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Abstract

In this thesis we study problems related to approximation of asymmetric TSP. First
we give worst case examples for the famous algorithm due to Frieze, Gabiati and Maffioli
for asymmetric TSP with triangle inequality. Some steps in the algorithm consist of
arbitrary choices. To prove lower bounds, these choices need to be specified. We show a
worst case performance with some deterministic assumptions on the algorithm and then
prove an expected worst case performance for a randomised version of the algorithm. The
algorithm by Frieze et al. produces a spanning cactus and makes a TSP tour by shortcuts.
We have proven that determining if there is a spanning cactus in a general asymmetric
graph is an NP-complete problem and that finding a minimum spanning cactus in a
complete, directed graph with triangle inequality is equivalent to finding the TSP tour
and the problems are equally hard to approximate. We also give three other results; we
show a connection between asymmetric TSP and TSP in a bipartite graph, we show that
it is NP-hard to find a cycle cover in a bipartite graph without cycles of length six or less
and finally we present some results for a new problem with ordered points on the circle.
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Sammanfattning

Denna licavhandling — vars titel kan 6versattas med Om approxzimation av asymmetrisk
TSP och besliktade problem — tar upp nagra olika resultat som ror just approximation av
TSP. For asymmetrisk TSP finns det en dver tjugo ar gammal approximationsalgoritm
av Frieze, Gabiati och Maffioli [12]. Algoritmen bygger genom upprepade cykeltackningar
en uppspannande kaktus och bildar en TSP-tur genom att dra genvégar. Algoritmen
ger en TSP-tur som &r mindre &n log, n ganger den kortaste turen. Papadimitrio och
Vempala [27] har visat att om P # NP sa kan inte TSP-turen approximeras béttre &n
220/219 — € ganger den kortaste turen. Eftersom den algoritmen och den undre griansen
ar langt ifran varandra kan nagon av dem forbattras betydligt. Det finns tva forbattringar
av algoritmen. 2003 gav Bléser [5] en algoritm som ger en approximation i 0.999 log, n.
Senare kom Kaplan, Lewenstein, Shafrir and Sviridenko [21] med en algoritm som ger en
approximation inom O(0.842log, n).

I Kapitel 2 ger vi véarsta-fallet-grafer for algoritmen av Frieze m. fl. Forst visar vi
att med nagra deterministiska antaganden ger algoritmen en TSP-tur storre &n log,n -
OPT/(2 4+ o(1)). Sedan visar vi att en slumpmaéssig version av algoritmen ger forvintad
vikt i Q(logn) men med en sémre konstant.

Algoritmen av Frieze m. fl. bygger en uppspénnande kaktus i grafen och bildar en TSP-
tur genom att dra genvégar. I Kapitel 3 visar vi att avgéra om det finns en uppspédnnande
kaktus i en generell graf a&r NP-fullstandigt och att hitta en minimal uppspannande kaktus
i en fullstdndig, viktad graf med triangelolikheten ar ekvivalent med att hitta den minsta
TSP-turen. Bada problemen ar dessutom lika svara att approximera.

Till slut tar vi upp tre andra resultat. Tva ror bipartita grafer och det tredje ett nytt
problem om ordnade punkter pa en cirkel.
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Chapter 1

Introduction

When solving a problem on a computer there are usually two limiting resources,
time and space. How long time will it take and how much memory is needed? Since
computers are getting faster and faster a more interesting question is how fast do
these parameters grow with the size of the problem. If the size of the input of the
problem is n, can the problem be solved with a number of operations which is linear
in n? quadratic in n? or maybe exponential in n? In complexity theory problems
are classified by this rate.

1.1 A Real-Life Problem

For example [10], a company is drilling n holes in a metal sheet. The drill has
a starting position hy and moves from hole to hole. After all holes have been
drilled the drill returns to the starting position. The distance between two holes is
d(hi, hj). Suppose that the time to move the drill is proportional to the distance.
Drilling a hole takes time t;. For an order 7 of the holes the total time required is
S oty +F-d(hriy, hrgiy1))) where m(n+1) = w(0). The time required to drill,
Y1 ti, is independent of 7 but we can change the order of the holes to minimise
the moving time & Z?:O d(hﬂ.(i), hﬂ'(i-‘rl))'

If there are ten holes to be drilled then there are 10! = 3628800 different orders
and a computer can calculate the length of each order and select the shortest. But
if there are one hundred holes, then there are 100! ~ 9 - 107 orders and it takes
too much time to try each order.

1.2 Classification of Problems

The drilling problem is an optimisation problems where the best solution is wanted.
The drilling problem is a hard problem where no polynomial time algorithm that
finds the best solution is known. An optimisation problem has a corresponding
decision problem. The decision problem corresponding to the drilling problem is

1



2 CHAPTER 1. INTRODUCTION

“Is there an order where the drill moves less than a distance k?”. Characteristic
for a decision problem is that the answer is yes or no.

Another optimisation problem is the shortest path problem “Find the shortest
path from a to b in the graph G”. For this problem there is a polynomial time
algorithm which finds the best path. The corresponding decision problem is “Is
there a path with length shorter than k between a and b in the graph?”. Naturally
also this problem can be solved in polynomial time. There are also decision problems
without natural corresponding optimisation problems for example “Is the integer n
an even square?”. Also this problem can be solved in polynomial time.

A complexity class is a group of problems which are consider equally hard to
solve. Usually the limiting resources is time or space. In this theses we will refer to
the following two classes where time is the limiting resource; the class P is decision
problems which can be solved in polynomial time or reasonable time, the class NP
is a class of decision problems where if the answer is yes there is a proof that the
answer is correct which can be checked in polynomial time. Of cause P C NP.
A common belief is that P # NP in other words that there are problems which
have proofs that are easy to check but where the problem can not be solved in
reasonable time. The drilling problem is one such problem. The proof that there
is an order for which the drill moves less than k is the order it self. Given an order
it is easy to check if the drill moves less than k, but finding the order is believed to
be difficult. Many NP problems are proven to be equally hard to solve. If one can
be solved in reasonable time so can the others. This group of connected problems
are called NP-complete. Unfortunately many problems were early shown to be
NP-complete [13]. The drilling problem is an NP-complete problem.

If it is difficult to decide if there is an order for which the drill moves less than a
distance k of course it is difficult to find the best order. For an optimisation problem,
if the corresponding decision problem is in NP a bit carelessly the optimisation
problem is said to be in NP. Consider an optimisation problem in NP (where we
can not find the optimal solution in reasonable time), can we find an approximate
solution?

A minimisation approximation algorithm has a so-called approximation factor
c if the solution is never worse than ¢ times the optimum solution. The lower the
value of ¢ the better approximation algorithm and if P # NP then ¢ > 1. There
is a way to decide if an approximation algorithm is optimal. By reducing another
NP-complete problem to the problem one can decide a so-called lower bound, k,
such that if P # NP the approximation factor can never be lower than the lower
bound, ¢ > k > 1. If ¢ = k the approximation algorithm and the lower bound
are optimal and there is no use trying to improve the algorithm (in a theoretical
aspect, practical improvements can still be done). NP-complete problems have
very different behaviour with respect to approximability. Some are possible to
approximate within a constant arbitrarily close to one and others are not possible
to approximate within any constant. In [3] there is a list of more than 200 NP-
complete optimisation problems together with their approximability.
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1.3 The Travelling Salesman Problem

The problem of drilling holes is an example of the Travelling Salesman Problem or
TSP. As the name indicates the Travelling Salesman Problem considers a salesman
who wishes to visit n cities in an order that makes the travelled distance as short
as possible. He starts and ends in the same city and visits all other cities exactly
once. It is also assumed that there is a road between every pair of cities. With this
formulation the problem is not very realistic. There is not a road between every
pair of cities and many other factors than the distance are also important for the
choice of tour. But many other formulations of TSP, such as the drilling problem,
are important problems to study.

TSP is an NP-complete problem and is hence not believed to be solvable in
reasonable time. Therefore much effort has been put into finding approximation
algorithms. When studying the problem formally the cities are nodes in a complete
graph with positive weights on the edges and the problem is to find the shortest
Hamiltonian cycle.

TSP was proven to be NP-complete already by Karp [22] in 1972, and Sahni
and Gonzalez [30] showed that it is NP-complete to find a tour with length within
exponential factors of the optimum. When the distance function is constrained
to satisfy the triangle inequality, d(vs,vy) < d(vy,v;) + d(vs,vy), the best known
approximation algorithm has an approximation factor ¢ = 3/2 and is due to Chris-
tofides [7]. The algorithm finds the minimum spanning tree in the graph and then
makes a minimum cost matching of nodes with odd degree. The result is an Eu-
lerian graph. The TSP tour is made by shortcuts in the Eulerian graph. The weight
of the tree is less than the weight of the TSP tour and the matching has weight at
most half the weight of the TSP tour. Since the graph obeys the triangle inequality
the shortcuts do not increase the weight. Hence the result is at most 3/2 times the
optimum solution.

Practical Algorithms

The distances in the drilling problem do not only obey the triangle inequality,
they are also Euclidian distances. For many real world problems this is the case
and therefore many heuristics have been invented to solve or approximate them.
Currently the best tool to find the optimal solution to large-scale Euclidian instances
of TSP is the Concorde [1]. There has been a challenge to find the best TSP tour
visiting all 24 978 cities in Sweden (using Euclidian distances). In May 2004 the
challenge was won by the program Concorde which solved the problem with linear
programming. It was also proven that the solution was optimal. An Euclidian TSP
instance with up to 1000 nodes is solved exactly within some minutes with the
Concorde.

When it comes to approximation there are many different algorithms. The
performance of an algorithm depends on the graph and on the implementation, so
it is difficult to compare them. If one wants to choose approximation algorithm
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for an instance of TSP, the best way is to test the algorithms in question on the
particular instance. The rule of thumb is what you win in time you loose in quality.
Johnson et al. [19] compare a variety of algorithms for different graphs but focus on
2-dimensional Euclidian distance functions. When we refer to their investigation we
will give the performance time for 10 000 nodes uniformly distributed in the plane.
The algorithms were run on a Compaq ES40 with 55-MHz Alpha processors.

One of the fastest algorithms divides the plane into strips, sorts the nodes in
each strip and then connects them. In 0.01 seconds it gives an approximation 1.31
times the optimal solution. The algorithm nearest neighbour chooses in every step
the nearest neighbour as the next city. The algorithm is fast but might perform
poorly, in 0.28 seconds it gives a tour 1.25 times the optimum. First producing a
tour with for example nearest-neighbour and then replacing edges by different local
searches are the algorithms which give the best approximations. 3-Opt makes a TSP
tour with nearest neighbour and then tries improve the tour by deleting three edges
and permute the three resulting paths. It produces an 1.03-approximation in 1.5
seconds. The famous Lin-Kernighan has a more intricate way of changing edges and
is more effective than 3-Opt . It gives an 1.02 approximation in 2.3 seconds. (For
larger testbeds the difference in the approximation constant is larger.) Helsgaun
is a complex heuristic and gives a very good approximation. The disadvantage is
that it is rather slow. In 862 seconds it gives a 1.008-approximation.

Johnson et al. also present results for the algorithm by Christofides. Even
though it is the only algorithm with a proven upper bound it is far from optimal
in practice. In 1.04 seconds it returns an 1.1-approximation.

1.4 Asymmetric TSP

Another drilling problem is when the metal sheet is tilted. The drill is first moved
vertically, y, and then horizontally. The speed moving the drill up y™ is faster
than the speed moving down y~. This is also TSP but the distance function is
asymmetric.

Formally the distance matrix is not restricted to being symmetric. This case is
much less understood than symmetric TSP. In 1982 Frieze, Galbiati and Maffioli [12]
invented their famous algorithm for asymmetric graphs with triangle inequality,
which approximates the TSP tour within a factor of log,n. The main idea of
the algorithm by Freize et al. is: Find a minimum cycle cover in the graph by
linear programming. Choose one node in every cycle and form a subgraph with
the same distance function as in the original graph. Find a minimum cycle cover
in the subgraph. Continue iteratively until there is only one cycle in the cycle
cover. Similar to the algorithm by Christofides the union of the cycle covers form
an Eulerian graph. Replace edges in the union with a shortcut edge to obtain a
TSP tour. Since the graph respects the triangle inequality the TSP tour has weight
less than or equal to the the sum of the cycle covers.
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There is only a small lower bound: Papadimitriou and Vempala [27] recently
proved that it is NP-hard to approximate the minimum TSP tour within a factor
of 220/219 — ¢, for any constant € > 0. Obviously, huge improvements can be
made either on a better algorithm or a tighter lower bound. Despite a lot of effort
during the last twenty years there have been only two algorithmic improvements,
both very recent. The first by Bléser was announced in 2003 [5]. He improves the
algorithm by Frieze et al. and proves a factor 0.999 - log, n. The second algorithm
by Kaplan, Lewenstein, Shafrir and Sviridenko [21] decomposes multigraphs and
gives an approximation of 3/41logsn < 0.842log, n.

Practical Algorithms

Practical heuristics for approximation are not as well developed as for the sym-
metrical case. Johnson et al. [18] have made a comparison of most algorithms on
different testbeds. There is no obvious choice of testbed and the algorithms per-
form differently depending on the data. Generally the approximation algorithms
are slow, the largest testbed has 3162 nodes, and the approximation factors are lar-
ger than in the symmetric case. Optimisation is also slow and for several testbeds
with 1000 nodes the optimal tour was never found. They had drilling on a tilted
sheet as one testbed (this distances obey the triangle inequality) and when we refer
to there investigation we use performance times for the testbed with 1000 drillholes
on a tilted sheet.

There are not as many algorithms developed for asymmetric TSP as for sym-
metric. Many algorithms for symmetric TSP can not handle asymmetric distances.
The distances are not Euclidian, so it is not possible to divide the nodes into strips
with respect to position. Local search algorithms where small local optimal paths
are connected have problems since the short paths can be in opposite directions
and are hence expensive to connect. One algorithm that can handle asymmet-
ric distances is nearest neighbour. It gives an 1.28-approximation in 1.9 seconds.
Another algorithm that also works for asymmetric graphs is 3-Opt in 6.6 seconds
3-Opt gives an 1.18-approximation.

One can construct a symmetric counterpart to an asymmetric graph. Replace
each node v; by v; and v;. An edge (v}, v;) is replaced by (v; v;") were d(v;, v) =
d(vj,v;) and the edge (v;,v;) is replaced by (vi_,vj) where d(vi_,vj) = d(vi, vj).
Let d(v;",v;) = —oc and all other edges has weight oo (implemented as a large
number). This construction might cause problems because of the large edge weights,
nonpositive weights, loss of triangle inequality and also increases the number of
nodes but it is solvable with some algorithms for symmetric TSP. Making the
graph symmetric and then use the algorithm Helsgaun gives in 318 seconds an
1.01-approximation.

The algorithm by Frieze et al. was also tested. Even though it is the only al-
gorithm with a proven upper bound, an algorithm which builds only one cycle cover
and then patches the cycles together was both faster and gave a better approxim-
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ation for all testbeds. In 2.9 seconds the algorithm with one cycle cover gave an
1.18-approximation.

1.5 Variants of TSP

Many other variants of TSP have been studied. In Max-TSP or informally the
“taxicab ripoff problem” the maximum TSP tour is sought. If the edges are al-
lowed to have negative weights it is the same problem as minimum TSP. In most
cases though only non-negative edge weights are allowed, in which case it is easier
to approximate than minimum TSP and there is an approximation algorithm by
Kosaraju et al. [24] which gives a TSP tour of length at least 38/63 times the
maximum tour.

Group-TSP or TSP with neighbourhood is when a salesman wants to visit n cus-
tomer and the customer can move within a neighbourhood. Safra and Schwartz [29]
give some lower bounds for Group-TSP with restricted distances.

Price collecting TSP is when a visit to a city gives a price reward. The goal
can be to collect a certain amount of money and to minimise the travelled distance.
Or there is a limitation of the distance and the goal is to maximise the collected
money. The problems have in common that the goal is to choose a subset of the
nodes and to find an certain ordering of the selected nodes. Balas gives in [4] a
summary over problems and results in this category.

TSP with multiple salesmen or k-TSP is the problem when k salesmen shall
visit n cities, all staring and ending in the same city [28].

In practice there can be time restrictions. A city must be visited within a certain
time interval [2], or the sheet where holes are drilled is moving so the distances
depend on time [14].

1.6 Results in the Thesis

Most results concern asymmetric TSP in one way or another. Chapter 2 shows a
worst case performance of the approximation algorithm of asymmetric TSP with
triangle inequality by Frieze et al. [12]. Their analysis of the algorithm gives a
upper bound. We construct a family of worst case graphs for the algorithm with
the following assumptions on the algorithm:

1. The first node in every cycle is chosen for the subgraph.
2. The shortcuts are made in a certain specific order.

We show that the analysis is tight up to a constant factor. This section is based
on the paper [25]. Then we construct a family of graphs which obeys an expected
worst case performance with the following weaker assumptions:

1. A random node in every cycle is chosen for the subgraph.
2. The shortcuts are made by a depth-first search.
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but get a worse constant.

Both the algorithm by Christofides for symmetric TSP and the algorithm by
Frieze et al. for asymmetric graphs, find an Eulerian graph and produce a TSP tour
by shortcuts. In an asymmetric graph one Eulerian subgraph is the spanning cactus.
Is it possible to find a spanning cactus with less weight than the one produced by
Frieze et al.? Chapter 3 is based on the article [26] and shows that determine
if there is a spanning cactus in a general asymmetric graph is NP-complete and
that finding the minimum spanning cactus in a complete graph is polynomial time
equivalent to TSP and they have the same hardness in approximation.

In Chapter 4 we investigate some correlations between TSP in an asymmetric
graph and TSP in a bipartite graph. This work was done together with Lars
Engebretsen and my contribution to the results in this chapter is approximately
50%.

In [15] Hartvigsen claim that finding a perfect 2-matching without 6-factors in
a bipartite graph is NP-complete. To our knowledge, no proof has been published.
We give a proof in Chapter 5.

A new problem is the Betweenness problem on the circle. In Chapter 6 we show
that it is NP-complete and give an approximation algorithm.
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Chapter 2

Worst Case Performance of the
Approximation Algorithm by
Frieze et al. for Asymmetric TSP

In 1982 Frieze, Galbiati and Maffioli (Networks 12:23-39) published their famous
algorithm for approximating the TSP tour in an asymmetric graph with triangle
inequality. They show that the algorithm approximates the TSP tour within a
factor of log, n. We construct a family of graphs for which the algorithm (with some
implementation details specified by us) gives an approximation which is log, n/(2+
0(1)) times the optimum solution. We also relax the assumptions of the algorithm
and show an expected worst case preformance, but the constant is worse in this case.
This shows that the analysis by Frieze et al. is tight up to a constant factor and can
hopefully give deeper understanding of the problem and new ideas in developing
an improved approximation algorithm.

2.1 Introduction

The Travelling Salesman Problem (TSP) is one of the most famous and well-studied
combinatorial optimisation problems.

