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Abstract

In this thesis we consider two sets of combinatorial structures defined on an Eulerian
graph: the Eulerian orientations and Euler tours. We are interested in the computational
problems of counting (computing the number of elements in the set) and sampling
(generating a random element of the set). Specifically, we are interested in the question
of when there exists an efficient algorithm for counting or sampling the elements of
either set.

The Eulerian orientations of a number of classes of planar lattices are of practical
significance as they correspond to configurations of certain models studied in statistical
physics. In 1992 Mihail and Winkler showed that counting Eulerian orientations of a
general Eulerian graph is #P-complete and demonstrated that the problem of sampling
an Eulerian orientation can be reduced to the tractable problem of sampling a perfect
matching of a bipartite graph. We present a proof that this problem remains #P-
complete when the input is restricted to being a planar graph, and analyse a natural
algorithm for generating random Eulerian orientations of one of the afore-mentioned
planar lattices. Moreover, we make some progress towards classifying the range of
planar graphs on which this algorithm is rapidly mixing by exhibiting an infinite class
of planar graphs for which the algorithm will always take an exponential amount of
time to converge.

The problem of counting the Euler tours of undirected graphs has proven to be less
amenable to analysis than that of Eulerian orientations. Although it has been known
for many years that the number of Euler tours of any directed graph can be computed in
polynomial time, until recently very little was known about the complexity of counting
Euler tours of an undirected graph. Brightwell and Winkler showed that this problem is
#P-complete in 2005 and, apart from a few very simple examples, e.g., series-parellel
graphs, there are no known tractable cases, nor are there any good reasons to believe
the problem to be intractable. Moreover, despite several unsuccessful attempts, there
has been no progress made on the question of approximability. Indeed, this problem
was considered to be one of the more difficult open problems in approximate counting
since long before the complexity of exact counting was resolved. By considering a
randomised input model, we are able to show that a very simple algorithm can sample
or approximately count the Euler tours of almost every d-in/d-out directed graph in
expected polynomial time. Then, we present some partial results towards showing that
this algorithm can be used to sample or approximately count the Euler tours of almost
every 2d-regular graph in expected polynomial time. We also provide some empirical
evidence to support the unproven conjecture required to obtain this result. As a side-
result of this work, we obtain an asymptotic characterisation of the distribution of the
number of Eulerian orientations of a random 2d-regular graph.
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Chapter 1
Introduction

Counting problems are a fundamental class of problems in the fields of combinatorics
and algorithms and complexity. Moreover, solutions to such problems are of great
practical value across the sciences because many real problems can be modelled as
counting problems, particularly those related to the estimation of probabilities. For
example, evaluating thermodynamic properties of physical systems [6], calculating
the output probabilities of Bayesian networks [24], and calculating the probability of
correct reconstruction of DNA from fragments using sequencing by hybridisation [4)
are all counting problems.

Many counting problems, including those studied in this thesis, are defined on
graphs. Before proceeding, we summarise the definitions of graphs and the graph-
theoretic properties we will use later in the thesis. For a thorough introduction to the

theory of graphs see, for example, [90].

Definition 1.1. An undirected graph G = (V,E) is a set of vertices V and a set of edges
E; each e € E is an unordered pair of vertices, e = {u,v}, where u,v € V. The degree
of a vertex v € V is the number of edges e € E containing v. We denote the degree of

a vertex by deg(v).

Definition 1.2. A directed graph G = (V,A) is a set of vertices V and a set of arcs A;
each a € A is an ordered pair of vertices, a = (u,v), where u,v € V. We say an arc
a = (u,v) is directed towards v and away from u, and call u and v the source and target
of a, respectively. The out-degree (resp. in-degree) of a vertex v € V is the number of
arcs directed away from (resp. towards) vin A. We denote the in-degree and out-degree

of v by indeg(v) and outdeg(v), respectively.
Definition 1.3. We say a directed graph G = (V,A) is an orientation of a graph

1
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G = (V,E) if there exists a bijection from E to A in which each {u,v} € E is mapped

to (u,v) or (v,u).

Typically, we do not allow loops (edges or arcs where u = v) or multiple copies of
the same edge or arc. However, in some cases we wish to allow duplicates, in which

case we speak of multigraphs and directed multigraphs.

Definition 1.4. An undirected multigraph G = (V,E) is a set of vertices V and a

multiset of edges E.

Definition 1.5. A directed multigraph G = (V,A) is a set of vertices V and a multiset

of arcs A.

Remark 1.6. A graph or directed graph which does not contain any loops or multiple
edges is often said to be simple. A simple directed graph is not necessarily an

orientation of a simple graph, since (u,v) and (v,u) do not count as the same arc.
Often, we are interested in some particular substructure of a graph or directed graph

G.

Definition 1.7. Let G = (V,E) be a graph or directed graph. A subgraph of G is a
graph H = (V' E’), where V' CV and E' CE. If V' =V, we say H is a spanning
subgraph of G. If H # G we say G is a proper subgraph of G.

Definition 1.8. A graph G = (V, E) with vertex set V = {vg,v1,...,v_1 } and edge set
E={{vivit1 moak}:i=0,1,...,k—1},

is called a cycle. The subgraphs of a graph G which are cycles are called the cycles of
G.

Definition 1.9. A directed graph G = (V,A) with vertex set V = {vo,v1,...,vx—1 } and
arc set

A={(Vi,Vitimodr) :1=0,1,....k—1},

is called a directed cycle. The subgraphs of a directed graph G which are directed

cycles are called the directed cycles of G, or sometimes the cycles of G.

Definition 1.10. A connected graph is called a tree if it contains no cycles. The

spanning subgraphs of G which are trees are called the spanning trees of G.
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Definition 1.11. A rooted tree is a tree T = (V,E) with a single distinguished root
vertex r. For each v € V, the first node on the unique path from v to r is called the

parent of v; all other neighbours of v are called the children of v.

Definition 1.12. An arborescence with root v is a rooted tree in which every edge has
been directed towards v.

Let G = (V,A) be a directed graph and let v € V. The set of arborescences of
G rooted at v, denoted ARB(@7 v), is the set of spanning subgraphs of G which are

arborescences rooted at v. We denote by ARB(@) the set of all arborescences of G.

There are several classes of graphs in which some additional conditions are placed
on E or A.

Definition 1.13. A graph G = (V,E) is said to be bipartite if there exists a partition of
V into AU B such that for every e = {u,v} € E, either u € A and v € Bor v € A and
uc€Bhb.

Definition 1.14. Let G = (V,E) be an undirected graph. We say G is d-regular if we
have deg(v) = d for every vertex v € V.

Definition 1.15. Let G = (V,A) be a directed graph. We say G is d-in/d-out if we have
indeg(v) = outdeg(v) = d for every vertex v e V.

Definition 1.16. A graph G is called planar if it can be drawn in the plane such that

1. each vertex is mapped to a unique point in R?;
2. each edge {u,v} is a line whose endpoints are the points for u and v;

3. the interior of an edge {u,v} contains no vertex and no point of any other edge.

This drawing is called an embedding of G. An embedding of G can be viewed as
a decomposition of the plane R? into a number of regions, exactly one of which is
unbounded. We refer to the sets of edges bounding these regions as the faces of G.

The unbounded region is referred to as the unbounded face of G.

Generally, when we speak of a graph G being planar we are considering the graph
G and a fixed embedding of G. Assuming we have a fixed embedding of G, we have

the notion of dual graph of G.

Definition 1.17. Let G be a planar graph with some fixed embedding in the plane. The
dual graph of G, denoted G*, is the graph whose vertices are the faces of G and which

has an edge joining each pair of faces | and ¢ which share an edge in G.
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The classes of graphs and directed graphs which are the focus of this thesis are

those which satisfy the Eulerian condition.

Definition 1.18. An undirected graph G = (V,E) is said to be Eulerian if all vertices
have even degree. A directed graph G = (V,A) is said to be Eulerian if we have

indeg(v) = outdeg(v) for every vertex v e V.

Note that for all d > 1, every 2d-regular undirected graph, and every d-in/d-out
directed graph, satisfies the Eulerian condition. We are interested in two closely related
structures which can only be defined on Eulerian graphs: Eulerian orientations and

Euler tours.

Definition 1.19. Let G = (V, E) be an undirected graph and let o : V — Z satisfy

Zoc(v) =0.

vev

We say an orientation of G is an o-orientation' of G if for every v € V,
outdeg(v) —indeg(v) = a(v).

If o(v) = O for all v € V, then each a-orientation of G is an Eulerian directed graph.
In this case, we refer to the o-orientations as Eulerian orientations, and denote this set
by EO(G).

Remark 1.20. The set EO(G) is non-empty if and only if G satisfies the Eulerian
condition (Definition 1.18).

Definition 1.21. Let G = (V,E) be a graph. We define a tour of G to be a sequence
of vertices vovivy ... vg_1 in which {v;,viy1 moax} € E fori=0,1,... k— 1. An Euler
tour of G is a tour that uses every edge exactly once. Two Euler tours are equivalent if

one is a cyclic permutation of the other. We denote the set of all Euler tours of a graph
G by ET(G).

Definition 1.22. Let G = (V,A) be a directed graph. We define a tour of G to be a
sequence of vertices vov v, ..., vg_1 in which (vi, V11 moax) €A fori=0,1,... . m—1.
An Euler tour is a tour that uses every arc exactly once. Two Euler tours are equivalent

if one is a cyclic permutation of the other. We denote the set of all Euler tours of a
directed graph G by ET(G).

'In [32], a-orientations were defined as orientations satisfying outdeg(v) = o(v). However, for our
purposes, it is more convenient to work with this definition
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Remark 1.23. We can also define Euler tours of multigraphs. In this case, we treat the
duplicate edges as distinct so a sequence VgV ... Vv,_1 can correspond to multiple Euler
tours, as we assign each occurrence of uv or vu to a distinct instance of the duplicated

edge {u,v}.

Remark 1.24. The set ET(G) is non-empty if and only if G connected and satisfies the

Eulerian condition (Definition 1.18).

The remainder of this chapter is organised as follows. In §1.1.1 we summarise the
theory of the complexity of counting problems. In §1.1.2 we describe the relationship
between counting and sampling that is the key tool for finding approximate solutions
to counting problems. In §1.2 we summarise the basic techniques used to construct
sampling algorithms. Finally, in §1.3 we survey previous work on the problems of
counting/sampling Eulerian orientations and Euler tours and put the work of this thesis

into its correct context.

1.1 Counting and Sampling

1.1.1 Computational Complexity of Counting

In theoretical computer science, computational problems are often viewed as questions
about relations between problem instances and sets of feasible solutions. Formally, if
we consider instances and solutions to be encoded in the same finite alphabet X then
a computational problem can be viewed as a relation R C X* x £* which maps each

instance x € X* to a (finite) set of solutions
Qx)={yeX": (x,y) €ER}.

The most widely studied computational problems of this form are decision problems,

where we are asking if a particular input has a solution.

Definition 1.25. Let X be a finite alphabet and R C ¥* x ¥*. For a particular
instance x € X*, the decision problem R asks whether there exists some y € £* such
that (x,y) € R. We say a decision problem R is in the class NP (non-deterministic

polynomial time) if
1. there exists a polynomial p(-) such that for any instance x € £* we have

lv| < p(]x]) Vy €L suchthat (x,y) € R;
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2. there exists a polynomial time algorithm for testing the predicate (x,y) € R.

The subset of NP consisting of problems for which there exist polynomial time
algorithms is known as P. Although it is not known whether or not there exists a
polynomial time algorithm for all problems in NP, it is well known [20, 60] (see
[89] for an English translation of the second article and [3, Chapter 2] for a general
reference) that there exists another subset of NP, known as the NP-complete problems,
which are the “hardest” problems in NP; that is, if we had a polynomial time algorithm
for any NP-complete problem then we could construct a polynomial time algorithm for
any problem in NP. The canonical problem in this class is the Boolean satisfiability

problem, defined below.

Example 1.26. The Boolean satisfiability problem (SAT) is a decision problem whose
instances are Boolean expressions written using only A, V, and —. Given a Boolean
expression Y, we want to determine whether there exists an assignment to the variables
in y that will make y true. Given any particular assignment to the variables, we can
quickly check whether or not the expression evaluates to true, so the problem is in
NP. It was shown by Cook [20] (and, simultaneously, by Levin [60]) that for any
instance x of an NP relation R we can construct an instance of SAT, yg, such that there
exists some (x,y) € R if and only if ygr has a satisfying assignment. Hence, SAT is

NP-complete.

There are two possible scenarios: either P = NP, in which case every algorithm in
NP has a polynomial time algorithm; or P C NP, in which case there does not exist a
polynomial time algorithm for any NP-complete problem.

Counting problems are a natural generalisation of decision problems. A decision
problem asks whether some set of objects is non-empty, whereas a counting problem
asks for something stronger: the exact number of objects in the set. Valiant formalised
the computational complexity of counting problems in his seminal 1979 paper [92], in

which he defined the complexity class #P.

Definition 1.27. Let X be a finite alphabet. Given a relation R C X* x £* we can define
the counting problem for R as the problem of computing a function Ng : ¥* — N with

values
Nr(x) = {y € £* : (x,y) € R}|.

We say the counting problem Np is in the class #P if
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1. there exists a polynomial p(-) such that for any instance x € X* we have

ly| < p(|x]) Vy € X*such that (x,y) € R;

2. there exists a polynomial time algorithm for testing the predicate (x,y) € R.

In general, for any reasonable function f : X* — N there exists some relation
R C X* x X* such that f = Ng. Thus, we will usually refer to counting problems as
functions from X* to N, without referring to their defining relation R.

An algorithm that counts the number of solutions to a problem can also determine
whether or not there exists a solution, so we cannot expect every counting problem to
be efficiently solvable unless P = NP. We denote by FP the subset of #P which consists
of all functions f : ¥* — N which can be computed in polynomial time. As in the

decision case, the set of problems which are “hardest” for #P are called #P-complete.

Definition 1.28. Given two counting problems f and g we say f is polynomial-time
Turing reducible to g, denoted f <pr g, if there exists a Turing machine with an oracle
for f that computes g(x) in time polynomial in |x|. We say a problem f is #P-complete

if every problem in #P is polynomial-time Turing reducible to f.

Remark 1.29. #P-completeness is accepted to be strong evidence of computational
intractability: exhibiting a polynomial time algorithm for all problems in #P would
imply the collapse of the polynomial-time hierarchy [88] (for a general reference, see
[3, Chapter 17]).

The construction used in [20] to show that SAT is NP-complete can be used to
construct an instance of #SAT with the same number of solutions as any #P problem
[92, Lemma 2]. Hence, every #P problem is reducible to #SAT; that is to say, #SAT is
#P-complete. This is the observation used by Valiant in [92], in which # SAT is taken to
be the defining problem for the class of #P-complete problems. The interesting result
in [92] was that there exist #P-complete problems for which the decision problem is in
P. Specifically, Valiant showed that every problem in #P can be reduced to counting
perfect matchings in bipartite graphs; that is, counting perfect matchings of a bipartite
graph is #P-complete. But the question of whether or not a bipartite graph has a perfect
matching can be solved by computing a maximum flow in a network, something which
can be achieved in polynomial time [98, §3.8].

There are some non-trivial counting problems for which polynomial-time algo-

rithms exist. For example, counting perfect matchings in a bipartite planar graph G can
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be achieved by evaluating the determinant of a special matrix, known as the Pfaffian
[54]. Similarly, the number of spanning trees of a graph can be computed by evaluating
the determinant of another special matrix, known as the Laplacian [55] (see §1.3.2 for
a description of a related result). It is well-known that the determinant of any matrix
can be computed in polynomial time [85]; hence, both these problems are in FP. See
[47, Chapter 1] for a nice presentation of both these results.

However, the majority of interesting counting problems tend to be #P-complete.
For example, counting perfect matchings [92], counting Eulerian orientations [69],
counting solutions to propositional formulae in DNF [93], and estimating the partition
function of several important models in statistical physics [97] are all examples of #P-
complete problems. In all these cases, the best known algorithms for exact counting
have exponential running time, despite the corresponding decision problems lying in P.
This has shifted the focus towards designing polynomial algorithms for approximate
counting. Many of these algorithms use randomisation to produce a close estimate of
the true answer with high probability, but run in polynomial time. That is, at some
points during the execution of the algorithm a “fair coin” is tossed and the next step
of the algorithm depends on the outcome. This leads to algorithms which can produce
different outputs on different executions with the same input and sometimes produce
an output that does not match the requirements of the problem. The goal in analysing
this type of algorithm is not only to prove that they run in polynomial time but also
that the probability of the answer being correct is sufficiently high. Formally, we are

interested in designing algorithms with the following specifications:

Definition 1.30. Let X be a finite alphabet and let f : ¥* — N be a counting problem
on X. A randomised approximation scheme for f with confidence parameter 0 is a
randomised algorithm that takes as input an instance x € £* and an error parameter €,
and outputs a number N € N (this is a random variable of the “coin tosses” made by
the algorithm),

Pl(1—€)f(x) <N < (14+€)f(x)] > 1 3. (11)

We call this a fully polynomial randomised approximation scheme, or an fpras, if the
algorithm runs in time bounded by a polynomial in |x|, €' and log(8~!) for every

instance x.

Remark 1.31. We cannot expect an fpras to exist for every problem in #P. For example,

suppose we had an fpras for #SAT. That is, we have an algorithm 4 that takes as input
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a propositional formula y and returns a number N satisfying
(1 —e)#SAT(y) <N < (1+¢)#SAT(y)

with probability 3/4. Then, if ¥ has no satisfying assignments 4 returns 0 with
probability 3/4. But if y has one or more satisfying assignments 4 returns some
number N > O with probability 3/4. Hence, 4 can determine whether or not  is
satisfiable with 3 /4 accuracy. It is widely believed [3, Chapter 7] that such an algorithm
cannot exist for any NP-complete problem; hence, it is unlikely that an fpras for #SAT

exists.

In light of Remark 1.31 we only search for an fpras for a problem f € #P if we

know that the corresponding decision problem is in P.

1.1.2 The relationship between counting and sampling

In almost all known approximate counting algorithms, the use of randomness referred
to in Definition 1.30 is necessary. That is to say, apart from a few notable cases, e.g.,
[96, 8], the only known approximate counting algorithms are randomised algorithms.
One of the reasons for this fact is that most approximation algorithms for # P-complete
problems take advantage of a close relationship between approximate counting and
random generation discovered in 1986 by Jerrum, Valiant, and Vazirani [52]. Before

we describe this relationship, we define the sampling problem for a relation R.

Definition 1.32. Let X be a finite alphabet and let R C £* x X*. The sampling problem
for R asks for a randomised algorithm that, given an instance x € X*, generates

uniformly at random y € £* such that (x,y) € R.

Often, it is too much to ask for an algorithm that samples exactly from the uniform
distribution. However, when this is the case we are sometimes able to come up with
an algorithm that generates samples from a distribution that is close enough to uniform
for practical purposes. In order to be able to speak about the accuracy of a particular
sampling algorithm we need a notion of distance between probability distributions;
the variation distance (defined below) is a standard measure of distance between two

probability distributions [41, Chapter 2].

Definition 1.33. The rotal variation distance || u; — u ||7v between two distributions

ui,u on a set Q is defined as

1
| 1 — 2 |lv= 3 Y i (@) — ()| = max |u; (A) —w(A)].
weQ ACQ
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PM(G€192) PM(Gew_z) PM(Gé’_lez) PMe_le_Z (G)

Figure 1.1: Top three levels of a decomposition tree for the perfect matching problem

Now that we have a notion of distance between probability distributions, we are

able to define what it means for an algorithm to be an almost uniform sampler.

Definition 1.34. Let X be a finite alphabet and R C X* x £*.  An almost uniform
sampler for R is a randomised algorithm which, for instance x € £* and sampling
tolerance 8 > 0, outputs a random variable W € {y € £* : (x,y) € R} such that the
variation distance between the distribution of W and the uniform distribution is no
more than 8. We call this a fully polynomial almost uniform sampler, or an fpaus, if

the algorithm runs in time polynomial in |x| and log &~ for all instances x.

There is a class of relations for which the existence of an fpras for the counting
problem is equivalent to the existence of a fpaus for the sampling problem [52]. The
relations for which this is the case are those which satisfy a property known as self-

reducibility.
Definition 1.35. A relation R C X* x X* is said to be self-reducible if and only if

1. there exists a polynomial time computable function g : ¥* — N such that
(,y) € R=|y| = g(|x]);

2. there exist polynomial time computable functions Wy : X* x ¥* — ¥X* and
6 : X* — N satisfying

6(x) = O(log(|x])), (1.2)

gx)>0—0(x)>0 VxelXlr, (1.3)

w(x,w)| < |x| Vx,weXr, (1.4)
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and such that, for all x € £* and all y = y1 -+ yg(jy)) € %,
(X312 V() € RS (WX, 21 Yo(x))sVo(x)+1° Ve(x)) ER . (1.5)

The above definition requires that if we choose the first 6(x) bits of a solution to
x we can construct another smaller instance of the same problem x’ = y(x,y; - - ch(x))
such that the solutions of x starting with y;---yg(,) are obtained by concatenating
Y1+ Yo(x) With a solution y’ of ¥, and that every solution of x" gives a solution to x
in this way.

Intuitively, this says that, given any instance x, we can construct a number of
smaller instances of the same problem such that the solutions of x are obtained by
extending solutions to the smaller instances. Thus, we can think of the function y as

decomposing the set of solutions to x into a tree structure such that

1. each vertex is a subset of the solutions to x, with all solutions at the root, and the

sets at the children of a node partitioning the set at that node ;
2. each edge is labelled with a string w € X*;

3. each leaf is of the form § = {y}, with y equal to the concatenation of the labels
on the path from the root to S.

We will now demonstrate the concept of self-reducibility with a concrete example.

Example 1.36. Let G = (V,E) be a graph. A matching of G is a set M C E such that
each vertex is contained in no more than one e € M. We say a matching M is perfect
if every vertex in V is contained in some edge ¢ € M. We denote by PM(G) the set of
perfect matchings of G. Now, suppose we have a relation R where (x,y) € R if and only
if x encodes a graph G = (V,E) and y encodes a perfect matching of G. Each solution
isastring y1yz---ym where y; = 1 if e; € M and y; = 0 if ¢; ¢ M (we are assuming some
order on the edges E = {ej,e2,...,em}).

Given any edge ¢ = {u,v} of G we can construct two graphs G,, in which we
remove u and v and all edges incident with them from G, and Gg, in which we only
remove e from the set of edges. Every perfect matching of G; is a perfect matching
of G; in fact, the perfect matchings of G; are exactly the set of perfect matchings of
G that do not contain e. The perfect matchings of G, are not perfect matchings of G,
since neither u nor v is contained in any perfect matching of G,. But we can add e

to every perfect matching of G, to obtain a perfect matching of G; hence, the perfect
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matchings of G, correspond exactly to the perfect matchings of G that contain e. By
repeating this process, we obtain a tree decomposition of the set of perfect matchings

of G in the form of Figure 1.1

Suppose we have a self-reducible relation R and an fpras, COUNT, for the counting
problem of R. The fpaus implied by the result of [52] is given (roughly) in Algorithm 1.
If we had an algorithm for computing Nr exactly, then Algorithm 1 would be an exact
sampler. However, since we only have an fpras we must make do with approximations
to each of the Nr(x;) when we compute the probabilities at Step 4. However, we are
able to obtain close enough approximations to the values Nr(x;) to ensure that the

algorithm is an fpaus. See [52] for details.

Algorithm 1: GEN
Input: x € ¥* and self-reducible R C £* x £*

Output: An almost uniformly random y € ¥* such that (x,y) € R

1 begin

2 Obtain x1,xy, . .., x, from x by choosing the first 6(|x|) bits of the solution;
3 fori< 1tondo

s | | pie COUNT(x):

5 end

6 Set x' = x; with probability proportional to p;;

7 yi + GEN(X');

8 return the y € £* with (x,y) € R corresponding to y;;

9 end

To go in the other direction, turning an fpaus into an fpras we use Algorithm 2.
Assuming we have an fpaus for a self-reducible R, GEN, Algorithm 2 is an fpras for
Nr. Again, see [52] for the details. In §2.7, we describe the application of Algorithm
2 to a concrete example.

Fortunately, for those of us interested in algorithms for counting and sampling, a
great deal of #P-complete problems are self-reducible. Moreover, in the cases where
they are not, e.g., transposition tables [22, 23], the problems often satisfy a slightly
weaker self-reducible property which means we can still use Algorithm 2 to construct

approximate counting algorithms.
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Algorithm 2: COUNT
Input: x € X* and self-reducible R C X* x £* and a constant € > 0

Output: A number N such that (1 —€)N < Ng(x) < (14+€)N

1 begin

2 I:=1,m:=g(x), t := 180|x|;

3 while g(x) > 0 do

4 Let S = {yi,...,y:} be the set of results obtained by making ¢ calls to
GEN with input (x,&/11m);

5 Let w be the most common prefix of elements of S;

6 p:=|{y € S:wis an initial segment of y}|/|S|;

7 x:=y(x,w);

8 I1:=11/p;

9 end

10 return I1

1 end

1.1.3 Applications of counting/sampling algorithms

An important class of counting/sampling problems come from the field of statistical
mechanics (also known as statistical physics) [7]. Statistical mechanics provides a
framework for relating the microscopic (local) properties of individual atoms and
molecules in some physical object to the macroscopic (global) properties that can
be observed in the real world; in particular, it provides an interpretation of the
thermodynamic properties of an object, such as free energy and entropy, in terms
of the microscopic properties of the configuration of the particles within that object.
These systems will, in general, contain a large number of particles, thus rendering exact
computation impractical due to an unfeasibly large number of possible configurations.
However, if we have an fpaus for generating random configurations, we can generate
a large number of samples and then estimate the thermodynamic property of interest
by averaging over all the samples generated. Moreover, an important quantity known
as the partition function is no more than the solution to the counting problem which
enumerates the number of configurations (possibly with some weight associated
with each configuration). In many cases, evaluating the partition function is #P-
complete [45, 97] and many algorithms for approximating the partition function use

Markov chain Monte Carlo [50, 62]. One of the problems studied in this thesis,
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counting and sampling Eulerian orientations of planar graphs, is equivalent to counting

and sampling configurations in so-called ice-type models [7, Chapter 8].

1.2 Markov chain Monte Carlo

In this section we define Markov chains and explain how they are used in the
construction of algorithms for almost uniform sampling. General references for the

material of this section are, e.g., [41, Chapter 6], [70, Chapters 7, 10 and 11] and [47].

Definition 1.37. A discrete-time Markov chain M with finite state space Q is a
stochastic process (X;)r>0, with X; € Q for all ¢+ = 1,2,..., that satisfies the Markov

property:
PXi 1 =y[X =x,Xi-1 =X1,..., Xo = x0] =P[X; 11 = y|X; = x;]; (1.6)

that is, the probability of being in a particular state at the (z + 1)-th step depends only
on the state at the z-th step.

In the applications of Markov chains to sampling problems we are only ever
interested in time-homogeneous Markov chains, where the probability in (1.6) depends
only on the state and not on the time 7. In this situation, we can define a Markov chain

by its transition probability matrix P:
P(x,y) =PXip1 =y[Xi =x] Vx,yeQ. (1.7)

For ¢t > 0, we then define the z-step probability distribution of M by the following

inductive formula:

P (x,y) = I(x,y), ifr=0;
’ Y.coP ' (x,2)P(z,y), otherwise,

where I(x,y) = 1 if x =y and O otherwise. Every Markov chain has a number of

stationary distributions which are the distributions P’ (x, ) can converge to as t — .

Definition 1.38. Let M be a time-homogeneous Markov chain with state space Q and
transition probability matrix P. A distribution © : Q — [0,1] is called a stationary
distribution of M if

Z n(x)P(x,y) =mn(y) VyeQ. (1.8)
xeQ
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An arbitrary Markov chain can have any number of stationary distributions, but
in the application of Markov chains to designing sampling algorithms we will want
chains that always converge to the distribution we are interested in. We now define the

ergodic property, which ensures that a chain has a unique stationary distribution.

Definition 1.39. Let M be a time-homogeneous Markov chain with state space Q
and transition probability matrix P. M is said to be ergodic if M is aperiodic and

irreducible:

M is aperiodic if Vx € Q, ged{t : P'(x,x) >0} =1; (1.9
M is irreducible if Vx,y € Q, 3¢ such that P’ (x,y) > 0. (1.10)

Remark 1.40. A sufficient (and easily testable) condition for aperiodicity is:
Vx € Q, P(x,x) >0. (1.11)

The following well-known [41] theorem shows that ergodic Markov chains always

converge to a unique stationary distribution.

Theorem 1.41. Every ergodic Markov chain M has a unique stationary distribution

T, moreover, M converges to T in the sense that P'(x,y) — 7(y) for all x,y € Q.

We say a Markov chain is time-reversible if it satisfies the detailed balance
condition
Vx,y € Q  T(x)P(x,y) = n(y)P(x,y),. (1.12)

If P is symmetric then (1.12) is true if and only if 7 is uniform over Q.
A very simple example of a Markov chain is a random walk on a graph or directed

graph.

Example 1.42. Let G = (V,E) be a graph. The random walk on G is a Markov chain

with state space V and probability transition matrix

1 if E;
P(u,v):{ Tty TV} E . (1.13)

0 otherwise

This is just the random process on V which, at each step, moves to a random neighbour
of the current vertex. We observe that this Markov chain is ergodic if and only if G is
connected and non-bipartite. Obviously, the graph must be connected for the random

walk to be irreducible. On the other hand, if G is bipartite then the random walk
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is periodic with period 2: after ¢ steps we are in the same part of the bipartition we
started in if and only if ¢ is even. The presence of a single odd cycle ensures that the
random walk is aperiodic, since this gives an odd length path by which the chain can
return to any vertex on the cycle from itself. The stationary distribution of this chain is
not uniform; if we take 7 to denote the stationary distribution of the random walk, we
have

_ deg(v)

TC(V) - 2'm )

where 2m =Yy deg(v). It is easy to check that this distribution satisfies (1.8) since,

forallveV,
1 deg(v)
P _ — V . P O - = .
TPy = 5 eV Plu) >0} = TFE <7

We can also define random walks on directed graphs. For a directed graph
G = (V,A) we replace (1.13) by

1 . .
P(u,v) = outdeg(u) if (u,v) € A;
0 otherwise

In this case, at each step we follow a random outgoing arc of current vertex to reach the
next state. However, in this case we do not always have a nice stationary distribution

as we do for random walks on undirected graphs.

