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Foreword

The time has come to write it! For most of us, writing our habilitation thesis is not an easy matter, and | did
not depart from the rule. How to expose our works? How to establish a logical link between our works?
Some of many questions that should be answered before anything else.

So rst the haunting question: What should be the best format? Fortunately or not (I would go for not
here), there are as many answers as people! Answers go from “extended abstract”to “PhD-like manuscript”,
and, as for what should be in, “cumulative”(based on previous research) or “monographical’(speci c
unpublished results) ... well, answers do not help much here. The most appropriate format is often the
simplest but | guess it varies from person to person and depends on what you are expecting or looking for in
that exercise. So what am | expecting from this writing exercise? To cut a long story short, something useful
(at least for me). Therefore, to avoid a tedious and useless exercise, my choice has been to write a survey of
my works together with a brief exposition of the related results; something to which | can refer to for further
research. This should explain the rather long form of the present manuscript.

As for this famous “logical link”, quite naturally, | decided to focus on algorithms, and more speci cally
on computational molecular biology, i.e, those algorithmic and combinatorial topics that are connected to
molecular biology. With this in mind, | have wilfully chosen to move some of my published papers apart
from my habilitation. It is not that there are too many of them but some de nitively do not t in the scope of
this manuscript. First, some are clearly totally (I did not want to write “too”here) biologically oriented and
have very little algorithmic content (and actuaIIy | am not reaIIy involved anymore in this activity). This
includes [ , ]. I shall not discuss this
part here. Neither shall | dlscuss about my interest in graph Iabellngs and our recent works on alliances
and secure sets in graphs. Whereas my interest in these topics is clearly algorithmic, they are not related
in any way to any of the four parts of the present manuscript. This includes [

, ]as well as [ , ]. One may argue that some parts of this habilitation theS|s are
quite far from any combinatorial topic connected to molecular biology (still this famous “logical link”). |
have, for example, in mind Section 2.3, Section 2.4, Section 2.6, Section 10.3, ..., and | do agree these topics
are very far — not to say independent — from any computational molecular biology consideration. However,
| came across these topics as special cases or relaxations of combinatorial objects that are, from my point
of view, clearly connected to exploring molecular biology (I do no claim practical applications for all of
them): d-intervals, linear graphs, exon shufing, ... My opinion is thus that these topics have their rightful
places in my manuscript and, even more important from my point of view, gathering together these topics
with more practical issues such as “querying PPI network”or “designing fast heuristics for comparative
genomics”clearly re ects my way of doing research.
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Introduction

Computational biology is (should be?) an interdisciplinary eld that applies the techniques of computer
science, applied mathematics and statistics to address biological problems. It encompasses many elds,
ranging from Computational biomodelinp Computational biochemistryf | would really have to place myself
in this eld (always such a dif cult question for me, my preferred answer would be just algorithmic as |
never have laid down myself to restrict to this area) | would say: Bioinformatics(in the very very precise
sense of designing algorithms to the interpretation, classi cation and understanding of biological datasets)
and Comparative genomigas a part of Computational genomigs

For the prerequisites, the reader is expected to be familiar with basic graph theory, classical complexity
theory and parameterized complexity theory. We only recall some basic de nitions (the two following
paragraphs should constitute suf cient preparation).

In computer science and operations research,approximation algorithmsare algorithms used to nd ap-
proximate solutionso optimization problems (the best general references are [ , ]land [

, 1). Approximation algorithms are often associated with NP-hard problems since it is unlikely
that there can ever be ef cient polynomial-time exact algorithms solving NP-hard problems, one settles
for polynomial-time sub-optimal solutions. Unlike heuristics, which usually only nd reasonably good
solutions reasonably fast, one wants provable solution quality and provable run time bounds. Ideally, the
approximation is optimal up to a small constant factor. Given an instance x of an optimization problem P,
the performance guarantéer approximation ratig R(x;y) of a solution y to the instance x is de ned as

opt(x) . f(y)
f(y) " opt(x)

where opt(x) is the value of an optimum solution for the instance x and f(y) is the value of the solution
y for the instance x. Clearly, the performance guarantee is greater than or equal to 1 (and equal to 1 if
and only if y is an optimal solution). If an algorithm A guarantees to return solutions with a performance
guarantee of at mostr(n), then A is said to be anr(n)-approximation algorithm and has an approximation
ratio of r(n). Likewise, a problem with an r(n)-approximation algorithm is said to be r(n)-approximable or
have an approximation ratio of r(n). The classAPX (an abbreviation of “ approximabl§ is the set of (NPO)

R(x;y) = max

Vi
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optimization problems that allow polynomial-time approximation algorithms with approximation ratio
bounded by a constant (or constant-factor approximation algorithms for short). In simple terms, problems

in this class have ef cient algorithms that can nd an answer within some xed percentage of the optimal
answer. A PTAS is an algorithm which takes an instance of an optimization problem and a parameter
"> 0 and, in polynomial-time, produces a solution that is within a factor " of being optimal. Notice that
the running time of a PTAS is required to be polynomial in n for every xed " but can be different for
different ". Thus, an algorithm, running in O(n*=") time or even O(n®®(1=")) time counts as a PTAS. A
practical problem with PTAS algorithms is that the exponent of the polynomial could increase dramatically
as" shrinks, for example if the runtime is O(n'="). One way of addressing this is to de ne the ef cient
polynomial-time approximation scherae EPTAS, in which the running time is required to be O(n¢) for a
constant ¢ independent of ". This ensures that an increase in problem size has the same relative effect on
runtime regardless of what " is being used; however, the constant under the big-O can still depend on "
arbitrarily.

For many applications the trade-offs inherent to approximation algorithms and heuristics are not satis-
factory. Fixed-parameter algorithms can provide an alternative by providing optimal solutlons with useful
runtime guarantees (the best general references are |

, ]). The core concept is formalized as follows: An mstance of a parameterized problem
consists of a problem instance x and a parameter k. A parameterized problem is xed-parameter tractablé
it can be solved in f(k)jxj° (1)) time, where f is a computable function solely depending on the parameter
k, not on the input size jxj. For NP-hard problems, f(k) will of course not be polynomialsince otherwise
we would have an overall polynomial-time algorithm — but typically be exponential like 2% . Clearly, xed-
parameter tractability captures the notion of “ ef cient for small parameter valuésfor any constant k, we
obtain a polynomial-time algorithm. Moreover, the exponent of the polynomial must be independent of
k, which means that the combinatorial explosion is completely con ned to the parameter. The standard
parameterizatiorof an optimization problem such as VERTEX COVER or CLIQUE takes the size of the solution
as the parameter. Accompanying the work on designing ef cient and practical parameterized algorithms, a
theory of parameterized intractabilithas been developed (Downey and Fellows 1999 monograph [

, ] gives a fairly complete picture of the theory then). In parameterized complexity, to
classify xed-parameter intractable problems, a hierarchy, the so-called WI[-]hierarchy , ,WI[t], where
WI[t] WIJt+ 1]forall t 0 has been introduced, in which the 0-th level W][Q] is the classFPT. The hardness
and completeness have been de ned for each level W[t] of the W[-] hierarchy for t 1, and a large number
of W [i]-hard parameterized problems have been identi ed [ , ]. For example, the
VERTEX COVER problem is known to be xed-parameterized tractable for the standard parameterization
whereas the CLIQUE problem has been proved to W[1]-complete. The fundamental conjecture FPT 6 W[1] is
very much analogous (but clearly weaker) to the conjecture that P 6 NP. Notice that, from an algorithmic
point of view, it is usually suf cient to distinguish between  W/[1]-hardness and membership in FPT.

This habilitation thesis is organized in four parts. | would say (i) algorithmic of (not so) linear structures,
(ii) pattern matching in graphs, (iii) comparative genomics, and (iv) what is left and does not t well in any
of the three rst parts. If | would have to give a chronology, Part | contains the problems | was rst interested
in as | came across2-intervals as early as during my PhD thesis (actually as a naive attempt to build an
abstract model for autocatalytic group | introns). Part Il and Part IV follow. My interest in comparative
genomics (Part 1) is more recent; as far as | remember my rst research activity in this eld dates back to
2005. Let me now introduce brie y these four parts (to facilitate access to the individual topics, the chapters
are rendered as self-contained as possible).



Part | is concerned with families of high-dimensional intervals, linear graphs, permutations and arc-
annotated sequences, all those graph-like combinatorial objects | can draw from left to right, align and
search for a pattern in. It is composed of three chapters. Chapter 1 is devoted to algorithmic aspects of high-
dimensional intervals and more speci cally to algorithmic aspects of 2-intervals. This chapter encompasses
recognition of restricted 2-interval graphs and combinatorial problems on families of 2-intervals. Chapter 2
focuses on linear graphs and linear matchings, those graph with linearly ordered vertices. This chapter can
be seen as a follow-up of Chapter 1 as most questions could have been raised in the general framework of
2-intervals (for disjoint interval ground sets). However, as we shall see, linear graphs and linear matchings
deserve a separate chapter as they raise speci ¢ and important (and hard!) questions about permutation
patterns. In Chapter 3, we consider some algorithmic issues of arc-annotated sequences, a popular object
to represent RNA sequences. Common to these three chapters is the notion of relative positioning: for any
two disjoint objects, either one precedes the other, is included in the other, or they are crossing each over.
| have tried to develop in this manuscript a general and common framework (including notations) that
encompasses?-intervals, linear graphs and arc-annotated sequences. Clearly, this is the part of my research
that was the most followed [ , , ; , , , ; , ;

b; : , : 1

Part 1l is devoted to pattern matching issues (in the broad sense) in graphs. It is composed of three
chapters. Chapter 4 is concerned with pattern matching in the common sense: nding an exact or an
approximate occurrence of a motif (given in the form of a graph) in a target graph. We focus in Chapter 4
on edge-conservation and injective mappings. With protein-protein interaction (PPI) networks in mind,
we consider additional restrictions: (i) each vertex of the pattern is associated to a (small) set of vertices of
the target graph it can be mapped to, and (ii) both the motif and the target graphs are vertex-colored and
any vertex of the motif must be mapped to a vertex of the target graph with the same color. We do believe
that a better approach would consist in using a set of colors instead of one color (thereby allowing for a
greater exibly in the design) but we will not develop this point in this manuscript. Chapter 5 differs from
Chapter 4 by renouncing to topology conservation (this is actually a weak renouncement as we shall see),
we only require the occurrences to be connected. This recent problem (introduced in the context of metabolic
networks [ , ]) raises new, elegant and original questions. Finally, brief Chapter 6 is devoted
to presenting our contribution to a somewhat more classical view of pattern matching in PPI networks where
one is allowed to insert and delete vertices in the occurrence. Most of the interest in our contribution (based
on feedback vertex sets) is thePADAL software that performs as well as QNet (the state-of-the-art software
to query PPI networks) on tree patterns while allowing for general graph patterns (the tree decomposition
based approach of QNet for dealing with general graph patterns has never been implemented due to its
complexity).

Part Ill is concerned with comparative genomics. Comparative genomics is a eld by itself and we shall
only consider genome rearrangements with duplicate genes. It is composed of two chapters. Chapter 7
is by far the longest of the two. In this chapter we consider the problem of computing a distance (or a
(dis)similarity) between two genomes with duplicate genes from a pure algorithmic point of view. As we
shall see, most — not to say all - problems are intractable and sometimes even hard to approximate within
any ratio. Again, | have tried in this chapter to develop a common general framework (in the form of
permutations associated to matchings) that encompasses all these problems and allows me give a uni ed
exposition. Chapter 8 is devoted to presenting and analyzing a simple LCS-like problem that aims at
overcoming the dif culties | have raised in Chapter 7.

Part IV is actually concerned with two different topics. Chapter 9 is devoted to algorithmic aspects
of selenocysteine insertion and could be seen as a follow-up of [ , ] where the problem
of computing an mMRNA sequence of maximum codon-wise similarity to a given mRNA (and hence, to a
given protein) that additionally satis es some secondary structure constraints was introduced. Chapter 10



is devoted to a covering problem. My initial motivation for studying this problem came from a paper by
Bodlaender et al. [ , ], who described an application in the context of protein folding (the
authors actually referred to this problem as the DICTIONARY GENERATION problem). Indeed, many proteins
seem to be composed of relatively small regions which fold independently of other regions, and the theory
of exon shuf ingproposes that all proteins are concatenatlons of such regions, where the regions are drawn
from a common ancestral dictionary [ , ; , ]

To avoid any confusion, the citations of external items (algorithms, theorem, ...) appear in the body
of the text as references whereas my results are — most of time, | have tried to stick to this rule as much as
possible — given in the form of propositions. Notable exceptions for this rule are pages 28 (a lemma by Noga
Alon) and 101 (the Local-Ratio lemma [ , D-

Finally, all along this document, | use thinking notesor perspective notgsometimes also referred to as
headache notés the text for obvious reasons) in the following form

o

to point out facts, important questions or even perspectives. It is not about all problems or special cases left
open in this manuscript (I would have to put such a note on each page | guess), but to shed light on points |
am patrticularly interested in. Therefore, it is worth keeping in mind that these notes are concerned with
both problems | have spent weeks (sometimes months) on ... without much success, and perspectives for
further research.

Last point, some new results are announced in this manuscript, most without proof. Two notable
exceptions are Proposition 2.4.1 (page 20) and Proposition 10.3.2 (page 103).
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Introduction

This part is devoted to presenting our works on (not so) linear structures. Well, what are those (not so) linear
structures? In our context these will be all those combinatorial objects that | can draw from left to right, align
and search for a pattern in. More speci cally, we will be concern with high-dimensional intervals, linear
graphs, linear matchings, permutations and arc-annotated sequences. The rationale for bringing together
these combinatorial objects is a common notion of relative positioning | am particularly interested in: for any
two disjoint objects, either one precedes the other, one is included in the other, or they are crossing each over.
My interest in such a property started with  2-intervals. It turns out that this property is also at the heart of
the algorithmic of linear graphs and arc-annotated sequences. This manuscript gave me the opportunity to
develop a general and common framework (including notations) that encompasses 2-intervals, linear graphs
and arc-annotated sequences: an family of objects is typeM if any two objects in it are comparable for a
binary relationin M .

High-dimensional (or multi-dimensional, or d-interval) intervals are the union of disjoint intervals, and a
multi-dimensional interval graph is the intersection graph of a family of multi-dimensional intervals. Multi-
dimensional intervals together with multi-dimensional interval graphs constitute a natural generalization of
intervals and interval graphs (one of the most studied class of intersection graphs). We shall be interested
mainly on 2-intervals, i.e, unions of pairs of disjoint intervals. Our concern is twofold: recognition of some
restricted 2-interval graphs and algorithmic aspects of 2-intervals.

Linear graphs are graphs with linearly ordered vertices. These graphs certainly constitute a special case
of 2-intervals. Adopting the same strategy as for 2-intervals, we will be concerned with nding motifs in
linear graphs. This general problem includes both nding an occurrence of a linear graph in another linear
graph and nding a common motif (a linear graph here) that occurs in each input linear graph. Of particular
importance, linear graphs are a generalization of permutations, and hence a portion of this chapter will be
devoted to the problem of nding motifs in permutations. Indeed, as we shall see, hardness of nding motifs
in linear graphs (and in 2-intervals) originates from permutations.

Arc-annotated sequences can be seen both as a generalization of standard sequences (a string together
with some edges) and as a special case of linear graphs (a vertex-labeled linear graph). Arc-annotated
seqguences have recently proved to be useful for modeling RNA structures. Again, we will adopt the very
same strategy as for2-intervals and linear graphs.
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1.1 Introduction

LetF = fS;1;S,;:::; Sy gbe a family of sets. Theintersection graplof F, usually denoted (F), is the graph
having F as vertex set with § adjacentto § ifandonlyif i 6 jand S\ § =
]and [ , ] are our favorite references here). A grath |s an intersection graph

if there exists a family F suchthat (F)' G, where we typically display this isomorphism by writing
V(G) = fui;uz;:::;uygwith each u; corresponding to § and fu;;u;g2 E(G) ifandonlyif S\ § 6 ;
When (F)' G, the family F is called arepresentationf G. Notice that every graph is an intersection graph
(this property is ascribed to Marczewski in [ . 1) Therefore, while every graph has a
set representation, intersection graph theory uses properties of the set representations and various conditions
imposed thereon, rather than the conventional graph-theoretic approach that, in some sense, forgets the sets.

We shall be concerned in this chapter with high-order intervalgalso referred as multidimensional intervaly
Notice, however, that, whereas we will present all de nitions in the general setting of  d-dimensional intervals,
most of out our concern will be 2- d|menS|onaI intervals. The term “ d-dimensional intervdbriginated in the
late 1970s [ , ], where the focus
was on determining how smaII d can be so that a glven graph is ad-interval graph. The rst references
devoted to algorithmic aspects of d-interval graphs are | , ] (actually in the form of an exercise)
and [ , ]. For an up-to-date survey of the algorithmic aspects of 2-intervals, we refer the
reader to our recent entry in the Encyclopedia of Algorithms [ , ]
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1.2 Bestiary and de nitions

Let us start by presenting some intersection graphs we will be concerned with in this manuscript ( d-box
graphs are presented for the sake of completeness — as another way to generalize interval graphs — but we
shall not consider them in the sequel).

A d-interval (or multiple interval) is a set of the real line which can be written as the union of d disjoint
closed intervals [a;; bij]. Clearly, 1-intervals are the intervals. The intersection graph of a family of d-intervals
is ad-interval graph The smallestd for which G is ad-interval graph is the interval numberi (G).

A d-track intervalis a union of d intervals, one each from d parallel lines (actually separate lines would
be a better de nition as, for example, de ning piercing sets for d-track intervals by vertical lines is a bit
confusing if they are de ned on parallel lines). A graphisa d-track interval graphif it is the intersection graph
of d-track intervals. The intervals graphs are precisely the 1-track interval graphs (and also the 1-interval
graphs). The multitrack interval numberof a graph G is the smallestd for which G is a d-track interval graph.
Notice that a d-track interval graph is the union of d interval graphs with the same vertex set.

Closely related are d-boxes and d-box graphs. A d-boxis the Cartesian product of intervals [a;;bi],
1 i d. Agraphis a d-box graphif it is the intersection graph of d-boxes. Hence interval graphs are
precisely the 1-box graphs. Of interest in our context, a d-box graph is the intersection of d interval graphs
with the same vertex set. Notice that d-box graphs are not contained in d-interval graphs, neither d-interval
graphs are included in d-box graphs. Indeed, K3.¢ is a 2-box graph but not a 2-interval graph, and the graph
obtained by subdivising edge each of Ks is a 2-interval graph but nota 2-box graph. The boxicity of a graph
G is the minimum d for which G is ad-box graph. We shall not develop d-box graphs in the sequel.

For ad-interval (resp, d-track interval, d-box) graph G, ad-interval (resp, d-track interval d-boX representa-
tion of G is a family of d-intervals (resp, d-track intervals, d-boxes)F for which G is the intersection graph
of.

Example 1 Let G be the graph de ned as follows:

Us
Ug us
Uz uz
A 2-interval representation of G is given by
Us Ui (VES us Ug uz
—_—y — —, Us Us
a 2-track interval representation of G is given by:
(V) Usg
track 1: U us Ug
Ug Us
track 2: Us Ui us

and a 2-box representation of G is given by:



uz

For algorithmic considerations, convenient d-intervals are needed. For the sake of brevity, we de ne
restricted d-interval object but the same de nitions do apply in a natural way for  d-track intervals as well.

A d-interval | = (Iy;12;:::;1q) is balancedf jl1j = jloj = ::: = jlqj. Notice that this restriction has been
introduce for RNA considerations | , ]. A balancedl-interval graphis the intersection
graph of a family of balanced d-intervals.

A d-interval | = (I1;12;:::;14) isunit if itis composed of d intervals of length 1. A unit d-interval graphis

the intersection graph of a family of unit d-intervals. Clearly, unit d-interval graphs are balanced d-interval
graphs whereas the converse is not necessarily true.

A d-interval | = (11;12;:::;1q) with integer endpoints is type(l1;12;:::51g) ifjlij=1; forall 1 i d.
A d-interval graph typg(l1;12;:::;14) is the intersection graph of a family of d-intervals type (11;12;:::;14)
. Notice that unit d-intervals are d-intervals type (1;1;:::;1) and that d-intervals type (I;1;:::;1),1 2 N,

are balancedd-intervals. We can also notice that 2-interval graphs type (1;1) are exactly line graphs: each
interval of length 1 of the ground set can be considered as the vertex of a root graph and each 2-interval
as an edge in the root graph. This implies, for example, that the coloration problem is also NP-complete
for 2-interval graphs type (2;2) and wider classes of graphs. It is also known that the complexity of the
MAXIMUM INDEPENDENT SET problem is NP-complete on 2-interval graphs type (2;2) [ , ]
Recognition of 2-union graphs type (1;2), a related class (restriction of multitrack interval graphs), has been
also proved to be NP-complete | , ]

The depthof a family of d-intervals is the maximum number of intervals that share a common point. The
representation deptbf a d-interval graph is the minimum depth of any  d-interval representation of the graph.
Notice that any d-interval (or d-track interval) representation of a triangle-free graph must have depth at
most 2. On the other hand, for any constant d 2, it is easy to construct a d-interval (or d-track interval)
representation of depth 2 of a triangle.

1.3 Recognizing multidimensional interval graphs

In this section, we shall mostly focus on d = 2. We study some restrictions of 2-interval graphs, and their
position in the hierarchy of graph classes as illustrated Figure 1.1.

Recognizing restricted graph classes in an ubiquitous problem in intersection graph theory, and indeed
there has been considerable interest in recognizing d-interval graphs (and related graph classes). The rst
explicit reference to this question we are aware of is in [ , ]. A classical result of West and
Shmoys [ , ] states that, for any constantd 2, recognizing d-interval graphs is
NP-complete (moreover, for any constantsd  2andr 3, recognizing d-interval graphs of representation
depth at most r is also NP-complete). The class ofd-track interval graphs is clearly contained in the class of
d-interval graphs. Notice that the containment is proper as the complete bipartite graph  Kgz. 4. 1.4+1 1S @
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. . co-comp int. :
middle unlitnteg\;glper dim 2 height 1 permutation trees

Figure 1.1: Graph classes related to 2-interval graphs and its restrictions. A class pointing towards another
strictly contains it, and the dashed lines mean that there is no inclusion relationship between the two. Dark
classes correspond to classes not yet present in the ISGCI Database.

d-interval graph but is not a d-track interval graph [ , ]. Gyarfas and West |

. ] have however proved that recognizing 2-track interval graphs is NP-complete (their proof also
implies that, for any constant r 3, recognizing 2-track interval graphs of representation depth at most r is
NP-complete). It is still an open problem (but conjectured to be true) to prove that, for any constant d 2,
recognizing d-track interval graph is NP-complete ... To be honest, the problem is not really open any longer
as M. Jiang has recently communicated us a — correct as far as we can assessNP-hardness proof for this
problem.

Our contributions for balanced 2-interval graphs is two-fold. We have shown that the class of balanced
2-interval graphs is strictly included in the class of 2-interval graphs. The rationale for this question was
concerned with approximation: does any approximation result for balanced 2-intervals propagate to (general)
2-intervals? The answer is No, unfortunately. Moreover, we have settled the complexity of recognizing
balanced 2-interval graphs.

Proposition 1.3.1 ([ . ]). The class of balanc@ednterval graphs is strictly included in
the class of 2-interval graphs.

Our proof is by exhibiting a 2-interval graph that has no balanced 2-interval realization (this latter point
being of course the hardest part of the proof). Without going into the details, the construction is by connecting
a bunch of gadgets Ks.3 (the complete bipartite graph Ks.3 is indeed not a unit 2-interval graph) together
with additional vertices to enforce an unbalanced 2-interval representation. Notice that we also proved that

the class of balanced?2-interval graphs strictly contains circular-arc graphs (see [ . ] for
de nitions).
Proposition 1.3.2 ([ , ]). Recognizing balancetiinterval graphs isNP-complete.

To prove Proposition 1.3.2, we have adapted the proofs of | , ]and [

, ], and gave a reduction from the HAMILTONIAN CYCLE problem for 2-regular triangle-free graphs, a
problem which has been proved to be NP-complete in [ , ]. Moreover, it is easy enough



to check that Gyéarfas and West's proof of NP-hardness of recognizing 2-track interval graphs [

, ] can be adapted, by adjusting the interval lengths in the representation (more or less as we did for
2-interval graphs [ , 1), to show that recognizing balanced 2-track interval graphs
is NP-complete as well.

As for 2-interval graphs type (I;1), we have obtained the following results.

Proposition 1.3.3 ([ , ]). Foranyl 2 N ,I 2, the class d?-interval graphs typ€l; 1)
is strictly contained in the class @finterval graphs typdl + 1;1 + 1).

Proper containment of 2-interval graphs type (I;1) in 2-interval graphs type (I + 1;1 + 1) is illustrated in
Figure 1.2.

(b)
V min— 174 ——
1 — — T e—
l— T e
VZ — 7 e—
——— —
V3 b— Vﬁi
vi X Y —— T e——— X v
L. 1 4 3 ... 4 4. Lt
— e — Vi—— T
v, BRS¢ v} |
2 3
v v
A ] ] % ‘ Ll | e

Figure 1.2: The graphK? (a) is (5,5)-interval but not (4,4)-interval.

Proposition 1.3.4 ([ , )

[
funit 2-interval graphg= f2-interval graphs typ€l; | )g
12N

According to Proposition 1.3.4, if recognizing 2-interval graphs type (I;1) is polynomial-time solvable for
any | 2 N , then recognizing unit 2-interval graphs is polynomial-time solvable. This problem has not been
settled yet.

Aiming at further deciphering the precise nature of unit  2-interval graphs, we have obtained the following
inclusion between proper circular-arc graphs (circular-arc graphs such that no arc is included in another in
the representation) and 2-interval graphs (recall that circular-arc graphs are balanced 2-interval graphs but
that circular-arc graphs are not necessarily unit 2-interval graphs).

Proposition 1.3.5 ([ , 1) The class of proper circular-arc graphs is strictly included in
the class of unit 2-interval graphs.
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Determining the complexity of recognizing unit 2-interval graphs is still an open problem. More

generally, what is the complexity of recognizing d-interval graphs type (2;2;:::;2? The question
is also open for 2-interval graphs type (l;1). A rst step could be to focus on 2-track interval
graphs type (I;1). Indeed, 2-track interval graphs type (I;1) are subclasses on unit2-interval
graphs.

In[ , ], we have considered a class of graphs that generalizes quasi-line graphs
and contains unit 2-interval graphs. Quasi-line graphsre those graphs whose vertices are bisimplicial, i.e,
the closed neighborhood of each vertex is the union of two cliques. This graph class has been mtroduced
as a generallzatlon of line graphs and as a useful subclass of claw-free graphs [

, ].-Lek 2 N . Agraph Gis aII k- S|mpI|C|aI
if the nelghborhood of each vertex u 2 V(G) can be partitioned into at most k cliques. The class of quasi-line
graphs is thus exactly the class of all-2-simplicial graphs.

Proposition 1.3.6 ([ , ]). The class of unit 2-interval graphs is strictly included in the
class of ald-simplicial graphs.

1.4 Combinatorial problems on 2-intervals

1.4.1 Introduction

Multiple-interval graphs are a natural generalization of interval graphs, and hence there is a natural interest
in studying standard combinatorial problems for multiple-intervals (and multiple-interval graphs, the
distinction is important since computing a multiple-interval representation of a graphis  NP-complete). Of
particular interest, three standard graph problems, namely MiNIMUM VERTEX COVER, MINIMUM DOMINATING
SET and MAXIMUM CLIQUE, for d-intervals are considered in [ , ]. Their results can be
summarized as follows: the MiINIMUM VERTEX COVER problem is approximable within ratio (2- 1=d) (a
ratio which equals the best known ratio for 2d1 bounded degree graphs), the MINIMUM DOMINATING SET
problem is approximable within ratio d?, and the MAXIMUM CLIQUE problem is approximable within ratio
(d?d + 1)=2

We present here two contributions in this area. First, we discuss the 2-INTERVAL PATTERN problem which
can be seen as a generalization of theMAaXIMUM INDEPENDENT SET for 2-intervals. Standard complexity and
approximation are considered. Second, we consider parameterized issues of some natural combinatorial
problems for 2-intervals. Parameterized issues of the 2-INTERVAL PATTERN problem are part of an ongoing
work with S. Guilemot and D. Hermelin, we shall only mention them brie y.

1.4.2 The2-INTERVAL PATTERN problem

The 2-INTERVAL PATTERN problem is concerned with nding large constrained patterns in families of  2-
intervals. Given a single-stranded RNA molecule, a sequence of contiguous bases of the molecule can
be represented as an interval on a single line, and a possible pairing between two disjoint sequences can
be represented as a2-interval, which is merely the union of two disjoint intervals. Therefore, 2-interval

representation considers thus only the bonds between the bases and the pattern of the bonds, such as hairpin
structures, knots and pseudoknots. A maximum cardinality pairwise disjoint subfamily of a candidate family
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Does there exist a polynomial-time algorithm for nding a maximum cardinality clique in a

problem of nding a maximum cardinality subset F° F of pairwise intersecting 2-intervals
in P? TheMAxIMUM CLIQUE problem in its natural decision setting is NP-complete for families
of 3-intervals [ . ], approximable within ratio (d? - d + 1)=2 for families of
d-intervals (and hence within ratio 3=2for families of 2-intervals) [ , ], and
xed-parameter tractable for families of d-intervals for parameters d and k (k is the size of the
cligue we are looking for) [ , .
The MAxiIMUM CLIQUE problem for families of d-intervals is (or is likely to be) strongly related to
the interval piercing numberLet F be a family of d-intervals. A piercing sefor F is a set of points P
on the real line such that, for any d-interval D 2 F ,D\ P 6 ;. The piercing number of F, denoted
(F), is the size of a minimum cardinality piercing set of F. Gyarfas has proved that, for any
family of pairwise intersecting 2-intervals F, it holdsthat (F) 3. [ , ]
(see also [ , D).
A stronger result holds for families of 2-track intervals and has proved to be useful. Indeed,
if F is a set of pairwise intersecting 2-track interval set, then (F) 2 and there is a piercing
setfpy; p2gof F with p; on track one and p, on track two [ , ] (see also
[ , ]). Starting from this property, we can prove that the MAXIMuM CLIQUE problem for
2-track intervals is in P (D. Hermelin, R. Rizzi and S. Vialette, Unpublished result). As another
step towards determining the complexity of the MAXIMUM CLIQUE problem for 2-intervals, we
announce the following result: The MaAxiMuM CLIQUE problem for 3-track intervals is APX-hard
(D. Hermelin, M. Jiang and S. Vialette, Unpublished result).

of 2-intervals restricted to certain prespeci ed geometrical constraints can provide useful valid approximation
for RNA secondary structure determination. Therefore, the geometric properties of 2-intervals provide
a possible guide for understanding the computational complexity of nding structured patterns in RNA
sequences. Using a model to represent non sequential information allows us for varying restrictions on the
complexity of the pattern structure. Indeed, two disjoint  2-intervals, i.e, two 2-intervals that do not intersect
in any point, can be in precedence order (<), be allowed to nest (@) or be allowed to cross (G. Furthermore,
the family of 2-intervals and the pattern can have different restrictions, e.g, all intervals have the same
length or all the intervals are disjoint. These different combinations of restrictions alter the computational
complexity of the problems, and need to be examined separately. This examination produces ef cient
algorithms for more restrictive structured patterns, and hardness results for those less restrictive.