Definition 1 The (Asymmetric) TSP is the following minimisation problem: Given
a collection of cities and a matriz whose entries are interpreted as the non-negative
distance from a city to another, find the shortest tour starting and ending in the
same city and visiting every city exactly once.

TSP was proven to be NP-hard already by Karp [22] in 1972. This means that
an efficient algorithm for TSP is highly unlikely; hence it is interesting to investigate
algorithms that compute approximate solutions. However Sahni and Gonzalez [30]
showed that in the case of general distance functions it is NP-hard to find a tour
with length within exponential factors of the optimum, this is true even if the

9



10 CHAPTER 2. WORST CASE PERFORMANCE

graph is restricted to being symmetric. When the distance function is symmetric
and constrained to satisfy the triangle inequality the best known approximation
algorithm is a factor 3/2-approximation algorithm due to Christofides [7]. With a
c-approximation algorithm we mean a polynomial time algorithm that outputs a
tour with weight at most ¢ times the optimum weight.

We will study the case when the distance function satisfies the triangle inequality
but is not limited to being symmetric. This case is much less understood. In 1982
Frieze, Galbiati and Maffioli [12] invented their famous algorithm for asymmetric
graphs with triangle inequality, which approximates the TSP tour within a factor of
logy n. There is only a small lower bound: Papadimitriou and Vempala [27] recently
proved that it is NP-hard to approximate the minimum TSP tour within a factor
less than 220/219 — ¢, for any constant € > 0. Obviously, huge improvements can be
done either on a better algorithm or a tighter lower bound. Despite a lot of effort
during the last twenty years there have only been two algorithmic improvements,
both very recent. The first by Blédser was announced in 2003 [5]. He improves the
algorithm by Frieze et al. and proves a factor 0.999 - log, n. The second algorithm
by Kaplan, Lewenstein, Shafrir and Sviridenko [21] decomposes multigraphs and
gives an approximation of 3/4logsn < 0.842logyn. Hence, any new insight re-
garding the asymmetric TSP is important. One way to achieve such insight is to
identify potential “hard” instances for the known approximation algorithms. The
algorithms by Blaser and by Kaplan et al. are more complicated than the original
algorithm due to Frieze et al. and are hence more difficult to understand. Therefore,
we study the original algorithm in this paper. By constructing an explicit family
of graphs we establish that the analysis of the algorithm is tight up to a constant
factor (Theorem 1 and 2).

The main idea of the algorithm by Freize et al. is: Find a minimum cycle cover
in the graph by linear programming. Choose one node in every cycle and form a
subgraph with the same distance function as in the original graph. Find a minimum
cycle cover in the subgraph. Continue iteratively until there is only one cycle in the
cycle cover. The union of the cycle covers form an Eulerian graph. Replace edges
in the union with a shortcut edge to obtain a TSP tour. Since the graph respects
the triangle inequality the TSP tour has weight less than or equal to the the sum
of the cycle covers. First we construct a family H of graphs which have a worst
case performance of the algorithm by Frieze et al. with the following assumptions
on the algorithm;

1. The first node in every cycle is chosen for the subgraph.
2. The shortcuts are made in a certain specific order.

This shows that the analysis of the algorithm by Frieze et al. is tight and our
first main result is:

Theorem 1 For every € (0 < € < 1/n), there exists a family G of graphs, Gy,
such that the approzimation algorithm by Frieze et al. [12] with our deterministic
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specifications, gives a TSP tour, T such that

T log, n
opt(Gr) = 2+ 2

Then we have constructed a family, G, of graphs which obeys an expected worst
case performance with the following weaker assumptions:

1. A random node in every cycle is chosen for the subgraph.
2. The shortcuts are made by a depth-first search.

With these assumptions the expected weight of the TSP tour is proportional to
logn - opt(G,,) but the constant is worse than before. The spanning cactus is heavy
regardless of the choice of node in the subgraph. The first assumption is needed for
the expected length of the TSP tour. The second assumption that the shortcuts
are made by a depth-first search is a fast and natural implementation and is also
needed for the lower bound of the length of the TSP tour.

Theorem 2 There exists a family, G, of graphs, Gy, such that the approximation
algorithm by Frieze et al. [12] with random choices gives a TSP tour with expected
weight

Qopt(Gyp)logn)

Both constructions are symmetric graphs and they can easily be approximated
by the algorithm by Christofides. For the first construction we give as a corollary
a family of asymmetric graphs which also have weight respective expected weight
of the TSP tour proportional to opt(G%)logn. For asymmetric graphs Frieze et
al. [12] give another data dependent algorithm which gives a 3a/2-approximation
of the TSP tour, where « is the maximum ratio of d(v;,v;)/d(vj,v;) for v;,v; € V,
v; # vj. The idea of the algorithm is to make the graph symmetric and then use the
algorithm for symmetric graphs by Christofides [7]. We will not show a worst case
behaviour of this algorithm, but the family of asymmetric graphs is not guaranteed
to be well-approximated by the data dependent algorithm.

Some terminology

All graphs in this chapter have n = 2™ nodes placed in a circle. When an algorithm
operates on an arbitrary node the ordering is modulo n. For example the node
before vy is v,—1 and vy = v,. An interval of node-indexes [a,b] represents, if
a < b all numbers ¢ < ¢ < b and if b < @ the numbers [a,n — 1] U [0,b]. The
length of an interval is if a < b d[va, vy] = 3'=0 d
S d(vi, vigr) + Y150 d(vi, vig)-

We often discuss parts of graphs; we therefore introduce some terms describing
such parts. By cycle we mean simple cycle and a cycle is denoted by the nodes in
it written in the cycle order. For example ¢ = (v1, ve, v3) is the directed cycle from

(vi,vi11) and if @ > b d[vg, vp] =
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v1 to vo to vz and back to vs. Sometimes we do not know which index the nodes
have on the circle, then a cycle ¢ is denoted C; = (v;,,v4,, vs;) and 5 is a symbol
for the index on the circle. The weight of a cycle w(C) = 3 . d(e) is the sum of
the weight of the edges in the cycle.

Definition 2 A directed cactus is a strongly connected, asymmetric graph where
each edge is contained in at most (and thus, in exactly) one simple directed cycle
[31]. A spanning cactus for an asymmetric graph G is a subgraph of G that is a
directed cactus and connects all vertices in G.

The weight of a cactus w(K) = ) . d(e) is the sum of the weight of the edges
in the cactus. Throughout the paper, T is a TSP tour, opt(G) is the weight of the
minimum TSP tour in the graph G, and C' is a cycle, K is a cactus and K is a set
of cacti.

Given a strongly connected graph, G = (V, E) with weighted edges, we define
the distance between two nodes, d(v;,v;), as the weight of the shortest path in G
from v; to v;. This distance function clearly obeys the triangle inequality.

2.2 The Approximation Algorithm

An intuitive description of the approximation algorithm by Frieze et al. [12] is given

in the introduction. Their description of the algorithm, is given in this section.
The main algorithm is ATSP; it calls the procedure ASSIGN which returns a

minimum cycle cover and the procedure TOUR which makes the shortcuts.

Procedure ASSIGN(G, D)

Input: A graph G = (V, E)
A cost function D : E — QT

Output: A cycle cover C C E

The procedure finds a set C C E of minimum cost such that every node in V' has
in and out degree equal to one.

For the next procedure we need some notations: In a spanning cactus K the
following holds for every node v € V:

1. indegree(v) = outdegree(v) = deg(v)
2. the removal of node v from K leaves deg(v) connected components

Remark 1 Frieze et al. make the observation that these properties imply that for
each connected component K; obtained by removing v there exists nodes u;, w; € K;
such that (u;,v) and (v,w;) are in K.
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Procedure TOUR(G, K)

Input: A graph G = (V, E)
A spanning cactus K C F
Output: A TSP tour K
begin
while there exists a node v € V with deg(v) > 1 do
begin
K+~ KU (ul,wg)*;
K—K \ {(ulﬂv)’ (U’wQ)};
end
end

* Remark 1

Procedure ATSP(Gy, Dy)

Input: A graph Gp = (V, E)
A cost function Dy : E — QT

Output: A TSP tour T
begin
1 K« 0
D «— Dy;
G «— Go;
k — 2;
while k£ # 1 do
begin

{C1,Cs,...,Cr} — ASSIGN (G, D);

V —0;
9 for ¢ = 1 until A do
10 begin
11 choose* a node v; of C;;
12 V—Vui{u}
13 K — KU{C;}
14 end
15 Let G be the complete subgraph of Gy induced by V and

D the induced cost matrix of G;

16 k «— h;
17 end
18 T« TOUR(Gy, K);
19 return 77
end

0 O U W

13

In the last iteration the single node in V' is the root of the cactus. To get an
upper bound on their algorithm Frieze et al. make the following analysis: In the
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worst case all cycles in the cycle cover have length two, hence at most |log, n] cycle
covers are produced. The weight of every cycle cover is less than or equal to opt(Q).
Thus the spanning cactus formed by the union of the cycle covers has weight at
most opt(G) - logyn. Since the graph obeys the triangle inequality the TSP tour
found from the spanning cactus is shorter than or equal to opt(G) - log, n.

2.3 Deterministic Assumptions on the Algorithm

Specification of the Approximation Algorithm

In order to analyse the algorithm we need to specify the arbitrary choices in the
description by Frieze et al.:

1. An arbitrary node from every cycle in a cycle cover is chosen to be in the
next subgraph (row 11 in DTSP). We choose the node with lowest index.

2. The shortcuts made to transform the spanning cactus to a TSP tour in the
procedure TOUR are in arbitrary order. We use our procedure SHORTCUT
below which makes the shortcuts in a specific order.

SHORTCUT(G, K, r) DEPTH-FIRST(G, K, r, s)
Input: A graph G = (V, E) Input: A graph G = (V, E)
A cactus K C E A cactus K C E
The root node r A root node r
The present node s
Output: A TSP tour P Output: The last node added
begin begin
global P « {J; t—s, U—UU{s}
global set of visited nodes U « §; for all* (s,v) € K:v ¢ U do
t — DEPTH-FIRST (G, K,r,r); P — PU(t,v);
P~ PU(t,r); t — DEPTH-FIRST(G, K, r,v);
return P; end
end return t;
end

* The edges e = (s,v;) € K are selected in decreasing order first with respect
to I.(e) and then with respect to index i.

The algorithm with these specifications is called DTSPS.

Notations and conventions
Definition 3 For an m-bit integer x the we define the function
Zm(x) = max{k € Z,, | 2" divides x}

In particular zp,(0) = m — 1 since all numbers divide zero.
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In words, z,,(i) is, for ¢ # 0, the position of the least significant non-zero bit in
the binary representation of 7.

Definition 4 A cycle cover for a directed graph G = (V, E) is a subgraph of G
such that for each node v € V, indegree(v) = outdegree(v) = 1. A cycle cover
where every cycle has exactly two nodes is called a 2-cover.

Definition 5 Given a directed cactus K and a root node r we define for a simple
cycle C € K a function 1,.(C) in the following way: If r € C then 1,.(C) = 1. The
rest of the function values are defined iteratively. For a cycle C with 1,(C) = j a
cycle C" without function value, connected to C gets 1,.,(C") = j+1. Since the graph
is a cactus the function value is unique. For every edge e in the cycle C' we define
with a slight abuse of notation l,.(e) = 1,.(C). For a node in the graph we define

Iy(r)y=0
1(s) = min{l.(e)|e incident to s}

The level function defines a partial order of the cycles in the cactus.

Definition 6 For a cactus K, a root node r and an edge e, let C, be the cycle
containing e and the subcactus By . be the the connected component containing e
m

cut U o

1-(C)>1,-(Ce)
The union of all such subcacti starting in a node s is defined by
BK,r,s = U BK,r,e

e incident to s
I.(e) > 1:(s)

The complete graph with nodes in the subcactus By r s s denoted K rs.

The last definition is analogus to a subtree.

Analysis of SHORTCUT

A straightforward analysis shows that the tour produced by the procedure SHORT-
CUT is a TSP tour. Since the algorithm is independent of the distance function
this TSP tour only depends on the structure of the spanning cactus. A comparison
with the original algorithm by Frieze et al. shows the following:

Lemma 1 The TSP tour produced by SHORTCUT on a spanning cactus can be
produced by the algorithm by Frieze et al. on the same graph.
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Proof 1 In the algorithm by Frieze et al. the procedure TOUR transforms the
spanning cactus into a TSP tour. We prove that SHORTCUT can be simulated by
TOUR.

Let K be the initial cactus. The procedure SHORTCUT repeatedly adds edges
to a TSP tour P. TOUR stepwise adds and removes edges to the cactus. When
simulating SHORTCUT with TOUR let T denote the edges in the cactus at the
current step. Initially T = K and P = 0 and our task is to prove that in the end
T = P with a certain order of the shortcuts in TOUR.

Claim: Given a complete graph G, a spanning cactus K with root in node r
DEPTH-FIRST(G, K,r,r) repeatedly adds nodes to a simple path P starting in r
and returns the last node t in the path. The path P connects all nodes in the graph.
This process can be simulated by TOUR in such a way that if K =T before any step
in TOUR, the order of the shortcuts can be chosen such that the set T, when the
simulation is finished, has the following properties: (t,r) ¢ P and PU (t,r) =T.

If the claim is true we get the following: The procedure SHORTCUT calls
DEPTH-FIRST with start node r. Then K =T and P = (). By the claim DEPTH-
FIRST adds nodes to P which is a simple path connecting all nodes in K, starting
in v and ending in t. The order of shortcuts in TOUR can be chosen such that
T = PU(t,r). In the next step in SHORTCUT P «— P U (t,r) and P is the final
TSP cycle. Now P =T and both procedures have returned the same TSP tour.

The proof of the claim is by induction on the number of cycles in the cactus.
Figure 2.1 shows some of the cases we have to cover in the proof. For a cactus with
one cycle T =K =S = (r,v1,...,vx) DEPTH-FIRST adds all but the last edge to
P and returns t = vy,. Since T = P U (vg,r) the claim holds.

Assume that the claim is true for every cactus with less than n cycles and con-
sider what happens when K in the claim is a cactus with n cycles: If there are
several cycles connected to r all edges e; = (r,v;),i =1, ...,k have the same l,.

Calling DEPTH-FIRST(G, K, r,r) is the same as calling DEPTH-FIRST(G N
Kk reis Bk res,r1) for all i and gluing the paths together. Since K is a cactus
every Br re, 15 a cactus with less than n cycles not connected to any other part
of the graph. By assumption DEPTH-FIRST connects every node in Kk r e, with
a path P; starting in v and returns a last node t. The shortcuts in TOUR can
by assumption be chosen such that T N Kk e, = (PU (¢,7)) N Kk re;- The same
holds for every subcactus B re;. All paths P; can be glued together such that
P = (UiPi \ Ui>1(7“, Ui)) Ui<k (ti,’l)i+1). Forl1<i<k (7‘, Ui-i—l) €T and (ti,r) eT
therefore TOUR can replace (t;,r), (r,viy1) with (t,v,41) in T and the claim is true
for this cactus as well.

If the root v has in- and out-degree one it is in a directed cycle S = (r,v1,...,v)
and T = K (Figure 2.1); in particular (vg,r) € T. If a node v; € S is not connected
to any other cycle than S, DEPTH-FIRST adds the edge (v;,v;4+1) to P. Since the
edge is in T no shortcuts are made by TOUR when simulating DEPTH-FIRST. If
a node v; is connected to other cycles than S, calling DEPTH-FIRST(G,K,r,v;)
is the same thing as calling DEPTH-FIRST(G N Kk r ;s Bk rv; Vi, Vi), gluing the
paths together and then continue with the edge in the cycle S. This is true since;
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K is a cactus and therefore the subcactus By r ., 15 a cactus with less than n cycles
not connected to any other part of the graph. The relative order of the cycles in
this subcactus is the same if v; or v is the root. DEPTH-FIRST chooses edges with
respect to l-(e) and therefore the edges in the subcactus B ., are chosen first. By
assumption DEPTH-FIRST connects all nodes in Kg r, with a path starting in
v; and ending in t. By the same assumption TOUR can add and remove edges in
T such that (P U (t,v;)) N Kk rv; = TN Kk rw,. When DEPTH-FIRST continue
with the edge (vi,vit1) € S P — P U (t,v;4+1). Since (v;,v;+1) € T TOUR can
perform T — (T \ {(t,v;), (vi,vi41)}) U (t,0i41). At the last node vy in the circle
S the recursion in DEPTH-FIRST halts since the next node r is visited. If vy
was not connected to any other cycle than S, t = vy and the claim holds. If vy
was connected to other cycles there is an edge (t,vr) € T and TOUR can replace
{(t,vx), (v, )} with (t,r) in T and the claim also holds.

Preliminary construction

In this section we construct a simple family of graphs to illustrate the algorithm
by Frieze et al. and the main ideas of the worst case performance. Most proofs are
omitted and the purpose of the example is to give an intuitive understanding. Since
the graphs are symmetric they can be approximated within 3/2 by the algorithm
due to Christofides [7].

Constructing the graph
The distance function is induced by a graph (Fig. 2.2a) defined as follows:

Definition 7 The distance function, d}(vi,v;), is induced by an undirected graph
with n = 2™ nodes arranged in a circle. Adjacent nodes are connected by edges of
weight one and there are no other edges in the graph.

Definition 8 Let GL be a complete, directed graph with n = 2™ nodes and the
distance function d} (v, v;).

The distance between two nodes in G}, is the difference in index; d} (v;,v;) =
min{|i — j|,n — |¢ — j|}. The edges are directed even though they have the same
distance in both directions. The minimum TSP tour is of course to traverse the
nodes in clock-wise order (or counter-clock-wise) and opt(G;,) = n.

The spanning cactus

The algorithm by Frieze et al. recursively finds a minimum cycle cover in the graph.
In a complete, asymmetric graph, the union of all cycle covers recursively produced
by the algorithm forms a spanning cactus.

To get an intuitive understanding of the algorithm DTSPS and the worst case
behaviour of G we use a graph with n = 2% = 16 nodes as an example (Fig. 2.2a).
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Figure 2.1: Left (a): A cactus with root r, the ellipsis symbolize parts of the
directed cactus. Right (b): After simulating DEPTH-FIRST: Solid edges are
edges added to the simple path P and ¢ is the last node in P.

In the first recursion the minimum cycle cover can consist of one large cycle or
eight of weight two. Both have total weight 16. Assume that the 2-cover is chosen.
Choose the first node in every cycle to be in the set of nodes for the next recursion.
In our example this gives the nodes with even index. Now the shortest distance
between any nodes in the subgraph G is two. Again the procedure can return one
large cycle or four cycles of weight four. Both have the total weight 16 and we
assume that the 2-cover is returned. Proceed in the same way until there is just
one cycle in the cycle cover. The union of all 2-covers is called a W-cactus.
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v
V15 vo v v ’ v1
V14 v2 vi4 v2
v13 v3 v13 U3
V12 V4 V12 V4
V11 U5 U11 v
V6 v6
V10 v10
Vg vy Vg v7
v v

Figure 2.2: Left (a): The graph inducing the distance function, dig(v,v;). All
edges have weight one. Right (b): The Worst Case Spanning Cactus ( W-cactus)
in the graph G14. Each 2-cycle is symbolised with an edge.