Given a relation R C X* x £* we can construct an almost uniform sampler for R by
defining a class of Markov chains such that for each instance we have an ergodic chain
M that converges to the uniform distribution on the set of feasible solutions.

If we run a Markov chain M = (Q, P) for an infinite number of steps, and then
take the current state as our output, we know that this will be be sampled from the
stationary distribution of /M . In practice, we can only run the chain for a finite number
steps. A Markov chain Monte Carlo (MCMC) algorithm generates random samples
from a set Q by starting at some state xo € Q and then running a Markov chain for
sufficiently many steps that the probability of any particular y € Q being the current
state is (approximately) 7(y). The quality of the sample improves as a function of the
number of steps. However, given an arbitrary Markov chain it is far from clear how
long we need to run it for before the distribution is “close enough” to the stationary
distribution (i.e., within € in total variation distance), and this can vary hugely even
across Markov chains defined on the same state space. The time it takes for this

convergence to occur is known as the mixing time of the Markov chain, defined below.
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In the following, we assume we are dealing with an infinite family of Markov chains
defined by the instances of some sampling problem. The properties described are

asymptotic properties for all chains in such a class.

Definition 1.43. Let M be a finite, discrete time Markov chain with state space Q. For
€ > 0, the mixing time of M from initial state x € Q, T,(€), is defined as

To(€¢) = min{z : [|P'(x,-) — @||7v < €}.

We define the mixing time of M, 1(€), to be the maximum over the mixing times from

each state:

T(e) = Slelg T (€) .

Definition 1.44. A Markov chain M on state space Q is said to be rapidly mixing if,
for all for all initial states x € Q and all € > 0, T,(€) is bounded above by some function

which is polynomial in |x| and €'

. A Markov chain is said to be torpidly mixing if
there exist some € > 0 and x € Q for which t,(¢€) is bounded below by some function

exponential in |x|.

For example, if the state space of the Markov chain is the set of perfect matchings
(Example 1.36), then the mixing time must be bounded in terms of the number of
vertices and edges of G.

Suppose R is a relation defining a self-reducible counting problem. If we have a

Markov chain M which is rapidly mixing on the set of solutions,
Q() = {y € I*: (x.y) €R},

for all x € X*, then M is an fpaus for R, and we can use the Algorithm COUNT
(Algorithm 2) to construct an fpras for the counting problem Ng. So, the problem of
finding an fpras can be reduced to the problem of finding a rapidly mixing Markov
chain.

There are two principal techniques used in the analysis of the mixing times of
Markov chains: coupling and conductance. Coupling is used to show that chains
are rapidly mixing, whereas conductance can be used to show that chains are rapidly

mixing or torpidly mixing.

1.2.1 Coupling

Coupling is a standard technique for proving upper bounds on the mixing time of
Markov chains [1, 16].
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Definition 1.45. A coupling C of a Markov chain M is a stochastic process (X;,Y;);>0
on Q x Q such that each of the marginal distributions, (X;);>0 and (¥;);>o0, is a faithful

copy of the original Markov chain.

One approach to bounding the mixing time of a Markov chain is to use the coupling

inequality of Aldous [1].

Lemma 1.46 ([1]). Let M = (Q, P) be a time-homogeneous, finite state Markov chain.
For every state x € Q, the variation distance between T and the t-step distribution at
time t, P'(x,-), is bounded above by the probability of any coupling coalescing by time
t, iLe.,

max || P — 7 ||y < sup P[X, #Y]. (1.14)
xXEQ X07Y0

Thus, in order to obtain a polynomial bound on the mixing time it suffices
to construct a coupling which will have coalesced (with high probability) after a
polynomial number of steps. In general, couplings can be difficult to describe and

analyse, so it is common to restrict attention to Markovian couplings.

Definition 1.47. A coupling C of a Markov chain M = (Q, P) is said to be Markovian
if C is itself a Markov chain on Q x Q. That is, the distribution of the pair of states
(Xi+1,Y+1) depends only on the values of (X;,Y;).

The advantage of Markovian couplings over general couplings is that they allow us
to analyse the behaviour of the coupling by considering only single steps at a time. We

now give an illustrative example of a Markovian coupling.
Example 1.48. Let G = (V,E) be a graph. A k-colouring of G is a mapping
6:V—={1,2,...k}.

We say G is a valid k-colouring if 6(u) # o(v) for every {u,v} € E. Let Q be the set of
all valid k-colourings of G. There is a very simple Markov chain M on Q. Let X; € Q
denote the current state of the chain. We now define how one step of the Markov chain

obtains X; | from X;.
One step of the chain M
1. Choose v eV and c € {1,2,...,k} uniformly at random;
2. Let X’ denote the colouring in which X'(u) = X;(u) for all u # v and X'(v) = ¢;

3. If X’ € Q then set X; ;| = X’. Otherwise, set X; 1 = X;.
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This chain is ergodic when the number of colours k is greater than the minimum degree
of G plus 2, see, e.g., [70, §11.5], and converges to the uniform distribution on 2. The
simplest coupling of M is the one which chooses the same vertex v and colour ¢ for
both chains. If we can re-colour v to ¢ in both chains, then we have increased the
number of vertices that the two copies of the chain agree on. However, if we can re-
colour v in one copy of the chain but not the other, and v has the same colour in the
current state of both chains, then the number of disagreements will increase,

It has been shown that the simple coupling described above can be used to prove
rapid mixing of M whenever we have k > 2A + 1, where A is the maximum degree
of G [46]. It is known that the Markov chain M is rapidly mixing for graphs with
fewer colours but these results require more sophisticated couplings, some of which

are non-Markovian. See [34] for a survey of these results.

We will give more details of coupling and a technique called path coupling [16, 13]

when we analyse the mixing time of a particular Markov chain in Chapter 2.

1.2.2 Conductance

The coupling technique can only be used to show that a Markov chain is rapidly mixing
and, in the case of Markovian couplings at least, cannot always be applied [58]. An

alternative approach is to estimate the conductance of the chain.

Definition 1.49. Let M = (Q, P) be a discrete state, time-homogeneous, Markov chain
with stationary distribution 7. For any non-empty set S C Q the conductance ®(S) of
S is defined to be

CD(S) _ ZxES,yeQJ\&E)(X)P(x,y)

We define the conductance of M as being the minimum over all sets:

P(M) = gnlg D(S).
0<n($)<1/2

In 1989, Sinclair and Jerrum [79] showed how conductance could be used

to analyse the mixing times of Markov chains by exhibiting the following close

relationship between the conductance and mixing time of a Markov chain.

Theorem 1.50 ([79]). Let M = (Q,P) be a time-homogeneous, reversible Markov
chain and suppose P(x,x) > 1/2 for all x € Q. Then, the mixing time, T(€), and
conductance, ®(M), satisfy
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1. Forallx € Q, t,(¢) < @(;{)2 (log(ﬁfl) —i—log(n(x)’l));

—2®(M _
2. max,cqTy(€) > %log(e h.

Thus, if one can show that the conductance of M is “large”, i.e., bounded below
by an inverse polynomial in the size of the elements of Q, then one can deduce that M
is rapidly mixing. On the other hand, if the conductance of M is exponentially small
then M is torpidly mixing. Moreover, to show torpid mixing we only need to show a

bound on the mixing time for some € > (. Defining the boundary of a set S as
S ={x e S:P(x,y) >0 for some y € Q\S}

we get
O(S) < n(3S)/x(S). (1.15)

Hence, to show that a chain is torpidly mixing it suffices to find a set for which the
right-hand side of (1.15) is bounded above by some exponentially small function. This

is encapsulated in the following theorem, taken from [63]:

Theorem 1.51. If, for some S C Q satisfying 0 < |S| < |Q|/2, the ratio m(dS)/n(S) is
exponentially small in the size of the elements of , then the Markov chain is torpidly

mixing.

Conductance can also be used to find upper bounds on the mixing time, particularly
using a technique known as canonical paths, due to Jerrum and Sinclair [49]. This
technique has been successfully applied to analysing many Markov chains, e.g., [22,
51], but will not be used in this thesis. However, in Chapter 2 we will use a technique
known as comparison, which is also based on conductance, to analyse the mixing time
of a Markov chain (see §2.6.2 for details).

1.2.3 Dart throwing

An alternative approach that is sometimes applicable is dart throwing. Suppose we
have a set S whose elements we want to count or sample, but do not know of a
polynomial time algorithm for doing so. Now suppose that we have a polynomial
time algorithm for testing x € S and that there exists a set §’ O § for which we have an
Jfpaus and which satisfies

s 1

L 1.16
17 P00 (110
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where n is the size of the elements of S and p(-) is a polynomial. Then, using our fpaus
for §’, we generate elements of S’ until we obtain an element of S. Each element of
S’ is generated in polynomial time and (1.16) means we will only have to generate a
polynomial number of elements of S’ before we get an element of S. Moreover, we can

approximate
Ll
|S']

by generating a polynomial number of samples from S’ and then taking the proportion

(1.17)

of them which lie in S as an estimation of (1.17). Then, if we can also calculate or
approximate |S’|, we can use this to obtain an approximation of |S|. The fpaus for S’
could be a rapidly mixing Markov chain, e.g., [36], or S’ could be some simple set that
we can sample from without recourse to MCMC, e.g., [27].

In Chapter 3, we describe how this approach can be used to sample Euler tours
of a graph or directed graph. The algorithms resulting from this are shown to run in
expected polynomial time for almost every d-in/d-out graph and we conjecture that
they run in expected polynomial time for almost every 2d-regular graph. These results

are proven using random graphs.

1.3 Eulerian orientations and Euler tours

Recall that we denote the set of Eulerian orientations of a graph G by EO(G) and the
set of Euler tours by ET(G). It is a classical graph-theoretic result that the Eulerian
graphs are the only graphs that admit Eulerian orientations and that Eulerian graphs
and directed graphs are the only graphs and directed graphs to admit Euler tours. In

this thesis, we are interested in the complexity of the following two problems:

Name. #EO.

Instance. | An undirected graph G.

Output. | The number of Eulerian orientations of G.

and

Name. #ET.

Instance. | An undirected graph G.

Output. | The number of Euler tours of G.

We are also interested in these problems under various restrictions, specifically:
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Name. #PlanarEQO.

Instance. | A planar graph G.

Output. | The number of Eulerian orientations of G.

and

Name. #DirectedET.

Instance. | A directed graph G.

Output. | The number of Euler tours of G.

Recall the conditions for EO(G) ET(G) to be non-empty (Remarks 1.20 and 1.24).
Hence, to solve the decision problem EO(G) # 0 all we need to do is check that each
vertex satisfies the Eulerian condition (Definition 1.18). To solve the decision problem
ET(G) # 0 we need to check that each vertex satisfies the Eulerian condition and that G
is connected. Checking that each vertex has even degree and that a graph is connected
can both be achieved in polynomial time, so both decision problems are in P. However,
both #EO and #ET are #P-complete. Exact counting of Eulerian orientations was
shown to be #P-complete by Mihail and Winkler in 1992 [68, 69]. In [68, 69], Mihail
and Winkler also described a method to construct an fpras for #EO that works for
every undirected graph. In the case of Euler tours, the complexity of counting Euler
tours remained open until 2005, when it was shown to be #P-complete by Brightwell
and Winkler [15]. More recently, Ge and Stefankovic [37] have shown that counting
Euler tours is #P-complete for 4-regular planar graphs. The status of approximately
counting or sampling the Euler tours of an undirected graph is still unresolved, even
for simple classes, e.g., 4-regular planar graphs. Indeed, the only positive result to date
is the recent proof of Chebolu et al. [17] that we can exactly count the Euler tours of
series-parallel graphs in polynomial time. In the following two sections, we present a

summary of what is known about these two problems.

1.3.1 Eulerian orientations

The number of Eulerian orientations of an undirected graph is a subject that has
received attention in statistical physics [61, 6, 29], combinatorics [78, 95, 65, 33],
and theoretical computer science [68, 69, 62, 38]. The problem of sampling/counting
Eulerian orientations in a general Eulerian graph is almost entirely understood: the
complexity of exact counting resolved by Mihail and Winkler in 1992 [68, 69]; Mihail
and Winkler (also in [68, 69]) provided a reduction for constructing an fpaus or an

Jpras for any Eulerian graph, which we will describe in a moment.
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The Eulerian orientations of certain planar lattices have special significance
in statistical physics as the configurations of so-called “ice models” [61, 6, 7,
29], motivating studying the complexity of counting/sampling Eulerian orientations
restricted to planar graphs or planar lattices. Lieb [61] and Baxter [6] have derived
asymptotic expressions for the number of Eulerian orientations of the square and

triangular lattice.

Definition 1.52. The infinite square lattice is the 4-regular infinite graph with vertex
set {(i,j) : i,j € Z} and such that for every i, j € Z there is an edge joining (i, j) to
(i,j+£1)and (i£ 1, ).

Definition 1.53. The infinite triangular lattice is the 6-regular infinite graph with
vertex set {(i, ) : i,j € Z} and such that for every i,j € Z there is an edge joining
(l7j> to (lj: 17])’ (Z7J:|: 1)’ (l_ 17]+ 1)’ and (l_l_ 13.]_ 1)

The ice models defined on two further Eulerian lattices are studied in [29] but we
will not be considering them in this thesis. The lattices defined in Definition 1.52
and 1.53 are both infinite, so finite sub-lattices are used in order to be able to perform
computational analysis; boundary conditions are used to simulate the influence of the

infinite lattice.

Definition 1.54. A solid subgraph of an infinite lattice is subgraph which can be

obtained by taking some finite cycle and everything lying on its interior.

Suppose, for example, we are taking the subgraph of the square lattice induced by
the set
{(i,/):0<i,j<n},
which we denote by G(n,n).
Each of the (n —2)? internal vertices of G(n,n) (those in which i, j ¢ {0,n— 1})
has degree 4 and we enforce the Eulerian condition on each of these. The boundary
vertices (those with at least one of i and j equal to O or n — 1) have one of the following

boundary conditions applied to them.

Fixed Suppose we have fixed an orientation for the rest of the infinite lattice,
which extends to an Eulerian orientation of G(n,n). Then, sampling an
Eulerian orientation consistent with the fixed boundary condition is equivalent
to sampling an o-orientation of G(n,n) for a specific a : V — Z, which we will

now define. For each (i, j) with 0 < i, j <n—1 we set a(v; ;) = 0. Each of the
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Figure 1.2: Square and triangular ice

non-corner boundary vertices has o(v) = +1 and each of the corner vertices has
o(v) € {—2,0,2} such that

n—1

Y o(vo) +o(va-1,i) + 0(vio) + (vip-1) =0.
i=0

Clearly, any a-orientation of G(n,n) can be extended to an Eulerian orientation
of the infinite lattice. Typically, a fixed boundary condition will be of a regular

form similar to that given by the dotted arrows in Figure 1.2;
Free Enforce the Eulerian condition on all even degree vertices and insist that
lindeg(v) — outdeg(v)| =1

for all vertices v of odd degree. The Eulerian orientations with free boundary
conditions could be viewed as a generalisation of a-orientations. Here we are

giving a set, a(v) = {—1,+1}, of allowed values for indeg(v) — outdeg(v);

Torus Assume that the graph is a torus, so the edge leaving a boundary vertex wraps
around and attaches to another boundary vertex. In the case of the grid we have

edges connecting (0, j) to (n— 1, j) and connecting (,0) to (n— 1,0).

The ice models defined on the square lattice and the triangular lattice are considered
solved [61, 6, 7], in the sense that an asymptotic expression is known for the number
of Eulerian orientations of the subgraphs induced by the set {(i,j) : 0 < i,j < n}
for a toroidal boundary condition. Specifically, in each case the authors obtain the
exponential growth rate of the number of Eulerian orientations of an n X n section of
the lattice with toroidal boundary condition. This is achieved using the transfer matrix
method [61, 6,7, 39].
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We now sketch the transfer matrix method, as applied to counting Eulerian
orientations of the square grid; this work is originally due to Lieb [61]. Let C denote
a configuration of the arcs in the k-th column of an Eulerian orientation of the n X n
grid; that is, an assignment of up or down to each arc. Each configuration can be
defined by choosing the set of down arcs, so there are 2" possible configurations. For
each configuration C’ of arcs for the (k+ 1)-th column, let A(C, C') denote the number
of ways to configure the horizontal arcs joining both columns so that the Eulerian
condition can be satisfied at each vertex. Note that this is dependent only on C and C’
s0 A(C,C") depends only on 7 and not k. Then, the number of Eulerian orientations of
the n x n grid with toroidal boundary conditions can be written as

n
Y'Y - Y TTA(Ci; Cist moa n) = Trace(A").
Co C1 Cp—1i=0
In [61] Lieb analyses the structure of A to find the maximum eigenvalue of A, which can
be used to estimate the asymptotic growth rate of Trace(A”). In [6] Baxter performs
a similar, though more complicated, analysis to obtain a corresponding result for the

triangular lattice.

Remark 1.55. The transfer matrix method is a general schema for counting structures
defined on grids and similar recursively definable graphs, see [39] for a general
description. When applicable, it yields an algorithm for exact counting. However,
these algorithms are often inefficient as they require the multiplication of large
matrices. This approach only becomes practical when some useful structure exists
that allows us to either (a) improve the running time of the algorithm or (b) obtain an
asymptotic estimate for the quantity in question. In §3.6, we discuss how the transfer

matrix method can be applied to counting Euler tours of the grid.

The research of Lieb and Baxter was carried out in the 1960s. Despite their
analyses of the asymptotic growth rate of the EOs of these lattices, the question of
whether there existed efficient algorithms for counting (exactly or approximately) was
still of interest. The estimates of [61] and [6] only capture the exponential growth
rate and so are not useful for the construction of an fpaus for sampling Eulerian
orientations either, so the question of whether one could sample Eulerian orientations
of these lattices in polynomial time remained open until the result of Mihail and
Winkler [68, 69] in 1992. Being able to generate random configurations of models is
important in statistical physics as physicists often want to compute average properties
of configurations; hence, this was an important open problem in the area of sampling

algorithms.
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In a related line of research, McKay [65] has obtained asymptotic estimates for
the total number of Eulerian directed graphs and Eulerian orientations on n vertices,
as well as the number of Eulerian directed graphs and Eulerian orientations on n

2. The results of §3.4 of this thesis can be viewed as

vertices with exactly m edges
complementing those of [65] by providing an asymptotic estimate of the number of
Eulerian orientations of random 2d-regular graphs, when d is a constant. In fact, we
provide a stronger result: an asymptotic expression for the distribution of the number
of Eulerian orientations of a random 2d-regular graph. We are also able to show that
almost every 2d-regular graph has few Eulerian orientations, where few is taken to
mean within a polynomial factor of Schrijver’s lower bound [78] (see Theorem 1.56
below).

The flavour of the calculations in [65] is similar to that of §3.4, in the sense that both
obtain the asymptotic estimate by the so-called saddle-point method [25]. However,
the actual approaches are quire different. McKay defines a generating function whose
constant term is equal to the required quantity and then applies Cauchy’s theorem to
obtain an integral expression for this value. In §3.4 we take a more direct combinatorial
approach, using the configuration model for graphs with fixed degree sequence. The
approach of McKay seems to be best suited to the situation where we are enumerating
all objects in a set, without regard to the vertex degrees. Although a similar approach
has been applied to estimating the number of graphs with fixed degree sequence [67],
we do not know of any result applying this approach to counting Eulerian orientations
or Eulerian directed graphs with fixed degree sequences. Moreover, McKay’s method
is not suited to the extra analysis required to obtain the concentration result mentioned
above. However, one distinct advantage of the approach used in [65] and [67] is that
the results hold for larger degrees. Results using the configuration model only hold
when if the degrees of the vertices are very small compared to n. Although beyond
the scope of this thesis, it would be interesting to see if McKay’s approach could be
extended to obtain similar results (to those of §3.4) for graphs with larger degrees.

Several authors have derived upper and lower bounds on the number of Eulerian
orientations of certain classes of Eulerian graphs. The number of Eulerian orientations
of a regular graph has been studied by Schrijver [78] and Las Vergnas [95]. Schrijver

proved the following theorem.

Theorem 1.56 (Schrijver [78]). Let d be some fixed integer and let G be a 2d-regular

ZRecall from the discussion in Remark 1.6 that not every Eulerian directed graph is an Eulerian
orientation.
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graph on n vertices. Then,

(Zd) n 2d n/2
(ﬁ swEo<G>rs(d) .

Las Vergnas [95] was able to generalise the bound of Theorem 1.56 by considering
also the girth and the number of edge-disjoint cycles in the graphs.

For the planar case, Zickfeld and Felsner [33] have, in the more general context
of «a-orientations, obtained upper and lower bounds on the number of Eulerian
orientations of several classes of planar graphs. In particular, they showed that the
number of Eulerian orientations of any planar Eulerian graph G is never less than the
number of o-orientations of G, for any o.

The number of Eulerian orientations of a graph G is closely related to the number
of perfect matchings of a specially constructed bipartite graph. For any Eulerian graph

G = (V,E) we can construct a bipartite graph H such that

[ 1(deg(v)/2)!|EO(G)| = |PM(Hg)], (1.18)

vevV

where EO(G) denotes the set of Eulerian orientations of G and PM(H) denotes the
set of perfect matchings of Hg. This reduction was first made explicit by Mihail and
Winkler [68, 69] but is implicit in the earlier work of Schrijver [78].

We now describe the reduction and explain how it can be used to construct an fpras
or an fpaus for EO(G), despite the fact that Eulerian orientations are not self-reducible.
Let G = (V,E) be an Eulerian graph. Let H; = (A, B, F) be the bipartite graph with
bipartition

A=JX), Xo={xwe:e={uv}€E},

vev

and

B={w,:e€E}U UYV, Y, ={yi: 1 <i<deg(v)/2}.
veV

and edge set

F ={(xye,We), (xye,we) :e={u,v} € E}U U X, X Y,.
veV

Suppose we have an Eulerian orientation £ € EO(G). We construct a perfect matching
M € PM(Hg) as follows: for each edge e = {u,v} € E we include (x,.,w,) in M if e
is oriented (u,v) in E and include (x,.,w,) in M if e is oriented (v,u) in E; complete

M by, for each v € V, choosing any perfect matching on Y, and the unmatched vertices
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in X,. Every edge in G receives an orientation in E, so every vertex in {w, : e € E}
is matched with a vertex in J,cy X, in the first step. This uses up half of the vertices
in UJ,cy Xy. The remaining vertices are all matched with Y, in the second step, so the
construction always yields a perfect matching. Moreover, each Eulerian orientation

gives rise to exactly

[ [ (deg(v)/2)!

vev

perfect matchings; this is the number of ways to choose the edges in the second step.

Now, suppose we have a perfect matching M € PM(H). We construct an Eulerian
orientation E of G as follows: for each edge e = {u,v} € E we orient e towards u if
(Xu,e,We) € M and orient e towards v if (x,.,w.) € M. Exactly half of the vertices in
X, must be matched to vertices in Y, in any perfect matching. Thus, exactly half of
the edges incident with v are oriented towards v in this construction. Moreover, the
perfect matching M exactly determines £ € EO(G), so there is exactly one Eulerian
orientation of G corresponding to each perfect matching of Hgz. The ratio (1.18)
follows from the fact that the procedure just described is exactly the reversal of
the mapping from Eulerian orientation to perfect matching described in the previous
paragraph.

The relationship between EO(G) and PM(G) has two important consequences: the
existence of an fpaus and an fpras for EO(G). Given a uniformly random perfect
matching M € PM(Hg), applying the reduction described above gives a uniformly
random Eulerian orientation £ € EO(G), since each £ € EO(G) arises as a result of
an equal number of perfect matchings. Thus, any fpaus for PM(Hg) can be turned
into an fpaus for EO(G). The celebrated Jerrum-Sinclair chain [49] (see [S1, 10] for
improvements) can be used to sample a perfect matching of any bipartite graph in time
O(n’ (logn)*).

Similarly, an fpras for counting perfect matchings of bipartite graphs can be used
to construct an fpras for the number Eulerian orientations of any graph G: multiplying

an g-approximation for PM(Hg) by

[1(deg(v)/2)!

vev

gives an e-approximation for EO(G). In [51], Jerrum et al. describe how to use the
Jerrum-Sinclair chain to construct an fpras for the number of perfect matchings of any
bipartite graph that runs in polynomial-time. Thus, by using the construction described

in [69], we can use the results of [51] (with an improvement to the running time from
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[10]) to show the existence of an fpaus and fpras for the Eulerian orientations of any
Eulerian graph.

Several authors [62, 38, 29] have considered other sampling schemes for the
Eulerian orientations of the Eulerian planar lattices, due to their connection to the
ice models of statistical physics. Eloranta [29] has studied dynamics for generating
random configurations of four different ice models, including the two described above
(see Figure 1.2). Although called probabilistic cellular automata in [29], these
dynamics are nothing more than the face reversing Markov chain studied in [62, 38]
and in Chapter 2 of this thesis.

Luby et al. [62] and Goldberg et al. [38] have shown that the face reversing Markov
chain mixes rapidly on the Eulerian orientations of the square lattice with fixed and
free boundary conditions, respectively. In this thesis, we extend current knowledge
by showing that counting Eulerian orientations remains #P-complete for planar graphs
and show that the Markov chain studied in [62] and [38] can be used to construct an
Jpras or fpaus for the Eulerian orientations of the triangular lattice. Specifically, in
Chapter 2 of this thesis we will show that this chain is rapidly mixing on the triangular
lattice under any fixed boundary condition. However, we also show that there exists an

infinite family of planar graphs for which this chain is torpidly mixing.

1.3.2 Euler tours

Euler tours are a classical graph theoretical structure, studied in every undergraduate
graph theory class. Indeed, the result believed to be the first theorem in graph theory
is the one that introduced Euler tours: Euler’s solution to the Konigsberg bridge
problem [30]. It was in order to solve this problem that Euler defined the concept
of a graph and stated what is now known as the Eulerian condition (Definition 1.18).
The complexity of counting/sampling Euler tours is quite different depending on
whether the input is a directed graph or an undirected graph. For any Eulerian directed
graph G it is possible to exactly count the number of Euler tours of G in polynomial
time [94, 47] and there exist many polynomial time sampling algorithms, e.g., [19, 72].
In the undirected case the counting problem is #P-complete in general and, apart
from the special case of series-parallel graphs [17] there are no known polynomial
cases. Moreover, apart from the cases of the complete graph [66] and series-parallel

graphs [17] there are no known polynomial time sampling algorithms.
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1.3.2.1 Euler tours of directed graphs

In the case of Eulerian directed graphs, it is possible to compute #ET(@) in polynomial
time using a relationship between the Euler tours of G and the arborescences of G (see
Definition 1.12).

For any Eulerian directed graph G= (V,A), the so-called BEST theorem (due to de
Bruijn and van Aardenne-Ehrenfest [94], extending a result of Smith and Tutte [80])
reduces the problem of computing | ET(G)| to the problem of computing | ARB(G, v)|

for any vertex v € V.
Theorem 1.57 ([94]). Let G = (V,A) be an Eulerian directed graph and let d, =
outdeg(u) for eachu € V. For any v € V, we have

|ET(G)| = | ARB(G,v)|. (1.19)

[T(d.—1)

ucV

We now sketch the proof of Theorem 1.57. Let G = (V,A) be an Eulerian directed
graph and let v € V. Suppose we have an Euler tour 7 = (ag,ay,...,an—1) of G
and further suppose that v is the source of ag. Given T we can construct a unique
ZNS ARB(@, v): for each vertex u # v we take the last arc leaving u on 7 to be the
unique arc leaving u in 4. To see that this construction always gives an arborescence,
suppose we have a cycle C = (vo,V1,...,Vk—1) such that (vi, V(i1 1) mod k) is the last arc
leaving v; on T for each i =0,1,...,k— 1. Consider how 7 behaves on G. Each time
T reaches a vertex v; on C the next arc on 7 is from G—C , unless we have reached the
last occurrence of v; on 7. But this cannot occur until 7" has passed all paths from v;
tovin G — C, in which case 7 would define an Euler tour on G-C , contradicting the
assumption that 7 is an Euler tour of G. Thus, choosing a¢ from the d, arcs leaving v
in G is sufficient to induce a unique arborescence 4 € ARB(G,v).

Next, suppose we have an arborescence A4 of G with root v. Moreover, suppose
we have an ordering on the arcs leaving each vertex of G such that for each u =# v the
unique arc leaving « in A4 is the last arc in the ordering. For each such ordering we can
construct a unique Euler tour of G as follows. Starting at v we choose the least-most
arc in the ordering of the out-arcs of v. Then, at each subsequent vertex we choose the
least arc which has not yet been used. This process terminates when we reach v and
there are no more unused arcs left to choose, and at this point we have constructed an
Euler tour of G.

Thus, there are d,, arborescences with root v associated to each Euler tour, one for
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each arc leaving v, and

(d)! [T (du—1)!
u#v

Euler tours associated to each arborescence with root v. Taken together, these two facts
imply (1.19).

One immediate corollary to Theorem 1.57 is that there are an equal number of
arborescences rooted at each vertex of any Eulerian directed graph. However, more
importantly, Tutte [90] showed that we can calculate the number of arborescences
rooted at a vertex of any directed graph by computing the determinant of minor of

a specially constructed matrix.

Definition 1.58. Let M be a n X n matrix. For any row/column index i, we denote by
M;; the matrix obtained by removing the row and column indexed by i. This is known

as the i-th minor of M.

Theorem 1.59 (Tutte [90]). Let G = (V,A) be a directed graph. We define the
Laplacian of G to be the matrix L with entries given by

U,y —

outdeg(u) ifu=v;
—dyy if u # v and there are d,, ,, arcs from u to v in G.

For any vertex v € V, the number of arborescences rooted at v is equal to the

determinant of the v-th minor of L.

We can calculate the determinant of any n X n matrix in time polynomial in n by,
e.g., Gaussian elimination [84]; hence, the above theorem tells us that we can count
the Euler tours of any Eulerian directed graph in time polynomial in the number of

vertices.