Let| =[a; b] be an interval on the line. Write start(l) = a and end(l) = b. A 2-interval is the union of
two disjoint intervals de ned over a single line and is thus denoted by D = (1;J), | is completely to the
left of J. Write left(D) = | and right (D) = J. Two 2-intervals D; = (11;J;) and D, = (I,;J,) are said to be
disjoint (or non-intersecting if the two 2-intervals share no common point, i.e, (I: [ J1)\ (I2[ %)= ;. For
such disjoint pairs of 2-intervals, three natural binary relations, denoted <, @and G are of special interest
(these three relations will be recurrent in the rst part of this manuscript):

D;<D> (D]_ precede@z), if 11 N P X,
D, @D, (D7 isnestedn Dy),ifl, 1, J J,and

D, GD» (Dl CI’OSSG@z), if 1 P N D,



12

where  denotes the usual precedence between {-)intervals.

A pair of 2-intervals D; and D, is said to be R-comparabldéor some R 2 f<; @ G if either D;RD, or
D,RDy, i.e, D1 and D, are comparable by R. Note that any two disjoint 2-intervals are R-comparable for
someR 2 f<; @ Gy(good, we shall not miss something). A family of pairwise disjoint  2-intervals F is said to
betypeM forsomeM f<; @ Q@ M 6= ;, if any pair of distinct 2-intervals in F is R-comparable for some
R2 M . The non-empty subsetR is usually called a modeffor F. Itis implicitly assumed here that R is as
small as possible.

Given a family of 2-intervals, the 2-INTERVAL PATTERN problem asks to nd in a maximum cardinality
subset of pairwise compatible 2-intervals. In the present context, compatibility denotes the fact that any two
2-intervals in the solution are (i) non-intersecting and (ii) satisfy some prespeci ed geometrical constraints.
The 2-INTERVAL PATTERN problem is formally de ned as follows.

2-INTERVAL PATTERN '

Input : A family of 2-intervals F andamodel M f<; @ Q)
Solution : A subfamily F® F (of pairwise disjoint 2-intervals) type M .
Measure : The size of F % i.e, jF Y.

Some additional de nitions are needed for further algorithmic analysis. Let F be a family of 2-intervals.
The width (resp. height depth is the size of a maximum cardinality subset F° F type f<g(respf@y fG). The
interleaving distancef a 2-interval D; 2 F is de ned to be the distance between the two intervals of Dj, i.e,
start(right (D;)) - end(left(D;)). Thetotal interleay-jng distancef the family of 2-intervals F, written L(F), is
the sum of all interleaving distances, i.e,L(F) = ,¢ start(right(Di))- end(left(Di)). The densityof F,
written d(F), is the maximum number of 2-intervals in F over a single point. Formally,

d(F) = Qg(%)fD 2 F :end(left(D) x < start(right(D))g
X

The structure of the set of all (simple) intervals involved in a family of  2-intervals F turns out to be of
particular importance for algorithmic analysis of the 2-INTERVAL PATTERN problem. The interval ground set
of F, denoted | (F), is the set of all intervals involved in F,i.e,| (F)= fleft(D;): D; 2 F g[ fright < (D;):
Di2Fglin] , ; , ], we have introduced four types of interval ground sets:

UNLIMITED : no restriction on the structure,

BALANCED : each 2-interval D; 2 F is composed of two intervals having the same length, i.e,
jleft(D;)j = jright (D;)j,

UNIT : the interval ground set | (F) is solely composed of unit length intervals,
DISJOINT : no two distinct intervals in the interval ground set | (F) intersect.

Recall that family of unit 2-intervals is balanced, while the converse is not necessarily true. Furthermore,
for most applications, one may assume that a family of pairwise disjoint 2-intervals is unit. Observe that in
this latter case, a family of 2-intervals reduces to a graph G equipped with a numbering of its vertices from 1
to jVj (see Chapter 2 for a complete treatment of this restriction). Considering additional restrictions such as
(i) bounding the width, the height or the depth of either the input family of  2-intervals or the solution subset,
or (i) bounding the interleaving distances are also of interest for practical applications.
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Before going to algorithms, | would like to take the opportunity of this manuscript to clarify one
point about 2-intervals | never explicitly stated. This is the right place | guess. Indeed, | was
asked many times whether 2-intervals (and actually the same question would make sense for
linear graphs) would ever yield any competitive algorithm for RNA structure prediction. The
answer is No, and actually | did not ever think the answer could be Yes. Biology is of course too
complicated for such a simplistic solution (“ Biology easily has 500 years of exciting problems to wgrk
on, it's at that level, D. Knuth, Computer Literacy Bookshops Interview, 1993). Nobody would
think that 2-intervals and linear graphs are accurate models for RNA structure, ever! There are so
many parameters here, so many exceptions, So many exceptions to exceptions, ... Parfois, mais
pas toujours, oui, non, en n parfois, a dpend, pas toujours, non, voil, pas todjwarsd say Jean-Pierre
Rousset. But this is precisely for this reason that | believe simple enough combinatorial objects are
needed to deal with speci c issues involved in the big picture (I have for example in mind the
algorithmic impact of crossing structures). This was my guideline for introducing and studying
2-intervals in computational biology.

1.4.3 Algorithms and complexity

Let us start with some easy observations and statements. For one, the2-INTERVAL PATTERN problem for
M = f<; @ Qis related to the MAXIMUM INDEPENDENT SET problem in 2-interval graphs with a given
2-interval representation (recall that, as we have seen, recognizing 2-interval graphs, and hence computing
a 2-interval representation, is NP-complete). For another, graphs of maximum degree ared( + 1)=2e
interval graphs [ , ], and hence any graph with maximum degree 3 is a 2-interval graph.
Therefore, since the MAXIMUM INDEPENDENT SET problem in its natural decision setting is NP-complete
for planar graphs with maximum degree 3| , ] (we note in passing that any planar graph
is a 3-interval graph [ , 1), it follows that the 2-INTERVAL PATTERN problem is
NP-complete in its whole generality. This is actually not very surprising (but we know what one is letting
oneself in for).

The best complexity results for the 2-INTERVAL PATTERN problem are given in Table 1.3 for various
models and interval ground sets, and we shall only discuss some very speci ¢ points in the sequel.

First, the O(n log(n) + L) time algorithm of [ , ]for M = f@ @and disjoint interval
ground set now supersedes our O(n? log(n)) time algorithm [ , ]. However, the techniques are
quite comparable and are based on the following property. For a 2-interval D, de ne its covering intervalto
bec(D) = [ start(left(D)); end(right (D))], i.e, the least interval that covers D. Let F be a family of 2-intervals
and let G be the intersection graph of the intervals fc(D) : D 2 F g G is certainly an interval graph. Moreover,
any subfamily F° F type f@ Qinduces a clique in G. It is thus enough to focus on the maximal cliques of
G. But aninterval graph G is a chordal graph and as such has at mostjV (G)j maximal cliques [

, ]. Furthermore, all the maximal cliques of a chordal graph can be found in O(n + m) time,
where n = jV(G)j and m = jE(G)j, by a modi cation of Maximum Cardinality Search (MCS) [
; ]. Thed(n? log(n)) time algorithm follows.

Second, if the 2-INTERVAL PATTERN problem is solvable in O(nlog(n)) time for both M = f<g(the
algorithm is trivial) and M = f@y the two algorithms actually use different geometrical objects: intervals for
the former and trapezoids [ , ] for the latter (a structure which will prove extremely useful in
the sequel).
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Interval Ground Set | (F)
Model M e . -
Unlimited, Balanced, Unit N Disjoint
f<; @ Q | APX-hard [ , 1 O(n" n)J , ]
f<; @ NP-complete [ , ] NP-complete [ , ]
f@Q APX-hard [ , ] O(nlog(n)+ L) [ , ]
f<; @y O(nlog(n)+ nd) [ , ]
f<g O(nlog(n)) [ ; ]
f@ay O(n log(n)) [ . ]
fQ O(nlog(n)+ L) [ , ]

Figure 1.3: Best complexity results for the 2-INTERVAL PATTERN problem for all combinations of models and
interval ground sets. For the polynomial-time cases, n = jFj,L = L(F) and d = d(F).

Interval Ground Set | (F)
Model M o ] .
Unlimited Balanced Unit Disjoint
f<@q [ 471 ,2002] 4%] ,2008] 3% ,20021  NI/A
f@x | 4'] , 1 4°] : 1 3°] , 1 NA
f<; G PTAS | , ] (or effective2 * [ , D

Figure 1.4: Performance ratios for hard instances of the 2-INTERVAL PATTERN problem (the 2-INTERVAL
PATTERN problem for disjoint interval ground set and models M = f<; @ Qand M = f@ Qis polynomial-
time solvable).

1.4.4 Approximation

The best approximation ratio for the 2-INTERVAL PATTERN problem are given Figure 1.4 for various models
and interval ground sets, and, once again, we shall only discuss speci ¢ points.

First, we paid special attention to ef cient approximation algorithms, and most of the results presented
Figure 1.4 support implementation. However, the 4-approximation for unlimited 2-intervals is by linear
programming and we are still not able to design a simple and practical approximation algorithm with the
very same performance ratio.

Second, the PTAS of Jiang [ , ]1foM = f<; Gysupersedes our results [ 1,
i.e, an approximation ratio (i) 6for general 2-intervals, (ii) 4 for balanced 2-intervals, (iii) 3for unit 2- mtervals
and (iv) 2when the 2-intervals reduce to a linear graph (see next chapter). It is worth noticing that, like most
PTAS, Jiang's algorithm does not support implementation (however, Jiang has proposed an approximation
algorithm with performance ratio 2 well-suited for practical applications).

Third, we considered in [ . ] a weighted variant of the 2-INTERVAL PATTERN problem:
each2-interval is associated to a weight and the goal is to nd a maximum weight subfamily of pairwise
disjoint 2-intervals with respect to a prespeci ed model M . Here, one can for instance weight a 2-interval
by the total sum of the lengths of its intervals, thereby allowing more re ned solutions in the biological
application of the problem. We have shown in [ , ] that our results can be extended to
the weighted variant, while still maintaining the same approximation factors.

1.4.5 Parameterized complexity

We have considered in [ , ] the parameterized issues of some standard combinatorial
problems restricted to d-intervals. It is understood here that, even if the considered problems are de ned for
graphs, we consider these problems on families of 2-intervals in terms of the associated 2-interval graphs.
For example, the MINIMUM DOMINATING SET problem (given a graph G, nd a minimum cardinality set of
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vertices V®  V(G) such that any vertex in V(G) nV °has at least one neighbor in V9 reduces for a family of
2-intervals F to nding a subfamily of 2-intervals F° F such that any 2-interval in F nF %intersects at
least one 2-interval in F °. Our results (negative and positive) can be summarized as follows.

ee——
F E

e —
According to Proposition 1.4.3, the 2-INTERVAL PATTERN problem for M = f@ Qis W[1]-hard
for its standard parameterization The parameterized complexity (standard parameterization)
of the 2-INTERVAL PATTERN problem for M = f<; Gyis more intriguing. So far, we are still not
able to determine the parameterized complexity of this problem. Recall that the 2-INTERVAL
PATTERN problem for M = f<; GQyhas a polynomial-time approximation scheme (PTAS) [ ,

], and hence proving that it is W[1]-hard would show that, in some sense, a PTAS is the best
approximation one can obtain (i.e, no ef cient PTAS) for this problem.

Conjecture 1. The2-INTERVAL PATTERN problem foM = f<; Gyis W[1]-hardfor its standard parame-
terization.

Proposition 1.4.1 ([ , 1). The following problems ak/[1]-hardfor 2-interval graphs (assuming
az-interval representation is given along with the graph):

theMAXIMUM INDEPENDENT SET problem parameterized by the size of the solution,
theMINIMUM DOMINATING SET problem parameterized by the size of the solution, and
the INDEPENDENT MINIMUM DOMINATING SET problem parameterized by the size of the solution.

It is worth noticing that [ , ] has rapidly become a well-cited paper, not in reason of
Proposition 1.4.1 but for the multicolored clique techniquee have introduced. In a nutshell, the multicolored
clique technique allows for an almost systematic gadget-construction and helps in eliminating several

technical details (see [ , ] where a large portion is devoted to presenting this general
technique).
Proposition 1.4.2 ([ , 1). TheMaxiMmum CLIQUE problem ford-intervals is xed-parameter

tractable when parameterized tyandk (k is the size of the clique we are looking for).

Central in the proof of Proposition 1.4.2 is the fact a d-interval graphs with no clique of size k has a vertex
of degree less than2k. However, the algorithm is of limited practical interest due to the huge exponential

?(k . Notice, however, that Jiang has recently proposed a better a

maxfd© (k); 20 (Klogk ) g poly (n) time algorithm for MAxiMuM CLIQUE problem for d-intervals, where n is
the number of vertices in the graph [ ]. Designing a practical xed-parameter algorithm for the
CLIQUE problem for d-intervals remains a challenging problem.

We conclude this chapter by discussing brie y parameterized issues of the 2-INTERVAL PATTERN problem.
First, according to Proposition 1.4.1 for M = f<; @ Qyis W[1]-hard for its standard parameterization. To
complement this result, the following proposition is announced with proof.

term in the running time, i.e, O k2 2

Proposition 1.4.3. The2-INTERVAL PATTERN problem foM = f@ Gyis W[1]-hardfor its standard parameteriza-
tion
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2.1 Introduction

This chapter is devoted to algorithmic aspects of linear graphs and is a natural follow-up of Chapter 1 as
linear graphs can be viewed as families of 2-intervals over a disjoint ground set (this was actually our initial
motivation for studying linear graphs). In Section 2.2 we set up notation and terminology. Section 2.3 is
devoted to introducing the relationship between permutations and linear matchings. The three following
sections are devoted to algorithmic considerations: In Section 2.4 we consider the pattern matching for
permutations problem, Section 2.5 is concerned with nding large common patterns in linear graphs whereas
Section 2.6 aims at bringing together common patterns and permutations.

2.2 De nitions

We follow standard notations in graph theory (see for example [ , 1). The order(resp. size of a
graph G is de ned as the number of vertices (resp. edges) of G.

17
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De nition 2.2.1 (Linear graph). A linear graph of ordem is a vertex-labeled graph where each vertex is labeled by

It is worth mentioning that we shall always assume in this chapter that a linear graph has no degree 0
vertices (see also note Page 30).

A linear graph can be thus viewed as a graph with vertices embedded on the integral line, yielding a
total order amongst them. In case of linear graphs, we write an edge between vertices i and j,i<j , as the
pair (i;j). By convention, if G is a linear graph, we let G[i:::j],1 i | jV(G)j, denote the subgraph
induced by all vertices labeled k with i  k j. Two edges of a linear graph are disjoint if they do not share a
common vertex. Of particular interest in our context are edge-disjoint linear graphs.

De nition 2.2.2 (Linear matching). A linear matching is an edge-disjoint linear graph.

A linear matching with 2n vertices (should be indeed even) has thus n edges. Similarly to 2-intervals,
relative positioning of disjoint edges is of particular interest. Let e = (i;j) and e°= (i%]9 be two disjoint
edges in a linear graph or a linear matching G. We write:

e<el(eprecedes)ifi<j<i °<jQ
e @e’(eis nestedn e9)ifi%<i<j<j 9 and
e Ge’(eand e®crosgifi<i °<j<j ©

Two edges e and e®are R-comparablgfor some R2 f<; @ Q) if eRe’or e’Re. For a subsetM  f<; @ Gy
M 6= ;, edgese and e®are said to be M -comparablé e and e®are R-comparable for some R2 M . A set of
edgesE is M -comparablé any pair of distinct edges e;e®2 E are M -comparable. A linear matching whose
edge setisM -comparable is said to be typeM . A subgraphof a linear graph G is a linear graph H which
can be obtained from G by a series of vertex and edge deletions, where the deletion of vertex i results in
removing vertex i and all edges incident to it from the graph, and then relabeling all vertices j with j>i to
j - 1. In our context, an edge-disjoint subgraph of a linear graph is also called a structured pattern

2.3 From linear graphs to permutations ...and back

It is folklore that linear matchings type f<; @ Qof order 2n are in bijection with xed-point free (fpf)
involutions, i.e, permutations of S,, with n cycles, each of length2. The number of fpf involutions of S,
is the double factorial number (2n- 1)!'=1 3 (2n- 1) (see theOn-Line Encyclopedia of Integer Sequences
for references).

Itis also a simple observation that linear matchings type f@ Gyof size n are in bijection with permutations
of S, . To see this, let us consider a linear matching G type f@ Qof size n. Then the vertices in G which

The permutation ¢ correspondingto Gisdenedby (j- n)=iifandonlyif (i;j) 2 E(G). Clearly, all
linear matchings type f@ Gyhave corresponding permutations, and vice versa. It follows from this bijective
correspondence that the number of different linear matchings type @ Qof G of size n is n!. Interestingly
enough, notice that increasing subsequences in ¢ correspond to subgraphs type fGyof G, while decreasing
subsequences correspond to subgraphs typef@g See Figure 2.1 for an illustration.

Both linear matchings type f<; @gand f<; Qof order 2n are in bijection with Dyck words of length  2n
(should we call a linear matching type f<; Ggan anti-Dyck pattern?). Recall that a Dyck word of length 2n
is a string consisting of n a's and n b's such that no initial segment of the string has more b's than a's (for
example, the following are the Dyck words of length 6: aaabbb , abaabba , ababab , aabbab , aababb ). The
number of Dyck words of length  2n is n-th Catalan number C, = zr? =(n + 1) (the best general reference
here is [ , D.
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® © o o o o o o o © © o o o o
1 2 3 45 6 7 8 95 9 4 7 6 3 2 1 8

c =594763218

Increasing subsequence57 8

Figure 2.1: A linear matching G type f@ Gyand the corresponding permutation ¢ = 594763218Also
illustrated is the bijective correspondence between decreasing subsequences (resp. increasing subsequences)
of ¢ and patterns of G type f@g(resp. type fQ).

2.4 Pattern matching

We consider in this section the pattern matching problem for linear matchings: Given a pattern (in the form
of a linear matching) and a target linear matching, decide whether there is an occurrence of the motif in the
target. We refer to this problem as the PATTERN MATCHING FOR LINEAR MATCHINGS problem. According
to the preceeding section, if both the pattern and the target are linear matching type f@ Qwe are left with
the pattern matching problem for permutations (the bijection is indeed pattern-preserving). We refer to this
later problem as the PERMUTATION PATTERN problem. As we shall see, most of the dif culties in trying to
solve the PATTERN MATCHING FOR LINEAR MATCHINGS problem originate from the PERMUTATION PATTERN
problem.

Let us embed the PATTERN MATCHING FOR LINEAR MATCHINGS problem into permutations. A permuta-
tion is said to containthe pattern (shorter permutation) , in symbols , if there exists a subsequence
of entries of that has the same relative order as (alternatively, isinvolvedin ). Otherwise, avoids

. For example, 3215674contains the pattern 132 since the subsequencel54is ordered in the same way
as 132 Pattern involvement in permutations has become a very active area of research. For one, pattern
containment restrictions are often used to describe classes of permutations that are sortable under various
conditions [ , ]. For another, a great deal of study has been devoted to counting pattern-avoiding
permutations [ . ], probably culminating in the proof of the Stanley-Wilf conjecture [
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Does there exist a xed-parameter algorithm (standard parameterization) for nding an occur-
rence of a permutation 2 Sy in a permutation 2 S, ? In other words, does there exist an
algorithm for nding an occurrence of in isf(k)n®) time, where f is an arbitrary function
depending only on k?

We thought for ages that the answer should be just No, unless FPT = W[1]. We changed our mind
radically about this issue. Every attempt to design a parameterized reduction leaded us to — more
or less — the same cul-de-sac.

Conjecture 2. The pattern matching for permutations problem is xed-parameter tractable for its standlard
parameterization.

We, however, do believe that proving this conjecture is quite a dif cult dif cult task .. . far beyond
the reach of our arms for the time being.

Given two permutations and ,the PERMUTATION PATTERN problem is thus to decide whether
(this problem is ascribed to H. Wilfin [ , 1). The PERMUTATION PATTERN problem is NP-hard
[ , ] (see | , ] for an alternate proof), but is clearly polynomial-time solvable if
has bounded size. Indeed, if has sizek and has sizen, a straightforward brute-force algorithm solves
the problem in O(n*) time. Improvements to this algorithm were presented in [ , land[ 7],
the latter describing a O(n%47« *°(k)) time algorithm. Also, the problem is known to be polynomlal -time
solvable (in k and n) if is separable e, contams neither the pattern 2413nor 3142] , ,

]. Incase is monotone,i.e, = 1l:::kor = k:::1,aniceO(nloglog(n)) time algorithm is known
[ ) 1.

Is the PERMUTATION PATTERN problem xed-parameter tractable for its standard parameterization? If
only one question were to be asked in this manuscript this has to be this one. We still don't have any answer
here. Could it be the case that the PERMUTATION PATTERN problem is a special case of a more general
problem in FPT? Or in other words, does there exist a FPT proof for free? Since the PERMUTATION PATTERN
problem is a special case of the generalPATTERN MATCHING FOR LINEAR MATCHINGS problem, one can
naturally reduces this question (in our context) to: is the PATTERN MATCHING FOR LINEAR MATCHINGS
xed-parameter tractable for its standard parameterization? We answer this latter question in the negative
(unless FPT = WI[1], a fairly unexpected event) by proving the following new result (observe that this
does not, however, rule out the existence of another simpler problem in FPT containing the PERMUTATION
PATTERN problem ... hence the main question remains asked).

Proposition 2.4.1. ThePATTERN MATCHING FOR LINEAR MATCHINGS problem isW[1]-hardfor its standard
parameterizationi.e, the size of the pattern we are looking for.

Here is a sketch of the proof.

Proof. We propose a parameterized reduction from the CLIQUE problem which is known to be W[1]-hard

when parameterized by the size of the clique we are looking for [ ].
Let (G; k) be an arbitrary instance of the CLIQUE problem. Write V(G) = fuy; u2; :ii;upgand E(G) =
fer;es; 111 em). Furthermore, let us write d; for the degree of u; 2 V(G), and for convenience let dg = 0.

Foreachl i n,write D; ford; + dy + :::+ dj. ;. Finally, for 1 i;] n, write I;; for the number of
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The following items might be useful tools towards proving xed-parameter tractability of the
PERMUTATION PATTERN problem (Join work with S. Guillemot).

Theall I'sk k binary matrix is denoted J. LetA =[a;; Jbe am n binary matrix. Itis said to be
prunedif it contains neither a all O's row nor a all 0's column. For now on, we assume A is pruned.

partition of f1;2;:::;nginto q intervals Cy;Cs;:::;cq. The quotientof A by P, in symbols A=P,
isthep g binary matrix A=P =[a=p;j ]de ned by a=p;; = lifandonlyif ag = 1forsome
k2 R and| 2 C;. Given two pruned binary matrices A and Bofsizem nandp g, respectively,
we say that B is containedn A, denoted by B A, if there exists a (p=m; g=n)-partition P such
that B A=P (this latter notation means that a=p;; = 1wheneverb;; = 1for1 i pand
A j a).

Foram n pruned binary matrix A = [a;; ], it will be convenient to de ne ones (A) as follows

Forany e = (i;j) 2 ones(A) and e® = (i%j9 2 oneg(A), de ne the distancebetween e and e°,
denoted da (e; €9, by da (e; €% = maxfji - i9;jj - j9g The matrix A is k-locally-denséf there exists
distinct e;e® 2 oneg(A) such that da (e;€%9  k (by convention A is k-dense if joneg(A)j  1).
De ne the local-densityof A, simply denoted d(A), to be the minimum k for which A is k-locally-
dense.

Conjecture 3. For any permutation matrix , ifd( ) k thenJg

Although at rst odd, no counter-example has yet been found. Notice that the above conjecture
holds for k = 2 since non-separable permutations contain 3142or 3142and hence does contain
J,. Italso holds for j j= k? (details omitted). Finally, observe that, if True, the above conjecture
would imply D( ) ( ), where D( )= maxfd( ): pigand ( ) is the maximum k for
which J holds.

neighbors uy of u; suchthatx <j,i.e,

Ii:j = jfuyx :fuj;uxg2 E(G)  x<jgj

We construct the corresponding instance (Giarget; Gpattern) Of the PATTERN MATCHING FOR LINEAR MATCH-
INGS problem as follows. The linear matching Giarget has order 4n + 8m + 4 and its edge set E(Giarget) is
de ned by

E(Gtafget) = Etlarget[ Etzarget [ E’[Sarget[ Efarget[ Etsarget[ E?arget
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where
Efager = f(i;4m + 4n+4i+ 1):1 i mg
Efger = fi + 1;4m+4n+4i+ 4):1 i mg
Edget = fCM+ 2i- 1;2m+2n+2i+ Dj+1):1 i ng
Etger = f(2M+ 2i;2m + 2n+ 2i+ Djy1+2):1 i ng

Etuget = f(2M + 20+ 1;2m+ 2n + 2); (4m + 4n + 3;4m+ 4n + 4)g

Let us now describe Efarget which is the only part of Giarger that depends on the input (apart from m and
n of course). We add two edges to E?arget for each edge of G. More precisely, if & = fup;uqg p <4,
is an edge of G, we add to Eg,get the two edges (2m + 2n + 2i + Dy + lpq + 2;4m+ 4n + 4i + 2) and
(2m+ 2n+ 2i+ Dy + lgp + 2;4m+ 4n + 4i + 2). This completes the construction of Giarget-

We now turn to constructing Gpattem. The linear matching Gpatern has order 4k? + 4 (depending solely of
k, good!) and its edge setE(Giarget) is de ned by

— 1 2 3 4 5 6
E(Gpattern) = Epattern [ Epattern [ Epattern [ Epattern [ Epattern [ Epattern

using the very same construction as for Garger but considering as input the complete graph Ky on k vertices
(and Zk(k - 1) edges) instead of G.

It can be proved that there is an occurrence of Gpattern i Grarget if @and only if G has a clique of sizek. One
direction is trivial (by construction). For the other direction, we only mention that the following observation
is crucial for correctness (and for reducing the proof to a sequence of easy steps): the two edges onganem
must match the two edges of Ef’arget. Indeed, a careful observation of Gparern Shows that, for any two edges
;6 2 E(Gpatten), & <ejifandonlyif e =(2m+ 2n+ 1;2m+ 2n+ 2) and g = (4m+ 4n+ 3;4m+ 4n + 4).
Similarly, for any two edges €;;€ 2 E(Guarger), & < e€j ifandonlyif ¢ =(2m+ 2n+ 1;2m+ 2n + 2) and

g = (4m+4n+ 3;4m+ 4n+ 4). This property allows us to draw the following crucial property: for 1 i 6,
all edges of By, are matched to edges in B, 4e- From this point, the rest of the proof is just a sequence of
easy readings of the construction. O
In the light of the present situation (the parameterized complexity of the PERMUTATION PATTERN
for its natural parameterization is still open), we have considered in [ , ] the
PERMUTATION PATTERN problemin case (possibly and ) avoids a pattern of length 3. Recall that Knuth
proved in [ , ] that for all six of the patterns of length 3 it is true that the number of permutations

of size n that avoid the pattern is the Catalan number C, = Zr? =(n + 1). First, it is easy to see that the
PERMUTATION PATTERN problem is polynomial-time solvable if the pattern avoids 132 312 213or 231
since is clearly separable in this case. Monotone patterns,i.e, 123and 321, however, deserve separate
consideration (we focus here on 321-avoiding permutations but if a permutation avoids 123then its reverse
avoids 321). The rest of this section is devoted to presenting our results.

First, combining ordered forest embeddings with labeled DAG morphisms, we have shown that the
PERMUTATION PATTERN problem is polynomial-time solvable if both  and are 321-avoiding.

Proposition 2.4.2 ([ , 1). In case both and are32l-avoiding, thePERMUTATION
PATTERN problem is solvable i®(k?n®) time, wherek = j jandn = j j.

Second, if we relax the problem to only one 32l-avoiding permutation (and it hasto be  of course), we
have obtained the following result.

Proposition 2.4.3 ([ te, ]). Incase only (the pattern) is321-avoiding, thePERMUTATION
PATTERN problem is solvable i@(kn* k*12) time, wherek = j jandn = j j.
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Notice that the above proposition does not settle the complexity of the PERMUTATION PATTERN problem
in case only is 32%-avoiding. In [ , ], we have conjectured this problem to be
NP-complete. Unfortunately (or fortunately, we were not wrong!) this conjecture is true as shown in the
following proposition (de nitively too long proof omitted).

Proposition 2.4.4. ThePERMUTATION PATTERN problem isNP-complete even if is 321-avoiding.

We close this section by mentioning a generalization of the PERMUTATION PATTERN problem that may be
of independent interest. The c-COLORED PERMUTATION PATTERN problem is de ned as follows: given two

permutations and , and a stair decompositio® of (see [ , ]land [
] for details), Where and are c-colored permutations (i.e, a colorin f1;2;:::; ogis associated to each
point of the permutation), nd a color-preserving embedding of into . We have obtained the following

result (recall that the Exponential-Time Hypothesis (ETH) is the assumption that the 3-SAT problem cannot
be solved in 2°(") time, where n is the number of variables).

Proposition 2.4.5 ([ , ]). The2-COLORED PERMUTATION PATTERN problem parame-
terized byk is W[1]-hard and cannot be solvedmr?( k) time assuming ETH.

We also refer the reader to [ , ] for WNL -hardnessissues of Proposition 2.4.5
(the parameterized classWNL was introduced in [ , ] to capture the parameterized complexity
of problems solvable by k-dimensional dynamic programming).

2.5 Finding common structures

2.5.1 Introduction

This section is devoted to nding common structures in linear graphs and linear matchings. We begin by
presenting this problem in its original setting. RNA and proteins exhibit a three-dimensional structure
that determines most of their functionality. This three dimensional structure can be modeled (at the
price of simpli cations!) in two dimensions by a linear graphs. The corresponding structure-similarity or
structure-prediction problems that arise in such contexts usually translate to nding common linear matching
subgraphs, or common structured patternsthat occur in a family of general linear graphs Examples of such
problems are the LONGEST COMMON SUBSEQUENCE problem [ , ; ,
], theMAaXxiIMuM COMMON ORDERED TREE INCLUSION problem [ , ; , ;
. ], the ARC-PRESERVING SUBSEQUENCE problem [ . ; ,
, ], and theMAaxiMuM CONTACT MAP OVERLAP problem [ ]

problem (more on this in the perspective note Page 30). A general framework for such problems is known as
the e MAXIMUM COMMON STRUCTURED PATTERN (MCSP) problem.

The MCSP problem was originally introduced (under a different name) by Davydov and Batzoglou
[ , ]in the context of non-coding RNA secondary structure prediction via multiple
structural alignment. There, an RNA sequence of n nucleotides is represented by a linear graph with n
vertices, and an edge connects two vertices if and only if their corresponding nucleotides are complementary.
A family of linear graphs is then used to represent a family of functionally-related RNAs, and a common
structured pattern in such a family is considered to be a putative common secondary structure element of
the family.

