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Abstract

In this thesis we provide a Linear Programming (LP) formulation and a heuristic
for the symmetric Traveling Salesman Problem (TSP) on certain complete graphs
having the triangle inequality.

TSP models cities and their pairwise connections as vertices and edges between
them in a graph. The distances are represented by cost values on edges, and the goal
is to find a minimum weight tour that visits every vertex exactly once. In symmetric
cases all connections are undirected — both directions have the same cost. This
problem is NP-Complete, so there is no polynomial time exact algorithm known for
it..

We present three major points in this thesis. Inspired by an LP formulation of
perfect matching, we develop a relaxation for TSP, and prove that our relaxation is
equivalent to the path form of the well-known Held-I<arp formulation. Then, based
on this relaxation we construct a heuristic, hoping it can approach a constant factor
4/3 of the optimal objective value given by the LP relaxation. At last, we adopt
the matroid idea. It’s already known that TSP can be modeled as minimum weight
intersection of three matroids, but solving that is also NP-Complete. We present
in this thesis the attempt to approach it using only two matroids, and analyze the

difficulty.
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Chapter 1

Introduction

In the field of combinatorial optimization, the Traveling Salesman Problem (TSP for
short) has been very important. Given a set of cities and their pairwise distances we
want a shortest possible tour that visits each city exactly once. This problem has
been intensively studied since it involves research from many fields like Mathematics,
Operation Research, Game Theory and even Artificial Intelligence and Biology. The
Traveling Salesman Problem is an NP-Complete problem, so no polynomial-time exact
algorithm has been found. Many famous problems can be related to the TSP problem,
such as the matching problem, the spanning tree problem and the degree restricted
subgraph problem.

The Traveling Salesman Problem can be seen as finding a shortest Hamilton
Cycle, since the Hamilton Cycle problem is to find a tour that visit every city exactly
once.

We can model the TSP problem as a graph problem. The cities are presented
ag vertices in a graph, and the connections between cities are edges in the graph, with
edge weights representing distances between cities. So, the problem is formulated as:

Given a graph G = (V, E) and a weight vector ¢ = {c. : e € E}, find a circuit C in

1
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G that covers all the vertices with minimum possible total weight. If the graph G is
directed, then we have the Asymmetric TSP, otherwise we have the symmetric TSP
(the connection from city A to B has distance equal to the connection from B to A).
In this thesis we deal with the symmetric case.

Due to the TSP’s comprehensive characteristics, many other problems are
closely related to it. We briefly introduce some of them:

Hamilton Path/Cycle Problems

In an undirected connected graph, a Hamilton path is a path that visits every
vertex exactly once. A Hamilton cycle is a cycle in an undirected connected graph
which visits every vertex exactly once and gets back to the starting point. Deciding
whether a graph has a Hamilton path or a Hamilton cycle is NP-Complete.

b-Matchings and b-Factors

In an undirected graph G' = (V, E), there is a positive degree constraint vector
b={b,:veV}eZ" Letdw) denote the set of edges incident to v. For any set
S C B, let 2(S) = Y ,cq%e. A b-matching of G is a vector 7 = {2, : e € E} € Z”
such that 2(6(v)) < b(v) for each node v € V. A b-matching z is called simple if z is
a 0,1 vector, i.e., 2, € {0,1} for every edge e € I, and we call a b-matching perfect
if for every node v € V, 2(6(v)) = b(v). A b-factor is a simple perfect b-matching.

Spanning Tree Problems

In an undirected connected graph G' = (V, E), a spanning tree is an acyclic
subset T C E that covers all the vertices. If there is a non-negative weight vector
¢ = {c. : e € E} giving weight value to each edge, a minimum spanning 7' is a
spanning tree with minimal possible total weight w = ) .pc.. Several efficient

polynomial time algorithms have been developed to solve this problem. The most

2
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well-known one was given by Kruskal [6] with a running time of O(|E|log |V]).

1.1 Linear Programming

In combinatorial optimization, many problems can be modeled as finding the mini-
mum or maximum accumulation of resources, given restrictions on the availability of
these resources. If we can model the resources as variables, specify the accumulation
as a linear function and the restrictions as linear equalities and inequalities on these
variables, then we can formulate this problem as a Linear Programming (or LP for
short) problem. Therefore the general form of a Linear Program is :

minimize ¢’z

subject to: Az > b

x>0
In this formulation, 2 is the vector of variables, ¢ and b are vectors of coefficients
and A is a given matrix of coefficients. The function c¢fz is called the objective
function, and Ax > b are called the linear constraints. The program we stated is
called a minimization linear program, and if we want the maximal possible value of
the objective function, it will be called a mazimization linear program. A feasible
solution x is a setting of variables that satisfies all the linear constraints. If some
constraints are not satisfied, that setting is called an infeasible solution. The value of
the objective function on feasible solutions is called the objective value. Geometrically,
the feasible region defined by the linear constraints is called a convez polytope.
The linear program we presented above is in standard form, which is the most

intuitive form to model a problem. An equivalent [6] form, called the slack form, is:

3
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minimize T
subject to: Az + Ixs =0
z,2s >0

I is the identity matrix, and x is a vector of slack variables.

For any given linear program, there is a dual linear program that has the same
optimal objective value, ensured by the strong duality theorem. The original program
is called primal. We will state duality theorems in detail in Section 2.2.

There is a discrete version of LLP called Integer Programming, or Integer Linear
Programming, where the variables are all required to be integers. Many combinato-
rial optimization problems are naturally modeled as integer programs. But unlike
LPs which can be solved in polynomial time, the integer programs are much more
difficult and sometimes NP-hard. So we need to relax the modeled integer programs
to continuous linear programs by allowing 2 to take values in a real range instead of
a set of discrete values. The TSP is an example of this phenomenon. More details
are provided in Section 2.2. The ratio between the integral optimal solution and the

solution of its relaxed linear program is called the integrality gap.

1.2 Previous work

The Traveling Salesman Problem has been a very popular subject of research for
decades due to its wide range of applications and potential for improvement. Efforts
have been made from many different aspects to approach the optimum solution. A

good survey of this problem is [16]. We briefly introduce some previous work in this

section.
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Branch-and-bound

The Traveling Salesman Problem is NP-Complete, and there is no polynomial
time exact algorithm known to solve this problem. All the exact algorithms are
basically enumerative. So one tries to narrow down the range of enumeration. An
idea called branch-and-bound was introduced to solve the TSP problem by Tompkins
in [25] and also in [23]. This kind of algorithm finds the exact optimum solution but
its running time depends heavily on how to branch and how to bound. Since these
are not polynomial time algorithms, several large scale problems cannot be solved
efficiently by them.

Construction Heuristics

The Nearest neighbor heuristic starts from a random vertex, and moves
to its nearest neighbor. From there it again moves to the nearest neighbor which is
not visited yet. Repeat this process until all the vertices are visited, and get back to
the starting vertex at the end. The approximation factor is defined to be the ratio
between the approximate solution and the optimal solution. The nearest neighbor
heuristic runs in polynomial time, but there is no approximation factor guaranteed
for it. For a detailed description and proofs, readers are referred to [21].

Another kind of heuristic is called the Insertion Heuristic. It starts from
an initial small tour (possibly one or two vertices), and inserts one unvisited vertex
at a time, until all the vertices are included. Different strategies are used to select
the candidate inserting vertex, such as the nearest vertex to the tour, the cheapest
increase to the tour, or even random. Different strategies result in different running
times and approximation factors. These can be found in [21].

Christofides gave a heuristic using minimum spanning trees in [4]. Essentially,

5
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it finds a minimum spanning tree on the given graph, and than collects all the odd
degree tree nodes. On this set of nodes it finds a minimum perfect matching. Every
matching edge adds one degree to each of its two end points, so all the nodes now have
even degrees. Combining the edges of the spanning tree and the perfect matching
gives a tour that visits all the nodes and gets back to the starting vertex. He proved
that the approximation factor of this heuristic is within 3/2. (We use the word
approximation factor to denote the factor between the approximate solution and the

optimum solution)
Lower Bounds

G. Reinelt introduced several classes of lower bounds for the traveling salesman
problem in [21], including simple lower hounds, lower bounds from linear program-
ming and Lagrangean relaxations. We select two of them which are closely related to

our research and give a brief introduction here.

As introduced in previous section, a 2-factor is a subset of edges that ensures
every vertex has exactly 2 incident edges. It consists of a bunch of cycles that cover
all the vertices. A TSP tour is a 2-factor that contains only one cycle. So obviously

any 2-factor gives a lower bound of the minimum total weight of the TSP tour.

Dantzig, Fulkerson and Johuson [7] gave a linear program relaxation of the
TSP, which is called the sub-tour bound. It can also be called the Held-Karp
bound [13], since these two bounds are equal. In Section 2.4 we will discuss this
bound in further details.

Intersection of Matroids

A matroid is a structure consisted of a finite universe of elements and a family

6
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of independent subsets of this universe with the hereditary property and the indepen-
dent property. A precise definition will be given in Section 3.5. The TSP problem
can be modeled as intersection of three matroids, described in [15]. First we extend
the n» nodes graph by adding a new node and n edges that connect this new node to
all the original ones. The first matroid is a graphic matroid on this new graph, the
second matroid is a partition matroid having independent sets containing at most one
edge ingoing to any given node, and the third matroid is similar to the second but
contains at most one edge outgoing from any given node. Then the minimum weight

intersection of these three matroid will be a solution of the TSP problem.

Unfortunately the intersection of three or more matroids is NP-Complete,
which means there exists no polynomial time algorithm for doing this. So, we use
another model and try to reduce the number of matroids to two. We will discuss it

later in Section 3.5.