Remark 1.60. For the special case of 2-in/2-out directed graphs, Macris & Pulé [64]
claimed that one could obtain the number of Euler tours by computing the determinant
of an alternative matrix; Lauri [59] claimed to have a combinatorial proof of this
result. However, the result in [64] is incorrect. Indeed, we can construct an example
with 5 vertices for which this method gives the wrong value. This counter-example is

contained in Appendix A.

Remark 1.61. The importance of the BEST theorem goes beyond the fact that it allows
us to count Euler tours of directed graphs in polynomial time. Indeed, almost every
result about counting or sampling Euler tours of any graph (directed or undirected)

depends on the relationship implied by this theorem, e.g., [19, 66, 72, 15].
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There exist several schemes for generating random Euler tours of an Eulerian di-
rected graph G, all of them based on the relationship between tours and arborescences
described above. These can be grouped into two types: those based on the fact that
we can count the number of arborescences in any directed graph in polynomial time
[42, 18, 57, 19]; and those based on a random walk in G [53, 99, 72]. In the next two
paragraphs we will briefly describe algorithms of both types.

In the algorithms based on Theorem 1.59, the arborescence is constructed one arc at
atime. At each step the algorithm considers a vertex # which has not yet been assigned
its unique out-arc in 4. Let Out(u) denote the set of arcs leaving u in G and suppose
we want to compute the probability a = (u,w) € Out(u) is contained in a uniformly
random arborescence of G. Let G, denote the directed graph in which we have replaced
u and w by a single vertex uw which has the same outgoing arcs as w in G and has the
incoming arcs of both « and w in G. The arborescences in ARB(G, v) containing (i, w)
are in one-to-one correspondence with the arborescences in ARB(éa,v). Hence, the

probability (i, w) is contained in a uniformly random element of ARB(G, v) is

| ARB(Gg,v)|

0 (1.20)
| ARB(G, v)|

By Theorem 1.59, we can compute (1.20) in polynomial time. We need to choose
n — 1 arcs, so the total computational cost of choosing a random arborescence is a
polynomial in n. Implemented naively, this algorithm will have running time O(n?)
but some clever tricks used in [19] reduce this to the amount of time taken to multiply

n x n matrices (currently O(n>376) [217%).

Remark 1.62. The astute reader will notice that the algorithm just described is no more

than an instantiation of the general scheme described in Algorithm 1.

The second, and perhaps better-known, class of algorithms are based on random
walks [72]. The most efficient of these algorithms is believed to be the Propp-Wilson
algorithm [72], which is based on the concept of loop-erased random walks. The
running times of these algorithms are in terms of properties of the random walk, e.g.,
cover time or hitting time (defined below), so a direct comparison of running times
is difficult. For some cases, the running time of a random walk based algorithm

could be exponential, in which case algorithms based on Theorem 1.57 could be more

31t is worth mentioning that the constant term hidden by the O(-) here is so large that the algorithm
is only worthwhile when used for matrices that are so large modern computers would struggle to handle
them. Hence, the best practical algorithm is still Strassen’s algorithm [85] (see [98] for a general
reference), which has running time O(n?87)
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efficient. However, it is believed that for most graphs, the Propp-Wilson algorithm will

outperform all known algorithms based on Theorem 1.57 [72].

Definition 1.63. Let G = (V,A) be a directed graph and let u,v € V. A random walk
Y from u to v is obtained by setting y; = u and then setting Y, ; to be the target of a
randomly chosen arc leaving 7; until we reach Y, = v. A loop erased random walk, Y,
is constructed from y by removing all loops in the order in which they appear on y. We
define the indices of the positions in 7y that are not on loops, i.e., the positions that do

not occur between two occurrences of some vertex on v, inductively by
i1=1;
ij=max{i:y,=v, }+1.

Then 7, the loop erased version of v, is defined by v; = Vi,
We define a random variable LERW (u,v) whose value is a loop erased random
walk from u to v. Similarly, LERW (u,U) is a loop erased random walk from u to any

vertex in U'; that is, the random walk Y terminates as soon as we reach a vertex from U.

Example 1.64. Suppose we have
vy=1,2,3,1,4,2,5.
Thenii=1,ip,=5,i3=6and iy =7, so

Y =1,4,2,5.

Algorithm 3: Propp-Wilson
Input: A directed graph G = (V,A) and a vertex v € V

Output: A uniformly random arborescence A4 of G rooted at v

begin
U<+ {v}, 4+ 0;

while U #V do
ChooseucV —U;

Y<— LERW (u,U);
Add the edges of yto T and the vertices to U;
end

end
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The Propp-Wilson algorithm is presented as Algorithm 3. Propp and Wilson proved
that this algorithm generates a random arborescence from the uniform distribution on
ARB(@, v) for any directed graph, and that the running time is bounded by the hitting

time.

Definition 1.65. Let G = (V,A) be a directed graph. The hitting time of u,v € V is the
random variable recording the amount of time for the random walk on é, (Xt)r>0, to

reach v given that it started at u:
H,,=inf{t: X; =v:Xo =u}.
The hitting time of G is the maximum expected hitting time over all pairs of vertices:

h(G) = max E(H,,).

u,vev

Remark 1.66. The Propp-Wilson algorithm can be regarded as a Markov chain, M py,
on ARB(@), which operates as follows. Let X; denote the 7-th state of the chain and
let r, be the root of X;. We use X;(v) to denote the unique arc leaving v in X;, for each

v # r;. We now describe how M py generates the next state of the chain, X; 1, given X;.
One step of the Markov chain M py,
1. Choose a random arc (r;,r11) € A.

2. Obtain X, from X; by removing X; (r;+1) and adding (rz,7141).

Consider what happens when the sequence of root vertices of states, X;,...,X; ¢,
forms a cycle (vo,vi,...,vk—1). On the transition (X;,X;11) we remove (vg,v;) from
the arborescence and add (vy,v;). Then, on the transition (X;y1,X;12) we remove
(vi,v2) and add (v3,v3), and so on. Eventually, the transition (X; 1 1,X;1x) removes
(vi—1,v0) and adds (vo,vi). Hence, X;.; = X;. Thus, at any particular step ¢ of the
chain, the arcs which have been used by the random walk but are not on a loop are
contained in X;, so this chain is equivalent to the Propp-Wilson algorithm [72]. The
result of Propp-Wilson [72] was to show that this chain has reached its stationary

distribution once all vertices have been visited by the random walk.

1.3.2.2 Euler tours of undirected graphs

Next, we turn to the problem of generating and counting Euler tours of an undirected
graph G = (V,E). Two alternative representations have been used to reason about the

set of Euler tours of an undirected graph: transition systems and orbs.
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The first, and more direct representation, is to define a tour 7 according to its

component 2-paths: the pairs of edges which are visited consecutively on 7.

Definition 1.67. Let G = (V,E) be an Eulerian graph and let v € V(G). We define a
transition system at v to be a decomposition of the set of edges incident with v into
pairs. A transition system of G is a function T that maps each v to a transition system
on v. We denote by TS(G) the set of transition systems of G.

We can also define a transition system of an Eulerian directed graph by adding the

restriction that an in-arc of v must be paired with an out-arc of v.

Suppose G = (V,E) is an Eulerian graph on n vertices such that deg(v) = d,, for

each v € V. The number of ways to choose a pairing of the edges at v is

(devv) dv! .
24

hence, the number of transition systems of any graph satisfying deg(v) = d, is

()ay!
2

[1

veV

In particular, every 2d-regular graph has

()

transition systems. Similarly, a directed graph in which ourdeg(v) = d,, for every

v €V, has

[T

vevV

transition systems, and every d-in/d-out directed graph has
d"

transition systems.

Each transition system 7" of G corresponds to a decomposition of the edges of G
into a set of edge-disjoint cycles, denoted by C(T'), where the edges that are paired
together by T lie on the same cycle. Hence, the Euler tours of G are equivalent to the
set of transition systems for which C(7T') contains exactly one component. It seems
the first method to exactly count the number of Euler tours of any Eulerian graph was

developed by Tarry [86] in 1887. This approach chooses a transition system vertex
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by vertex, ensuring that the current transition system can always be extended to the
transition system of an Euler tour. Suppose G is an Eulerian graph and v is a vertex of
G. Let P(v) denote the set of pairings of the edges incident with v. For each p € P(v),
let G, denote the graph obtained by removing v and adding the edges u,w for each
{{u,v},{v,w}} € p. Then, for any v € V, we have

#ET(G)= ). #ET(Gp). (1.21)

peP(v)
G, is connected

The equation in (1.21) can be expanded recursively to compute each of the #ET(G,),
stopping the recursion when we reach a graph for which we can easily calculate the
number of Euler tours, e.g., a graph with 2 vertices. This procedure is not practical
for large graphs as the running time is proportional to the number of Euler tours of
G, which is almost certainly exponential in the number of vertices. Therefore, Tarry’s
approach is not useful for developing polynomial-time algorithms for counting Euler
tours.

Kotzig [56] showed that any Eulerian transition system can be transformed into
another by performing a sequence of local changes, each one altering the transition

system at exactly one vertex.

Definition 1.68. Let G = (V,E) be an Eulerian graph, let 7 be an Euler tour of G
and let T denote the transition system corresponding to 7. A k-transformation at v
takes two pairs of edges {e, f} and {¢/, f'} in T(v) and obtains T’ by replacing them
by {e, f'} and {¢/, f}. If T’ induces an Euler tour 7"’ we call this an allowed transition
and denote this by 7 =, 7",

An allowed k-transformation corresponds to choosing two distinct occurrences of
von 7 and reversing the segment of 7" between them. In [87] Tetali and Vempala used
this result to define an ergodic Markov chain that converges to the uniform distribution
on the set of Euler tours of any Eulerian graph. The transitions in this chain are very
simple. Let X; denote the ¢-th state of the chain. We now describe how a step of the

Kotzig move chain obtains X, 1, given X;.

One step of the Kotzig chain

1. Choose v € V uniformly at random and choose a k-transformation uniformly at

random from the set of potential transformations;
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2. If the chosen transformation is allowed in X; then apply it to obtain X; as the
next state;

3. Otherwise, set X; 1 = X;.

In [87], Tetali and Vempala attempted to use the multi-commodity flow technique [49]
to prove this chain was rapidly mixing, in the case where the given graph is either
4-regular or 6-regular. To apply this technique one needs to define certain canonical
paths between states in the Markov chain. The construction for these paths in [87] does
not give paths with the claimed properties; hence, the proof does not work. Even now,
several years later, no one has been able to fix the argument of [87]. The reason for this
is that the structure of the state space of the chain, upon which proofs of rapid mixing
depend, is very complicated. Although the change we are making in an individual
transition is local, we need to look at the whole tour to determine whether or not a
particular change is legal. Generally speaking, the only Markov chains whose mixing
times are amenable to analysis by current proof techniques are those in which the
moves are very local; that is, we can determine which changes we can apply to a part
of the structure by considering the parts of the structure close to the part we want to
change. So, even in the simple cases of 4-regular and 6-regular graphs, the problem of
sampling Euler tours of undirected graphs in polynomial time remains open.

McKay and Wormald [67] have obtained an asymptotic expression for the number
of Euler tours of K, for n odd. One corollary of this result is that a simple dart throwing
algorithm can be used to generate random Euler tours of K;, in polynomial time. This
algorithm, described in Chapter 3 of this thesis, does not run in polynomial time for
every Eulerian graph: the graph B, (see Example 1.70 below) is one example of a
graph for which it will take exponential time; see §3.6 for more interesting examples.
Thus, it is an interesting open problem to determine on which classes of graphs this
algorithm is effective. In Chapter 3 of this thesis we present some partial results
towards showing that the simple algorithm studied by McKay and Wormald will run in
expected polynomial time for almost all 2d-regular graphs. Whether or not this is the
case depends on an unproven conjecture, a conjecture which is supported by empirical
evidence.

For many years it was not even known whether or not there might exist a
polynomial-time algorithm for exactly counting the Euler tours of an undirected graph.
This question was finally resolved by Brightwell and Winkler [15] in 2005, when
they showed that the problem was indeed #P-complete*. Brightwell and Winkler

4As one might have expected, given the difficultly in finding a polynomial-time algorithm.
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considered a second representation for the Euler tours of a graph G.

Definition 1.69. Let G = (V,E) be an Eulerian graph. We define an orb of G rooted
at v to be a pair (£, 4), where £ € EO(G) and 4 € ARB(E,v). We use ORB(G,v) to
denote the set of orbs of G rooted at a particular vertex v, and ORB(G) to denote the
set of all orbs of G.

From Theorem 1.57, we know that the number of Euler tours of a particular
Eulerian orientation £ € EO(G) is

[ [T (deg(u)/2— 1)1 |ARB(E,v),

ucV(G)

for an arbitrary vertex v € V. Hence, the number of Euler tours of G satisfies

|ET<G>|=%[ [T (deg(w/2~1)!] |ORB(G)].

ucV(G)

Brightwell and Winkler [15] showed that counting orbs is #P-complete via a reduction
from #EO; hence, #ET is also #P-complete.

Although the reason Brightwell and Winkler came up with the concept of an orb
was to prove #P-completeness of #ET, the connections between orbs and Euler tours
also suggests ideas that might allow us to come up with polynomial-time algorithms
for sampling Euler tours. Let (£,4) € ORB(G,v). We can generate a random
Euler tour associated with (£,4) in polynomial time: all we need to do is choose
arandom ordering on the non-arborescence out-arcs of each vertex and then follow the
deterministic procedure described in the proof of Theorem 1.57. Hence, if we could
sample from the uniform distribution on the orbs of G, we could also sample from
the uniform distribution on the Euler tours of G. Unfortunately, this is no easy task.
The algorithms for sampling arborescences do not generalise to sampling orbs as most
known algorithms for sampling arborescences are heavily dependent on the fact that
the input graph is directed.

To illustrate why the problem of sampling orbs of an undirected graph is so
different from that of sampling arborescences of a directed graph, we consider the
following naive idea for a sampling algorithm. Suppose we try to choose the
arborescence part of the orb step by step, in a similar fashion to the algorithms
based on Theorem 1.59, e.g., [19]. At each step we want to calculate the probability
that an edge incident with a vertex u is oriented away from u and contained in the

arborescence part of a random orb. But this would require being able to count the
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number of orbs containing a particular set of arcs in their arborescence, and this
is clearly #P-complete! Attempts to generalise the random walk algorithms to the
undirected case suffer from similar problems, since we need an algorithm that changes
both the orientation part and the arborescence part simultaneously.

We know that we can generate random Eulerian orientations of any graph in
polynomial time, and that we can generate Euler tours of any Eulerian directed graph in
polynomial time. However, simply choosing a uniformly random Eulerian orientation
£ € EO(G) and then choosing a random Euler tour 7 € ET(‘E) will not give a
uniformly random Euler tour, since different Eulerian orientations of a graph can have
very different numbers of Euler tours. For example, consider the graph obtained by

duplicating each edge of the n-cycle.

Example 1.70. Let B, be the multigraph obtained by duplicating each edge in the n-
cycle C, = (0,1,2,...,n—1). The Eulerian orientations of B, can be grouped into two
equivalence classes. For each i we label the edges joining i to (i + 1) mod n as e; and
fi. We say two Eulerian orientations E,E’ € EO(B,,) are equivalent if either E’ is the
reverse of ‘E or E’ can be obtained from E by switching the orientations of e; and f; for
each i in some set S C {1,2,...,n}. This relation partitions EO(G) into two classes:
the orientations in which e; and f; are both oriented in the same direction for every i
and the orientations in which e; and f; are oriented in opposite directions for every i.
There are exactly two Eulerian orientations in the first class and 2" in the second.

Both of the orientations in the first class have 2"~! arborescences rooted at each
vertex v, and each of the orientations in the second class have n arborescences rooted
at each vertex v. Hence, if we choose a random orb as suggested above, the probability
of obtaining a particular (£, 4) with  in the the first class is

1 1
21 42 p2n=1

but the probability of obtaining a particular (£, 4) with E in the second class is

1 1
4 2p2’

1.4 Contents of the thesis

The problems #EO and #ET have been shown to #P-complete for general graphs by
Mihail and Winkler [69] and Brightwell and Winkler [15], respectively. We extend

current knowledge by showing that the complexity of counting Eulerian orientations
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remains #P-complete for planar graphs. This result is contained in the first section of
Chapter 2.

The Eulerian orientations of any graph can be sampled in polynomial time, by
combining the reduction of Mihail and Winkler [69] with the results of Jerrum et
al. [49, 51] (improvements in [10]). A more natural chain on the Eulerian orientations
of planar graphs has been studied in [62, 38], in which the mixing time was analysed
on the Eulerian orientations of the square lattice. In Chapter 2 we show that this chain
is rapidly mixing on the triangular lattice, a planar lattice that which is of interest in the
statistical physics community [6, 29]. However, we also show that there exist planar
graphs for which it will always take an exponential time to converge.

In Chapter 3 we describe a simple algorithm that can be used to generate uniform
Euler tours or approximately count the number of Euler tours of any Eulerian graph or
Eulerian directed graph. It is known that this algorithm runs in expected polynomial
time for the complete graph [66], but also that it can be expected to take an exponential
amount of time for other graphs. We use the theory of random graphs to show that the
algorithm runs in expected polynomial time for almost every Eulerian directed graph.

Although we are not able to show that this algorithm runs in expected polynomial
time on almost every 2d-regular graph, we obtain some partial results towards showing
that this is the case. This includes an analysis of the number of Eulerian orientations of
arandom 2d-regular graph that is of independent interest. Whether or not the algorithm
runs in expected polynomial time for almost every 2d-regular graph depends on an
unproven conjecture regarding an estimate for the second moment of the number of
orbs of a random 2d-regular graph. In Chapter 3, we provide some empirical evidence

to support our conjecture.



Chapter 2

Eulerian orientations of planar graphs

2.1 Introduction

Recall that the Eulerian orientations of certain planar graphs are of particular practical
interest as they correspond to configurations of the ice-type models studied in the
statistical physics community, e.g., the square lattice [61], the triangular lattice [6],
the Kagomé lattice [29], and the 3.4.6.4 lattice [29]. While the #P-completeness of
counting the Eulerian orientations of a general Eulerian graph (#EO) was established
in [68, 69], it is not known if the problem remains #P-complete under the restriction
that the input be a planar graph (#PlanarEO). The first result of this chapter answers
this question by showing that #EQO is polynomial-time Turing reducible to #PlanarEO.

Given the computational hardness of exact counting, we turn our attention to
approximation. Recall from §1.1.2 that one approach to approximate counting is
via random sampling. It is known that we can generate (almost) uniformly random
Eulerian orientations of any Eulerian graph in polynomial time (by combining the
result of Mihail and Winkler [68, 69] described in §1.3.1 with the rapidly mixing
Markov chain of [49, 51, 10]). In this chapter, we are interested in a different approach,
which uses a natural Markov chain on the a-orientations of a planar graph. The reason
for using a chain on the set of o-orientations is that sampling Eulerian orientations of
a solid subgraph of an infinite lattice with some fixed boundary condition requires one
to sample o-orientations of a non-Eulerian graph.

The Markov chain we study is in the style of the “Glauber dynamics” often used to
generated random configurations of physical models. Although the approach of Mihail
and Winkler detailed in §1.3.1 gives an fpaus for the set of Eulerian orientations of

any graph, this chain is still of interest as it is the method most commonly used in
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practice [28, 2, 29]. The main contribution of this chapter is to show that this Markov
chain is rapidly mixing for any solid subgraph of the triangular lattice. However, we
are also able to find an infinite family of planar graphs for which this Markov chain
will take an exponential number of steps to converge.

The contents of this chapter is as follows. In §2.2 we describe the reduction
that shows #PlanarEO is #P-complete. In §2.3, we define the face-reversal Markov
chain and show that the stationary distribution is the uniform distribution on the set
of a-orientations of any planar graph. In this section, we also describe a result of
Felsner [32] that is useful in the analysis of this Markov chain. In §2.4, we describe
path coupling, a technique for constructing couplings that we will use to analyse the
mixing time of the Markov chain. Path coupling is not applicable directly to the face-
reversal chain, so, in §2.5, we first extend the chain with additional moves, in the style
of [62, 38]. Then, in §2.6, we show that the face-reversal chain is rapidly mixing when
the input is a solid section of the triangular lattice with a fixed boundary condition. This
analysis is broken into two parts. In §2.6.1 we use path coupling to analyse the mixing
time of the extended chain. Then, in §2.6.2, we use a technique called comparison
to infer that the face-reversal chain is rapidly mixing on this class of graphs. In §2.7
we show how the face-reversal chain can be used to construct an fpras for counting
Eulerian orientations of the triangular lattice. Finally, in §2.8 we show that there exist
planar graphs for which the face-reversal chain is torpidly mixing, using a distributive

lattice structure (due to Felsner [32]) on the set of a-orientations of a planar graph.

2.2 Computational Complexity of #PlanarEO

Before discussing algorithms for sampling Eulerian orientations of planar graphs,
we provide a polynomial-time reduction from #EO to #PlanarEO. This shows that
#PlanarEO is #P-complete since the #P-completeness of #EO is already known
[68, 69]. Our reduction uses a recursive gadget (suggested by Mark Jerrum [48]) and
can be seen as an application of the so-called Fibonacci method of Vadhan [91].

The proof is as follows. Given a non-planar Eulerian graph G with an embedding
in the plane, we construct a sequence of planar Eulerian graphs Gy, k =0,1,...,0+1,
where / is the number of crossing edges in the embedding of G. We then show that
the values #EO(Gy) give evaluations of a degree ¢ polynomial p(x) at a sequence of
distinct points. This polynomial, p(x), has the value #EO(G) as one of its coefficients.
Hence, we can obtain the value #E0(G) from the values #EO(Gy), using the Lagrange
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X \% Xk Vk

(a) (b)

Figure 2.1: The crossover box

Interpolation Formula:

Theorem 2.1 (Lagrange). Given d + 1 distinct real values Bo,B1,...,Bqs, d > 2, and
d + 1 points (0o, Bo), (01,B1),-- -, (g, Ba), there is a unique polynomial of the form

-1
fl) =) a'
i=0

passing through these points, specified by

d o
£ =Y B[ @.1)

i=0 jzi %%

Theorem 2.2. #PlanarEO is #P-complete.

Proof. We prove the theorem by exhibiting a polynomial time reduction from #EO to
#PlanarEO. That, is given an oracle for computing #PlanarEO we can construct an
algorithm that can compute #EO for any non-planar graph.

Let G be any non-planar graph and suppose we have an embedding in the plane
with £ crossings. We turn G into a planar graph G by removing each pair of crossing
edges {x,y} and {u,v} and replacing them by a pair of paths (x,s,y) and (u,s,v),
where s is a vertex not contained in G, as in Figure 2.1(a). Every Eulerian orientation
of G induces an Eulerian orientation of Gg; however, not all Eulerian orientations of
Gy correspond to Eulerian orientations of G, e.g., {(u,s),(v,s)} may be present in an
Eulerian orientation of Gg. We say £ € EO(Gy) is valid at s if the orientation of the
edges incident with s is consistent with an orientation of G, i.e., exactly one of {u,s}

and {v,s}, and of {x,s} and {y, s} is directed towards s in E.
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We now define a sequence of graphs Hy, each of which has 4 vertices of degree 1,
labelled uy, vi, xx, and y;. Let Hy be the graph Figure 2.1(a). For k > 1, we define
Hj recursively in terms of H;_; and a 4-cycle. Each vertex of the cycle connects
to a pair of vertices from { (g, ux—1), (Vi,Vk—1), (X%, Xk—1), (Vk, Vk—1) }» as illustrated in
Figure 2.1(b). We then define Gy to be the graph obtained from G by replacing each
pair of crossing edges {x,y},{u,v} with Hy. To do this we delete the edges {x,y} and
{u,v} and identify x, y, u and v with xz, yx, ug, and vi. We call the copy of Hj used to
replace {x,y} and {u,v} the crossover box for the crossing {x,y} and {u,v}. We say
an orientation of Gy is valid at particular crossover box if the orientation of the edges
(of Hy) incident with ug, vy, xi, and y; are consistent with an orientation of G.

Let ay (resp. by) denote the number of orientations of the edges of Hj satisfying
the Eulerian condition which correspond to valid (resp. invalid) orientations. These

values satisfy

ap =4ag_1+2by_ (2.2)
by, =4a,_1+3bi_; 2.3)

with ag = bg = 1. Now, let N; denote the number of Eulerian orientations of Gy which
are valid at exactly i crossover boxes, so Ny = #EO(G). Each Eulerian orientation of
Gy counted by N; corresponds to exactly a};bi_" Eulerian orientations of Gy, so we can

write

{
#PlanarEO(Gy) = ZNia}Cbi_’.
i=0

Hence, computing #PlanarEO(Gy)/ bi corresponds to evaluating the polynomial

14
p(z) =) N
i=0

at the point ay /by. It is straightforward to check that ay /by is a non-repeating sequence
(either by basic calculus or an application of [91, Lemma 6.2]). Hence, by evaluating
#PlanarEO(Gy) /b}. at the value ai/by, for k = 0,1,...,0+ 1, we obtain enough
information to recover the values N;, i = 0,1,...,¢, by the Lagrange interpolation
formula (Theorem 2.1).

Letting n and m denote the number of vertices and edges in G we have
[V(Gr)|=n+ (dk+1)¢

and
|E(Gy)| =m+ (8k+2)L.
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Hence, we can compute #EO(Gy) in time polynomial in n, m, and ¢, for each k. We
can embed a graph with m edges in the plane with at most (’;) crossings: if we lay the
vertices out on a circle each pair of edges can cross at most once. Thus, the number of

steps required for the whole reduction is bounded by a polynomial in m and n. [

2.3 A natural Markov chain for sampling a-orientations

Before we define the natural Markov chain on the set of o-orientations of a planar
graph, we introduce some structural results of Felsner [32] which will be useful in the
definition and subsequent analysis of the chain. Let G = (V,E) be a planar graph and
let F(G) denote the set of bounded faces in some planar embedding of G. We will
use f to denote the number of elements in F (G). A face is said to be directed in an
orientation of G if its boundary edges form a directed cycle. We say a directed face 7y is
clockwise oriented (resp. counter-clockwise oriented) if the orientation of the edges of

vis clockwise (resp. counter-clockwise) on Y. We recall the definition of o-orientation.

Definition 2.3. Let G = (V,E) be a graph and let o : V — Z. An a-orientation of G is
an orientation in which outdeg(v) — indeg(v) = a(v) for all v € V. Let a- O(G) denote

the set of a-orientations of G.

Note that the Eulerian orientations of a graph are the a-orientations where a(v) =0

forallveV.

Definition 2.4. If an edge e € E has the same orientation in every o-orientation of G,

we say e is o-rigid.

Felsner defined a special set of cycles in a planar graph, with respect to o, which

he calls the essential cycles.

Definition 2.5 ( [32]). A cycle C of G is essential (with respect to o) if
1. Cis simple and chord free;
2. all edges on the interior of C are a-rigid;
3. there exists an o-orientation of G in which C is a directed cycle.

We denote by 7 o(G) the set of essential cycles of G with respect to o..
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Remark 2.6. The set of essential cycles are exactly the faces of the planar graph
obtained by removing all rigid edges. In particular, for the case of Eulerian orientations
we have that 7 (G) is the set of essential cycles.

From here on we will assume that all rigid edges have been removed, with o
updated accordingly, so the essential cycles of G, with respect to o, will always be
F(G).

In [32], Felsner has shown that it is possible to convert any a-orientation of a planar
graph G into another by performing a sequence of reversals of the edges of directed

faces. Furthermore, Felsner defined a partial order on o- O(G).

Definition 2.7. Let G = (V, E) be a planar graph and suppose we have some o.: V — N.
We define a partially ordered set Fels(G) = (a-O(G), <), where ‘E < E’ if E' can be
obtained from E by performing a sequence of reversals of clockwise oriented directed

faces.

This order has a unique maximum element and minimum element: the unique
a-orientation with no clockwise cycles, Enax, and the unique o-orientation with no
counter-clockwise cycles, Enin. In [32], Felsner proved this order forms a finite

distributive lattice.

Definition 2.8. A distributive lattice is a partially ordered set (L,~<) which also

satisfies:

1. every pair of elements x,y € L has a unique least upper bound, x Vy, called the

join;

2. every pair of elements x,y € L has a unique greatest lower bound, x Ay, called

the meet;

3. the join and meet operations are distributive

xA(yVz)=(xAy)V(xAz).

That Fels(G) is a distributive lattice is established by giving a bijection between
the o-orientations of a planar graph and a set of functions called a-potentials: for each

E € a-O(G) the a-potential associated with ‘£ is a function



Chapter 2. Eulerian orientations of planar graphs 47

To define these functions Felsner used a partial order on 7 (G): 6 <# p if 6 and p
share an edge and that edge is counter-clockwise on ¢ in the minimum orientation.

The a-potentials are then defined as the set of functions of the form @ : 7 (G) - N

satisfying
o and p share an edge = | f(0) — p(p)| < 1 (2.4)
G is on the boundary = @(c) < 1 (2.5)
6 <g p= (0) < P(p) (2.6)

The bijection is given as follows: for each £ € a-O(G), we define @ to be
function 7 (G) — N where @ (0) is equal to the number of times G is reversed on
any shortest path from E,,;, to E. See Figure 2.2 for an example. In the figure, each

face is labelled with its potential value.
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Figure 2.2: The Felsner lattice for a small graph

Any partial order < of a set L induces a graph with vertex set L called the cover

graph of L.
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Definition 2.9. The cover graph of a partially ordered set (L,<) is the graph with
vertex set L and an edge joining x,y € L if there is no z € L such that x < z < y.

In the case of the Felsner lattice, two orientations are adjacent in the cover graph
if they disagree on the orientation of a single directed face. Felsner’s result suggests
a natural Markov chain M on the set of o-orientations of any planar graph G: a
random walk on the cover graph of Fels(G). Each transition in this chain reverses the
orientation of a random directed face, so we call this the face-reversal Markov chain.

We now formally define our face-reversal chain, by specifying how X,y is
generated from the current state X;. We use cw and ccw to denote clockwise and
counter-clockwise, respectively.

One step of the chain My

1. Choose ¥ € ¥ (G) and dir € {cw, ccw} uniformly at random.

2. If x is dir-directed then obtain X;, | from X; by reversing the orientation of all
the edges in k.

3. Otherwise, set X; 1 = X;.

Proposition 2.10. For any planar graph G = (V,E) and any o.:V — Z, the chain My

is ergodic and converges to the uniform distribution on a.- O(G).