The MAXIMUM COMMON STRUCTURED PATTERN (MCSP) problem is formally de ned as follows (see
Figure 2.2 for an illustrative example).
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(a) Linear graph G;

oq e e o o o o o o
(b) Linear graph G,

e o o o o o o o o
(c) Linear graph Gz

(d) Linear graph G4

e € €3 €4 €s

(e) Linear matching Ggq

Figure 2.2: Four linear graphs G;, G,, Gz and G, and a common structured pattern (depicted as Gg. The
occurrence of the structured pattern Ggq in each graph is emphasized in bold. Edges e,, e3, €4 and es are
nested in edgee; ; edgese, and e; precede edgees ; edge e, precedes edgee, and crosses edgees, while
edge e3 crosses both edgese, and ey4.

Input : A family of linear graphs G= fG;;G,;:::; G, gand a non-empty subset M f<; @@

Solution : A common structured pattern Gy, type M of G, i.e, a linear matching type M that
occurs in each input linear graph of G.

Measure : The size of Gy, i.e, JE(Gso)]-
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It will be convenient to introduce some special linear matching. A linear matching type f<g(resp. f@g fQ
is called a sequencéesp. tower, staircasg De ne the width (resp. height depth of a linear graph to be the size
of a maximum cardinality sequence (resp. tower, staircase) subgraph of the graph. A linear matching type
f<; @gwith the additional property that any two maximal towers in it do not share an edge is calleda  sequence
of towers. Similarly, a linear matching type f<; Qjis a sequence of staircaseany two maximal staircases do
not share an edge. Atower of staircasds a linear matching type f@ Gywhere any pair of maximal staircases
do not share an edge, and astaircase of towelis a comparable linear matching type f@ Qwhere any pair of
maximal towers do not share an edge. A sequence of towers (resp. sequence of staircases, tower of staircases,
staircase of towers) isbalancedf all of its maximal towers (resp. staircases, staircases, towers) are of equal
size. Figure 2.3 illustrates an example of the above types of linear graphs.

(a) A f<; @gstructured pattern of width 4 (b) A f<; Gystructured pattern of width 4 (c) A f@ Gystructured pattern of height 6
and height 4 and depth 4. and depth 3

ey VaVaas Ve Nalladaa Naaaa Vaaa N adaa N\ N eas Ve va

(d) A sequence of towers of width 5and (e) A sequence of balanced towers of width  (f) A sequence of staircases of width 4 and
height 3. 3and height 3. depth 4.

TR (TR (TTSN (77 777 i (77 iy

(g9) A sequence of balanced staircases of (h) A tower of staircases of height 4 and (i) A tower of balanced staircases of height
width 3 and depth 3. depth 3. 3and depth 3.

() A staircase of towers of height 3 and (k) A staircase of balanced towers of height
depth 4. 3and depth 3.

Figure 2.3: Some restricted structured patterns. Edges are drawn above or below the vertices with no
particular signi cation.

The MCSP problem is relatively easy for simple M . Indeed, it is solvable in O(nm) time for M = f<g
[ , ], in O(nm loglog(m)) time for M = f@y|[ , ], and in O(nm %) time
forM = fQ@[ , ], where n = jGjand m = maxg ¢ JE(G)].

We brie y review some related results. Valiente gave a dynamic programming algorithm for nding a
largest nested linear graph that occurs in two nested linear graphs [ , ] (see also
[ , ]). In a totally different context, Felsner et al. considered the matching problem
regardless of precise pattern de nition and proved that given a linear graph G of size m, a maximum size
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nested subgraph of G can be found in O(m?) time [ , ]. The general problem of nding a
maximum size edge-independent subgraph of G is the well-known maximum matching problem [ ,

1

2.5.2 Structured patterns type f<; @y

Of particular importance in the context of computational molecular biology, is the fact that the MCSP
problem for structured patterns type f<; @ghas been shown to beNP-complete | ,
]. We have strengthen this result in a drastic way.

Proposition 2.5.1 ([ , 1). TheMCSP problem for structured patterns tyde; @gis NP-hardeven
if each input linear matching is a sequence of towers of height atZnost

Notice, however, that we have proved the MCSP problem to be polynomial-time solvable in case the
number of input linear graphs is a xed integer [ , ]. As for the approximation, the MCSP
problem for structured patterns type f<; @ywas proved to be approximable with ratio O(Iogz(k)) [

, ], wherek is the size of an optimal solution. We have improved this resultin [

, ]

Proposition 2.5.2 ([ , 1. TheMCSP problem for structured patterns tyge; @gis approximable
within ratio O(log k) in O(nm 2) time, wherek is the size of an optimal solution, = jG, andm is the maximum
size of any linear graph i®.

2.5.3 Structured patterns type f<; Gy

Focusing on M = f<; Gy we have obtained the following results (the rst one is a straightforward conse-
quence of Proposition 2.5.1 whereas the second one requires two ingredients: (i) any structured pattern
type f<; Gycontains a sequence of staircases of substantial size and (ii) any sequence of staircases contains a
balanced subgraph of substantial size, details omitted).

Proposition 2.5.3 ([ , ]). TheMCSP problem for structured patterns tyde; Gyis NP-hardeven if
each input linear graph is a sequence of staircases of depth a2.most

Notice that a recent result in [ , ] implies that the MCSP problem for structured patterns
type f<; Qis hard even if G consists of only two linear graphs. However, the input linear graphs used in [
. ] are of unlimited structure, unlike Proposition 2.5.3. Interestingly enough, the case jG = 1has
been recently proved to be NP-hard | , ].

Proposition 2.5.4 ([ , ]). TheMCSP problem for structured patterns tyge; Qyis approximable
within ratio 2$|(k) in O(nm 3 log(m)) time, wherek is the size of an optimal solution,= jG, m = maxg ¢ JE(G)],
andH(k) = ik: , 1=iis thek-th harmonic number.

2.5.4 Structured patterns type f@ Gy
Not surprisingly, the MCSP problem for structured patterns type f@, GQyis hard even for quite simple instance.

Proposition 2.5.5 ([ , ]). TheMCSP problem for structured patterns tyd@ Gyis NP-hardeven if
each input linear graph is a tower of staircases of depth at fad3ie same result applies for staircases of towers

As the reader might have guessed, the above result is an easy consequence of Proposition 2.5.1. As
observed before, this case in strongly related to pattern matching for permutations. The well-known Erd os-
Szekeres Theorem [ , ] states that any permutation ofS ¢ contains either an increasing
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Proposition 2.5.1 raises the following entertaining problem. Let A = [a;; ] be am n matrix
with non-negative entries. Dene a runr in A to be a mapping r : m ! n. The weightof the
run risdenedby ! (r) = minfa;; ) :1 i mg Letr; and r; be two runs of A. The run ry
precedethe run rp, insymbols ry <r,,ifry(i) <rp(i)forall 1 i m. We consider the problem
de ned as follows: Givena m n matrix W|tthon negative entries, nd a sequence of runs
rp <rp<:::<r y with maximum total weight i=1! (ri). Observe that the number of runs in
the solution is not part of the input, one is only interested in maximizing the total weight of the
solution. Below is an illustration fora 5 6 matrix with three runs r; <r, <r 3 of total weight
P(rg)+ ! (rp)+ ! (rg)=2+2+5=09.

ri 2 rs

@14279
@31612

@92571
O:0: 10

According to Proposition 2.5.1, the above problem is NP-complete even if every entry of the
matrix is one of the integers 0, 1 and 2 (each row denotes a sequence of tower and each entry
denotes the height of a tower). Moreover, it is easy to show that the problem is polynomial-time
solvable if every entry of the matrix is one of the integers 0and 1 (Proposition 2.5.1 is tight). How
approximable is the general problem? Is it APX-hard? We would be very surprised if the answer
to this latter question for a xed number of distinct non-negative integers was Yes. In other words,
we believe a PTAS exists for this special case. Notice that the straighforward greedy algorithm
(repeatedly select a maximum weight run) does not yield any approximation result. To see this,

considerthem m matrix A =[a;; ]denedby a;; = 2ifi = janda;; = 1otherwise.
F E
According to [ , ], the PATTERN MATCHING FOR LINEAR MATCHINGS problem is

NP-complete is the pattern is type f<; Gy What about the complexity if both the target graph and
the pattern are linear matchings type f<; Gf?

Conjecture 4. Finding an occurrence of a linear matching tyfge Gyin another linear matching type

f<; Qs polynomial-time solvable.

27
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or a decreasing subsequence of size at IeasP k. Itis worth noticing that extremal Erd os-Szekeres (EES)
permutations, i.e, permutations that do not contain monotone subsequences longer than = k, are known
to exist (for example, there are 4 EES permutations of length 4: 21432413 314 2and 3412. Combining
this with algorithms for nding a largest common structured pattern type  f@gor fGy we have obtained the
following result.

Brgposition 25.6 ([ , ]). TheMCSP problem for modeM = f@ Qis approximable within ratio
k in O(nm 1) time, wherek is the size of an optimal solution= jG, andm = maxg . JE(G)j.

How tight Proposition 2.5.6 is? Central in Proposition 2.5.6 is the use of family of patterns to probe the
input. Can we use more complicated families of patterns to improve the approximation (notice that there
is tradeoff to be made here, the family should be large enough, but only polynomially large if we want to
possibly consider each member)? Unfortunately, the answer is negative. For k 2 N, let Sk be a set of
J kjpermutations on k elements. Each permutation in ¢ can be equivalently regarded as a linear matching
type f@ G Alon recently communicated us a proof of essentially the following lemma.

Lemma 2.5.7(N. Alon, Private communication) . For every family of permutations, ~ S,k 2 Nandj ,j 2,
there exists a permutation2 Sk, K= (k?), which avoids all permutations iny.

Notice that Alon's lemma shows that there exists a linear matching type f@ Gyofsize K= (k?) which
does not contain any linear matching type f@ Gyout of a family of at most 2¢ such graphs. Hence, even
using more involved or interesting families of linear Watchings type f@ Qto be used to probe our input
graphs, no approximation guarantee better than O(" k) for maximum common structured patterns type
f@ Qcan be possibly achieved.

2.5.5 Putting everything together

We now consider structured patterns type f<; @ Q) We gave in [ . ] three approximation
algorithms with increasing time complexities but decreasing approximation ratios. Roughly speaking, these
three algorithms rely on suf ciently large sub-patterns that occur in any structured patterntype f<; @ &
and the fact that nding maximum common structured patterns of these types is polynomial-time solvable.

Our rst approximation algorithm is based on Dilworth's Theorem [ , ] and uses the
following simple structure lemma.

Lemma 2.5.8([ , ]). LetG be a linear matching typk<; @ Qyof sizek. ThenH contains a simple
(i,e,M = f<gM = f@orM = f@) structured pattern of size at leakt=.

It is easily seen, however, that Lemma 2.5.8 is tight. One way to obtain an extremal example of this is as
follows: take k=3 balanced towers of staircases, each one of depthk!= and height k=3, and concatenate
them one next to the other into one supergraph of size k, reassigning labels accordingly. Combining the above
lemma with the fact that a maximum common simple structured pattern of G can be found in O(nm %)
time, we have obtained the following approximation algorithm for general structured patterns.

Proposition 2.5.9 ([ , 1. TheMCSP problem for patterns type<; @ Qyis approximable within
ratio O(k%=2) in O(nm ®) time, wherek is the size of an optimal solution,= jG, andm = maxg ¢ jE(G)].

Our second approximation algorithm is based on [ , ] (see also | ,
]). It uses the following structure lemma.

Lemma 2.%.10([ , ). LetG be alinear matching typks; @ Gyof sizek. ThenG contains a subgraph
of size k=log(k) which is either typd<; @gor typefG
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Combining the above lemma with an algorithm for nding a maximum structured pattern type f@and
the O(log(n))-approximation algorithm for structured patterns type f<; @g we have obtained the following
result.

Proposition 2.5q11 ( : ]). TheMCSP problem for structured patterns tyge; @, Qjis approximable
within ratio O( klogz(k)) in O(nm?) time, wherek is the size of an optimal solutiom, = jG, andm =
maxe 2 JE(G)j.

We now turn to our third approximation algorithm. It uses the following structure lemma.

Lemma 2.5.12(] , ). LetG be a linear matching typkc; @ Gyof sizek. ThenG contains either a
tower or a balanced sequence of staircases of sizek=log(k) .

Combining the above lemma with algorithms for nding a maximum common tower and a balanced
sequence of staircases inG (see | , ] for details) we have obtained the following results.

Proposition 2.5p13 I : ]). TheMCSP problem for structured patterns tyge; @ Qjis approximable
within ratio O(" klog(k)) in O(nm 3% log m) time, wherek is the size of an optimal solutiom, = jG, and
m = maxg2c JE(G)j.

It remains a challenging problem to improve the approximation ratio for the  MCSP problem for struc-
tured patterns type f<; @ Gy

cd

Let us consider here subgraphs of linear matchings type M forsome M  f<; @ Qwith jM j= 2.
Prove or disprove the following (we would go for prove):  Any linear matching type<; @ Qof
sizek contains either a typé<; @ysubgraph of sizk?=3, a typef<; Gysubgraph of sizk?=3, or a type
f@ Qsubgraph of siz&>=3. Notice that, unfortunately, true or false, this cannot be applied for
approximation purposes (approximating the MCSP problem for patterns type f@ Gyde nitively
remains the bottleneck).

Let us put this problem in perspective. For one, we have shown in [ , ] that any
linear matching type f<; @ Qyof size k contains a subgraph of size"k 273, where" = (* 17- 1)=8
0:39 which is either type f<; @g type f<; G or type f@ G For another, let k be an integer such
that k=2 is an integer. A simple construction shows that there exists a linear matching type
f<; @ Qof size k that contains neither a subgraph type f<; @y nor a subgraph type f<; Gy nor
a subgraph type f@ Qyof size least"k?=3 for any " > 1. Indeed, assumin%the contrary, then
any linear matching type f<; @ GQyof size k contains a subgraph with at least "k?2=3 = "172 k173
edges which is either type f< g type f@yg or type fG A patent contradiction since it can be proved
(see | , ]) that there exists a linear matching typef<; @ Qyof size k that does not
contain a simple structured pattern of size "k =3 forany "> 1.

2.5.6 Towards biologically sounding models

As we have observed in | , ], the MCSP problem does not completely succeed
in accurately modeling RNA structures. To this end, we have proposed in [ , ]to
consider the MCSP problem together with a simple RNA stacking-pair scoring scheme.
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A contact mags a useful graph-theoretic abstraction (and two-dimensional depiction) of the
structure of a protein. For a protein of size n, and a given threshold ", the contact map M- =
[m (i;j)]isann n 0-1 matrix whose entry m-(i;j) equals 1 if the distance between amino
acidsi and j is less than or equal to ", and O otherwise [ , ]. Of particular
importance in our context, the contact map can also be viewed as a Hamiltonian path (usually
depicted horizontally) with nodes representing the amin acids and with edges added that join
pairs of nodes whose centers of gravity have been found to be closer to each other than a xed
threshold ". Contact maps are thus linear graphs. Contact maps have been used for secondary
structure prediction, fold assignment, protein structure alignment, and threading (see [

, ] and references therein). AContact map overlafs a measure of similarity of protein
structures based on maximum size common subgraphs in contact maps) [ , ].
In their pioneered work, Goldman et al.| , ] have laid the foundations of the
algorithmic issues of contact map overlap: the general problem is NP-complete and approximable
within a constant ratio for some restricted but interesting special cases. Also, they have introduces
special structures (stacks, queues and staircases) that are of particular importance for proteins. A
notable breakthrough in algorithmic aspects of contact map overlap is a recent paper of Xu et al.
[ , ] where some preliminary xed-parameter algorithms are presented. Below are
some lines of research we plan to explore.

Of particular importance, there exists a O(n®) time algorithm for nding the maximum
overlap of two degree 2 contact maps, one of which is either a stack or a staircase [

, ]. However, due to the high degree of complexity, it is not practical. Improving
the time complexity of this problem is a challenging and important problem.

It is intuitively clear — and widely accepted — that contact maps of real proteins are far from
being arbitrary collections of edges since they have a specialized structure re ecting the
geometry of proteins. To this end, Goldman et al. [ , ] have introduced a
special class of contact maps 6elf-avoiding walk on the 2D grid ) that seem to be a long way
toward capturing this structure (the problem of computing the maximum overlap remains,
however, hard for self-avoiding walks on the 2D grid ... not a real surprise as self-avoiding
walks do capture the complexity of real instances). Interesting questions include:

Computing the maximum overlap between two self-avoiding walks on the 2D grid
is known to be approximable within ratio 4. Improving this ratio is crucial to bridge
the theory—practice gap. A promising line of research could be to improve the decom-
position of self-avoiding walks on the 2D grid (it is only known that a self-avoiding
walk can be decomposed into 2 stacks and 1 queue). Notice that it is not even known
whether this problem is APX-hard (self-avoiding walks on the 2D grid enjoy some
degree of planarity).

Parameterized issues of self-avoiding walks on the 2D grid are completely unexplored.
Obtaining ef cient xed-parameter algorithms would be of particular interest for
practical perspectives.

It would be of particular interest to discover favorable properties of 3-dimensional
self-avoid walks . Current approaches seem inherently 2-dimensional in that they
exploit topological properties of the plane. These aspects (properties, algorithmic
issues, ...) are completely unexplored yet.
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If we assume that the secondary structure of an RNA contains no pseudoknots, the secondary structure
can be decomposed into a few types of loops: stacking pairs, hairpins, bulges, internal loops and multiple
loops [ , ]. A stacking-pairis a loop formed by two pairs of consecutive bases (i;j) and
(i+ 1;j- 1). By de nition, a stacking-pair contains no unpaired bases, and any other kinds of loops contain
one or more unpaired bases. Since unpaired bases are destabilizing and have positive free energy, staking
pairs are the only type of loops that have negative free energy and stabilize the secondary structure, see
[ , ] for a nice application of the stacking-pair scoring scheme to RNA secondary structures.
We need some new easy de nitions.

De nition 2.5.14 (SP scoring scheme) Let G be a linear matching typk<; @y TheSP-scoreof G, denotedSRG),
is de ned by
SRG) = jf(i;j):i+1<j- 17 (i;j)2EG) ~ (i+1j- 1) 2 EG)y

De nition 2.5.15 (SP-Trim linear matching). A linear matching graplG typef<; @yis called &5P-trim nested
linear graph provided thatSRG) > SR G[E(G) - €]) foralle 2 E(G).

The MCSP for pseudoknot-free RNA under the stacking-pair scoring scheme can be rephrased as follows.

Solution : A common SP-Trim pattern Gg type f<; @gof G, i.e, a SP-Trim pattern G type
f<; @gthat occurs in each input linear graph of G.
Measure : The SP-score 0fGgg, i.€, SR Gsq)).

We brie y review the results we have obtained for the MCSP-SP problem. Not surprisingly (in the light
of Proposition 2.5.1), the MCSP-SP problem is computationally hard even for quite simple instances (notice
that Proposition 2.5.1 does not apply here as it is concerned with towers of height 1 or 2).

Proposition 2.5.16 ([ , 1). TheMCSP-SP problem —in its natural decision form —is
NP-complete even &is composed of SP-trim linear matchings tyfge @y

The above proposition may be contrasted with the following positive result.

Proposition 2.5.17 ([ , 1). TheMCSP-SP problem is solvable i@ (4* kp knm*log(m))
time, wheren = jG, m = maxfiE(G;) : G; 2 Gg andk is the SP-score of the sought common SP-Trim structured
pattern typef<; @g

The proof of Proposition 2.5.17 is by enumeration and dynamic programming. The following result,
well-suited for xed |G, complements Proposition 2.5.17.

Proposition 2.5.18 (| , 1). TheMCSP-SP problem is solvable i®(m?2" log"™ *(m™))
time, wheren = jGj, m = maxfiE(G;)j : G; 2 Gg andk is the SP-score of the sought common SP-Trim structured
pattern typef<; @g

Interestingly enough, the proof of Proposition 2.5.18 is by a combination of high-dimensional trapezoids
diagrams and high-dimensional trapezoids graphs [ , ]. Crucial in our algorithm is a
procedure to compute a maximum weighted disjoint subset of high-dimensional trapezoids (in terms of
disjoint induced closed polygons).

According to Proposition 2.5.18, the MCSP-SP problem is polynomial-time solvable for xed |Gj. Fur-
thermore, as we have seen, theMCSP-SP problem is NP-complete even if Gis composed of linear matchings
type f<; @y Therefore, there is very little hope that a polynomial-time algorithm exists for this restricted case.
However, this raises the important question of whether there exists a more ef cient algorithm, although
exponential in n, for xed jG in caseGis composed of linear matchings type f<; @y The answer is positive.
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Proposition 2.5.19 ([ , ]). TheMCSP-SP problem for linear matchings tyge; @gis
solvable inO(nm2") time, wheren = jG andm = maxfiE(G;) : G; 2 Gg

As the reader might have guessed, there is strong relationships between tree alignment problems and the
MCSP-SP problem in case Gis composed of linear matchings type f<; @g and this similarity is indeed at
the heart of Proposition 2.5.19. First, observe that a linear matching type f<; @gcan easily be mapped to an
ordered tree structure. Second, grouping together stacking edges, we can assume that the ordered trees are
vertex weighted by the number of stacking edges, i.e, thickness. The goal is thus clearly to nd a common
homeomorphic ordered subtree with additional constraints on the weights (see [ , ]
for details).

2.6 Separable patterns

The preceding sections were concerned with two problems: (i) searching for an occurrence of a permutation
in another one and (ii) nding a maximum size common pattern in a collection of linear graphs. But, as we
have observed, a permutation is nothing but a special linear graph, and hence there is a natural interest
in combining the two above-mentioned problems, i.e, nding a maximum size common permutation in a
collection of permutation. But the general problem of nding an occurrence of a permutation in another
one is NP-complete [ , ], and hence, for algorithmic purposes, we need to restrict ourselves to
classes of permutations for which the PERMUTATION PROBLEM problem is polynomial-time solvable. We
focus in this section on separable permutatiorfthis is actually not really a choice as, as far as we are aware of,
separable permutations constitute the only non-trivial class of permutations for which the PERMUTATION
PATTERN problem is polynomial-time solvable).
Recall that a permutation is separable if it contains neither the subpattern 3142nor 2413] ,
; , ] and that thePERMUTATION PATTERN problem is polynomial-time solvable for separable
patterns. There are actually numerous characterizations of separable permutations, for example in terms of
permutation graphs [ , ], of interval decomposition [ ;
, ], or with ad-hoc structures [ , ]. Our results can be stated as foIIows.
a

We are not aware of any nitely based pattern-avoiding permutation classes C for which the
recognition problem (i.e, 2 C?) isNP-hard. This remarks motivates the following problem: Is
the problem of nding a maximum size C-pattern in a collection of n permutations polynomial-
time solvable for any nitely based C? If not, exhibit such a class C for which this problem is
NP-hard. As far as we know, this problem is completely open.

Proposition 2.6.1 ([ , 1) The problem of nding a common maximum size separable permutation in
a collection ofn permutations, each of size at mostis solvable irO(n®™ * 1) time.

Being exponential in the number of permutation is roughply the best one can obtain as shown in the
following proposition (we cannot exclude, however,a O(n°( ™) time algorithm).

Proposition 2.6.2 ([ , 1) The problem of nding a common maximum size separable permutation in
a collection of permutations BP-complete, even if each input permutation is separable.
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We end this section with a rst attempt to address the following question: How much nding a common
maximum size separable permutation does help when looking for a common maximum size (general) pattern
in a collection of permutations. Put it in our context, is a common maximum size separable permutation a
good approximation of a common maximum size permutation? We have obtained the following — somewhat
negative — general result.

Proposition 2.6.3 ([ , ] Let be a set of permutations atbe any pattern avoiding permutation
class. Furthermore, ldt (resB.kc) be the maximum size of a common pattern (resp. maximum size of a catmon

pattern) in . Then,k=kc k, and the inequality is tight.

In other words, the problem of nding a common maximum sizg pattern in a collection of permutations
cannot be approximated within a performance ratio better than " opt by the problem of nding a common
maximum size C-pattern, where opt is the size of an optimal solution and C is any pattern-avoiding
permutation class.
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3.1 Introduction

Structure comparison for RNA has become a central computational problem bearing many computer science
challenging questions. Indeed, RNA secondary structure comparison is essential for (i) identi cation of
highly conserved structures during evolution (which cannot always be detected in the primary sequence,
since it is often unpreserved) which suggest a signi cant common function for the studied RNA molecules,
(ii) RNA classi cation of various species (phylogeny), (iii) RNA folding prediction by considering a set of
already known secondary structures and (iv) identi cation of a consensus structure and consequently of a
common role for molecules.

From an algorithmic point of view, RNA structure comparison was rst considered in the framework
of ordered trees [ , ]. More recently, it has also been considered in the framework of
arc-annotated sequendés . ]. An arc-annotated sequence is a pailu; P) where u is a sequence of
RNA bases and P represents hydrogen bonds between pairs of elements of u. From a purely combinatorial
point of view, arc-annotated sequences are a natural extension of simple sequences. However, using arcs for
modeling non-sequential information together with restrictions on the relative positioning of arcs allow for
varying restrictions on the structure of arc-annotated sequences.

Different pattern matching and motif search problems have been considered in the context of arc-
annotated sequences among which we can mention the Longest Arc-Annotated Subsequence LAPCS)
problem, the Arc Preserving Subsequence (APS) problem, the Maximum Arc-Preserving Common Subse-
guence (MAPCYS) problem and the Edlt distance for arc-annotated sequence (EDIT) problem [ ,

, ; , ]- For an up-to-date survey of this area we refer the
reader to our chapter [ , ]

35
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This chapter is devoted to presenting our algorithmic results for arc-annotated based problems. It is
organized as follows. Section 3.2 presents some preliminaries. Section 3.3 deals with the problem of nding
a common arc-annotated sequence (theLAPCS problem) whereas Section 3.4 is concerned with pattern
matching issues in arc-annotated sequences. In Section 3.5, we extend the standard model with RNA
applications in mind.

3.2 De nitions

De nition 3.2.1 (Arc-annotated sequence). An arc-annotated sequenceover alphabeA is a pair(u; P), where
u (thesequencs is a string overA andP (theannotation) isa setofarcKi;j):1 i<j jujg

Notice that even if these objects are described in terms of arcs, the orientation is not relevant and we
are actually concerned with edges (but we follow the standard terminology here). In the context of RNA
structures, we have A = fA;C;G;Ug and u and P represent the nucleotide sequence and the hydrogen
bonds of the RNA structure, respectively. Characters in u are thus often referred to as basesA letter of u is
said to be freeif it is no incident to an arc of P (this point is crucial if one compare arc-annotated sequences
with linear graphs as the latters do not allow for free vertices). Two arcs of P are independenif they do not
share a vertex.

De nition 3.2.2 (Occurrence). Let(u;P) and(v; Q) be two arc-annotated sequences. The arc-annotated sequence
(v; Q) occursin (u; P) if (v; Q) can be obtained frou; P) by letter deletions.

Notice that the above de nition does not allow for edge deletion, i.e, a a does not occursin m.
The de nition 3.2.2 is illustrated Figure 3.1.

(up)=a b

c d b a ¢ a ¢ a d
a ¢ d

(v;a)=b ¢

Figure 3.1: Occurrence of an arc-annotated sequence in another arc-annotated sequence.

Again, the relative positioning of arcs is of particular importance for arc-annotated sequences. Following
the example of 2-intervals and linear graphs, this relative positioning is completely described by three binary
relations: (i) the precedengelenoted <, (ii) the inclusion, denoted @ and (iii) the crossing denoted G For the
sake of consistency, we choose to adopt this general framework for presenting our results.

De nition 3.2.3. Let(u;P) be an arc-annotated sequence, éind and (k;1) be two independent arcs Bf The
binary relations<, @and Gare de ned as follows:
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precedence(i;j) < (k;1) ifand only ifj <k ,
inclusion : (k;1) @(i;j) ifand only ifi <k andl <j , and
crossing: (i;j) G(k;1) ifand only ifi <k <j <
The notations (k;1) @(i;j) and (i;j) A (k;1),and (i;j) < (k;1) and (k;I) > (i;]j) are of course equivalent

(note, however, that there does not exist an equivalent for the relation Q. The binary relations <, @et Gare
illustrated Figure 3.2.

('vJ) < (kal) Ui uj Uk u)
(k1) @(i;j) uﬁ__\hj
(i;5) G(k;1) Ui/le?.Tj\lﬂ

Figure 3.2: The binary relations <, G G

For the sake of presentation, for two arcs (i;j); (k;1) 2 p, we write
(i;j) < (k;lyifandonlyif (i;j) < (k;1)or (i;j) > (k;1),
(i;]) @ (k;1)ifandonlyif (i;j) @(k;1) or (i;j) A (k;1), and
(i;]) (k) ifandonlyif (i;j) G(k;1) or (k;1) G(i;]).

In her pioneering work [ , ], Evans has introduced a ve level hierarchy for arc-annotated
sequences that is described as follows

UNLIMITED : No restriction.

CROSSING : forany two arcs (i;j); (k;1) 2 p, either (i;]) < (k;1),(i;]) @ (K1), 0r(i;j) o(kl).
N ESTED: for any two arcs (i;j); (k;1) 2 p, either (i;j) < (k;1)or (i;j) @ (k).

CHAIN : forany two arcs (i;j); (k;1) 2 p, (i;j) < (k;1).

PLAIN : No arc,i.e,p = ;.

The PLAIN level thus corresponds to sequences in the usual sense. This hierarchy is clearly organized
according to the following chain of inclusions:

PLAIN CHAIN NESTED CROSSING UNLIMITED .

The hierarchy introduced by Evans is clearly incomplete (with respect to the combinatorics induced by
the three binary relations <, @and Q. In particular, in the context of RNA secondary structures, the above
hierarchy does not allow to precisely describe stems. To this end, a rst re nement of the NESTED level has
been proposed [ , ]: forany two arcs (i;j); (k;1) 2 p, (i;]) @ (ki 1).

Extending our works on 2-intervals and linear graphs, we have proposed in [ , ] aclear
uni ed framework for arc-annotated sequences. While we claim no novelty at all, we do believe this general
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| UNLIMITED |

Type f<; @G

Type f<; @ | Type f@ QG |Type f<; @y

Type fQy Type f<g Type f@g

PLAIN

Figure 3.3: The re ned arc-annotated sequences hierarchy.

framework allows us for varying restrictions in a clear and precise way. We give an outline of this approach.
LetM f<; @ Q@ M 6= ;. An arc-annotated sequence(u; P) is type M if for any two arcs (i;j); (k;1) 2 p,
there exists a binary relation R 2 M such that (i;j) r (k;l). According to this de nition, CROSSING
corresponds to type f<; @ Gy NESTED correspond to type f<; @g and PLAIN is type f<g If we de ne the
PLAIN level as the class of all arc-annotated sequences with at most one arc, we are left with the re ned
hierarchy given Figure 3.3. It is this hierarchy we have chosen to adopt in the sequel.

3.3 Maximum common patterns

Evans has introduced in[ , ] the natural extension of longest common subsequences |
, ] to arc-annotated sequences. This problem is known as the APCS
(LONGEST ARC PRESERVING COMMON SUBSEQUENCE) problem.