1.3 Our contribution

In this thesis we use Junger and Pulleyblank’s [12] Linear Program formulation for the
metric complete perfect matching problems and develop our own LP formulation for
the TSP problems. Classic methods as introduced in the last section find TSP tours
that cover all nodes in the graph. But our formulation finds TSP paths that cover
all nodes with two given end points. These two forms — TSP tour and TSP path —
are equivalent, and we prove it in Section 2.1. Then we prove that our formulation
has the same integrality gap as Held-Karp [10] [13], and then run some test cases to

see the behavior of this well-known bound.

7
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Then, based on this formulation, we try to design a heuristic for constructing
approximate TSP solutions for certain symmetric complete graphs satisfying the tri-
angle inequalities. The integrality gap of the Held-Karp formulation has been proved
to be at least 4/3, so we try to make our heuristic achieve this factor as the approxi-
mation guarantee.

On the other hand, as we have already mentioned, the Traveling Salesman
Problem can be modeled as the intersection of three matroids. But no polynomial
time algorithm is known for solving the intersection of three matroids. So in this
thesis we try to model the TSP problem as intersection of two matroids, a 2-factor
matroid and a spanning tree matroid. we do not succeed in doing that, but we discuss

the difficulties arising from this attempt.

1.4 Thesis outline

Chapter 2 introduces the Primal-Dual method for linear programming problems.
Then in Section 2.3, as an example of the primal-dual method and also a preparation
for later sections, we introduce Edmonds’ blossom algorithm for minimum weight
perfect matching. In Section 2.4 we present the sub-tour or Held-Karp formulation
for the TSP. In Section 2.5 we give our own formulation for the TSP and prove that
it is equivalent to the Held-Karp one. In the last section we provide some test cases
generated using our own formulation.

The first three sections of Chapter 3 present our heuristic for the TSP. In the
first section we use the idea of the TSP tour consisting of two alternative matchings

and Edmonds’ blossom algorithm to build a TSP path. But during this process the

8
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path may grow into a tree or close a cycle which does not cover all nodes, making
the solution infeasible. In the following two sections we deal with these problems. In

Section 3.4 we show some test cases on this heuristic. Then in Section 3.5 we use

matroid ideas to analyze the TSP.
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Chapter 2

The Primal-Dual Method

The Primal-Dual Method is a very powerful tool for designing approximation algo-
rithms for combinatorial optimization problems, and especially NP-Hard problems.
In this chapter we first prove a theorem stating that Traveling Salesman Prob-
lem (TSP) paths and TSP tours are equivalent, so an a-approximate algorithm fo-
cusing on finding TSP paths also guarantees the same approximation factor for TSP
tours. Then we introduce some basic concepts of the Duality Theory of Linear Pro-
gramming based on the Complementary Slackness Conditions and how to get ap-
proximation factors from them. We describe Edmond’s blossom algorithm for the
matching problem as an example of the method. Then we introduce the Sub-Tour
Constraints formulation for the TSP. In the last section we present our own linear

program relaxation for the T'SP.

2.1 Equivalence between TSP paths and TSP tours

In this thesis there are two kinds of TSP solutions involved: TSP tours that in a

given graph visit all nodes exactly once and get back to the starting point; and TSP

11



Master Thesis Xiaoxi Ma - Computing and Software, McMaster University

paths that visit every node exactly once, starting with and ending in two different
given nodes.

Suppose that we have an algorithm that finds a TSP path within an approxi-
mation factor a. We run this algorithm on every pair of nodes s and ¢, so we can get
the a guaranteed paths Py for all those pairs. Then we add edge (s,t) with cost c(s,
to each path P, respectively, and get TSP tours. We select among all these tours the

one with the minimal cost.

Theorem 2.1.1. If the approzimate TSP paths are bounded by an approximation
factor «, then the minimal cost TSP tour selected by the above selection criteria is

bounded by the same approzimation factor c.

Proof. We know that for any node u, there must exist a node v such that edge (u,v)
is on the optimum TSP tour O PTr. Since we run the algorithm on every pair of end
points, there must be a pair of nodes s and ¢ such that edge (s,t) € OPTy. The cost
of an approximate tour AP Pr is the summation of the edge cost c(sz and the cost
of an approximate path AP Pp, which is bounded by a factor o > 1 times the cost of

the optimal path OPTp, so
cost(AP Pr) = ¢y + cost(APPp) (2.1.1)

cost(APPp) < acost(OPTp) (2.1.2)

(2.1.1),(2.1.2) = cost(APPr) < cuyy + acost(OPTp)

< a(c(s,t) + cost(OPTp))

I

aOPTT
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The selected TSP tour has the minimal cost, i.e., cost(T) = min{cost(APPr)},
s0 cost(T) < aOPTr. Thus we know that if the TSP paths are bounded by an

approximation factor «, then the selected TSP tour is within the same approximation

factor. O

2.2 The Primal-Dual Method

To explain the Primal-Dual method in detail, we need some concepts from Linear
Programming.

Suppose that n and m are two positive integers, A is a given coefficients
matrix and ¢, b are coefficients vectors having dimensions of n and m respectively.
The primal variable vector has dimension of |z| = || = n, and the dual variable
vector has dimension of |u| = |0] = m. For any given linear programming problem,

there exists a dual problem corresponding to it:

Primal problem(LP): Dual problem(DLP):
minimize Ccx maximize ub
subject to: subject to: (2.2.1)
Az >0 uA<c
z2>0 % >0

Theorem 2.2.1. (Weak Duality) Let & be any feasible solution for the primal problem,

and T be any feasible solution for the corresponding dual problem. Then we have

cx > ub

13
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Proof. From the dual problem we know that uA < ¢, so we got wAZ < ¢Z, and
on the other hand, from the primal problem we got AZ > b and uAz > @b. So

cx > wAz > b, which means ¢z > ub. O

Theorem 2.2.2. (Strong Duality) If the primal problem (or the dual problem) has
unbounded solutions, then the corresponding dual (or the primal respectively) has no
feasible solution. If either of them has a finite optimal solution, then so does the

other, and their optimal objective values are equal.

For the detailed proof of the Strong Duality Theorem, readers are referred to

Linear Programming textbooks like [28].

Theorem 2.2.3. (Complementary Slackness Conditions) Let & be a feasible solution
for the primal problem and u be a feasible solution for the corresponding dual problem.
Then both T and @ are optimal if and only if:

1. (Primal Complementary Slackness Conditions)

m
xzj > 0= Zmaij = Cj, forany j€ [1,??/]
i=1

2. (Dual Complementary Slackness Conditions)

u > 0= Zaij@j = b;, for any i€ [l,m]
j=1

The Complementary Slackness Conditions (or CS Conditions for short) can
be written in other forms as well, e.g., see [28, 19, 14] or any Linear Programming

textbook.

14
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The classic Primal-Dual method {11] is a technique to solve linear programming
problems based on the CS conditions. Consider the linear programs (2.1.1). The main
idea of this method is to start from an initial feasible dual solution u (typically an
all-zero solution, if feasible) and check to see if there exists a feasible primal solution
satisfying the CS Conditions with respect to w. While there is no such primal solution,
we need to construct a new pair of linear programs. The objective function of the

new primal program characterizes the ”violation” of the original primal constraints

and the CS conditions,
Minimize Z 8; + Z Z;
il j¢J

subject to: Z%‘%‘ > b, Viel

Zaijxj — 8§ = b.L', Vi §é I
2;>0, VjieE

m

where I = {i|u; = 0} and J = {j] Zuzazj = ¢;}. If the optimum objective value
of this program is 0, then 2 is a feas1ble primal solution satisfying the CS conditions
with respect to v and we are done. Otherwise, the new dual program will also have an
m
optimum objective value greater than 0, i.e., Zugbq; > 0. This solution u' provides a
way to improve the original dual solution w. i:V\;e can find an € > 0 such that u + eu’
is feasible to the original dual program with increased optimum objective value. This
improvement of dual solution brings the corresponding primal solution ”closer” to

feasibility. We always keep the dual solution feasible and repeat this ”check and

improve” procedure until the primal solution is also feasible. At this point we've

15
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found a pair of feasible solutions for both the primal and dual programs, and by
Theorem 2.1.3 these are optimal solutions to both the primal and the dual problems.

In combinatorial optimization, many problems can be naturally formulated as
linear programs. So the Primal-Dual method has played an important role in the
design of many algorithins, as we will see in the following sections. In these problems,
what we want are usually integral solutions. But most of the times the optimal
solution of the formulated linear programs are fractional. So we can’t use the classic
Primal-Dual method directly. We need to modify it by relaxing the CS conditions,
and then we can get approximate integral solutions. |

In the classic Primal-Dual method, when we construct the new pair of LPs
we take into consideration both the primal and the dual CS conditions, so when
terminate with both primal and dual feasible solutions, Theorem 2.1.3 ensures that
they are both optimal. In the design of approximation algorithms, we relax one of the
CS conditions, say the dual. So when we improve the dual solution in each iteration,
we not only keep the dual solution feasible, but also keep the primal solution integral.
During each iteration we try to bring the primal solution closer to feasibility, i.e.,
the primal CS condition closer to satisfaction. Due to the integrality gap, we can
not model this process as the classic Primal-Dual method. As an example of the
primal-dual scheme, see, e.g., its application to hitting set problems surveyed in [11].

The relation between primal and dual solutions is the Complementary Slack-
ness Conditions, as described in Theorem (2.2.3). During the whole procedure, a very
important thing to keep in mind is the approximation factor. If both the CS Con-
ditions are satisfied, then after termination we’ve found the exact optimum solution.