Definition 9 For a graph G with n = 2™ nodes a Worst Case Spanning Cactus or
a W-cactus is a subgraph of G such that E = {(vi,v;_ar ), (V;_ok,v;) : 2m (i) = k}.

For n = 16 nodes the W-cactus looks like in Fig. 2.2b. It can be seen that a
W-cactus in G, has weight nlogn.

Lemma 2 For a W-cactus, K, in a graph G with n = 2™ nodes and an node s = v;
the procedure DEPTH-FIRST returns v; if i is odd and v; 1 if i is even.

Proof 2 FEvery node v; in a W-cactus with odd indez, i.e., such that z,,(i) = 0,
is by Definition 9 in exactly one cycle (v;,v;—1). FEvery node v; in a W-cactus
with even index, i.e., such that z, (i) =k > 1, is in least two cycles (v;,vi41) and
(i, V;_gr). When DEPTH-FIRST is called with an odd node s = v; as input there
is no other cycle (s,v) € K and the procedure returnst = s. If the input node s = v;
is even there may be several cycles (s,v) € K but the one with smallest difference
in index is (vi,vi41) and it is the last cycle selected in the loop. The node viy1 ¢ U
since there is just one cycle connecting the odd node v; 1 with the rest of the cactus.
After the recursive call to DEPTH-FIRST t <« v;y1. Hence the procedure returns
t =v;41 n this case.

To make the notation in some proofs clear we need the following definition:

Definition 10 For the algorithm DTSPS and the graph G, = G0 with n nodes,
the subgraph remaining after the first cycle cover is found is denoted by Gy 1 and
the subgraph remaining after the i:th recursion is denoted by G, ;.
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Since every cycle in the cycle cover is a 2-cycle of edges with equal weight, we
visualize every 2-cycle as an undirected weighted edge. The union of the cycle
covers can with this view be seen as a spanning, undirected tree. Since every node
is in at least one cycle the tree is spanning and by the construction the cover is
cycle-free. The view of the spanning cactus as a spanning tree directly gives that a
W-cactus has n — 1 cycles.

The TSP tour

We proceed by analysing SHORTCUT. The procedure takes a spanning cactus and
returnes a TSP tour. It is independent of the distance function and only considers
the structure of the spanning cactus. Again we use the graph Gis as an example
to describe the procedure and the spanning cactus is a W-cactus. The procedure
starts at node vg. After some recursive calls to DEPTH-FIRST the graph will look
like Fig. 2.3(a).

vo
V15 v1
V14 / v2
v13 v3
V12 V4
. U5
V11
V6
V10 \/
V9 v7
U8

Figure 2.3: Left (a): The TSP tour after some steps with the procedure SHORT-
CUT on a W-cactus with n = 2* = 16 nodes. Undirected edges represent 2-cycles
in the W-cactus and arrows represent edges in the TSP tour. Right (b): The
graph inducing the distance function dig(v;,v;). For simplicity weights equal to
one are omitted.

It can be seen that the TSP tour produced by DTSPS with the assumtion that
small cycles are prefered in the cycle cover, on the graph G, has weight larger than
%nlog2 n. Since the optimum TSP tour has length n, this gives an approximation
in Q(logn).
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The final construction

In this section we construct the family of graphs that gives the worst case preform-
ance of the algorithm DTSPS. The graphs in the previous section have two main
disadvantages: That they are symmetric and hence can be approximated by the
algorithm due to Christofides and that the minimal cycle cover is not unique. The
graphs defined in this section do not have these disadvantages.

Figure 2.3(b) shows a graph defined as follows:

Definition 11 The distance function, dy(vi,v;), is induced by a graph GE with
n = 2™ nodes arranged in a circle. Edges (vi_1,v;) in G have weight w(v;_1,v;) =
1+ 2, (i)e where 0 < € < 1/n. Edges (vi,v;_or) in GP with z,,(i) = k <m —1
have weight w(v, v;_or) = 28 4+ (28 — 1)e.

Definition 12 Let ‘H be a family of complete, asymmetric graphs, G,,, where G,
has n = 2™ nodes and distance function dy(v;,v;).

The next lemma shows that the graph G2, inducing the distance function, obeys
the triangle inequality. Hence the distance between v; and v; in G, is equivalent
to the edge weight of (v;,v;) in GE whenever such an edge weight is specified in
Definition 11. In fact, it also holds that d(v;,v;_ox) = 2F + (2¥ — 1)e even when
zm(i) = k = m — 1. We use this in several proofs below.

Lemma 3 If there is an edge (v;,v;) in the graph GZ then the shortest path in
GP from v; to vj is dy,(vs, vy).

Proof 3 Look at the edges (v;,vix1). The largest edge has weight < 2, d(vy—1,v0) =
1+ 2,(0)e=1+ (m— 1)# < 2. A path over at least two edges has length larger
than two (since the shortest edge has weight one). Hence the edge is always the
shortest path.

An edge (vi,v;_or), zm(i) = k has length 2% + (28 — 1)e. There are two ways
to get from v; to v;_or in GP. One is clockwise around the circle and the path is
2m 4 (2™ — 2)e — (28 + (2F — 1)e) > 2F + (2F — 1)e since k < m. The other is
to use another edge (v;,v;_ow ) with k' > k. But that edge has length larger than
2F + (28 — 1)e and thus the shortest path from v; to v;_on is the edge (vi,v;_ok ).

Lemma 4 In a graph G, € H, the mazimum ratio, «, of edges in different direc-
tions is greater than n/2 if € <logyn and n > 4.

Proof 4 The edge (v,—1,v0) has by Definition 11 and Lemma 3 length 1+e(m—1).
The edge (vo,vn—1) has length 2™ — 1+ (2™ — (m))e since the shortest path in GP
1s clockwise around the circle. Thus the ratio is
2™ — 14 ¢(2™ —m) n71+2m/mflin—2+2m/m>n
1+e(m—1) 2 N 2 )

ifm>2ande<1/logyn
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The graph is clearly asymmetric and by Lemma 4 the maximum ratio between
edges in different directions is linear in n. Frieze et al. show in their analysis of their
data dependent algorithm that the approximation is in O(«). Hence, a graph G,
at least is not proven to be easily approximated by the data dependent algorithm.

Lemma 5 In a graph G,, € H the optimum TSP tour has weight n + (n — 2)e.

Proof 5 The minimum TSP tour, opt(G,), is to traverse the nodes in clockwise
order. Fvery edge has weight at least one which gives a weight of n. The “extra”
weight is

logon ne logyn 1

> —e=ne( Y (5) = (n—2)e

i=1 i=1
and the total weight is n + (n — 2)e.

Is the tour minimal? There are n edges in G,, of weight one. Only half of them
can be in a TSP tour since they have opposite direction. There are n/2 edges of
weight less than two, all induced edges have length greater than 2. The TSP tour
consists of the n shortest edges possible in a TSP tour and is hence minimal.

For the following two lemmas we need a simpler distance function (Figure 2.3):

Definition 13 The distance function dg(vi,vj) is induced by a symmetric graph
GDPS with n = 2™ nodes arranged in a circle. Adjacent nodes are connected by
an edge. The weight of an edge is w(vi—1,v;) = 1 + 2, (i)e where 0 < € < 1/n.
Let G2 be a complete, directed graph with n = 2™ nodes and the distance function
ds(vivvj)'

The distance function in G2 is a “symmetrised” version of the distance function
in G,,. The distance of (v;,v;—1) in GES is equal to the minimum of the weights of
(vi,vi—1) and (v;_1,v;) in G2 (non-existent edges in G are here given weight oo).
Edges (v, v;_or) in G with 2,,(1) = k < m—1 are assigned to the induced distance
d(vi,v;_or) = 2% 4 (2% — 1)e which is the minimum of the weights of (v;,v;_ox) and
(v;_or,v;) in GP. Hence edges in G are equal to or shorter than edges in G,,. If a
cycle cover is minimal in Gi and all edges in the cycle cover have the same distance
in Gﬁ and in G, then the cycle cover is minimal in G,, as well.

Lemma 6 For j < m and n = 2™ it holds in G that d(v,_q5,v;) = 27 +¢- (27 —
14 zm(i > j)). Here > denotes a bitwise shift to the right padded with zeros on
the left, ie., i> j=|i-277|

Proof 6 Consider the edge (v;_o5,v;) in GS. The path of edges [i — 27,i] in GPS
has weight

dvisi,v) = Y. (+za)) =2 +e > zm(t)
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Vo
V15 1+3e

U1

V13 vs
1+2¢
V12 V4
1+2¢
Vs

V11
1+e

U9 1+3g V7
vs

Figure 2.4: The graph GI¥ inducing the distance function d= (v;, v;). For simplicity
weights equal to one are omitted.

When the j least significant bits in t are zero zp,(t) = zm(t > j)+j. The remaining
terms sum up to

291
sz(t):2]_1_.7
t=1

If j = m —1 the path [i,i — 27] has equal weight to the path [i —27,i]. If j <m —1
the path [i,i — 27] has weight larger than 2™~1. Since € < 1/n this is larger than
the weight of the path [i — 27,i]. Hence the path [i — 27, i] is minimal and therefore
induces the distance between v;_y; and v; in G=.

An edge (v;_s5,v;) with fixed value of j has minimum distance if it is in the
W-cactus since edges in the W-cactus has z,,(¢) = j which gives z,,(i > j) =0 in
the lemma above.

Lemma 7 In the graph G, € H the algorithm DTSPS produces a W-cactus as
spanning cactus and it has weight at least nlog, n.

Proof 7 First we show by induction that a minimum cycle cover in G2 is a W-
cactus and has the desired weight. Then we show that the same cover exists in
Gr. In the beginning Gio consists of all n nodes v; and zy (i) > 0. Every other
edge has length one and every other edge has at least one extra e-distance added
and the 2-cover is the unique minimal cycle cover. The edged in the cycles are
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(i, V;_20), (V;_20,v;) and the index i is odd or z, (i) = 0. If the first node in every
cycle is put in the subgraph, Gn,l consists of nodes v; with even index i : 2z, (1) > 1.
Suppose G,Sw» consists of all nodes v; with z,(1) > j and that the cycle covers in
S forr < j form a subgraph of the W-cactus. Every other edge has by Lemma 6
distance 27 + (27 — 1)e and every other has by at least one extra e-distance added.
The 2-cover is minimal. Select the first node in every cycle to be in G,”Jrl Then
the cycle cover in GS . is a subgraph of the W-cactus and nodes v; in Gn j41 have
zm(i) > j+1. By induction the 2-cover is minimal for every subgraph and it forms
a W-cactus.
If there were no e-weights the cactus would have weight nlog,n. Since all edges
in the minimum cycle cover have the same weight in G,, the W-cactus is a minimum
cycle cover in Gy, as well.

Now we have a W-cactus as spanning cactus. The procedure SHORTCUT makes
a TSP tour from the cactus.

Lemma 8 In the graph Gin the family H the approximation algorithm DTSPS
gives a TSP tour of weight greater than (nlogyn)/2.

Proof 8 For a graph G,, the procedure DTSPS gives by Lemma 7 a W-cactus with
weight greater than nlogn as spanning cactus. The procedure SHORTCUT does
not depend on the distance function. Hence if the spanning cactus is a W-cactus
SHORTCUT will always return the same TSP tour. We show that the TSP tour
m GTSL with a W-cactus as spanning cactus has the desired weight and since every
edge in G, has at least the same weight as in G35 the TSP tour in G, must have
at least the same weight.

From the proof of Lemma 7 the algorithm DTSPS given G2, produces a W-
cactus of weight greater than nlogsn. To show that the TSP tour produced by the
algorithm has weight larger than half the weight of the W-cactus, we construct an
injective function from the cycles in the cactus to the edges in the TSP tour such
that each edge in the TSP tour has higher or equal distance than the longest edge
in the corresponding cycle.

A cycle in the W-cactus (v;,v;) is mapped to an edge (v¢,v;) in the TSP tour
such that eithert =i ort = j+(j—1i)+1. The value of t is determined by the order
in which edges are added to the TSP tour in SHORTCUT. Suppose DEPTH-FIRST
is called with some even node s. The first cycle (s,v) € K processed in the loop is
mapped to the edge (s,v). For the remaining iterations in the loop, the cycle (s,v)
is mapped to the edge (t,v) where t was obtained from the call to DEPTH-FIRST
in the previus iteration of the loop.

The mapping is obviously injective since DEPTH-FIRST wvisits every node ex-
actly once. The first cycle is mapped to one edge in the cycle. If there are several
cycles (s,v) € K in DEPTH-FIRST, s is even. Consider the cycle (v;,v;) =
(vi, Vi1or) which is not the first cycle chosen. The node v = v, orr1 was sent to
DEPTH-FIRST in the previous recursion. Since i+ 21 is even t «— i 4+ 281 11
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was returned by Lemma 2. Hence, the cycle is mapped to the edge (v¢,v;) =
(Vigor+141,Vi40r). The difference between the indices of the nodes in this edge
is min{|t — j|,n — [t — j|} = 2% 4+ 1 which is greater than the corresponding differnce
for the cycle (v;,v;) since min{|i — j|,n— |i—j|} = 2*. Therefore Lemma 6 implies
that d(ve,vj) > d(vs,v5).

Thus for every cycle there is an associated edge with length at least as high as
the edges in the cycle and the TSP tour has weight at least half of the W-cactus in
as.

By combining Lemma 8 and Lemma 5 we have proved Theorem 1.

2.4 Random Assumption on the Algorithm

Specification of the Approximation Algorithm

In order to analyse the algorithm we need to specify the arbitrary choices in the
description by Frieze et al.:

1. An arbitrary node from every cycle in a cycle cover is chosen to be in the next
subgraph (row 11 in ATSP). Choose the node randomly with equal probability
for each node in the cycle.

2. The shortcuts made to transform the spanning cactus to a TSP tour in the
procedure TOUR are in arbitrary order. Make the shortcuts by a depth-first
search starting from the root of the cactus.

Constructing the graph

In this section we construct the family of symmetric graphs which has a worst case
performance of the cycle covers produced by the algorithm ATSP.

Definition 14 The distance function, dy(v;,v;), is induced by an undirected graph
with n = 2m nodes arranged in a circle. Adjacent nodes are connected and there
are no other edges in the graph. The weight of an edge w(v;,viy1) = 1+ 2% with
0<i<mande<1/2?" and w(v;,viy1) =6 withm <i<n and § < ¢/8m.

Definition 15 Let G be a family of complete, directed graphs G, where G, has
n = 2m nodes and the distance function dp(v;,v;).

Notations. An edge in G,, with weight at least one is called a large edge and a
node in the interval [v1, v,—1] is called a large node. An edge shorter than one is
called a small edge and a node in [vp,,vy,] is called a small node (Figure 2.5). A
small edge is connected to a small node.
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U8 V0 V1

V7 v1

Yl-1)

(s v2

v3 Vi1g
v5

v4 U1y

Figure 2.5: Left (a): The graph inducing the distance function in G16. (The figure
does not have correct scale.) Right (b): A cycle in a minimum cycle cover has no
“twist”.

Properties of the graphs

A more general family of graphs has distance function induced by nodes on a circle
but with any positive weight on the edges. In this section we prove some properties
for this more general family of graphs.

Definition 16 Dg is the family of distance functions induced by an undirected
graph with n nodes arranged in a circle. Adjacent nodes are connected by edges
with positive weight, w(v;,vi41) > 0, and there are no other edges in the graph. The
distances are the shortest path in the graph and clearly obey the triangle inequality.

Assumption 1 FEach edge on the circle obeys w(vi,vit1) < %Z;:Ol w(vj, vjy1).

Definition 17 G¢ is the family of complete, directed graphs with n nodes and a
distance function in DS which obeys Assumption 1.

By the definition a graph in G& obeys the triangle inequality.
Lemma 9 The graph G,, is in G if n > 6.
Proof 9 The distance function in Gy, is produced by nodes in a circle. A large edge

has weight w(vi,vi11) < 14+27/2/22" < 1 41/2" < 1+1/16, if n > 4. Ifn > 6
then 1/2 Z;:ol w(vj,vjq1) > 3/2 and the assumption holds.
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Lemma 10 The minimum TSP tour in a graph G € GS has weight opt(G) =
Yise w(vi, viga).

Proof 10 Any TSP tour in G can be mapped to a (not necessarily simple) tour on
the circle by replacing every edge with a path on the circle. Let T be the tour on
the circle corresponding to the minimum TSP tour. If T passes every edge at least
once, then passing every edge exactly once gives minimum weight and opt(G) =

-1
Z?:o w(v;, Vit1).

If T does not pass every edge, suppose that T does not pass the edge (v;,vi11),
then all other edges must be passed to connect all nodes in G. Furthermore all edges
have to be passed at least twice to make T a tour. By the assumption w(v;, vi41) <
1/2 22:01 w(vj,vjy1) and hence the weight of T' is

n—1 — n—1

20D w(vj,vj41) Z w(vy,vj41)) = > w(vs,v541)

Jj=0 7=0 j=0

l\3|H

But then T s not minimal which is a contradiction. Hence T passes every edge on
the circle exactly once.

Lemma 11 The minimum TSP tour in G, € G with n = 2m > 6 has weight
opt(Gp) <n/2+1/16.

Proof 11 By Lemma 9 and 10 opt(G,) = 2?2—01 w(vi, Vig1) = Z:l_ol(l +€2Y) +
S S =m 4 (2™ = e+ md < m+ (272 —1)/22" 4 m/(8m22") < n/2 + 1/16.
Since € < 1/2%" and § < ¢/8m.

Lemma 12 Two nodes v; and v; in a graph G € GS obey d(vi,v;) = v; — v; if
v; —v; < opt(GQ)/2.

Proof 12 There are two paths from v; to vix1 on the circle and d(v;,vj) = v; —v;
or d(v;,v;) = v; —vj. Since v; —v; < 1/2 Z;:ol w(vj, viq1) < v; —v; then v; — v;
is the shortest path.

There is no “twist” in a cycle in the minimum cycle cover (Figure 2.5).

Lemma 13 The nodes in a cycle C = (v1,,v1,,...,01, ) n a minimum cycle cover
in a graph G € g , can always be written in clockwise order with the lowest index

first.

Proof 13 Suppose that the nodes in C' can not be written in clockwise order. C
connects a subset of the nodes in G. Every cycle in G can be transformed to a (not
necessarily simple) tour, T, on the circle.

If all edges on the circle are in T at least once, then the weight is minimum if
they are in the tour exactly once and the nodes in C can be written in clockwise
order.
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If some edge is not in T. T must be a connected component on the circle. All
edges in' T are in T at least twice to make it a tour. Minimum weight is obtained
when all edges are in the tour exactly twice and then the nodes can be written in
clockwise order.