Input : Two arc-annotated sequences(u; p) and (v; Q).
Solution : An arc-annotated sequence(w; R) that occurs in both (u; P) and (v; Q).
Measure : The number of letters of (w; R), i.e, jwj.

For two subsetsM ;M °2 f<; @ Q@M 6= ;,M %6 ;, we let LAPCS(M ;M 9 stand for the LAPCS problem
where (u; P) (resp. (v; Q)) is an arc-annotated sequence typeM (resp. M 9).

The complexity (standard, apprOX|mat|on and parameterlzed) has been studled in numerous papers
and manuscripts [ , C; : ; . ; . : : ]. Evans
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[ , ] was the rst to prove that the LAPCS(f<; @ Gy PLAIN ) problem is NP-complete. On the
positive side, she proved that the LAPCS(f< g f<g problem is polynomial-time solvable. Jiang etal.[

: ] have proposed aO(nm 2) time algorithm for both the LAPCS(f<; @gf<g and LAPCS(f<gf<g
problems. Of particular importance for pseudoknot-free RNA secondary structures, Lin  etal.[ , ]
have proved (such a clever reduction!) that the LAPCS(f<; @g f<; @j problem is NP-complete even if (u; P)
and (v; Q) are built over a one letter alphabet. This latter result leaves the possibility of a polynomial-time
algorithm for the LAPCS(f@g f@g problem computational biologists are particularly interested in (see also
[ : ]). Unfortunately (and surprisingly | would say .. .1 used to think that the problem was
polynomial-time solvable), our recent result rules out such a positive issue.

Proposition 3.3.1 ([ , 1). TheLAPCS(f@g f@g problem ifNP-complete.

The complexity of the LAPCS(f@gf@d problem remains, however, open if the two arc-annotated
sequences are built over a xed-size alphabet (quite a natural restriction for practical applications). Never-
theless, we conjecture that the LAPCS(f@g f@g problem remains NP-complete for a xed-size alphabet (we
also conjecture that it would not be a piece of cake to prove hardness of this restriction).

cd

It is shown in [ , ] that a simple enumerative brute-force algorithm solves the
LAPCS(f<; @y f<; @ in O((3jAj)' nl) time, where | is the length of the common subsequence
and jAjis the size of the underlying alphabet. Central in this approach is a dynamic programming
algorithm [ , ] that determines, given two arc-annotated sequences (u; P) and
(v;q)), in O(jujjvj) time whether (v; Q) is an arc-preserving subsequence of(u; v).

Clearly, the above presented result only leads to an ef cient exact algorithm if parameter |
(subsequence length) is small. To get round this limitation, a more involved — and probably
more practical — algorithm in presented in [ , ] to determine in  O(3:311* k2 )
time whether an arc-preserving common subsequence can be obtained by deleting (together with
incident arcs) kj letters from (u;v) and k, from (v; Q). Itis a challenging problem to adapt this
search tree based algorithm or to develop a new approach for the NP-complete LAPCS(f@y f@g
problem. This problem deserves deep consideration.

3.4 Pattern matching

The APS (ARC-PRESERVING SUBSEQUENCE) problem is the natural extension of the usual pattern matching
[ , ] to arc-annotated sequences.

Input : Two arc-annotated sequences(u; p) and (v; Q).

Question : Does there exist an occurrence of(u; P) in (v; Q)?

Notice that, oppositely to the LAPCS problem, the APS problem is a pure decision problem. Again, for two
setsM ;M %2 f<;, @@M6=;,M %6 ;,welet APS(M ;M 9 stand for the APS problem where (u; P) (resp.

(v; Q)) is an arc-annotated sequence typeM (resp. M 9.
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Guo | , ] has shown that the APS(f<; @ Q) f<g problem is NP-complete. He has also observed in
[ , ] that the hardness of both theAPS(f<; @ G f<; @ Q) and APS(UNLIMITED ; PLAIN)
problems are d|rect consequences of Evans' works on the LAPCS problem | , ]. Algorithms with
O(nm) and O(n + m) running times, n = jujetm = jvj, are described in [ , , ] for the
APS(f<; @y f<; @) and APS(f<g PLAIN ) problem, respectively.

Trying to precisely con ne the intractability of the  APS problem, quite arduous polynomial reductions
have allowed us to re ne and complete the results of Guo | , ]

Proposition 3.4.1 ([ , 1) The APS(f@ Q) PLAIN ) and the APS(f<; Gy PLAIN ) problems are
NP-complete.

In other words, using the binary relation Gin conjunction with < or @is enough to get intractability. This
negative result is con rmed by the following easy proposition that shows that the binary relation ~ Galone
does not result in intractability.

Proposition 3.4.2 ([ , 1) TheAPS(fGy fQ) problem is solvable i@(nm ?) time, wheren = juj and
= M.

3.5 Extending the standard model

Whereas clearly de ned, one may naturally argues that the objective function of the LAPCS problem
considers letters only. If this de nition makes sense, undoubtedly, for the standard pattern matching
framework, one may reasonably doubt about the adequacy and the accuracy of this model for RNA where
the weight of the arcs cannot be neglected. On that account, we have proposed in | , ] a simple
extension of the LAPCS problem, referred hereafter as the MAPCS (MAXIMUM ARC-PRESERVING COMMON
SUBSEQUENCE) problem, where the objective function is concerned with both the number of letters and the
number of arcs in a solution.

Input : Two arc-annotated sequences(u; p) and (v; Q) built over alphabet A, and functions
f:A! N andg:A?! N.

Solution : An arc-annotated seqyence(w; R)Fthat occurs both in (u; P) and in (v; Q).

Measure : The scores((w;r)) =

(w; R).

azw f(@)+ (i )2r g(w]i]; w[j]) of the arc-annotated sequence

Once again, for any two setsM ;M %2 f<; @ @M 6= ;, M °6 ;, we simply let MAPS(M ;M 9 stand for
the MAPS problem where (u;P) (resp. (v; Q)) is an arc-annotated sequence typeM (resp. M 9).

Observe that the LAPCS problem is nothing but the MAPCS problem for zero everywhere g, i.e,
g((x;y)) = Oforall (x;y) 2 A2, and hence all negative results of the LAPCS problem directly propagate to
the MAPCS problem. Focusing on zero everywhere f,i.e, f(x) = Oforall x 2 A, results in a more interesting
problem that deserves separate consideration. Our positive and negative contributions are given in the
following propositions (the rst two are concerned with zero everywhere  f).

Not surprisingly, the MAPCS problem is hard for simple instance.

Proposition 3.5.1 ([ , 1. TheMAPCS(f<; @gf<; @) and MAPCS(f<; @ Q) PLAIN ) problems
areNP-complete.

Proposition 3.5.2 ([ , ]). TheMAPCS(f<; @ Q) f<; @ Q) problem isNP-completeeven for zero
everywheré.
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The two following propositions give some positive results.

Proposition 3.5.3 ([ , ]). For zero everywhefe theMAPCS(f<; @g f<; @), MAPCS(f<; @gf<g,
andMAPCS(f< g f<g problems are solvable @(n°m?), O(m?;n) andO(nm) time, respectively, where = juj
andm = jvj.

Proposition 3.5.4 ([ , 1) TheMAPCS(f<; @gf<g andMAPCS (f<gf<g problems are solvable
in O(nm2) andO(nm) time, respectively, where = jujandm = jv;j.
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Introduction

High-throughput anaIyS|s makes pOSSIble the study of protein-protein interactions at a genome-wise scale

[ ; , ], and comparative analysis tries to determine the extent to
which protem networks are conserved among species. Indeed, mounting evidence suggests that proteins
that function together in a pathway or a structural complex are likely to evolve in a correlated fashion, and,
during evolution, all such functionally linked proteins tend to be either preserved or eliminated in a new

species [ , ].
Protein interactions identi ed on a genome-wide scale are commonly visualized as protein interaction
graphs, where proteins are vertices and interactions are edges [ , ]. Experimentally derived

interaction networks can be extremely complex, so that it is a challenging problem to extract biological
functions or pathways from them. However, biological systems are hierarchically organized into functional
modules. Several methods have been proposed for identifying functional modules in protein-protein
interaction graphs. As observed in [ , ], cluster analysis is an obvious choice of
methodology for the extraction of functional modules from protein interaction networks. Comparative
analysis of protein-protein interaction graphs aims at nding complexes that are common to different
species. Kelleyet al.[ , ] developed the program PathBlast, which aligns two protein-protein
interaction graphs combining topology and sequence similarity. Sharan etal.[ , ] studied the
conservation of complexes (they focused on dense, clique-like interaction patterns) that are conserved in
Saccharomyces cerevigaspecies of budding yeast) and Helicobacter pylor{a gram-negative, microaerophilic
bacterium that infects various areas of the stomach and duodenum), and found 11 signi cantly conserved
complexes (several of these complexes match very well with prior experimental knowledge on complexes
in yeast only). They actually recasted the problem of searching for conserved complexes as a problem of
searching for heavy subgraphs in an edge- and node-weighted graph, whose vertices are orthologous protein
pairs. A promising computational framework for alignment and comparison of more than one protein
network together with a three-way alignment of the protein-protein interaction networks of ~ Caenorhabditis
elegansDrosophila melanogastand Saccharomyces cerevigapresented in [ ]

This part is devoted to graph-based algorithmic aspects of this topic. We have d|V|ded our presentation
into three chapters. Chapter 4 is devoted to graph homomorphisms-like aspects. The rationale for this
research is that graph-homomorphisms do preserve adjacencies and hence are a natural choice for pattern
matching problems in biological networks (as long as injectivity is also required!). Chapter 5 is concerned
with a more recent view of graph motifs in biological networks. Here, topology is of lesser importance but
the functionalities of network nodes (expressed by colors) form the governing principle. Finally, we present
in Chapter 6 our contribution to a somewhat more classical view of pattern matching in biological networks.
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4.1 Introduction

We consider in this chapter two edge-preserving pattern matching problems in graphs (one being a restriction
of the other). Common to these two problems are the fact that each vertex of the motif (given in the form of a
graph) is allowed to match to only few vertices of the target graph. First, we shall consider the case where
each vertex of the motif is associated with the list of vertices of the target graph it is allowed to match. Notice
that we shall only discuss about “ lists"whereas we actually mean “ setSas order is not relevant here ... but
most — not to say all — references in this area use the term list. Our interest in this problem will be for xed
cardinality lists. Second, we shall consider a natural restriction on lists: any two intersecting lists are equal.
It will be more convenient to use colors instead of lists for this particular problem.

This chapter is organized as follows. Section 4.2 presents some preliminaries. Section 4.3 is devoted to
list graph matching and we consider in Section 4.4 approximate occurrences. Section 4.5 is concerned with
the relaxation to colors.

4.2 De nitions
A graph homomorphism from a graph G to a graph H, written :G! H,isamapping :V(G)! V(H)
from the vertex set of G to the vertex set of H such that fu;vg2 E(G) implies f (u); (v)g2 E(H). A graph

homomorphism is thus a mapping between two graphs that respects their structure; more concretely it maps
adjacent vertices to adjacent vertices. If :G! H, Gis said to be homomorphic to H or H-colorable. Indeed,
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in terms of graph coloring, k-colorings of G are precisely homomorphisms :G ! K, where K is the
complete graph with k vertices. As a consequence ifG! H, the chromatic number of G is at most that of H.
The best general reference is [ , ]. If the homomorphism :G! H is a bijection whose
inverse function is also a graph homomorphism, then  is a graph isomorphismDetermining whether there
is an isomorphism between two graphs is an important (but hard!) problem in computational complexity
theory (see [ , 1.

Given graphs G and H, and lists L(u) V(H),u 2 V(G), alist homomorphisnof G to H with respect to
the lists L(u),u 2 V(G), is an homomorphism :G! Hsuchthat (u) 2L (u)forall u2 V(G). By abuse
of notation, for any v 2 V(H), we let L- 1(v) stand for fu 2 V(G) : v 2 L (u)g Recall that the degreef a vertex

(u) is the number of vertices adjacent to u and that the degree of Gis (G) = maxf (u) :u 2 V(G)g A
graph is regularof degree or -regular if the degree of all vertices equal

4.3 Finding exact occurrences

4.3.1 Polynomial cases, hardness and coping with hardness

The problem we are interested in is formally de ned as follows.

Exact{ ¢; n)-Matching I

Input : Two graphs G and H, and the lists L(u) V(H), u 2 V(G), such that (i) maxfjL (u)j :
u2V(Gg ¢ and(i)maxfiL" *(v)j:v2 V(H)g H.

Question : Does there exist an injective list homomorphism :G! H with respect to the lists
L(u),u 2 V(G)?

Clearly, we may assume jL(u)j > 0 forall u 2 V(G), and jL- 1(v)j > 0 for all 2 V(H) (a trivial clean-up
procedure would apply otherwise). For now on, unless explicitly stated, we assume ¢ and y to be
xed constant. Indeed, observe that for unbounded g and 4, the EXACT-( n; )-MATCHING problem
trivially contains the CLIQUE problem, and hence is NP-complete [ , ]. Furthermore,
to avoid heavy notations, we will let n and m stand for the number of vertices and the number of edges of G,
respectively, and p and g stand for the number of vertices and the number of edges of H, respectively.

As sketched above, most on our interest in the EXACT-( y; c)-MATCHING problem is concerned with
small (and actually xed) ¢ and . We have proved in [ , ] that the problem we are
interested in is polynomial-time for ¢ 2

Proposition 4.3.1 ([ , ) TheEXACT-(2; H)-MATCHING is solvable inO(n® + q) time. This
reduces t®(n + q) timeif 4 = O(1).

Notice that the counting problem associated to EXACT-(2; p)-MATCHING is #P-complete and is solvable
in O(1:3247) time [ , ]. We have completed the above proposition in [ , ]

Proposition 4.3.2 ([ , 1). TheEXACT-( g;1)-MATCHING is solvable in linear time for (G) 2,
for any constant .

One may argue, however, that the above proposition is too constrained to be of interest (each vertex
u 2 V(G) has private vertices in H and G is collection of paths and cycles). Unfortunately, despite the
simplicity of Proposition 4.3.2, the result is quite tight - taking into consideration both (G)and (H)-as
shown in the following proposition that summarize our negative results.



49

Proposition 4.3.3 ([ , ; , 1) The following problems aféP-completes:
the EXACT-(3; 2)-MATCHING problem for (G) land (H) 2,
the EXACT-(3; 1)-MATCHING problem for bipartité&s andH, and
the EXACT-(3;1)-MATCHING for (G) 3and (H) 4.

In the light of the negative results presented in Proposition 4.3.3, a substantial part of our work presented
[ , ] was devoted to coping with hardness by means of exponential-time algorithms.

Proposition 4.3.4 ([ , 1) TheEXACT-( g; H)-MATCHING problem is solvable
in O(1:1889) time and exponential space,
in 0(1:202%") time and polynomial-space,
in 0(1:2388* ™M) time, and
in (2- 2o ¢ + 1))" time within a polynomial factor.

Parameterized complexity issues of the EXACT-( g; n)-MATCHING problem have been initiated in
[ , ] and further investigated in [ , ]. We have considered two natural
parameters: (i) the number of ambiguous vertices in G (those vertices that can match different vertices in H),
and (ii) an objective with respect to a weight function. It turns out that the rst parameterization yields to
xed-parameter tractability whereas the second yields to parameterized intractability.

Proposition 4.3.5 ([ , ) TheEXACT-( ¢; H)-MATCHING problem is solvable i®(k ( ) (n +
m)) time, wherek = jfu 2 V(G) : jL(u)j > 1gj

Proposition 4.3.6 ([ , ]} LetG andH be two graphsl.(u) V(H),u 2 V(G) be lists, and

I :(V(G) V(H))! N* be ascoring such that(u;v) >0 onlyifv 2 L (u). Deci'gling whether there exists an
injective homomorphism : G ! H with respect to the listk (u), u 2 V(G), such that u2v(G) ! (u; (u)) kis
aW/[1]-hard problem with respect to parameker

In other words, under a reasonable and commonly accepted complexity hypothesis
[ ], there does not exist an algorithm exponential in k only to determine Whegher there exists an injective
homomorphism :G! H with respectto thelists L(u),u 2 V(G), such that u2v(G) ! (u; (u)) kitis
worth noticing that Proposition 4.3.6 holds even if | (u;v) 2 f0; 1gfor all (u;v) 2 (V(G) V(H)).

4.3.2 The corresponding number

Aiming at separating Yes instances from possibly No instances (and hence speeding-up our algorithms for
some special instances), we have introduced in [ , ] thecorrespondence numb€(G; H; L) of
any instance of the EXACT-( g;1)-MATCHING problem. Itis de ned as follow:

jflubvigiu®2L (u) » vO2L(v) ~fu%vi2 E(H)gj .
LWLV Huivez E(G)

For now on, we assume that, for each edgefu;vg2 E(G), there exists an edgefu®v%2 E(H) such that
u®2 L (u)andvP2 L (v) (see| , ] for details). The rationale for introducing the corresponding

number C(G; H; L) stems from the following observations. Forone ( ¢) 2 C(G;H;L) 1. For another,
if C(G;H; L) = 1, then there exists an injective homomorphism : G ! H with respect to the lists L(u),
u 2 V(G). Indeed, any injective mapping of G to H with respect to the lists L(u),u 2 V(G), is a solution

C(G;H;L) = min
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(recall that = 1). Ideally, one would like to determine a bound ¢ as small as possible, "% <c¢c <1,
such thatif C(G;H; L) >c then (G;H; L) isa Yesinstance and ifC(G;H;L) c¢ then (G;H;L) is possibly
a No instance. Unfortunately, we did not succeed in obtaining such a precise bound and we have thus
focused in [ , ] on the determination of two bounds Cjow and Cyp, Ciow  Cup, Such that if
C(G;H;L) > cyp then (G;H; L) is a Yes instance, and ifC(G; H; L) ¢y then (G; H; L) is possibly a No
instance. Of course, the smallerc,, and c,p - Ciow are, the better our estimation is.

Proposition 4.3.7 ([ : 1) Let(G;H; L) be any instance of tHeXACT-( g;1)-MATCHING problem.
If C(G;H;L) > % then there exists an injective homomorphismof G to H with respect to the list& (u),
u 2 V(G). If C(G;H;L) (%')1 then an injective homomorphismof G to H with respect to the list& (u),

u 2 V(G), might not exist.

The upper-bound is by the Lov asz local lemma [ , ]. According to this bound, if
(G)= 1(resp. (G)= 2, (G)= 3)and C(G;H;L) >0:633(resp. C(G;H; L) >0:878, C(G;H; L) >0:927)
then there exists an injective homomorphism  of G to H with respect to the lists L (u). As for the lower-bound,
forany d > 1, we provided a generic construction of an instance (G;H; L) of the EXACT-( ¢;1)-MATCHING
problemwith  (G) = d and C(G;H; L) (%') L for which there does not exist an injective homomorphism
of G to H with respect to the lists L(u),u 2 V(G).

cd

Subsection 4.3.2 is concerned exclusively with the EXACT-( g ; 1)-MATCHING problem. The ratio-

nale for considering 1, = 1is that the problem of nding an injective homomorphism :G! H
with respect to the lists L(u), u 2 V(G), enjoys some “degree of independeicédeed, for any
distinct u;v 2 V(G), we have (u) 6 (v) in any solution sincelL(u)\L (v) = ;. Extending

Proposition 4.3.7 to any instance of the EXACT-( ¢; n)-MATCHING problem would be of particu-
lar interest. In particular, does there exist a constant ¢ (possibly dependingon ¢ and ) such
that if C(G;H;L) >c then there exists an injective homomorphism of G to H with respect to
the lists L (u), u 2 V(G)? Most of these issues are completely unexplored.

4.4 Approximate occurrences

Requiring an injective homomorphism, i.e, an injective mapping that preserves all edges of G, might result
in an over-constrained problem, though it may exist good approximate solutions, i.e, solutions that match
many but not alledges of G. This remark is just common sense for practical considerations. We considered
in| , ] one possible approach to deal with approximate occurrences (see also upcoming
Section 4.5 for a — from our point of view — more practical approach). We refer to this optimization problem
asthe MAX-( g; n)-MATCHING problem.
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Max-( ; wn)-Matching I

Input : Two graphs G and H, and the lists L(u) V(H), u 2 V(G), such that (i) maxfjL (u)j :
u2V(Gg ¢ and(i)maxfiL" *(v)j:v2V(H)g H.

Solution : Amapping :V(G)! V(H) withrespecttothelists L(u),u 2 V(G),i.e, (u) 2L (u)
forall u 2 V(G).

Measure : The number of edges conserved by , i.e, jffu;vg2 E(G) : f (u); (v)g2 E(H)gj

Notice that for the MAX-( g; u)-MATCHING problem the solution mapping  may not be (and in general
is not) an injective graph homomorphism as it is not required to preserve all edges. Being a natural but mere
restriction of the EXACT-( g; H)-MATCHING problem, the MAX-( g; H)-MATCHING problem inherits of
all the negative results of it (see Section 4.3). Therefore, we focus on approximation and (unfortunately) on
hardness of approximation. Indeed (and not surprisingly, | admit it), as we have shown in [ ,

], turning the pure decision EXACT-( g; u)-MATCHING problem into an optimization one results in a
harder problem (considering parameters ¢ and ).

Proposition 4.4.1 ([ , 1. TheMAXx-(1;2)-MATCHING is APX-hardeven ifG andH are bipartite
graphs with (G) 3and (H) 2.

The above proposition gains in interest if we compare it with Proposition 4.3.1 and Proposition 4.3.2.
Actually, it is an immediate consequence of Proposition 4.4.1 that the MAX-(1;2)-MATCHING problem for
(G) = 3and (H) = 2(resp. (G) = 6and (H) = 5) is not approximable within ratio 1:0005(resp.
1:0019, unlessP = NP.

Proposition 4.4.2 ([ , 1. TheMAX-( g;1)-MATCHING problem is approximable within ratio
2d3 (G)=%eif (@) iseven and within ratid(3 (G) + 2)=%eif (G) is odd.

Actually, we have shown a somewhat stronger result in [ , ]: if the linear arboricity
conjecture (see [ , ]) is true, then theMAXx-( g ;1)-MATCHING is approximable within ratio
(G)+ 2if (G)isevenandwithinratio (G)+ 1if (G)isodd,forany (H)andany xed . Notice
that the linear arboricity conjecture has been shown to be asymptotically correctas d!'1 [ , ]
Using a straightforward application of the probabilistic method , ] — a powerful
tool for demonstrating the existence of combinatorial objects —we gave in [ , ] alinear-time

randomized ( g)?-approximation algorithm for the MAX-( ¢;1)-MATCHING problem. We have improved
this resultin [ , ].

Proposition 4.4.3 ([ , 1). There exists a randomiz@d g -approximation algorithm for th&1ax-
( &;1)-MATCHING problem, for any ¢.

We close this section by discussing exponential issues of theMAX-( g ; 1)-MATCHING problem. For any
instance (G; H; L) of the MAX-( g;1)-MATCHING problem, we have shown in [ , ] that one
may construct in polynomial-time a (unfortunately complicated) graph  1[G; H; L], called the incompatibility
graphof the instance, that satis es the following properties:

1. there exists an injective mapping :V(G)! V(H) with respectto the lists L(u),u 2 V(G), such that
jffu;vg2 E(G) : f (u); (v)g2 E(H)gj k if and only if the stability number of 1[G; H; L] is at leastk,
and

2. (I[GH/LD) (e- D2 e (G- ot

Combining these properties, we have obtained the following result.
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Proposition 4.4.4 ([ , . TheMAX-( g;1)-MATCHING problem is solvable i@(m (D + 1))
time, wheram is the number of edges@fandD = (I[G;H; L]).

Notice that D is xed aslongas (G), ¢ and 4 are xed. Therefore, the MAX-( g;1)-MATCHING
problem is xed-parameter tractable for parameter “ number of conserved edfes

cd

As the reader may have noticed, the approximation of the general MAX-( g; H)-MATCHING
problem is almost completely unexplored. Indeed, we are still not be able to tackle the case
H > 1. As noticed in the headache note Page 46, in case y = 1, any injective mapping
:G ! H with respect to the lists L (u), u 2 V(G), enjoys some “degree of independefiteat we do
use for approximation design. Overcoming this dif culty remains a totally open but challenging
problem.

4.5 Replacing lists by colors

We consider in this section a restriction of the MAX-( g; H)-MATCHING problem well-suited for better
modeling speci ¢ applications. Indeed, one may argue that using lists L(u), u 2 V(G), to represent the
putative correspondences is not restrictive enough for most practical applications (although allowing a
large degree of freedom in the design!). One very important objection is that one may reasonably asks for
L(u) = L(v) assoonasL(u)\L (v) & ; as agolden rule. This objection becomes evident in the context of
protein-protein interaction networks where it is folklore to construct the putative correspondences (the lists)
by (i) (BLAST) comparing the sequences two by two, (ii) adjusting a cutoff to construct a correspondence
graph, and nally (iii) computing the connected components of the correspondence graph. See [
, ]and [ , ]. This additional constraint is better taken into account by using
colored-vertices instead of the lists L (u), u 2 V(G), inthe MAX-( g; H)-MATCHING problem.
Let col be a set of colors andG equipped with a coloring mapping  :V(G) ! col. For any color ¢; 2 col,
we denote by colg (¢;) the set of vertices of G that are colored with color ¢;, i.e, colg(ci) = fu 2 V(G) :
(u) = c¢ig Themultiplicity of in G, written mult (G; ), is the maximum number of occurrences of a color
in G,i.e, mult (G; )= maxfjcolg(cj)j:ci 2 colg Let Gand H be two graphsandlet :V(G)! V(H) be
an injective mapping. The set of edges of G that are preserved in H by is denoted by match(G; H; ), i.e,
match(G; H; ) = ffu;vg2 E(G) : f (u); (v)g2 E(H)g If both G and H are equipped with some colorings
c :V(G)! coland 4 :V(H)! coloftheirvertices,amapping :V(G)! V(H) is said to be with respect
to gand yif g(u)= x( (u) forevery u 2 V(G),i.e, isa color-preserving mapping. For simplicity,

we shall usually abbreviate such a mappingas :V(G) =°' ¥ V(H).

Max-(; )-Matching-Colors I

Input : Two graphs G and H together with the coloring mappings ¢ : V(G) ! col and
H:V(H)! colwithmult (G; g)= andmult(H; {)=
Solution : An injective mapping :V(G) =’ ¥ V(H).
Measure : The number of edges of G matched by the injective mapping , i.e, jmatch(G; H; )j.
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We let EXACT-(; )-MATCHING-COLORS stand for the extremal problem of nding an injective mapping

(V(G) =°© Ly V (H) that matches all the edges of G, i.e, is required to be an injective graph homomor-
phism as we have considered in Section 4.3. Also, we call an instance of bothMAX-(; )-MATCHING-COLORS
and EXAcCT-(; )-MATCHING-COLORS colorfulif = 1,i.e, each color occurs once in the motif graph G.

Clearly, MAX-(1; )-MATCHING—COLORS and MAX—( ¢;1)—MATCHING are equivalent problems (colorful
instances and disjoint lists do represent the same con guration). Then it follows that the Max-(1; )-
MATCHING-COLORS is approximable within ratio 2d3 (G)=5eif (G) is even and withinratio 2d(3 (G) +
2)=%eif (G)isodd, forany (H)andany xed  (see Proposition 4.4.2).

We have proposed in [ , ] a random walk algorithm to deal with exact colorful instances
(recall that the O notation suppresses polynomial terms) Observe that the EXACT-(1; )-MATCHING-COLORS
problem is easily solvable in O ( ") time (n is the order of G): the easy brute-force algorithm tries all

possible injective mappings :V(G) =¢' ¥ V(H) and returns the best one.

Proposition 4.5.1 ([ , 1) There exists a randomized algorithm that, given any instaiieH) of
the EXACT-(1; )-MATCHING-COLORS problem, returns an injective homomorphism V (G) ey V(H) (if

such a mapping exists) i@(f( )") expected time (ignoring polynomial factors), where
4 (2 - 283
42 - 23+272 - 3)°

f( )=

Recall that the MAX-(1; 2)-MATCHING-COLORS problem for bipartite graphs G and H with (G) = 3and
(H) = 2 (resp. with (G) = 6and (H) = 5) is APX-hard and is not approximable within ratio 1:0005
(resp. 1:0019, unlessP = NP [ , ]. Therefore, there is a natural interest to investigate the
complexity issues of MAx-(; )-MATCHING-COLORS for restricted graph classes. Our results are technical
but quite negative.

Proposition 4.5.2 ([ , 1) TheMAXx-(3;3)-MATCHING-COLORS (resp.MAX-(2; 2)-MATCHING-
CoLORS) problem isAPX-hard even if botlts andH are linear forests (resp. trees with maximum de@ee

It remains open, however, whether the MAX-(; )-MATCHING-COLORS problem for linear forests G and
H is polynomial-time solvable in case < 3 . In the light of the negative results of Proposition 4.5.2, there is a
natural interest on approximating the  MAX-(; )-MATCHING-COLORS problem for bounded-degree graphs.
We have shown the following result.

Proposition 4.5.3 ([ , 1) Forany and , the MAx-(; )-MATCHING-COLORS problem is
approximable within rati®=2 mj, + 1) + " for any" > 0, where n,jp = minf (G); (H)g

Central in the above result is a (3=2+ ")-approximation algorithm, forany "> 0, for a new combinatorial
problem that may be of independent interest [ , ]: Given a graph G and a symmetric matrix
A =[a;; ] of order m whose entries are natural integers, nd a maximum cardinality matching M  E(G)
subject to the constraintthat,for 1 i j m, the number of edges in M having one end-vertex colored c;
and one end-vertex colored ¢; is at most a;;; .

Combining a random 2-labeling procedure (together with its induced cut) and a weighted bipartite
matching algorithm, we have obtained in [ , ] the following result.

Proposition 4.5.4 ([ , ). There exists a randomized algorithm for #ex-(; )-MATCHING-
CoLORS problem with expected performance ratio

We have already mentioned that the MAX-(3; 3)-MATCHING-COLORS problem is APX-hard even if both
G and H are linear forests. Furthermore, according to Proposition 4.5.3, the MAX-(; )-MATCHING-COLORS
problem for linear forests is approximable within ratio  2( min + 1) = 6. This is strengthened by the following
proposition (it is worth mentioning that the technique is based on 2-interval patterns).
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Proposition 4.5.5 ([ , ]). Forany and , the MAX-(; )-MATCHING-COLORS problem is
approximable within ratial in case botls andH are linear forests.

We close this chapter by mentioning that we have proposed a better approximation for the MAX-(2;2)-
MATCHING-COLORS problem.

Proposition 4.5.6 ([ , 1) MAX-(2;2)-MATCHING-COLORS is approximable within ratid:1442
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5.1 Introduction

With the advent of network biology [ ; , ] and complex network
analysis in general, the study of pattern matching problems in graphs has become more and more important.
In this context, the term “ graph motifiplays a central role.

Roughly speaking, there are two views of graph (or network) motifs. The older is the topological
view where one basically ends up with certain subgraph isomorphism problems. For instance, the term
“network motif’ has been used to represent patterns of interconnections that occur in a network at frequencies
much higher than those found in random networks [ , ; , ] (Chapter 4 was
concerned with such a view). By way of contrast, the second and more recent view on graph motifs takes a
more “functional approach Here, topology is of lesser importance but the functionalities of network nodes
(expressed by colors) form the governing principle. This approach has been propagated by Lacroix et al.
[ , .