Proof. By choosing the direction (cw or ccw) in which to perform the reversal as well
as choosing a face, we automatically ensure that the probability of X, | being equal to
X; is at least 1/2. Hence, My is aperiodic.
Felsner’s result [32] (described above) ensures the chain is connected, and so
ergodic. The transition probability matrix of My is
W if EQE =4, for ye F(G)
P(E,E) =11 ~Ye e P(EE") if E=F

0 otherwise

Thus, the chain is ergodic and symmetric, and so converges to the uniform distribution
on o-O(G). O

Felsner’s result has more use than proving ergodicity. We use the distributive lattice
structure as part of our proofs of rapid mixing (§2.6), and torpid mixing (§2.8), of My

on different classes of graphs.
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2.4 Path Coupling

Suppose M is an ergodic time-homogeneous Markov chain on finite state space Q with
probability transition matrix P and stationary distribution 7. Recall the definition of
the mixing time of a Markov chain from §1.2: a function t(€) such that for any € > 0
and 1 > 1(€),

max || P'(x,-) —n(-) [|[rv<Ee.
xeQ

We say a chain is rapidly mixing if there is a polynomial upper bound on t(€) and
torpidly mixing if there exists some € > 0 such that t(€) is exponentially bounded from

below.

Path Coupling

Recall from §1.2 that coupling is a common method used to show a Markov chain is
rapidly mixing. The path coupling method, due to Bubley and Dyer [16], simplifies
the process of defining and analysing a coupling. Bubley and Dyer showed that, if we
define and analyse a Markovian coupling on the adjacent states in the chain then we
can also construct a coupling for nonadjacent X and Y by composing the couplings
of the pairs of states along a path X = Zy,Z;,...,Z, =Y, where (Z;,Z;;) is a pair of
states adjacent in the chain, for i = 0,1,...,r. This is encapsulated in the following

theorem:

Theorem 2.11 (Bubley and Dyer [16]). Let M be an ergodic Markov chain with state
space Q and let d be an integer valued metric defined on Q x Q which takes values in
{0,1,...,D}. Let S be a subset of Q x Q such that for all (X,Y) € Q x Q there exists
a path

X=20.Z1,....2, =Y

between X and Y such that (Z;,Zi+1) € S for 0 <i < rand

r—1

Y 8(Zi,Ziv1) =8(X,Y).

i=0
Now suppose (X;,Y;) is a coupling of M defined on S. If there exists B < 1 such that
forall (X,Y)eS

E[8(Xis1,Yi41)| (X, i) = (X, Y)] < BS(X:, Yi)

then this coupling can be extended to a coupling (X;,Y;) defined on the whole of Q x Q
such that
E[B(X;+1,Y%11)] < B3(X,, ¥;)
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Moreover, if B < 1 then 1(g) < %.

Remark 2.12. Although Theorem 2.11 does not require it, in most applications we have

that § is the set of pairs of states adjacent in the chain:
S={(X,Y)eQ:P(X,Y)>0}.

If B =1 in Theorem 2.11 then in order to use the Bubley-Dyer path coupling
technique of Theorem 2.11 it must be shown that the variance of the distance between
any two states (not just the pairs in §) after one step of the coupling can be bounded
away from 0, see, e.g., [16, 38]. This situation is undesirable, as the power of the
path coupling technique is that it allows one to avoid considering all pairs of states. A

recent result has relaxed this condition:

Theorem 2.13 (Bordewich and Dyer [13]). Suppose we have a path coupling
C=(X:,Y;) for an ergodic Markov chain M with distance metric & : Q X Q —
{0,...,D}, where S C Q x Q is the set of pairs of states at distance 1. Let p denote the
minimum transition probability between pairs of states in S. We define a new chain,

the lazy chain M ™, with probability transition matrix

PXYV)4p y _y

Pr(X,y)={ ! .
PX.Y) otherwise
1+p

If B < 1 for the coupling C then the mixing time of the chain M~ satisfies
T(e) < [p~'eD*|[loge™'].

Moreover; if T (€) denotes the random time Bin(t*(€), (1 + p)~'), where Bin denotes
the binomial distribution, then the distribution of Xy ) is within € of the stationary
distribution of the original chain M.

Observation 2.14. For any Markov chain M which has a uniform stationary distribu-

tion, the lazy chain M will also have a uniform stationary distribution.

The effect of the lazy chain M ™ is to adjust the transition probabilities slightly, so
as to introduce a small additional probability that the distance between the two chains
will change at any particular step. In many circumstances where 3 = 1, this is sufficient
to ensure that the lazy chain is rapidly mixing. The second part of the above theorem
means that, for all practical purposes, we can consider the mixing time of the chain M

to be the same as the mixing time of M ™.
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Applying Path Coupling to M
To apply path coupling to bounding the mixing time of the face-reversal chain My, we
need to define a metric § : Q> — N on the set of a-orientations of a planar graph G.
The most natural choice is to define 8(E, E), for each E, E € a- O(G), to be the length
of the shortest path between £ and Z in the cover graph of Fels(G). In particular,
S(E, f) — 1 if £ and E differ on a single face. Let E i, and Enax denote the unique
minimum and maximum elements of Fels(G). The fact that Fels(G) is a distributive
lattice implies that the maximum value the metric § can take on pairs from o-O(G) is
D = 3(Emin, Emax ), sSince we can always find a path of length < D between two states
£ and £ either by going down from ‘£ to E,,;, and then up to Z, or by taking a similar
path through Epax.

Let S denote the set of pairs of Eulerian orientations which disagree on the

orientation of a single directed face:
S={(E,E) € 0-O(G) x a-O(G) : E®E =1, for some Y€ F(G)}.

To apply path coupling (Theorem 2.11 or Theorem 2.13), we need to define a one-step
Markovian coupling C on § and show that, in expectation, the distance between any
pair of states in S does not increase after one step of C. The natural choice is the
coupling that chooses the same face and direction in both chains. This is a maximal
coupling for our chosen distance metric. That is, if this coupling does not contract
(for our chosen metric ), we cannot expect any other one-step Markovian coupling to

contract.

Proposition 2.15. There is no one-step Markovian coupling for My that contracts

under the metric 9.

Proof. Consider the situation in Figure 2.3. This is the subgraph of some graph
G incident with a face v, which consists of the only edges on which a pair of o-
orientations, £ and £, disagree. Any face in G not contained in the part of the graph
shown in Figure 2.3 will either be directed in both £ and Z or will be directed in
neither E nor £. Hence, the move available, if any, resulting from choosing any face
not included in the subgraph shown will be the same for E and £. By choosing one
of these faces and the same direction in both chains, we can ensure that the distance
between the two copies of the chain does not increase over one step of the coupling.
By choosing 7y and a different direction in both copies of the chain, we can ensure

coalescence with probability 1/f. However, each neighbour of y will be reversed with
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Figure 2.3: A configuration that gives rise to a non-contracting coupling for My

probability 1/2f in ‘E but cannot be reversed in . Hence, the distance will increase

by 1 with probability 3/2f, giving a total expected increase of 1/2f. O

2.5 Extending the chain

In §2.4, we saw that no one-step Markovian coupling is sufficient to show rapid mixing
of My using the metric . However, we will see that if we extend the chain with extra
moves in the style of [62, 38], we will then be able to design an appropriate path
coupling for the extended chain. It is these additional “tower moves” that will allow

us to couple with B < 1.

Definition 2.16. Let G be a planar graph, £ an «-orientation of G, and 7y a face of
G. We say v is almost-directed in ‘E if all but one of the edges of y have a common
direction on y. We call the edge oriented in the opposite direction the blocking edge
of y. For faces n and ¢ which are, respectively, almost-directed and directed in the
orientation ‘E, we say there is a tower starting at | and ending at ¢ if there is a sequence

of facesm =1vy,...,Y, = © such that

e 7; is almost directed in E, and the blocking edge of v; is shared with v, for
1<i<h-1.

e v, is directed in ‘E
We say h is the height of the tower.

Observe that the definition of a tower implies that C = <<, V; is a directed cycle

in E. We say that a tower is clockwise (resp. counter-clockwise) in an orientation if
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Figure 2.4: Reversing a tower

this cycle is clockwise (resp. counter-clockwise) in the orientation. We call vy, and vy,
the top and bottom of the tower, respectively, and refer to the right and left sides of the
towers in terms of a walk from the bottom to the top. It follows that in a clockwise
tower the internal edges are all directed from the right to the left, and vice-versa for
counter-clockwise towers. Moreover, if T = (y;,...,7,) is a clockwise tower in £ and
E’ is obtained by reversing C, then 7" = (Y,,,¥,_1,---,Y;) is a counter-clockwise tower
in £/, see, e.g., Figure 2.4.

Let E € a-O(G) and suppose | € F (G) is almost directed in ‘E. If there is a tower
in ‘E starting at 11 we can find it by walking along the faces of G, starting at 1 and
choosing the face sharing the blocking edge with the current face at each step. If at
any point we reach a directed face then we have found a tower. On the other hand, we
can be certain there is no tower starting at ) if we reach a face v; satisfying one of the

following:
e 7; is not directed but not almost directed!;
o the blocking edge of y; lies on the boundary of the graph;
e the blocking edge of v; is the same edge as the blocking edge of ;_;.

To see that the process of forming a tower terminates (i.e., does not wrap around
on itself), note that reaching some already explored face implies the existence of a
cycle C such that every edge joining C to a vertex on its interior is directed towards C.
But then none of these vertices can be involved in a directed cycle in £, or, indeed,
in any other a-orientation of G. Hence, these edges must have the same orientation

in every o-orientation of Gj that is, all edges joining C to its interior are rigid. We

I'This situation cannot occur in the subgraphs of the triangular lattice we consider in §2.6
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have assumed that all rigid edges have already been removed from G, and o has been
adjusted accordingly, so this situation cannot occur. Furthermore, we observe that
when o(v) = 0, v cannot be incident with more than deg(v)/2 faces in any tower.

We now define the tower-moves chain, Mr, by describing how to obtain X; ,; from
X;. The definition includes an undetermined probability p7 which will be fixed later.
One step of the Markov chain My

1. Choose dir € {cw,ccw} and x € F(G) v.a.r.

2. If x is a dir-cycle then obtain X, | from X, by reversing the orientation of all the
edges in K.

3. If there is a dir-tower T = (;)1<j<p With y; = K then let C = @ ,<;,7Y;. With
probability pr obtain X; | from X; by reversing all the edges of C.

4. Otherwise, set X;11 = X;

This type of chain has been used to extend the face reversal chain in the past,
see [62, 38]. The irreducibility of this chain is inherited from the irreducibility of
My, since every transition in My is also a transition in My. Again, the fact they
we choose the direction of reversal for each transition ensures that there is a self-
loop probability of 1/2. Hence, Mr is aperiodic and so ergodic. As long as pr is
chosen to be independent of whether T is a clockwise or a counter-clockwise tower,
Mr converges to the uniform distribution. To see this suppose E can be obtained from
£ by reversing a clockwise tower 7. Then we can obtain £ from E by reversing a
counter-clockwise tower containing the same faces as 7. Hence, P(E,E) = P(E, E)

for any ‘E, Z € Q, and the stationary distribution of M is uniform.

2.6 Rapid mixing on the triangular lattice

Up to now, we have not placed any restriction on G or o, beyond the fact that G is a
planar graph and o is a function assigning an integer to the vertices of G, such that G
has no o-rigid edges. That is to say, we have shown that both My and Mt converge
to the uniform distribution on the set of a-orientations of any planar graph G = (V,E),
for any a0 : V — N. In this section, we will prove that My is rapidly mixing on the
set of Eulerian orientations, possibly with some fixed boundary condition, of any solid
subgraph G of the triangular lattice. These are the o-orientations of solid subgraph
of the triangular lattice G, for some o with o (v) = O for every internal vertex v; the

boundary condition determines the values for a(v) on boundary vertices. Hereafter,
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we are assuming we have some fixed boundary condition, and use EO(G) to refer to
the set of Eulerian orientations of G with this fixed boundary condition.

First, in §2.6.1, we show that My (or, more precisely, the lazy version of M) is
rapidly mixing on the Eulerian orientations of any solid subgraph G of the triangular
lattice, possibly with some fixed boundary condition. Then, in §2.6.2, we use the

comparison technique of Diaconis and Saloff-Coste [26] to obtain rapid mixing of

M.

2.6.1 Rapid mixing of M}

In this section we use the path coupling technique of Bubley and Dyer [16] to analyse
the mixing time of the Markov chain Mt on EO(G) when G is a solid subgraph of the
triangular lattice with some fixed boundary condition, and pr is chosen appropriately;
more precisely, we use the result of Bordewich and Dyer [13] to show that the lazy
chain M (see Theorem 2.13) mixes rapidly.

This is not the first result regarding the mixing time of this type of chain. Mt has
been shown to be rapidly mixing on the square lattice (using different py values to ones
we shall use) for the case of a particular fixed boundary condition [62] and for the case
of a free boundary [38]. Fehrenbach and Riischendorf [31] attempted to give a proof of
rapid mixing for a related Markov chain (on the triangular lattice) in which only towers
of height 2 are used. However, the path coupling defined for the chain in [31] does not
contract as claimed. In fact, it is possible to show that no one-step path coupling, using
the natural distance metric, can prove rapid mixing for the chain in [31]. It could be
that a one-step coupling will work with a more complicated metric [14], but this has
not been attempted.

Rapid mixing proofs for Mt are dependent on the correct choice of the probabilities
pr. For example, the proof of [38] sets pr to 1/4h if the tower runs along the
boundary, and 1/2h otherwise, where £ is the height of the tower 7. We now state
the main result of this section but defer the proof until we have presented some useful

lemmas.

Theorem 2.17. Let G be a solid section of the triangular lattice with any fixed
boundary condition. Then, M7, the lazy version of the Markov chain Mr, is rapidly
mixing with mixing time Ty« (€) satisfying

Tage(€) € O(f*loge™),

when pr = 1/3h for all towers T of height h.
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Consequentially, the chain Mt can be considered to mix in this time, for all
practical purposes (see [13]). Note that, with pr = 1/3h, the transition probability
matrix of the chain, P, is given by

(

% if E®E' is a single face
1 . / - . .
= if E®E is asingle tower of height &
P(E,E)={ O s s
1=Ypr e P(E,E") f E=F

0 otherwise.

\

We first bound the maximum distance between any pair of a-orientations of the

triangular lattice.

Lemma 2.18. Let G be any solid subgraph of the triangular lattice with f bounded
faces. The maximum distance between any pair of -orientations of G in the Felsner
lattice is O(f3/?).

Proof. The maximum distance between any two vertices in the cover graph of the
Felsner lattice is equal to the distance between the maximum and minimum elements.
Thus, the problem reduces to bounding 8(“Emax; Emin)-

We write §,,, for 9 . the potential function corresponding to the maximum
element of Fels(G). Then, from the definition of the bijection between oi-orientations
and o-potentials given in §2.3 we can conclude that the distance between the maximum
and minimum orientations is Y ye 7 (G) §max (Y)-

Conditions (2.4) and (2.5) of the definition of a-potentials imply that ¢, (Y) is
exactly the minimum number of edges in a shortest path in the dual graph of G from
Y to the unbounded face. Let Gy be the smallest graph which contains a face y with
Pmax(Y) = k. We can construct Gy inductively, starting with G; = K3. To extend Gy,
to Gi+1 we add a triangular face onto each edge of the boundary of Gy; see Figure 2.5
for an example of what these look like. Let y be the single face which is contained
in G1. Every path in the dual graph of Gy from v to the unbounded face has length £,
SO #max (Y) = k in the maximum a-potential of G;. Moreover, removing any boundary
face will introduce a path (in the dual graph) from the 'y to the unbounded face of length
k — 1, so any graph smaller than Gy will not have any face which has value k in the
maximum o-potential.

A simple inductive argument shows that the number of faces added at each step is
3k. This implies | F (Gi)| € O(k?), 50 @0 (Y) € O(V/f) for any face 7. O
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Figure 2.5: The graph G3 from Lemma 2.18. The edges from G| and G, \ G| are

marked by dashed and dotted lines respectively

Let S be the set of pairs of orientations at distance 1 in the Felsner lattice. We want
to define a coupling C for every pair (£, f) € S. Suppose (‘E, f) € S, let y be the face
on which they disagree, and let N(y) denote the set of faces which share an edge with
Y. Suppose (X;,Y;) = (E,E). Our path coupling C for My chooses the same face K in

both chains and couples the transitions as follows:

e if K =y then reverse K in E but not Z with probability 1/2, and reverse x in E
but not in ‘£ with probability 1/2;

e if the same transition is available for the choice of k in both E and Z then
apply this change to both orientations with the relevant probability and leave
both unchanged otherwise;

e if different transitions are available for k¥ in both orientations (with the transition
in £ happens with higher probability) then apply both transitions with the lower
probability, apply the transition in E alone with its remaining probability, and

leave both orientations unchanged otherwise.

In order to apply Bordewich and Dyer’s path coupling theorem (Theorem 2.13)
we need to show that the expected distance between the two copies of the chain does
not increase after a single step of the coupling. To do this we need to consider which
choice of faces will cause the distance to increase, which choices will leave the distance

unchanged, and which choices will cause the distance to decrease.

Definition 2.19. Suppose (E,E) is the current state, (X;,Y;), of the coupling C. We
say the move resulting from choosing k involves ¢ € N(7) if kK = G or there is a tower

(in either ‘E or f) starting at K that contains G.
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The distance between the coupled chains can change if and only if kK = Y or the
move at K involves some 6 € N(y). Note that no move can involve more than one
element of N(Y), so, in the analysis of our path coupling, we can treat each 6 € N(Y)
separately. In the following analysis, for each ¢ € N(y), we use 35 to denote the
contribution to the change to the distance between the two Eulerian orientations after
a single step of the coupling resulting from moves involving the face 6. We will now
analyse the expected value of g, conditioned on whether G is a directed face in E or

A

‘L, or is directed in neither.

Lemma 2.20. Suppose 6 € N(Y) is a directed face in E or E. Then E[8] = #
Proof. We assume that ¢ is directed in E; the case when ¢ is directed in T is
symmetric. Let k € F(G) such that selecting K gives a move which involves G in
at least one of the coupled chains. We have two cases to consider:

Case K = 6: Since G is a neighbour of ¥, and ¢ is directed in ‘E, it follows that
the blocking edge of ¢ in £ is the edge shared with y. Then T = {G,Y} is a tower of
height 2 in Z with a reversal probability of ﬁ The coupling reverses ¢ in E and 7T in
E with probability % and reverses 6 in E but leaves E unchanged with probability
%. The former results in coalescence, whereas the latter yields a pair of orientations

which are distance 2 apart. Hence, the contribution to E[d¢] from this case is

5 1 1

12f  12f  3f
Case x # o: Since y and ¢ are both directed in £ it follows that there must be
a tower 77 starting at K and ending at ¢ in £ that does not contain Y, and a tower
T, = Ty U{y} starting at k in Z. Let h be the height of 77, so T is reversed in ‘£ with
probability 6}—}1 and T5 is reversed in E with probability m. Observe that if we
reverse 11 in ‘£ we obtain an orientation which is distance 4 + 1 from ‘E, but if we
also reverse 75 in Z then we have the same orientation in both chains. Therefore, the

contribution to E[ds] from this case is

1 1 1
(e et
6fh O6f(h+1) 6f(h+1)
Thus, the only face whose selection will result in a move which has non-zero
contribution to E[ds] is G itself, so E[ds] = 1/3f. O

Lemma 2.21. If 6 € N(y) is not directed in ‘E or ‘E then E[3s] is no more than %
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Proof. Observe that, since G is not directed in E or £, the blocking edge of ¢ will
not be shared with 7y in either orientation and the blocking edge of ¢ is different in
both orientations. Hence, no tower can include both ¢ and y. Assuming there is a
tower containing G in at least one of the two orientations we have two disjoint cases to
consider. Suppose £ has a tower starting at some 1 € N(6)\{y}. Then there will be
no tower containing ¢ in Z as the procedure for constructing towers described in §2.3
is guaranteed to reach a pair of consecutive faces sharing the same blocking edge (G
and ). Thus, when we are in this situation we can assume that one of the orientations
will be unchanged after one step of the coupling. In the second case, when there is no
tower starting at any 1 € N(c)\{Y} in E or £, there may be a tower starting at G in

either orientation.

P\N/o

<
w

Figure 2.6: Example from Lemma 2.21

3 a tower starting at | € N(c)\yin E or £: We can assume, without loss of
generality, that E is the orientation with a tower starting at some 1 € N(c)\ Y. Since
no move involving G is possible in E we only need to bound the expected distance
between ‘E and all =’ which can be obtained by making a move involving ¢ in ‘E.

We begin by showing that any tower containing ¢ in E must start at ¢ or a
neighbour of 6. To see this suppose we have a tower in £ containing p, 1, and ©
where 1 is a neighbour of ¢ and p € N(n)\{c}. Let u,v,w be the vertices of G, and
suppose that the edges of ¢ are oriented (u,v), (u,w), and (w,v) and that {u,w} is the
edge shared between y and 6. Then 6 must share {v,w} with 1. Recall that no vertex
can be incident with more then 3 faces in any tower. Therefore, v cannot belong to
the edge shared between p and 1, so p must contain w (as illustrated in Figure 2.6).
To satisfy the definition of a tower, both edges of p incident with w must be oriented
away from w. But this implies that there are 4 edges oriented away from w in ‘£, a

contradiction (e.g., see Figure 2.6). An identical argument holds if the edges of ¢ are
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oriented (v,u), (u,w), and (v,w). Hence, any tower containing ¢ must start at 1 or G.
Let & be the height of the tower starting at 6. Then, the move in which ¢ is the

chosen face is made with probability ﬁ, and the move in which 1 is the chosen face
1

is made with probability 7T (if it exists). Since these moves increase the distance
by h and h + 1, respectively, we have
h h+1 1
E[o] < - + -

~6fh  6f(h+1) 3f

? a tower starting at 1 € N(c)\yin Z or Z: In the worst case, we could have a
tower starting at ¢ in both orientations. If this occurs, then the two towers will have
opposite orientations in £ and £, and each will be the largest tower containing © in
the orientation. Let 77 and 7, denote the towers in ‘£ and @Z, respectively, and let A
and /y be the heights of each tower. If h; < hy then the coupling reverses the towers

in £ and £ with probability ﬁ, and reverses the tower in £ alone with probability

11
6fh  6fhy°

orientations which are distance h; + hy 4+ 1 apart, and the second a pair orientations

conditional on ¢ being the chosen face. The first situation yields a pair

which are h| 4 1 apart. Hence,
1 1 1 1
Eds| <(hMi+h)—+h|——— | =—.
ol = U+l * 1(6fh1 6fh2) 37
The analysis is identical if iy < h;y.

Since two cases are disjoint, we see that [E[8] is no more than %c O
We now apply Theorem 2.13 to obtain a bound on the mixing time.

Proof of Theorem 2.17. We use the coupling defined earlier and analysed in Lemma 2.20
and Lemma 2.21. With probability 1/f, vy is reversed in one or the other of the two
orientations, causing the two chains to coalesce. Combining this fact with the results
of Lemmas 2.20 and 2.21 we find that for all £ and £ differing on the orientation of
a single face
BI8(0G 1,8141) =806, 1) (X0 %) = (E,E)) £33 = =0,

where (X;,Y;),>1 is the coupling C defined on S, the set of pairs of Eulerian orientations
which are adjacent in the cover graph of the Felsner lattice. The transition probability
for any pair of states in S is 1/2f. Moreover, since we have just shown that B = 1
for the path coupling C, we can apply Theorem 2.13 with p =1/2f and D € O(f%)

(from Lemma 2.18) to obtain that the lazy version of the chain, MT* , mixes in time
1(e) € O(f*loge™1). O
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2.6.2 Rapid mixing of M

In the previous section, we applied Theorem 2.13 to show that the lazy version of the
tower chain, M7, is rapidly mixing. Since the smallest transition probability of any
pair in the set S used to define the path coupling is 1/2f, it follows that the transition
probability matrix of this chain, P*, is given by

1

2f+1

1 . L .
PNE,E)={ 3@k if E®E’ is a single tower of height h

1 =Y pr e PNEE") if E=F

0 otherwise

if E@E' = is a single face

\

Although this chain has different transition probabilities, it also converges to the
uniform distribution on Q = EO(G). Hence, we can apply the comparison method

of Diaconis and Saloff-Coste [26] to obtain a bound on the mixing time of My .

The Comparison Method

If we cannot find a bound on the mixing time of a Markov chain M by direct analysis of
‘M, but can find a bound on the mixing time of another chain QAVZ , which has the same
state space as M, we can often use the so-called comparison theorem of Diaconis
and Saloff-Coste [26] to obtain a bound on the mixing time of M. We will use
the formulation of the Diaconis and Saloff-Coste result from [73], restated here for
convenience. Note that we are using E(P) to denote the set of edges corresponding to

moves between adjacent states in the Markov chain with transition matrix P.

Theorem 2.22. ( [73, Proposition 4]) Suppose P and P are the transition matrices of
two reversible Markov chains, M and ﬂ both with the state space € and stationary
distribution T, and let T, = min,cq n(x). For each pair (u,v) € E(P), define a pathy,,
which is a sequence of states u = ug,uy,,...,ur = v with (uj,u;+1) € E(P) for all i. For

(x,y) € E(P), letT'(x,y) = {(u,v) € E(P) : (x,y) €Y,,}. Let

1 -
A_(x,;?eaﬁp){m( )3 |Yuv|7T(M)P(u,V)}.

u,v)er(x,y)
Suppose that the second largest eigenvalue, A1, of P satisfies \; > 1/2. Then for any
0<e<l1
Tar(€) € O(Arg(s) logl/m,).
To obtain a polynomial bound on the mixing time of M, we want to show that the

simulation of the transitions of M by transitions of M does not overload any edge in
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E(P). That is, we want the value of A in Theorem 2.22 to be bounded by a polynomial

in the size of the elements of Q.

Comparing My and M}
We first show that every move of M} can be simulated by moves of the chain M.
Suppose T = {Y;,Ys,---,¥,} is a tower in £ and that Z is the orientation obtained by
reversing 7. Observe that by the definition of a tower v, is a directed cycle in E. Then
we can apply the transition in My that reverses Y, to £ and obtain a new Eulerian
orientation E”. But there is now a tower T’ = {Y,,Y,,---,Y¥,_1} in E’ which can be
reversed to obtain E. Repeating this process until we reach Z gives a decomposition
of the tower move reversing 7' in ‘£ into moves of the chain Mf. Hence, we are able
to apply the comparison method (Theorem 2.22) to obtain a bound on the mixing time
of My.

We are now ready to prove our rapid mixing result for M. We bound the mixing
time in terms of f, the number of unbounded faces, and 4, the height of the largest
tower. Then, we derive mixing times for several different cases by considering the

values A can take.

Theorem 2.23. Suppose G is a solid subgraph of the triangular lattice and let h be the
maximum height of any tower in an Eulerian orientation of G (possibly with respect
to some fixed boundary condition). Then the mixing time of the face-reversal Markov
chain My satisfies

Tag, (8) € O(K* floge™).

Proof. Note that My and M7 both have a self-loop probability of 1/2, ensuring that
the second-largest eigenvalue of either chain will be at least 1/2, so Theorem 2.22 can
be applied.

Let P and P* denote the transition matrices of My and M. For each pair of states
(x,y) that differ on the orientation of exactly one face (i.e., each (x,y) € E(P)), we
define I'(x,y) to be the set of all transitions in M} containing the transition 7 = (x,y)

as a sub-move. Each pair (u,v) € I'(x,y) corresponds to a pair of orientations which
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differ on exactly one tower; let 7,,, denote this tower. For each (x,y) € E(P) we have

1
o=z L halrP )
R(X)P(xay) (M’v)Er(Xa)’)
=2f Z |Yuv |P*(M,V) ’ -7
(uv)€l(x,y)
1
< 1+§(!F(X,y)!—1)’ oY

where (2.7) is due to the fact that all transition probabilities in P are % and that 7 is
uniform, and (2.8) is due to the fact that P*(u,v) = ﬁ if (u,v) = (x,y), and P*(u,v) =
m if (u,v) is the reversal of a tower.

We will now find an upper bound for |I'(x,y)|. Let v be the face that is reversed in
the transition 7 = (x,y). We need to consider the different cases in which 7 can feature
as part of the decomposition of a tower move (u,v) € E(P*). Observe that there are
three different directions in which a tower can pass through y and contain ¢ as a sub-
move (one for each pair of edges of y). Let h; be the height of the maximum length
tower passing through v in direction i (over all orientations £ € ), let ('Yj)lg Jj<h;
denote the sequence of faces that make up this tower, and suppose Yy, = Y. Any other
tower which passes through 7 in this direction and whose encoding uses ¢ must be
subtower of the maximum length tower. Moreover, the bottom of any such tower must
be contained in {'yj : 1 < j < k} and the top of any such tower must be contained in
{v; 1k < j < hi}. To see this, observe that x is the orientation obtained by reversing the
tower (Ygy1,Yk42,---»Yy,) (in the orientation containing the maximum length tower).
Hence, reversing the tower (Y;,Y.1,---,Yy,), for any j satisfying k < j < h; will yield
an orientation containing a tower whose encoding uses . Moreover, each of these
orientations has a tower whose encoding uses ¢ for each element of {y;,...,7_;}-
Thus, the number of towers using ¢ that pass through v in direction i is (k—1)(h; —k+

1), which could be as large as h?/4. Hence, we have
IC(x,y)| < O(hg) + O(hi) + O(h3) = O(h*).

Thus, we have A, , € O(h?) for all (x,y) € E(P). Finally, we need to find an upper
bound on the value 1/7,, where T, is the minimum value of the stationary distribution
of M. Since this is the uniform distribution, 1/ has the same value on all x € Q:
|Q|. The number of edges in G is no more than 3f, so 23/ provides an upper bound

on the number of orientations of G, and so also on 1/m,. Combining all this with

Theorems 2.22 and 2.17 we get

Tag, (8) € O(K* floge™). O



Chapter 2. Eulerian orientations of planar graphs 64

As a corollary to Theorem 2.23, we can obtain a bound on the mixing time of
My for any solid subgraph of the triangular lattice and arbitrary boundary condition
(Corollary 2.24). However, this bound is overly pessimistic and we can improve it by

a factor of f for two important special cases (Corollary 2.25 and Corollary 2.26).