Hereafter we will always assume that the nodes in a cycle are written in clockwise
order with the lowest index first. A minimum cycle cover is either a TSP tour or
has only short cycles.

vl .
v, 1

VlG+n V1j41)

Vl(j+2) Y1(j+2)

v1

Figure 2.6: Left (a): A cycle which is not in a minimum cycle cover. Right (b):
The same graph with reduced weight.

Lemma 14 A minimum cycle cover in a graph G € GS with weight less than
opt(G) consists of cycles with 2 or 3 nodes.

Proof 14 Consider a cycle C' = (v1,,v1,, ..., V1, ) @0 the minimum cycle cover (with
the nodes in clockwise order and with the lowest index first), with weight less than
the TSP tour, w(C) < opt(G), and with more than three nodes, 3 < k (Figure 2.6).
Select the largest edge, (v1,,v1;). Since w(C) < opt(G), the distance d(vy,,v1;)
is not induced by dvi,,v1,]. Hence it must be induced by the edges in opposite
direction d[vi;,v1,]. Replace the edge (vi,,v1;) with (vi,,v141)) and (v1jy2),v1,)
(Figure 2.6). Now C is dwided into two cycles and the weight is reduced with
2w(vl(j+1),v1(j+2)). Hence a cycle can connect at most 3 nodes.

The next lemma shows that the cycles in a minimum cycle cover do not overlap
(Figure 2.7).
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Viq

Vig

Vig

Figure 2.7: In a minimum cycle cover cycles are not “overlapping”.

Lemma 15 The nodes in two cycles C1 = (v1,,01,,...,v1,) and Cy = (v2,,va,, ...
,v2,) in a minimum cycle cover in a graph G € GS can be written such that
U1y, Ulgs oo s U1, 021, V255 e 5 V2,5 UL 5415 oy V1, GTE 1L clockwise order.

Proof 15 A cycle in G can be transformed to a tour on the circle. Let Ty and
T be the tours corresponding to C1 and Ca. Both cycles have weight less than
Z;:ol w(vj,vj41), otherwise one large cycle is minimal. Hence both tours are
passing the edges on a segment of the circle exactly twice. If the segments are
overlapping the weight of the cycles are not minimal. Hence in a minimum cycle
cover the cycles are not overlapping and then they can be written on the desired
form.

Later we will need the following lemma in a later proof.

Lemma 16 Any partitioning of the edges defining the distance function in G,, € G
in two sets, By and Ea, obey |, cp w(ei) — Y, cp, wlei)| > €/2

Proof 16 There are m large edges with weight larger than one. The total sum of
e-weights is (2™ — 1)e < (2™ — 1)/2%™ < 1/23™. The total sum of §-weights is
md = me/8m = €/8 < 1/23F4m . We will try to construct two sets By and Fs
with equal weight. Since the sum of e- and §-weights is less than 1/2™ the large
edges must be equally distrubuted between the sets. The number of e-weights in a
set is an m-bit binary number where a bit i is one if the edge v; is in the set. The
binary numbers for the sets are bitwise complementary and can never be equal. The
smallest difference is one. If we put all 0-edges in the smaller set the difference is

still e(1 —1/8) > 7¢/8.
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To make the notation clear we define:

Definition 18 For the algorithm ATSP and the graph G, = Gy, the subgraph
remaining after the first cycle cover is found is denoted by Gy 1 and the subgraph
remaining after the i:th iteration is denoted by Gy, ;.

Lemma 17 Ifi < logs m then the minimum cycle cover in the graph Gapm, ; consists
of cycles with two or three nodes.

Proof 17 If the minimum cycle cover has weight < opt(G) by Lemma 14 it consists
of short cycles. Hence a cycle cover consisting of one cycle must have weight opt(G).

Assume that all cycles in a minimum cycle cover in Gam ; with j < i connect
at most three nodes.

If the number of nodes is even then divide the edges between the nodes in two
sets; B is every second edge and Fo is the other edges. The sets is a partitioning
of the edges defining the distance function and by Lemma 16 the weight difference is
at least €/2. Take the set with smaller weight, which is at most (opt(G,) —€/2)/2.
Compleeting these 2-cycles gives a cover with weight less than opt(G,,), and hence
the TSP-tour is not minimal.

If the number of nodes is odd then since © < logs m and the assumption that all
previous cycles connect at most three nodes there are at least two small nodes.
Remove one small node and there is an even number of remaining nodes. By
the argument above there is a 2-cycle cover connecting the nodes with weight less
than opt(G,) — €/2. The largest possible distance between two small nodes is § -
m = em/8m = ¢/8. Connecting the removed node to the cycle containingits small
neighbour increases the weight of the cycle cover with at most /4. Hence the cycle
cover with small cycles has weight less than the TSP tour and the TSP tour is not
minimal.

In a minimum cycle cover with small cycles by Lemma 14 a cycle connects at
most three nodes. Hence the assumption that cycles in Gapy, ; are short holds. After
logs m iterations there might be only one small node in the graph and the TSP-tour
might be minimal.

The minimum cycle covers

In this section we will show that the weight of the spanning cactus produced by
ATSP on G, is heavy. First we show that when two or three cacti are connected
the weight grows with essentially the length of the shortest cactus. Then we show
how fast the weight grows with the length of the cactus. To do this we need a more
simple graph, Gg .

By Lemma 15 cycles in a minimum cycle cover in a graph G € Q,Cf never overlap.
Hence a cactus formed by the algorithm ATSP connects all nodes in an interval
[Va, Up)-
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Definition 19 After j iteration of ATSP on a graph G € GS a cactus K; is pro-
duced. K; connects all nodes on the interval [v,,vp]. The length of the cactus is
the length of the interval, [(K;) = dy[vg, Up).

When several cacti are connected we need a definition for which side they are
nearest neighbours on. We use the interval of connected nodes for each cactus for
the definition and use the knowledge from Lemma 14 that the cycles are short. The
definition is not well defined if all nodes in the graph are connected.

Definition 20 A cactus K; ; is produced by j iterations of the algorithm ATSP on
a graph GS.

If K; ; connects two subcacti, Ky ;1 and K; ;1 and Ky j_1 connects all node
in the interval [vq,vp] and K; ;1 all node in the interval [vc,vq] then the subcacti
are connected in the given order if K, ; connects all nodes in [vq, vq].

If K; j connects three subcacti Ky, j—1, K;j—1 and Ky, j—1 and K} j_1 connects
all nodes in [vg,vs], Kj j—1 connects [ve,vq] and Kp, j—1 connects [ve,vs] then the
subcacti are connected in the given order if K; ; connects all nodes in the interval

[Va, Vf].
To simplify some proofs we need a simple distance function.

Definition 21 The distance function, d= (v;, v;), 1s induced by an undirected graph
with n = 2m nodes arranged in a circle. Adjacent nodes are connected and there are
no other edges in the graph. The weight of an edge w(v;,vi41) =1 with 0 <i < m
and w(vi,vit1) =5 withm <i<n and v < 7122—1n+3

Definition 22 Let Gf; be a complete, directed graph with n = 2m nodes and the
distance function dz (v, v;).

The simple distance function d: (v;, v;) is similar to d,, (v;,v;) with the € weights
removed. It is simple to see that the weight of a cactus K° in G2 is less than the
weight of the same cactus K in G,,, w(K) > w(K?). Also for this distance function
G5 e GS if n > 6.

Definition 23 For a cactus, K, which connects nodes in [v,,vs) in a graph G € G
and v is the node in the next iteration, 6(K) = min(d(v,v,), d(v,vp)).

We would like the weight, w(K), of a cactus to grow with a constant fraction of
the length, I(K), in every iteration of ATSP. Unfortunately this is not the case for
example when the nodes in the next iteration are close to each other. By adding
the term 0(K) we get the desired behaviour.

Lemma 18 A cactus K; j11 is produced by j+ 1 iterations of the algorithm ATSP
in a graph G3. If K j+1 only connects large nodes, only contains cycles with 2 or
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3 nodes and 1(K; j+1) < opt(G)/2 then it either connects two subcacti K;; and
K., j or three subcacti K; j, Ky ; and Ky, ; in the given order and

w(Ki 1) + 06(Kij+1) >
WK j) + 0(Kij) + w(Kom,j) + (K, j) + min(l(5 5), L(HKm,5)) + 2 (2.1)

or

WKy j41) +0(Kij1) > w(Kij) +0(Kij) + w(Ey ;) + (K ) +
W(Kon,j) + 0(Km,j) + 150Ky ;) + min(l(Ki;), l(Kmj)) +4  (2.2)
Proof 18 Since I(K; j1+1) < opt(GS)/2 by Lemma 12 if p > q then d(vy,v,) =
d[vp, vg].
For a cactus K; j11 there are two cases: the first case is when it connects two

subcacti K; ; and Ky, ; in the given order. Assume that (K, ;) > (K ;). The
cactus K; j11 has weight

w(Ki j11) = w(Ki ;) +w(Kp ) + 2d(vij, Vm,j)
and
w(Kp jy1) +0(Kiji1) = w(Kij) + w(Kpm ;) + 2d(vm g, vi ) + (Ki j+1)

Assume that the cactus K connects nodes in the interval [v,, vp] and v is the node
in the next iteration. Hereafter we denote the length of the interval l,(K) = d[vg, v]
and lp(K) = dlv, vp).

d(Vi,j, Vm,j) = lp(Ki ) + la(Km,j) + 1

If the node in the next iteration v; j4+1 = Vpm,; then the distance 6(K; j11) =
Iy(Kpm, ;) since I(K; ;) > 1(Km,;).
2d(vi 5, vm,5) + 6(Kij41) =
2p(K ) +la(Km i) + 1) + (K ) =
U EKmj) + 20(Kij) + la(Km,j) +2 >
UK 5) + 20(Ki5) + 0(Km,5) + 2

If the node in the next iteration v; j41 = v;; and if the distance §(K; j41) =
la(Ki,j) then

2d(vi,j, vm,j) + 6 (K j41) >
2(p(Kig) +la(Kmj) + 1) + 1 (K 5) =
(KU) (K )+21 ( j)+22
(Kij) +0(K5) +20(Km,j) + 2
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If the distance 0(K; j41) = (K ;) + 1 + (K ;) then

2d(vi,j, vm,j) + 6(Kijp1) =
2(lp(Kij) +la(Kmj) + 1) + (K ) + 1+ 1(Km ;) =
U(Km,j) + 3l(K; ;) + 2lo(Km,;) +3 >
Z(Kmyj) + 35(K17]) + 25(Km7j) +3
Hence Inequality 2.1 holds.

The second case is when K; ;11 connects three subcacti, K; ;, K ; and Ky, j,
in the given order. Suppose (K, ;) <I(K; ;). The cactus K; j+1 has weight:

w(Kijt1) = w(Ki ;) + w(Ky, ;) + w(Bm ;) + 2d(vi 5, vm,;)
and
w(Kijt1) + 0(Kij1) = wKi ;) + w(Ky, ;) + w(Em ;) + 2d(vi j, vm j) + 6(Ki j11)
The distance between the nodes in the next iterations is
d(i g5 vm5) = (Kij) + (K j) + la(Km,j) +2
If the node in the next iteration v; j41 = Um; then 6(K; j11) = (K, ;) and
2d(vi 5, vm,j) + 6(Kij11) =
2p(Kij) + UKy j) + 1la(Kmj) +2) + (K j) =

QZ(K}CJ') + l(Kmﬁj) + 2lb(Ki7j) + la(Km,j) + 4 Z
20(Kk,j) + 1(Hm,j) +20(Ki ) + 6(Km,j) + 4

vai1j+1 = 'Ui,j and Zf (S(Ki7j+1) = la(Ki,j) then

2d(vi,j, Vm,j) + 6 (K j41) >
2(lp(Ki ) + UKk ) + la(Km ;) +2) + 1o (Ki ;) =
20(Kk,j) + UK, ;) + (K ) + 2l0(Kpj) +4 >

QZ(K]CJ‘) +1 Kiyj) + 5(Ki7j) + 25(Km1j) +4

Otherwise if §(K; j11) = (K ;) + UKy ;) + (K, ;) + 2 then

2d(vi 5, vm,5) + 6(Kij41) =

2p(Kij) + U(Kgj) + la(Km ) +2) + (K j) + UKk ;) + 1(Em,j) +2 =
BU(Kyj) + U EKm,j) + 3l (K ) + lp(Kpm,j) +6 >

UKy ;) + (K i) +30(Ki ;) + 0(Kpm ;) +6
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If the node in the next iteration v;j11 = vg; then 0(K; jy1) > 0(Kk;) +
I(Km,j)+1 and

2d(vi,j, vm,j) + 6 (K j41) >
2006 (KG ) + U Kgj) + la(Kmj) +2) + 6(Ki ;) + 1 (Km ;) +1=
2Ky ;) + UK, j) +20(K; ;) + 6(Kg ;) + 20(Kp ;) +5

Hence Inequality 2.2 holds.

Next we show how the weight of a cactus, w(K), grows with the length, I(K).

Lemma 19 A cactus K is formed by j+1 iterations of ATSP in G5 and has length
I(K). If K only connects large nodes, if [(K) < opt(G2)/2 and if it has cycles of

length 2 and 3 it obeys w(K) + §(K) > I(K)(alogy l(K) — bj). Where a = % and
b= 24

Proof 19 The proof is by induction. Sincel(K) < opt(G2)/2 by Lemma 12 ifp > q
then d(vp,vq) = dlvp,vq] for all nodes vy and vy, € K; j11. In the first iteration
7 = 0 and single nodes are connected. There are two possible cases: first a 2-cycle.
By Lemma 15 a cycle in a minimum cycle cover connects nearest neighbours and

K = (v;,vi41), w(K) =2, (K) =1 and 6(K) = 0. Then
w(K)+0(K) =2
I(K)(alogy I(K) —bj) =1(alogy1—0-0)=0< 2

The second case is when three nodes are connected. K = (v;, V41, Vit2), w(K) =
4, I(K)=2 and 6(K) < 1. Then

w(K)+§(K)>4
I(K)(alogy I(K) —bj) = 2(alogy2—b-0)=2a=1/2<4

Hence the lemma is true for j = 0.

Assume that the relation is true for all values up to some j. There are two
inductive steps. The first is when K; j11 connects two subcacti K; ; and Ky, ; in
that order. Assume that [(K; ;) > l(K ;). Since an edge between two large nodes
in G5 has length 1, I(K; j+1) = U(K; ;) + 1+ (K ;). By Lemma 18 and by the
induction hypothesis

w(K; j11) + 0(Kij1) =
W(K; ;) +0(K; ;) + w(Kp j) + 0(Km, ;) +min(l(K; ), 1(Km,;)) +2 >
UK jy1)(alogy I(K; j) — bj) + 1K, j)(alogy (K. j) — bj) + U(Km ;) +2  (2.3)

Our aim is to show that this is greater than:

(I(Kij) + U(Km,;) + 1)(alogy(I(Ki ;) + 1(Km,;) +1) = b(j + 1))
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Ezpanding Sum 2.3 gives:

(U(Kij) + U Kp,j) + 1) (alogy(I(Ki ;) + 1(EKmj) + 1) —b(j + 1)) —
UK j)a(loga(L(J,5) + (K j) + 1) — logy 1(K5 5)) —

UK m,j)a(logy ({5 5) + 1(Km,;) + 1) = logy l(Km,;)) —

)

alogy(I(K ;) + 1K, j) + 1) + UK ;)b + 1(EKm )b+ b(j + 1) + (K ;) + 2

Hence we need to show that:

(K j)a(logy(I(K ;) + L(EKm ;) + 1) —logy I(K ;) +
UK j)a(logy(1(Ki ) + (K ;) + 1) — logy U(K,j)) +
alogy(I(Kij) + 1(Kmj) +1) —

UK )b = U(Kp,j)b—b(j +1) = l(Km,;) —2<0 (2.4)

Let |(Km )t = U(K; ;) for t > 1. The first three terms in Equation 2.4 can be
simplified to:

UK )a(loga(L(Kij) + U(Km,j) + 1) — logy I(K; 5))

1K j)a(logy (1K ) + (K 5)/t + 1) —logy [(K; ;)

I(K;j)a(logy(1 4+ 1/t + 1/1(K; ;) +logy I(Ki ;) — logy I(K; )) =
(K )a(logo(1+ 1/t 4+ 1/1(K;

~—

UK, j)a(logy (1(Ki ;) + U(EKp,;) + 1) — logy {(Km,j))
U(Km,j)a(logy(U(Ki ;) + U EKm,;) + 1) /U(EKm,;))
(K, j)alogy(t+14+1/1(Kp ;) =

UK )/t aloga(t+1+1/I(Km;))

alogy(I(K; ;) + (K ;) + 1) < alogy(3I(K; ;) = alogy(I(K; ;) +alogy 3

Inserted in Inequality 2.4 and since (K, ;) > 1, (K, ;) > t, Inequality 2.4 is
implied by
(K )aloge(1+ 1/t + 1/1(K; ;) + UK )/t - alogy(t + 14+ 1/1(Kp, ;) +
alogy(I(Ki ;) + alogy 3 — bl( m‘) = bl(Kpj) =b(j+1) = l(Kpm;) —2 <
U(K;;)(alogy(14+2/t) + 1/t alogy(t +2) +
alogy(I(Ki;))/l(Ki ;) —b—b/t —1/t) +alogy 3 —b(j +1) — 2
The last three terms, independent of the length of the cactus, are

alogs3—0b(j+1)—2<-1<0



36 CHAPTER 2. WORST CASE PERFORMANCE

Hence it is enough to show that
alogy (14 2/t) + (1/t) - alogy(t + 2) +
alogy (1K) /U(Ksz) — b— bt — 1/t <0 (2.5)
Suppose x <t <z’ then the left hand side of Inequality 2.5 is less than
alogy(1+2/x) + (1/z)alogy(z +2) + alogye/e —b—b/z' — 1/ (2.6)

For different values of the variables v and x’ the Equation 2.6 is bounded from above
T 2’ Expression 2.6 <
1 1.8 -0.003
1.8 2.8 -0.01
Suppose that e < x < t < ' then since the function log, t/t is decreasing for

t > e the left hand side of Inequality 2.5 is less than

alogy(1+2/x) 4+ 1/zalogy(x + 2) + alogy 2’ /2" —b—b/x’ —1/2 (2.7)
For different values of the variables x and x' Ezpression 2.7 is bounded from above
T ' Ezpression 2.7 <
2.8 4  -0.02
4 6 -0.01

6 12 -0.006
12 oo -0.05
The second inductive step is when K; j11 connects three subcacti K; ;, Ky ; and
K, ; in the given order. Suppose that I(K; ;) > (K, ;). By Lemma 18 and by the
induction hypothesis:

w(Kij41) + 6(Kij1) =
(K 5) + 6(Ki5) + w(Kgj) + 0(Kp ) w(Km ;) + 6(Km,;) +
15U Ky ;) + min(1(K; ), 1 (K ;) +4 >
(K j)(alogy (K ;) — bj) + (K} ;) (alogy [(Ky, ;) — bj) +
(K, j)(alog, l(Km_,j) —bj) + 1.50(Ky ;) + I(EKm ;) +4 (2.8)
We want to show that this is greater than:
(L(Kij) + UEKk,j) + UEm ) + 2)(alogy(I(Ki ;) + UKk,;) + 1(EKm,;) +2) = b(j + 1))
Ezpanding Sum 2.8 gives:

(I(Kij) + UKk ) + U EKm ;) +2)(alogy(1(Kij) + (K j) + (K ) +2) —b(j +1)) —
(IS 5)a(logo (LI ) + U(Kk,;) + 1K 5) +2) — logy 1(Ki 5)) —

U(Kk,j)a(logy(I(Kij) + 1(Ky,j) + 1(Em,j) +2) — logy I(Ky,5)) —

UKm,j)a(logy (K5 j) + U(Kk,j) + 1(Km,j) +2) — logy (K, j)) —

2a(log, (I( ZJ)+Z(K1€J)+Z( ) +2

UK )b+ 1Ky )b+ 1(HKm ;)b +2b(j + 1) + 1.50(Kg ;) + (K ;) +4
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Our goal is to prove that:

LIS, 5)a(logy (K 5) + UEk,;) + U(Km,;) +2) +logy [ K 7)) +
[(K,j)a(logy (I(Ki ;) + UKk ;) + 1(Km ;) +2) + logy [(Ky,5)) +
[(Km,j)a(logy (I(Ki ;) + L(Kk,;) + L(EKm ;) +2) —logy L(Km ;) +

2a(logy (I(Ki ;) + U(Kk,;) + U(Km,;) +2) —
UK )b — 1Ky ;)b — (K, ;)b —2b( + 1) — 1.5I(Ky ;) — l(Kpm,;) —4<0 (2.9)

To make the term 1.51(Ky ;) as small as possible let 1(Ky ;) < (K, ;) . Let
tml(Km,j) = (K ;) and tpl(Kg ;) = (Km,j;). The first four terms in Inequal-
ity 2.9 can be simplified to:

UK, j)a(logy(L(Ki ;) + 1Kk ;) + U(Km,j) +2) —logy 1(K; ) =
Z(Kiyj)alogQ(l/tk + tm + 1 + 2/Z(KZJ))

UKy j)a(logy(1(K 5) + 1( Kk ) + (K j) +2) — logy (K} j)) =
l(KkJ—)alogQ(tk +tpty +1+ 2/Z(Kk7j))

Z(Km,j)a’(log2(l(Ki,j) + Z(Kk,j) + l(Km,j) + 2) - 1Og2 l(Km,j)) =
UK, j)alogs(1/tm + 1/tmtr + 1+ 2/1(K

alogy(I(Kij) + 1(Kpj) + 1(Km,;) +2) =
alogy U(Km,j)(1/tm + 1/tity +1+2) =
alogy (K, ;) + alogy 5

Inserted in Inequality 2.9:

1(Kij)alogy(1/t, + tm + 1+ 2/1(K; ;)
(K5 alogy(ty + timty + 1+ 2/1(Ky, ;)
W(Km,j)alogy(1/tm + 1/tmts + 1 4 2/1(Km, ;)
2alogy 1(Kom j) 4 2alogy 5 — 1(K; )b — 1(Kg ;)b —
WK j)b—2b(j + 1) = L5I(K} ;) — L(Km ;) =5 <
H(Eon,j)(1/tmalogy (1/ty + tm + 1+ 2/1(K; 5)) +
1/ (tetm)alogy (ty + tmty + 1+ 2/1(Ky ;) +
alogy(1/ty + 1/tymty + 1+ 2/U(Kp ;) +
2alogy 1K ;) [1(Km,;)
—b(1/tm 4+ 1/tmtr + 142 + 1) /1Ko 5))) —
1.5/ (tktm) — 1/tm) + 2alogy, 5 — 4



38 CHAPTER 2. WORST CASE PERFORMANCE

The last two terms, independent of the length of the cactus, are
2alogy b —4< -2<0
Hence it is enough to show that

1/tmalogy(1/ty + tm + 1+ 2/1(K; ;) +
1/ (tktm)alogy(ty + tmty + 1+ 2/1(Ky ;) +
alogy(1/tm + 1/tmte + 1+ 2/1(Km ;) +
2alogy U(Km ;) /1(Km,j) — b(1/tm + 1/tmtr + 1+ 2(j + 1) /1(Km,;)))
L5/(tktm) — 1/tm) <0 (2.10)

Since [(Ky,;) > 1 the length I(Km ;) = titml(Kk ;) > titm. The term (logy x)/x <
(logg e)/e for all x and for x > e the function is decreasing. Hence for tity, >
e, (logy (K j)/l(Km;) < (logy titm)/tetm. Since (K) < 37, j > loggI(K) >
logs titm > 1

V

Assume that 1 =z < by, < ), and 1 = zp, < t, < ). Inequality 2.10 is less
than or equal to

1/xm(alogy(1/xg + xm + 14 2/21)) +

1/(zrxm)(alogy(zr + zmai + 3) +

alogy(1/xm + 1/xmzr + 1+ 2/xmaxy) + 2a(logy €) /e —
b(1/xl, + 1)z}, x), + 1+ 4/xl ) — 1.5/ (x)x,) — 1/, (2.11)

For different values of the variables x the left hand side of Inequality 2.11 is bounded
from above.
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Ezpression 2.11 <
-0.08
-0.08
-0.1
-0.1
-0.03
-0.05
-0.08
-0.1
-0.04
-0.01
-0.02
-0.003
-0.03
-0.06
-0.1
-0.01
-0.01
-0.02
-0.008
-0.005
-0.02
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When e < x,, the left hand side of Inequality 2.10 is less than or equal to

b(1/ay, +1/w), + 1+ 2(logg whas, ) /2, xy) — 1.5/ (2har,) — 1/,

1/xm(alogy(1/ar + xm + 1+ 2/21)) +
1/ (zram)(alogy(ek + 2may + 3) +
alogy(1/xm + 1/xmay + 14 2/zmar) +

2a(logy Tmxk)/TmTr —

The Expression 2.12 is bounded from above.

(2.12)
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Tm T, Tk ), Fxpression 2.12 <
/43 1 2 001
2 8 -0.04
8 oo -0.2
43 49 1 2 -0.008
2 15 -0.01
15 oo -0.8
4.9 5.7 1 2 -0.008
2 15 -0.02
15 oo -0.2
5.7 6.8 1 2 -0.001
2 15 -0.08
15 oo -0.2
6.8 856 1 2 -0.001
2 15 -0.04
15 oo -0.2
8.5 11 1 2 -0.01
2 15 -0.06
15 oo -0.2
11 18 1 2 -0.004
2 15 -0.07
15 oo -0.2
18 80 1 2 -0.007
2 15 -0.08
15 oo -0.2
80 oo 1 oo  -0.15

Hence the inductive step is true for all cases.

Lemma 20 After (logsm)/2 iterations of the algorithm ATSP in a graph G, € G
where n = 2m > 18 the cycle covers form a set K of cacti. The set has weight at
least

opt(Gp) — 1 logam
K) >
Proof 20 By Lemma 11 the minimum TSP tour in G, has weight opt(Gy) <
m+1/16. Let the algorithm ATSP halt after (logs m)/2 iterations. Then there are
several cacti in G,,. We will show a lower bound of the weight of these cacti. First
we show a lower bound for one cactus using the inequalities:

—1)-2

w(K) + 8(K) > w(K®) + 6(K%) > I(K%)a(logy I(K®) - bj)

Then we sum the weights of all cacti in the graph after (logsm)/2 iterations.

By Lemma 17 we know that the first logs m iterations of the algorithm ATSP
on the graph G, produces cycle covers with cycles of length two and three. Hence
our cacti have only short cycles.
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We know that w(K) > w(K®) and will show a lower bound for the cacti with
the simple distance function. There are m large nodes in G35 (and in G,), after
J = (logg m)/2 iterations there are several cacti connecting only large nodes and at
most two cacti connecting a mizx of large and small nodes. The number of nodes in
a cactus, n(K) is at least n(K) > 27 = 2(0gsm)/2 — 9(logg 2logy m)/2 — 4 (logs 2)/2
m%32 and n(K) < 37 = 308am)/2 = /in 50 m1°8:2)/2 < (K %) < /m.

Ifm > 4 then /m < m/2 and by Lemma 19 w(K%)+06(K) > (K )(alogy I(K)—
bj). For a cactus with only large nodes in G5, I(K) = n(K?%) — 1 and certainly
I(K) > n(K%)/2. The weight of the cactus is w(K®)+§(K*S) > I(K)(alogy I(K) —
bj) > (n(K%)/2)(alogy(n(K%)/2) — bj). Let n(K?) = mo8s2)/2+di yhere 0 <
di <1/2— (logs2)/2 ~ 0.18. The weight of a cactus K7 is

w(KS)+5(KS) (m!o8s 24 12) (alogy (m!*8s 2¥4 /2) — bj) >

24
m!o%s 2! ( ((logg 2 + d;) logy m —logy 2) — 100 loggm/2) >

2
1 1 logs 2, d;
5(110g3210g2m7172—0010g2m10g32)m 3om =
26 1. o 4
1 logs2—— — = )m %8s i
(logy mlogs 200 S)m m

If Kis, ..., K2 are the cacti with no small nodes, then the total weight is:

T

Y w(EP) —8(K7) =

i=1
- 26 1
2(10g2m10g324—00 3) m!°%s 2m Z5KS
i=1
26 lo 2
(logy mlogs 2 00 &3 Zm (m+1/16)/2 (2.13)

Since a cactus connecting large and small nodes has n(K) < \/m, the number of
nodes in cacti with only large nodes s

T r
Z mio8s 2+di _ , logs 2 Z mi >m —2vym
i=1 =1

Inserted in Equation 2.13, if m > 9:

> (logy mlogy 2;—(% - %)(m —2v/m) — (m +1/16)/2
> (opt(Gr) — 1)(logy mlogs, 242—060 — %)(1 —2/vm) — (1 + %)

1,1 1
2 (opt(Gn) = 1) 2 (7 logym — 1) —2
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The TSP tour

In the previous section we showed that the spanning cactus is heavy. Here we show
that the TSP tour is heavy as well. In the algorithm by Frieze et al. there is no
specification in which order the shortcuts are made. We assume that the TSP tour
is built by a depth-first search, which is an efficient and natural implementation to
make the shortcuts.

The level of a node I(v) is the number of iterations it has in the subgraph,
l(v) = max{ilv € G,;}. In a TSP tour there is one edge to each node. We define
an function from the edges in the TSP tour to cycles in the spanning cactus. The
edge to the root of the cactus is not mapped to any cycle.

Definition 24 Map an edge (vj,v;) to the last cycle v; is in (vj,v;) — C,v; € C €
Gn,l(vi)'

The next Lemma implies that the expected TSP tour in Q(opt(G,,)-logn) — our
main result.

Lemma 21 A spanning cactus K is built by the algorithm ATSP on a graph G, €
G. The node for the next subgraph is chosen randomly with equal probability for all
nodes in a cycle (row 11 in ATSP) and the TSP tour is built by a depth-first search
starting in the last node in the subgraph. If n = 2m > 18 the expected length of the
TSP tour is at least

opt(Gp) — 1
768

Proof 21 Let the algorithm halt after (logs m)/2 iterations. Then there are several
unconnected cacti in the graph, denote the cacti K. By Lemma 17 we know that
the first logs m iterations of the algorithm ATSP on the graph G, produces cycle
covers with cycles with two or three nodes. Hence our cacti only have short cycles.

Definition 24 is a mapping from the edges in the TSP tour to the cycles, C,
in the cacti, K. Since there are several cacti there are several edges that are not
mapped to any cycle.

E[ Z d(vj,v;)] > ZP[C in K|E| Z d(vj,v;)] >
C

(vj,vi)ETSP tour (vj,vi)—C

(logan—5)—1

> PIC in Klw(C)/8=1/8)_ P[C in K|w(C) = E[w(K)]/8  (2.14)
C C

The weight of the cacti is by Lemma 20

Gp)—1 logym

w(K) > opt(

—1)—-2
- 24 ( 4 )
If Equation 2.14 holds the expected value of the TSP tour is at least larger than
opt(Gyp) — 1 1
) 2 _5)_ =
Tos  o82n—5)
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Look at the 2-cycle (v;,vr), At iteration j the cycle connects two cacti K; ; and
Ky ;. Suppose that they are connected in the given order. By Lemma 15 K;;
connects all nodes in the interval [vg,vp] and Ky ; connects nodes [v, vq].

Suppose that the node vy, is selected for the next iteration and that l(vy) = j+1.
The probability that vy is in exactly one more iteration is at least 1/2. The edge to
v; in the TSP tour is the only edge mapping to the cycle. Since the node vy is in
ezxactly one more iteration there are two possibilities for the depth-first search at vy.
Either it chooses the edge (v, v;) or it chooses an edge to a node in [v.,vq] before
it chooses the edge to v;. In both cases the weight is > d[v;, v].

Suppose that v; is selected for the next iteration and that l(v;) = j+1. Then the
edge to vy is mapped to the cycle and the added distance is at least d[vy, vy]. Hence
the expected value of the edge mapped to the cycle is > 1/2(d[ve, v;]/24+d[vp, vi]/2) >
d[v;, v /4 = w(C)/8.

Look at a triangle (v;, v, v;). At iteration j the nodes are roots two three cacti
K j, Ky and Ky, ;. The cacti are connected in the given order and connects the
nodes [Vq, U], [Ve,va] and [ve,vf]. Suppose the cycle consists of the directed edges
(vi,vr), (v, vg) and (vg,v;).

Suppose that vy is selected for the next iteration and that [(v;) = j+1. The edges
to v; and v are mapped to the cycle. At v; the depth-first search either selects the
edge (vi,v) or a node in [ve,vs] before vk, in both cases the edge to vy is at least
d[vk,ve]. The only edge to v; is from vy, hence the edge to v; is at least d[v;,v.]. By
equal probability vy, is selected for the next iteration. Suppose that l(vg) = j + 1.
Then the edges to v; and v; are mapped to the cycle. The edge to v; is at least
d[vi,ve] and the edge to vy is at least dlvy,vi]. If v; is selected and l(v;) = j+ 1 the
edge to vy is at least dvy,v;] and the edge to vy is at least d[ve,vi]. The expected
value of the edges mapped to the cycle is > 1/2((d[vg, ve] + d[vi, ve]) /3 + (d[vi, ve] +
d[vy,v1])/3 + (d[vp, vi] + d[ve, vi])/3) > d[vi, v1]/3 = w(C)/6.

By symmetry the same arguments holds if the edges in the triangle changes
direction. Hence Equation 2.14 holds.

2.5 To Conclude

For the deterministic assumptions on the algorithm, the graphs, G,,, form a fam-
ily of asymmetric graphs for which the approximation algorithm for asymmetric
TSP by Frieze et al., with our specifications, shows a worst case behaviour. The
algorithm returns by Theorem 1 a TSP tour of weight greater than (opt(G,,) -
logon)/(2 4+ 0(1)). The analysis of the algorithm by Frieze et al. shows that the
algorithm gives a TSP tour with weight less than or equal to opt(G,,) -log, n, hence
the analysis of the algorithm by Frieze et al. is tight up to a factor of 1/2.

The ratio a between edges in different directions is greater than n/2 and the
data dependent approximation algorithm by Frieze et al. is then proven to give an
approximation better than 3at/2 = 3n/4 or O(n). When we apply the data depend-
ent algorithm to G,,, there are two possible outcomes. The algorithm converts the
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asymmetric graph to a symmetric, uses the algorithm due to Christofides [7] and
in the end arbitrarily chooses the direction of the found TSP tour. The undirec-
ted TSP tour is around the circle. If the direction is chosen to be clockwise the
algorithm finds the optimum TSP tour of weight n. If the direction on the other
hand is chosen to be anti-clockwise the directed cycle has weight nlog, n which is
the same as for the original approximation algorithm. Thus with one choice as-
sumed to be bad the data dependent algorithm approximates the asymmetric TSP
tour within a factor of logyn. The expected approximation is (log,n)/2 over the
choice of orientation of the tour.

For the random assumption on the algorithm the graphs, G,,, are a family of
symmetric graphs for which the algorithm by Frieze et al., shows a worst case
behaviour. The algorithm returns by Theorem 2 a TSP tour with expected weight
Qopt(Gy) -logn).



Chapter 3

Complexity of the Directed
Spanning Cactus Problem

In this chapter we study the complexity of finding a spanning cactus in various
graphs. First we show that the task of determining if there is a directed spanning
cactus in a general unweighted digraph is NP-complete. The proof is a reduction
from ONE-IN-THREE 3SAT. Secondly we show that finding the minimum spanning
cactus in a directed, weighted complete graph with triangle inequality is polynomial
time equivalent to finding the minimum TSP tour in the same graph and that they
have the same hardness in approximation.

3.1 Introduction

In discrete mathematics, the cactus is a well-known graph structure and in undir-
ected graphs they have been carefully studied. Cacti in directed graphs, though,
have been much less studied.

Definition 25 A strongly connected, directed graph where each edge is contained
in at most (and thus, in exactly) one directed cycle is called a directed cactus.

Definition 26 A spanning, directed cactus for a directed graph G is a subgraph of
G that is a directed cactus and connects all vertices in G.

In undirected graphs finding the minimum cut in a graph is a well-known op-
timisation problem. Here a cactus is a useful and simple representation of the
minimum cuts in a graph (there can be many). Cacti for this purpose are used for
example by Fleischer in [11]. In 1994 Schaar [31] published a paper about Hamilto-
nian properties of directed graphs. He showed some results about graphs restricted
to be directed cacti.

We study the complexity of finding a spanning, directed cactus in different
types of graphs. First we show that the problem of finding a spanning cactus in a

45



46 CHAPTER 3. DIRECTED SPANNING CACTUS PROBLEM

general, unweighted, directed graph is NP-complete and then show that finding the
minimum spanning cactus in a weighted, directed graph with triangle inequality is
polynomial time equivalent to finding the minimum travelling salesman tour in the
same graph.

Definition 27 The Spanning cactus problem (SCP) is the problem of deciding,
given a directed graph, if there is a spanning, directed cactus in the graph.

Theorem 3 SCP is NP-complete.

Corollary 1 In a directed, complete graph with general distance function the min-
imum spanning cactus is NP-hard to approximate within any factor.

Corollary 1 can be shown with the same arguments as Sahni and Gonzalez [30]
use to prove that it is impossible to approximate the minimum TSP tour within a
constant factor in a general graph. Suppose that we can approximate the minimum
spanning cactus within a factor r in a weighted complete graph then we can decide
if there is a spanning cactus in a general directed graph in the following way: Give
all edges weight 1, add edges of weight 72|V| to make the graph complete. If there
is a spanning cactus of weight less than r2|V| there is a spanning cactus in the
original graph, otherwise there is not. Since the original problem is NP-hard the
corollary follows.