This chapter is organized as follows. Section 5.2 presents some preliminaries. Section 5.3 is devoted
to studying algorithmic aspects of the problem of nding a connected occurrence of a motif in a graph.
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Section 5.4 and Section 5.5 are concerned with optimization issues of this topic, and we brie y present in
Section 5.6 further variants of this problem we are particularly interested in.

5.2 De nitions

A multiset(or bag is a pair (A; mult), where A is some setandmult : A! N The setA is called the underlying
setof elements. For eacha 2 A, the multiplicity (that is, the number of occurrences) of a is the number
mult (a). The maximum multiplicity of (A; mult) is de ned to be maxfmult(a) : a 2 Ag Itis common to write
the function mult as a set of ordered pairsf(a; mult (a)) : a 2 Ag For example, f(a; 2); (b; 3); (c; 1)gis the
multiset (fa;b;c;dgmult), where mult : A! N isde ned by mult (a) = 2, mult(b) = 3, and mult(c) =

We shall consider here motifs given in the form of multisets of colors and we write M = (col; mult). A
motif M is called colorfulif it has maximum multiplicity 1,i.e, M reduces to a set.

The problem we are interested in is formally de ned as follows.

Color-Matching I

Input : A set of colors col, a motif M = (col; mult), and a vertex colored graph (G; ), where
:V(G) ! colis the coloring mapping.

Question : Does there exist a connected induced subgraph of G colored by M , i.e, a subset
VO V(G) suchthat (i) G[V 9 is connected, and (i) (V)= M ?

In other words, we are asked to nd a connected subgraph of G with jM j vertices which is exactly colored
with the colors of M (including multiplicities, if any). See Figure 5.1 for an illustration.
The different vertex colors are used to model different functionalities. Although originally introduced in

a biological context [ , ], it is conceivable that theGRAPH MOTIF is an
interesting problem not only for blologlcal networks, but also may prove useful when studying complex
social or technical networks (this remark is also in [ 1.

5.3 Searching for exact connected occurrences

5.3.1 Polynomial-time and hardness results

The GRAPH MOTIF problem has been shown to be NP-complete even if the target graph Gisatreein|
, ]. The following proposition complete this result (one may easily notice that the GRAPH MOTIF
problem is polynomial-time solvable if  (G) 2).

Proposition 5.3.1 ([ , ) The two following variants of th& RAPH MOTIF problem ar&P-complete
1. the targe(G is a bipartite graph, (G) = 4, and is a propeR-coloring ofG, and
2. the targeiG is a tree, (G) = 3, each color occurs at most three time&irandM is a colorful motif.

We did not succeed in proving that the GRAPH MOTIF problem is NP-complete if the target G is a bipartite
graph, (G) = 3,and is a (not necessarily) proper 2-coloring of G. However, we conjecture this restriction
to be NP-complete.

De ning the precise tractability landscape of the GRAPH MOTIF is of particular interest to strengthen
hardness results. The following proposition shows that the jump in complexity is sudden and con rms that
the second item of Proposition 5.3.1 is the best possible.
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Figure 5.1: A vertex-colored graph (the pancake network of order 4) together with an occurrence (in bold) of
the motif M = fcy;C1;C2;C3;C3;C3;Ca; Cs; Cs; C6Q

Proposition 5.3.2 ([ , 1) TheGRAPH MOTIF problem is solvable in polynomial-time if the target
G is a tree, each color occurs at most two timeGjandM is a colorful motif.

5.3.2 Parameterized complexity

In their pioneered work [ , ], the GRAPH MOTIF problem was proved to xed-parameter
tractable when parameterized by the size of the given motif ( i.e, jM j), in case the target graph is a tree.
However, as observed in [ , ], their xed-parameter algorithm does not apply when the

vertex-colored graph is a general graph. For this case, they only provided a heuristic algorithm which works
well in practice. This motivates us to further investigate the tractability landscape of the GRAPH MOTIF
problem. From our point of view, a notable breakthrough in the study of the GRAPH MOTIF problem for
general graphs is that it is, as we shall see soon, xed-parameter tractable when parameterized by the size
of the motif M [ , ]. This result is important in many ways. For one, it rests on a rm
foundation and paves the way to further xed-parameter algorithms (current approaches are still limited
to motifs of size about 15whereas practical applications do ask for motifs of size about 25-30]
, ], not an order of magnitude difference). For another, it motivates the investigation of the GRAPH

MoTIF problem under different parameters which govern the structure of its input.

At the heart of our approach is the color-coding techniquiatroduced by Alon et al. [ , 1s
whose derandomized version crucially relies on the notion of perfect hash families.

De nition 5.3.3 (Perfect Hash Family [ , 1). LetG be a graph. A famil§ of functions fromv (G)
tofl;2;:::;kgis perfect if for any subseV® V(G) ofk vertices there is a functioh2 F which is one-to-one on
Vo
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Aiming at accurate models, variants of the GRAPH MOTIF problem are greatly needed. To this aim,
Betzler et al.[ , ] replaced connectedness demand by more robust requirements,
and proved the problem of nding a biconnected occurrence of M in G to be W[1]-complete when
the parameter is the size of the motif. This result is of particular importance as it sheds light on
the fact that a seemingly small step towards motif topology results in parameterized intractability.
What about replacing the connectedness demand by modularity? Recall that a modulein a graph
Gis asubsetV® V(G) such that the neighborhoods outside the module of the vertices within
the module are all equal [ , ]. The problem now becomes: Given a
vertex-colored graph G and a motif M, nd a subset V® V(G) such that (i) V°is colored by
M , and (i) V°is a module in G? We do believe this direction is a promising line of research that
we plan to expand in future works (this is actually a direction we are currently pursuing with

F. Sikora). For one, considering modules makes sense in the general setting of graphs motifs.
Indeed, a module is a set of vertices such that each vertex not in the module has a uniform
relationship to all members of the module, i.e, vertices of the module are indistinguishable from
the outside. For another, the notion of modules is shipped with modular decomposition tregse,
an organization in a tree of the strong modulesBelow is an example of a graph together with its
modular decomposition tree

(f1,2:3;4;5,6,7:8,9,10;11 g

flg

Modular decomposition trees should certainly help for algorithm design. Sure enough, replacing
connectedness by the notion of modules is not a strong enough relaxation (is it a relaxation?) to
push the GRAPH MOTIF problem towards tractability (actually, de nitively not!). However, we
expect the modular tree decomposition to be a useful structure to design ef cient xed-parameter
algorithms. At a more general level, there does not exist any precise de nition of what a motif is
(or should be) in a biological network, and hence we think that providing a parameterized toolbox
incorporating several de nitions of graph motifs could be of particular interest for practical
applications.

Our result can be stated as follows.

Proposition 5.3.4 ([ , 1) TheGRAPH MOTIF problem is solvable i#° (k) n2 log(n) time, where
k = jM jandn is the number of vertices in the target gra@h

The GRAPH MOTIF problem is thus xed-parameter tractable when parameterized by jM j. We only
sketch the main ideas to prove Proposition 5.3.4. SupposeM has an occurrenceV®in G, and suppose
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we are provided with a perfect family F of functions from V(G) to f1;2;:::;kg SinceF is perfect, we are
guaranteed that at least one function in F assignsV°with k distinct Iabels Let f 2 F be such a function.
ForagivenL f1;2;:::;kgwe de ne M | (V) to be the family of all motifs M ° M ,jM G = jLj, for which
there exists an occurrenceV ®with v 2 V© such that the set of (unique) labels that f assigns toV ®is exactly
L. SinceM occurs in G, we know that M2 M 15« ¢(v) for some v 2 V(G). To determine whether M
occurs in G, we apply a dynamic programming to compute M | (v) forall v2 V(G)and L 1;2;:::;kg
Now, x L to be some subset off1;2;:::;kg and let v be any vertex of G. Our goal is thus to compute M L(v)
assuming M | o(u) has been preV|oust computed for every vertex u 2 V(G) andany L® L nff(v)g The
straightforward approach is to consider small motifs occurring at neighbors of v. However, a motif occurring
at v might be the union of motifs occurring at any number of neighbors of v, and so this approach might
require exponential running time in  n. We have shown in [ , ] that there exists an alternative
method for computing M | (v) that uses an even more naive approach, but one that requires exponential-time
only with respectto k. Notice that while the motifs computed by our algorithm are in general multisets of
colors, the procedure always considers sets of distinct labels.

The tree-width parameter of graphs [ , ] plays a central role in designing exact
algorithms for many NP-hard graph problems | , ]. Using
tree decompositions and nice tree decompositions of arbitrary graphs (in a somewhat nonstandard way to
tailor- t our purposes), we have shown that the GRAPH MOTIF problem is polynomial-time solvable when
the target graph G has constant tree-width and M consists of a constant number of colors (but arbitrary
number of elements). This should be compared with the sharp hardness result of Proposition 5.3.1 which
states that there are rather restricted classes of graphs, such as bounded degree bipartite graphs, where the
GRAPH MOTIF problem is NP-complete even when M is built over only two colors.

Proposition 5.3.5 ([ , 1) TheGRAPH MOTIF problem is solvable i® 2' 22¢ time, wherd is
the tree-width of the target grapB, andc is the number of distinct colors in the mojifl j.

Although Proposition 5.3.5 gives a nice complementary result to the sharp hardness result of Proposi-
tion 5.3.1, it still leaves a certain gap. The following proposition closes this gap (by the negative).

Proposition 5.3.6 ([ , ]} TheGRAPH MOTIF problem, parameterized by the number of distinct
colorsc in the motifM , is W[1]-hard for trees.

Even if we do believe that the GRAPH MOTIF problem introduced by Lacroix etal.[ , ] has
shed new light on graph maotifs, it suffers from much the same weaknesses as all pure decision problem: it
does not allow for approximate occurrences. The rest of this chapter is devoted to analyzing natural variants
of the GRAPH MOTIF problem that deal with approximate occurrences. As we shall see, the GRAPH MOTIF
problem enjoys several variants (re ecting different points of view) that deserve separate considerations.

5.4 Minimizing the number of connected components

We consider in this section the problem of nding an occurrence of a motif M in a vertex-colored graph that
results in a minimum number of connected components. This problem has been rst considered in [

, ],and [ , ] presents some additional interesting results. We refer to this problem as
the MINIMuUM CC problem (MINIMIZING THE NUMBER OF CONNECTED COMPONENTS). It is formally de ned
as follows.

Input : A set of colors col, a motif M = (col; mult), and a vertex colored graph (G; ).
Solution : AsubsetV® V(G)suchthat (V)= M.
Measure : The number of connected components in the induced subgraph G[V .
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In other words, we are asked to nd a subgraph of G with jM j vertices which is exactly colored with the
colors of M (including multiplicities, if any) that induces a minimum number of connected components. See
Figure 5.3 for an illustration.

Figure 5.2: A vertex-colored graph together with an occurrence (in bold) of the motif M =
fcy;c1;Co; C3;C3; Cq; Cs; Cegthat results in two connected components, i.e, fci; Co; C3; Cs; Cggand fcz; C3; CsQg

5.4.1 Algorithms and hardness

It turns out that the MINIMUM CC problem is the most dif cult variant of the  GRAPH MOTIF problem if one
focuses on graph classes. Let us explain this point. We need some new de nitions. De ne an isogramto be a
word in which no letter is used more than once, and a pair isogramo be a word in which each letter occurs

is called pre x (resp. suf x) if wy (resp. wg+ 1) is the empty word. Strongly related are proper 2-colorings. A
proper2-coloringof a pair isogram u is an assignmentf of colors c¢; and c; to the letters of u such that every
letter of u is colored with color c¢; once and colored with color c; once. If two adjacent letters x and y are
colored with different colors we say that there is a color changbetweenx and y.

Example 2 Consider the pair-isogram u = abbcddeecafggfhh . A cover C of u of size 4 is given by
C = (ab;de; c; gfh ) and the associated proper 2-coloration of u is given by

u=a b bcddeecafgugfh h
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A word u is said to be crossing-free (resp. inclusion-free) if there do not exist indices 1  i; <
ip <iz<ig jujsuchthatuli;]= uliz] & uliz] = u[is] (resp.ufi1] = ufis] & ufiz] = uliz]).
Does there exist a polynomial-time for computing a minimum cardinality cover of a crossing-free
pair isogram? What about inclusion-free pair isograms?

cd

How approximable is the MiNIMuM CC problem for paths?

The 1-REGULAR-2-COLORS-PAINT-SHOP problem is de ned as follows (see [
, ] for the general PAINTSHOP-FOR-WORDS problem): Given a pair |sogram

u, nd a 2-coloring f of u that minimizes the number of color changes in (u;f). Bonsma [ , ]
proved that the 1-REGULAR-2-COLORS-PAINT-SHOP problem is APX-hard. Combining this with the fact
that a minimum cardinality cover of a pair isogram cannot be both pre x and suf x (see [ , D,

we have obtained the following result.

Proposition 5.4.1 ([ , 1). TheMiNIMUM CC problem isAPX-hardeven ifM is colorful and the
target graphG is a path in which each color appears at most twice.

Quite a negative result! The following proposition moderates the above proposition.

Proposition 5.4.2 ([ , ]). TheMiNIMuM CC problem for paths is solvable @(n°* 4) time, wheren
is the number of vertices in the path aads the number of distinct colors in the mokf .

Focusing on trees, we have obtained the following positive and negative results (the positive results
being actually exponential-time algorithms).

Proposition 5.4.3 ([ : 1). There exists a constant> 0 such that theMiNniMum CC problem for trees
cannot be approximated within performance ratlog(n), wheren is the number of vertices in the tree.

Proposition 5.4.4. TheMINIMUM CC problem for trees is solvable@(n?k(¢* 1P+ 1) time, wheren is the number
of vertices in the tred is the size of the motf , andc is the number of distinct colors i .

Proposition 5.4.5 ([ , ]). TheMiNniIMuM CC problem for trees is solvable@(nZZ%) time, where
n is the number of vertices in the tree.

5.4.2 Parameterized complexity

Extending our result (Proposition 5.3.4), we have shown the MiNiIMUM CC problem for its standard parame-
terization to be xed-parameter tractable as well.

Proposition 5.4.6 ([ : 1). TheMiNniMuM CC problem is xed-parameter tractable when parameterized
by the size of the motif.
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The O(4:3%k?m jlog(")j) time algorithm of [ , ] uses (to speed-up the dynamic
programming procedure) the technique of fast subset convolutionThis novel technique was
developed by Bjorklund et al.[ , ], who used it to speed-up several dynamic
programming algorithms including the algorithm by Scott etal.[ , ] for computing
minimum weight size k trees in signaling networks.
From our point of view, xed-parameter algorithmic results should support implementation
and experimental work. It would be of particular interest to investigate whether the recently
introduced subset convolution technique, which so far has been studied purely from a theoretical
point of view, also yields a signi cant speed-up in practice.
A similar question may be asked as to how much color coding techniques [ ]
support implementation. (indeed, it turns out that the  O(4:3%k?m jlog(")j) time algonthm of
[ , ] increases the number of colors that are used for color-coding in order to
increase the probability of an occurrence of M to receive a colorful recoloring, see [ ,
]). Is anybody aware of any implementation of perfect hash families to derandomize this
approach? | suspect there isn't one, most approaches use a randomized color procedure and not
perfect hash families. However, recent research on |mplementat|on on (randomized) color-coding
based graph algorithms [ , ; , ; , ] are, undoubtly,
positive experiences.

Our result is now superseded by [ , ] where it is shown (in a clever way) that the MINIMUM
CC problem can be solved with error probability " in O(4:3%k?m jlog(")j) time, where K is the size of the
motif M and m is the number of edges in the target graph (see thinking note page 58).

The following proposition shows a sharp contrast in complexity if one considers the number of connected
components as the parameter of interest.

Proposition 5.4.7 ([ , 1). TheMiNnIMUM CC problem isW[2]-hard when parameterized by the
number of connected components, even if the target deaiglta tree.

It is worth mentioning that, answering an question we have raised in [ , ], N. Betzler etal.
[ , ] have recently proved the MiNiIMuM CC problem to be W[1]-hard only for paths (proof
from the W[1]-hard PERFECT CODE problem).

5.5 Maximizing the size of the connected occurrence

We now turn to another variant of the GRAPH MOTIF problem where one is interested in obtaining a single
connected component (as in the original GRAPH MOTIF problem) at the cost of “ loosingsome colors. Several
de nitions actually would perfectly t to this. We focus here on nding a connected occurrence that uses as
much as possible colors from the motif (see next section for other possible de nitions). We have introduced
this variant of the GRAPH MOTIF in [ . ] and we refer to it as the MAXIMUM MOTIF problem.
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Figure 5.3: A vertex-colored graph together with an maximum cardinality occurrence (in bold) of a submotif
M ©= fcy;c1;Co;Ca;Ca;Ca; Cs; Co; Co; gof the motif M = fcy;€y;Co;Ca;C3;Ca;Ca;Cs; CoiCoi

Maximum Motif '

Input : A set of colors col, a motif M = (col; mult), and a vertex colored graph (G; ).

Solution : AsubsetV® V(G) such that (i) G[V is connected, and (i) (V% = M °for some
submotif M © M

Measure : The size ofM 9 i.e, jM 9.

Intuitively, the MAXIMUM MOTIF problem thus asks for the largest submotif M © M that occurs in G as
a connected component. See Figure 5.3 for an illustration. Being a mere restriction of the GRAPH MOTIF
problem, the MAXxIMUM MOTIF problem is NP-complete as well | , ].

5.5.1 Algorithms and hardness

Not surprisingly, the MaxiMuM MOTIF problem is hard to approximate. The following proposition prove
that the MAXIMUM MOTIF problem does not enjoy a PTAS even for trees and colorful motifs.

Proposition 5.5.1 ([ , 1). TheMaximum MoTIF problem isAPX-hardeven if the motif is colorful,
the target graph is a tree with maximum deg&end each color occurs at most twice in the tree.

It is worth mentioning that we do believe Proposition 5.5.1 not to be tight since we seriously doubt the
MAxIMUM MOTIF problem for colorful motifs and trees with bounded number of occurrences of colors to
be even in APX. The following proposition supports this sentiment (the rather technical proof is by the
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self-improvement technique, see for example [ , ; , ; , ] to see
this powerful technique in action).

Proposition 5.5.2 ([ , 1). For any constant < 1 , the MAXIMUM MOTIF problem for trees and
colorful motifs cannot be approximated within performance r2#h ", unlessNP ~ DTIME [2Poylog n],

First, notice that NP 6 DTIME [2P°¥!°9 "] is considered to be a reasonable complexity hypothesis (and is
actually widely believed to be true). It is also worth noticing that, as we have shown in [ ,
substituting the complexity hypothesis NP~ DTIME [2P°Y!09 n] by the classical P = NP yields i mapproxma—
bility within a constant ratio. Second, the only difference in the instances between Proposition 5.5.1 and
Proposition 5.5.2 is that the number of occurrences of each color is xed in the former. Although at rst odd,
we believe that this restriction is not stronger enough to imply membershipto  APX.

5.5.2 Algorithms and parameterized complexity

In the light of the negative results for approximating the MAXIMUM MOTIF problem, we turn to exponential-
time algorithms and parameterized complexity. We gave in [ , ] two exact branch-and-bound
algorithms for the MAxiIMUM MOTIF problem in case the target graph is a tree. The two results are summarized
in the following proposition.

Proposition 5.5.3 ([ , 1). The MAXiIMuM MoTIF problem for trees of size can be solved in
0(1:62" poly(n)) time. In case the motif is colorful, the time complexity reduc&3(ti33" poly (n)).

Based on the color-coding technique and perfect hash families [ , ], we have considered
in| , ] parameterized issues of the MAxiIMuM MOTIF problem. Our results can be stated as
follows.

Proposition 5.5.4 ([ , 1). TheMaxiMmum MOTIF problem for trees witim vertices is solvable in
O(k2¥n2log n) 2°(k) time, wherek is the size of the submotif occurring in the tree. For general graphs of oy tlee
MAXIMUM MOTIF problem is solvable i®(2%% kn 2 log? n) 4° () time, wherek is the size of the submotif occurring
in the graph.

One should admit that our parameterized results are still far from being able to support implementation.
However, we believe that the color coding approach reaches its limits here and that improving the running-
time of our algorithms requires different techniques.

5.6 Further variants

This short section is devoted to brie y presenting further variants of the GRAPH MOTIF problem we are
interested in. Indeed, as stated in the preceding section, relaxing the GRAPH MOTIF problem to allow for
approximate solutions may lead to distinct combinatorial problems (the MiNniMum CC and MAXIMUM MOTIFS
problems are two such possibilities). We are especially interested in variants where one is searching for
a single connected component at the cost of loosing/adding/modifying some colors as it seems that this
requirement is well-suited for practical applications.

The MINIMUM DELETE MOTIF problem: Find a submotif M © M that occurs as a connected component
in the target graph. The optimization is concerned with deleting a minimum number of colorsin M .

The MINIMUM ADD MOTIF problem: Find a supermotif M © M that occurs as a connected component
in the target graph. The optimization is concerned with adding a minimum number of colorsto M , or
equivalently minimizing jM 9.
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The MINIMUM SUBSTITUTION MOTIF problem: Find a motif M °(related to M ) that occurs as a connected
component in the target graph. The optimization is concerned with modifying a minimum number of
colorsin M to obtain M ©.

Being mere variants of the GRAPH MOTIF problem, all these variants are of course NP-complete (actually, it
turns out that they are all APX-hard or not approximable). However, they correspond to different questions
one may ask for connected motifs. Hereafter we mention some thoughts about these three problems.

In terms of optimal solutions, the MaxiMuM MOTIF and the MINIMUM DELETE MOTIF problems are
clearly equivalent. The comparison stops there. Indeed, considering approximation, dual combinatorial
problems usually enjoys opposite properties (this is not a rule, | admit, only a trend). As for the
parameterized complexity, the two problems seem to behave radically differently. Without going into
the details, we just mention that, oppositely to the MaxIMUM MOTIF problem, the MINIMUM DELETE
MoTIF problem for its standard parameterization is not xed-parameter tractable.

The MINIMUM ADD MOTIF problem seems to be more well-suited than the MiNiIMuM CC problem for
most applications. Indeed, in the MiNniIMuM CC problem, the focus is on the number of connected
components, regardless whether these connected components are arbitrary far in the graph. In some
sense, theMINIMUM ADD MOTIF problem allows us to control this aspect by putting the focus on the
number of colors to add to the motif to connect all those connected components into a single one.

Although being a natural variant of the GRAPH MOTIF problem, the MINIMUM SUBSTITUTION MOTIF
problem is quite intriguing from an algorithmic point of view as it seems to add one level of freedom.
Interestingly enough (but unfortunately), the MINIMUM SUBSTITUTION MOTIF problem parameterized
by the number of substitutions is W[2]-hard.

5.6.1 Practical issues

As we have seen in this chapter, we are still far from being able to provide a complete algorithmic toolbox
to deal with the many avors of the GRAPH MOTIF problem. Most xed-parameter algorithms (including
ours) do not support implementation yet. However, bridging the gap between theory and practice is greatly
needed for practical applications.

A rst step towards providing an integrated algorithmic solution isthe = TORQUE web server [

, ] (it implements the algorithms in [ , ] for querying protein sets across species).
TORQUE combines three approaches: a dynamic programming method utilizing color coding, integer linear
programming and a fast heuristic based on shortest paths. Quoting the authors [ , ]:
“TORQUE automatically selects the best method to apply at each stage and outputs the highest scorihg match
Actually, there is no magical trick, TORQUE relies on color coding if the motif is small enough (about 15
elements) and switches to linear programming otherwise.

In collaboration with G. Blin and F. Sikora, we have also developed an integrated algorithmic toolbox,
named GraMoFoNe, to deal with the many avors of the GRAPH MOTIF problem [ , ]. Notice
that, oppositely to TORQUE, GraMoFoNe is not a web server but a plugin for the popular cytoscape
open source platform (http://www.cytoscape.org/ ). Another notable difference with  TORQUE is that
GraMoFoNe does not combine two techniques (color coding and linear programming) but uses boolean linear
programming. The rationale for this choice is twofold. For one, equipped with such a framework, TORQUE
is superseded by GraMoFoNe in terms of modeling as it allows to consider most variant of the GRAPH MOTIF
problem (TORQUE is indeed limited to colorful motifs). Without going into the details, it is worth noticing
that TORQUE and GraMoFoNe notably differ in the consideration of the connectedness property: whereas
TORQUE simulates a ow algorithm and hence does need linear programming, GraMoFoNe simulates a
breadth rst search (BFS) procedure that can be performed by boolean linear programming. For another,
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Figure 5.4: Screenshot of theGraMoFoNe software: Querying the mouse DNA synthesome complex in the
yeast PPI network (see [ , D-

GraMoFoNe uses a pure pseudo-boolean programming engine together with some data reduction rules to
speed-up the computations. See Figure 5.4 for a screenshot ofGraMoFoNe in action.

TORQUE and GraMoFoNe perform more or less the same in terms of performances for moderate size tree
motifs (GraMoFoNe is, however, not limited to trees). They also suffer from the same drawbacks: they are
not able to deal with large motifs. However, GraMoFoNe is by far more scalable and is completely integrated
in the cytoscape software (and hence can be easily used in combination with other cytoscape plugins). Itis
a challenging and important problem to improve GraMoFoNe so that it can tackle motifs of size about 30.
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6.1 Introduction

This short chapter is devoted to a somewhat more classical view of pattern matching in protein-protein
interaction (PPI) networks. Comparative analysis of PPI tries to determine the extent to which protein
networks are conserved among species. Indeed, it was observed that proteins functioning together in
a pathway (i.e, a path in the interactions graph) or a structural complex ( i.e, an assembling of strongly
connected proteins) are likely to evolve in a correlated fashion and during evolution, all such functionally
linked proteins tend to be either preserved or eliminated in a new species [ , ]-

The classical view of PPI network querying is as follows: Given a PPI network and a pattern with a
graph topology, nd a subnetwork of the PPI network that is as similar as possible to the pattern, in respect
to the initial topology. Similarity is measured both in terms of sequence similarity and graph topology
conservation.

Unfortunately, this problem is clearly equivalent to the NP-complete SUBGRAPH HOMEOMORPHISM
problem [ , ]. Recently, several techniques have been proposed to overcome the
dif culty of this problem. By restricting the query to a path of length less than ve, Kelley etal [

, ] developped PathBlast, an exponential-time algorithm which allows one consecutive mismatch.
Later on, Shlomi etal [ , ] proposed an alternative, called QPath, for querying paths in a PPI
network (the algorithm is based on the color coding technique [ , ]). By restricting the query to
atree, Pinteretal [ , ] proposed an algorithm that is restricted to forest PPI networks, i.e,
collection of trees. Finally, Dost et al [ , ] developed QNet, a software to handle tree query in
the general context of PPI networks. Of particular importance, [ , ] proposed an algorithm
based on tree-decomposition for querying general graphs.

Indisputably, QNet is the state-of-the-art software to query PPl networks. Let us thus present it brie y
(more precisely, let us present the implemented part of QNet since, as we shall see soon, this distinction
is crucial in the present context). QNet is a xed-parameter tractable randomized algorithm for querying
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trees in (general) PPI networks. The complexity is m2°() Jog( - 1) time, where k is the number of proteins
in the query, m the number of edges of the PPI network and 1- s the probability of success (for any

> 0 ). Following the example of QPath, QNet combines (in a non-trivial way) a dynamic programming
procedure together with the color-coding technique. This completely described the implemented part of
QNet. However, QNet is shipped with an additional algorithm to query general graphs in PPI networks.
At the heart of this algorithm is a procedure to transform the query graph into a tree (the technique is by
tree-decomposition [ , D). The running time is 2°()n' *1 where ! is the tree-width of the
guery graph (recall, however, that computing the tree-width of a graph is NP-complete [

). A word of caution is necessary here. Indeed, the authors were not be able to implement this algonthm

(this is probably due to its inherent dif culties at dealing with tree-decomposition). Nevertheless, even
if they would succeed in implementing it, we highly suspected the huge constants hidden by the big- O
notation to make it useless.

This chapter is devoted to presenting an effectivealternative to QNet called PADAL (I am not being held
responsible for this Star Wars name!). It is organized as follows. Chapter 6.2 is intended to motivate our
investigation. Chapter 6.3 is devoted to practical considerations of our contribution.

6.2 A feedback vertex set approach

PADAL [ , ] is an effective network querying algorithm that extends QNet to more general
query graphs. Following the example of QNet, PADAL is a two-step procedure: it rst transforms the query
graph into a tree and next uses that tree to effectively perform the query. Notice that it allows for insertions
and deletions in the occurrence. While both QNet and PADA1 use a tree-like query, the two algorithms use
totally different approaches. Indeed, whereas QNet is based on tree-decomposition, PADAL focuses on the
fact that most query graphs have relatively small feedback vertex set in practice (recall that a feedback vertex
set is subset of vertices whose removal leaves us with a cycle-free graph).

Finding a smallest feedback vertex set is a well-known NP-complete problem [ ].
The current implementation of PADA1 transforms the query graph into a tree by iteratively nding a cycle
duplicating (and storing) a node on that cycle and nally breaking the cycle by edge deletion. More ef cient
approaches, including iterative compression [ , ] and reduction to kernel [ , ], may
be used to identify a feedback vertex set and transform the query graph into a tree, but experimentations
show that our “ brute-forc&algorithm turns out to be the fastest in practice. Indeed, (i) iteratively nding
cycles relies on a fast BFS search (®(n + m) time procedure), (ii) the feedback vertex set of most real
instances is very small, and nally (iii) nding an occurrence of the constructed tree into the PPI network is
de nitively the most time-consuming part of our approach.

The second step of PADAL consists in nding an occurrence (allowing insertions and deletions) of
the constructed tree into the PPI network. Our approach is by combining random coloring and dynamic
programming (see [ , ] for details). The main dif culty in this second step is to take into
account all those duplicated vertices, and more precisely to group process all the copies of a same vertex
(done by dynamic programming in the current implementation).

On the whole, the complexity of PADAL is O(mnifiN 420 (k*Nus) jog( - 1)) time, where k is the number
of proteins in the query, m the number of edges of the PPI network, 1- is the probability of success (for
any >0 ), Njns is the maximum number of insertions N ge is the maximum number of deletions, and f is the
feedback vertex identi es in the very rst part of the algorithm. Of particular importance, observe that the
time complexity does not depend on the total number of duplicated nodes but on the size of the identi ed
feedback vertex set (good, exactly what we were looking for).
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6.3 Practical issues

We brie y discuss practical issues of PADAL. Since we wanted PADAL to be an effective alternative to QNet,
we have confronted our results in [ , ] with thoses obtained by QNet. PADA1 has proved to
perform as well as QNet (we refer the reader to [ , ] for details). For example, our second
experiment was performed across species. The Mitogen-Activated Protein Kinase (MAPK) is a collection
of signal transduction queries. According to [ , ], they have a critical function in the cellular
response to extracellular stimuli. They are known to be conserved through different species. We obtained the
human MAPK from the KEGG database [ , ] and tried to retrieve them in the y network
as done in QNet. While QNet uses only trees, we were able to query general graphs (See Figure 6.1 for an
illustrative output of PADAL). The results were quite satisfying since we retrieved all of them, with only few
modi cations.