If we force only one condition, say the dual CS Condition, and relax the primal one

16
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by an approximation factor ¢, then what we get will be an approximation algorithm
bounded by a. Consider the pair of primal and dual programs (2.1.1). The primal

and dual CS conditions are:

m
z; >0 = Zuiai,j =¢j, for any j€[l,n], and >0

i=1

n

u; > 0= Zaijmj = b;, forany i€ [l,m], andu>0
Jj=1

We maintain all the dual conditions and 2 > 0, u > 0, and relax the primal

ones as follows for some 0 < § < 1:

m

z; > 0= fc; < Zuiaij <¢j, for any 7€ [l,n]
i=1

Proposition 2.2.4. For any feasible primal solution  and dual solution u, if both the

relazed primal CS condition and the dual CS condition are satisfied, then chwj <
j=1

m
Proof. From the relaxed primal CS condition we know that ¢; < — Zuiaij, S0:
i=1

VAN

k13 n 1 m
D¢t Z(g D i)
j=1 =1 " i=1

1 m n
= EZZ’LL?CLIJiEJ

i=1 j=1

1 m
= 7 Z u;b; ( using the dual CS condition)
i=1

17
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Let o = —é— so a > 1. Suppose that we have a primal feasible solution &

and a dual optimal solution 7 such that the relaxed CS conditions hold. Then from
Proposition 2.2.4 we know that ¢z < agb, so the approximation factor for our solution
is no greater than o, because the objective value cz for our integral primal solution

z is bounded by [yb, agb] — 7b being the optimal objective value.

2.3 Edmonds’ Blossom Algorithm for Matching

In this section we focus on the Matching problem, see how the Primal-Dual method
helps in designing a combinatorial optimization algorithm for it, and how the Match-
ing algorithm may help to build our own TSP heuristic.

Given a graph G = (V, F), a matching M is a set of edges such that no node is
incident to more than one edge in the set M. A node v is covered by M if some edge
eww in M is incident to v, otherwise v is M -exposed. A mazimum matching is one that
has the fewest M-exposed nodes, or equivalently, one with the maximum cardinality.
A perfect matching is one that covers all the nodes. Given a graph G = (V, E) and
a matching M of it, a path P is an M — augmenting path if the edges on P are

alternatively in M and not, and both the end points of P are M-exposed.

Theorem 2.3.1. (Augmenting Path Theorem) Given a graph G = (V, E), a matching

M is mazimum if and only if there do not exist any M — augmenting paths.

For the proof of this theorem, readers are referred to [1] .
We can assign a weight value ¢, to each edge e, and then finding a perfect

matching with the lowest total weight value is called the Minimum-Weight Perfect

18
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Matching problem. Edmonds gave to this problem an integer programming formula-

tion in [5]:

Minimize E CeZe
eck

subject to: z(6(v)) =1, YoeV
z. € {0,1}, Ve € E.

In this formulation §(v) is the set of edges incident to node v, and

2(60) = 3w

1€6{v)

We relax the integral constrains, replacing them by nonnegative constraints
z.>0, VeecF

and get a linear program. From this linear program we can expect a lower bound
for the optimum solution. For bipartite graphs, Birkhoff in [2] and Edmonds in [§]
proved that the relaxed linear program is a sufficient characterization of the perfect
matching polytope whose extreme points correspond to the matchings in graph G.
(See also [22]).

For the general case, Edmonds [8] gave a new formulation which outputs the
optimum solution. He added to the relaxed linear program a new kind of constrains,
which are called the blossom inequalities.

Given a graph G = (V,E), a cut D = 6(95) is called an odd cut if the set S
of nodes has an odd cardinality and 6(S) is the set of edges who have one end point
in S and the other outside S. If a matching M is a perfect matching of &, then M

must contain at least one edge from D. Hence, we get the blossom inequalities:
z(D) > 1, VD eC
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where C denotes the set of all possible odd cuts in G which are not of the form
d(v) for any single node v.

Including the blossom inequalities to the linear program, we get

Minimize E Colle
eEE

subject to: xz(0(v)) =1, YweV
x(D) > 1, VD ecC
Ze > 0, Veec FE.
Theorem 2.3.2. (Edmonds’ Matching Theorem) Given a graph G = (V, E) and a
real vector ¢ € R®, G has a perfect matching if and only if the blossom relazed linear
program has a feasible solution, and the optimal objective value equals to the minimum

total weight of a perfect matching.

To prove this theorem, we will construct a perfect matching M using the

optimal solution of the linear program. First we need the dual problem,

Mazimize Z Yo + Z Yo

veV DecC

subject to: Yy, + Yw + ZYD < Ce, Ye=vweFE
eeD

Yp >0, VD eC.
The Complementary Slackness Conditions for this pair of programs are

Ze >0 =1y +Yu+ ZYD =c¢, Veekh (Primal)
e€D
Yp>0=2z(D)=1, VDeC (Dual)

In the remainder of this thesis we use the word moats to denote dual variables.
If a moat is of the form v,, or Yp and v € S, D = §(S), we say that this moat is

around node v and v is in this moat. Especially, we call Yp a blossom moat, and it’s
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around the node set S and any node v € S. A moat cuts an edge if one end point of
it is inside this moat and the other is outside. We say that an edge is paid by some
moat by an amount equal to this moat’s dual variable if this moat cuts the edge. An
edge is fully paid if the total value of all moats cutting this edge adds up to the edge
weight value exactly. We also call an edge tight if it is fully paid.

The primal CS condition means that for an edge to be in the matching M,
it has to be fully paid by all the dual moats cutting it. And the dual CS condition
means that for any odd cut D = §(S) of G, if there exists a non-zero blossom moat
Yp around S then exactly one edge of M must be in this cut. We ensure the primal
CS Condition by picking matching edges only from fully paid ones. In the following
algorithm we describe how the blossom moats are grown, and that ensures the dual
condition.

During the process of this blossom algorithm we keep a structure 7" which we
call an augmenting tree. B and A denote two disjoint sets of nodes, and T' = (B, A)
is the union of B and A. Initially "= 0, and an invariant property of the augmenting
tree is: along any branch of this tree, matching edges and unmatched edges appear
alternatively. The node set B contains tree nodes who have even distance from the
root (meaning the number of edges from the root to it is even), and node set A
contains odd distance tree nodes. Recall that a node is called M-exposed if it is not
incident to any edges in the matching M.

Now we can state the blossom algorithm for finding a minimum weight perfect

matching:
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Loop: Case 1:

Case 2:

Case 3:

Case 4:

Initial: Set y, = 0forany v € V, Yp =0forany D € C. M = (). Select
an M-exposed node r as the current root for the augmenting tree, and

T = (B»A) = ({T}>®)

If there exists some tight edge ey, with one end point v € B(T)
and the other an M-exposed node v ¢ T', then use this edge e,
to augment the matching M: M = M U P — (M N P), where P
is the path from root r to u together with edge e,,.

If after augmenting there is no more M-exposed nodes, then ter-
minate and we have found the perfect matching.

Otherwise, move to a new M-exposed node 7' and replace T by
T = ({r'},0). Back to Loop.

If there exists some tight edge ey, with one end point v € B(T)
and the other an M-covered node v ¢ T', then use this edge ey,
to extend T by making E(T) = E(T)U{éw, €yw} where w is the
other end of the matching edge covering v. Back to Loop.

If there exists some tight edge e, with both end points u,v €
B(T), which means the tight edges have closed an odd cycle C,
then we can shrink this tight edge odd cycle to a supernode ¢,
and update M and T: M = M — {eqy : €qy is matched and e,y €
C}H T=T-—(C—{ew}). Back to Loop.

If there is a supernode w € A(T) with Y, = 0, which means we
cannot shrink it any more, then expand it and update M and
T: assume that C is the cycle shrunk to w, M = M U {eg, :
eey 18 matched and e,y € C}, let ey, and ey, denote the two
edges incident to the supernode w in the augmenting tree T,
and let u, v denote the end points of €, €.y On cycle C. P is
the even-length path on C from v tov. T = T U P. Back to

Loop.
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Case 5:  If every ey, € F incident to v € B(T) has its other end in A(T)
and A(T) contains no supernode, then terminate with graph
G = (V, E) having no perfect matching.

Case 6:  Otherwise we need to change the y values. ¢, denotes the re-
maining unpaid weight of edge e. Let ¢ = min{eq, €, €3}, where
€1 =min{c.: e=wv,v € B(T) and u ¢ T},
e = smin{c, : e = wv,u € B(T),v € B(T)},
€3 = min{Yy : w is a supernode and w € A(T)}
Grow all the moats around B nodes by amount of € and shrink

all the moats around A nodes by the same amount. Back to

Loop.

Edmonds’ blossom algorithm is closely related to our problem. We are looking
for a path in the TSP problem, and it can be deconstructed into two alternative
matchings. On the other hand, if we can find two disjoint maximal matchings, we
can combine them together and end up with a path. During the process of the blossom
algorithm we always keep an augmenting tree consisting of alternating matched and
un-matched edges along any path from a tree node to the root. Since it is a tree
rather than a path, some internal nodes may have degree more than 2. At these
nodes two or more un-matched edges are incident, which makes it impossible for the
current unmatched edges to form a new matching. If we can restrict the augmenting
tree to a path, or find out two maximal matchings who share no edges at all, then we
get a TSP path.

The minimum weight perfect matching problems is a special case of the general
matching problem, usually called the b-matching problem [23].