Corollary 2.24. Let G be a solid subgraph of the triangular lattice and let 0. be an
arbitrary boundary condition. Then the mixing time of My satisfies

Tag, (€) € O(f"loge™)

Proof. In general, when we consider an arbitrary solid subgraph of the triangular
lattice with an arbitrary fixed boundary condition, we can have towers of height O(f)

and so, in this case, Theorem 2.23 gives a bound on the mixing time of
Tag, (8) € O(floge™). O

Corollary 2.25. Suppose G is an Eulerian solid subgraph of the triangular lattice.
Then, the mixing time of My satisfies

Tag, (€) € O(f%loge™)

Proof. We need to bound the height of any tower in an Eulerian orientation of G, where
G is a solid subgraph of the triangular lattice.

Let T = (V;,Y,---,Y,) denote a tower in an Eulerian orientation of G. We assume
that 7 is a clockwise tower; the argument is identical for counter-clockwise towers.
Recall that all the internal edges of a clockwise tower are directed towards the vertices
on the left, so any Eulerian orientation of G must contain a set of 4 — 1 edge-disjoint
directed paths linking the left-side vertices to the right-side vertices. Each of these
paths must go around the top or the bottom of the tower. But each path that goes
around the bottom (resp. top) contributes 1 to the distance from 7y, (resp. 7y,) to the
boundary. Hence, by (2.4), (2.5) and (2.6), max(©nax (Y1), #max (¥s)) = h/2. But
Pmax (Y) € O(V/f) for any 7y (see proof of Lemma 2.18), whence i € O(\/f). O

Corollary 2.26. Let G be the subgraph of triangular lattice induced by the set of
vertices

{(1,j)):0<i<n,0<j<n}.

Then, the mixing time of My satisfies

Tag, (€) € O(f%loge™)
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Proof. Recall that no vertex can be incident with more than 3 faces in a tower in
an orientation of G. That is, towers can only extend in straight lines in the natural
embedding of G in the plane. Thus, the longest sequence of any faces which can form

a tower is n, which is equal to /f. O

2.7 Approximating #EO(G)

Suppose G is a solid subgraph of the triangular lattice and o some fixed boundary
condition. If we choose an edge ¢ = {u,v} from the unbounded face for the above
reduction, then the resulting graph will be a solid subgraph of the triangular lattice
and the pair of functions o, ,) and 0.,y will both correspond to boundary conditions
on G —e. In other words, the problem of counting Eulerian orientations with fixed
boundary conditions is self-reducible (Definition 1.35) for solid subgraphs of the
triangular lattice. Thus, we can use our rapidly mixing Markov chain with Algorithm 2
to approximate the number of Eulerian orientations with fixed boundary condition of
any solid subgraph of the triangular lattice.

We now sketch how the algorithm operates. We construct a sequence of graphs

G1,...,G,, where m is the number of edges, defined inductively as

G =G;

Gi=Gj_1—ej_fori>?2,

where ¢; 1s an edge from the boundary face of G; foreachi=1,2,...,m—1, and a

sequence of boundary conditions

o) =

o = (ai—l)a,- fori>?2,

where g; is an orientation of the edge e¢;. Fori =1,2,...,m — 1, we estimate
0; = #(X,'—O(GH.])
' #o;- O(G,’) ’

by generating random o;-orientations of G; and counting how many can be extended
to ol;-orientations of G;;1. The value returned by Algorithm 2 is an approximation

to

_ -1
#OC-O(G) = (I—[] pz) .
i=1
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2.8 Torpid mixing

Given the small collection of positive results regarding the mixing time of the face-
reversal chain My (Theorem 2.23 and [62, 38]) and given that the reduction of [69]
allows us to sample from EO(G) in polynomial time for any graph, one might hope
that My would be rapidly mixing on the set of Eulerian orientations of any planar
graph. In fact, this is not true and in this section we exhibit a family of planar graphs
for which My is torpidly mixing. Consider the family of graphs Hy, of which H; is

shown in Figure 2.7. Formally, Hy is a graph with vertex set
V=Avi: 1<i<I2N}U{u;: 1 <i<I2N+6}U{w;: 1 <i<6N}.
The edges of Hy consists of the disjoint union of three large cycles:

Ei=(vi,...,vion, V1)
Er = (u1,...,u12n+6,41);

E3 = (vi,u2,w1,u3,V3,...,U12N+6,V1) -

It is the large face in the centre of each of these graphs that creates the bottleneck in
the Markov chain we will use to show torpid mixing. We label this face C and its
neighbours 1; (for 1 <i < 6N). The face that is adjacent to both 1); and 1, ; is labelled
o;, and the face that is only adjacent to 1, is labelled p;,. Note that there are 6N ©; faces
and 6N p, faces.

The reason C causes torpid mixing is that we are able to partition the state space of
the chain into two parts S and S, such that the only transitions crossing from S into S are
transitions reversing C. Because C has so many edges (linear in the number of vertices)
we are able to show that the set of orientations in which C is directed is exponentially

small. Hence, by Theorem 1.51, the face-reversal chain will be torpidly mixing.
Theorem 2.27. The face-reversal chain My is torpidly mixing on EO(Hy) for N > 3.

Proof. From Theorem 1.51 we know that My is torpidly mixing on a set of Eulerian
orientations € if there exists some S C Q, with 0 < |S| < |Q]|/2, such that |9S]|/|S] is
exponentially small in f.

Recall the definition of a-potentials and the Felsner lattice from §2.3; in particular,
recall that for any Y € 7 (G) the value @4 (y) is equal to the number of times 7y is

reversed on any path from ‘E,, the unique minimum element of the Felsner lattice,
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Figure 2.7: The graph H>

to E. Let @nax = 0, » Where Emax is the unique maximum element of the Felsner
lattice.

Let S be the set of all Eulerian orientations E on Hy satisfying ¢, (C) < 1. From
the conditions (2.4), (2.5), and (2.6), we can deduce that the value of @,,,(C) is 3.
Hence, we can define a bijection between S and Q\S by mapping . to .« — §2 for
each £ € § (this corresponds to mapping E to the orientation with all edges reversed),
so [S| = 1Q|/2.

An Eulerian orientation ‘£ is an element of dS if and only if C is a counter-clockwise
directed cycle in ‘£ and g, (C) = 1. For this to occur we must have ,-(n;) =1 for
each n;. Hence, the number of Eulerian orientations satisfying this condition is exactly
22k since each of the ; and p ; can take potential value O or 1, where k = 6N.

We note that C is the only directed cycle in E i, so |S| = [S| + 1, where

S ={EcQ:p(C)=1}.
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We can partition S’ as |J [k S1, Where

We can find the size of each of the S; by counting the number of potential functions
which correspond to members of S;. If E € S; then there are two possible values for
£ (0;) for each i with x(n;) = 1 and g£(n;,;) = 1, and two possible values for
@z(p;) for each i with @,(n;) = 1. All of the other 6; and p; must have potential

value 0. Hence,

|S;| = 2+
where ¢(I) counts the number of circular successions in /. The number of j-subsets of
{1,...,k} containing m circular successions is given by the following expression?:
0 ifj=0,j>k,orm<2j—k
c(k, j,m) = , . (2.9)
’;‘(rfn) (;‘__rfl__ll) otherwise
Then,
ko
IS|=1+Y 27y 2"c(k,j,m) (2.10)
j=0 m=0
(= YAV ST A
-y Y —.(’)(. / >2J+’"+1+22’< .11
J=lm=max(0,2j—k) J A\ j—m—1
k-1 j .
> ( , )231—’< (2.12)
= 2j—k
16
7k
> “17 J)z?"‘—3 ifk>17 (2.13)
[ 7K1
> 22+ 17)k=3 (2.14)

The last line of this follows from the fact that
16
(LTkJ) > 01
[ 7K1

0S|/|S| < 82" 1k € (27 51/). 0

when k£ > 17. Hence,

Remark 2.28. Observe that we can obtain Hy as a subgraph of the infinite triangular
lattice (see the embedding of H> in Figure 2.7, for an example). Hence, the requirement

that the input is a solid subgraph is necessary for the rapid mixing result of §2.6 to hold.

The expression (2.9) can be obtained by standard generating function calculations, see e.g., [40,
§2.3.22]



Chapter 3

Euler tours of Random Graphs

3.1 Introduction

For situations where we do not have a rapidly mixing Markov chain (or some other
Jfpaus) for every instance of a sampling problem, we relax the problem and search for
a sampling algorithm that works for almost all inputs. Formally, we want to show, for
some particular sampling problem on an alphabet X, that there exists an algorithm 4
such that for x chosen uniformly at random from X*, the probability that 4 behaves
like an a fpaus for Q(x) tends to 1 as |x| — eo.

When we first started looking at Euler tours, our goal was to find a rapidly mixing
Markov chain on the set of Euler tours of an undirected Eulerian graph. This task
proved too difficult, even restricted to special classes of graphs such as planar graphs
or 4-regular graphs. Inspired by results showing that, with high probability, one could
sample or approximately count Hamiltonian cycles of a random d-regular graph in
polynomial time [36], we turned our attention in this direction. Still, the problem
proved too difficult. In this chapter we describe results that we believe to be milestones
on the road to showing we can, with high probability, sample or approximately count
the Euler tours of a random 2d-regular graph, using very simple algorithms.

When studying the behaviour of algorithms on random inputs, it is typical for the
algorithm itself to be very simple; the hard work goes into the analysis. A natural
and simple algorithm for generating a random Euler tour is given in Algorithm 4. In
Algorithm 4, we use E(v) to denote the set of edges incident with v and ‘T for the
partial tour, or set of edges which have already been used. We use 7 -e to represent the
concatenation of e with the sequence of edges 7. Recall the definition of a transition

system of an Eulerian graph G from §1.3.2 (Definition 1.67), and that we use C(T') to

69
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Algorithm 4: Generate
Input: An Eulerian graph or directed graph G

Output: A uniformly random Euler tour 7 of G
repeat

uecV(G);

e = (u,v) € E(u);

T = (e);

while E(v)\ 7 # 0 do
€= (V, W) Cua.r E("')\ T,

Vi w;

T <+ T-e;
end
until 7 = E(G) ;

return 7 ;

denote the decomposition of G into a set of edge-disjoint cycles induced by a particular
transition system 7" of G. One way of looking at Algorithm 4 is that it generates a
random transition system of G by choosing one random edge pairing at a time. If this
closes a cycle, i.e., forms a component in C(‘7), before it has visited every edge, then
the algorithm restarts; eventually the algorithm will generate the transition system of
an Euler tour 7. The algorithm starts at a particular vertex u and chooses an edge
incident with it, setting the “current vertex” v to be the opposite end-point of this edge.
Then, at each subsequent step we randomly choose an edge incident with v that has
not been used before and pair it with the edge chosen at the previous step, updating the
“current vertex” v to be the opposite endpoint of the chosen edge. Eventually, we will
return to the initial vertex with no more edges available. At this point we have either
constructed a uniformly random Euler tour, or generated a partial transition system that
does not extend to a transition system of a tour; i.e., we have generated the transition
system of an Euler tour of an Eulerian proper subgraph of G.

We will now show that Algorithm 4 generates Euler tours with equal probability.
Suppose G is a graph with degree sequence 2d = (2d;,2d>,...,2d,), let T be some
Euler tour of G, and let u be the initial vertex in Algorithm 4. Since Euler tours are
equivalent up to circular rotation, we can choose any edge incident with u to be the
first edge of the tour. The probability that this edge is directed away from u, and so
valid as the first edge of the tour, is 1/2. The second time we reach u the probability
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of choosing the edge-pairing prescribed by 7 is 2d,,1——2’ then ﬁ for the third time,
and so on. At all other vertices v, the probability of choosing the correct edge-pairing
the first time we pass v is 2dv1_—1’ then %%3, and so on. Hence, the probability that this

procedure constructs the particular Euler tour 7 is

L (24 (1 (%M)a,! 71_du(2diu) 1
22dy+1 u d, H 2dy - 22dy+1 ‘TS(G)"

v=1

where TS(G) is the set of transition systems of G. Thus, the probability of Algorithm 4

terminating, i.e., generating an Euler tour, on any iteration is

(") |ET(G)|
2241 | TS(G)|

3.1

We can also apply Algorithm 4 to sampling Euler tours of Eulerian directed graphs.
Suppose G is an Eulerian directed graph on vertex set V = {1,2,...,n} with out-degree
sequence d = (dy,ds,...,d,). If we now take E(v) to be the set of arcs directed away
from v in G, for each v € V, then Algorithm 4 returns a uniformly random Euler tour
of G. When G is directed, the probabilities of choosing the correct arc at each pass
of u are du_lfl’ Tle’ etc., and the probabilities of choosing the correct arc at each pass
of v # u are div, dv+l, etc. Hence, the probability of Algorithm 4 terminating on any
iteration is ET(G)

dum . (3.2)

We can use the same idea to construct an algorithm for approximating the number
of Euler tours of any Eulerian graph or directed graph. Algorithm 5 iterates the process
of Algorithm 4 a number of times and takes the proportion of these iterations which
yield Euler tours as an estimation of the probability (3.1) or (3.2), depending on
whether G is a graph or directed graph. Since we have an exact expression for the
number of transition systems of a graph or directed graph, we can use this to obtain an
approximation of the number of Euler tours of G.

The time taken to generate a random Euler tour, and the time required to get a
good quality approximation of the number of Euler tours, is strongly dependent on the
ratio of the number of transition systems to the number of Euler tours. In particular,
if |[ET(G)|/| TS(G)| is bounded from below by an inverse polynomial in the number
of vertices of G, then Algorithm 4 and Algorithm 5 will run in expected polynomial
time, i.e., the algorithms will behave like an fpaus and an fpras, respectively. One

consequence of the results in [66] is that the ratio |ET(G)|/| TS(G)| is bounded below
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Algorithm 5: Count
Input: An Eulerian graph or directed graph G, an integer N

Output: An approximation to (3.1) or (3.2)

count + 0;

ucV(G),

d + deg(u);

fors < 1toN do

e= (vu) € E(v);

T + (e);

while E(v)\ 7 # 0 do
e=w) Eyar E0\T;
Ve w;
T <+ T-e;

end

if 7 = E(G) then

| count <+ count +1;

end
end

return count /N,

by an inverse polynomial when G is the complete graph on K3,41 or a tournament
on 2n+ 1 vertices (an Eulerian orientation of Ky,1). However, there exist graphs for
which this will not be the case. For example, consider the graph from Example 1.70.
This graph has 3" transition systems, but only (n+ 1)2" Euler tours, so both algorithms
will require exponential time. That example, however, is of a particularly contrived
multigraph, so we might hope the algorithms will perform better on a typical, i.e.,
random, graph. That is to say, we are looking for a result of the following form:

Let C1,Ca,..., be a sequence of sets of Eulerian graphs. There exists some
constant o. > 0 such that the probability that |ET(G)|/|TS(G)| > n* for G chosen
randomly from C, tends to 1 as n — oo

In this chapter we investigate the above statement for the cases when C,, is taken to
be equal to the class of d-in/d-out graphs or the class of 2d-regular graphs. In the case

of d-in/d-out graphs, we are able to obtain a complete proof.

Definition 3.1. Let d be some fixed positive integer and suppose we have a vector
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d = (di,d>,--- ,d,) such that
dzdnzdn—l szl 217

and let m =Y ,d,. We use @(n,d) to denote the set of Eulerian directed graphs with
out-degree sequence d, and @*(n, d) to denote the set of Eulerian directed multigraphs
with out-degree sequence d. We use G(n,d) and G*(n,d) to denote the set of d-in/d-

out graphs and multigraphs, respectively.

Theorem 3.2. Let d be some fixed positive integer greater than 1, let n € N. If G is

chosen uniformly at random from @(n, d) we have

|ET(G)]
[ TS(G)]

eQn )| = lasn—oo.

In the case of 2d-regular graphs we are only able to make a conjecture but support

this conjecture with a mix of empirical and theoretical evidence.

Definition 3.3. Let d be some fixed positive integer and suppose we have a vector
d=(dy,dy, - ,d,) such that

d>dy,>dy 1> >dry>d1 > 1,

and let 2m =Y _,d,. We use G(n,d) to denote the set of all undirected graphs with
degree sequence d and G*(n,d) to denote the set of multigraphs with degree sequence
d. We use G(n,d) and G*(n,d) to denote the sets of d-regular graphs and d-regular

multigraphs with n vertices, respectively.

Conjecture 3.4. Let d be some fixed positive integer greater than 1, let n € N. If G is
chosen uniformly at random from G(n,2d) we have

[ET(G)]

ceQn )| = lasn—eo.
| TS(G)|

The contents of this chapter are as follows. In §3.2, we describe the models we
use to study random graphs and the techniques used in our analysis. Recall that, by
the BEST Theorem (Theorem 1.57), counting arborescences is equivalent to counting
Euler tours for any Eulerian directed graph. In §3.3 we analyse the distribution of the
number of arborescences of a random d-in/d-out graph, and use this to infer results
about the number of Euler tours of a random d-in/d-out graph. In §3.4, we analyse
the distribution of the number of Eulerian orientations of a random 2d-regular graph.

Each one of these orientations is a d-in/d-out graph, so, recalling the definition of an
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orb of an Eulerian graph G (Definition 1.69) as a pair (£, 4), where ‘E is an Eulerian
orientation of G and 4 is an arborescence of E, we would hope that the results of
§3.3 and S3.4 could be combined to say something about the number of orbs of a
random 2d-regular graph. As observed by Brightwell and Winkler [15], the BEST
theorem can be used to relate the number of orbs of an Eulerian graph to the number
of Euler tours, so this would be equivalent to analysing the number of Euler tours of a
random 2d-regular graph. Unfortunately, we were unable to bring this line of research
to completion. In §3.5 we provide some initial results, and state a conjecture which, if
true, will show that we can, with high probability, sample and approximately count the
Euler tours of a random 2d-regular graph in expected polynomial time. Furthermore,
we present some empirical evidence to support our conjecture. Finally, in §3.6, we give

some examples of graphs on which Algorithm 4 and Algorithm 5 will not be effective.

3.2 Random graphs

In this chapter, we are interested in the random variables representing the number of
Euler tours or Eulerian orientations of G when G is chosen uniformly at random from
G(n,d) or @(n,d). In order to be able to study properties of random elements of
G(n,d) or G(n,d), we need a model for generating random elements of both sets. In
the next section we describe the configuration model [9, 11], which we will use to

generate random graphs with a fixed degree sequence.

3.2.1 The configuration model for random graphs

The model we use to generate random graphs is the configuration model of Bol-
lobds [11] (implicit in the earlier work of Bender and Canfield [9]). See the
survey of Wormald [100] or the textbooks of Bollobas [12] and Janson, Luczak, and

Rucinski [44] for more details of the contents of this section.

Definition 3.5. Suppose we have d as in Definition 3.3. For every v =1,2,...,n we
define a set W, containing d, points. Each one of these represents an endpoint of an
edge incident with v. We define the set W to be formed as the union of these n disjoint
sets. We call a perfect matching on W a configuration and we call a matching on W a
partial configuration. Let £, q denote the sets of configurations for particular d.

For each F € Q, g, we define the projection of F, 6(F), to be the multigraph in

which each set W, is contracted to a single vertex: a pair {x,y} € F with x € W, and
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y € W, corresponds to an edge {u,v} in 6(F). For each partial configuration F/, we
define the projection 6(F') to be the graph obtained by applying the same operation to
the pairs in F; that is, o(F') is the subgraph of 6(F) corresponding to the pairs in F/,
forany FO F.

We say that F contains a loop if it contains a pair {x,y} € F with x,y € W, for
some v, and that F contains a double edge if there are pairs {x,y} and {x’,y’} in F with
x,x' € W, and y,y’ € W, for some u # v. If F does not contain any loops or double edges
then o(F) is a simple graph, i.e., 6(F) € G(n,d). Furthermore each graph G € G(n,d)
is the projection of exactly []_, d,! different configurations; (non-simple) multigraphs
are obtained as the projection of fewer configurations, with this number depending on
the number of loops and double edges.

Hence, we can generate a uniformly random graph G € G(n,d) by generating
uniformly random configurations F € Q,, 4 until we obtain an F with no loops or double
edges, and then returning G = 6(F). The probability of a configuration not containing

any loops or double edges is, asymptotically,
exp(—A/2 —A%/4), (3.3)

where A= 1y _ _ (%) [12, Theorem 2.16]. Since each d, is bounded by the constant
d, it follows that this probability will always be a small constant. However, as we
increase d this probability gets smaller and smaller, so this approach will not be so
useful for practical generation of random graphs. For example, if d, = d,, = 10 for all
u and v, then (3.3) is already e~ 9%/4 < 10710,

Our main interest in the model is as a tool for analysing properties of random
graphs, and for this task the inefficiency of the random graph generation algorithm is
irrelevant. In §3.5, we describe the result of some computational experiments. For
this task we used one of the more practical algorithms for generating random regular
graphs, due to Steger and Wormald [83]. This algorithm generates random graphs
with a probability that is close to the uniform distribution, sacrificing accuracy for
efficiency.

Note that the distribution on G*(n,d) that results from taking the projection of
uniformly random F € Q,, 4 is not uniform. This is because the probability of obtaining
a particular element of G*(n,d) depends on the number of loops and double edges.

We use the directed configuration model for generating random Eulerian directed

graphs with fixed out-degree sequence.
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Definition 3.6. Suppose we have d as in Definition 3.1. For every v =1,2,...,n we
define a pair of sets S, and T;,, each containing d, points. The points in S, represent the
endpoints of arcs for which v is the source, and the points in 7, represent the endpoints
of arcs for which v is the target. We call a perfect matching from S to T a directed
configuration, and we call a matching a partial directed configuration. We use ®, q to
denote the set of all directed configurations, for particular d.

ForeachF € ®d, q, we define the projection of F, G(ﬁ), to be the directed multigraph
in which the sets S, U T, have been contracted to a single vertex. That is, we have an arc
from u to v in (F) whenever we have a pair (x,y) from S, x T, in F. For each partial
configuration 1_5/, we define the projection G(F/) to be graph obtained by applying the

>

same operation to the pairs in F; that is, 6(F ) is the subgraph of 6(F) corresponding

-/ - =/
to the pairsin F, forany FO F.

We say a directed configuration F has a loop if it contains a pair (x,y) € S, x T,
and a double arc if it contains pairs (x,y) and (x,y') from S, x T, for u # v. Note
that we do not consider (x,y) € S, x T, and (¥',y') € S, X T, to be a double arc. As in
the undirected case, each simple directed graph is the projection of the same number of
configurations, [T, (d,!)?, and the probability that a uniformly random Fe ®,, q projects
to a simple directed graph is, asymptotically,

2
exp (_% - M) , (3.4

2m?
where my = ¥, d>.

Remark 3.7. The probability (3.4) follows as a result of arguments given in Theo-
rem 3.30. We believe this is a new result, though the calculations are similar to
those used to prove (3.3). The directed configuration model has been studied in the

literature [4], also in the context of Euler tours, but only for the case d,, = 2 for all v.

3.2.2 Asymptotic Distributions

Any numerical characteristic of a graph G, e.g., the number of Euler tours, gives rise
to a random variable when we consider G as being drawn at random from some class
of graphs. In this work, we would like to know when the probability of Algorithm 4
returning an Euler tour is bounded below by an inverse polynomial. For example, we

want to show there exists some o > 0 such that

|ET(G)| _ _«.
TS 2" .G EeGnd)| -1, (3.5)

"lits)
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as n — oo, That is, we want to show that the probability Algorithm 4 terminates on any
particular iteration is at least n~% for almost every G € G(n,4). Let 7, 4 denote the
random variable counting the number of Euler tours of a random 4-regular graph. In

Section 3.5.1, we show that the expected number of Euler tours of a 4-regular graph

T
E[T 4] — 3/, /53"

There are 3 possible transition systems at each vertex of a 4-regular graph, so
|T'S(G)| = 3" for each G € G(n,4). Thus, to prove (3.5) all we need to do is show 7, 4

is concentrated around its mean. In many cases, Chebyshev’s inequality (see below) is

satisfies

sufficient to prove concentration results and it has seen a great deal of application to

the analysis of randomised algorithms, see, e.g., [70].

Theorem 3.8 (Chebyshev’s Inequality). Let X be a random variable. For any a > 0,

Var[X]

P[X ~E[X]| >d] < —

However, in some cases Chebyshev’s inequality is not strong enough and we need
to look harder at the distribution of the random variable of interest.

Exact formulas for the distributions of interesting combinatorial quantities are rare
and even when they exist are usually too complicated to be of use. Hence, the focus is

shifted to the search for an asymptotic distribution that holds with increasing accuracy.

Definition 3.9. Let X;,X,... be a sequence of integer-valued random variables. We
say (Xp,)n>0 converges in distribution to a random variable Z, or Z is the asymptotic

distribution of X,,, if
PX,=x] > P[Z=x|, asn— .
We use X, 4 7 to denote convergence in distribution.

d :
If X, — Z then, for large values of n, we can consider X, to have the same
distribution as Z. A particularly important instance of this that arises in the study

of random graphs with fixed degree sequence is convergence to a Poisson distribution.

Definition 3.10. A non-negative integer-valued random variable X is said to have a

Poisson distribution with mean M\ if

P[X:x]:e_xk— xeN.

x!’
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Definition 3.11. Let A{,A;,...,A; be arbitrary non-negative real constants and let
X1, Xopy..., Xk, be a set of non-negative integer random variables defined on
the same probability space €,, for each n. We say these random variables are
asymptotically independent Poisson random variables with means \;, if their joint
distribution converges to that of independent Poisson variables with means A;. That
is, for every fixed set of non-negative integers {x; : 1 <i <k} we have

Xi

k A
PXin =x;,¥1 <i<k] — He*ki_l“
i=1 it

as n — oo,

It is well-known that a Poisson random variable is completely determined by the

values of its factorial moments.

Definition 3.12. For any non-negative integers n and k, we define the factorial power
(falling factorial) (n); by
(n)(n—1)---(n—k+1).

If k > n we have (n); = 0.

Definition 3.13. Let X be a random variable. The k-th factorial moment of X is given
by E[(X)x]-

The following lemma shows how the asymptotic values of the factorial moments
can be used to show that a set of sequences of random variables converge to

independent Poisson random variables.

Theorem 3.14 (Theorem 1.23 [12]). Let A1, Ay, ..., A, be arbitrary non-negative real
constants and let Xi ,, X3 , ..., Xy, be a set of non-negative integer random variables

defined on the same probability space Q.,, for each n. If

k .
E [(Xl,n)jl (X2,n)j2 T (Xk,ﬂ>jk} - Hk{l :
i=1

holds for each fixed set of non-negative integers ji,j2,...,Jjr then the variables
Xins -+ X are asymptotically independent Poisson random variables with means
Ai.

Often, when we apply Theorem 3.14 the random variables X; , will be counting
the number of occurrences of some sort of substructure. For example, suppose X; ,(G)

counts the number of i-cycles in a random graph on n vertices and let (,, denote the set
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of different i-cycles you can form on n vertices. Then, we can write X;, = Y.<, Ics
where I¢ is the indicator variable for the event C € G. That is,
./ 1 CeCYCLES(G)
c= .
0 C¢CYCLES(G)
In this case, computing the factorial power (X; ,); amounts to summing over products

of indicator functions for ordered tuples of distinct i-cycles, e.g.,

(Xi,n)3 = Z IC11C2IC3 .
(C1.0.(3)eC,
Ci#C#C

Theorem 3.14 can be used to prove the following theorem, due to Bollobds [11] (or [12,
Theorem 2.16])).

Theorem 3.15 (Bollobds [11]). LetA= 1Yy, (dz‘) and for each integer i let \; = \'/2i
and let X; , count the number of i-cycles in a multigraph G obtained as the projection
of a uniformly random F € Q, 4. For any fixed positive integer k, the set of variables

Xin for i < k are asymptotically Poisson independent random variables with means A;.

The asymptotic independence of the random variables X;, follows from a well-

known property of random regular graphs [44, 100].

Lemma 3.16. Let d be some fixed, non-negative integer, and let H be some graph with
more edges than vertices. Then, for G chosen uniformly at random from G(n,d) we

have

P[H is a subgraph of G] — 0,
asn—» oo,

Recall that a simple graph is a multigraph with no loops or double edges. Hence,

when F is chosen uniformly at random from £, q, we have
Plo(F) is simple | = P[X; , = X5, = 0],

and thus we can infer (3.3) from Theorem 3.15 and Definition 3.11.

3.2.3 Conditioning on short cycle counts

There are many combinatorial quantities which do not have asymptotic Poisson

distributions, e.g., the number of Hamiltonian cycles, the number of perfect matchings,
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or the number of Euler tours of a random 2d-regular graph. However, it is still possible
to compute asymptotic distributions for many of these quantities and Theorem 3.15 is
the foundation of many of these results.

We will now discuss one of these results in more detail. As this result is on random
regular graphs, where d,, = d for all v, for the rest of this section we will speak of the

set of d-regular graphs, G(n,d), and the regular configuration model, Q,, 4.

Definition 3.17. Let G = (V, E) be a graph. We say a cycle in G is a Hamiltonian cycle

if it visits each vertex v € V exactly once.

Definition 3.18. Let G = (V,E) be a graph. We say a subgraph H of G is a 2-factor if
each vertex v € V has degree 2 in H; that is, H is a set of vertex-disjoint cycles which

contains every vertex of G.

In 1988, Frieze [35] showed that one could find a Hamiltonian cycle in almost every
d-regular graph, for d > 85, though it was widely believed that this held for all d > 3.
Then, Robinson and Wormald [75] showed that, for d = 3, the number of Hamiltonian

cycles of a random 3-regular graph, H,, satisfied

E[H;] 3

Applying Chebyshev’s inequality with a = E[H,,], we find

3
B[H, = 0] < P[|H, — E[H,]| > E[H,]] < (_ - 1) |
e
Hence, from (3.6) we can deduce that at least a 2 — 3e~! fraction of 3-regular graphs

are Hamiltonian. However, proving the result people expected,
P[G is Hamiltonian : G € G(n,d)] — 1,

for any d > 3, was beyond the powers of Chebyshev’s inequality.