Figure 6.1: An automatic dot le generated by PADAL (verbose output omitted). Left: A MAPK human query

[ , ]. Right: The alignment graph given provide by PADAL in the y PPI network. Dashed
lines denotes the BLAST homology scores between the proteins. See [ , ] for a discussion on
this particular query.
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Introduction

The third part of this manuscript is concerned with comparative genomics. The combinatorial study
of genome rearrangements started with permutations, but permutations lack the possibility of taking
duplicationsinto account. Duplications are however a major evolutionary event, believed to be one of the
most important mechanisms for novel generations in evolution, and almost all datasets on eukaryotes
contain duplicated genes (see e.g. | , ). An appropriate tool for studying genomes with duplicated
genes was therefore needed, andstringsare a very natural generalization of permutations that t this purpose
well. It allows to add two possible rearrangement events: duplicationsand deletions We shall see in this part
that NP-completenessand even inapproximability results are very numerous. The subject was surveyed in
2005 by [ ]. The most up-to-date reference to this eld is our recent monograph [ ,

]

Biological motivations

Duplications can occur at several levels, ranging from the duplication of a single gene or small segment of
DNA to the duplication of a whole chromosome, and even whole genome duplications are known to occur.
These evolutionary events result in genomes in which where some markers are undifferentiable, and we call
them duplicated genes

Given a set of genomes, all copies of a given gene among those genomes are said to bédomologouswhich
means that they originate from a common ancestral gene, and form a gene family The presence of two copies
of a gene in a set of genome may be explained by speciatiorevents, that is, the apparition of two distinct
species, each genome carrying the gene; it can also be explained byduplicationevents, which result in two
copies of a gene in the same genome. The relationships of the copies of a gene in a gene family can thus be
of several type. Two copies of a gene are said to beorthologousf they derive from a speciation event, and
Paralogousf they derive from a duplication event. Given two genomes and a gene family, a distinction is
made between out-paralogswhich are paralogous gene copies which derive from a duplication that occured
beforehe last common ancestor of the two genomes, and in-paralogs that derive from a duplication that
occured afterthe last common ancestor. Note that the name geneis classically a bit ambiguous, as it refers
either to a family (there are several copies of a same gene in the genomes), or to copies (two genes may
derive from a duplication).

Those different situations motivate and justify the use of the models we will consider in this part. Indeed,
when comparing two sequences under the assumption that all copies of a given element in a single string are
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in-paralogs, the goal will be to identify the position of the unique ancestor. If there can be out-paralogs, then
the goal will be to detect orthologs by matching some copies. The distances between two strings will vary
according to which model is chosen. Every combinatorial problem we have seen so far can be reformulated
in terms of strings, but the algorithmic treatment is usually completely different. For instance, the breakpoint
graph, which is a ubiquitous objects when dealing with permutations, is not used on strings, in spite of some
attempts to de ne them in the case of whole genome duplications by [ , 1

How to deal with multiple copies?

Two strings on the same alphabet that contain the same number of occurrences of each gene family are said
to be balancedTwo balanced strings obviously have same length. This property ensures that it is possible to
transform one string into another without deletions and duplications as rearrangements.

It is not equally dif cult to take into account multiple copies when considering two balanced or two
general (that is, not necessarily balanced) strings. By convention, balanced strings are supposed to contain
only out-paralogs, which means that each of the h members of some gene family present on each string Sand
T originates from one of the h members of the same gene family present on their last common ancestor. The
dif culty is then to identify (that is, to match) the pairs of members, one on each string, which originate from
the same member of the last common ancestor {.e. are orthologous). On the contrary, general strings allow
to assume the existence of both out-paralogs and in-paralogs on each string, so that deletion and insertion
events have to be considered additionally to the rearrangement events when comparing general strings. The
assignation of ortholog pairs of genes given two strings reduces to nding a matching between them.

While comparing two strings u and v, a matching between u and v is aimed at representing the common
composition of the strings, as supported by their last common ancestor and regardless of (but without losing
touch with) the order of the characters. Any pair of matched characters is then assumed to correspond to
orthologous genes, while the unmatched characters are supposed to be in-paralogs. Here rearrangement
studies meet the important problem of ortholog identi cations. The members of the same gene family
present on the same string and which are matched are out-paralogs. In order to distinguish out-paralogs
from each other, arelabelingmay be performed, which gives new and distinct names. to out-paralogs and
renames the orthologous of each out-paralog accordingly. The last step of such a treatment of the strings is
the obtention of a pruning. The good news at this stage is that if we assume the relabeling is done such that
the characters in the pruned strings are integers, both strings are permutations and may be compared using
the usual distances on permutations.

Now, going back to our initial question “ How to deal with multiple copies®vo answers are available: either
de ne a collection of possible rearrangement and compute the minimum number of operations needed to
transform one genome into the other, or reduce genomes to permutations using matchings and pruning and
then compute the distance (or (dis)similarity) between the permutations. We refer to these two approaches
as theblock editmodel and the match-an-prunanodel , respectively. Part Ill of this manuscript is devoted
to the match-and-prune model. For a thorough introduction to the block edit model we refer the reader to

[ : 1.
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7.1 Introduction

This chapter is devoted to algorithmic aspects of the match-an-prunemodel for genome rearrangements.
All problems follow the same guideline: start with two genomes with duplicate genes, i.e, strings, and
transform them into two permutations (by means of some special matching between the two genomes)
S0 as to optimize a given distance or (dis)similarity measure. The rationale for this guideline is that most
distances and (dis)similarity measures (more precisely those that are of interest in comparative genomics)
are computable in polynomial-time for permutations. The dif culty of the problem is thus to compute a
“goodtransformation.

This chapter is organized as follows. Section 7.2 presents the relevant material thus making our exposition
self-contained. Section 7.3 is concerned with complexity issues of genome comparisons and we discuss in
Section 7.4 a family of fast general heuristics to cope with intractability.
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7.2 From genomes to permutations .. .and back

7.2.1 Genomes

A signed genome is a string over the alphabet of integers (excluding 0, to avoid having to write +0 and
- 0). An unsigned genomis de ned analogously by forbidding negative integers, this is a thus string over
the alphabet of positive integers. In the context of comparative genomics, we refer to the letters of G as
genegthe sign denotes the orientation of the gene). We follow standard string terminology and the size of a
genome G is denoted jGj. We write GJi] for the gene at position i in G,1 i jGj, and we denote its sign
by sign(GJi]). A gene familyof G is a positive integer that occurs in G regardless of its sign (here are those
famous duplications we are interested in). We will denote by F(G) the set of gene families that occur in G.
For simplicity of notation, we write g 2 Gif g 2 F(G) (thus we may write g 2 G even if the gene g occurs
only negatively in G). We will denote by jGjg the number of occurrences of a gene family g 2 G, and we let
deg(G) stand for the maximum number of occurrences of a gene family in G, i.e, deg(G) = maxfjGjg : g 2 Gg
Of particular importance, notice that deg(G) is computed independently of the signs of the genes. A genome
Gis duplication-fredf jG[i]j 6 jG[j]jforall 1 i<j |Gj. In other words, a genome is duplication-free if any
gene occurs exactly once, regardless of its sign.

Example 3 ForgenomeG=1- 423 - 12 wehave F(G) = f1;2;3;4|Gj1 = 2,|Gj; = 2,iGjs = 1,jGjs = 1,
and hence deg(G) = 2. On the other hand, genome H =- 2 - 1 35 4is duplication-free. |

Let G be a duplication-free genome of sizen,andi andj,1 i<]j n. If g = G[i]and g°= GJj], the
distancebetween geneg and gene g°in G, denoted dist(G; g; g9, is de ned by dist (G;g;9% = j - i.

De nition 7.2.1 (Pegged genome) A genomeG is pegged if each interval between two genes in the same gene
family contains at least one singleton (a gene that occurs exactly ofi@e in

Pegged genomes have the interesting property that singletons act as markers helping to uniquely identify
each occurrence of a non-singleton by its position with respect to these markers.

7.2.2 Permutations

stand for the symmetric groups on f0;1;:::;ng A permutation of sizen is a bijection :S,! S,. A
classical notation used in combinatorics to denote a permutation is the two-row notation, where one
arranges the “natural’ordering of the elements being permuted on a row, and the new ordering on another
row. For example,
1 2 3 45
25 4 31
stands for the permutation  of the setfl;2;3;4;5denedby (1)=2, (2J=5 (3)=4, (4= 3,and
(5) = 1. We will, however, adopt the more convenient — and standard — one-row notation that keeps only
the second row. Going back to our example, =(254 3. Theidentity permutation(1 2 ::: n) is denoted ,
regardless ofn.
The compositiorof two permutations ; 2 S,, denoted , is de ned by =, L)
Forexamplefor =(3142and =(4132,wehave =(2341). Theinverse permutatiomf 2 S,
is the permutation - 'denedby :l=iforall i n.

I
Signed permutations model the organization of genomes better than unsigned permutations, because they

ofthe setf- n;:::;-2;- 1;1;2;:::;ngsuchthat .; =- forall 1 i n. The one-row notation is also
used for signed permutations. For example, the permutation

-5 -4 -3 -2 -1 1 2
-5 3 -1 4 2 -2 -4

3 4 5
1 -3 5
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is simply written =(- 2 - 41 - 35).

We recall here some basic de nitions about permutations (we refer the reader to [ , ] for general
combinatorial aspects of permutations and to [ , ; , ] for
applications to comparative genomics).

De nition 7.2.2 (linear extension). Thelinear extension of a (signed or unsigned) permutation2 Sy is the
permutation ' 2 S, denedby ' =(0 ; ,::: ,n+1).

De nition 7.2.3. Let ' be the linear extension of a (signed or unsigned) permutati@nS , . A point is an ordered
pair( !; 1,,),0 i n.Thispointis called
anadjacencyif !, = !+1,

areverse adjacencyif |,,; = |- 1,

abreakpoint if it is not an adjacency, and
astrong breakpoint if it is neither an adjacency nor a reverse adjacency.

De nition 7.2.4 (Interval (in a permutation)) . An interval in a (signed or unsigned) permutation2 S, is a set
I=1 ij;J i+afs::5505j91 i j  n.Theelements; and ; ofl are called thextremities of the interval.

De nition 7.2.5 (Common interval) . Aninterval | is acommon interval of permutations; 2 S, ifitisan
interval of both and .

Incase = ,aninterval | = fj ij;j i+1j;::55) jjg1 i j n,isacommoninterval of and if |is
a set of consecutlve integers. The number of common intervals of two permutations and is denoted
Ci(; ).For; 28S,,itiseasilyseenthatn+ 1 CI(; ) > +n, The lower bound is attained, for
example, ifwetake =(12349and =(2413or =(3142 (the excluded patterns of separable
permutations [ , 1. The upper bound is attainedfor = or =( , ::: 2 1).

7.2.3 Turning a genome into a permutation

How to deal with multiple copies? The match-and-prune model addresses the following question, which
arises naturally when trying to discover the relationships between two genomes G and H: how can we take
into account, when comparing genomes with duplicates, that the structure of the last common ancestor of G
and H plays an important role in the evolutionary distance between the two genomes? As this structure is
unknown, unless we have very good reasons to conclude we can afford to keep it unknown, the solution is
to attempt to model it.

Three (sub)models are used to this aim. They have essential differences and essential common points. The
differences come from different assumptions with respect to composition of the last common ancestor. The
main common point is the method to compute measures (distances and similarities) between strings, which
only takes into account their common composition, as identi ed by the composition of the last common
ancestor. Speaking about the differences, the three models have the following features. In the exemplar
model, the last common ancestor is assumed to contain exactly one member of each gene family which has
members both on G and H. In the intermediate modelthe last common ancestor is assumed to contain at least
one members of each gene family which is common to G and H. Finally, in the full model the last common
ancestor is assumed to contain as many members as possible from any gene family.

We want to draw the attention of the reader on the fact that the intermediate introduce a level of dif culty.
Indeed, observe that for the exemplar and full models, we know in advance the size of the resulting
permutations as we keep exactly one gene or as many genes as possible from each gene family. The situation
is different for the intermediate model as we do not know in advance how many genes of each gene family
will be kept in an optimal solution.
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The history of these three models starts with Sankoff's paper [ , ], who put the basis of
the exemplar model and, in the same time, of the most general match-and-prune model. Besides its
biological motivations, Sankoff's idea has two important features, that make it attractive. Reducing to one
the cardinality of each gene family in each string implies that (1) the resulting strings are permutations, and
computing distances on permutations is both already studied and often polynomial; and (2) the one-to-one
correspondence of genes in the same family on the two strings is obvious, and thus may avoid further
complications. The next model to be de ned was the full model, whose rst ideas are suggested in Sankoff's
paper [ , ] and that was more precisely de ned by [ , ] for balanced strings.
The most recent one is the intermediate model we have introduced in [ , ]-

De nition 7.2.6 (Matching). LetG andH be two genomes. satching M betweerG andH is a set of pairs
M = f(i1;1); (i2:02) 055 (s )9 Po(FL250:0Glg £152;:005jH)9
such that
1. jGJi]j = jH[j]j for all pairs(i;j) 2 M , and
2. if (iy;j1) and(i) o; i o) are two distinct pairs oM , thenl 6 1°.
The2k genes5[i1]; Gliz];::: Glik]; H[i1]; H[i2];:: : H[ik] are said to beaturated by the matchingv .
Notice here that we do allow GJ[i] and HJj], (i;j) 2 M , to have opposite signs. In the sequel, it will be
enough to focus on compatible genomes as de ned below.
De nition 7.2.7 (Compatible genomes). Two genome& andH are said to beompatible if F(G) = F(H).

De nition 7.2.8 (Exemplar, intermediate and full matching) . A matchingM between two compatible genomes
G andH is anintermediate matching if M saturates at least one gene of each gene fanf{Gf= F(H). An
intermediate matching is called @&xemplar matching (resp.full matching ) if it is of minimum (resp. maximum)
cardinality.

Roughly speaking, intermediate matchings correspond to standard matchings in graphs (in bipartite
graphs here) whereas exemplar and full matchings have additional constraints. In other words, exemplar
and full matchings are in intermediate matchings.

Example 4 Consider the two following compatible genomes G and H:
G=12-4-2314- 34
H=41-3-22124

with F (G) = f1;2; 3; 9= F(H).
1. The matching M = f(1;2);(2; 4);(5;3); (6;6); (7; 8)gis an intermediate matching, and the pruned genomes

Gm and Hy induced by M reduce to (indices ; and , are used to disambiguate the induced mapping and
clarify the presentation):

Gwm
Hwm

1,23, 4
1, -3-21 4

The associated permutations (according to a relabeling sothat . = ) are thus given by:

G:M :(12345
ww =(1-3- 2459,
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2. The matching M °= £(1;2);(2; 4); (5; 3); (9; 8)gis an exemplar matching. The pruned genomes Gy o and
Hw o induced by M °reduce to:

Gmo=1234
Huo=1- 3- 24

The associated permutations (according to a relabeling so that . o = ) are thus given by:

G:M 02(123‘9
H;M D:(l' 3 - 24)

3. The matching M %= f(1;6);(2;7);(3;1); (4;5);(5; 3); (6;2); (9; 8)gis a full matching. The pruned genomes
Gm oand Hy oinduced by M Creduce to (once again, indices, and , are used to disambiguate the induced
mapping):

GMOOZ 1a2a - 4a - 2b31b4b
Huvo=4y1, - 32 15 25 4a

The associated permutations (according to a relabeling so that . « = ) are thus given by:
ecmo=(12-3- 4567
Hmo=(7654123. |

It is now a simple matter to see that exemplar, intermediate and full matchings coincide if deg(G) = 1or
deg(H) = 1,i.e, Gor H are duplication-free.

De nition 7.2.9 (M gxpi(G; H), M int(G; H), and M ¢ (G; H)). For any two compatible genom@sandH, we let
M expi(G; H) (resp.M it (G; H), M i1 (G; H)) stand for the set of all exemplar (resp. intermediate, full) matchings

betweerG andH.
The following de nition will facilitate the exposition of subsequent sections.

De nition 7.2.10 ( expi(G;H), int(G;H), and 1y (G; H)). For any two compatible genom@sandH, we de ne
expl(GiH), int(G;H) and 1 (G; H) by:

expl(GiH) = f( gm 3 1M ) M 2M (G H)g
int(GH)=f( gm: Hm) M2M i(G;H)g and
al(GH)=f( gm; wm)  M2M (G H)g

The set ¢ (G;H) (resp.  int(G;H), 1 (G;H)) is thus the set of all permutations that correspond to
valid exemplar (resp. intermediate, full) matchings between G and H.

7.3 Comparing two compatible genomes

7.3.1 Introduction

We are now ready to compare genomes with respect to the match-and-prune model. Given two genome G
and H, our steps will be

1. nd an matching (exemplar, intermediate or full) M between Gand H,
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2. Construct the associated permutations gum and y.m , and

3. Compute the distance, similarity or dissimilarity measure we are interested in between gu and
H;M -

Let and be two signed permutations. We will focus in this section on the following standard measures:

the breakpoint distanceetween and , denoted BK(; ), is the number of breakpoints between !

and '.

the signed reversal distandeetween and , denoted SR ; ), is the minimum number of signed
reversals to transform into , where a signed reversal is the operation of reversing an interval of
(together with signs).

the adjacency similaritpetween and , denoted ADJ(; ), is the number of adjacencies between '
and .

the common intervals similaritppetween and , denoted CI(; ), is the number of common intervals
between and

the MAD and SAD numbers whose precise de nitions are deferred to the related subsection.

7.3.2 Breakpoint distance

Together with the signed reversal distance, the breakpoint distance is one of the rst applications of Sankoff's
exemplar model. The two distances are de ned on different bases: the reversal distance counts a minimum
number of operations to transform one genome into another one, whereas the breakpoint distance counts
the structural differences between the two genomes. However, as we shall see soon, they are closely related.

Computing the breakpoint distance between two compatible signed genomes G and H reduces to nding
a (exemplar, intermediate or full) matching between these two genomes that induces a minimum number of
breakpoints between the two associated permutations g and 4.

De nition 7.3.1. LetG andH be two signed compatible genomes. The meaBlfgg), BKins andBKy, of G andH
are de ned by:

BKepr(G; H) = minfBK( 6; H):( & H)2 epr(G; H)g
BKint(G;H) = minfBK( ; H):( & w)2 in(GH)g and
BKun(G;H) = minfBK( &; n):( & 1) 2 wi(GiH)g
The measure BKgyp (G; H) has been introduced in [ , ], and the measureBKy, (G; H) in [
, ]. As for the measureBK;n; (G; H), we have introduced it in [ , ]. In 2000, Bryant
has shown that computing any of BKeyn(G; H), BKint (G; H) and BKy (G; H) is an NP-complete problem,
even for pegged genomesG and H | , ]. Notice that Bryant's proof does not actually need to

consider three separate cases as it holds even ifleg(G) = 1 and deg(H) = 2. Nguyen has strengthened these
results by proving that computing any of BKeyp(G; H) and BKi (G; H) is an NP-complete problem even if
both G and H are unsigned pegged genomes [ , ]. The strongest inapproximability result known
so far is ours.

Proposition 7.3.2 ([ : 1). Computing any of the three measuBey,(G; H), BKint(G; H) and
BK1(G; H) is anAPX-hard problem.
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The proof of Proposition 7.3.2 actually holds for deg(G) = 1 and deg(H) = 2, and hence does not need to
consider three separate cases.

Chenetal.[ , ] have shown that there exists a constantc > 0 such that there does not exist a
polynomial-time algorithm with performance guarantee clog(n), n = maxfjGj; jHjg to compute BKeyp (G; H)
and BKin(G; H). Of particular importance in this context, they have also shown that deciding whether
BKeypi (G, H) = 0is an NP-complete problem even if deg(G) = 3 and deg(H) = 3. The same result holds if

we replace BKeypi (G; H) = 0 by BKjyt(G;H) = 0. We have rst completed the result of [ , ]in
[ , ] before proving a stronger result.
Proposition 7.3.3 (] , - Deciding whether equalit$3Ke,,(G; H) = 0 holds is anNP-complete

problem even ifleg(G) = 2 anddeg(H) = 2.

Notice that the above Proposition holds if we replace BKeyp(G; H) = 0 by BKiy (G;H) = 0. The above
proposition carries de nitive implications for research design in the form of the following corollary.

Corollary 7.3.4 ([ , ]). There does not exist any approximation algorithm to compitg.,(G; H) or
BKint(G; H), even ifdeg(G) = 2 anddeg(H) = 2.

The above corollary gains in interest if we notice that it precisely de nes the inapproximability landscape.
Indeed, if deg(G =) = 1lordeg(H) = 1, it can be shown that deciding whether equality BKe,(G;H) = 0
holds is linear-time solvable. In other words, Proposition 7.3.3 is tight.

We mention to nish two results in this context that may be of independent interest. We have shown in
[ , ] that (i) deciding whether BK;y (G;H) = 0holds is solvable in O(hm loglog(nm))
time, where n = jGj and m = jHj, and that (i) computing BKey,(G; H) and BKi, (G; H) for two genomes
G and H such that deg(G) = 2 and deg(H) = 2 is solvable in O(poly (k) 1:6182%) time, where k is upper-
bounded by the number of gene families that occur exactly twice in Gand in H.

7.3.3 Signed reversal distance

The signed reversal distance is the second distance considered by [ , ] to illustrate his theory of
exemplar distances. Under the full model, the signed reversal distance is very well studied on balanced
strings and not studied at all on general strings.

Computing the signed reversal distance between two compatible signed genomes G and H reduces to
nding a (exemplar, intermediate or full) matching between these two genomes that induces a minimum
signed reversal distance between the two associated permutations ¢ and .

De nition 7.3.5. LetG andH be two signed compatible genomes. The diste8iRgs, SRyt andSRy of G andH
are de ned by:

SRyp(GiH) = minfSR( G, H):( 6 H)2 exp(GH)g
SRnt(G;H) = minfSR ; H):( & )2 in(GH)g and
SRui(G;H) = minfSR ¢; H):( & H)2 w(G;H)g
The distance SRy, has been introduced in [ , ], and the distance SRy in [ , ].

As far as we know, no speci c result exists for the intermediate model.

Bryant has shown that computing DReyp,(G; H) is an NP-complete problem even if G and H are pegged,
and deg(G) = 2and deg(H) = 2] , ]. It turns out that the inapproximability results we gave for
the breakpoint distance propagate to the signed reversal distance. Indeed, if G and H are two compatible
genomes, then2 SRyi(G;H)  BKeypi(G;H)  SReyni(G; H) (we refer the reader to our monograph [

, ] for an elementary proof).
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7.3.4 Adjacency similarity

We consider in this subsection a similarity measure which is the complement of the breakpoint distance. The
basis of this measure is the preserved adjacency between two consecutive characters inG and H.

Computing the adjacency similarity between two compatible signed genomes G and H reduces to nding
a (exemplar, intermediate or full) matching between these two genomes that induces a maximum number of
adjacencies between the two associated permutations g and 4.

De nition 7.3.6.  LetG andH be two signed compatible genomes. The meadidgs,,, ADJ;,; andADJy,, of G
andH are de ned by:

ADJeyp(GiH) = minfADI( 6; H):( & H) 2 exp(GiH)Y

ADJ;((G;H) = minfADJ( ; 1):( e W) 2 in(GiH)g and
ADJg (G;H) = minfADJ( G; H):( & H)2 (GiH)g
We have introduced the similarities ADJ,;, and ADJ; in [ , ]and ADJ;,, in [
, ]. Chenet al. [ , ] have proved that computing any of ADJ,,(G; H),

ADJ;, (G; H) and ADJ;; (G; H) is an NP-complete problem and is not approximable within ratio n!-" even
when deg(G) = 1and deg(H) = 2. The problem is also known to W[1]-hard. For restricted instances (.e,
full matching and balanced genomes), we have obtained the following approximation results.

Proposition 7.3.7 ([ , ]). LetG andH be two balanced genomes waitthg(G) = deg(H) = k.
If k = 2, there exists an algorithm to compud®J;, (G; H) with performance ratid:1442 If k = 3, there exists an
algorithm to computé\DJ;, (G; H) with performance rati®+ " for any"” > 0 . Finally, for generak, there exists an
algorithm to computé\DJ;, (G; H) with performance ratid.

It is worth noticing that the above ratio 4 usesZ2-intervals (more precisely a result of [ ,
]) thereby fueling our arguments on the importance of 2-intervals in the design of approximation
algorithms.

7.3.5 Common intervals similarity

Common intervals are a natural generalization of adjacencies, as they identify subsets of characters that
appear contiguously, but possibly in a different order, in both genomes.

Computing the common intervals similarity between two compatible signed genomes G and H reduces
to nding a (exemplar, intermediate or full) matching between these two genomes that induces a maximum
number of common intervals between the two associated permutations ¢and 4.

De nition 7.3.8. LetG andH be two signed compatible genomes. The similaftigg,, Clin andClg, of G andH
are de ned by:

Clepr(G; H)= minfCI( c; H):( o H)2 epr(G; H)g
Clint(G;H) = minfCI( c; H):( e n)2 in(GH)g and
Cliun(G;H) = minfCI( ; W) ( & n)2 n(GiH)g
Computing the number of common intervals of two permutations on  n elements is done in O(n + k) time
by [ , ], where k is the number of common intervals. Notice that [ , ]
achieve the same running time for ¢ 3 permutations (in this case, n is the total size of the q permutations).
We have introduced the similarities Cleyy and Clgyy in [ , ]and Cliy in [ ,

] (common intervals are indeed quite common in comparative genomics). Unfortunately, we are only
able to prove inapproximability.
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Proposition 7.3.9 ([ , ). Computing any of the two three measuf@g,,(G; H), Clin(G; H) and
Cly1(G; H)S is anAPX-hard problem.

Notice that the above (negative) result holds even if deg(G) = 1and deg(G) = 2. No positive results are
known.

7.3.6 Dissimilarity measures MAD and SAD

The measures to estimate the (dis)similarity between two permutations that we have mentioned so far fall
into two categories: they estimate either the distance or the similarity between the two permutations. The
two measures considered here MAD and SAD), both de ned by Sankoff and Haque [

], belong to neither category. Unlike distances, their value is never zero, and unlike similarities, thelr
value grows as the dissimilarity of the permutations grows.

Intuitively, MAD and SAD measure how far genes have to move from their initial position in one genome
in order to yield the other genome, and this measure focuses either on each gene (MAD ) or on all genes
altogether (SAD).

For the sake of presentation, we introduce a new notation. For any two permutations ; 2 S, , we let

stand for the permutation obtained from by renaming the elements of so as to obtain the identity
permutation , and then renaming the elements of accordingly.

Example5 For =(135249and =(53214,weobtain =(42135and =(32415. |}

De nition 7.3.10 (Maximum Adjacency Disruption ( MAD )). The dissimilarity measurtMAD between two
permutations; 2 S, denotedMAD (; ), is de ned by:

MAD (; )=lrinanx_1maxfj SRR H BNy (¢
Intuitively, the MAD dissimilarity measure of two permutations  and is the largest gap between two
consecutive elementsin  and . Noticethat MAD (; )= 1forall 2 S,.

Example 6 Pursuing Example 5, i.e, =(13524and =(53214, wegetMAD(; ) =
maxfmaxfl; 2g maxf2; 1g maxf3; 2g maxf4; 2gc= 4. |}

De nition 7.3.11. LetG andH be two compatible genomes. The dissimilarity meadvAes ¢, MAD i, and
MAD ¢, of G andH are de ned by:

MAD ¢p(G;H) = minfMAD (65 1) :( 6 H)2 exp(S;T)Q
MAD int(G;H) = minfMAD ( 6; H):( & H)2 n(S;T)g et
MAD ;i(G;H) = minfMAD ( 6; H):( & H)2 (ST

We have obtained the following result.

Proposition 7.3.12 ([ , ]). UnlessP = NP, there does not exist an approximation algorithm with
performance guarantée ", for any” > 0, to compute the dissimilarity measuAD ey,(G; H), MAD i (G; H)
andMAD fu||(G; H)

The above proposition holds even if deg(G) = 1and deg(H) = 9. It is worth mentioning that 2- " is
not the best bound. Indeed, for the sake of proof simplicity, the proof of Proposition 7.3.12, as presented in
[ , ], does not use the PCP theorem. However, resorting to the PCP theorem (more precisely,
resorting to the non-approximation of a restriction of the MAXx 3-SAT problem), we can show that there exists
a constantc > 2 such that there does not exist an approximation algorithm with performance guarantee c
to compute the dissimilarity measures MAD ¢, (G; H), MAD it (G; H) and MAD g (G; H) (the exact value
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of ¢ has not been precisely computed). No algorithmic positive result to compute the MAD dissimilarity
measure is known so far, but we conjecture Proposition 7.3.12 to be far from being tight.

We now turn to considering the SAD dissimilarity measure that takes into account all differences between
consecutive elements.

De nition 7.3.13 (Summed Adjacency Disruption ( SAD)). TheSAD dissimilarity measure of two permutations
i 2 S,,denotedSAD(; ),isde ned by:

)'S 1
SAD(; )= Ji- edTia- el
i=1
Intuitively, the SAD dissimilarity measure is the sum of all gaps between two consecutive elements in
and . NoticethatSAD(; )= 2(n- 1 forall 2 S,.

Example7 For =(135249and =(53214,weobtain SAD(; )=(1+2)+(2+1)+(3+2)+(4+2)= 17.
i

De nition 7.3.14. LetG andH be two compatible genomes. The dissimilarity meassté3.,,, SADin; and SADyy
of G andH are de ned by:

SADgp(G;H) = minfSAD( 6; H):( 6 H) 2 expl(S;T)Q
SADint(G;H) = minfSAD( G, H):( o H)2 n(S;T)g et
SADgi(G;H) = minfSAD( G; H):( e H)2 wi(S:iT)g

Not surprisingly, computing the SAD dissimilarity measure turns out the be more dif cult than com-
puting the MAD dissimilarity measure (as long as we cannot prove stronger inapproximability for the
latter).

Proposition 7.3.15 ([ , 1)- UnlessP = NP, there exists a constant> 0 such that no approximation
algorithm with performance guarantedog n is achievable to compute the dissimilarity meas@@&B,,(G; H),
SADint(G; H) and SADy (G; H).

Once again, no positive algorithmic result to compute the dissimilarity measure SAD is known so
far. Whereas Sankoff and Haque [ , ] claim that MAD and SAD are relevant for
comparative genomics, algorithmic cannot help much here.

G

How related are the different measures discussed in Section 7.3? Do they answer different
questions? Do they answer different parts of a research question? There are some of many
important questions left open. Our woks [ , , ,b] only provide partial
answers.