Given a graph G = (V, E) and a positive degree constraint vector b € NV, let,
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5(v) denote the set of edges incident to v. A b-matching of G is a vector x € NF
such that z(6(v)) < b(v) for each node v € V. A h-matching 2 is called simple if x is
a 0,1 vector, i.e., z. € {0,1} for every edge e € E. A b-factor is a simple perfect b-
matching, i.e., 2(6(v)) = b(v) for each node v € V. A generalized blossom algorithm
for general b-matching was described in detail by William R. Pulleyblank in [20],

and also by R. J. Urquhart in [27].

Figure 2.1: 2-factor
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In the 1-factor problem, every node is incident to exactly one edge, and this is
the perfect matching problem. The 2-factor problem, in which every node is incident
to exactly two edges, is a relaxation of the TSP problem. As we can see, for the
solid edges in Figure 2.1, every node has two incident edges that make it a 2-factor
solution. But for it to be a TSP feasible solution, there must be a single connected
component. For example, if in Figure 2.1 we eliminate the dash-solid edges from the

2-factor solution, and add to it the dash ones, a TSP tour will be formed.

2.4 The Sub-tour Constraints (Held-Karp Formu-

lation) of TSP

In this section we introduce a linear programming formulation called Sub-tour con-
straints given by Dantzig, Fulkerson and Johnson [7]. It is also known as Held-Karp
formulation by Held and Karp [10] [13] since the two provide the same lower bound
for the TSP problem. (A proof of the equivalence of these two formulations can be
found in [5]). The ratio between the objective value of the integral optimal TSP
solution and the optimal objective value of the linear program is called the integrality

gap. First we state the Held-Karp LP relaxation:

Minimum Z CeZe
ecF
subject to: z(6(v)) =2, YoeV (HK)

2(6(S)) > 2, VSCV,S8+£0
x> 0, Ve € E.
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Figure 2.2: Held-Karp 3/4-factor case

Goemans and Bertsimas establish a property in [9] called the parsimonious
property. In the Held-Karp relaxation, we say that a feasible solution x is parsi-
monious at node v if £(d(v)) = 2. The constraints 2(6(v)) = 2,Yv € V are called
the parsimonious constraints. The parsimonious property states that if the cost vec-
tor ¢ satisfies the triangle inequality, then introducing the parsimonious constraints
doesn’t affect the solution of the LP relaxation. Note that if we restrict the nonnega-
tive constraints x, > 0,Ve € E and let the vector Z take only 0 or 1 as its value, i.e.,
2. € {0,1},Ve € E, then in any optimal solution every node has exactly two incident
edges. We can see them as one incoming edge and one outgoing edge. Plus we know

this solution has only one connected component, then every node is visited exactly
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once. So from the definition we know that any optimal solution for this integer pro-
gram is a tour. And since this tour is of the minimal total weight, we know it is a
TSP tour. Readers are referred to [18] for further details of this integer program.
When it’s relaxed to the linear program above, the optimum objective value is a lower
bound for the TSP tour. Consider the graph in Figure 2.2. Solid lines indicate edges
with ¢, = 1 and 2. = 1, and dashed lines indicate edges with ¢, = 2 and z, = 1/2.
The graph is complete, and for all edges that are not shown we have 2, = 0. The cost

for edges (u,v) € E is ¢y = Z Ce, where P, is the shortest path between node
e€Phuv
and v. The optimum objectivepvalue given by the (HK) relaxation is Z CeZe = 23,
and a TSP tour, which is an integral optimal solution, has an objecti\fee ?falue of 27.
Figure 2.2 can be generalized to a family of graphs which have 3n + 2,n € Z* nodes
in total: 7+ 1 nodes instead of 7 nodes on path p193456,;7 and path pi4,15,16,17,18,19,20,
and n nodes instead of 6 nodes on path pgg 10,11,19,13- IEdge weights follow the same
rule as the example in Figure 2.2. For a graph of this family having 3n4-2 nodes, the
optimum objective value given by the (HK) relaxation is 2n + (n — 1) + 6 = 3n + 5,

and the objective value of a TSP tour solution is 2n+2(n—1)+2%3 = 4n+4. When

n goes to infinitely large, the limit value of the integrality gap is

o= lim In+4 B 4
ot 3n 45 3

The integrality gap « is the ratio between the integral optimal solution and
the fractional optimal solution of the relaxed linear program. For an LP relaxation
and the rounding algorithm designed based on it, the approximation factor f is the

ratio between the solution given by the algorithm and the LP objective values. The
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relationship among the integral optimal solution, the fractional optimal solution and
solution given by the rounding algorithm is illustrated in Figure 2.3. It is true that
[ > « all the time, since the solution given by the algorithm is also feasible solution
to the integer program and always greater than or equal to the optimum. So the

integrality gap proves a lower bound for the approximation factor.
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Figure 2.3: The integrality gap and approximation factor
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The dual of (HK) is:

Maximize 2 Z W
ScvV
subject to: Y ws<c, Ve€E (DHK)

ecsd(S)

w, > 0, VS CV,S #£0.

Usually we want both the primal and the dual Complementary Slackness Con-
ditions to be satisfied so we can get the exact optimum solution. But for some prob-
lems like this, it could be impossible to satisfy both of them at the same time, since
the optimal solutions of the linear programs are fractional but what we want are
integral solutions. If we can relax one of these two conditions, then we will get an
integral solution within a guaranteed approximation factor.

We develop a path form of the Held-Karp formulation. On a graph G = (V, F)
with cost vector ¢ and two given end points s and ¢, the path form of Held-Karp

formulation (pHK) is:

Minimum E Cee

=
1, Yo e {s,t} (pHK)
2, Yo eV —{st}
1, if |[SN{s,tH=1,VSCV,S#£0
> 2, if |[SN{s,t}|#1LYVSCV,S#0
e > 0, Ve € E.

subject to: z(é(v

If we restrict this linear program to a (0,1)-integer program, i.e., z. € {0,1},Ve €
I, then any optimum solution is a T'SP path between nodes s and t, since every node
other than s and ¢ has exactly two incident edges, both ¢ and t have only one in-
cident edge, and the solution has only one connected component. So, as a relaxed

(0,1)-integer program, the linear program (pHK) is a relaxation of the TSP path.
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2.5 Our Linear Program Relaxation for TSP path

We develop our own linear program formulation for the TSP path from node s to

node t:

Minimize E Colle

e€l
: ifs¢ S,VSCV,S
st 2(5(S)) +y(S) > fsg #0 (ST)
0, ifseS,VSCV,S+£0
, 2, ifte¢g S,VSCV,S#0
z(6(5)) —y(S) 2 . , ,

0, ifte S,VSCV,S#(

y(V) =0

2e > 0, Vee I
y(v) free, WYvev

y(v) is a value assigned to node v, and y(S) = Z y(v).
veES
The corresponding dual program has a dual variable we for each C C V:

Maximize Z 2we + Z 2up

s¢C teD
s.t. : Z We + Z Up < Ce, Vee B
e€s(C),CCV ees(D),DCV
Z We — Z Up = @, YoeV
vEC,CCV veD,DCV

we > 0, VO CV
up > 0, VDCV

a free
In the remainder of this section we will give a proof that our formulation is

equivalent to the path form of the Held-Karp formulation, so it is also a relaxation
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of the TSP path. And in the next chapter we will develop a heuristic for the TSP

problems using this linear program.

Theorem 2.5.1. Our linear program formulation (ST) is a relazation of the TSP

path.

The proof of this theorem comes out immediately from the next theorem, since

(pHK) is a relaxation of the TSP path.

Theorem 2.5.2. OQur linear program formulation (ST) of the TSP path is equivalent
to the path form of the Held-Karp formulation (pHK).

Proof. We break this theorem down into the following two propositions.

Proposition 2.5.3. A feasible solution for our formulation is also feasible for the

path form of Held-Karp formulation.

Proof. Given a feasible solution for our formulation, we can eliminate all the y values
by adding two constraints together, and prove that it’s feasible for the path form of
Held-Karp formulation.

1. YveV\{st}:

2(6(v)) +y(v) > 2

2(6(v)) —y(v) =2 2
imply that z(6(v)) > 2

2. Ifv=s(orv=t,similarly) :

2(0(s)) +y(s) 2 0
2(8(s)) —u(s) = 2
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imply that 2(0(s)) > 1
3. VSCV,S#£0,st¢S:

z(6(5)) +y(S) = 2
2(8(5)) —y(S) > 2
imply that 2(6(5)) > 2
4, VS CV,{st}CS:
Let S =V — 5. We know that 2(6(S)) = x(d(S)). From case 3 we know that for
s,t¢ S, 2(5(5)) > 2,50 2(6(S)) > 2.
5 VSCV,S#40,lSN{st}=1: z(0(5)) > 1
Combining the above five cases we’ve proved that any feasible solution for our relax-

ation is also feasible for the path form of Held-IKarp formulation. W]

Proposition 2.5.4. A feasible solution for the path form of Held-Karp formulation

is also feasible for ours.

Proof. Given a feasible solution for the (pHK) formulation, we set y values to each

node as follows:
y(s) =—1, y(t) =1, and y(v) = 0 for all other nodes v

If s ¢ Sbutt e S, weknow that 2(6(S)) > 1 and y(S) = 1, so z(6(S))+y(S) >
2. Ifs¢ Sandt ¢S, weknow that 2(6(S)) > 2 and y(S) =0, so 2(6(S)) +y(S) > 2.
Thus 2(6(S)) +y(S) > 2, VS CV, S £0, s ¢ S.