Then, in a pair of papers from the early 90’s [76, 77] Robinson and Wormald
managed to prove that for all d > 3, a random d-regular graph will contain a
Hamiltonian cycle with high probability, using a technique we call conditioning on
short cycle counts. Their proof involved partitioning €, ; into a family of sets indexed

by vectors of the numbers of occurrences of cycles of various lengths, namely
Qy={Fe€Q, :Xix(F)=x;forall 1 <i<k}.

Robinson and Wormald approached this result indirectly, by analysing the number of

perfect matchings in a random d-regular graph. Subsequent work of Frieze et al. [36]
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obtained the same result using the same technique, but this time working directly
with the number of Hamiltonian cycles. Specifically, Frieze et al. [36] showed that
the variance of the number of Hamiltonian cycles can be divided into two parts: the
variance between the groups Qy, X € NF: and the variance within each of the different
groups. The calculations in [76, 77, 36] showed that almost of all the variance comes
from the variance between the groups, and so the variance within any particular group
is negligible. Thus, with high probability the number of Hamilton cycles in a graph G
chosen randomly from Qy will be close to the expected number of Hamilton cycles for
graphs in that group,
Ex =E[H,(F): F € ¥,

Furthermore, with high probability the group F' lies in will have Ex large enough to
imply that the number of Hamilton cycles in 6(F) is > 0.

In fact, Frieze et al. [36] proved something stronger. The main contribution of
their paper was to adapt the argument of Robinson and Wormald to show that, with
high probability, the number of Hamiltonian cycles in a random d-regular graph was
at most a linear factor less than the number of 2-factors. Since there exists an fpaus for
the 2-factors of any graph, using the Jerrum-Sinclair chain [49], it follows that we can
sample (and so approximately count) the Hamiltonian cycles of almost every d-regular

graph in polynomial time. Their proof is comprised of the following two steps:

1. They show that the expected number of Hamiltonian cycles in a random d-

regular graph G is within a linear factor of the number of 2-factors of G;

2. They show that the random variable counting the Hamiltonian cycles is concen-

trated around its mean.

A general version of this method was presented by Molloy et al. [71].
Janson [43] showed that the result of [76, 77, 36] really amounts to obtaining an
asymptotic distribution for the number of Hamiltonian cycles. He streamlined the

general approach of Molloy et al. [71] to obtain the following general theorem.

Theorem 3.19 (Janson [43]). Let A; > 0 and 6; > —1, i = 1,2,..., be constants and
suppose that for each n there are random variables X; ,, i = 1,2,..., and Y, (defined
on the same probability space Q,) such that X; , is non-negative integer valued and

E[Y,] # 0 (at least for large n) and furthermore the following conditions are satisfied

1. Xin — Zi as n — oo, jointly for all i, where Z; is a Poisson random variable with

mean A;;
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2. For any finite sequence x1,...xy of non-negative integers

E[Ya|X10 = X1, Xin =
E[Y,]

k
H (149;)"e Mdi - ggn — oo
i=1

3 YN < oo
4. limy_e [[Y ]]2 < exp(L;Ai82) +o(1).
Then
Yo da — 7 NS
Sw =TT +8)%e ™t
gy - HH0+8)

as n — oo. Moreover, this and the convergence of the X; , to the Z; in 1 hold jointly.

Remark 3.20. In the proof of Theorem 3.19 given in [43], it is shown that Conditions 1
and 2 imply an asymptotic lower bound of exp(¥;A;87) on E[Y,?]/E[Y,]?>. Hence,

whenever the conditions of Theorem 3.19 hold, we actually have

E[Y?]

n

E[Y,]?

— exp(ZkiSiz) ,

as n — oo,

Remark 3.21. The convergence of X;, to Z; and Y,/E[Y,] to W implied by Theo-
rem 3.19 holds jointly. Hence, if the conditions of Theorem 3.19 hold, and Y,; has

the distribution of Y, conditioned on X; , = X5 , = 0, then we can conclude that

E[Y,]
E[Y,]

IE[,([Y?E]) ) — exp(— 7»15%—7»25%)115

n

— exp(—klﬁl — 7»282) R

We will use the properties mentioned in Remark 3.20 and Remark 3.21 to simplify
the proofs of §3.4. The following lemma gives a useful reformulation of Condition 2

of Theorem 3.19 that will be used several times in the proofs of this chapter.

Lemma 3.22 (Janson [43]). Suppose Condition 1 of Theorem 3.19 holds, Y,, > 0, and

that )
EYn (X1 (X20)j - Kien)id] I
E[Y,] a7
for some y; > 0 and every finite sequence of non-negative integers ji, ja, ..., jr. Then,

Condition 2 of Theorem 3.19 holds with 8; = u;/\; — 1.
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As in the work of Robinson and Wormald [76, 77] and Frieze et al. [36], the
proof of Theorem 3.19 is basically an analysis of variance. The state space €,
is partitioned by conditioning on fixed values for the auxiliary variables X;,. The
first three conditions of the theorem imply a lower bound on the variance between
the partitions; the fourth condition gives a matching upper bound on the variance in
the unconditioned space. Since this upper bound matches the lower bound, we can
conclude that the variance within each component is negligible. Hence, the values of
Y, are almost surely determined by the values of the auxiliary variables.

For example, in the problem studied by Frieze et al. [36], we have Y, equal to the
number of Hamiltonian cycles in a random G € G(n,d), for some fixed d > 2, and Xin
equal to the number of i-cycles in a random G € G(n,d). It is shown in [36] that, with
high probability, the value of W is sufficiently large so that for all n sufficiently large
we have Y, > 0.

In applications of Theorem 3.19 to random regular graphs, X;, tends to be the
number of i-cycles in a random configuration F € €, 4, Z; a Poisson random variable
with mean A; = (d — 1)'/2i, and Y, the combinatorial quantity we are interested in.
For example, this is the case in the original line of work investigating the number
of Hamiltonian cycles [76, 77, 36], and also in subsequent work characterising the
asymptotic distributions for several numerical characteristics of random d-regular
graphs, e.g., the number of perfect matchings [43, 71], the number of 2-factors [74],
and the number of 3-star factors [5]. In most cases, the chief goal of the analysis
is to show that the particular structure occurs with probability approaching 1, in a
random G € G(n,d). However, as is the case in [36], this type of result may also have
algorithmic implications.

In the remainder of this chapter, we derive asymptotic distributions for the number
of Euler tours in a random d-in/d-out graph (§3.3), and the number of Eulerian
orientations in a random 2d-regular Eulerian graph (§3.4), for small, fixed, d. By
arguing along the lines of Frieze et al. [36], we are able to show that the number of
Euler tours in random d-in/d-out graph is close to the number of transition systems, and
consequently that Algorithm 4 and Algorithm 5 run in expected polynomial time on
almost every d-in/d-out graph. We conjecture that a similar result holds for the Euler
tours of a random 2d-regular graph and, in §3.5, we put forward some arguments to
support this conjecture.

In §3.4, we also show that most 2d-regular graphs have few Eulerian orientations,

in the sense that the probability that EO(G) is within a linear factor of the lower bound
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of Schrijver (Theorem 1.56) tends to 1 as n — oo.

3.3 Euler tours of random d-in/d-out graphs

In this section we analyse the number of Euler tours of random Eulerian directed
graphs, using the directed configuration model as our model for generating random
graphs. Recall that, given an integer vector d = (d},dy,...,d,), this can be used to
study properties of random elements of the set of directed graphs in which vertex
ve{l1,2,...,n} has indeg(v) = outdeg(v) = d,.

Although the quantity we are interested in is the number of Euler tours of a random
directed graph, it is easier to enumerate arborescences and, by the BEST theorem
(Theorem 1.57), this is equivalent to enumerating Euler tours. Let 4,4 count the
number of arborescences of a directed graph G chosen uniformly at random from
@(n,d). In §3.3.1 we obtain asymptotic expressions for the first two moments of
Aua. Then, in §3.3.2, we use Janson’s theorem (Theorem 3.19) to characterise the
asymptotic distribution of A4, 4, for the special case when d, = d for all v.

Given the asymptotic distribution of 4, ;4 it is straightforward to show that the value
of 4,4 is almost always close to the mean, E[4,, 4| (Theorem 3.35), from which we
can immediately infer Theorem 3.2. Although we believe a similar result holds for
Eulerian directed graphs with arbitrary fixed degree sequence d, proving this seems to

be beyond the method used to prove Theorem 3.35.

3.3.1 Estimating the moments of 4, 4

We obtain asymptotic estimates for the moments of A4, 4 by first computing the
moments of a random variable counting arborescences of non-uniform directed
multigraphs and then conditioning on the graph being simple. We will use the

following two facts several times in the proofs of this section.

Fact 3.23. Falling factorials of sums obey the well known multinomial theorem

l
(1 M (g ) § (1

8;>0

Definition 3.24. A rooted forest is a set of disjoint trees with distinguished root

vertices. We call a rooted forest a rooted k-forest if it contains exactly k components.



Chapter 3. Euler tours of Random Graphs 85

Fact 3.25. Let V = {1,2,...,n}. The number of rooted k-forests on V in which v has

0, children is
n—1 n—k
k—1)\8,:veVv)’

See, e.g., [81, Theorem 5.3.4], for a proof of Fact 3.25. We also consider the natural

generalisation of the configuration model to non-Eulerian directed graphs.

Definition 3.26. Suppose s = (s1,52,...,5,) and t = (#1,12,...,t,) are a pair of positive
vectors. Now, suppose we have disjoint sets of points S, and 7, satisfying |S,| = s,
and |T,| =1t,, foreachv=1,2,...,nand let S=J)_; S, and T = ), T,. We call
the set of perfect matchings from S to T directed configurations and denote the set of
all directed configurations by ®, s1. As before, we call the matchings from S to T the
partial directed configurations of @, .

We define projection in this generalised configuration model in the same way as in

the original directed configuration model.

In Lemma 3.27 below, we use Fact 3.23 and Fact 3.25 to count the number of
partial configurations that project to a directed forest in @, g ¢.

In the proof of the following lemma, and throughout this section we take the
term directed forest to mean a forest in which every edge in a component has been
directed towards the the root. Furthermore, we will often speak of a configuration for
an arborescence or directed forest. We take this to mean a partial configuration that

projects to an arborescence or directed forest.

Lemma 3.27. Let s and t be a pair of positive n-vectors and let V. = {1,2,...,n}. The

number of ways to choose a configuration for a directed forest rooted at R C'V in @, 5 ¢

I1s (sz> (Z ty— 1) : (3.7)
vé¢R vER veV n—|R|—1

Proof. In counting the number of partial configurations that project to forests, we need

is

to enumerate the forests that can occur in some directed graph Ge @(n, s,t), and also
the number of partial configurations in ®,, s ¢ that project to each forest. The first part
of our analysis counts the number of such forests in which each vertex v € V has a
particular number of children, §,.

Let F be a forest on V rooted at R and, for each v € V, let , be the number of

children of v in . The number of ways to choose a point for the source and target of



Chapter 3. Euler tours of Random Graphs 86

each arc in ¥ is
n

[T [1®)s, (3.8)

v¢R v=I
since we must choose one of the points in S, for the source of the arc leaving each

v ¢ R and choose one of the points in 7, as the target of each arc entering v.

We now count the number of forests on V which have roots at R, and which agree
with the vector 8 = (81,0»,...,9,) of child counts. One way to approach this task is
to observe that we can construct a forest rooted at R by first choosing a k-forest on
V —R, where k =Y. d,, and then attaching each root of this forest as a child of some

v € R. By Fact 3.25, the number of k-forests on V — R in which v € V — R has exactly

n—[R|—1\( n—|R|—k
( k—1 )<5V:VGV—R)' (3.9)

The number of ways we can divide the roots of this forest amongst the members of R

o, children is

so that each v € R has §, children is

k

Combining (3.9) and (3.10), we see that the number forests rooted at R that agree with

child count vector 8 is
n—|Rl—1 n—|R|—k k
k—1 8,:veEV—-R/\§,:vER)
Hence, by (3.8), the number of partial configurations projecting to these forests is

n—|R|—1\( n—|Rl—k k
( k—1 )<8v5V€V—R)<5V;v€R>HSVH(fv)6V- 3.11)

véR VvEV

Now, summing (3.11) over all possible vectors & gives

Hsvn—zw (n—klfll—l)< y (sv;feR)H(tV)s‘)

v¢R k=1 Y. crOv=k VER

n—|R| —k> >
’ (t)s, | - (3.12)
(Z},¢R6l,§|R|k ( O, :vé¢R VI;{ 5

We can use Fact 3.23 to simplify (3.12). The two sums over the different 9§,
in (3.12) are the multinomial expansions of the falling factorial powers (Y, cgt,)x and

(Xv¢rtv)n—|R|—k » respectively. Hence, (3.12) is equal to

nex (0 (30 (30) L

which is itself the multinomial expansion of (3.7). ]



Chapter 3. Euler tours of Random Graphs 87

We now use Lemma 3.27 to analyse the expectation and variance of the number
of arborescences in 6(F), when F is chosen uniformly at random from ®, q. In the
following, we say 4 C F is an arborescence of F ®, q if 6(A) is an arborescence of
6(F), and denote the set of arborescences of F by ARB(F). In the following proofs,
we will abuse terminology slightly and switch between speaking of arborescences of

configurations and directed graphs arbitrarily.

Theorem 3.28. Let d be some fixed constant, n € N, and let d = (d,da,...,d,) be a

sequence of integers satisfying
dzdnzdn—l > 2>dp 2> 17

and let m =Y _,d,. We define /‘Zl;’d to be the random variable counting the

arborescences of uniformly random Fe D, q. Then,

* n -
E[ n,d] = Endv;
v=1

E(#4a)?] m
E[Z:42 m—n+1°

n,

Proof. We first consider the first moment of A4 4. To calculate the first moment of
ﬂ;}d we need to enumerate pairs (I_f, A), where Fe @, q and 4 is an arborescence of
F, and then divide this quantity by |®, q|. Given 4, it is easy to count the number of
configurations Fe ®,, q for which 4 C F. In any directed graph G with m arcs, there
are exactly m —n -+ 1 arcs not contained in any particular element of ARB(@). Hence,
if we have a configuration for an arborescence, there are (m —n+ 1)! ways to extend
this to a complete configuration. Applying Lemma 3.27 with s = t = d, we see that the

number of arborescences rooted at any particular vertex v is

d, (Hdu) (m—1),_5. (3.13)

u#v
By the BEST theorem (Theorem 1.57), there are an equal number of arborescences

rooted at each vertex of any F € ®, q. Hence, multiplying (3.13) by by n(m —n+1)!
gives the number of pairs (F, 4) with F € ®, 4 and 4 € ARB(F):

n(m—1)! (de> :

Finally, dividing by the total number of configurations in ®, 4, which is m!, gives the

claimed value for E[4}, 4].
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To compute the second moment of A; 4 we need to evaluate the following

expression

— Y |ARB(F)]*. (3.14)

1
' f::‘E(I)nd

We observe that the term | ARB(F)|? in (3.14) is equal to the number of elements in

the set
{(4,4"): 4,4 € ARB(F)}.
That is, _
D, 4
E ; 2 — ‘ n, ,
K ,d)] “bmd|
where

®,a={(F,42,2):Fec®,q,4,2 € ARB(F)|}.

Hence, to evaluate E[(4 4)%] we need to count the number of elements of @, 4.

We compute |&>n,d] as follows. First, we count the number of ways to choose the
intersection of a pair of arborescences A4 and 4'. Then, we count the number of ways
to extend this intersection to 4 and 4’. Finally, we count the number of ways to choose
the remainder of F so that 4 and 4’ are both in ARB(F).

The last step is the easiest. Suppose we have a pair of arborescences (4,.4’) of
some configuration Fe ®, 4 and suppose F = ANA is a forest rooted at R C V.
Since we need to add |R| — 1 arcs to ¥ for each arborescence, there will be n+ |R| —2
edges in AU A’ and, hence, there are (m —n — |R| 4 2)! ways to choose the remaining
edges for F.

We now proceed to enumerate the different pairs (4,.4') with F = 4N .4’ rooted
at R. In fact, we overcount slightly, with the number of times (ﬂ,ﬁl’) is counted
depending on the roots of 4 and A’. We use the BEST Theorem (Theorem 1.57)
to get back to the correct number at the end of the proof.

We start by counting the number of ways we can choose ¥, the edges in both
arborescences, and then count the number of ways to choose the edges which are in

one or the other arborescence. By Lemma 3.27, the number of ways to choose F

(Hdv> (Z dv) (m—1),_|g|—1- (3.15)
vé¢R vER

For each v € R, let F, denote the component of F with root v, and let x, be the

rooted at R is

number of points in | J,c ¢, T, not used by arcs in ¥ . That is,

Xy = Zdu—|fv|—|—1.

Me.(]’—v
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Note that this is the number of points available to add incoming arcs to vertices of ¥,

when we are completing 4 and 4’. Moreover, we have

va =m—n+|R|.
VER

We now turn our attention to the number of ways to choose 4\.4" and 2\ 4.
Choosing the remaining arcs for 4 and 4’ is equivalent to choosing a pair of disjoint
configurations for trees on R in which there are x, points available for the targets of
arcs entering v and d, points available for the sources of the arcs leaving v, for each
vER.

Suppose we have already chosen 4\ 4’ such that the root of 4 is r and suppose
that there are 8, additional arcs directed towards vertices in F,, for each v € R. Now,
suppose we want to choose A4’ \ 4 such that the root of 4’ is 7/, and, for the moment,
suppose r # 1. Choosing A"\ 4 amounts to choosing a tree on R rooted at 7 in which
there are x,, — 9, points available for arcs directed towards each v, d,, — 1 points available
for the source of the arc directed away from each v # r, and d, points available for the
source of the arc directed away from r. Hence, by Lemma 3.27, we see that the number

of ways to choose 4"\ 4 is

Xy — Oy )dy
(df_ 1)(dr’>_ 1) (H(dv— 1)) (m—n)|R|_2.

VER

Using Fact 3.25, we can deduce that the number of ways to choose A4 is

HveRdv ’R’ )
dr 5|ZRI (5r —1;0,:veE R\{r}) [T1x)s, -

VER
6,>1

Therefore, the number of ways to complete F to AU A’ is equal to

HVER dv(dv — 1)
(d—1)(dy— 1)

(m— ”)|R|72

times

R|—2
L (xr/_srl)(ﬁr—l;f‘iv ’:veR\{r}) []s. 310

8|=IR|-1 vER
8,>1

We can divide (3.16) into two sums:

R| -2
> (Sr — 1;?|3V |: Ve R\{r}) [, G.17)

[8=|R|-1 VER
8,1
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and Rl—2
R _
S, ( ) (x)s, - (3.18)
8'521;11 O — 158, :veR\{r} vlel,
>

Applying Fact 3.23, we see that (3.17) and (3.18) are equal to x,x, (m —n+|R| — 1) g2
and —x;x./(|R| —2)(m —n+|R| — 2) g3, respectively. Hence, the number of ways to

complete F to AU 2 is

VER

(d —f))(cd (Hd (v —1> (m—n+|R[—2)sg|-4- (3.19)

If r =7/, we can apply an almost identical argument to show that the number of ways

to complete F to 404 is

Hd (dy—1) | (m—n+|R|—2)yr|—4- (3.20)
’ VER

Multiplying (3.19) and (3.20) by (d, — 1)(d,» — 1) and d,(d, — 1), respectively, and

summing over r and r’ gives
Y xex, +Zx, [1dv(d—1) | (m—n+|R|=2)yg-a.  (3.21)
r#£r VER

Since Y, cgxr = m—n+ |R|, we have

Y xex +Zxr =Y x (xr -1+ ) (x,/)>

r#r reR r'sr
=(m—n+|R|)(m—n+|R|—1).

Hence, (3.21) is equal to
<HdV(dv - 1)) (m—n+ ’R|)2|R|—2-
VER

Multiplying by the number of ways to choose ¥, given in (3.15), and the number of

ways to choose the portion of F not contained in AU 4’, which is (m —n— |R|+2)!,
yields the following expression

(gdv) (m—1) (g (dy—1) > <gd> (3.22)

The expression (3.22) over-counts the number of triples (13,/‘71,/‘7[' ) in which the
intersection 4N 4’ is a forest rooted at R. Each triple (F, 4,4’) in which 4 and 4’ are
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rooted at different vertices u and v is counted (d, — 1)(d, — 1) times, and each triple
(F,4,4') in which 4 and 4’ are rooted at the same vertex v is counted d,(d, — 1)
times.
Only the second two factors of (3.22) depend on R. Summing these over all R C V
gives
) (Z dv) (H(dv — 1)> : (3.23)
RCV \veR VER
We can evaluate (3.23) by separating it into n separate sums, each corresponding to the

sum over R> v, forveV,

dy Y [](du—1)=(d,—1) (Hdu>. (3.24)

R>vueR ucV

Then, summing the right-hand side of (3.24) over each v € V, and combining with the

rest of (3.22), gives )
<Hd> m—n)(m—1)!. (3.25)

vev

We cannot immediately obtain the quantity we are looking for from (3.25) as it
over-counts different triples by different amounts. However, by the BEST theorem
(Theorem 1.57), we know that the number of triples (13, A4,4') in which 4 is rooted at
u and 4’ is rooted at v does not depend on u or v, since the projection G(ﬁ) is always
an Eulerian directed graph. Thus, it follows that the factor by which (3.25) over-counts

the number of triples is

% (Z(du— D)(dy— 1)+ Y dy(dy — 1)) - <m_”+n12><m_”) . (3.26)
u#v v

Then, dividing (3.25) by (3.26) and m! gives

2 2
E[( r*z,d)z] = m(m—n—I—l (Hd> . O

vev

An Eulerian directed graph is simple if and only if it does not contain any
loops or double arcs; we do, however, allow the arcs (u,v) and (v,u) to be present.
In Theorem 3.30 below, we estimate the first and second moments of A4, 4 using
Theorem 3.28 and conditioning on there being no loops or double arcs in F.

Before proceeding with the proof of Theorem 3.30, we state a useful property of
the directed configuration model. A similar property is used, implicitly or explicitly,

in almost all results on the undirected configuration model [100].
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Lemma 3.29. For any fixed directed graph H with more arcs than vertices, and F
chosen uniformly at random from ®,, q, the probability G(I_ﬁ) contains H as a subgraph

tends to 0, as m — oo,

Proof. The reason for this is as follows. Suppose H has i vertices and j edges. For each
setS C {1,2,...,n} with |S| =i, the number of ways we can choose configuration pairs
that will give H as a subgraph of 6(F) on the vertices S is bounded by a constant. The
probability of one of these sets of configuration pairs occurring in a random F' € ®, ¢
is

(m—J)!

—m 7,
m!
since there are (m — j)! ways to choose the remainder of a configuration, given a set of

J edges. But the number of ways to choose S is

()

Hence, we can, rather crudely, bound the probability of H occurring as a subgraph of
o(F) by O(mi /). O

We now proceed with the proof of Theorem 3.30. We will use (the ideas of)

Lemma 3.29 to show that the factorial moments of various random variables converge.

Theorem 3.30. Let d be some fixed constant, n € N, and let d be a sequence of integers

satisfying
d>dy>dy12>-->d > 1,

and let m =Y _, d,. Furthermore, suppose m —n — oo. Let A4, q denote the number

of arborescences of an Eulerian directed graph chosen randomly from @(n, d). Then,

n
E[4,q4] = ' —T1d,;
[ ,d] e ml:[ v

E[ﬂ%,d] e*"/ml
E[4,.4)? m—n’
Proof. In the following we will use m5 to denote ¥, d2.
The proof is as follows. Recall that F contains a loop at v if there is an edge from
S, x T, in F and that F contains a double arc from u to v if there is a pair of edges from
S, x T, in F, for some pair of vertices u # v. Let L and D denote the number of loops
and double arcs in a random F € ®, q. Then, the event “Fis simple” is equivalent to

the event {L = D = 0}. We first analyse the distributions of L and D, which we can
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use to estimate the probability that Fis simple. Then, we consider two new random
variables, LY and D(l), which count the number of loops and double arcs in F when

(F, 4) is chosen randomly from the set

®,q={(F,2):Fe®,q, 4 < ARB(F)}. (3.27)

By analysing the distributions of LM and DM we can estimate

JP’[L(I) —pW) = 0]
P[L =D =0]

E[A, 4] = E[4; 4] -

Finally, we consider random variables, L2 and D(z), which count the number of loops

and double arcs in F when (13, 4,4 is chosen randomly from the set

®,a={(F,2,2):Fc®,q, 4,9 c ARB(F)}. (3.28)

By analysing the distributions of L and D@ we can estimate

JP’[L(Z) —p2 = 0]
P[L =D =0]

E[(Ana)’] = E[(4;.4)°].

We first compute the expectation of L and D. Suppose we have a loop edge
ec S, xT, in F and let 1, be the indicator variable for the event ¢ € F. Then, we

can write L =Y, cy Y. .cs, «T, le and, by linearity of expectation, we have

EL=) Y E[L=) )Y PeeF]. (3.29)
veVeeS, xT, veVeeS, xT,
Given e, the number of ways to choose F with e € Fis (m—1)!, so the probability of a
random F € ®,, q containing e is 1/m. For each v € V, there are a’% ways to choose an
edge from S, x T,. Hence,

mp

E[L] = %de = (3.30)

Next, we compute the expectation of D. Here, for every pair of edges e, f € S, X T;,,

m

for some u # v, we define an indicator variable I, s for the event e, f € E. Then D =

Y utv Ye fes, <1, le,f- By linearity of expectation, we have

EDl=Y Y Y PlreF. (3.31)

ueVveV\{u}e,feS,xT,

The probability of a particular pair of edges e and f occurring in a random config-

uration F € P, q is, asymptotically, 1/ m?. Moreover, the number of ways to choose
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e,f €S, xT,is 2(‘12") (dzv) Hence, the sum in (3.31) becomes

w031 1 (4

ueVyeV\{u}
1 o
-— (d)r | —== Y (do)3. (3.32)
2m? (ug", 2m? Mg", 2

To finish the calculation we observe that the numerator of the negative term in (3.32)
is O(m) (each d, is bounded above by a constant d, so ¥,(dy)3 < d>m). Hence, this
part of the sum disappears as m — oo and

(my —m)?

ED

(3.33)

We would like to use Theorem 3.14 to show that L and D are asymptotically
Poisson, so we can use (3.30) and (3.33) to estimate P[L = D = 0]. To apply
Theorem 3.14, we need to show that, for every pair of non-negative integers i and
J, we have

E[(L);(D)x] — E[L/E[D)*. (3.34)

Consider ordered tuples of the form t = (ey,ez,...,¢j,(f1,81),(/2,82),---, (fk,&k))
where ¢; is a loop, for i = 1,2,...,j, (fi,g:) is a double arc for i = 1,2,...,k, and
all edges are distinct. For each such t, we define an indicator variable /; for the event

teF (F contains all components of t). Then, we can write
E[(L);(D)i] = Y E[l] = Y P[t € F]. (3.35)
t t

First, we consider the contribution to E[(L);(D)s] from tuples where no vertex

occurs more than once. We can write this as

1 dgl d\%z (dy 1 )2 (dvy)
2 y oy i S y 2y 2 (3.36)

)
m — m—2k
VIEV] neEV, Vit1€Vjt1 J Vor€Vjiok

where V; =V — {v; : j < i}. We can re-write the last sum as

1
m— 2k (mz‘m_ )3 (dV.i+2k)2> : (3.37)

veVor
Since k and d are both fixed, it follows that (3.37) is, asymptotically, (my —m)/m.
We can apply the same reasoning to show that each of the sums over V;, for
i=j+1,...,2k, converge to (my —m)/m. Similarly, each of the sums over V;, for

i=1,2,...,j, converges to m/m. Hence, the asymptotic value of (3.36) is

E[L) E[D]*.
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By Lemma 3.29, we know that the probability of F containing any set of cycles on
J vertices, for fixed j, in which any vertex occurs more than once, is (asymptotically)
0. Hence, the contribution to (3.35) from ordered tuples in which any vertex features
more than once is negligible and, therefore, (3.34) holds.

We have shown that L and D converge to independent Poisson random variables
and, therefore, the probability that Fis simple when F is chosen uniformly at random
from @, q is (asymptotically)

exp (—@ - M) . (3.38)

m 2m?

Next, we consider the distributions of L(!) and D("). We first estimate E[L(V)].
Suppose we have a loop edge e € S, X T, for some v € V. A loop edge cannot be
contained in any arborescence, and, thus, the number of pairs (Iq:,ﬂl) € 5,,7(1 where
ecF,is equal to the number of pairs (15,/‘4) € 5,17(1/, where d’ is equal to d with d,
replaced by d, — 1. Hence, from Theorem 3.28, we can see that the number of elements

of 5,1’(1 with e € Fis equal to
n(dy—1) [Jdu(m—2)!. (3.39)
u#v
Dividing (3.39) by the total number of elements in ®,, 4, which we can also obtain from
Theorem 3.28, gives the probability

o _ d,—1
PlecF: (F,2) € P4l = ——

A= (3.40)

Evaluating (3.29) with this probability in the place of Ple € F| gives

E[L] = ﬁZdv(dv —1) > mzn;m.

Next, we evaluate E[D())]. Suppose we have a pair of edges e, f € S, x T, for
some u # v. By Lemma 3.27, the number of arborescences rooted at u in which each
w ¢ {u,v} has d,, points available for its incoming and outgoing arcs, u has d, points
available for incoming arcs, and v has d,, — 2 points available for incoming arcs and d,

available for outgoing arcs is
(H dw> (m—3),1. (3.41)
weV

The expression in (3.41) counts the number of partial configurations which consist of

the edges e and f along with n — 1 configuration edges that project to an arborescence
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rooted at u. There are (m —n — 1)! ways to extend each of these partial configurations
to some F € @, q. Hence, the following expression counts the number of pairs
(F,4) € ®, 4 with e, f € F and 4 rooted at u.

(In] dw> (m—13)!. (3.42)
w=1

By the BEST Theorem (Theorem 1.57), we know that each Fe @, q has the same
number of arborescences rooted at each vertex, so (3.42) counts exactly 1/n of the
pairs (F, 4) € D, q withe, f € E. Multiplying (3.42) by n and dividing by |, 4] gives
1

P F:(F,4 D, —.
[evfe ( ) )G ,d]_>m2

(3.43)

This is the same probability as when F is chosen uniformly at random from ®, q, so
evaluating (3.33) with (3.43) in place of Ple, f € F| does not change the (asymptotic)
value and we have

E[D"] = E[D].