At a more general level, our contributions are only algorithmic and actually we didn't introduce
any new measure but express in our terms measures that are used by the comparative genomics
community. We might regret this abundance of measures to the detriment of comparative analyses.
As an example, MAD and SAD turn out to be very complicated measures (from an algorithmic
point of view) but, to the best of our knowledge, no evidence has proved or disprove the bene t

of such tortuous measures.
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7.4 Exact algorithms and heuristics

7.4.1 Boolean linear programming

We have considered in [ , 1 [ , ]Jand [ , ] exact
algorithms for computing various genome rearrangement distances. It is worth noticing that the rational
for considering such an approach was not to propose ef cient general algorithms but to compute for a
reference dataset a bunch of exact results new heuristic approaches can confront with. Our approach was
by pseudo-boolean programming (linear integer programming where all variables are restricted to take
values of either 0 or 1). All our experiments were conducted with Minisat+ [ , ] and
ILOG CPLEX (http://www.ilog.com/products/cplex ). This part was the subject of the PhD thesis
of Annelyse Thevenin (defended November 2009).

To illustrate our approach, we present in Figure 7.1 a pseudo-boolean program to compute the minimum
number of breakpoints between two genomes under the full matching viewpoint [ , ]. We
refer the reader to [ . I [ , ]land| , ] for a thorough
discussion on pseudo-boolean-programming for genome comparison. In particular, we investigated in these
papers the impact of the choice of the matching (exemplar, covering or maximum) ona -proteobacteria
dataset [ , ].

7.4.2 Heuristic approaches

We focus in this subsection on heuristics to deal with the aforementioned problems, and the motivation

for our choice to present heuristics rather than exact algorithms (or rather than both heuristics and exact
algorithms) relies on their universality. These heuristics are identical for all distances and need only minor

changes to go from one model to another one.

The three heuristics presented here use the notion of alongest common substring, up to a complete reversal
and are all based on the following easy idea. Assuming temporarily that one aims at nding a full matching
between G and H which intuitively preserves the most conserved regions between the two strings, an easy
way to have such a matching is given by Algorithm ILCS where we assume that each longest common
substring found on G and H is identi ed by oneprecise occurrence on each ofG and H. Figure 7.2 shows an
example.

Algorithm 1: ILCS Heuristic (full matching)

Data: Two genomes G and H.

Result: A matching between G and H.

1 Compute a longest common substring L of G and H, up to a complete reversal, exclusively made of unmatched
characters from G and H.

2 Match the characters of G and H belonging to the occurrences of L according to their positions in L.

3 Iterate the process until all possible characters have been matched.

4 Remove all unmatched characters.

return The required distance on the resulting permutations

As far as we know, this idea appearedin [ , ] and was often used since. In| , ]
and [ , ] we proceeded to a large number of time consuming distance computations, and
noticed that even small changes in the ILCS algorithm might improve both the execution time, the quality of
the result and its applicability to various models. The Algorithm IILCS we proposed in [

]is such a variant of ILCS where the removal of characters which cannot be matched is done before
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starting a new iteration.

Algorithm 2: [ILCS Heuristic (exemplar/intermediate/full matching)

Data: Two genomes G and H.

Result: A matching between G and H.

1 Compute a longest common substring L of G and H, up to a complete reversal, exclusively made of unmatched
characters from G and H.

2 Match (all or part of) the characters of G and H belonging to the occurrences of L according to their positions in L,
so as to t the exemplar/intermediate/full model constraints.

3 Iterate the process until all possible characters have been matched.

4 Remove all unmatched characters.

return The required distance on the resulting permutations

This new heuristic allows to obtain in step 2 one or several pairs of matched characters in each gene
family, according to the model, and to discard in step 3 all characters which become useless. Behind the
exibility introduced by this variant of ILCS in regard to the model, an improvement of the results may
also be expected as IILCS better takes into account the nal goal of matching characters, which is to identify
as many conserved regions as possible in the resulting pruning, and notin G and H. Indeed, the resulting
pruning has consecutive characters which were not consecutive in the initial strings, and thus has conserved
regions which were possibly not conserved in the initial strings. The early removal of characters by IILCS
allows non-neighboring characters on G and H to become neighbors at the end of some iteration, if the
characters between them are not matched. New longest common substrings may then be formed in this way;,
thus improving the identi cation of common regions in the nal pruning.

The argument these heuristics relies on is that long common substrings are strongly conserved regions
that strongly affect the values of all measures, either distances or similarities. Such an argument is supported
by the good performances of these heuristics (see below), but cannot be invoked when the longest common
substrings are short, i.e, not exceeding some given length . Consequently, it could be a reasonable idea
to stop the execution of the IILCS heuristic when the threshold " is reached for the length of the longest
common substring, and then to apply some exact (and thus exponential) algorithm to optimally match the
remaining characters according to the problem P to solve. Problem P is de ned by the measure to compute,

and the model to use. This idea yields the hybrid method we have developed in [ , 1.
The IILCS and hybrid heuristics were systematically evaluated together with ILCS in [ ,
]and [ , ] on several problems and data sets for which exact results are known

(these results are actually ours, see 7.4.1). These evaluations show that our heuristics perform very well on
experimental data.
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Program Max-Matching-Breakpoint I

iGlili= jHIK]i
(C.02) 8X2fG;Hg8g2A,

1 i nyx

iX[ili=jgj
(C.03) 8X2fG;Hg81 i - l<nx,cx(i;j)+
(C.04) 8X2fG;Hg81 i<p<j
(C05) 81 i<j ng, 81 k<l ng;

such that G[i] = H[k] and G[j] = H[l];

(C.o6) 81 i<j ng; 81 k<l Ny;
such that G[i] = H[k] and G[j] = H[l];
a(ik)- d(i;j;k1) 0
a(;1)- d@i;jkt) 0
co(i;j)- d(i;j;k;1) O
cu(kil)- d(issk1) 0

(Co7)81 i<j ne8l k<I ng;
such that G[i] =- HJ[I] and G[j]=- H[K];

(C.08) 81 i<j ng; 81 k<l Ny;
such that G[i]=- H[lI] and G[j] =- H[K];
a(i;1)- d(i;jpk1) 0
a(ik)- d@i;jkl) 0
ce(izj)- d(ij;ki1) O
cu(kil)- d(issk1) 0

(C09) 81 i<j ng 81 k<l ng;

d@i;jkl)=10 P
(C.10)81 i<j Ne; d(i;j; k1)
1 k<n y k<l ny
Domains :

8X2fG;Hg81 i<j ng;81 k<l Ny,

a(i;k); bx(i); ex(i;k); d(i;j;k; 1) 2 f0; 1g

Figure 7.1: Program Max-Matching-Breakpoint
size of G and H, respectively.

Objective :
. P P .
Maximize dii;j; k1)
0 i<n g iKf ng 0 k<n y k<l ny
Constraints :
(C.01)81 i ng; a(i;k) = bg(i)
1 k ny
jGlilj=jH[K]j
81 k nu; a(i;k) = bu(k)
1 i ng

a(ik)+ a(;l) + co(izj) + cu(kil) - d(iji k1)

ai;l) + a(ik) + co(izj) + cu(kil) - d(ijkil)

bx (i) = minfjGjq;jHjs g

bx(p) 1

i<p<j

nx, cx(i;j)+ bx(p) 1

3

3

such that fjG[i]j; jG[j]jg6 fiH[K]j;jH[I]ig ou G[i]- G[i] & H[k]- H[I];

1

to compute ADJ;,; (G; H), where ng and ny denote the
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@ € @ @ ©®
Lcs: G= [-1 2 5 5 (-3 -2)(-1)(4)
@ @ ©) @ ®
H= (-3 -2)(-5 -2 1)(3)-3 -2(1] 1[4
Result: G°%= -1 2 5 30 -3-20.1 14
H°= -3-20-5-2 1 30 10 -4
@ @ Q@ @
ies: 6= 1 2 s5)(3 ¥ -3 -2)(-1)(4)
@ @ ©) @
1= >OUE 2 DE AW
Result: G°= -1 2 5 3 -30-20.10 4
G°= -5-2 1 3 -30-2010 -4
@) @ Q@ ©
HYBe(2: G= [-1 2 5](3 ¥ -3 -2)(-1)(4)
@ @ Q@ ©
H= >3 > (-5 -2 1)(3 -3 -2 X [-1)[-4
Result: G°= -1 2 5 3 -30-20.10 4
Ho= -5 -2 1 3 -39-20.10.-4

Figure 7.2: Execution and results of the three heuristics, seeking for a full matching, on the strings G =
-12535-3-2-14andH=-3-2-5-213-3-21- 1- 4 Asanexample, the problem Pin
the HYB heuristic asks to compute the conserved intervals similarity. The circled numbers indicate in which
order the LCS were identi ed, except for the 3 in the HYB heuristic which signi es that the matchings were
decided simultaneously by the exact algorithm evoked in the last step of the HYB heuristic.



Exemplar common subsequences

8.1 Introduction

This short chapter is devoted to presenting some results on exemplar longest common subsequences.

In the genome rearrangement domain, gene duplication is rarely considered as, as we have seen, it
usually makes the problem at hand harder (see Chapter 7 for a patent illustration). Sankoff [ , ]
proposed the so-called exemplar model, which consists in searching, for each family of duplicated genes,
an exemplar representative in each genome. In biological terms, the exemplar gene may correspond to
the original copy of the gene, which later originated all other copies. Following the parsimony principle,
the choices of exemplars should be made so as to minimize the reversal distance between the two simpler
versions of both genomes, composed only by the exemplar genes. An alternative to the exemplar model
is the multigene family model, which consists in maximizing the number of paired genes among a family.
Again, the gene pairs should be chosen so as to minimize the reversal distance between the genomes. Both
exemplar and multigene models were proven to lead to NP-hard problems [ , ; , ].

To compare two sequences, we have proposed in [ , ] to study a similarity measure
that takes into account the concept of exemplar genes. Observe that a repetition-free LCS can be seen as the
edit distance between two sequences where only deletions are allowed and, furthermore, for each family

with k duplicated genes, at leastkl of them must be deleted [ , ]. At a more general
level, we considered both mandatory and optional letters and the measure we have proposed is the length of
a constrained common subsequence (LCS) (see [ , ]) subject to two

constraints: (i) the common LCS is required to contains exactly or at Ieast one occurrence of each mandatory
letter, and (ii) the common LCS is required to contains at most one occurrence of each optional letter (this
constraint may be relaxed). Additional restrictions on optional letters allow us for varying restriction on
the solution we are looking for. Notice that a complete treatment of pure exemplar LCS has been recently
proposed in [ , ].

8.2 De nitions

We de ne four variants of the  EXEMPLAR-LCS problem we are interested in. These different variants consider
different situations: each mandatory letter is required to occur exactly or at most once in the common LCS,
and the number of occurrences of each optional letter in the common LCS may be upper-bounded.

89
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Exemplar-LCS-i I

Input : Two strings u and v over alphabet A = A [A , where A, is the set of optional letters
and A, is the set of mandatory letters.
Solution : A common subsequencew of u and v such that (depending on i):

i = 1. w contains exactly one occurrence of each letter inA, and at most one occurrence of
each letter in A,,

i = 2: w contains at least one occurrence of each letter inA, and at most one occurrence of
each letterin Ag,

i = 3: w contains exactly one occurrence of each letter inA,,

i = 4: w contains at least one occurrence of each letter inA,.

Measure : The length of the common subsequence,i.e, jwj.

Notice, that, as we shall see soon, whereas the classical. CS problem is well-known to be polynomial-
time solvable for two stings [ , ], adding various constraints on
mandatory and optional letters result in much harder problems (not a big surprise).

8.3 Keyresults

We summarize in this section the results we have obtained for the EXEMPLAR-LCS-i,1 i 4, problem.

Proposition 8.3.1 ([ , ]). Both theEXEMPLAR-LCS-1 problem and th&XEMPLAR-LCS-2
problem aréAPX-hard.

It is worth noticing that Proposition 8.3.1 holds even if each letter occurs at most twice in both u and
v. Observe that, even if these two problems are very similar in their de nition, two distinct proofs were
needed.

Strongly related to the the EXEMPLAR-LCS-i,1 i 4, problems are the one of determining whether
any feasible solution does exist. Let us focus on the EXEMPLAR-LCS-4 problem, i.e, nd for a common
subsequencew that contains at least one occurrence of each mandatory letter. Clearly, optimality aside,
the existence of a solution for the EXEMPLAR-LCS-4 problem implies the existence of a solution for all
EXEMPLAR-LCS-i problems.

Proposition 8.3.2 ([ , ])- Let(u;v) be aninstance of tHEXEMPLAR-LCS-i problem1 i 4.
If juja + jvja  3for each lettea 2 A, then there exists a polynomial-time algorithm to decide whether there exists a
feasible solution.

Proposition 8.3.3 ([ , ]). Let(u;v) be aninstance of tHeEXEMPLAR-LCS-i problem1 i 4.
If juja + jvja  3for each lettea 2 A, deciding whether there exists any feasible solutidéHscomplete.

This latter result have a de nitive consequence on the approximability of the EXEMPLAR-LCS-i problem
when each mandatory letter occurs at most 3 times in each input string as it rules out any polynomial-time
approximation algorithm.

In the light of the above negative results, we have considered in [ , ] parameterized
issues of the EXEMPLAR-LCS-3 and EXEMPLAR-LCS-4 problems when the parameter is the number of
mandatory letters, i.e, jAmj.
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Proposition 8.3.4 ([ , ]1). Both theEXEMPLAR-LCS-3 and theEXEMPLAR-LCS-4 problems
are solvable i©(m2™ n?) time, wherem = jA,j andn = maxfjuj; jvjg

Our xed-parameter algorithm for the EXEMPLAR-LCS-3 problem has been implemented and tested
on randomly generated strings. Whereas the running time is acceptable, the space complexity (that grows
exponentially in the size of Ap,) makes the algorithm not practical for jA,j 20.
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Part IV

Additional topics
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Introduction

This part is devoted to presenting two additional contributions to computational molecular biology. The
rst one is concerned with selenocysteine-like insertion and more precisely the problem of computing an
MRNA sequence of maximum codon-wise similarity to a given mRNA (and hence, to a given protein) that
additionally satis es some structure constraints. We do not write secondary structure, i.e, pseudoknot-free
secondary structures, intentionally as we shall consider pseudoknoted structures. The second problem is
devoted to covering strings by substrings. Our initial motivation came from a paper by Bodlaender et al.
[ , ], who described an application for this problem in the context of protein folding.
This part is organized as follows. Chapter 9 is devoted generalized selenocysteine insertion and Chap-
ter 10 with covering strings by substrings. The two following chapters are independent and as self-contained
as possible.
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Selenocysteine-like insertion

Contents
9.1 IntroduCtion . . . . . . . . e e e e 93
9.2 Preliminaries . . . . . . . e e 94
9.3 Keyresults . . . . . . e 96

9.1 Introduction

Perhaps the most signi cant process in molecular biology known today is the transformation of genetic
information encoded in DNA into proteins. In this process, segments of DNA are transcribed into messenger
RNA (mRNA), which in turn serve as blueprints for manufacturing proteins. This protein blueprint is
provided by triplets of nucleotides known as codons, which compose the mRNA nucleotide sequence, where
each codon encodes a speci ¢ amino acid. An mRNA is thus translated into a protein by reading each
of its codons in sequential fashion, and creating a chain of amino acids which forms the target protein.
Recently, biologists found out that according to the folding structure of an mRNA molecule, a certain codon
might encode for different amino acids. This folding structure is captured in many ways, in what is called
the mRNA secondary structure, the set of all hydrogen bonds, or base pairings, formed by the molecule's
nucleotides.

In[ , ], Backofenet al.introduced the problem of computing an mRNA sequence of
maximum codon-wise similarity to a given mRNA (and consequently, to a given protein) that additionally
satis es some secondary structure constraints, the so-called mRNA Structure Optimization ( MRSO) problem.
The initial motivation of the  MRSO problem is concerned with selenocysteine insertion, i.e. generating new
amino acid sequences containing selenocysteine. This rare amino acid was discovered as the21-st amino acid
[ , ], giving another clue to the complexity and exibility of the mRNA translation mechanism.
Selenocysteine is encoded by theUGAcodon, which is usually a stop codon encoding the end of translation.
It has been shown [ , ] that in case of selenocysteine, termination of translation is inhibited in
the presence of a sequence of nucleotides, the SECIS element, which forms a hairpin-like structure in the
3%region after the UGAcodon (see Figure 9.1). It is even argued in [ , ] that modifying
existing proteins by incorporating selenocysteine instead of a catalytic cysteine is an important problem for
catalytic activity enhancement and X-ray crystallography.

Selenocysteine insertion is concerned with a restricted type of secondary structure, i.e, a secondary
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Figure 9.1: The translation of UGAiInto selenocysteine. Termination of translation is inhibited in the presence
of the SECIS element.

structure without pseudoknots, and for this type of structure the linear-time algorithm presented in |
, ] provides an optimal solution. However, it is reasonable to assume that the discovery of
selenocysteine will lead to the discovery of several other amino acids of similar kind, some of which are
likely to require more complex secondary structures. Even today, similar problems occur in programmed
frameshlfts which allow to encode two different amino acid sequences in one mRNA sequence [
, ]. This motivates the investigation of theMRSO problem for more elaborate
secondary structures (actually, this issues have been suggested in [ , ; , D.

9.2 Preliminaries

An mRNA molecule is viewed as a string over the alphabet A = fA; C, G Ug where A represents the four
different types of nucleotides in the molecule. The pairs fA; Ug fG Cg and fG Ugare known as complementary
nucleotide pairsHydrogen bonds can only be formed between complementary nucleotides in an mRNA
folding. A codonof an MRNA sequence is a segment of three nucleotides, i.e, a string in A3. Thus, an
MRNA sequence S= s;S; :::S3, IS aconcatenation of n consecutive codons, where thei-th codon of Sis
S3i- 2S3i- 1S3 -

Given a sourcenRNA sequence S= s;S; :::S3n , Wwe consider the problem of evaluating the codon-wise
similarity between Sand another targetmRNA sequence T = tit,:::tsy . For this, we are provided with
a set of n functions, F fl,fz :;fn, called similarity functions of S, such that for all i, i n, each
function f; is ofthe form f; : 2! Q. Thus,f; assigns a value to thei-th codon of T accordlng to its level of
sm]ﬂarlty in comparison W|th the i-th codon of S. The total level of similarity between Sand T is then given
by -, fi(tsi- 2tai- 1t3i). Note that given a set of similarity functions F = f;f,;:::;f, for S, one does not
need to know anything else about Sin order to compute the similarity score of Sand T.

The structure constraints ffi;jjg: 1 i<]j 3ngfor a target MRNA sequence T of length 3n, are
pairings between distinct integers in 1;2;:::;3ng These represent necessary hydrogen bonds in the folding
of T. Itis assumed that each nucleotide can pa|r with at most one other nucleotide in any folding, hence each
integer appears in at most one pair in . Furthermore, there are no pairs of the form fi;i + 1gor fi;i + 2gin

Jforalli,1 i 3n- 2. Given a set of structure constraints ffi;jg:1 i<j 3ng and an arbitrary
target MRNA sequence T = tit, :::t3,, we say that nucleotides t; and t; in T are compatiblevith respect
to , if either ft;;t;gis a complementary nucleotide pair or fi;jg2 . The entire sequenceT is compatible
with respectto , if all pairs of nucleotides in T are compatible with respectto . We are now in position to
formally de ne the MRNA STRUCTURE OPTIMIZATION (MRSO) problem we are interested in (see [
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, D

Input : A setF of n similarity functions for a source mMRNA sequence of length 3n, and and a
set of structure constraints ffi;jg:1 i<j 3ng.

Solution : A target mMRNA sequence which is compatible with respect to

Measure : The similarity score of the target mMRNA sequence with respectto F.

It will convenient to formalize the MRSO problem in a slightly different manner using graph-theoretic
concepts, as we shall consider as a linear graph (see De nition 2.2.1 page 18) with 3n vertices which has a
maximum degree of one. However, since we are really interested in codon-wise similarity, we use a more
suitable representation of

De nition 9.2.1 (Implied structure graph [ , ]). Let ffi;jg:1 i<]j 3ngbe a set of
structure constraints for a target MRNA sequence of lerjth The implied structure graph ofis the linear graph
G de ned by:

E(G )= ffi;jg:9fx;yg2 :x2f3i- 2;3i- 1;3ig"y 2 f3j- 2;3j- 1;3jm.

In this way, a vertex i in V(G ) corresponds to the i-th codon of the target mMRNA sequence, and
i;j 2 V(G ) are connected in E(G ) if there are any structure constraints in  between the i-th and j-th
codons of the sequence. Note that there can be at most three structure constraints between any pair of
codons, therefore G has maximum degree of three, i.e, it is a subcubiagraph. Also note that, while this
representation may seem lossy, can be retained from G by adding up to three labels for each edge in
E(G ).

Given a subset of verticesV V(G ), we let G [V] denote the subgraph of G inducedby V, i.e, the
subgraph with V as its vertex set, andE(G )\ (V V) as its edge set. Similarly, given a subset of edges
E E(G ), G [E] denotes the subgraph of G with vertex set fi jfi;jg2 Egand edge setE. Also, we use

in G ifeitheri<i%<j<j %ori®<i<j %<j. Note that two crossing edges might not cross under a
different ordering of V(G ). If there exists an ordering of V(G ) which introduces no edge crossings then
G isouterplanar Recall that if G is outerplanar, the MRSO problem is solvable O(n) time [ ,
1
A codon assignmeribr G is a mapping fromsome V. V(G ) to 3. An assignment for a pair of vertices
] 2V(G ),i! tai-otzi-atg andj ! tgj. oty 1t is compatible with respectto G , if either fi;j g2 E(G )
or tjo and t;o are complementary nucleotides forany fi%j%2 \ f3i- 2;3i- 1;3ig f3j- 2;3j- 1;3jg More
generally, an assignment :V! 3forsomeV V(G ) is compatible with respectto G ,ifforany i;j 2 V,
the assignmenti! (i) andj! (j)is compatible with respectto G . Henceforth, we consider instances for
the MRSO problem of the form (G ;F). Our goal in this setting is to nd an assignment V(G )! B
ﬁ,en atarget mMRNA sequenceT= (1) (2)::: (n)), whichis compatible with G , and which maximizes
().
For the MRSO problem, it has been shown in [ , ] that there exists a linear-time
algorithm if the considered secondary structure corresponds to an outerplanar graph (as it is the case for
selenocysteine insertion). In this sequel, we refer to this algorithm as Aop. For the general case, the problem

was proved to be NP-complete [ , ], and Bongartz showed that in fact the problem is
APX-hard [ , ]. An algorithm for approximating the MRSO problem within ratio 2 is given
in[ , ]. A slightly slower but somewhat simpler 4-approximation algorithm is given in

[ , ]. We mention also that an extension of the MRSO problem, where insertions and deletions
are allowed in the amino acid sequence is presented in [ , ]
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9.3 Keyresults

We shall be concerned with two natural parameters for the MRSO problem. These are the number of
crossings edges inG , and the number of degree three vertices in G , denoted p(G ) and q(G ), respectively.

Our initial interest in parameters p(G ) and q(G ) stems from the fact that we strongly believe them to
be small for most practical applications. Consider parameter p(G ), the number of edge crossings in G
(this parameter was previously suggested in [ , ]). Indeed, almost all currently known mRNAs
have secondary structures which induce outerplanar formations, i.e, formations with no edge crossings.
Furthermore, many secondary structure prediction algorithms restrict their search space to structures with
bounded edge crossings, since prediction with unbounded edge crossings usually becomes NP-hard, and
is anyhow assumed unnatural (see for instance | , ]). As for parameter q(G ), the number of
degree three vertices, recall that a vertex of degree three inG represents a codon with three nucleotides,
each pairing with complementary nucleotides in three different codons. Although this situation can occur in
a folding of an mRNA molecule, it can be expected to be quite rare due to the geometric constraints imposed
on any such folding. Also, pairs of hydrogen bonds of the form fi;jgand fi + 1;j- 1g called stacking pairs
tend to contrlbute quite substantially to the overall stability of the folding structure of the mRNA [

, ]. A secondary structure is hence expected to have a relatively high

number of stacklng pairs, and therefore to induce an implied structure graph with a relatively small number
of degree three vertices.

It turns out that the MRSO problem is polynomial-time solvable when either p(G ) or q(G ) are xed.
The notion of edge bipartition plays a central role in this setting.

De nition 9.3.1 ((Nice) Edge bipartition) . LetG be an implied structure graph with vertices. Anedge
bipartition P = (E;;Ep,) of G is a partitioning of the edges i into E; andE,, thetop andbottom edges oP
respectively, such thd; [ E, = E(G ),E \ B, = ; andE; 6 ;. FurthermoreP is said to banice , if the subgraph
G [E]is outerplanar.

Recall that a graph is called outerplanarif it has an embedding in the plane such that the vertices lie on a
xed circle and the edges lie inside the disk of the circle and don't intersect.

Central in our approach is Algorithm Apneg (page 97). We shall use Algorithm Ayngg only for a nice edge
bipartition of G with a xed number of bottom edges. At the heart of algorithm  Aygg lies the following
simple observation. Suppose we want to nd the highest-scoring compatible mRNA sequence which starts
with codon AAA For this, we can replace the similarity function f; 2 F by a different function 9 where
fYAAA = f1(AAA and fYC) =- 1 forall codons C 6 AAA Solving the MRSO problem for the instance
(G ;F9,where F %= f%f,;:::;f,, will then give us our desired MRNA. The following de nition generalizes
this example.

De nition 9.3.2 (Corresponding similarity functions) . Let(G ;F) be an instance of tiHdRSO problem with
F = fqi;fo;::0;f,. Also, let :V ! 3 be acodon assignment for sovhe V(G ). The corresponding set of

similarity functions of assignment, denotedc = f, ;:::;f,, is de ned as follows:
Foralli 2 vV :f, ( (i))= fi( (i)),andf, (C)=- 1 foranyC8& (i).
Forallj 2 V(G )- V :fj = fj.

Algorithm Angg uses Algorithm Agp, the algorithm given in [ , ] for outerplanar
implied structure graphs, as a subprocedure in its computation. At its core, Algorithm  Aygg is basically
an exhaustive search procedure that searches through all possible codon assignments for vertices which
are incident to edges in E,. For each such assignment, Algorithm Aygg rst checks if the assignment is
compatible with respectto G [E,], and if so, it invokes Algorithm A op with the set of similarity functions
corresponding to this assignment. Any solution returned by Algorithm  Aop is guaranteed to be compatible
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Algorithm 3: Algorithm Anes(G ;F;P)

nice edge bipartition P = (E;; Ep).
Result: An optimal target MRNA sequence T which is compatible with respectto G .
foreach codon assignment to vertices incident to edges i do
if  is compatible with respect ® [K,] then
(a) Construct F , the similarity functions corresponding to
(b) Invoke Aop(G [E];F ).
end
end
return the target mRNA sequence found in Stéy) (ith the highest similarity score.

with G since it is simultaneously compatible with both G [Ey] and G [E;]. Finally, Algorithm Angs
terminates by outputting the maximum solution over all target MRNAs returned by Algorithm Aop. Most of
our interest in Algorithm  Angs stems from the following lemma.

Lemma 9.3.3([ , ]). Given an instancéG ; F) for theMRSO problem accompanied by a nice edge
bipartition P = (E;;Ey) of G , Axes computes an optimal target mRNA sequence for this instan&(21°™ n)
time, wheren = jV(G )jandm = jE,j.

Thanks to this general lemma, we have obtained the following results (details omitted).
Proposition 9.3.4 ([ , ). TheMRSO problem is solvable i® (2P (G )n) time.
Proposition 9.3.5 ([ , ]). TheMRSO problem is solvable i®(2%29 (¢ )n) time.

Also, omitted here are our results that the MRSO problem is solvable in polynomial-time if G has
bounded cutwidth (although cutwidth is perhaps not as natural as the two previously discussed parameters,
it has been studied quite considerably for other problems dealing with RNAs [ 1
[ 1; [ 1) or boundedtreewidth(see [ , ] for details). Finally, notice
that in a recent paper, the cliquewidth of G was also argued to be an interesting parameter for the MRSO
problem [ , ].
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10.1 Introduction

In a covering problermve are faced with the following situation: We are given two (not necessarily disjoint)
sets of elements, thebase elementsd the covering elemenig&nd the goal is to nd a minimum (weight) subset
of covering elements that “ cover&all the base elements. The exact notion of covering differs from problem to
problem, yet this abstract setting is common to many classical combinatorial problems in various application
areas. Two famous examples are (i) theMINIMUM SET COVER problem where the covering elements are
subsets of the base elements and the notion of covering corresponds to set inclusion, and (ii) the MINIMUM
VERTEX COVER problem where the setting is graph-theoretic and the notion of covering corresponds to
incidence between vertices and edges. Ever since the early days of combinatorial optimization, research on
covering problems such as the two examples above proved extremely fruitful in laying down fundamental
techniques and ideas. The early work of Johnson [ , ] and Loasz [ , ] on theMINIMUM
SET COVER problem pioneered the greedy analysis approach, while Chv atal | , ] gave the
rst analysis based on linear programming (LP) while tackling the same problem. The rst LP-rounding
algorithm by Hochbaum [ , ] was also designed for MINIMUM SET COVER, while Bar-Yehuda
and Even gave the rst Primal-Dual [ , ] and Local-Ratio [ ,
] algorithms for the MiNIMUM VERTEX COVER problem.

In this chapter we introduce a new covering problem which resides in the realm of strings. Astring uisa
substringof a string v, if u can be obtained by deleting any number of consecutive letters from both ends of
v. In our covering problem, the base elements are strings and the covering elements are their substrings.
The notion of covering corresponds to string-factorization, or to the generation of strings by substring
concatenation. More formally, for a given set of strings S, let C(S) denote the set of all substrings of strings in
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S. We de ne a coverof Sto be a subsetC C (S) such that any string s 2 Scan be written as a concatenation
of strings in C. If each string in S can be written as a concatenation of at most " strings in C, we say that C is
an “-coverof S. Given a weight function w : C(S) ! Q*, we are interested in computing an “-cover of Swith
minimum possible weight.

The problem is formally de ned as follows.

Minimum Substring Cover I

Input : A set of strings S, a weight function ! : C(§) ! Q*, and aninteger~ 2.

Solution : An “-cover C of S. Thatis, a set of stringsC C (S), where for each s 2 Sthere exist
Ci;::56p2C,p T,withs=c; cp. )

Measure : The total weight of the cover, i.e,! (C)= _,- w(c).

Example 8 Consider the set of strings S = fa; aab; aba g Then
C(S) = fa;b; aa; ab; ba;aab;aba g
and C, = fa;bgand C, = fa;abgare covers of S. The cover C; is a 3-cover of S, while C, is a 2-cover. |

Throughout this chapter, we use n to denote the number of strings in S, and m to denote the maximum
length of any stringin S, i.e, n = j§and m = maxfjsj:s2 Sg

Note thatin case ™ m, there is no actual bound on the concatenation length of the required cover, and
this case is denoted by ™ = 1 . An 1 -cover is referred to simply as a cover. Another interesting special
case iswhen™ = 2. In this case, we are required to cover Swith a set of pre xes and suf xesin S, where a
pre x (resp. suf x) of a string s is a substring of s which is obtained by removing consecutive letters only
from the end (resp. beginning) of s. As we will see, these two extremal cases both give a certain amount of
combinatorial leverage, and therefore deserve particular consideration. We also wish to point out that our
use of general weight functions | : C(S)! Q* allows for more robustness in modeling different scenarios.
For instance, when! is the unitary function, i.e,! (c) = 1forevery c 2 C(S), this corresponds to the situation
where we want to minimize the size of a cover of S. When! (c) = jcj, i.e, the weight of every substring is its
length (w is the length-weighted functiop this corresponds to the case where we want to minimize the total
length of the cover. Often some sort of middle ground between these two situations might also be desirable.