Ift € Sand s €S, we know that £(6(S)) > 2 and y(S) = 0, so z(6(5)) —
y(S) > 2; If t € S but s ¢ S, we know that 2(6(S)) > 1 and y(S) = 1, so z(6(5)) —
y(S) > 0. Thus z(5(S)) —y(S) >0, VS CV,S#0,t€S.

32



[PV S S

Master Thesis Xiaoxi Ma - Computing and Software, McMaster University

It’s easy to check that all the other constraints in our formulation hold, using
the same technique we used for proving the above two constraints. Thus any feasible

solution for the (pHK) is also feasible for our formulation (ST). O

Propositions 2.5.3 and 2.5.4 prove Theorem 2.5.2.

2.6 Test Cases for Our LP Relaxation

In this section, we show some simple examples of running our TSP relaxation on
some selected graphs and feed those programs to a linear program solver called QSopt
(http:/ /www2.isye.gatech.edu/” weook /gsopt /index.html). We stated in last section
that our LP formulation targets to finding TSP paths instead of TSP tours, so we
need to assign a starting node s and a terminal node ¢. After solving (ST) we need to
add the edge weights c(s;) to the objective value. All these graphs obey the triangle
inequality, and they are all complete graphs.

Figure 2.4 shows our result on a l4-node graph. All the solid lines indicate
edges with ¢, = 1 and dashed lines indicate ones with ¢, = 2. Unlike the sub-tour
formulation, all the edges in our solution have z. = 1, which means that it finds an
integral solution of the optimum weight on this graph. But it is an integral TSP path.
The edge (s,t) is not fully paid by the current set of dual variables.

All the nodes are indexed with integers from 1 and indicated as circled num-
bers. We present moats of dual variables we and up as polygons, with real numbers
on border indicating the value of the dual variables. All the edges not displayed have

weight values equal to the shortest paths between their two end points.
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Figure 2.5 to 2.8 show four more examples, all with the same naming and
presenting rules. In addition, underlined numbers indicate the weights of edges beside
them. All the four TSP paths are integral solutions of the optimuim objective value.
And all the edges (s,t) in these four examples can be fully paid by the current sets

of dual variables.
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Figure 2.4: Test case 1
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Figure 2.5: Test case 2
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Figure 2.6: Test case 3
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Figure 2.7: Test Case 4
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Figure 2.8: Test case 5
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Chapter 3

TSP Heuristics

In Chapter 2 we present our linear program formulation for TSP. And in this chapter
we develop a heuristic based on our relaxation, trying to restrict the approximation

factor to 4/3. First, we recall the LP from last chapter and its dual:

Minimize E Cele

eckl
2, if S, VS CV,S
st 2(8(8)) +y(S) > ifs g 70 (LP)
0, itseS,VSCV,S 40
, 9, ift¢ S, VSCV,S#D
2(5(5)) - 4(S) > e
0, ifteS,VSCV,S#D
y(V)=0

e > 0, Vec I
y(v) free, YweV
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Mazimaize Z 2we + Z 2up

s¢C t¢D
s.t. : Z Wer + Z Up < Ce, Veec F (DLP)
e€8(C),CCV e€s(D),DCV
Z Wo — Z up = «Q, YveV
veC,CCV veD,DCV

In the description of the heuristic we adopt the terminology defined in Chapter
2, i.e., moats, tight edges, etc. In Section 3.1 we show how the matching idea and
algorithms could help with building a TSP path. During this construction unwanted
situations may occur. For example, some nodes may have degree greater than two, or
tight edges may close a cycle which doesn’t cover all nodes. These make the solution
infeasible, so we deal with them in Sections 3.2 and 3.3. Then in Section 3.5 we

analyze this problem from a different aspect, using matroids.

3.1 Finding augmenting paths

Before we actually move on to the specific algorithm and heuristic, it may be helpful
to review the precise description of the Traveling Salesman problems first: Given a
graph G' = (V, E) and a weight vector ¢, the goal is to find a tour that visits every
node exactly once and has the minimal possible total weight. When we try to solve a
problem, a very natural idea is to relate it to some similar well-studied ones, and see
if we can borrow some ideas and methods from them. So in the first section of this

chapter we show how we use matching algorithms to help with our own problem.
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To make things simpler and more intuitive, we need some restrictions and
preparations for the graphs we work on. In this thesis we always work on symmetric
graphs satisfying the triangle inequality. And instead of G' = (V, E) and its weight
vector ¢, we work on its metric completion G' = (V, E') - we keep all the nodes
unchanged, and there is an edge e, between every pair of nodes v and « in G'. For
the new weight vector é , if ey € B, then ¢, = cyy, otherwise ¢, = pyu where pyy is
the length of the shortest path between v and u in G.

Instead of building a tour directly, we try to build a path that covers all the
nodes. And in the end add the edge between the two end points to the path, to make
the solution a tour. We can do this because we have proved in Section 2.1 that TSP
paths and TSP tours are equivalent.

In Edmonds’ blossom algorithm, the essential structure, which is kept all the
time, is an augmenting tree that has alternative matched and unmatched edges along
every branch. If we can restrict this augmenting tree to an augmenting path, then it
will be what we need when a perfect matching is found - a path that covers all the
nodes.

In the other direction, if we find two completely different perfect matchings
who share no common edge at all, then combining these two matchings together gives
a collection of cycles that cover all the nodes: Consider two different matchings M
and M’, and any node v. Assume v is matched with node u in M, then in M’ it must
be matched with another node w, u # w. Thus any node v has two different incident
edges (v,u) and (v, w), one as an incoming edge and the other as an outgoing edge. If
we can further restrict the combined solution to have only one connected component,

it will be a tour that visits all the nodes and return to the starting point.
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This lead us to the idea of two alternating matchings. In our LP formulation
there are two given nodes, s meaning the starting point of the path and ¢ meaning
the ending point. We want to build two maximal matchings, one called s-matching
that covers node s but doesn’t cover node ¢, and the other called t-matching that
covers ¢ but not s. For graphs having even number of nodes we need to add a dummy
node t' and an edge ey with cost ¢ = 0, since otherwise any maximal matching
in such graphs cover both s and ¢ at the same time. If we alternatively grow these
two matchings - s-matching and t-matching - using Edmonds’ blossom idea, and when
growing one matching, treat the matched edges of the other one as augmenting edges,
then hopefully we will get the path we want. We say that a node gets discovered when

it’s incident to some tight edge for the first time.

We use Figure 3.1 as an example to describe the essential process of building
such a path. Given any graph satisfying the triangle inequality, get its metric com-
pletion, namely G = (V, E), and weight vector ¢ on it. Here we have V = {s,v,u},
E = {Csy Csur Cuv }» Csy =D, Coy = 3 and cg, = 8, as illustrated in Figure 3.1(a). The
heuristic chooses arbitrarily a node as its initial root, and in this example we choose
s. We adopt the word moat from last chapter, representing the dual variables wq or
up in (DLP). In order to keep the constraints Z We — Z up=aq,Vo eV

veC,CCV veD,DCV
true all the time, when we say that we grow a moat W, around some node v, we grow
half of it as we and the other half as up, i.e., W, = wgy +ugy and wgy = ugy. Later
in this section we will grow moats containing a set of nodes S, and when we grow

We we make sure that Wg = wg + ug, ws = ug. In our heuristic we want the moats

to cut the path once or twice: once if they contain exactly one of the two nodes s
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Figure 3.1: grow path

and ¢, twice if they contain none. It is because of the objective function of our DLP:

Mazimize Z QwC—{—Z 2up. As stated, we don’t distinguish we and ue, so in this
s¢C t¢D
case the objective function of DLP is equivalent to Maximize ZWC -+ ZWC,
s¢C tgC
which means moats will be counted once if they contain only one of s and ¢, and
twice if they contain none. We start by growing a moat W, around the root s. We
continue growing this moat until some edge becomes tight. In this example it is es,.

We match this tight edge as an s-matching, and make node v the new root. Now we

are about to grow the t-matching from the current root v.

As with Edmonds’ blossom algorithm, first the tight edges (which are also the
already-matched ones in our heuristic) are to be augmented to form a path, as the
double-lined edge ey, in Figure 2.1(b). Then grow the moats around the root and
all nodes that are at an even hop distance from the root. Recall that in Edmonds’
algorithm we use the word distance to indicate the number of edges along the path

from a node on the augmenting tree to the root, so if there are even(or odd) number
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of edges on this path we say this node has even(or odd, respectively) distance from
the root. And we keep two sets of nodes: node set B that contains tree nodes which
have even distance from the root, and set A contains odd distance tree nodes. So here
what we grow are the B-nodes in Edmonds’ blossom algorithm. Similarly, in order
not to make any edge over-tight, we also shrink all the moats around odd-distance
nodes(which are A-nodes in Edmonds’) at the same time and by the same amount. In
our example it means growing W, and shrinking W, as in Figure 2.1(c). This process
goes on until the edge e, becomes tight. Since we are now building the t-matching,
the tight edge e,, will be t-matched. Then we make node u the new root, and we are
ready to build the s-matching again from root u. In this example a TSP path has
already been found. If we have larger graphs containing more nodes, we repeat this
process of building s-matching and then t-matching, until the path hopefully covers
all nodes.

If at some time a moat shrinks to zero but no new edge becomes tight, as
in Figure 3.2(a), we group the whole augmenting path and treat it as the new root.
Then we continue to grow its moat(which is the current root) until some new edge
becomes tight, as in Figure 3.2(b). (In Figure 3.2(b) we draw the big moat as an
ellipse rather than a circle only to save some paper space. Note that in Figure 3.2
and in later sections we only draw the ”original” edges while omitting the metric
completing ones.)