The Travelling Salesman Problem (TSP) is one of the most famous and well-
studied combinatorial optimisation problems. We show that finding the minimum
spanning cactus in a general, weighted digraph and finding the minimum TSP
tour in the same graph are polynomial time equivalent problems. They also have
the same hardness of approximation. Therefore a minimum spanning cactus is
not directly useful for approximation algorithms of asymmetric TSP with triangle
inequality.

Theorem 4 Finding a spanning cactus of minimum total edge weight in an asym-
metric, weighted, complete graph where the weights obey the triangle inequality is
polynomial time equivalent to finding the minimum TSP tour in the same graph.
They also have the same hardness of approximation.

The well-known approximation algorithm for asymmetric TSP by Frieze, Gal-
biati and Maffioli [12] from 1982 builds a spanning cactus (which is not minimal)
and then transforms it to a TSP tour. Their algorithm gives an approximation
in logon. As a comparison the currently best approximation algorithm is by
Kaplan, Lewenstein, Shafrir and Sviridenko [21] and gives an approximation of
3/4logs n < 0.842log, n.

Notations and conventions

In a directed graph an edge from vertex A to vertex B is denoted AB, a path from
A to B to C is denoted ABC and a cycle from A to B to C and back to A is denoted
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ABCA. Considered cycles are always simple. When we study subgraphs (such as
gadgets) we use the term cactus branch.

Definition 28 Suppose there is a spanning cactus S in a directed graph G. In a
subgraph H C G the cactus branch of S induced by H is the set of edges {e : e €
SNH}. When it is clear what S and H we consider, we use the term cactus branch.

Since a cactus is Eulerian the following well-known property of a directed cactus
directly follows:

Lemma 22 In a directed cactus every vertex has the same in- and out-degree.

3.2 Proof that SCP is NP-complete

We will first show that SCP is in NP and then reduce ONE-IN-THREE 3SAT
(which is an NP-complete problem [13, Problem LO4]) to SCP.

The definition of an NP-problem is that if the problem has a solution there
is a witness convincing a polynomial time verifier that the problem is solvable.
Our witness for SCP is the subgraph which we claim is a spanning cactus. The
following algorithm determines in polynomial time if a subgraph of a directed graph
is a spanning cactus.

Definition 29 Spanning cactus check, SCC(G, S), is the following algorithm: Given
a directed graph G and a subgraph S of G, if all three conditions below are true ac-
cept otherwise reject.

e The graph S is strongly connected.
e The graph S is spanning, i.e., every vertex of G is in S.

e The graph S is a cactus, i.e., the algorithm Cactus-check(S), defined below,
accepts.

Definition 30 Cactus-check(S), is the following algorithm: Given a directed, strongly
connected, graph S, accept if S is an empty graph or contains only one verter. If
the graph is not Eulerian reject, otherwise construct an Fuler tour and traverse the
edges in the given order. Push every wvisited vertex on a stack and mark the vertex
as visited. If a vertex is marked as visited and is on the stack, pop all vertices above

it (but not the vertex itself) from the stack. Continue until all vertices of the tour
have been wvisited. If there is a vertex marked as visited, which is not on the stack,
the test does not accept the graph as a cactus, otherwise it does.

If the graph S is a cactus the algorithm Cactus-check recursively removes drops
from S.

Definition 31 A simple cycle where every vertex, except at most one, has in- and
out-degree equal to one, d*(v) = d~(v) = 1, is called a drop.
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Lemma 23 A cactus is either one simple cycle or a graph containing at least two
drops.

Proof 22 (Proof) The proof is by induction over the numbers of simple cycles in
the cactus. If a cactus has one cycle the statement is trivial and if a cactus has
two simple cycles they are both drops. Suppose the lemma is true for a cactus with
k > 2 cycles. To see that the lemma is true for a cactus with k + 1 cycles proceed
as follows: select an arbitrary cycle and remove it from the graph.

If the selected cycle is a drop, the remaining graph has by assumption at least
two drops. At most one drop was connected to the removed drop and therefore at
least one drop in the reduced graph is a drop in the original graph. Thus the original
graph has at least two drops; the removed one and at least one in the reduced graph.

If the selected cycle is not a drop it must be connected to at least two other
cycles. Remowving the cycle then divides the graph into at least two strongly connec-
ted components. If a component is one cycle it is a drop in the original graph. If a
component has more than one cycle it has, by assumption, at least two drops. By
the same argument as above at least one of them is a drop in the original graph.
Thus every strongly connected component contributes with at least one drop in the
original graph.

The argument in the lemma above shows that we can view a cactus as a tree of
cycles where the drops are the leafs.

Lemma 24 Let S be a directed, strongly connected graph with at least one drop
and let So be S with the drop removed. Then Cactus-check(S) = Cactus-check(Sy).

Proof 23 If S is not Eulerian then neither is Sy and Cactus-check rejects both.
Otherwise we can construct an Euler tour and traverse the nodes in the given order.
When the algorithm reaches a drop, all vertices in the drop are pushed onto the stack
and then all those vertices except the first one are immediately popped. Moreover
the vertices in the drop will not appear later in the Fuler tour. Thus if the algorithm
rejects the graph S it will not reject because of any of the vertices in the drop and
thus also rejects Sy. Similarly, if the algorithm accepts S it will also accept Sy.

Lemma 25 Given a directed, strongly connected graph S the algorithm Cactus-
check(S) runs in polynomial time and accepts if and only if S is a cactus.

Proof 24 By Lemma 2/ it is sufficient to consider S to be drop-free. A drop-free
cactus is by Lemma 23, an empty graph and by definition the algorithm accepts such
a graph.

An Euler tour can be found in time O(|E|) [8, Problem 22-3]. We prove that if
the graph is not a cactus the algorithm rejects and then that if the algorithm rejects
the graph is not a cactus. Let S be a drop-free graph which is not a cactus. The
first cycle the algorithm pops from the stack is not a drop; therefore some popped
verter v in the cycle will appear later in the Euler tour. The algorithm might halt
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and reject before v occurs again, otherwise it will find v which is visited but not on
the stack, and reject.

If the algorithm rejects there is a visited vertex v which is not on the stack. The
first edge from v in the Fuler tour is then in a cycle which is popped from the stack.
The Euler tour passes v twice and forms a cycle. This cycle is different from the
first one since it is not popped from the stack. Hence the first edge from v in the
Euler cycle is in two different cycles and the graph is not a cactus.

Lemma 26 The algorithm SCC(G,S) determines, in polynomial time, if a given
subgraph S of G is a cactus spanning G.

Proof 25 (Proof) A depth-first search from every vertex in S determines in poly-
nomial time if S is strongly connected. If every vertex in G is in S the subgraph
is spanning. The algorithm Cactus-check determines by Lemma 25 in polynomial
time if the graph S is a cactus. Thus if all three conditions are true the graph is a
spanning cactus.

By Lemma 26 a verifier can check if the subgraph is a spanning cactus in poly-
nomial time and the corollary trivially follows.

Corollary 2 SCP is in NP.

Reducing One-In-Three 3SAT to SCP

ONE-IN-THREE 3SAT is an NP-complete problem [13, Problem LO4]; by reducing
ONE-IN-THREE 3SAT to SCP we show that SCP is NP-complete as well.

Definition 32 ONE-IN-THREE 3SAT is the following decision problem: Given a
set U of variables and a collection C' of clauses over U such that each clause c € C
has |c| = 3, is there a truth assignment for U such that each clause in C' has exactly
one true literal?

Theorem 5 ONE-IN-THREE 3SAT is NP-complete even if no clause contains a
negated literal [13, Problem LO/J.

The structure of the reduction is similar to the one Johnson and Papadimitriou
use when they reduce Exact cover to Hamiltonian cycle [20] but there are more cases
to cover since a cactus has more degrees of freedom than a Hamiltonian cycle. The
variables and clauses from the ONE-IN-THREE 3SAT problem are represented by a
graph. If and only if the graph contains a spanning cactus, ONE-IN-THREE 3SAT
has a solution; furthermore the solution can be determined from the spanning cac-
tus. The reduction is made in three steps. First we will construct the corresponding
graph, then show that if there is a solution to ONE-IN-THREE 3SAT we can find
a spanning cactus in the graph, and thereafter prove that if there is a spanning
cactus in the graph we can find a solution to ONE-IN-THREE 3SAT.
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Each clause in ONE-IN-THREE 3SAT is represented by a so called clause-gadget
in the graph. A spanning cactus has three possible cactus branches in this gadget
which correspond to the three possible assignments of the variables in the clause.
Also each variable is represented by a gadget. There are two possibilities for the
spanning cactus in the wvariable-gadget which correspond to the two values of a
variable. To ensure consistency of the solution there are so called zor-gadget which
connects a variable-gadget to the clause-gadget where the variable occurs.

A clause with variables {x1, z2,23} is represented by a gadget as in Figure 3.1.
Each variable corresponds to an edge in the gadget. If a wvariable-edge is in the
spanning cactus the variable is false, otherwise it is true. Each variable is repres-
ented by a gadget as in Figure 3.2. The value of the variable is represented by two
edges. Only one of the value-edges can be in the spanning cactus (Lemma 30) and,
intuitively; if the false-edge is in the spanning cactus the variable is false and if the
true-edge is in the spanning cactus the variable is true. All these gadgets are linked
after each other in a cycle (Figure 3.3).

3
@
A o ——» o—> .—»L. B

Figure 3.1: Clause-gadget.

a

false true

A @ > > L B
Figure 3.2: Variable-gadget.

To ensure that a spanning cactus gives a variable the same value in all clauses
a variable-edge in an clause-gadget is connected to the true-edge in the variable-
gadget by an xor-gadget as in Figure 3.4. The xor-gadget has the property that
exactly one of the two edges it connects is in a spanning cactus (Lemmas 31 and 32).
The inner structure of the xor-gadget is as in Figure 3.5. ABCD is the “true-edge”
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Figure 3.3: The structure of the graph. Clause-gadgets (left) and variable-gadgets
(right) are linked together in a cycle. The variable-edges in the clause-gadgets are
connected to the true-edges in the variable-gadgets by xor-gadgets. (Most of the
xor-gadgets are omitted in the figure.)

in the variable-gadget and LKJI is the “variable-edge” in the clause-gadget. If
one variable occurs in several clauses the xor-gadgets are linked together in the
variable-gadget as in Figure 3.6. The figure shows two linked xor-gadgets but it
can be extended to arbitrarily many. In Figure 3.6 AF is the true-edge in the
variable-gadget, RO and VS are variable-edges in the clause-gadgets. In detail the
linked xor-gadgets look like Figure 3.7.

If there is a solution to an instance of ONE-IN-THREE 3SAT we want it to
be a spanning cactus in the constructed graph. We prove this by showing how
to construct a spanning cactus from a solution of an instance of ONE-IN-THREE
3SAT.

Lemma 27 Suppose that a graph is constructed from an instance of ONE-IN-
THREE 3SAT as described above. If there is a solution to the instance of ONE-IN-
THREE 3SAT then there is a spanning cactus in the constructed graph.

Proof 26 Suppose we have a satisfying assignment to an instance of ONE-IN-
THREE 3SAT. A spanning cactus can then be constructed as follows: In the variable-
gadgets let the value-edge with the same value as the variable be in the cactus. In the
clause-gadgets let the two false variables be in the cactus. The xor-gadgets connects
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Figure 3.4: The xor connection between variable-edges in the clause-gadgets and
true-edges in the variable-gadgets.

two “edges” where exactly one is in the cactus. We show which edges to choose in
every gadget and that this is a spanning cactus.

In a satisfying assignment of the variables in a clause two variables are false
and one is true. If a variable is false its variable-edge is in the spanning cactus
otherwise it is not. Figure 3.8 shows three cactus branches which include exactly
two of the three variable-edges in the clause-gadget. A wvariable is obviously true
or false. The corresponding edge in the variable-gadget is in the cactus branch and
we can find a cactus branch in the variable-gadget for each value of the variables
(Figure 8.9). In a satisfying assignment a variable has a unique value and thus the
zor-gadgets will only connect edges in the spanning cactus with edges that do not
belong to the spanning cactus. Figure 3.10 shows cactus branches in the xor-gadget
which includes exactly one of the two “edges” ABCD and LKJIL

The constructed subgraph is strongly connected: Choose two arbitrary vertices,
they are in two gadgets since the graph only consists of gadgets. All variable- and
clause-gadgets are connected and we can find a path between the vertices. If one
vertex is in a xor-gadget it is connected to a variable-gadget or a clause-gadget and
we can find a path to that vertex too.

One edge is in exactly one cycle: Let us first ignore the xor-gadgets and view the
edges they connect as atomic edges. An edge in a variable- or clause-gadget is then
i a cycle or in a path connecting the gadget to the rest of the graph. The cycles are
not connected to any other part of the graph and every edge in the cycle is in that
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Figure 3.5: Xor-gadget. ABCD and LKJI are the edges which the xor-gadget
connects.
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Figure 3.6: Linked xor-gadgets. If a variable occurs in two different clauses the
xor-gadgets are linked. AF is the true-edge in the variable-gadget, RO and VS are
variable-edges in the clause-gadgets.

cycle. The edges in the path is in the big cycle (Figure 3.8) but not in any other
cycle. When we add zor-gadgets they replace an edge in the variable-gadget or the
variable-edges in clause-gadgets, with a series of edges and diamonds (Figure 3.10).
But since exactly one of the “edges” the xor-gadget connects is in the cactus branch
in an xor-gadget never connects a variable- and a clause-gadget. Therefore no edge
s 1n more than one cycle.

Hence if there is a solution of an instance of ONE-IN-THREE 3SAT we can
construct a spanning cactus in the corresponding graph.

To complete the reduction, we prove that if there is a spanning cactus in our
constructed graph there is a solution to ONE-IN-THREE 3SAT.
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Figure 3.7: Linked xor-gadgets (the same as Figure 3.6)

Lemma 28 Suppose that a graph is constructed from an instance of ONE-IN-
THREE 3SAT as above. If there is a spanning cactus in our constructed graph,
then there is a solution to the instance of ONE-IN-THREE 3SAT, furthermore the
solution can be found via the spanning cactus.

The proof proceeds by showing that any spanning cactus in the constructed
graph defines a satisfying assignment to the instance of ONE-IN-THREE 3SAT.
It is easy to see that the edges connecting the variable- and clause-gadgets are in
the spanning cactus (Figure 3.3) since the spanning cactus is strongly connected.
recall that some edges in the variable- and clause-gadgets are not really edges but
xor-gadgets. Presently we view them as atomic edges and prove in Lemmas 31
and 32 that our view holds. Suppose there is a spanning cactus in our constructed
graph. Then there is a cactus branch in every gadget. We will prove that every
cactus branch corresponds to an assignment and that the assignment is consistent.

In the clause-gadget exactly two of the three variable-edges should be in the
cactus branch, otherwise the cactus does not correspond to a satisfying assignment.
The following lemma proves this and that the cactus branches in Figure 3.8 are the
only possible cactus branches in the gadget.

Lemma 29 Suppose that the clause-gadget (Figure 3.1) is a subgraph in an arbit-
rary graph. Vertices A and B are connected to the rest of the graph but no other
vertices have any other edges than the ones in the figure. Any cactus branch cor-
responding to a spanning cactus includes exactly two of the edges x1, x2 and x3.

Proof 27 (Proof) The path is restricted in several ways. It follows the lower
horizontal edges to connect all vertices. If it traverses one vertical edge starting in
v; the cycle has to end in v; to make the in- and out-degree equal (Lemma 22). The
spanning cactus traverses exactly one of the vertical edges (otherwise one edge is
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Figure 3.8: Possible cactus branches in an clause-gadget.

contained in more than one cycle). For each vertical line there is exactly one way to
connect all vertices and to give all vertices an equal in- and out-degree (Figure 3.8).

A variable should, of course, have exactly one value. In other words, exactly
one of the value-edges should be in the cactus branch. The following lemma proves
this and Figure 3.9 shows the only possible cactus branches in the gadget.

Lemma 30 Suppose a variable-gadget (Figure 3.2) is a subgraph in an arbitrary
graph. Vertices A and B are connected to the rest of the graph but no other vertices
have any other edges than the ones in the figure. Any cactus branch corresponding
to a spanning cactus includes exactly one of the edges true and false.

Proof 28 (Proof) Since all vertices in a cactus have the same in- and out-degree
(Lemma 22) there are only two possible ways to traverse the gadget (Figure 3.9).

Recall that we introduced the xor-gadgets to ensure that the variable has the
same value in all clauses. Specially we want xor-gadget to force that exactly one
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Figure 3.9: Possible cactus branches in a variable-gadget.

of the two edges it connects is in the spanning cactus. The following two lemmas
proves this and that the cactus branches in Figure 3.10 are the only possible ones.

Lemma 31 Suppose that the zor-gadget (Figure 3.5) is a subgraph in an arbitrary
graph. Vertices A, D, I and L are connected to the rest of the graph but no other
vertices have any other edges than the one in the figure. Any cactus branch corres-
ponding to a spanning cactus contains either the edges AB and CD but not JI and
LK or it contains JI and LK but not AB and CD.

Proof 29 (Proof) Since the spanning cactus is strongly connected the two dia-
monds (BEJFB and CGKHC) are in the spanning cactus. If the edge AB is in the
cactus so are the edges BCD (Figure 3.10) since every vertex in a cactus has the
same in- and out-degree (Lemma 22). For the same reason if the edge LI is in the
cactus so are KJI (Figure 8.10). Hence at least one of ABCD and LKJI are in the
spanning cactus.

Assume that ABCD and LKJI are in the cactus. Then the edges BC and KJ
are in the cactus and the diamonds and the edges BC and KJ form three different
cycles. The edges CG, GK, JF and FB are then contained in two cycles which
contradicts the definition of a cactus.

If one variable occurs in several clauses the xor-gadgets are linked together in
the variable-gadget (Figure 3.7). Even for linked xor-gadgets Lemma 31 holds.
More formally the Lemma can be extended to:

Lemma 32 In an arbitrary graph two (or more) zor-gadgets linked as in Figure 3.7
form a subgraph. Single vertices as A, F, O, R, S and V (and possibly more) are
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Figure 3.10: Cactus branches in a xor-gadget.

connected to the rest of the graph but no other vertices have any other edges than
the ones in the figure. Any cactus branch corresponding to a spanning cactus either
contains AB and EF or it contains RQ, PO, VU and TS (and possibly more).

Proof 30 (Proof) All diamonds are in the spanning cactus since it is strongly
connected. If the edge AB is in the cactus so are BCDEF (and possibly more) by
the same argument as in Lemma 31. In the same way; if the edge RQ) is in the
cactus so are RQPO and if the edge VU is in the cactus so are VUTS (and possibly
more).

If the edges ABCDEF are in the cactus Lemma 31 proves that the edges RQ,
PO, VU and TS can not be in the cactus.

If the edges RQPO are in the cactus we want to show that it the edges VUTS
are in the cactus as well. If the edges RQPO are in the cactus the edges AB, BC,
CD can not be in the spanning cactus by Lemma 31. If the edge CD is not in the
cactus Lemma 31 shows that the edges VU and TS have to be in the cactus and that
the edge EF can not be in the cactus. The argument can by induction be extended
to arbitrary many ror-gadgets.