As described in Lemma 3.29, the probability that a random F € &, g4 contains a
particular k-vertex subgraph with more arcs than vertices tends to 0. This is also true
when we are sampling (F, 4) uniformly at random from &, q. Hence, the contribution
to E[(L1M) ;(DM),], from ordered tuples of loops and double arcs which overlap at any

vertex is negligible. We can thus conclude that the factorial moments converge to
E[(1),(DV)]  ELVVEDUI
Hence, the probability of F being simple in a random (F, 4) € D, 4 is

_ Y
exp <_m2m m_ (mzzmzm) ) . (3.44)

Together (3.38) and (3.44) give the claimed estimate for E[4,, q].

Finally, we consider the distributions of L and D@, Suppose we have a loop
edge e € S, X T,,. The number of elements of éf)n,d with e € F is equal to the number
of elements of EIVDn,d/, where d’ is the out-degree vector we used to compute E[L(l)]. By
Theorem 3.28, we have

~ (d,—1)> n? ?
|Pral = @7 mn [Tdv]| (m-2).

weV

Dividing by the number of elements in CT)n7d, which know from Theorem 3.28, we see

that ( )2
PlecF:(F,4,.4)e®,q4] > ——~.
[e 6 ( ) ) ) e n,d] (d‘,)zm
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Evaluating (3.30) with this probability in the place of Ple € F| gives
E[L@) T2 2mEn (3.45)
m

We now evaluate E[D(Z)]. Suppose we have a pair of edges e, f € S, X T, for some
u # v. There are three cases to consider: e, f € AUA'; e, f ¢ AUA’; or exactly one
of e and fisin AUA'. We estimate E[D(z)] as follows. Using slightly more general
arguments than those used to compute the second moment in Theorem 3.28, we count
the number of triples (IE,JZL,JZL' ) for each of these three cases, obtaining expressions
which overcount in the same way as (3.25). Then, since the way in which triples are
over-counted is the same in each of the three analyses, i.e., the number of times each
triple (F, A4,4') is counted is determined by the out-degrees of the roots of 4 and 4’,
we can add these three expressions together, apply the BEST theorem, and proceed as
we did in the proof of Theorem 3.28.

Note that the fact that the in-degree and out-degree of each vertex v are equal is only
used at the last step of the analysis of the second moment of A 4 (in Theorem 3.28).
That is, if we are working in the general directed configuration model of Definition 3.3
(with the added condition that ) s, = ) #, = m) and follow the arguments of the second
part of Theorem 3.28 we find that, for each R CV, the expression over-counting
triples (ﬁ,ﬂl,ﬂl’) where 4N A4’ is a forest rooted at R (given by (3.22) in the proof

of Theorem 3.28) becomes

(Qﬁ”) m—1)! (W;wa) (E{(w—b) . (3.46)

The factor by which (3.46) over-counts (F, 4,4') is (s, — 1)(s» — 1) if 4 and 4 are
rooted at different vertices r,”’ € R, and is s,(s, — 1) if both are rooted at the same
vertex r € R.

As we did for (3.22) in the proof of Theorem 3.28, we can separate (3.46) into two
parts: the part that does not depend on R,

(1)
(%lw> (Mg(sw—l)> : (3.47)

Summing (3.47) over all possibilities for R gives

[z (1)

and the part that does
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Hence, in the general directed configuration model, the expression which over-counts
triples of the form (F, 4,4') is

2
(Z P ) (st> m—1)! (3.48)
weV Sw weV

Now, suppose ¢, f ¢ AUA’. In this case we want to count the number of triples
(13, A, /‘71’) where F € D, 5, for s =d, except s, = d, —2, and t =d, except t, = d, — 2.
Adding e and f to the F part of each element of this set of triples gives the set of triples
(F,4,4") € ®,q with e, f € F— (24U .4'). Evaluating (3.48) for the stated values of s

and t gives
d d,—2\ (dy ?
m—n———— v_) dy | (m—3)!

or, asymptotically, as m —n — oo,

2
(m—n( <Hd> m—3)! (3.49)

wevV

Next, suppose e, f € AUA’. Since there can be at most one arc leaving u in 4
or 4’ it follows that we have an arc (u,v) in both 4 and A’. Hence, when we are
choosing the pair of arborescences we must assume that (u,v) is always present. This
corresponds to replacing u and v by a single vertex v/ which has d, points available
for outgoing arcs and d, + d, — 2 points available for incoming arcs. That is, in this
instance we want to count triples (15,/‘4, a' ) with Fe @, s.t, where s and t are vectors
indexed by V\{u,v} and V' satisfying s,, = 1, = d,, for w € V\{u,v}, s,y = d,, and
ty =d, +d,— 2. Evaluating (3.48) with these values for s and t yields, asymptotically,

2
(m (Hd) m—3)! (3.50)

wev

We can extend each of the triples counted by (3.50) to an element of &Dn@ in four ways,
since we can put e or f into either arborescence. Hence, the expression over-counting

triples (13,/‘7[, ' e Ef)n,d with e, f € AU A4’ is, asymptotically,

2
(m— (Hd) (m—3)! (3.51)

weV

Finally, suppose exactly one of e and f is in 4U.4’. This case is a little bit more

complicated. Suppose e € 4. We contract u and v to a single vertex V', as in the
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previous case, and choose a forest on V\{u,v} and v/, with root R. Then, we proceed
as in the proof of Theorem 3.28, except we consider u to be one of the roots of the
components of F when choosing 4'; that is, when choosing ﬂl\ﬂl’ we choose a tree
on R, but when choosing 2"\ 4 we choose a tree on RU {u}, where the vertices in the
component of our initial forest have now been divided between a component rooted at
u and a component containing v. The final expression counting the number of ways to
complete F to AU A" does not depend on how the vertices are distributed amongst the

components of ¥, so it is safe to do this. In this way, we obtain the expression

(du—2) (Z tw> (H(sw— 1)> ( I1 sw> (m—1)! (3.52)
wER WER weV\{u}

which over-counts the number of triples (15, 4,4") where RU {u} are the roots of the
components of AN4’, e € 4, and f € F\(AU4').

Proceeding as before, by summing over all possibilities for R, gives, asymptotically,

(m—n) (Ed) m—1)!

The cases where e € 4, f € 4, and f € 4’ are all equivalent, so the expression over-
q p

counting triples (15, A4, 4') with exactly one of e and f in AU.A4’ is, asymptotically,

2
(m—n4 AE (Hd) m—1)! (3.53)

weV

Adding (3.49), (3.51), and (3.53) gives

2
(Hd) m—3)! (3.54)

weV

Finally, we observe that the triples are over-counted consistently in the three separate
constructions given above. Hence, we can conclude, by the same reasoning as was
used in Theorem 3.28, that (3.54) over-counts the elements of EIvbmd by a factor of

(m—n—1)(m—n-2)
> .

(3.55)

n

Dividing (3.54) by (3.55) and the number of elements in &Dn’d, which we can obtain

using Theorem 3.28, gives

= = ~ 1
Ple,f €F: (F,2,2") € ®,q] — .l
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This is the same probability for e, f € F when F is chosen uniformly at random from
®,, 4, s0 we can conclude
E[D®] — E[D].

The factorial moments converge, again because we only need to consider the con-
tribution from ordered tuples of non-overlapping loops and double arcs. Hence, the
probability that Fis simple, when (IE, A4, 4') is chosen uniformly at random from &)n,d,

is

-2 —m)?
exp (_mz m+n _ (m 2m) ) (3.56)
m 2m
Combining (3.38) and (3.56) gives the claimed estimate for E(ﬂnjd)z. O

3.3.2 The asymptotic distribution of 4, ;

The primary goal in this section is to prove that T n,d 18 concentrated around its mean.
By the BEST Theorem, this is equivalent to proving a concentration result for 4, q.
The obvious first step is to try to apply Chebyshev’s inequality (Theorem 3.8). Suppose
we want to show

P{4,q9 <n *E[4,4]} = 0.

We can bound this probability by

P{Aa < “E[A,a]} < P{| Ana—E[Anal| > (1 —n ) E[,a]}
2% 1\2E[22 ]~ B[4 ndP
S( e ) EAq?

where the last step is obtained by applying Chebyshev with a = (1 —n~%*)E[4,4],
and using the fact that Var[X] = E[X?] — E[X]? for any random variable X. Then, by

Theorem 3.30, we can deduce that this upper bound is, asymptotically, equal to

e /My

—1.

m—n
This will be a constant, since we are assuming that d, < d for each v € V. Thus, to
prove the result we want, we will need something stronger.

In this section, we show how we can apply Janson’s Theorem (Theorem 3.19) to
determine the asymptotic distribution of A4, 4 (the special case where d, = d for all
v € V). In our application of Theorem 3.19 we will have ¥, = A4,, 4, and X; , counting

the number of directed i-cycles in G(f:) for F chosen uniformly at random from ®,, 4.
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In the following two lemmas (Lemma 3.31 and Lemma 3.32), we establish that
Condition 1 and Condition 2 of Theorem 3.19 hold when we take X; ,, to count directed

i-cycles in a random F e ®, q and ¥, to be equal to fél;d.

Lemma 3.31. For each fixed positive integer i, let X;, count the number of directed
i-cycles in a directed graph G chosen uniformly at random from @(n,d), and let

A = N /i, where N = ma /m. Then, for any fixed set of integers jy, ..., jx we have

k ko
A Ji
E ], | = TTA
i=2 i=1
Proof. We say a set of i edges ej,es,...,e; in a directed configuration is an i-cycle
if there is a sequence of distinct vertices v, vy,...,v;—1 such that e¢; € Svj X ij+1 nodi

for j =0,1,...,i—1. Let G q denote the set of all possible i-cycles for a particular
out-degree vector d. For each C € (; q, we define an indicator variable I¢ for the event

Ce ﬁ, $0 Xin = Ycec,;, Ic- Then, by linearity of expectation, we can write E[X; ] as

EXia) = Y E[]
CeCia

= Y PlceF. (3.57)
CeCia

There are (m—i)! configurations containing each i-cycle, and, therefore, for any i-cycle
C,

plcef)= =D 1

m! m
So, to estimate E[X; ,], we only need to compute |G a| and then divide by m'. Let

V ={1,2,...,n} and suppose S is an i-subset of V. There are (i — 1)! different ways to

arrange S into an i-cycle (vo,vy,...,vi—1). Given a particular i-cycle (vo,vi,...,vi_1)
on S, there are [],csd> ways to choose edges ej € Sy; X Ty 1) moa i for j=0,1,...,i—1.
Hence, (3.57) becomes ( )
i—1)!
E[Xia] & — Y 14 (3.58)
scv ves
|S]=i
Now, observe that
. 1 l
mo\!
(%) = ( L@
m m vev
1 i
= d>v. 3.59
m’zszv"_i<svzv€V>vl;‘I,v (3:59)
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Consider the contribution to (3.59) from terms in which s, = 2 for some v € V. This

can be crudely bounded as

%ZW‘( )y di) < Qg1 0.

vev ueV\{v}

Similarly, the contribution from all terms with s, = j > 2 for some v € V can be shown

to be O(m'~/*1). Hence, we have

Ly e (%) a

Plugging the approximation given in (3.60) into (3.58) gives
1 i
ElXin] > = () =i
i\m

Suppose we have a sequence of fixed non-negative integers ji,j2,...,Jk. 1O
evaluate the factorial moment

ﬁ(Xi,n)ji

i=1

E (3.61)

we need to enumerate ordered tuples of j = j; + jo + - - + ji directed cycles where
the first j; cycles are loops, the next j, are 2-cycles, and so on. By Lemma 3.29, we
know that the probability of any particular partial configuration with more edges than
vertices occurring in a random Fe ®,, q tends to 0. Hence, the only tuples of directed
cycles which have non-negligible contribution to (3.61) are those in which the cycles

are vertex-disjoint. Given a set S C V with |S| = j, there are

J! 2
ITE i ves(dv>
ways to choose configurations for an ordered tuple of vertex-disjoint j-cycles, with
Ji being the number of i-cycles. The probability of any one of these sets of cycles
occurring in a random configuration is, asymptotically, 1/m/. Hence, the contribution
to (3.61) from tuples of vertex-disjoint cycles, is, asymptotically,
i
e Tfﬁ‘l . SCZ; VeHs(dV)z (3.62)
IS|=Jj

By the same arguments used to prove (3.60), we can show that (3.62) is (asymptoti-

cally) equal to
1 i
(@) — T O

X -
[[= i \m i=1
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Lemma 3.32. For each i, let X;,, be as in Lemma 3.31, and let yj = (M — 1) /i, where
A = my/m. Then, for any fixed set of integers jl,jz, ..., Jx we have

[ dHl 1 ll’l Jl i
B[ g H“l

Proof. We first establish
E[A}, g Xin]

B
The factorial moments then hold for the same reason as was given in Lemma 3.31:
the contribution from ordered tuples of loops and double arcs with repeated vertices is
asymptotically insignificant.
Let 5,17(1 be the set of pairs (I_f, A4) where Fe @, q and 4 is an arborescence of F.
We let Gi(F) and ( g have the same meaning as in the proof of Lemma 3.31. Then, as

we did for E[X; ,,], we can expand

E[ﬂz,d] "Dnd| A)e®, 4CCua
B y{(f:,ﬂl C) F € ®,q4,4 € ARB(F),C € G(F)|
|cpn,d|
= Y P[CCF:(FAa)€d,q.

CeCa

Hence, we only need to estimate the probability that a particular C € G q is
contained in F when (I_f, A) is chosen uniformly at random from @, 4. To do this,
we enumerate the elements of ®, g with C C E. This is done by first choosing which
of the edges of C are going to be in A4, then choosing the remaining edges for A4, and
finally choosing the remaining edges for F.

Let S denote the set of vertices of C and let R C S be the vertices v € S for which
the arc leaving v on C is not contained in 4. Then, C N A4 consists of a set of disjoint
directed paths, each one ending at some v € R. For each v € R, let P, denote the directed
path in CN 4 ending at v. Choosing the remainder of A4 is then equivalent to choosing
an arborescence on (V\S) UR, where we have collapsed each path to a single vertex.
Each v € V\§ has d,, points for arcs entering and leaving v. For each v € R, the number
of points available for arcs entering v is equal to the number of points in P, not used
by C. Therefore, for each v € R, there are },,cp (d, — 1) points for arcs entering v and
d, — 1 points for arcs leaving v. Using Lemma 3.27, we can deduce that the number of

ways to choose the remainder of 4, and then F, is

—Hvle]Resd <Hd> m—i—1)!.
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Summing over R and dividing by |5n,d|, which we know from Theorem 3.28, gives
1

S, 5 [Toer(dy—1)
PICCF:(F,A) e ®,q] - — _
[ ( ) n, ] ml I;g vasdv

|R|>1

1 (1_ 1 )
mi HVESdV '

For each S C V with |S| = i, there are (i — 1)![],cgd? ways to form an i-cycle on S.

Hence,

B4y g Xin]  (i—1)!

9 2_
S Ly (M T1e)

scv \veSs ves
|S|=i

By a similar argument as was used in Lemma 3.31 we can show

mi
2 []d— =

scv ves
|S|=i

and so conclude

B[ %] 1 <m2>i 1
Eq i

——=u. ]
We now have sufficient ammunition to apply Janson’s theorem and obtain an

asymptotic distribution for the number of arborescences of a random d-in/d-out graph.

Theorem 3.33. Let d > 2 be some fixed integer, let n € N, and let A, 4 denote the
number of arborescences in a random directed graph G chosen uniformly at random

from G(n,d). Then,
Z.

Ayd Y
n, el/z

B[, ,Ij (1 - é)

where the Z; are independent Poisson random variables with means d' /i.

Y

Proof. Let X;, be the random variable counting i-cycles studied in Lemma 3.31 and
Lemma 3.32. To apply Janson’s Theorem (Theorem 3.19), we need to show that the
four conditions in the hypothesis of the theorem are satisfied by 4, 4 and {X; , : i > 2}.
Restricted to the case where d,, = d,, = d for all u,v, Lemma 3.31 provides Condition 1,
by showing that the random variables X;, converge jointly to independent Poisson

random variables with means
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Lemma 3.32 tells us that the random variables X; ,,, taken with ﬂln d satisfy

E [4; a1
(IiE[fZl X ] H“

where

Since the X; , are all considered to be independent, we can condition on Xj , = 0 to
infer that Condition 2 of Theorem 3.19 is also satisfied, with the same 8; values, when

we take ¥, = 4, 4 and X; ,, i > 2. Evaluating the sum in Condition 3 gives

ii——l%—lo d
g a f\a—1

i=2
since
log(%>:log( 11>:wi.
- 1= i= id'
Finally, Theorem 3.30 provides Condition 4. [

The short cycle conditioning method fails when we allow vertices of different

degrees. In general, we have

E[ﬂ%,d] _ e*”/m m
E[4,.4]? m—n’

Consider the class of graphs containing n/2 vertices of out-degree 2 and n/2 vertices
of out-degree 3, which we denote @(n, 2,3). If 4,,» 3 counts the number of Euler tours

of G chosen uniformly at random from G(n,2,3) then, by Theorem 3.30, we have

E[4;3]

5
[ b A 72/5_ ~
B[ Ay 2] —e 3 1.172,

since we have m = 5n/2. From Lemma 3.31 and Lemma 3.32 we obtain

1 /13 1/5Y

Zxaz —— +10g(13/8) ~ 1.106,

Hence,
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and therefore Condition 4 of Theorem 3.19 is not satisfied. Proofs using the small
subgraph conditioning method depend strongly on the fact that these values match,
since it is this (asymptotic) equality that implies the variance within each class is
negligible. We do not have a good explanation for why this breaks down when we
allow different degrees, nor do we believe it to be strong evidence that a concentration
result cannot be obtained for a more general case than d,, = d, = d. Indeed, we can still
conclude that a large proportion of directed graphs with fixed degree sequence have a

large number of arborescences.

3.3.3 Bounding 7, ; with high probability

By Theorem 3.30 of §3.3.1, we know that the expected number of arborescences of a
random d-in/d-out graph is
E[4, 4] — e'd" .

Hence, if we let 7, 4 denote the number of Euler tours of a random d-in/d-out graph

we have .

E[T 4] =n 'E[4,4)(d—1)" = fl—(dz)n ,
n
Let TS(n,d) denote the number of transition systems of a d-in/d-out graph. There are

d! ways to choose a pairing on in-arcs with out-arcs at each vertex, so
TS(n,d) = (d!)".

Hence, to prove Theorem 3.2, we just need to show that the number of arborescences
of a random d-in/d-out graph is concentrated around E[J‘Zlmd] (Theorem 3.35 below).
We prove Theorem 3.35 by arguing along the lines of [36]. In the following proof we

will use a Lemma from [77], (which was used in the proof of [36]).

Lemma 3.34 (Lemma 3 [77]). Let N1,M2,... be given, Suppose that 1 > 0 and, for
some ¢ >0, Miy1/Mi > ¢, for all i > 1. Then, uniformly over x > 1,

- - ni _ —CoXx
Z Z )M—O(e 0)7

where y; = mi_l/3 and co = mln{n1/3mf/3}/4

Theorem 3.35. Let d > 2 be some fixed integer; let n € N, and suppose G is a directed
graph chosen uniformly at random from @(n, d). Then,

[ET@G)| _ ¢ ] o

ITS(G)| — d
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as n —r oo,

Proof. Let A, 4 denote the number of arborescences of a directed graph G chosen
uniformly at random from @(n,d). We have shown, in Theorem 3.30, that the
expectation of 4, 4 satisfies

E[4,4] — e'd" .

The number of Euler tours of any directed graph Ge G(n,d) is equal to

1 ~
Z|ARB(G)|(d—1)!”,

and the number of transition systems of Gis equal to d!". Hence, the statement of the

theorem is equivalent to saying

as n — oo,
For x = (x1,x2,...,x¢) we define Gy to be the set of all d-regular Eulerian directed

graphs containing exactly x; directed cycles of length i for each i < k, and

For each fixed y > 0 we define

S() = {x:x < M +yA7 for2 < i<k}
From Lemma 3.31, the probability that G chosen uniformly at random from @(n, d)

has exactly x; i-cycles is
A
1

ehix;!

Hence, by Lemma 3.34, the probability that a random G is not contained in Gx for

some X € S(y) is

[e]

Y PGe G <Y PXi,> M+

x¢S() i=2
— l
=X L g
- ehit!
=24 )

ce 9,
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where a = d'/3 /4; i.e., a is an absolute constant greater than 0. Hence, to verify the

theorem all we need do is show that
WO (x) > e G+ vx e S(y), (3.63)

where b and ¢ are absolute constants independent of y. Then, by Theorem 3.33, we

have

An,a —(b —
P T _>e (+CY)]>1—6 ar
{E[’qn,d] N N

For any € > 0, we can choose 7y so that e~*Y < €. Then, we can choose n large enough
so that e~ 09)Y > =1, That is, if we can show (3.63) holds, we will have shown that

for every € > 0, there exists n € N such that

Using the elementary inequality 1 —x > ¢~/ (1-1) we can bound A and B as
d d' 1
A> —+ -
> Mow (7555 +4)

k 1
- (l._zz_i(di—l)) ’

and

o 4203
B> —
= Q"'Xp 2R3(di—1)
> ex _ i #
=P\ T Lpnais |

The sums inside the exponentials are clearly convergent, so we can find absolute

constants » and ¢ so that A > e ? and B > ¢ ¢. OJ
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3.4 The number of Eulerian orientations of random

regular graphs

In this section we turn our attention to the distribution of the number of Eulerian
orientations of a random regular graph. Recalling the relationship between the number
of orbs and Euler tours, we would hope that this will take us closer to our main goal:
obtaining an asymptotic distribution for the number of Euler tours of a random regular
graph. Although we did not manage to achieve this, we believe the analysis in this
section, particularly the analysis of the second moment of the number of Eulerian
orientations of a random regular graph, will be a key part of the analysis required
to obtain the corresponding result for orbs. Moreover, as the number of Eulerian
orientations is a quantity of interest in its own right, the results of this section are
of independent interest.

In this section we restrict our attention to regular graphs. The reason for this is
that we cannot find a closed form for the number of Eulerian orientations of a random
configuration F € €, q, as we could for arborescences of ®, 4, and the asymptotic
analysis carried out in the proof of Theorem 3.47 does not immediately carry over to
the general configuration model.

For fixed positive integer d, and n € N, we define E,, 54 to be the random variable
counting Eulerian orientations of a random 2d-regular graph. In §3.4.2 we analyse the
number of Eulerian orientations of a random 2d-regular graph, obtaining asymptotic
results for constant d. As we did for arborescences in §3.3, we first analyse the
moments of an auxiliary variable, £Z72d, which counts Eulerian orientations of random
configurations F € Q, >4, and then condition on F projecting to a simple graph. The
asymptotic analysis of §3.4.2 uses Laplace’s method for estimating integrals. We
briefly describe the details of this method in §3.4.1.

We apply these estimates in two ways. Firstly, in §3.4.3, we use these estimates
and Theorem 3.19 to characterise the asymptotic distribution of ‘E,, 54. Then, in §3.4.4,
we use Chebyshev’s inequality (Theorem 3.8) to show that almost every 2d-regular
graph has few Eulerian orientations; that is, we show that the probability the number of
Eulerian orientations of a random G € G(n,2d) exceeds Schrijver’s lower bound [78]
(see Theorem 1.56) by more than a linear factor tends to 0 as n goes to infinity.

In the previous section, the asymptotic distribution of the number of arborescences
was used to show a simple algorithm for sampling Euler tours runs in expected

polynomial time for almost every directed graph G e é(md). We remark that we
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cannot obtain a similar result here. Firstly, it is not clear if the set of Eulerian
orientations of a graph G sit nicely inside some other set of orientations, apart from
the set of all orientations of G. Moreover, our results imply that most regular graphs
have few Eulerian orientations, i.e., close to the minimum possible, so even if we had
a “nice” set of orientations that the Eulerian orientations sat inside, it is still unlikely
that the relative size of the set of Eulerian orientations (of a particular graph) within

this set would be large enough for a dart-throwing approach to work.

3.4.1 Laplace’s Method

In our analysis of the second moment of the number of Eulerian orientations, we
will need to compute an asymptotic estimate of an integral. The approach we use
is Laplace’s method [25, Chapter 4], also known as saddle-point analysis. This is
a general approach for estimating an integral of the form [ e/ *X)dx whose value is
concentrated around a single maximum term. The first step in an application of this

method is to locate the maximum.

Definition 3.36. Let f(x) be a real-valued function. We say f has a critical point at a,
if the value of the first derivative of f at a is 0: f'(a) = 0.

A critical point a is a local maximum if and only if the second derivative of f is
negative at a, f”'(a) < 0, and a critical point a is a local minimum if and only if the

second derivative is positive at a, f”(a) > 0.

The local maxima and minima of a multi-dimensional function can be defined in a

similar way. First, we need to define positive definite and negative definite matrices.

Definition 3.37. We say an n x n symmetric, real-valued matrix A is negative definite
if
x’Ax <0, VxeR".

We say A is positive definite if —A is negative definite.

Definition 3.38. Let f(x1,x2,...,x;) be an d-ary real-valued function. A point a € R?

is a critical point of f if all first order partial derivatives of f are O at a:

)
a—j;(a):O, fori=1,2,...,d.

We define the Hessian matrix of second order partial derivatives of f:

df

8x,-x Jj

D*f(x);, = . fori,j=1,2,....d.
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A critical point a is a local maximum of f if and only if D?f(a) is a negative definite

matrix, and a local minimum if and only if D?f(a) is a positive definite matrix.

To apply Laplace’s method to estimate an integral, [ e/ X)dx, we search for
the local maxima on the range of integration and consider the value of f(x) in the
neighbourhoods of these points. We want to show that the asymptotic value of the
integral is determined by the value within a small neighbourhood of the maximum
value a, and that in this neighbourhood f(x) can be approximated by a Gaussian

integral; i.e., an integral of the form
/ e 2X Ax gy (3.64)
for positive definite n X n matrix A.

Definition 3.39. Let A be an n x n matrix. The determinant of A, denoted |A|, is the

quantity
n
Y sen(o) [TAiow »
ces, i=1
where S, is taken to be the set of all permutations of {1,2,...,n}. The signature of a

permutation is 41 (resp. —1) if ¢ can be obtained from the identity permutation,
o(i)=i, forallie {1,2,...,n},
by performing an even (resp. odd) number of transpositions of adjacent numbers.
Example 3.40. The determinant of the 2 X 2 matrix
a b
A=
is ad — be. This is the only determinant we will deal with explicitly in the proofs of

this section.

The following result, which can be found in, e.g., [25, Chapter 4], shows how we

can compute the value of (3.64) by computing the determinant of A.

Theorem 3.41. Let A be a positive definite n X n matrix. Then,

/ e—%xTAde — (2n)d/2
" Al

where |A| denotes the determinant of A.
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3.4.2 Estimating the moments of £, ;

Our goal in this section is to find asymptotic estimates of the first and second moments
of the number of Eulerian orientations of a random graph G € G(n,2d). We start by
estimating the moments of Z;,zd’ the number of Eulerian orientations of ¢(F) where
F is chosen uniformly at random from £, »4. These estimates can then be turned into
estimates for the moments of £, 5, by conditioning on F not containing any loops or
double edges.

Before proving the theorem, we provide some technical lemmas. We make no
claim to the novelty of the identities presented in Lemma 3.44 or Lemma 3.45 but
include proofs here due to not knowing a suitable reference.

For a square matrix A we denote the determinant of A by |A| and write A[ct, B] for
the submatrix with rows indexed by a and columns indexed by B. In Lemma 3.44,
we show how to compute the determinant of a sum of two matrices, using Laplace’s

formula. Recall the definition of a matrix minor.

Definition 3.42. Let M be a n x n matrix. For any row and column indices i and j, we
denote by M;; the matrix obtained by removing the row indexed by i and the column
indexed by j. This is known as the (i, j)-minor of M. We define the (i, j)-cofactor of
M to be (—1)"|M;;).

One approach to computing determinants of matrices, is to use Laplace Expansion,

which expresses the value of the determinant of a matrix in terms of its cofactors.

Fact 3.43 (Laplace, see Chapter 5 of [84]). Let A be an n x n matrix and let a;; denote

the entry in row i and column j. Then,

Al =Y (—1)agjlAi,
i=1
forany j € {1,2,...,n} (expanding along column ;) and
n
A=} (1) aijlAijl,

J=1

forany i € {1,2,...,n} (expanding along row i).

Lemma 3.44. Let A, B be n X n square matrices. Then

n -_—
A+Bl=Y Y ()@ Plafap)Ble.pl, (3.65)
k=0 OC,BESn’k
where S, i is the set of k-subsequences of (1,2,...,n), O is the subsequence obtained

by removing o from (1,2,....n), and s(a) = Y ;.
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Proof. We prove by induction. For n = 2 the lemma can be checked by expanding
all the determinants involved. Let n > 2 and suppose the lemma is true for all k < n.

Using Fact 3.43 to expand |A + B| gives

n
[A+B| =Y (—1)" (a1 +b13)|A1Li+ Bl
i=1
Each term in the sum is itself a sum of two (n— 1) X (n— 1) matrices, and so, by

induction, we can write

ALBI=Y Y Y (—1 @Bl (g g by ) Ao, B |Bl6 B,
i=lk=1 apes,
os1,83i (3.66)

where Y_y is the sequence 'y with k removed. We will now explain where the terms in

(3.66) come from. Consider the expansion of |A; ;

|Alz+Blt|—Z ), ( Il B |Blo -1, Bl

=0 o ples, s

1¢o igh
where s;(Y) = s(y) —|{j € Y: j > i}. The functions s; come from the fact that any
j > 1in o is actually indexing the (j — 1)-th row of A;;+ By, and any j > i in f/
is actually indexing the (j — 1)-th column of A ; + By ;. For the sake of presentation,
we have mapped the subsequences o and B’ used in the inductive application of (3.65)
to |A1,;+ By | to subsequences o and B of (1,2,...,n) satisfying 1 € ot and i € . By
considering this mapping, we can see that the power of —1 in the term corresponding

to o and [} in the inductive application of (3.65) to |A; ;+ By ;| is

(—1)S(@—ks(B)—i=KjeB>iH — (_1)s(@)—ks(B)=i—(k=1-|{jeBsj<i})
= (—1)S@FsB) =it 1+ [{jep<i] | (3.67)

Multiplying (3.67) by (—1)i*! gives the power of —1 used in (3.66).