We succeed if we can get a path of two maximal matchings by repeating this
process. But usually we can’t, since this process runs in polynomial time but TSP
is NP-Complete. In Figure 3.3, we have already grown the path p,, and the current

root is node z. Moat W, has shrunk to zero, so we grow a moat containing the whole
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Figure 3.2: make big group when necessary

path py,, to expand the path from root z. But as the growing continues, edge €.
becomes tight. We cannot simply match this edge e, because node w is already
two-matched (both s-matched and t-matched). We call w a higher-degree problem

node. In the next section we see how these higher-degree problem nodes are treated.

1

3.2 Solving higher-degree problem nodes

As shown in the last section, we are trying to construct a TSP path, consisting
of alternating s-matchings and t-matchings. So hopefully every node (except the

starting point s and the current root) on this path has two matched edges incident to
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Figure 3.3: higher-degree problem node

it: one edge is in s-matching and the other is in t-matching. We use the word degree
to represent the number of matched edges incident to a node. So we want that all
nodes on this path have degree 2, except s and the current root that are currently of
degree 1. But as the growing-and-shrinking process goes on, some 2-matched node
may be connected to an unmatched node by a tight edge hefore the current root gets
2-matched, as node z is incident to w in Figure 3.3, and we cannot simply match this
edge ey since then w will have degree 3. We call this a higher-degree problem and

w a higher-degree problem node.
While solving this problem, we want to include the node z into the path we've
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already built, so we not only solve a problem but also further expand our path.
Consider node w, it has two matched edges ey and ey, incident to it already. If
we want to match the edge ey, we have to unmatch ey, or e, first, to keep the
degree of node w. We also want to keep the path we’ve already built - or at least the
most part of it. So we try to make the edge eur (0T €4e) tight, unmatch ey, (Or ey
respectively) and then match ey, (or ey, respectively) and e,,. To make edge ey, or
vz tight, we would like to grow the moats around node 2, u, v and shrink the moat
around node w. So at first the moat W, grows and the moat W, shrinks. When
Wo,. shrinks to zero, we get Figure 3.4, and we continue to grow the moats W, W,,
W, and shrink W,,, as indicated by the arrows. (Arrows pointing to center mean
shrinking and pointing out mean growing).

If edge ey becomes tight first, then we can match is as the same type (s-
matching or t-matching) as edge e, match eq, as the other type, unmatch edge ey,
and switch types for all the edges along the path from node w to the current root
z. By switching type for an edge, we mean that if it was an s-matched edge then it
becomes t-matched, and if it was a t-matched edge it becomes s-matched. Similarly,
if edge e,, becomes tight first, we match e, as the same type as ey,,, match e, as

the other type, unmatch e,, and switch types for all the edges along the path from

node v to the current root z.

Another possibility is that during the growing-and-shrinking process edge ey,
becomes tight before e,, or e,,. This tight edge prevents the current moats from
growing or shrinking any more, so neither e,, nor e,, can be tight. Since this edge
ewy can be very short compared to e,, or e,,, we cannot afford to include it in our

solution because then the approximation factor can approach 2 in the worst case.
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Figure 3.4: Shrinking higher degree moats

In section 3.1 we used the node set containing the whole augmenting path
when the process of growing-and-shrinking got stuck by some moat shrinking to zero.
Here the rule is a little bit different: we group together most nodes, matched and
undiscovered, except a few special ones on which we are working. As in Figure 3.5,
we group all the nodes together except nodes w and z. This big group will be cut
so that the growing-and-shrinking process can resume. We keep growing Wi,y and
the moat W,, shrinking the moat W,,, until e,. or e,, becomes tight and the problem
is fixed.
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Figure 3.5: Making big group when tight triangle occurs

Another unwanted possibility is that edges between node z and other undis-
covered nodes become tight before ey, €z OF €y, (€.g., edge €, in Figure 3.5). This

tight edge will interrupt the growing-and-shrinking process.
Node z is actually a potential higher-degree problem node, just like node w
in the previous stage. So following the same strategy, we would like to shrink the

moat around z, and start to grow the moat of node m. In order to deal with the

augmenting path, the grouping idea will be used, since we don’t want the moat W,
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Figure 3.6: Making big group when new node is discovered

to grow. As illustrated in Figure 3.6, this time the group will contain all nodes except

2 and the newly discovered m.

The essential idea behind this process is to connect % or v by a tight edge to
the "farthest” node on this ”problem-node path”, which in our example means path
Pwm, and the "farthest” indicate the node-wise distance from the augmenting path
we've already built. So in Figure 3.6 the farthest is node m, and we are trying to

make edge e, O eym tight. If we achieve this goal, say we make edge ey, tight, then
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we can augment this ”problem-node path” by matching e,., and all the edges along
path pmey, and then unmatching edge ey, gives us an augmenting path pyumews= as
we want.

We define an operation called flipping. When we say that we flip a moat W,
we mean that first we set Wg := Wy for S =V — S, and then Ws := 0.

We establish two criteria to decide if a step of the heuristic improves the
solution: (1) after this step either of the s-matching or the t-matching augments; (2)
or, the total dual value increases‘after this step. These criteria help deciding when
the heuristic should terminate. We don’t terminate until all nodes are discovered and
augmented, so there exists no further improvement from the first criterion. But it is
much more difficult to tell if the current set of duals could grow into a better dual set
with greater total value. So we don’t have a good criterion to tell when the heuristic
should terminate. We leave it as a open problem.

The heuristic is stated as follow:

1. Given a complete graph G = (V, E) and the weight vector ¢, choose arbi-
trarily an initial root s. Set both the s-matching and the t-matching empty.
2. Begin with s. Grow W, until some incident edges become tight. Pick one
arbitrarily and include it in the s-matching. Make the newly discovered and

1-matched node the new root r.

w

Augment the alternating s-matching and t-matching as the current aug-
menting path. Decide which matching is going to be grown: if the last
matched edge was s-matched then we are going to grow the t-matching,

otherwise if we just grew the t-matching then we are going to grow the

s-matching.
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4. Grow the root moat W,. In order not to make any edges over-tight or any
matching edges untight, shrink the moats which have odd distance from the
root and grow the even-distance ones, all by the same amount, until one of
the following happens:
case 1:  An edge between the root and an unmatched node becomes tight:

Match this edge as the type decided in step 3 — s-matching or t-
matching. Make the newly discovered and 1-matched node the new
root, and go to step 3.
case 2: A single node moat shrinks to zero:
Group the whole augmenting path together and treat it as the new
root. Go to step 4.
case 3: A group moat shrinks to zero:
Now all nodes inside this group moat are exposed and can be op-
erated on. Go to step 4.
case 4:  An edge between a 2-matched node w and an unmatched node z
becomes tight: (see Figure 3.3)
Shrink the moats around the 3-degree node w and grow its 3 neigh-
bors z, u and v, until some edge becomes tight: (see Figure 3.4)
case (1): ey, becomes tight:
Group all the nodes except w and z. Continue to grow this
big group and W, and shrink W,,, until e, or e,, becomes
tight. Go to the following case (2).
case (2):  eys O €y, becomes tight:
If eyz becomes tight, unmatch ey, and match e,, as the
same type as eyw, s-matching or t-matching. Match e,y as
the other type, and switch types all along the path from
w to the current root. If e,, becomes tight, unmatch ey,
match e, as the same type as e, match e,, as the other

type, and switch types along the path from v to root. Go

to step 4. 54
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case (3):

An edge between 2 and an undiscovered node m becomes
tight:

Grow the farthest (farthest from the original higher-degree
problem node) moat (W, in Figure 3.6), shrink the one
next to it (W, in Figure 3.6) and grow a moat around all
the other nodes, which are grouped together.

(i) If some edge between m and an undiscovered node n
becomes tight, go to case (3), treating node n as m before
and node m as 2 before.

(i) If an edge between m and a 2-matched node on the
augmenting path becomes tight, then a tight-edge cycle
occurs. We discuss this situation in Section 3.3.

(iii) If W, shrinks to zero, flip the group moat, so the new
flipped group moat will contain node 2 and m.

Then if the original higher-degree problem node(w in Fig-
ure 3.6) still has group moat around it, go to case (3);
Otherwise, if the original higher-degree problem node w
has only one single node moat around it, as in Figure
3.7(a), we shrink this moat W,,, grow the group moats
Wiemy and Wiyu,y, until W, shrinks to zero. Then flip
the moat Wiy, to let it contain nodes w, x and m, as
in Figure 3.7(b). Match u with the farthest node (m in
Figure 3.7(b)) as the same type as ey, and switch types

along the path from m to the current root. Go to step 4.
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case (4): Any edge between two 2-matched nodes on the augmenting
path becomes tight:
We discuss this situation in Section 3.3.
case 5:  Tight edges close any cycle:
We discuss this situation in Section 3.3.
case 6:  All nodes have been discovered:
As an open problem, we need further criteria to decide when we

should terminate.
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Figure 3.7: Solved Higher Degree Problem Nodes

3.3 When tight-edge cycles occur

In Section 3.2 we mentioned the situations in which tight-edge cycles occur as case 5
of the heuristic. In this section we discuss some of the possibilities. We don’t have

proof that all the possibilities are covered in this section. We only present what we
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have.