Example9 Consider the two covers C; and C, of the set of strings Sin Example 8. If ! is the unitary function,
then! (Cy) =" (Cy) = 2. However, if ! is the length-weighted function, we have ! (C.)= 2<! (Cy) = 3.

Our initial inspiration for studying the  MINIMUM SUBSTRING COVER problem came from a paper by
Bodlaender et al. [ , ], who described an application for this problem in the context of
protein folding (The authors of [ , ] actually referred to our problem as the DICTIONARY
GENERATION problem, and considered its unweighted variant under the parameterized complexity frame-
work.) Protein folding is the problem of determining the folding structure of proteins using their amino-acid
sequential description. This problem is extremely important, since most of the functionally of a protein is
determined by its folding structure, and because current biological methods for extracting the sequential
description of a given protein exceed by far the methods for extracting the folding structure of the protein.
In[ , ], it is argued that since all known approaches for protein folding are NP-hard, a
possible heuristic for this problem is to break the protein sequence into small segments, small enough for
allowing ef cient folding computation. This heuristic is justi ed by the fact that many proteins seem to be
composed of relatively small regions which fold independently of other regions. The theory of exon shufing
proposes that all proteins are concatenations of such regions, where the regions are drawn from a common
ancestral dictionary [ , ; , ]-



105

The MINIMUM SUBSTRING COVER problem can also model interesting computational issues which
arise in formal language theory, and in particular, in the area of combinatorics of words. Our notion of
1 -cover actually corresponds to the notion of combinatorial rankan important parameter of a set of words
(the best general reference here is [ , ). Néraud [ , ] studied the
problem of determining whether a given set of words is elementarywhere a set of strings is said to be
elementary if it does not have a cover of size strictly less than its own. Neraud describes a direct application
of this notion to the famous DOL-sequence equivalence problem (see [ , 1) via
so-called elementary morphisms [ , ]. He also argues that this notion appears
frequently in numerous sub-areas such as test sets, code theory, representation of formal languages, and
the theory of equations in free monoids. His main result is in showing that deciding whether a given set of
words is elementary is coNP-complete, which implies that MINIMUM SUBSTRING COVER is NP-hard.

Apart from the work of Bodlaender etal. [ , ] and Néraud [ , ], there
has also been some recent work on problems closely related to MINIMUM SUBSTRING COVER, especially
for the case of* = 2. The MINIMUM SET COVER WITH PAIRS problem introduced by Hassin and Segev in
[ , ], is a variant of theMiNIMuM SET COVER problem where base elements are now
covered by pairs of sets, and tBe goal is to cover all base elements using a minimum weight collection of sets.
Hassin and Segev gave anO(" n'log(n)) approximation algorithm for this problem, along with a few other
algorithms for special cases of this problem. Another closely related problem is the HAPLOTYPE INFERENCE
BY MAXIMUM PARSIMONY problem, an important problem in computational molecular biology. Huang et al.
[ , ] gave an algorithm for this problem, which translates to an O(m log(n)) algorithm for
the MINIMUM SUBSTRING COVER problem with * = 2. Hajiaghayi et al.| , ] introduced
the MINIMUM MULTICOLORED SUBGRAPH problenbwithin the same context, and gave an algorithm which in
our terms obtains a performance guarantee of O(" m log(n)) with high probability.

10.2 Approximation and inapproximation results

We begin the presentation by giving some negative results (to x the context). Combining an approximation
preserving reduction from the MINIMUM HYPERGRAPH VERTEX COVER problem to the MINIMUM SUBSTRING
COVER problem together with the results of [ , ]Jand [ , ], we have obtained
the following inapproximability result.

Proposition 10.2.1 ([ , ]). Itis NP-hardto approximate th&/INIMUM SUBSTRING COVER
problem (i) within ratioc log(n) for some constard, and (ii) within ratio bm=2c- 1- " forany">0.

It is worth noticing that the above proposition relies (i) on a somewhat unnatural weight function ! , and
(i) on the fact that the strings in S are allowed to be fairly long. The following proposition relaxes both these
conditions at the cost of reducing the lower bounds to only a constant.

Proposition 10.2.2 ([ , 1). TheMINIMUM SUBSTRING COVER problem isNP-hardto approxi-
mate (i) within ratioclog(n) for some constart, (ii) within ratio bm=2c- 1- " for any" > 0, and (iii) within some
constantc, whenm and” are constant, antl is either the unitary or the length-weighted function.

We now turn to presenting some positive results in the form of approximations algorithms with per-
formance ratios depending on the length of the longest word in  S. We rst apply the local-ratio technique
[ , ; , ], and next linear programming techniques. The local-ratio
technique [ , ] is based on the Local-Ratio Lemma [ , ], which in our
terms is stated as follows.

Lemma 10.2.3(Local-Ratio). LetC be a cover fog, and let! ; and! , be weight functions fo€(S). If C is an
-approximate solution, both with respecttq and with respect tov,, thenC is also an -approximate solution with
respecttd ; + ! 5.
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We need a new de nition. Given a weight function ! :C(S)! Q*, we say that! is properif for any
c;c1 2C(9),! (c1) ! (c)whenevercyisaprexorasufxof c.Forexample, unitary and length-weighted
functions are proper. Based on the local-ratio technique, we have obtained the following positive results.
Proposition 10.2.4 ([ , ]). TheMINIMUM SUBSTRING COVER problem is approximable (i)
within ratio m; 1 1for general values of (i) within ratio m - 1for* = 2, and (iii) within ratio m for* = 1
and proper weight functioh .

E
| S —
Is the MINIMUM SUBSTRING COVER problem approximable within ratio m for * = 1 if the weight
function is not proper?

We now consider the MINIMUM SUBSTRING COVER problem from a linear programming point of view.

We have shown in [ , ] that the MINIMUM SUBSTRING COVER problem can be formulated
as follows:
. P 1+ Xi)2
minimize = A
i=1 4
. P 1+ 1+
subject to 1+ %p)(1+ Xq) 1: i=1:2:n (10.1)
Vp Vg =Uj 4

xi 2 f- 1;+1g j=212:0:0m
By combining the above linear program with a randomized rounding procedure we have obtained the
following approximation result.

Proposition 10.2.5 ([ , ). With high probability, theMINIMUM SUBSTRING COVER problem is

approximable within rati®©@(m¢- D°=" log*~ (n)).

10.3 Jumping to numbers

10.3.1 Introduction

What is the complexity of the MiNIMUM SET COVER problem for a one-letter alphabet? If * = 2in addition?
Unfortunately, we don't have any answer for that, even for ~ = 2. The problem is, however, known to be
APX-hard for a binary alphabet (D. Hermelin, and S. Vialette, Unpublished result), but none of our attempts
succeeded in proving either NP-hardness or membership to P for a one-letter alphabet. We consider in this
section the MINIMUM SET COVER problem for a one-letter alphabet . . . in quite a relaxed form. More precisely,
what about the complexity of the MINIMUM SET COVER problem for a one-letter alphabet in case the strings
are given by their length? Indeed, in the special case of a one-letter alphabet, there is no ambiguity in giving
either the string or their length. Observe that the two problems are, however, different from an algorithmic
theory point of view. Indeed, if Sis composed of n strings, each of length at most m, the size of the input is
O(nm) whereas it reduces to O(n log(m)) if the strings are presented by their length (assuming a natural
binary encoding). This section is devoted to investigating this problem, referred hereafter as the MINIMUM
k-GENERATING SET problem.

We use N to refer to the set of all natural numbers excluding zero, i.e, N = f1;2;::}g LetS =
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What is the complexity of the MINIMUM SET COVER problem for a one-letter alphabet and ~ = 2?
This question to equivalent to deciding whether the MINIMUM 2-GENERATING SET problem is
strongly NP-complete.

sum of exactlyk non necessarily distindhtegers of S;i.e, kS = fs;, + s, + 111+ S, 1S,;Si,;::5;Si, 2 S9
Accordg'lg to this de nition, forany set S, S= 1S AsetX N isak- generatglg sebf S (or k-generates)
if S -1 iIX. (Notice here that we do not require the additional constraint -, 1X S) Itiscalled a

minimum k-generating set of Sif X is ak-generating set of S of minimum cardinality. The k-rankof S, denoted
rki (S), is the cardinality of a minimum k-generating setof S. AsetS N is k-elementanyf rky (S) = j§. Let
min (S) and max(S) stand for min fs; : s; 2 Sgand maxfs; :s; 2 Sg respectively.

MINIMUM K-GENERATING SET '

Input : AsetS=fs;;sp;:::;sng N, and a positive integer k.
Solution : A k-generating setX of S,i.e, asetX N suchthatS 10k X
Measure : The cardinality of X.

Notice that it has been shown (in the context of conformal radiotherapy and Intensity Modulated
Radiation Therapy) that computing the k-ranks of a set of integers for unbounded is NP-complete [

We focus here only on the casek = 2. In [ , ], some easy properties (including expansion,
contraction and shift) of minimum 2-generating sets are given. Actually, from our point of view, the only
property that does not follow intuition is that, forany S N andany c2 N common divisor of S, we have
rko(S=0 = rko(S) if cisodd and rk,(S) ko (S=9 2 rk,(S) if cis even, where S=c= fs;=c:s; 2 Sg In
other words, dividing the elements of Sby a common divisor does not reduce the 2-rank (thereby ruling out
this approach for approximation considerations), and the result is quite tight (see [ , 1.

10.3.2 Hardness
The complexity of the MINIMUM 2-GENERATING SET problem is settled in [ , ]
Proposition 10.3.1 ([ , 1) TheMINIMUM 2-GENERATING SET problem isAPX-hard.

The proof is from the VERTEX COVER problem for cubic graphs and uses combinatorial properties (more
precisely matching properties) of intervals [ , ]

It remains open, however, whether the MINIMUM 2-GENERATING SET problem is NP-complete if every
integer in Sis bounded by a polynomial in the length of the input. We now complement the above hardness
result by presenting a new result that shows intractability of nding any non-trivial 2-generating set. We
need a new de nition. Aset S N is said to be k-simpli able, k 2 N , if there exists a k-generating set X of
Ssuch that jXj < jSj. In other words, Sis k-simpliableifrk (S) < jS.

Proposition 10.3.2. Deciding whetheras& N is 2-simpli able iscoNP-hard.

Proof. The reduction if from the EQUAL SuM SUBSET OF EQUAL CARDINALB’Y problenb GivenasetT N,
are there two disjoint nonempty subsets A;B T with jAj= jBjsuchthat _,,a= ,5b? TheEQUAL
SuM SUBSET OF EQUAL CARDINALITY problem has been shown to be NP-complete in [ , ]
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Computing a minimum 2-generating set of f1;2;:::;ngturns out to be a special case of the
POSTAGE STAMP problem ([ ; , ]). The POSTAGE STAMP
problem is de ned as follows: for xed posmve integers h;k 2 N, nd N(h;k), i.e, the
largest n for which a h-generating set of f1;2;:::;ngof size k exists. It is easily seen that
N(1;k) = k (for f1;2;:::;kg and N(h;1) = h (for flg. Stohr [ , ,b] proved that
N(h;2) = (h?+ 6h+ 1) 4 (Tripathi gives an alternate proof in [ , 1). Surprisingly
enough, no other closed-form formula is known for any other pair (h; k) where one of h and
kis xed | , ] Computing a closed-form formula for N (2; k) (or, going back to our
vocabulary, “ computingrk,(f1; 2;:::; nd) remains a challenging open problem (an asymptotic
bound for N(2;K) is givenin [ , D).

To give some insights of the context, we give the minimum size of of each 2-generating set of
f1;2;:::;ngi.e, rko(f1;2;:::;ng, for n from 1to 64 (notice that rk o (f1;2;:::; 6% = 13).

| n [ rk2(f1;2;:::;ng [ length of the slot |
1,2 1 2
3;4 2 2
5;6;7;8 3 4
9;10;11;12 4 4
13; 14;15;16 5 4
17;18;19; 20 6 4
21;22;:::,26 7 6
27;28;::::32 8 6
33;34;:::;40 9 8
41;42;:::,46 10 6
47:48;::::54 11 8
55;56;:::;64 12 10
Letn 2 N , and X be aminimum 2-generating set of f1; 2; :: : ; ng We certainly have max(X) B
(indeed, ( 5 - 1)+( % - 1) <n). We conjecture that max(X) % is actually enough.
Conjecture 5. For everyn 2 N , there exists a minimur@d-generating seK off1; 2; :::; ngsuch that
max(X) = 5 .

A computer-aided veri cation (linear programming) shows the conjecture to be correct for 1

n  80. If True, this property might help in better understanding the structure of optimal  2-
generating sets (more precisely, the structure of some interesting optimal 2-generating sets) of
consecutive integers.

Let T = fty;to;:::thg N be an arbitrary instance of the EQUAL SUM SUBSET OF EQUAL CARDINALITY
problem. We are due to nd out whether this set contains two qﬁomt subsets with the same cardinality and
Wlth the same sum. We take a rather big natural B(B= 1+ 1 ti is actually enough) and de ne the set

= fsp;s1;:i0;ng N bysp=2lands =(2(t; + B)+ 1,1 i n. We claim that Sis 2-simpli able if and
only if the original set T admits two disjoint subsets of equal sum and cardinality.

Assume for simplicity that t; + tg+ i+ to. 1 = to+ tg+ 11+ ty for some k. This is clearly equivalent
toassuming that s; + sz + :::1+ Sy 1 = Sp+ Sg + 111+ Sy Assume furtherthat toi. 1 to. g andty  ty
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forall 1 i<j k. This can be safely assumed through a relabeling of the indexes ofty;ts;:::;to- 1 (and
of s1;83;:::;Sx- 1) and a relabeling of the indexes of to;t4;:::;tok (and of sy;S4;:::; Sok ). Now, we have
that

S1+S3+ 111+ Syq-1 Sp + S4+ 111+ Sy (102)
forevery 1 g k. Consider nowthe 2k naturals do;d;;ds;:::;dok. 1 denedby do = 1andd; = s;- dj. ;
forl1 i 2k- 1. Weclaimthateachd;,1 i 2k- 1,isa positiveinteger. Indeed,for 1 i k- 1,we
have

doi+1 = Spi+1- dy

(si+S3+: i+ Spi+1)- So-(Sp+Sa+ 111+ Sy)

2ty +to+ i+ toe)F 2B(i+ D)+ (i+ 1)- sp- 2t +ty+ i+ ty)- 2Bi- i
2ty +to+ i) 2o+t it ty)+ 2B+

>0

n

forB> ;_;ti,and

doi = S - dai- 1
(Sp+sa+:ii+sy)+Sp-(Sp+S3+:ii+Sy.1)
So

=1

by (10.2). Notice that it follows from the above that
dok-1=(S1+S3+ i1+ Spk-1)- So-(S2+Sa+ i+ Sp.2).
Combining this with our hypothesis

Sok =(Sy+S3+ i+ Sx.1)-(S2+Sa+ i+ S 2)

yields sk = dok- 1+ Sop = dok- 1 + do, and hences; = dj. 1 + dj mog 2k holds for 1 i 2k. Then it follows
that X=1fd; :0 i 2k- 1g[ fsi:2k+1 i ngisaZ2-generatingsetofS. ButjXj=n- 1<n = jS, and
henceSis 2-simpli able.

For the other direction, assume the setS = fsy;s;1;:::S,0is 2-simpli able and let D = fdy;dy;:::;dkg

k n, be a2-generating set for S. Let us represent this situation with a graph G (for the very rsttime in
this manuscript we shall allow for loops in a graph). The graph G hask + 1 vertices labeled 0;d;;::: dk.
As for the edges, forevery 0 i n, we have an edge labeleds; between two vertices d, and dq such
that s; = d, + dq (if there exists severals possibilities for 2-generating s; with D we choose one arbitrarily).
Notice that, we have a loop labeled s; if s; = dp + d, for some d, 2 D, and en edge labeleds; with an
endpoint labeled 0 allows us to conveniently represent the cases; = dp ass; = dp + 0,dp 2 D.
SinceGhask+ 1 n + 1vertices and n + 1 edges thenG must contain some cycle C. Furthermore, the
sum of the labels on the edges of C is twice the sum of the labels on the nodes of C, and must therefore be
an even number. Now, remembering that the s; s are all odd (by construction from the t;’s) it follows that
C is an even cycle. Moreover, the edges ofC can be partitioned into two matchings M ; and M ,. Notice
now that the sum of the labels on the edges of M ; equals the sum of the labels on the edges ofM ,. From
this, and since B is so big, we can exclude the possibility that one edge of C is labelled with sy = 1. Then it

sum and cardinality. O

Observe, however, that Proposition 10.3.2 does rule out the existence of an approximation algorithm for
nding a minimum  2-generating set. Quite a surprising fact at rst glance!
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10.3.3 Put the blame on rk,(S)

Write n = j§, m = max(S) and k = rk,(S). We now consider the problem of nding a minimum cardlnallty
2-generating set of Sfrom an effective computational point of view [ ,

]- As a rst attempt, let us consider the brute-force approach (we do think it is good pract|ces to always
begin with the naive brute-force algorithm): generate all k-subsetsX of f1;2;:::; mgand check for each of
them whether 2-generatesS,i.e, S X[ 2X. Correctness of this algorithm is of course immediate. There
are ' such subsets and each subseX can be identi ed as a 2-generating set of Sin O(k? log(k)) time
(assuming a unit-cost RAM model with log(m) word size). Therefore, the brute-force algorithm is, as a whole,
aO(mkk?log(k)) time procedure. But m (and even log(m)) can be arbitrarily large compared to n = O(k?)
and this naturally leads us to the problem of trying to con ne the seemingly |neV|tabIe combinatorial
explosion of computational dif culty to a function of  k only [ , ].
We prove here that such an algorithm does exist for nding a minimum cardlnahty 2—generating set of S.
The following lemma is central in our approach.

Lemma 10.3.3([ , ]) LetS=1fs;:1 i ng N andX be aminimum2-generating set o&.
There exist rationals;; 2 f- 1;- 22 1;0;2 1;1g1 i rkp(Sandl | n,such that
8 9
<X =
X= . ij S - 1 i rkz(S)_

=1

Combining Lemma 10.3.3 with a brute-force algorithm for nding a (representation of a) minimum
cardinality 2-generating set of a setS2 N yields the following result.

Proposition 10.3.4. Assuming a unit-cost RAM model withog(m) word size tn = max(9)), there exists a
k2 (k+3)
o(5

k? log(k)) time algorithm for nding a minimum cardinality2-generating set o, wherek = rk(S).

Let us conclude by clarifying a point that we think some people have found confusing: Can integer
linear programming techniques cope here with trying to con ne the seemingly inevitable combinatorial
explosion to a function of k only? For one a classical result in parameterized algorithms is that the INTEGER
LINEAR PROGRAMMING problem parametrized by the number of variables is xed-parameter tractable. This
powerful result, rst proved by Lenstra in [ , ] (this paper received Fulkerson Prize in 1985 for an
outstanding contribution in the area of discrete mathematics) and later improved by Kannan [ , 1.
For another, it is not hard to design an integer linear program for nding a minimum cardinality 2-generating
set of a set of integers. Therefore, integer linear programming seems to be an appealing approach in our
context, and Yes this is indeed a good question. However, as long as our integer linear program uses a
number of variables depending — at least linearly — on max(S), Lenstra's result does not apply since max(S)
can be arbitrarily big compared to jSj. We did not succeed in obtaining such an integer linear program (and
actually we doubt such an approach is possible).
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[

Before concluding, we would like to address the following question: does there exist a better
representation lemma to improve Proposition 10.3.4 ? To this end, consider the setA P (Q)
de ned as follows: A 2 A if and only if, foranyset S=fs; :1 i ng Z*,rk,(S) = k, there
existrationals ; 2 A,1 i nandl | k,suchthatX = L, i§:1l ik isa
(necessarily minimum) 2-generating set of S. According to Lemma 10.3.3, A is not empty as it
contains f- 1;- 1=2;0; 1=2; &y Furthermore, as shown in Proposition 10.3.4, the time complexity of
our algorithm to compute a minimum  2-generating set depends - in an exponential way - on the
size of the minimum cardinality setin A. Foranyi 2 Z*,dene A; A to be the set of those sets
of A of cardinality i. Our question thus reduces to nding the minimum i 2 Z* suchthatA; 6 ;.
Lemma 10.3.3 shows thatAs 6 ;. Proving or disproving A; 6 ; forsome 1l i<5 remainsa
challenging problem.
Here are some lines of thought to reduce the above problem to “ IsA, empty?. Let A 2 A. We rst
observe that0 2 A (itis enough to consider the set S = f1; ng for any unbounded n). Furthermore,
we must have 12 A (it is enough here to consider the set S= f1g. As an immediate consequence,
A1 = ; sincejAj 2. We now show that A, = ;, i.e, f0;1g2 A,. Indeed, the se'gSl = f4;5;69
has a unique minimum cardinality 2-generating set, namely X, = f2;3g But26 ,,5 i for
i 2f0;1gi 2 S;, and hencef0; 192 A,. Therefore, A, = ;. We now turn to proving that Az = ;.
Suppose, aiming at a contradiction, that A3 6 ;, and let A 2 Az. According to the above, A has
the general form f0; 1; xgfor some x 2 Q. For one, as we already noticed, the setS; = f4;5; 6ghas
a unigue minimum cardinality 2-generating set, namely X; = f2; 3g Considering the pair (S;; X1),
an exhaustive computation now shows that A 2 A;  As, , where

As, = ff- 1;0;1g;f- 3=4;0; Iy; f- 1=2;0; Iy; f- 1=3;0; Iy; f0; 1=5; Iy;
f0;1=3;1;f0;1=2; 9 g

For another, the setS, = f6; 7; 8ghas a uniqgue minimum cardinality 2-generating set, namely X, =
f3; 4g Considering the pair (S;; X2), an exhaustive computation shows that A 2 Az Asg, ,where

As, = ff- 3=8;0; Iy; f- 1=2;0; Iy; f- 2=3;0; Iy; f- 2=7;0; Iy; f0; 1=2; g

Then it follows that A 2 A3 As, \ As, = ff- 1=2;0; f0; 1=2; Iy We now proceed to show
that neither f- 1=2;0; Qnor f0; 1=2; Ybelongs to Az, thereby proving Az = ;. Indeed, consider
rst the set S° = £3;4;6;7;8;10; 14; 15; 16; 18; 22;801t has a unique minimum cardinality 2-
generating set, namely X° = f1;3;7;1% But16 ,q0 iifor ; 2 f0;1=2;gi 2 S° since
1 < min(S9 and all rationals in f0;1=2; yare positive. Then it follows that f0;1=2;1y2 As.
Consider now the set S% = fil_,' 9;11g It has a unique minimum cardinality 2-generating set,
namely X%®°= 2,99 But26 ,q0i i for ; 2 f- 1=2;0;i 2 S Indeed, we must have
i =- 1=2for somei 2 S%since 2 < minfi :i 2 S°Y We now need to consider three cases. First,
if ¢ =- 1=2thenwe musthave ; =- 1=2since9and 11are odd integers and 4 is even. But
- 9"% + 4=- 6 <2, acontradiction. Second, if 17 =- 1=2 we also end up with a contradiction
by a symmetric argument to one from the previous case. Third, if 4 =- 1=2 ¢ 2 f0;1gand
11 2 fO;lgwe obtain 4= 9 ¢+ 11 ;; for ¢ 2 fO;1gand 1; 2 fO; 1g which is impossible. Then
it follows that f- 1=2;0; 32 A3. Combining Az  ff- 1=2;0; Iy f0; 1=2; Igwith f0;1=2; 2 A3
and f- 1=2;0; D2 A3, we obtain Az = ;.
Finally, notice that, according to the above, if any set A 2 A has to be symmetric around zero (note
that since our solution subset f- 1;- 1=2;0; 1=2+ 1gis, this may be an intrinsic property), then
we would immediately obtain the desired result A4 = ;. Proving or disproving this symmetry
property remains an intriguing open problem as well.
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Perspectives

Thanks to my thinking notesalong this manuscript, | think | have already pointed out most of the problems
and questions related to my exposition | am interested in. | hope | have succeeded in trying to convince
the reader that multidimensional intervals, linear matchings, permutations, connected occurrences and
k-generating sets are nice, interesting and useful (and fun? quite an important point for me) combinatorial
objects for algorithmic investigations. It is thus understood that the above-mentioned topics will constitute
de nitively a large part of my research in the coming years. Therefore | shall not reproduce nor discuss any
longer any of them here, and | shall focus instead on some new additional topics.

In the sequel, | present and brie y discuss four research topics | am particularly interested in and on
which | plan to work in the very near future. Let me rst put these different topics in their context. Both the
MINIMUM COMMON STRING PARTITION problem and the Tandem duplication-random loss model are related
to comparative genomics. Actually, | think that these two problems (together with algorithmic aspects of
next generation sequencing) will constitute in a short-term — not to say are now — my main research activity
in comparative genomics (I am now left with the feeling that heuristic approaches is the best we can do for
the match-an-prune model). The MEDIAN problem for the Kendall-Tau distance is related to rank aggregation.
Finally, | present one combinatorial problem on graphs that has recently caught most of our attention.

The MAXIMUM COMMON STRING PARTITION problem

isequaltou,i.e,u = p1p2 ::: pm. Given a partition P of a string u and a partition Q of a string v, the pair
(P; Q) is acommon partitionof u and v if Q is a permutation of P. The MINIMUM COMMON STRING PARTITION
(MCSP) problem is to nd a common partition of two strings  u and v with the minimum number of blocks.
The restricted version of MCSP where each letter occurs at mostk times in each input string, is denoted by
k-MCSP. It has been shown that the 2-MCSP problem is NP-hard and, moreover, even APX-hard [

, ]. The2-MCSP and 3-MCSP problems are approximable within ratio 1:1037and 4, respectively
[ , ]. The MCSP problem is approximable within ratio O(k), where k is the maximum
number of occurrences of a letter, and within ratio O(log(n) log (n)) in the general case [ ,

1

Let us embed the MCSP problem into multidimensional interval graphs. Recall that the MINIMUM

INDEPENDENT DOMINATING SET problemisto ndinagraph G is minimum cardinality subset V° V(G)
such that (i) V%is an independent set and (i) for each u 2 V(G) nV% Ng(u)\ V%6 ;. Most of our interest in
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the MINIMUM INDEPENDENT DOMINATING SET problem stems from the following easy observation: Given
two stringsu andv, both of lengtn, built over some alphab#t such thatjuj, = jvj, foralla 2 A, one can construct
in polynomial-time a2-track interval graphG = (D) with at mostn(n + 1)=2 vertices such that independent
dominating sets of siZe of G are in one-to-one correspondence with common partitions ok sike andv. What
about approximating the MINIMUM INDEPENDENT DOMINATING SET problem for 2-track interval graphs?
The nice results of | , ] do not help much here as it seems impossible (let me moderate
this, D. Rawitz and | did not succeed) to push up the local-ratio based approximation for the MINIMUM
DOMINATING SET problem in d-interval graphs, d 2, to the MINIMUM INDEPENDENT DOMINATING SET
problem for d-interval (or even d-track interval) graphs. However, it is conceivable that this problem is in
APX for d-track interval (and actually even for d-interval) graphs (even if we have proved this problem to be
WI[1]-hard for 2-interval graphs [ , 1). Notice that, even if most — not to say all — standard
combinatorial graph problems remain NP-complete for 2-interval graphs, they usually belong to APX. In
any case, | believe this point of view might shed some new light upon the approximation of the MCSP
problem.

Tandem duplication-random loss model

In the Tandem duplication-random loss model, a genome (given in the form of a permutation) evolves via
the tandem duplication of a contiguous segment of genes (i.e, the duplicated copy is inserted immediately
after the original copy), followed by the loss of one copy of each of the duplicated genes. In most, though
not all cases, this process will result in a genome rearrangement [ , ]. See Figure 10.1
for an illustration; the goal is to nd a minimum cost sequence of duplication-loss steps to transform the
identity into a target permutation.

1[23486

duplication
Y
1/2345(2345]6

loss

\J

13145213456 = 246

lduplication
[135]135[246

loss
N351/36246 = 351246

Figure 10.1: Example of a genome rearrangement caused by two rounds of tandem duplication and random
loss.

Although it seems intuitively clear that the cost of a duplication event should be some non-decreasing
function of the length of the duplication, it is not clear what functional form this cost duplication should
take. If the cost of a duplication of a segment of k genesis ¥ for some constant parameter 1, it has been
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proved in [ , ] that computing a minimum cost sequence of duplication-loss steps to
transform the identity into a target permutation is solvable in linear-time if = landin O(n log(n)) time for
any 2 (in the latter case, the problem reduces to computing the Kendall-Tau distance). The complexity
isopenfor 1 < <2 . More important, the complexity of computing this distance is unknown for af ne
functions.

The MEDIAN problem for the Kendall-Tau distance

In the traditional (undirected) version of the MEDIAN problem, we are given k genomes and we are asked
to nd the genome which minimizes the sum of the distances to the other k genomes (see our monograph
[ , ] for an up-to-date survey of this eld). The MEDIAN problem for the Kendall-Tau distance
has also been studied in the context of social choice theory and rank aggregation. It has been shown to
be NP-complete for k = 4] , ] (actually, it is claimed in [ , ] that the result
holds for k 4 but it is not clear that the hardness propagates upwards to odd n, they had no success at
all in convincing us), and to be approximable within ratio  1:57[ , ]. For k = 3, the case of
most interest in the context of phylogeny since it is often use as a subroutine in phylogenetic reconstruction,
NP-hardness has been established and nothing but a trivial 4=3approximation ratio is known. What about
other distances? We have presented some preliminary results of this topic in [ , ].

Security in graphs

Given a graph G, asubsetS V(G) is adefensive allianaéforall u 2 S,jNg[u]\ § |Ng[u]lnS,i.e, every
vertex u 2 Shas as many neighbors, including u itself, in Sas those inV(G) nS| , ] The
various concepts of alliances in graphs are motivated from a security issue that whether defenders of u 2 S
can defeat the attackers ofv 2 V(G) nS. Brigham et al. have described a global concept of alliances based on
the idea that defensive alliances do not accurately model real-world situations [ , ]. Given
agraph G, asubsetS V(G)isasecuresdfforall X S |Ng[X]\' § |Ng[X]nS,i.e,everysubsetX S
has as many neighbors, including X, in Sas those inV(G) nS. The security numbeiof G is the cardinality of a
minimum secure set of G. The complexity of determining the security number of a graph is completely open
(it has, however, be found for some families of graphs). In fact, there is no known polynomial algorithm for
determining if a givenset S V(G) is a secure set [ , ]-

Recently, security in graphs has caught most of our attention, both from the standard complexity and the
parameterized point of view. Our recent results (collaboration with R. Rizzi, Univ. Udine, Italy) suggest that
(i) determining ifa givenset S V(G) is a secure set iscoNP-hard, and that (ii) the problem of computing
the security number is not approximable but is xed-parameter tractable for the standard parameterization
(quite an unusual situation in parameterized complexity theory). Determining the security number of
bipartite and bounded degree graphs is still completely open. More generally, very little is known about
approximation issues of the various concepts of alliances in graphs [ ,

; : I
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