To conclude: If there is a spanning cactus in the graph every variable-gadget
gives a value to the corresponding variable (Lemma 30). The construction of the
xor-gadgets ensures that every variable has the same value in all clauses (Lemma 31).
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Since there is a spanning cactus every clause has a satisfying assignment (Lemma 29).
Thus we have a satisfying assignment of the instance of ONE-IN-THREE 3SAT and
have proven Lemma 28.

Proof of the Main Theorem

We have constructed a graph from an instance of ONE-IN-THREE 3SAT and shown
that if there is a satisfying assignment to the variables we can find a spanning cactus
in the graph (Lemma 27). If there is a spanning cactus in the graph Lemma 28
shows that we can find a satisfying assignment via the spanning cactus. Thus if
there is no satisfying assignment to the instance of ONE-IN-THREE 3SAT there
is no spanning cactus in the constructed graph and vice versa. The result can be
formalised to:

Theorem 6 Suppose that a graph is constructed from an instance of ONE-IN-
THREE 3SAT as described above. Then there is a spanning cactus in the constructed
graph if and only if there is a satisfying assignment of the variables in the instance
of ONE-IN-THREE 3SAT.

SCP is in NP (Lemma 2) and the reduction from ONE-IN-THREE 3SAT to
SCP can obviously be done in polynomial time. Since ONE-IN-THREE 3SAT is
known to be NP-complete [13, Problem LO4], Theorem 6 proves that SCP also is
NP-complete (Theorem 3) and we have shown our main result.

3.3 Asymmetric TSP and Spanning Directed Cactus

The Travelling Salesman Problem (TSP) is one of the most famous and well-studied
NP-problems. It was proven NP-complete already by Karp [22] and it is in fact
NP-complete for several special cases including Euclidean distance and Manhattan
distance [20]. This means that an efficient algorithm for TSP is highly unlikely;
hence it is interesting to investigate algorithms that compute approzrimate solu-
tions. However Sahni and Gonzalez [30] showed that in the case of general distance
functions it is NP-hard to find a tour even with weight within exponential factors
of the optimum. When the distance function is symmetric and constrained to sat-
isfy the triangle inequality the best known approximation algorithm is a factor
3/2-approximation algorithm due to Christofides [7]. To construct a TSP tour the
algorithm finds a minimum spanning tree in the graph and then makes a minimum
cost matching of vertices in the tree with odd degree. Together, the tree and the
matching is an Eulerian graph. The Euler tour can, with short-cuts, be reduced to
a TSP tour which obviously has weight less than or equal to the Euler tour.

The asymmetric case is much less understood. The twenty year old approxim-
ation algorithm, invented by Frieze, Galbiati and Maffioli [12], approximates the
TSP tour within a factor of log, n. The algorithm repeatedly makes minimum cycle
covers of the graph and connects them to a spanning cactus (which is not minimal)
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and then transforms the spanning cactus to a TSP tour. Despite a lot of effort in
research during the last twenty years there are only some very recent algorithms
which improves the constant factor of the approximation. The currently best al-
gorithm is by Kaplan, Lewenstein, Shafrir and Sviridenko [21]. Their algorithm
decomposes multigraphs and gives an approximation of 3/4logsn < 0.842log, n.
There is only a miniscule lower bound: Papadimitriou and Vempala [27] recently
proved that it is NP-hard to approximate the minimum TSP tour within a factor
less than 220/219 — €, for any constant € > 0. Hence, any algorithm approximating
the minimum TSP tour in an asymmetric graph within a factor independent of the
number of vertices n is of great interest to the community.

In order to construct such an algorithm it is natural to try to generalise the ideas
used by Christofides [7]. In particular, it seems fruitful to search for structures
similar to that of a spanning tree in asymmetric graphs. One such structure is
the spanning cactus. We observe however, that finding the minimum spanning
cactus and the minimum TSP tour in an asymmetric weighted complete graph
are polynomial time equivalent problems. They also have the same hardness of
approximation. Therefore it can not be easier to find a minimum spanning cactus
than a minimum TSP tour.

Proof 31 (Proof of Theorem 4) The TSP tour is a spanning cactus and there-
fore the weight of the minimum spanning cactus is less than or equal to the TSP
tour’s weight.

If we have a minimum spanning cactus it is possible to transform it into a TSP
tour in the following way: Start in an arbitrary vertex, traverse the spanning cactus
in the order of an Fuler tour. If an edge goes to an already visited vertex replace the
edge to the vertex and the next edge in the Fuler tour with the edge short-cutting
them. If the new edge goes to a visited vertex repeat until an unvisited vertex is
found or to the end of the Euler tour. The triangle inequality guarantees that the
weight of the short-cut edge is less than or equal to the combined weight of the
original edges. The found TSP tour therefore has a weight less than or equal to the
minimum spanning cactus weight.

Secondly, we prove that TSP can be approzimated within c if and only if the size
of the spanning cactus can be approrimated within c. Every TSP tour is a spanning
cactus and hence a c-approximation algorithm for TSP approximates the minimum
spanning cactus within the same ratio. Conversely, a c-approrimation algorithm
for the minimum spanning cactus can be used to construct a c-approximate TSP
tour by the construction outlined in the previous paragraph.






Chapter 4

Symmetric Representation of
Asymmetric Graphs with an
Application to Asymmetric TSP

This chapter is based on joint work with Lars Engebretsen, and my contribution is
approximately 50%.

An instance of the Asymmetric TSP with triangle inequality can be transformed
into an instance of the Symmetric TSP in a certain related bipartite graph. We
show, that, in spite of the fact that the edge weights in this bipartite graph do
not obey the triangle inequality, the weights of minimum TSP tours in the two
corresponding instances are within constant factors of each other. The symmetric
bipartite realization of instances of Asymmetric TSP therefore open up new pos-
sibilities to construct both stronger approximation algorithms for the problem as
well as stronger approximation hardness results.

4.1 Introduction

A directed graph can be represented in a natural way by an undirected bipartite
graph as follows: Every vertex in the directed graph is represented by two copies of
the vertex—one “source” copy and one “sink” copy; every arc (u,v) in the directed
graph is represented as an undirected edge between the “source” copy of u and the
“destination” copy of v in the bipartite graph. Under the above transformation,
certain structures in the bipartite graph correspond to related structures in the
asymmetric graph: For instance, a perfect matching in the bipartite graph corres-
ponds to a cycle cover in the directed graph. This is the main idea underlying the
polynomial time algorithm that computes a minimum-weight cycle cover of a direc-
ted graph—this algorithm in fact computes a minimum-weight maximal matching
in the corresponding bipartite graph.

61



62 CHAPTER 4. REPRESENTATION OF ASYMMETRIC GRAPHS

This note considers similar relations between other structures in asymmetric and
corresponding bipartite graphs. As an example, we consider Hamiltonian cycles and
Eulerian subgraphs of directed graphs and prove that they correspond to subgraphs
with certain structure in the corresponding bipartite graph. Although this com-
binatorial problem has an interest of its own, we believe that our main result is a
characterization of the Asymmetric TSP with triangle inequality that has potential
applications in the field of approximation algorithms and approximation hardness.

TSP with triangle inequality, i.e., instances of TSP where the distances between
the cities satisfy the triangle inequality, is a classical combinatorial optimization
problem. The decision version of this special case was shown to be NP-complete
already in Karp’s original 1972 paper on NP-completeness [22], which means that
we have little hope of computing exact solutions in polynomial time. Christofides [7]
famous algorithm from 1976 finds a TSP tour with cost within a factor of 3/2 from
the cost of an optimum tour for distance functions that are symmetric. The so
called Asymmetric TSP with triangle equality is, however, far less understood—it
is in fact one of the most notorious open problems with respect to approximability.
Frieze, Galbiati and Maffioli [12] constructed an algorithm in 1982 that approxim-
ates the optimum within log, n, where n is the number of cities. Today, more than
20 years later, the best known algorithm [21] still guarantees only a logarithmic
approximation ratio and the strongest known approximation hardness result [27]
states that it is NP-hard to approximate the optimum within a factor of 1 + €
for some e which is roughly 1072, Obviously, any new insight into the structure
of the asymmetric TSP with triangle inequality is of considerable interest to the
community.

In this note, we present an alternate view of asymmetry in TSP instances.
Specifically, we construct from an instance of the asymmetric TSP an instance of
the symmetric TSP in a certain bipartite graph and then prove, that, when the
distance function in the original asymmetric TSP instance obeys triangle inequality,
the cost of the optimum tours in the two instances are within constant factors from
each other. This implies that in order to construct a constant-factor approximation
algorithm for the asymmetric TSP with triangle inequality, it is enough to construct
such an algorithm for the symmetric bipartite graphs mentioned above. Alas, the
metric in those bipartite graphs do not obey the triangle inequality. TSP with
general, symmetric, distance functions that do not obey the triangle inequality
cannot be approximated even within exponential factors. However, “our” bipartite
graphs have a special structure and we believe that they could potentially provide
an alternate way to attack the problem of devising algorithms for the asymmetric
TSP with triangle inequality.

The currently strongest polynomial time approximation algorithms for asym-
metric TSP with triangle inequality all use the idea of subtour patching, which
essentially amounts to computing a sequence of cycle covers of the weighted direc-
ted graph describing the instance and then using these covers to form an Eulerian
subgraph of the given instance. It seems, however, that it is difficult to use this
approach to push the approximation ratio to o(logn). The bipartite symmetric



4.2. BIPARTITE REALIZATION OF ASYMMETRIC GRAPHS 63

123

l3

(7

S1 L tl
1 5
o S5 P
83
Sq Y
2 4
]
3 Sy

ts

Figure 4.1: Left: An asymmetric graph G. Right: The bipartite realization B(G).

version of the problem may be more susceptible to other algorithmic techniques
that give better approximation ratios. We have not been able to successfully use
the approach ourselves, but we hope that this note will enable other researchers to
continue our efforts.

4.2 Bipartite Realization of Asymmetric Graphs

Intuitively, the bipartite realization of a directed graph G contains two copies of
every vertex in G, one “source vertex” and one “destination vertex”. An arc (u,v)
in G is then represented as an undirected edge from the source vertex corresponding
to u to the destination vertex corresponding to v (Fig. 4.1).

Definition 33 Given an asymmetric unweighted graph G with vertex set V and arc
set A CV x V, the bipartite realization of G, denoted by B(G), is defined as the
graph with vertez set {s, : v € VIU{t, : v € V'} and edge set {{sy,ts} : (u,v) € A}.

For a weighted asymmetric graph G, the bipartite realization is defined as above
with the addition that the weight of the edge {sy,ty} in B(G) is defined as the weight
of the arc (u,v) in G.

By definition, G and B(G) always have the same weight. Doing the construction
described in Definition 33 “backwards”, one can construct an asymmetric graph on,
say, n vertices from a given bipartite graph on 2n vertices if the bipartition has well-
defined “source” and “destination” sides that contain n vertices each. Formally:
If Gp is a symmetric bipartite graph where the two sides in the bipartition have
the same size and there is a designated “source” side, there is a unique asymmetric
graph G such that B(G) = Gp.
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It is easy to see that self-loops in an asymmetric graph translates to edges of
the form {s,,t,} in the bipartite realization and that Definition 33 also works for
multigraphs: the bipartite realization of an asymmetric multigraph is a symmetric
bipartite multigraph. In the rest of this paper, however, we only consider simple
graphs. Consequently, there are no edges of the form {s,, ¢, } in the bipartite graphs
we consider.

The bipartite realization described in Definition 33 can be applied not only
to entire graphs but also to subgraphs. Given an asymmetric graph G and some
subgraph H of G, the bipartite realization of H, denoted by B(H), is a subgraph of
B(G). The remainder of this note considers relationships between H and B(H). In
particular, we prove results of the form “if H has a certain structure with respect
to G, then B(H) has a certain structure with respect to B(G)” and vice versa. As
an application, we use these relationships to prove that if G is an instance of the
asymmetric TSP with triangle inequality, the cost of a minimum TSP tour in G and
the cost of a minimum TSP tour in B(G)—which is a symmetric instance without
triangle inequality—are within constant factors of each other.

We first study connectivity. It is easy to see that the bipartite realization of a
connected asymmetric graph need not be connected: Consider the graph with vertex
set {u,v} and arc set {(u,v)}. However, the bipartite realization of a connected
asymmetric graph has another property:

Definition 34 Let G be an asymmetric graph with vertex set V.. The bipartite
realization B(G) is overlapping if it holds that there is, for every non-empty proper
subset F' of vertices in B(G) such that |F N {sy,ty}| # 1 for allv € V, at least one
edge in B(QG) that connects a vertex in F with a vertex outside F'.

Lemma 33 The bipartite realization of a connected asymmetric graph is overlap-
ping. Conversely, a bipartite realization that is overlapping corresponds to a con-
nected asymmetric graph.

Proof 32 It can be seen that the requirement on F stated in Definition 3/—for
every subset F' of vertices in B(G) such that |F N {sy,t,}| # 1 for allv € V—can
be equivalently stated: for every subset F' of vertices in B(G) that can be written as
{{su;tu} :u € U} for some nonempty U C V.

Let G be an asymmetric graph. If the graph G is connected then for every
nonempty set U C V there is either an arc (u,v) for some u € U and some
v e V\U or an arc (v,u) for some w € U and some v € V\U. Hence, there is an
edge connecting a vertex in the corresponding set Fy = {{su,tu} : u € U} with a
vertex outside Fyy. To conclude, B(G) is overlapping in this case.

Conversely, if B(G) is overlapping, then for every nonempty set U C Vit holds
that there is at least one edge between a vertex in the set Fy = {{sy,tu} : u € U}
and a vertex outside Fyy. This implies that there is, for every nonempty set U C V
an arc from/to a vertex in U to/from a vertex in V \ U, i.e., that G is connected.

For the special case when the asymmetric graph is a Hamiltonian cycle, the bipartite
realization has even more structure.
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Lemma 34 Let G be an asymmetric graph and H be a Hamiltonian cycle in G.
Then B(H) is an overlapping bipartite perfect matching in B(G). Conversely, any
overlapping perfect matching in B(G) is the bipartite realization of a Hamiltonian
cycle in G (Fig. 4.2).

Proof 33 A Hamiltonian cycle has in-degree one and out-degree one at every ver-
tex. Therefore, it follows from the construction in Definition 33 that B(H) has
degree one at every vertex, i.e., it is a matching. Since a Hamiltonian cycle visits
every node, the matching is perfect. Finally, since a cycle is connected, Lemma 33
implies that the matching is overlapping.

Conversely, let H' be an overlapping perfect matching in B(G) and consider
the following walk in G: From an arbitrary vertex v, walk to a vertex w such that
{8v,tw} is an edge in H'; Repeat until the walk returns to a visited vertex. Since H'
is a perfect matching, there is, for every v, a unique w such that {s,,t,} is an edge
in H'. Therefore the walk is well-defined. By the pigeon hole principle, the walk
eventually returns to a visited vertex. We claim that it has then visited all vertices.

Let V' denote the vertex set of G and suppose that the walk returns having visited
some set U CV of vertices in G. Let Fy C H' be the set of edges are incident to
any of the vertices {s, :uw € U} U {t, : u € U}. Now, there can be no edge {sy,t,}
such that w € U and v ¢ U since this would imply that the walk must have visited
v ¢ U. Similarly, there can be no edge {sy,t,} such that u € U and v ¢ U. Hence,
there are no edges connecting a vertex in Fy with a vertex outside Fyy. Since H' is
overlapping, Definition 34 implies that either Fyy = 0 or else Fy = H'. Since U is
non-empty, however, also Fy must be non-empty. So the only remaining possibility
is that Fy = H', which, in turn, implies that U = V.

We have seen above that a Hamiltonian cycle in G corresponds to a perfect
matching in B(G). We now investigate what a Hamiltonian cycle in B(G) corres-
ponds to in G.

Lemma 35 Let G be an asymmetric graph. A Hamiltonian cycle in B(G) is the
bipartite realization of an Fulerian subgraph of G. Moreover, every vertex in this
subgraph has in-degree two and out-degree two (Fig. 4.3).

Proof 34 Let H be such that B(H) is a Hamiltonian cycle in B(G). Since a
Hamiltonian cycle is connected and visits every vertex, B(H) is overlapping; hence
Lemma 88 shows that H is connected. Since every vertex in B(H) has degree two,
Definition 33 implies that H has in-degree two and out-degree two at every verter.
Thus H is Eulerian.

The reverse of Lemma 35 does, in fact, not hold—a counter-example is shown in
Fig. 4.4. However, it can be seen that for every Eulerian subgraph H of G with the
additional property that every vertex has in-degree two and out-degree two, B(H)
is a cycle cover of B(G), i.e., a subgraph of B(G) where every vertex has degree
two, that is overlapping.
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1 5
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Figure 4.2: Left: An asymmetric Hamiltonian cycle H. Right: The bipartite
realization B(H)—an overlapping perfect matching.
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Figure 4.3: Left: An asymmetric Eulerian graph H with in-degree two and out-
degree two at every vertex. Right: The bipartite realization B(H)—a Hamiltonian
cycle.
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Figure 4.4: Left: An asymmetric Eulerian graph G with in-degree two and out-
degree two at every vertex. Right: The bipartite realization B(G)—an overlapping
cycle cover.

Lemma 36 Let G be an asymmetric graph and H be an Eulerian subgraph of G
with in-degree two and out-degree two at every vertex. Then B(H) is an overlap-
ping cycle cover of B(G). Conversely, any overlapping cycle cover of B(G) is the
bipartite realization of an Eulerian subgraph of G with in-degree two and out-degree
two at every vertex (Fig. 4.4).

Proof 35 By Definition 33 every vertex in B(H) has degree two, hence B(H)
is a cycle cover. Since H is connected, it follows from Lemma 33 that B(H) is
overlapping.

Conversely, let H' be an overlapping cycle cover of B(G) and let H be such that
B(H) = H'. Since every vertex in H' has degree two, it follows that every vertex
m H has in-degree two and out-degree two. Since H' is overlapping, Lemma 33
implies that H is connected.

We remark that Lemma 33 shows that it is critical that the cycle cover H' in the
proof above is overlapping for the corresponding asymmetric subgraph H to be
connected.

4.3 Application to Asymmetric TSP

Theorem 7 Let G be a complete, weighted, asymmetric graph and suppose that the
weights satisfy the triangle inequality. Denote by w(Ta) the weight of a minimal
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Figure 4.5: Left: An extended, asymmetric TSP tour H. Right: The bipartite
realization B(H)—a Hamiltonian cycle.
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TSP tour in G and by w(Tp) the weight of a minimal TSP tour in B(G). Then
it holds that w(Ta) < w(Tg) < 3w(T4a), or, equivalently, that 3w(Tp) < w(Ta) <

Proof 36 To see that w(Ta) < w(Tg), note that the minimum TSP tour in B(G)
is a Hamiltonian cycle; by Lemma 35 the corresponding subgraph in G is Eulerian
and has the same weight. An FEulerian graph can be converted to a TSP tour by
shortcuts. Since the edge weights in G obey the triangle inequality the constructed
TSP tour has weight less than or equal to the weight of the minimum TSP tour in
B(G). Hence there exists a TSP tour in G with weight at most w(Tg).