From Figure 3.5, 3.6 and 3.7 we can see that sometimes higher-degree problem
nodes may extend to a really long path. If we repeat the process in case 4.(3) of the
heuristic we can finally solve all of them, as long as the path doesn’t get back to any
already two-matched node on our augmenting path and closes a cycle. But since we
grow the farthest moat and the group moat together (e.g. W, and Wiy, in Figure
3.5, or W, and Wiyuwv-y in Figure 3.6), it is possible that edges cut by these two
moats become tight. As illustrated in Figure 3.8, Wiyuuwvsy and Wy, grow together

and make the edge e, tight, which prevents W, from shrinking.

Figure 3.8: Tight edges close a cycle
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The node 2 now is actually a higher-degree problem node, since it was already
two-matched and now incident to node m. To follow the same strategy on solving
higher-degree problem nodes, we would like to firstly flip Wi,y and then Wiy,
so this problem node can be exposed. Then the next step would preferably shrink the
moat to which this problem node belongs and grow all its neighboring moats. But if
we check carefully, we may find it impossible to do so in some situations. Since we
want to shrink this problem node 2, the flipped Wiwem) = WW needs to grow and
moats W, and W, to shrink. This will make both edges e, and e,, untight and the
augmenting path broken into disconnected parts.

Other situations may also create tight-edge cycles of different kinds. A com-
parably simple case is presented in Figure 3.9:

In Figure 3.9 we are rooted at node g, and the solid-edge path is the aug-
menting path that we’ve already built. Assume that there are still some nodes left
undiscovered. As we can see, since we are growing the moat around the root ¢, the
group moat Wi,uuweyy has to be growing at the same time. Then at some point moats
Wy and Wiawweyy make edge ey, tight, close a tight-edge cycle and stop the root’s
moat growing.

In section 3.1, when, while building a path, some moat shrinks to zero and
stops the root from growing, we make a new moat to contain the whole path. So
adopting the same idea here we would like to start growing the moat which contains
the whole path from s to ¢ (which means it contains the cycle Cygyzq). Then growing
W{suswayzq) Erows the moat around the root, and hopefully this will lead us to a new
matched edge from root g.

There is another less simple situation in which tight edge cycle may occur.
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Figure 3.9: Another case of tight edge cycle

Consider the example in Figure 3.10, (we omit most nodes and present only the part
of path where the problem occurs). In the example, w is the original problem node,
edge ey becomes tight before e,. and e,, during the shrinking of moat W, so we
make a moat containing every one except node w and z, and flip this group moat
after Wy, shrinks to zero. Now we can match the tight edge e,, and the higher degree
problem is solved. Then we should get back to the process of growing the moat
around the root. But from this situation we can’t tell if a node, say node ¥, should
grow or shrink responding to the growing of the root’s moat. If the growing of the
current root’s moat leads W, to grow, then W,, W, and Wy, ., will grow, and both

W, and W, will shrink. This is not a problem since e,, has heen unmatched and we
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Figure 3.10: Tight edge cycle after solving higher degree problem node

don’t care if it becomes untight. But if node y has even distance from the current
root, then W,, W, and Wy, . will shrink, and both W, and W, will grow, and we
are in trouble since edge e,, can not be over-tight. In this case we grow the moat
containing the whole path, so that we can preserve the path structure we've already

built and at the same time enable the augmenting at the current root.

But there are situations in which we can not simply group the whole path to

solve the tight edge cycle problems. Consider the situation in Figure 3.11:

When we are trying to solve the problem node y by shrinking W,, and growing
W, and W,, moats W,,, W, and other moats on the path have to grow together. This
could make some edge like e,, tight and create a tight cycle, which stops the growing
and shrinking process. The previous grouping of the whole path doesn’t work here,

since if we group the whole path into one moat, it would include the problem node
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1y, and its growth would make the problem even worse.

Figure 3.11: General case of tight edge cycle

So we need a new kind of grouping. We want the problem node and its
neighbors to be exposed, and others may be grouped. Here we let the group cover
node v, © and all those along the path from u to s, as well as ¢, m and all those along
the path from m to the current root, together with all the undiscovered nodes, as
indicated by the dashed moat in Figure 3.11. Now it’s possible to continue shrinking
the problem node ¥y, and instead of v, v growing together, the group will grow. After
solving the higher-degree problem on node y and augmenting the path to node n, we
simply flip the dashed moat and let it be around node w, z, n, ¥, 2 and p. It is easy
to see that this group is fine because it cuts the current path exactly twice.

Till now we've seen several kinds of grouping: when some moat on the path
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shrinks to zero; or new node is discovered during the process of solving higher degree
problem nodes; or the root meets a two-matched node through a tight edge; or two
nodes on different side of a problem node get connected by a tight edge. In all these
situations there is one question we need to answer: how do we treat the undiscovered
nodes? Should we include them in the group, or leave them outside?

To answer this question, we examine what is meant by containing a node inside
a group. When we cover some nodes with a group moat, we should be prepared that
these nodes may not be exposed again. So what we include in this kind of group
should be a nice structure and potentially part of the final solution. But we do have
an operation (flipping) which basically release the node set of a group moat and cover
its complementary set. So, when we do a grouping knowing we will flip it later, e.g.,
in the process of solving higher degree problem nodes, as in Figure 3.5, we should
include all the undiscovered nodes inside the group Wiy} since after flipping they
will be exposed again. And if we do a grouping knowing that we will leave it as it
is, e.g., when some moat shrinks to zero, we should pack only the augmenting path
inside the group moat, because at least for now it is a nice structure where every node
has degree of 2, and we hope it will be part of the final TSP path.

Before closing this section, we discuss the approximation factor of our heuristic.
As we've seen, if a tight cycle like the one in Figure 3.8 or Figure 3.11 occurs, we don’t
have any good method to break it and we are forced to keep it until some later stage.
At the termination of the heuristic, when we have already discovered and augmented
all the nodes, it will possibly look like Figure 3.12: solid straight lines indicate the
matched edges and wavy lines indicate matched paths.

The final solution has to be a tour, so we need to give up some accuracy and
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Figure 3.12: four-thirds approximation factor

add an extra edge which is not fully-paid by the duals. We can add the edge e, (we
may choose other extra edges like e,, or e, etc. to complete the tour, but the idea
and the approximation factor are the same). Since we always work on the metric
completion of the graph, by the triangle inequality, we know that the length of ey is

no greater than the length of path pguszy, Path Dpuwyzy OF Path ppgeyey. That is,

Clpz) < MAN(Pipusa}s Dipwya} Dipayr})

All edge costs are non-negative, so we know that prusy + Dpe} < Pfwusey <
Dipusx}y P{vwzy} < Dipwyz} and Plpgy} < Dipgyz}- By substituting Plousz}> Plowzy} and
Dipqy} 10T Dipusa}r Dipgye} AN Dipgyzy TesPectively, we have

C(p,x) < 7ni7l(p{vusm} y P{vwzy}s p{pqy})

The three paths together build up the path from x to p, and the duals pay for
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this path plus part of edge (2, p), so we know that

1 1
Cpz) < 5 (_’[){.U,usm} + Divwzy}y + p{pqy}) < —3- * Total dual optimum (331)
Cst + Ctg T Couvwaygp < Cst + Total dual optimum (3.3.2)
. 4 ) 4
(3.3.1), (3.3.2) = solution < cq + 3 x Total dual optimum < gOPTwW

The approximation factor of ‘51 applies when the paths of the proof have been
formed. As we stated earlier in this section, we don’t have proof that all possibilities
are covered, so there may be other situations in which approximation factors of greater

values apply.

3.4 Test Cases on This Heuristic

In this section we show the running of our heuristic on a variation of the well-known
Held-Karp 4/3 example(as seen in [3]). We describe in Section 2.4 and illustrate
in Figure 2.2 the Held-Karp 4/3 example, all the displayed horizontal edges have
ce = 1, the vertical and oblique edges have ¢, = 2, and all edges which are not shown

have ¢ = z Ce, where Py, is the shortest path between node v and v. We add
EEﬁuv
two nodes s and ¢, with cie) = 1, cra) = 1, ) = 1 and cpue) = Z ¢, for all
eeﬁuv
u € {s,t},v eV —{s,t,a}.
As stated in Section 2.1, we run our algorithm (which is only a heuristic for
now) on every pair of nodes s and ¢, add the edge (s,t) with cost c(sz) to each path,

and select the minimal cost tour. But in the heuristic we presented in previous

sections, we don’t specify the ending point ¢. This problem can be fixed by treating ¢
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as matched all the time before every node v € V —{s,t} is discovered and augmented.

Suppose j is the last discovered node in node set V — {s,t}, then ¢ will be matched

to j at termination.
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Figure 3.13: Running our heuristic on a variz

We start by growing a moat around node s. Edges (s,t) and (s,a) become

tight at the same time, but since ¢ is the end point, we match (s, a) at this step. Then,

we grow the path until » becomes the root as in Figure 3.13(a). We can’t continue
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growing the root since some node moats have already shrunk to zero. So we create the
group moat shown in Figure 3.13(a). Then, among the four newly discovered nodes,
we select node x and root there. We continue to grow the path until the situation
in Figure 3.13(b) happens. Node 7 is the root, but we cannot grow its moat any
more since a tight edge cycle has formed. As discussed in the previous section, in
this situation we can group the whole path we’ve already grown, as in Figure 3.13(c),
as indicated by the shaded ring. Grow this group moat until it discovers 7/, then we
can get back to the basic path-growing process, until we finally get to the situation
in Figure 3.13(d). All the matched edges are indicated by bold lines, the dash line
(y,t) is not fully paid and brings in the inaccuracy, and (s,t) is the last edge that
completes the tour. The total dual value for T'SP path pg is 16, and the cost of this
path is 22. If we generate this example to graphs containing 3k + 4 nodes, which are

very similar to the family of graphs defined in Section 2.4 with the extra two nodes s
Ak +6

3k + 4’
k goes to infinite is % After adding edge (s,1), the total dual value remains the same,

and t, the integrality gap for TSP paths should be and the limit value when
but the cost of the tour increases to 23.

