of trusted nodes is limited. They explain that typical models assume that trusted nodes

cannot be attacked, whereas in this setup, trusted nodes (as any other node) have no information

about who the adversaries are and can also be in�uenced by the attackers. Nevertheless, they do
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�nd that allowing players (including the trusted node) to communicate can improve resilience when

there are many adversarial nodes.

5.3.2 Modeling of individual behavior and agent-based simulations

In [111], we followed the analysis of aggregate experiment results by developing models of individ-

ual behavior to better understand what are the main factors affecting when players decide to change

their color (after they have made an initial choice). Hajaj et al. also proceed by developing models

of individual behavior, but in addition to being interested in describing individual behavior, they

speci�cally tailor the models to allow for agent-based simulations both with the goal of both val-

idating the models on a macro level (how closely aggregate simulation outcomes match aggregate

experimental results) and providing a computational platform for additional investigation of decen-

tralized coordination on additional treatments not explored in experiments with human subjects.

Given that communication in these experiments allowed for messages without constraints on

their structure and it is not clear how to model this in a simulation, the authors focus on the setting

with no communication. This, combined with the fact that players only choose between two colors,

might make one think that the modeling task ahead should be straightforward. There are several

complications, however. The �rst is that individual nodes have one of three roles: adversarial, visi-

ble, and regular (members of theconsensusteam that are not visible). It is intuitive that adversarial

nodes would behave differently from others, but as the models below will show, there is also a

difference in behavior between visible and regular nodes, even though they are both members of

theconsensusteam. Second, nodes in any of the above three roles may behave differently depend-

ing on whether they see visible nodes in their neighborhood. Finally, the third challenge involves

modeling real-time color choices by players. To address the �rst two challenges, 6 individual agent

models were created: two models for each role, one of which was for situations with visible neigh-

bors and another for situations without any visible neighbors. The third challenge was addressed by

discretizing time into 1 second intervals, leading to at most 60 decision points in a game.

An additional complication that needed to be addressed was the fact that agents make two kinds

of decisions during the span of a game: �rst, as they start as “white”, they must choose an initial

color, and subsequently, they choose whether to switch their color. The initial decision is a deliber-

ate choice of a particular color, and includes both the timing of the choice, as well as the particular
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choice between red or green color. Once they have chosen an initial color, players exhibit a consid-

erable amount of inertia - they change color less frequently than once every 20 seconds on average.

Given the inherent symmetry of their decision at this point (players do not have a preference for one

color over the other beyond reaching consensus), it can be modeled as the timing of their next color

switch. Consequently, the authors developed and trained 3 different models for each of the 6 com-

binations of roles and neighborhood assignments: 1)timing of initial color choice, 2) initial color

choice, and 3)timing of color switch. We refer the reader to [56] for additional detail regarding the

models. Below we give a brief description of the features being used.

• Dt : absolute difference between the fraction of player's neighbors of typet that picked red

and the fraction that picked green.

• Nt : number of a player's neighbors of typet.

• Gt : fraction of a player's non-visible neighbors of typet choosing green.

• Rt : fraction of a player's non-visible neighbors of typet choosing red.

• Ot : fraction of a player's non-visible neighbors of typet choosing the opposite color from the

one chosen by the player.

• Ct : fraction of a player's non-visible neighbors of typet choosing the same color as the player.

Note that features will have two instances, based on the type of neighbors they are referring to:

visfor neighbors that are visibly on theconsensusteam andinv for non-visible neighbors whose role

(regular or adversarial) is not discernible to the player. Additionally,Ot andCt are only meaningful

when the player has made an initial color choice and are only used in thetiming of color change

models. The subsets of features used by individual models can be seen in Tables 5.1, 5.2, and

5.3 (these are Table 1, 2 and 3 in [56], respectively). Note that the absence of a coef�cient value

indicates that the column feature is not used by the corresponding row's model. Each of the 18

models is represented by a logistic regression with these features, the coef�cients of which were

learned from experimental data. Also,l1 (sparse) regularization was added to control for over�tting,

with a regularization parameter tuned using cross-validation.
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Figure 5.1:A: an example graphical interface from the point of view of an experimental subject,
who is represented by a node in the network. The subject can see both her own node (labeled
as “Me”) and her network neighbors (labeled with their pseudonyms, randomly assigned at the
beginning of a game), as well as connections among her neighbors. The subject can also observe her
current total payout in the experiment session (over all games played thus far). In some treatments
individuals had preferences about which color is chosen in consensus; these preferences in terms
of the potential payouts are shown on the left. Also on the bottom left portion of the interface the
subjects see both progress towards global consensus, as well as time remaining in the game. Finally,
in games involving communication, an instant-message-like interface is shown on the right, with a
box where messages can be viewed and entered. A clearly labeled sign describes whether the player
is allowed to engage in LOCAL or GLOBAL communication.B: example instances of networks
generated by the 3 models considered, where darker colors indicate higher node degrees. This �gure
appears in [111] and can be accessed at https://doi.org/10.1371/journal.pone.0170780.g001.

Table 5.1: Timing of initial color choice,P(choose a color).

Type VN Intercept Dinv Dvis Ninv Nvis

Reg No -1.952 1.290 0.000
Yes -2.210 0.548 0.933 0.002 0.016

Vis No -2.045 1.742 0.040
Yes -1.734 0.579 0.840 -0.061 0.048

Adv No -2.284 1.250 0.011
Yes -2.744 0.802 0.662 0.025 0.155
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