To see that 3w(Ta) > w(Tp), consider an arbitrary minimum TSP tour in G.
Denote by V the vertex set of G and let 0:V — V denote the successor of a vertex
in the TSP tour, i.e., the TSP tour contains the arcs Uyev (v,0(v)). Let H denote
the subgraph of G that contains the edges

<U (”’“(””) . <U (v,o(g(v)))>_

veV veV

In words, H contains the TSP tour plus “jumps” of length two in the tour (see
Fig. 4.5). Since the edge weights in G satisfy the triangle inequality, the weight
of (v,0(a(v))) is at most the weight of (v, (v)) plus the weight of (o(v),o(c(v)));
therefore the weight of H is at most 3w(T4). Since H is Eulerian with in-degree two
and out-degree two at every vertex, Lemma 36 shows that B(H) is an overlapping
cycle cover of B(G). We now prove that this cycle cover consists of only one cycle,
thereby establishing that a minimum TSP tour in B(G) has weight at most 3w(T4).

Since (v,0(v)) is an arc in the considered minimum TSP tour in G, it fol-
lows from the construction of H described above that the edges {s.,,t,(s(v))} and
{to(o(v))s Sa(v)} form a path of length two in B(H). Since o defines a permutation
of the vertices in G, the path

U ({50 toton } U {to(ow): Sow)})
veV

is a cycle in B(H). This cycle has length 2|V| and contains all vertices of B(G).

Intuitively, the second part of the proof above defines a walk in B(H) that corres-
ponds to a “walk” in H that alternates between following a “long” edge forwards
and a “short” edge backwards as indicated in Fig. 4.5.






Chapter 5

Finding a Perfect 2-Matching
without 6-Factors in a Bipartite
Graph is NP-complete

In a symmetric bipartite graph all cycles has even length and the shortest cycle
has length four. For an arbitrary symmetric graph there is a polynomial time
algorithm that finds the minimum cycle cover by matching. In 1999 Hartvigsen [16]
give a polynomial time algorithm which finds square-free 2-matchings in bipartite
graphs. For arbitrary graphs Papadimitriou has shown that it is NP-complete
to find a perfect 2-matching without cycles of length five or less [9]. It has been
conjectured [15] that finding a 2-matching without cycles of length six or less in a
bipartite graph is NP-hard but no proof has been published. Here we give a proof
and hence close the gap for bipartite graphs.

Theorem 8 To determine if a graph has a perfect 2-matching with no polygon of
size five or less is NP-complete [9].

Definition 35 Bg is the following decision problem: Given a symmetric bipartite
graph, is there a perfect 2-matching such that there are no cycles of length six or
less in the matching?

We will show the following:

Theorem 9 Bg is NP-complete.

Corollary 3 For any k > 6 By is NP-complete.

71
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5.1 Proof of NP-completeness

Bg

The problem Bg is obviously in NP. ONE-IN-THREE 3SAT is an NP-complete
problem [13, Problem LO4]; by reducing ONE-IN-THREE 3SAT to Bg we show
that Bg is NP-complete as well.

Definition 36 ONE-IN-THREE 3SAT is the following decision problem: Given a
set U of variables and a collection C' of clauses over U such that each clause ¢ € C
has |c| = 3, is there a truth assignment for U such that each clause in C' has exactly
one true literal?

Theorem 10 ONE-IN-THREE 3SAT is NP-complete even if no clause contains a
negated literal [13, Problem LO/J.

Given an instance of ONE-IN-THREE 3SAT with an consistent assignment to
the variables we can construct an instance of Bg in the following way:

For every variable x; € U we there is a variable gadget (Figure 5.1). There are
two possible 2-matchings in the variable gadget; one containing the edge e¢yye and
the other containing the edge efqise. If the variable is true the edge eiyye is in the
matching, and contrary if the variable is false the edge efqise is in the matching.

In every gadget the vertices are filled or not filled. Since no edge connect vertices
of the same “colour” the graphs are bipartite.

Eirue

€false
Figure 5.1: The variable gadget.

For every clause ¢ = {z;, z;,z} € C there is a clause gadget (Figure 5.2). We
associate each variable in the clause with an edge in the clause gadget. If a variable
x; is true the edge x; is not in the perfect 2-matching and otherwise it is in the
matching. Since this three edges connects one vertex it is obvious that exactly one
of them is true in any perfect 2-matching.
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C\ o

Tk

Figure 5.2: The clause gadget.

To give a variable x; a consistent value in every clauses we need an zor gadget
(Figure 5.3). The edges €},,. and e} .. replaces the edge ety in the variable
gadget and the edges z and z/ replaces the edge x; in the clause gadget. A perfect
2-matching without cycles of length six or less contains either the edges e}, and
€} e Or the edges 2’ and z”. If a variable is in several clauses the xor gadgets are

linked after one other.

/ "
etrue etrue

Figure 5.3: The xor gadget.

To make sure that every variable z; in a clause can be true. Figure 5.4, 5.5
and 5.6 show the three possible perfect 2-matchings without cycles of length six
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or shorter in the clause gadget. Remember that an edge x; is one side in the xor
gadget which consists of five edges, therefore the cycle with the edges x; and z, in
Figure 5.4 has length larger than six.

€

Tk

@ < @ S

Figure 5.4: A perfect 2-matching excluding the edge x;.

Tk

@ < @ S

Figure 5.5: A perfect 2-matching with no cycles of length six and excluding the
edge z;.

The constructed graph contains a perfect 2-matching without cycles of length
six or shorter.

Suppose there is a perfect 2-matching without cycles of length six or shorter
in the constructed graph. We will show that there is a consistent solution to the
instance of ONE-IN-THREE 3SAT and that we can extract the solution.
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R

Tk

® @ S

Figure 5.6: A perfect 2-matching with no cycles of length six and excluding the
edge xg.

For every variable gadget set the corresponding variable, x; to true if the edge
etrue 18 In the matching and otherwise to false. The xor gadget makes sure that
the edges z; in the clause gadgets are not in the matching. For every clause gadget
there is no other 2-matchings then the ones shown in Figure 5.4, 5.5 and 5.6. Hence
all clauses have exactly one true literal and we have a consistent assignment to the
instance of ONE-IN-THREE 3SAT.

It is shown that there is a solution to Bg if and only if there is a solution to the
instance of ONE-IN-THREE 3SAT.

By,

For any k > 6 the gadgets can be slightly modified to show that the problem is
NP-complete as well. If £ is even the problem By is similar to By_1 since there is
no cycles of odd length in a bipartite graph. Hence assume that k is even.

In the wvariable gadget add vertices until there are k + 2 vertices in the graph
and the cycles are allowed in the matching.

The zor gadget need not to be modified since cycles of length six is not allowed
for any k > 6 and the graph has the required property for any k& > 6.

In the clause gadget let the left-most vertical line be divided by k — 4 vertices.
In Figure 5.2 the line is divided by two vertices. Let the right-most vertical line be
divided by at least k — 10 vertices. In Figure 5.2 the edge is not divided by any
vertices. Then all cycles in Figure 5.4- 5.6 are allowed in the matching.






Chapter 6

Properties of the Cicular
Betweenness Problem

Chor and Sudan write about betweenness when the points are on a line [6]. We
consider a slightly modified problem when the points are on a circle and show that
this version of the problem is NP-hard as well.

Definition 37 The Circular Betweenness problem: A set U of n points, a set C
of m orders with three points in each order. Find an permutation of the points on
a circle such that as many orders as possible have their points in clock-wise order.

When a point a is said to be between the points b and ¢ on the circle we mean
in clock-wise direction.

6.1 The Betweenness problem is NP-complete

The problem is obviously in NP.

Reduction from 3-SAT to Circular Betweenness

In 1998 Chor and Sudan showed that if the points are ordered on a line the problem
is NP-complete. They reduce Max 3-SAT to that problem. In this section we
use some of the ideas by Chor et. al when we reduce Max 3-SAT to Circular
Betweenness.

Definition 38 The Maximum 3-SAT problem: A set U of n variables, a set C
of m clauses with three literals, where a literal is a variable or a megated variable.
Find a true assignment of the variables such that as many clauses as possible are
satisfied by the assignment.

Suppose we have an instance of Max 3-SAT with n variables and m clauses.
Define two points 7" and F' on the circle. For every variable x; construct a point

7
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J4!

qi3

Figure 6.1: A clause ¢; = (21, T2, x3) with the assignment z; and zo are true and
x3 is false represented as points on the circle.

p; and for every clause ¢; = {4, xp, z.} construct three variable points g;q, b, Gic
and six extra pOthS Ti1, 732,733, Sily Si2, Si3-

If a variables x; is true we want the point p; to be between T and F and if
x; is false we want p; to be between F and T (Figure 6.1). To give a variable a
consistent value in every clause we construct for clause ¢; two orders (7', giq, po) and
(F, Qia,Pa) (or (T, qia,pa) and (F,pa, qiq)if the variable x, is negated). For every
clause ¢; = {xq4, Ty, .} construct also the following orders: (qa, 95, 4c)s (Ga,71,4b)s
(gb,72,9c), (9cy73,4a), (11, 81,72), (r2,82,73), (r3,83,71), (T, 51, F), (T,s2,F) and
(T, s3, F'). For every variable there is one point on the circle and for every clause
there are nine points and 16 orders. In total there is 2 + n + 9m points and 16m
orders.

Lemma 37 If there is a satisfying assignment to Max 3-SAT. Then there is a
satisfying assignment to the constructed instance of Circular Betweenness.

Proof 37 If a variable x; is true put the point p; between T and F on the circle
and if the variable x; is false put the point p; between F' and T. For every clause
¢i = {xq,xp, T}, if a variable x, is not negated put q;q on the same side of T and F
as pq and if the variable x, is negated put q;q on the opposite side of T and F as pg.
Between F and T and between T and F put first all points of the type q;q and then
all points of the type p,. The points then obey the orders of the form (T, gia, Pa)-
Permute the points gia, qin and ;e such that they obey the order (qia, qib, ¢ic), this
can be done since at least two q’s are on the same side of F' and T and only occur
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true

false

Figure 6.2: The true and false side of the circle.

in one order. Since the clause c; is satisfied at least one variable x, is true and
by the construction one of the points q;q is on the true side of the circle. For the
remaining orders; put the points r;; and s;; on the true side if it is possible. Since
at least one point q;, s on the true side two points r;, and ry is on the true side.
With two r;-variables on the true side all three s;-variables can be on the true side
and all orders of the form (T, s;, F') is satisfied. Hence all orders are satisfied.

Lemma 38 Suppose there is an satisfying order of the points in the constructed
instance of Clircular Betweenness. Then there is an satisfying instance of Maz

3-SAT.

Proof 38 If a point p; is one the true side of the circle assign the variables x; to
true and false otherwise. Look at a clause ¢;. Since all orders of the type (T, p,q) is
satisfied the position of the q;;-variables are consistent with the variable x;. Suppose
no variable q; is on the true side of the circle. Then at most one r-variable is on
the true side and at most two s-variables is on the true side. Then one of the orders
(T, si, F) is not satisfied and we have a contradiction. Hence at least one of the
variables q;; is on the true side and the clause is satisfied.

Lemma 39 If there is no satisfying assignment to Max 3-SAT. Then for every not
satisfied clause at most 15 of the 16 constructed orders are satisfied.

Proof 39 All clauses can not be true by Lemma 37 and 38. Suppose the clause c;
is not satisfied. By Lemma 38 all clauses can not be true and at least one of the
orders is not satisfied. For example put one q;; on the true side of the circle. Then
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one order of the type (T,pj,qi;) is false but all the rest can be true and 15 orders
are satisfied.

Lemma 40 A satisfiable instance of Max 3-SAT with m clauses is NP-hard to
approzimate within Tm [17].

Lemma 41 For an satisfiable instance of Circular Betweenness with m orders it

- . Ly 127
is NP-hard to approximate within {5gm.

Proof 40 By Lemma 40 it is NP-hard to approximate more than %m clauses.
From every clause we construct 16 orders and can satisfy all if the clause is satis-

fiable and at most 15 if the clause is not satisfiable. Hence we can satisfy at most
Z16m+1156m _ 197

a fraction of o = 8-

6.2 Approximation algorithms

Put the points arbitrary on a circle. The ordering is said to be in clock-wise
direction. If less than half of the orders is satisfied put the points in counter-
clock-wise direction. Since every order is satisfied for one of the orderings at least
half of the orders are satisfied. Hence the algorithm is in linear time and gives a
1/2-approximation.

6.3 Find permutation

Definition 39 For a fix permutation of points on the circle and a black-box which
gives an order of three points. How many orders do we need to decide the permuta-
tion?

Theorem 11 At least O(nlogn) orders is needed.

Proof 41 There are n! possible permutations. Each order eliminate half of them
and we need at least nlogn orders.



Chapter 7

Conclusions

In Chapter 2 we construct two families, H and G, of worst case graphs for the
approximation algorithm by Frieze et al. for asymmetric TSP. With deterministic
assumptions on the algorithm, it shows a worst case performance for graphs in the
family H. The algorithm returns for a graph G,, € H by Theorem 1 a TSP tour
of weight greater than (opt(G,,) - logyn)/(2 + o(1)). The analysis of the algorithm
by Frieze et al. shows that the algorithm gives a TSP tour with weight less than or
equal to opt(G,,) -log, n, hence the analysis of the algorithm by Frieze et al. is tight
up to a factor of 1/2. The ratio « between edges in different directions is greater
than n/2 and the data dependent approximation algorithm by Frieze et al. is then
proven to give an approximation better than 3a/2 = 3n/4 or O(n).

With random assumption on the algorithm, it shows a worst case performance
for the family G of symmetric graphs. The algorithm returns by Theorem 2 a TSP
tour with expected weight

opt(Gy,) — 1

68 (loggn —5)—1

What kind of algorithm might give a better approximation of the TSP tour on
the worst case graphs? The reason that the spanning cactus in the algorithm by
Frieze et al. is heavy is that many cycle covers are produced and that the cycles
are connected simultaneously. One efficient heuristic in practice is to build one
cycle cover and then patch the cycles together [18]. It is difficult to find a smart
way of connecting the cycles and it is easy to construct graphs where the algorithm
preforms poorly. In the algorithm by Frieze et al. the cycles connects few nodes
(at most three) during the first logs m iterations. Larger cycles or some other
subgraph would be useful. However finding the minimum cycle cover with large
cycles is difficult since finding a minimum cycle cover with cycles of length at least
three is NP-hard [32].

The new algorithm by Bléser is a development of the algorithm by Frieze et al.
and uses partial cycle covers. In their recent algorithm Kaplan et al. [21] introduce

81
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some new ideas. Basically, they compute a fractional cycle cover with certain 2-
cycle constraints and then use such covers to extract cycle covers with few 2-cycles
for the underlying graph. An interesting question is to investigate if the family of
graphs defined in this paper—or any other class of graphs—give an approximation
ratio Q(logn) for these new algorithms.

The question by Karp [23] as to whether there is a polynomial time heuristic
for which the approximation ratio of asymmetric TSP is bounded by a constant is
still open.

In order to construct an algorithm for asymmetric TSP it is natural to try
to generalise the ideas used by Christofides [7]. In particular, it seems fruitful
to search for structures similar to that of a spanning tree in asymmetric graphs.
One such structure is the spanning cactus. A spanning cactus is also produced by
the algorithm by Frieze et al.. In Chapter 3 we observe however, that finding the
minimum spanning cactus and the minimum TSP tour in an asymmetric weighted
complete graph are polynomial time equivalent problems. They also have the same
hardness of approximation. Therefore it can not be easier to find a minimum
spanning cactus than a minimum TSP tour. By reducing ONE-IN-THREE 3SAT
we also show that determining if a general graph has a spanning cactus is NP-
complete. An interesting field for using spanning cacti is for TSP with multiple
salesmen, especially when the underlying graph is not Hamiltonian.

Definition 40 k-Travelling Salesman Problem (k-TSP) is the following: given a
graph G and a start vertex vy, decide if there are k subtours each containing vy,
such that every other vertex in the graph is in exactly one tour.

A k-TSP tour is obviously a spanning cactus since it consists of & disjoint cycles
which start in the same vertex. It remains to be seen if cacti can be used in an
approximation algorithm for k-TSP.

An instance of the Asymmetric TSP can be transformed into an instance of
the Symmetric TSP in a certain related bipartite graph. In Chapter 4 we show,
that, in spite of the fact that the edge weights in this bipartite graph do not obey
the triangle inequality, the weights of minimum TSP tours in the two correspond-
ing instances are within constant factors of each other. The symmetric bipartite
realization of instances of Asymmetric TSP therefore open up new possibilities
to construct both stronger approximation algorithms for the problem as well as
stronger approximation hardness results.

Theorem 12 Let G be a complete, weighted, asymmetric graph and suppose that
the weights satisfy the triangle inequality. Denote by w(Ty4) the weight of a minimal
TSP tour in G and by w(Tg) the weight of a minimal TSP tour in B(G). Then
it holds that w(Ta) < w(TB) < 3w(Ta), or, equivalently, that sw(Tg) < w(Ta) <
w(TB).

Apart from the results presented in this chapter, it is, of course, possible to
formulate, and prove, several other lemmas that relate structures in directed graphs
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to structures in the corresponding bipartite realizations. We have, however, been
unable to completely characterise the kind of Eulerian subgraphs of directed graphs
that correspond to Hamiltonian cycles in the bipartite realisation. It seems that
some kind of “locality” property is needed here—the Eulerian subgraph constructed
in the proof of Theorem 7 is very “local” in the sense that it consists of a TSP tour
augmented with edges that make very short jumps along the direction of the tour.

An algorithmic application, or, for that matter, a proof of approximation hard-
ness, probably requires some additional results that describe the structure of the
bipartite realization of a complete graph where the edge weights obey the triangle
inequality. We have not been able to find any simple relation between weights of
different edges in the bipartite realization other than the direct implication of the
triangle inequality: that w({sw,ts}) + w({sv,tw}) < wW({su,tw}).

When approximating asymmetric TSP Frieze et al. use cycle covers. In Chapter 4
we investigate connections between asymmetric and bipartite graphs and are hence
interested also in cycle covers in bipartite graphs. In a symmetric bipartite graph
all cycles have even length and the shortest cycle has length four. It has been
conjectured [15] that finding a 2-matching without cycles of length six or less in
a bipartite graph is NP-hard but as far as we know no proof has been published.
We give a proof by reducing ONE-IN-THREE 3SAT and hence close the gap for
bipartite graphs.

Chor and Sudan write about betweenness when the points are on a line [6]. In
Chapter 6 we consider a slightly modified problem when the points are on a circle
and show that this version of the problem is NP-hard as well.
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