Suppose that when we are in the situation of Figure 3.13(a) we select node .
We extend the path until reaching the situation in Figure 3.13(e). Now we are unable
to grow the moat around root r since some moat on the path has already shrunk to
zero. So we group the path and grow the group moat as shown in Figure 3.13(f), until
the node 2 is discovered, which causes a higher-degree problem since node y is already
two-matched. Directed by the heuristic, we grow the moat around z and shrink the
group one, until get to the situation in Figure 3.13(g). The tightness of edge (z, )

solves the higher-degree problem, but now node m is discovered and makes node z
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a new problem. As introduced in Section 3.2, in this situation we grow the moat
Wi, shrink W, and group all the others, as shown in Figure 3.13(h). When some
edge becomes tight, we flip the group moat to let it contain m and z, as in Figure
3.13(i), and a new node is discovered again. We repeat this process until reaching
the situation shown in Figure 3.13(j). Now the newest discovered node is n, and we
want to grow its moat until situation in Figure 3.13(k) occurs. If we see node s as
two-matched (since one of its degree has to be given to the ending node of the path),
the tightness of edge ey, creates another higher-degree problem and also a tight-edge

cycle which prevents us from further progress.

3.5 A Matroid approach

In this section we try to model the TSP problems in the field of Matroid Theory.
Matroid Theory was developed from linear algebraic theory at first, and now it is a
powerful tool in combinatorial optimization field. We start this section by introducing
the definitions and terminologies,then we state in two different theories that matching
and 2-factor are both matroids. In the end we discuss the approach to modeling TSP

as intersection of two matroids.

Definition 3.5.1. A matroid M = (E,F) is a pair in which E is a finite set of
elements, and I is a family of subsets of E, and the following axioms hold:

(1) B € F, and if a subset S is in F', then all proper subsets of S are also in F;

(2) If two subsets S, and Spy1 are in F' and they have cardinalities of p and p + 1

respectively, then there exist an element e € Spy1 — Sp such that {e} U S, € F.
The basic and probably simplest matroid is the matrix matroid. The elements

68




e S

Master Thesis Xiaoxi Ma - Computing and Software, McMaster University

in it are the columns of a matrix, and F' contains all subsets of linearly independent
columms. Obviously @ € E, and any subsets of an independent set are independent,
so the first axiom holds for sure. And for two independent sets Sp, Sp+1 of p and
p + 1 columns respectively, S, together with some column from S,41 create a new
independent set of p + 1 columns. (See [15]).

A subset in F' is called an independent set of the matroid M = (F,F). And
any subset of E which is not independent is called dependent. A maximal independent
subset of A C F is called a base of A, and for A C F the rank r(A) is the cardinality
of any base of A. A base of F is called a base of the matroid M, and the rank of it
is the rank of the matroid, because all bases of M have the same rank.

There are several variations for the second axiom from which we can select the
most suitable one when we try to proof that a structure is a matroid. We state three

of these equivalent variations in the following lemma.

Lemma 3.5.1. As the second aziom for the matroid definition, the following three
statements are equivalent:

(2) If two independent sets S, and Spy1 are in F and they have cardinalities of p and
p + 1 respectively, then there exist an element e € Sp41 — S, such that {e} U S, € F;
(2)” If two independent sets S and T are in F' and |S| > |T|, then there exists an
element e € S — T such that {e} UT € F;

(2)" For any subset A of E, all bases of A have the same cardinality.

Readers are referred to [15] and [23] for proofs.
One of the well-known matroids is the matching matroid, which is also closely

related to our problem. And another one is the graphic matroid.
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Theorem 3.5.2. Let G = (V, E) be a graph. For any subset N C V, if F' is the
family of all subsets S C N such that all the nodes in S can be covered by a matching
of G, then M = (N, I') is a matroid. We call these structures M = (N, F') matching

matroids, and M = (V, F') the matching matroid of graph G. -

Theorem 3.5.3. Let G = (V, E) be a graph. For any subset A C F, A is independent
if the edges in A form an acyclic subgraph. This is called a graphic matroid. And o

base of the graphic matroid is a spanning tree.

Proofs of the above two theorems can be found in [15].

We introduced the b-matching problems and the b-factor problems in Section
1.1 and 2.2. In this section we show that 2-factor problems also have a nice matroid
structure. Instead of direct checking the matroid definitions, following [24] we con-
struct a new graph reducing the 2-factor problem to the perfect matching problem.
Since we've already seen that perfect matching is a matroid, this construction proves
that 2-factor is also a matroid.

Let G = (V,E) be a graph, and for every node v € V, dg(v) denotes the
degree of v in GG. For each node v € V, we construct two sets of nodes in the new

graph G' = (V', E'), set A(v) and B(v):

A(w) = {vy:w is adjacent to v by some edge in E.}

Bw) = {v;:ie{1,2,...,dg(v) — 2}}
B(v) is possibly empty. And V’ is the union of all A(v)’s and B(v)’s:

V' =| J{Aw) UB@) : Yv € V}
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The new edge set E’ consists of two kinds of edges: for each v € V, there is an edge

between each pair of v, and v;; for each ey, € E, edge €, , isin E':

FE = U{e;w’i : vy € AW),v; € B(v),Yv € V} U{e&vvu ew € B}
Theorem 3.5.4. G has a 2-factor if and only if G' has a perfect matching.

Theorem 3.5.4 was proven by W. T. Tutte in [26]. Another proof and further
results on the b-factor problem can be found in [17]. We give an example of this
translation of graph in Figure 3.14. Bold edges in Figure 3.14(a) is a 2-factor of the
original graph, and bold edges in Figure 3.14(b) is a perfect matching of the translated
graph.

Now we return to the TSP. In Chapter 1 we introduced that TSP can be
modeled as intersection of three matroids: First we extend the n nodes graph by
adding a new node and n edges that connect this new node to all the original ones.
The first matroid is a graphic matroid on this new graph, the second matroid is a
partition matroid having independent sets containing at most one edge ingoing to
any given node, and the third matroid is similar to the second but contains at most
one edge outgoing from any given node. But it’s known that finding the minimum
weight intersection of three matroids is NP-Complete. So we need to reduce the
problem of approximating TSP to two matroids. Our initial inspiration comes from
the fact that TSP tours are restricted 2-factor solutions, or further, TSP tours are
2-factor solutions that have only one connected component. When considering the
connected component, probably the simplest structure is the spanning tree. We have
already proved that 2-factors are matroids, and it’s also known that spanning trees

are matroids. So we are led to the idea of taking minimum weight intersection of
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Figure 3.14: Example of the graph translation
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these two matroids — 2-factor matroid and spanning tree matroid.

Our difficulty comes from the fact that those two matroids — 2-factor matroid
and spanning tree matroid — are over different universes. The universe of a spanning
tree matroid is the edge set of the graph, while the universe of the 2-factor matroid
is the edge set of the extended graph of Theorem 3.5.4, which is different from the
edge set of the original graph. We could not find a way to "merge” these two different
universes. This was expected, since if we could do it we would be able to solve TSP
in polynomial time using a matroid intersection algorithm [15]. But we could try to
"reconcile” the two universes into a single one, paying a small approximation factor

that translates into an approximation factor for TSP. We leave this approach as an

open problem.
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Chapter 4

Conclusions and future work

This thesis provides an LP relaxation for finding the TSP paths, which is inspired
by an LP formulation for finding perfect matchings, and proven to provide solutions
as good as the path form of Held-IKarp relaxation. To show the performance of
our LP relaxation, we give five examples, including the well-known Held-IKarp 4/3
example( [3]). Unlike the Held-Karp relaxation, our relaxation doesn’t produce an
integrality gap on this example. Then based on our relaxation we build a heuris-
tic finding approximate TSP solutions, with issues as cover of all possibilities and
termination conditions left for further research.

We prove that, if an approximation factor « is guaranteed for the TSP paths,
then using a certain transforming rule the TSP tours also have the same approxi-
mation factor. This ensures our heuristic, which finds TSP paths, also has the same
performance on finding TSP tours.

In our heuristic we keep two alternating matchings, s-matching and t-matching.
For now they don’t provide any contribution to the quality of solutions — we can
treat both of them indiscriminately as matched. But we keep this two-alternating-

matching structure in our heuristic, since it is where our motivation comes from, and
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we believe it has the potential influence on refining our heuristic to be an algorithm.

The biggest deficiency of our heuristic is the lack of termination conditions.
To define the improvement of a solution, we establish two criteria: the augmenting
of ether s-matching or t-matching, or the increasing of the total dual value. When
all nodes are discovered and augmented, we can tell that no further augmenting of
matchings are possible. But we haven’t found a sufficient condition to say that no
further increasing is possible for the current set of duals. Plus, our heuristic may
fall into an endless loop: solving one higher-degree problem causes another one on a
different node, but solving the second one makes the first appear again. We need some
detecting methods to decide when to halt this loop. And since we don’t have proof
that all possible kinds of tight-edge cycles are covered, there may exist an endless
loop in other situations. So the termination conditions rise to be the most important
open problem left in this thesis.

On the other hand, as an attempt to model the TSP as a minimal weighted
intersection of two matroids, we do not have a method to combine the universe of
the 2-factor matroid and the universe of the spanning tree matroid together. How
to reconcile these two different universes by paying an approximation factor becomes

another open problem left to future research.
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