We will now show the equivalence of (3.66) and the RHS of (3.65) by showing
that we can obtain (3.66) by expanding each term in the RHS of (3.65) using Laplace
expansion. Each term in (3.65) is expanded as follows: if 1 € a then we expand
|A[a, B]| along row 1;if 1 ¢ o then we expand |B[a, B]| along row 1.

Let i € [n] and suppose we have a pair of sequences o and § with 1 € ovand i € f.
We obtain the term a; ;A[o._1,B_;]B[d, B] by expanding A[a, B]B[d, B] and obtain the
term by ;A[o._1,B_;]B[&, B] by expanding A[o_1,B_;]B[a_1,B_i], as described above.
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Thus, the terms in the sum obtained by expanding each term of (3.65) are identical to
the terms in the RHS of (3.66). It remains to show that each term has the correct sign.
We first consider terms of the form a; ;|A[o._1,B_;]||B[@,B]|. Using Fact 3.43,
expanding |A[a, B]| along row 1 gives
(=1 Ao, B]| = Yo (1)@ BHUBI g Aoy, B

icP
— Z a)+s(B)+|{j€p: J<l}|a1 Ao 1, B_i]|, (3.68)

icf
[_1,B_:]||B[@,B]| has the same sign in (3.66) and the sum obtained by

applying Laplace expansion to each term in (3.65)..

Next, we consider terms of the form by ;|Aa_1,B_;]||B[&,B]]. Again using
Fact 3.43, we expand |B[0i_1,B_;]| along row 1. Consider the term in this expansion
involving by ;:

(_1)S(Ou)+S(B—i)+1+|{j¢ﬁrj§i}lbl’I.‘B[a, Bl (3.69)

The sign of by ;|B[a., B]| in (3.69) is
(= 1)@ +s(B) =i+ [{jgBei=i}
Note that
HigB:i<i+{ieB:i<it=i;
this implies that |{j € B: j < i}| is even if and only if —i+ |{j ¢ B: j < i} is even.

Hence, by ;|A[o._1,B-]||B[@, B]| has the same sign in (3.66) and the sum obtained by
applying Laplace expansion to each term in (3.65). [

Lemma 3.45. For each positive integer d,
i d\* _ (2d\
=\ d)’
Zd: d 2d
d 7

b z%(i?’)

Proof. We prove the first identity by observing that the number of ways to choose
d values from {1,2,...,2d}, is the same as the total number of ways to choose i
values from {1,2,...,d} and d —i values from {d+1,d+2,...,2d},fori=0,1,...,d.

Hence,
C)-2()5)-5()
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The other two follow by straightforward calculations:
d 2
d—1 d 2d —1 d(2d
=d —d — .
(0 = (o)) (i) -3 (0):

(1) o5 () -z () :

We will now use Lemma 3.44 and Lemma 3.45 to prove the following Lemma,
which gives some properties of a particular matrix. This matrix will arise in the proof

of Theorem 3.47 as the Hessian matrix of a function.

Lemma 3.46. Suppose d is an integer greater than 1 and let M be the d x d symmetric

matrix given by

a2 i
17 = ., 2d
E-eh - =

This matrix is negative definite and has determinant

= e LD

—
M () >

Proof. We first show that M is negative definite. Recall that a symmetric real-valued

matrix is negative definite if and only if x Mx < 0 for every x € R?. In other words,

we can prove M is negative definite by showing the following strict inequality holds

for all x € RY:
(£oe) <o) (&) <CE

We will use the following elementary inequality,

2d —1 2d —1
2 2 2
(a+b)” < y a+d—1b’

which holds for any a and b. Then, by writing

d

d
=Y (2i—d)x;, and b =Y dx;,

2
d
2d
(Z 2ix,~) <
i=1

we have
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Next, we apply the Cauchy-Schwarz inequality [82],

<,.iafbf>2<<,iaf> (£7)

giving

Hence, we have shown

¢\’ d>2d—1) [ & ? 24\ & X
(i_zlzlx,) g?@m) +d<d>i_zlw.

2(2d—
Finally, we observe that for any d > 2, we have d (dzill 1 <d (2;’).
We now turn our attention to evaluating the determinant. To evaluate |M| using
Lemma 3.44, we write M as A + B where

and

4ij  (2d
Bi,j—j_ d .

We first show that the determinant of every square sub-matrix of B with more than
2 rows is 0. Recall that a square matrix has determinant O if we can write any row as a

linear combination of other rows [84]. Let By denote the k-th row of B

B 4k (2d\ 8k 2d 4dk 2d
““\ad \a)a \a)a \a))
It is straightforward to see that By can be written as the sum

k— —k
B.—""J/p. +—B,,
i—j i

for any 7 and j. Hence, any square submatrix of B with more than two rows will have

determinant 0. Moreover, the fact that A is a diagonal matrix means that [A g| # O if
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and only if o = . Thus, using Lemma 3.44 and Lemma 3.45, we can compute the
determinant of M as follows

= (174, (153 B2
M| = 11—11“ +ZA_+

j=1747  1<i<j<d

(BiBjj — B,-Zj))

AiiA jj

(_>
ORAY=AY
o (E25) (€5
( 1

]

In the following theorem, Theorem 3.47, we estimate the first and second moment
of the number of Eulerian orientations of G, when G is obtained as the projection of
arandom F € Q,, 54. In the following, we will refer to Eulerian orientations of graphs
and configurations. We define an Eulerian orientation of a configuration F € Q, >4 to
be a partitioning of W into a pair of equally sized disjoint subsets S and 7', in which
each W, is partitioned into a pair of d-element subsets, S, and T, such that each edge
in F has one endpoint in S and the other in 7. For each vertex v, S, corresponds to the
endpoints of arcs for which v is the source and T, corresponds to the endpoints of arcs
for which v is the rarget. We will use EO(F) to denote the set of Eulerian orientations
of F. The following proof, and the proofs of several subsequent theorems, use Stirling’s
formula [25] to approximate factorials: as n — oo,

nt — (92 2mn. (3.70)
Theorem 3.47. Let n € N and let d be some fixed positive integer satisfying d > 2.
Let f;,zd be the number of Eulerian orientations in a random 2d-regular multigraph

obtained as the projection of a uniformly random F € £, 4. Then, as n — oo,

E[Z}54] = (i@) ndn;

Bl(T00S) | [2d-1
E[Z;Qd]z 2d -2
Proof. We first evaluate E[E} ,,]. The value of E[E] ,,] is given by

o |§n,2d|

E[ Z,zd] = m,
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where

Qo0 ={(F,E):FeQ,2,EcEO(F)}.

Let V ={1,2,...,n}. We can enumerate the elements of ﬁn,Zd as follows: for each
vertex v € V partition the set W, into two equally sized sets S, and T,; choose a perfect

matching from S = J,cy Sy to T = |, ey T,. There are

2d\"
d
different ways to choose the sets S and 7 and (dn)! ways to choose a perfect matching

from S to T, for each choice of S and T. Hence, the number of elements in ﬁn,Zd 1S

— 2d\"
‘-Q'n72d| = <d> (dn)!.

Dividing this by the number of configurations in €, >4,

2dn —dn
19,04 | = (dn)(dn)!Z dn.

and applying Stirling’s formula (3.70) we obtain

E[ ;,Zd] = (%j)nzd” — ((2;’))" Tdn.

(i) 2

We now turn our attention to computing E[(Ey ,,)%]/E[E} 5,]% in fact, we only

compute an asymptotic upper bound. The corresponding lower bound follows from
the results in §3.4.3 and the comments in Remark 3.20. The second moment of £y 5,

can be written as _
. |-Q'n,2d |

E * 2 — ,
[( n,2d)] |-Q'n,2d|

where
Qu040={(F,E,E') : Fe Q,24,E,E € EO(F)}

We now describe how we can enumerate €, >;,. Any pair of Eulerian orientations
(‘E,E’) of a graph G defines a decomposition of the edges of G into two sets: ENE,
the edges that have the same orientation in ‘£ and E':and E®E/, the edges that are
oriented differently in £ and‘E’. Given this decomposition and the orientation E, we
can immediately determine the orientation E’. Hence, to enumerate triples (F, E,E’),
we start by partitioning W into S and 7', as we did for the first moment. Then, for each
v € V we choose an equal number of vertices from S, and 7, to be swapped between

the two sets. This gives two new sets S’ and 7’, where S/, corresponds to endpoints
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of arcs for which v is the source in £’ and T/ corresponds to the endpoints of arcs for
which v is the target in E’. Choosing (F,E,E’) is then equivalent to choosing two
perfect matchings, one from SNS" to TN T’ and one from S\S' to T\T".

We start by choosing the out-degree in £NE’ for each v € V; that is, we choose
the number of points that will be contained in S, NS,. Suppose d, = |S, NS,|. The

number of ways to choose S and T is, as before,

2d\"
g
Given S and T we choose, for each v € V, a subset of size d, from each of S, and T,;

these will be the points in S, NS, and T, N T}, respectively. The number of ways in

).

Once we have chosen S, T, ', and T’ the number of ways to choose a pair of perfect
matchings from SNS" to TN T’ and from S\S' to T\7" is

(ngdv> ! (dn—vezvdv> !

For each i =0,1,...,d, we define V; = {v € V : |5, NS,| = i} and let ¢; = |V;|. Then,
the number of ways to choose E and E/, satisfying |S,NS,| = d, forall v € V, is

(2j>n (ﬁ (Cil)%) (ém)! (dn—éiq) . 3.71)

Summing over all choices for d, gives Iﬁn,2d|’ and then dividing by the total number
’]

which we can do this is

of configurations in ©, 4 gives an expression for E[(E} ;)

* 21 _
E[( n,2d> ] - (%ddnn) (dn)!Z_d”

>< (
cotci+-tcy=n \C0;€1,.-.,Cqd i=0

2d)"odn d(a\ 2\ nl(Xd, ic)\(dn—Y, ici)!
:(zzz)dn) Z (_0() ) (Xisici) /( Yioiici) .

/ d
dn cotcrtteg=n ! (dl’l) ! Hi:() ¢!

) o g

1

(3.72)

By setting ¢ = n — ):le ¢; and applying Stirling’s formula (3.70) to the factorials,

(dn)!, (Yic;)!, and (dn— Y ic;)!, we can approximate the summand corresponding to
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c=(c1,¢2,...,¢cq) in (3.72) by

(ﬁ (d) 2) n (Y i) T (dn — Y i) "X
i _vd . ?i

=0 (dn)in(n— XLy c)" B I ¢
. : 1/2
. ( (Zd Lici)(dn— Z‘L] ic;) ) ‘ (3.73)

m)td(n— YL )1 i

We can also use Stirling’s formula (3.70) to approximate the first part of (3.72) as

() v

Next, we divide the top and bottom of the upper term in (3.73) by n"*'to get

d d 2¢i/n (2?21 iC,‘/I’l)Zid:l ic,-/n(d . Zd lic./n)dleilic,'/n n
fie _

=1 di(1-Y4  ci/n)! L 1L (ci/n)eilm

Similarly, we replace ¢; by ¢;/n in the lower term to get

( (L ei/n)(d L yie/ ) )”2_
Cry (1= XL cofm) TIL (ci/ )

i=

Hence, we can write

citertcg<n

2d 2n
1
E[( ;.,2d)2] - <<2dd)> (27n) /21 )3 "/ n(e/n), (3.74)
where

g(x) =dlog(2) —dlog(d) — log (2;>

+ (é ix,) log (lé ix,-) + <d —éixi) log (d — i:Zlixz)

+Zx,log<) Zx,logx, < ixl>log(l—ixi).

i=1

and

[ Elmd-xt ) )
h(X)_ d .
2(TTi<i<ax)(1 =X xi)

As we are only looking for an asymptotic upper bound on E[( ;,261) |/E[E; 2d] , we

reduce our problem to estimating the following upper bound

E[(Zz,zd)2]< 2
E[E; ) ~ d(2mn)d/?

/ 8™ (x)dx, (3.75)
xeS(d)
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where S(d) = {x € [0,1]% : |x| < 1}; we ensure g(x) and A(x) are both defined for all of
S(d) by setting g(x) = h(x) = 0 if any of the logarithms would evaluate to log(0) (or
any of the terms in the denominator of /(x) are 0). We observe that the contribution
to individual terms of the integral in (3.75) from A(x) is very small in comparison with
¢"8¥) Hence, the value of the integral is dominated by the terms where g(x) is close
to the maxima of g on S(d).

We will now estimate the integral in (3.75) using Laplace’s method. First, we
show that g(x) has a unique local maximum at a point a; hence, the value of "8 ®) js
negligible, except in a small neighbourhood of a. By expanding g(x) around a using a
Taylor series, we are able to approximate (3.75) by a Gaussian integral. We can then
evaluate this using Theorem 3.41 and Lemma 3.46 to obtain an asymptotic estimate
for (3.75).

First, we find the unique local maximum of g in S(d). We write g(x) as the sum

dlog(2) - log (zj) ~dlog(d) +81(x) + £2(%).

() () (4 s )
lelog() Zx,logx, ( i)log( ii‘ixl)'

The value of g;(x) is

where

and

mlog(m) + (d —m)log(d —m)

for m =Y ;ix;, and, hence, the maxima of g are given by the set of points satisfying

d d
Y ixi=d—Y ixi. (3.76)
i=1 i=1

Taking the partial derivatives of g, gives

982 d\* d
o log(i) —logx; +log l—jng ,

for eachi=1,2,...,d. Hence, any critical point of g must satisfy

2 d
xi:(‘?) (1_ij), i=1,2,....d (3.77)
1 ;
j=1
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This is a system of d equations in d unknowns, so g has a unique critical point. Using

Lemma 3.45, we can verify that a particular point a, defined by
A2

(i)
2d

()

satisfies (3.77). Hence, a is the unique critical point of g».

a—

i=1...d|,

Recall the condition for a to be a local maximum of g;: we must have that the
Hessian matrix, D?g>(a), of second order partial derivatives evaluated at a is negative

definite. The second order derivatives of g,(x) are

dg 1
=— , i#J, (3.78)
xixj  1-Ylx 7
og 1 1 .
ax-x-:_l—zd - i=j. (3.79)
rJ =1 l

Evaluating (3.78) and (3.79) at a gives the values for the Hessian matrix

X ~(%) iz
Dgs(a); ;= _<2d)_@ i=j
)

D?g,(a) is certainly negative definite, so a is the unique local maximum of g, on S(d).

Moreover, since a satisfies (3.76), a is also a local maximum of g;. Recall that g(x)
is equal to the sum of g;(x) and g»(x) (plus some terms not dependent on x). Since a
is the unique point which is a local maximum of both functions, it follows that a must
be the unique local maximum of g(x). Furthermore, using Lemma 3.45, we can see
that g(a) = 0.

Next we consider the region
S(d) ={x€[0,1]?: |xi—a;| <n"?log(n), foreachi=1,2,....d}.

We note that within S(d), we have that ng(x) is approximated by its second order

Taylor expansion

ng(x) — ~(x—a)TD?g(a)(x —a).

2
To see this consider the contribution from any third order term to ng(x):
(x—ai) e~ ) (o ) 55— () (.80
n(x;—a;)(xj—a;)(xx—a . .
' ! / J k k 8xix jxk

Within the region S(d), the absolute value of (3.80) is O(n~'/?log(n)?), which is equal

to O in the limit.
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Moreover, the contribution to (3.75) from points outside S(d) will be negligible.
To see this, we note that the point x with |x; — a;| > n~'/?log(n) that maximizes
g(x) will, necessarily, be the point closest to a, i.e., one of the two points with
lx; —aj| =n"?log(n) and xj = aj for j # i Then, by considering the Taylor
expansion of g(x) around a, we can see that, for all points with x; —a; > n~'/?log(n),

for some i =1,2,...,d, we have

£18%) < —Ylog(n)*

where Y is some absolute constant independent of n. That is, in the limit, we will have

¢"8X)p(x) — 0 for x ¢ §(d). Hence, we can approximate (3.75) as
2 aj+n~2log(n) ag+n~"?log(n)
/ . / "M p(x)dx. (3.81)

a

d(ZTEn)d/z ar—n~1/2log(n) a—n~1/21og(n)

We want to replace the integral in (3.81) by a Gaussian. To achieve this, we apply

the change of variable
x=a-+ /2 ,

and integrate over z € [—log(n),log(n)]¢. As n — oo, we have

(2d)d+1 1/2
d

h(a+zn~'/?) = h(a) = —~dl
e 211, (4)°

(\SJISW

and

1
gla+ zn_l/z) — EZTMZ,

where M = —D?g(a). Furthermore, we have
dx =n?dz.

Hence, by dominated convergence!, (3.81) is asymptotically equal to

1/2
(de)d+1 1

— 15Ty
e 2 dz. (3.82)
2114, (%) ? (2m)?/2 /[—log(n)Jog(n)}d

'If f, converges point-wise on S and is dominated by some integrable function F, then

tim [ fodu= / lim fdy.
S S n—roo

n—yoo
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We can extend the range of integration to R? without changing the asymptotic value
of (3.82), since the contribution from all values outside of [—log(n),log(n)]¢ will be
negligible, giving
1/2
2\ d+1
() !
ML (7)) 0

/ e 28 M2y, (3.83)
Rd

Recall that ng(a) is a negative definite matrix. Hence, the integral in (3.83) is a

d-dimensional Gaussian, which we can evaluate using Theorem 3.41 as

(2m)4/2

viZin

From Lemma 3.46, we see that

(2(;1)d+1 d—1
d (d)22d—1'

i=1\i

M| =
and so we can conclude that
E[(E*,,)? _
lim [( Z,zd)z] < [2d —1 . -
n—eo B[E7 5] 2d -2

Remark 3.48. It would also be possible to obtain an exact asymptotic estimate for

E[(E} ., 4)*] by using the Euler-Maclaurin summation formula [25, Chapter 3]. This is
a technique that can be used to approximate certain, smooth, summations by integrals.
The terms in the summation (3.74) vary smoothly enough for this to be applicable.
However, the asymptotic upper bound computed in Theorem 3.47 is sufficient for our
purposes, as we can obtain the matching asymptotic lower bound as a side-effect of
our application of Theorem 3.19 in §3.4.3, thus avoiding the need to introduce more

analytical machinery.

The next theorem estimates the expected number of Eulerian orientations in a
random 2d-regular graph. We use the same idea as the proof of Theorem 3.30, except
we are now conditioning on there being no loops or double edges. However, where we
had to do a tedious analysis of the number of loops and double arcs that can occur on
configurations sampled in weighted distributions in the proof of Theorem 3.30, we can
automatically infer Theorem 3.49 from the joint convergence of the random variables
in Janson’s Theorem (Theorem 3.19; see also Remark 3.21) and the results presented

in the next section.
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When we were analysing the moments of the number of arborescences of a random
d-in/d-out graph, we needed to condition on a random variable not involved in the
application of Janson’s Theorem, the number of double arcs. Hence, we could not use
the joint convergence of the random variables implied by Janson’s Theorem to obtain
Theorem 3.30.

Theorem 3.49. Let n € N and let d be some fixed positive integer. Let ‘E, 14 denote

the number of Eulerian orientations of a graph G chosen uniformly at random from

G(n,2d). Then
CH\"
E[E, 24] = e 3/4 zd_d Vndn, and
E(Eppa)) (1 1 2d—1
E[E,24)2 P\72@a—1) " 2@a—172)V2a—2

Proof. Follows from Theorem 3.47, Remark 3.21, Theorem 3.15, and Lemma 3.51.

In §3.4.3 we will prove that f,*ﬂd and X;, (the random variables counting the

number of i-cycles in 6(F) when F is chosen uniformly at random from Q, ;)
satisfy the conditions of Janson’s Theorem (Theorem 3.19) with A; = (2d — 1)'/2i
and §; = (2d — 1)~'. Hence, in light of Remark 3.21, we have

E[E, 24]
—E[£;,2d] —exp(—1/2—1/4),
and
E[E,0 (_5_ 1 ) -
E(E,,0% P\ 2 202d-1) 4@d—1?2)"

3.4.3 The asymptotic distribution of £, »,

In this section we characterise the asymptotic distribution of the number of Eulerian

orientations of a random 2d-regular graph.

Theorem 3.50. Let d be some fixed integer greater than 1, and let ‘E, 54 count the

number of Eulerian orientations of a random G € G(n,2d). Then

Enad > 1\%
n —1/2i
—_— | | 1+ —) e ,
E[Zn,Zd] i=3 ( (Zd 1)l
(2d—1)!

as n — oo, where Z; are independent Poisson random variables with E[Z;] = *=;
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Although we do not have an immediate algorithmic application of this result, we
believe it to be a milestone on the road to characterising the asymptotic distribution
of the number of Euler tours of a random 2d-regular graph, a result that would have
algorithmic value (see §3.5).

To obtain an asymptotic distribution of the number of Eulerian orientations, £, 24,
we will use Janson’s Theorem (Theorem 3.19). In our application of Janson’s
Theorem, we will have Y, = £, 54, and X;, counting simple cycles of length i in
random G € G(n,2d). For Condition 1 of Theorem 3.19, we need to show that the
random variables X; , are asymptotic to Poisson random variables. It is a classic result
in the theory of random graphs (due to Bollobés [11]; given as Theorem 3.15 in this
thesis) that, for any fixed k, the random variables counting i-cycles, for i < k, are
asymptotic to independent random variables with means

A = (2d2—i 1) '

The following lemma (see also Lemma 3.22) establishes Condition 2 of Theorem 3.19.

Lemma 3.51. Let d be some fixed positive integer, let EZ,Zd denote the number of
Eulerian orientations in 6(F) for F € Q, 14, and let X; , denote the number of cycles of

length i in 6(F) when F is chosen uniformly at random from Q,, »4. Then, for any fixed

set of non-negative integers ji, jo,. .., jx we have
E 5 0aXin)ji Xom) iy Kien)id] 5
n, ]E - N H'uit ,
[ n72d] i=1
where u; = %.

Proof. We start by establishing
E[E}, 24 Xin)
B[} 2]

for i > 1. Convergence of the factorial moments then follows for similar reasons as

s w (3.84)

before (see Lemma 3.29 or Lemma 3.16).

In this proof, we consider cycles in configurations F € €,,,,. We say a partial
configuration F' C F is a cycle, if the projection of F/, 6(F'), is a cycle in 6(F). That
is, for each i > 1, we call a set of edges eg, e1,...,¢;—1 in F € Q, 4 an i-cycle if there is
a sequence of vertices v, V1,...,v;—1 such that e¢; has one endpoint in Wy, and one in
WVj+1 mod i

use G, to denote the set of all i-cycles that can occur in some F € Q,, »4.

fori=0,1,...,i— 1. We will use ;(F) to denote the set of i-cycles in F, and
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Recalling the definition of ﬁn,zd from Theorem 3.47, we can expand the left-hand
side of (3.84) as

ElEhaaXial 1y pomyaer)

E[ Z,zd] B ’§n72d|F€Qn_2d

- Feg::gd ZE%(F) CE%-:(F) |Q2,24]
_ Z {(F,E) € Qu24:CCF}|

CECin 1Q,24]

1

= |Gia|P[C CF: (F,E) € Qu24],

since the probability P[C C F: (F, E) € Q, 24| is the same for each C € . Hence, to
prove (3.84), it suffices to estimate |G ,| and P[C C F: (F, E) € Q,24].

For i > 3, the number of ways to choose an i-cycle on V is (3—3", since there are (n);
ways to choose a sequence of i vertices, and sequences which are the reverse of one
another or equivalent under cyclic permutation are considered to be the same cycle. For
each i-cycle C, there are ((2d))" ways to choose a partial configuration that projects

to C, so . . . ‘ ‘

(n);(2d)"(2d — 1)’ R (n)'(2d)"(2d — 1)
21 2i ’

for i > 3. In fact, (3.85) also describes the number of elements in G, for i =1 and

|Gin| = (3.85)

i = 2. There are n ways to choose a loop vertex v, and (2201) ways to choose the end-
points for a loop at v. There are (g) ways to choose a pair of vertices u and v and 2 (22‘1 ) ?
ways to choose a partial configuration projecting to a double edge between u and v.
To estimate P[C C F: (F, E) € Q,,24] we need to count the number of elements of
ﬁn,Zd with C C F. Recall how we enumerate the elements of ﬁnm when computing
E[Z;Qd] in the proof of Theorem 3.47. First, we choose a partition of W into S and T
by dividing each W, into equally sized disjoint subsets S, and 7,. Then, we choose a
perfect matching from S to 7. We follow the same approach here, by first assigning the
endpoints of the edges in C to S and 7" and then choosing the remainder of S and 7. A
vertex v on the cycle C is said to be balanced if the edges incident with W,, on C contain
one point from §, and one point from 7, negatively imbalanced if the edges contain
two points from S, and positively imbalanced if the edges contain two points from T;,.
Positively and negatively imbalanced vertices must alternate around C; therefore there
must be an equal number of each. Hence, assigning the endpoints of the edges in C to
S and T is equivalent to choosing an even subset of the vertices of C to be imbalanced,

and then fixing one vertex in that set to be positively imbalanced.
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Given an assignment of the endpoints of the edges of C to S and T, we now want
to partition the rest of the points in each W, into S, U T,,. If v is an imbalanced vertex
of C, then we have already chosen two points from W, to lie in S, or in 7,,, and, hence,

there are (2;1_—22) ways to complete the partitioning of W), into S, UT,,. If v is a balanced

vertex on C then there are (2;__12) ways to complete the partition of W, into S, UT,,

since we have already chosen one element of S, and one element of 7. Finally, if v

is not on C there are (zj) ways to partition W, into S, UT,. Once we have chosen S

and T, there are (dn —i)! ways to choose the remainder of the perfect matching from
S to T. Hence, the number of pairs (F, E) € ﬁn,Zd where F contains a particular cycle

C € G, with 2j imbalanced vertices is

i\ /2d\"" (2d =2\ [2d -2\
2 dn—i)!.
<21>(d) (d—2> (d—l) (dn =)
We note that

(i-2) =2 (2) o (7)== (2)

Hence, the number of pairs (F, E) € §n72d where F contains a particular cycle C € G,

with 2 j imbalanced vertices is

() (i) () (F)

Using the following identity

Wf i\ oy (14, (12
= \2j)" T 2 2
P

L%%;J i\ (d=1\" 1[(2d-1 1
~ \2j d 2\ d 2d"°
p

Hence, we can see that the number of pairs (F, E) € ﬁn,Zd with C C Fis equal to

() ()

Dividing by the number of elements in ﬁn,zd, which we know to be (?)n(dn) I, gives

we see that

P[CCF: (F,E) € Qa4 = @ (1+ﬁ)

1 1
— 1+ —=].
2din ( * (2d—1)1)

_>
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Finally, multiplying by the number of elements of ( ,, which is given in (3.85), we

obtain

E[E) 2aXin]  (2d—1)'+1
E[E7 2] - 2i '

The factorial moments converge as stated for similar reasons as were given in
Lemma 3.29, see also, e.g, [100, Lemma 2.7] (given as Lemma 3.16 of this thesis).
Suppose we have a graph H on r vertices with r + s edges, for r and s fixed and 5 > 0.
The number of ways to choose a partial configuration F’ projecting to H is O(n"), and
the probability of F' C F when (F,E) is chosen uniformly at random from Q,, 5, is

O(n~"7%). Thus, we can conclude that the contribution to

E[Ep 0 (Xin) jy Xon)j -+ Kien) ji
E[E}, 24]

from sets of cycles in which any vertex occurs on more than one cycle is O(n~!), and
so can be treated as 0 as n — 0. Hence, cycles occur (asymptotically) independently

and we can conclude

E [£7 2a(X1), ({Z,n)jz o Kin)i] ﬁ 3 0
E[ n,Zd] i=1

We will now prove Theorem 3.50 by applying Janson’s Theorem (Theorem 3.19)

with Lemma 3.51, Theorem 3.49, and Theorem 3.15 providing the required values.

Proof of Theorem 3.50. Our goal is to show
Enpa ( ! )Zi —1)2i
—_— I4+—=) e /7,
Breming § (Ul crmy]

as n — oo, where Z; are independent Poisson random variables with E[Z;] = (2‘12:.1)1.

We first apply Theorem 3.19 with ¥, = f;’z 4 (from Theorem 3.47) and X; , the random

variables counting i-cycles from Lemma 3.51 and Theorem 3.15 to obtain

f;,Zd _>W:I°—°I(1+ 1 )Zie—l/Zi
E[E} 24] i1 (2d —1)" ’

as n — co. The convergence of £}, ,, / E[E}, 5] to W implied by Theorem 3.19 is joint
with the convergence of the random variables X; , to Z;. Hence, the distribution of £, 5
conditioned on X , = X5 , = 0 is asymptotic to that of W conditioned on Z; =7, =0
(see Remark 3.21). Thus, it suffices to show that Theorem 3.19 holds with ¥, = 7 , .
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To apply Theorem 3.19, we need to verify the conditions 1 to 4 (of Theorem 3.19).
Theorem 3.15, due to Bollobas [11, 12], tells us that the X; , converge jointly to Poisson

random variables with means ,
(2d—1)

A=
’ 2i
Hence, Condition 1 holds.
Lemma 3.51 tells us that the random variables X; ,, taken together with fz,zd’
satisfy, for any sequence of non-negative integers ji, jo, ..., ji,
E[E; 20(X1.n) js (X2n) jy - Xien) ji]

E[Z, H“

as n — oo, Hence, by Lemma 3.22, we see that Condition 2 is satisfied with

Y S S
6“%, ! (2d —1)i"

For Condition 3, we evaluate

5 2d —1
¥ he - yioe (353 )

(21N I SRR
*\2a—2) = *\1- 5 ) " Hid-1)

Finally, Theorem 3.49 gives

i E[(E; 24)*] [2d —1
m T ;
noeo BIES 5] 2d -2

so Condition 4 is also satisfied. O]

since

3.4.4 Bounding E, >, with high probability

Recall that Schrijver ([78], given as Theorem 1.56 of this thesis) has shown that the

number of Eulerian orientations in any 2d-regular graph is at least

()

We can use Theorem 3.49 to infer that almost every 2d-regular graph has few Eulerian
orientations, in the sense that the number of Eulerian orientations is at most a linear

factor larger than Schrijver’s lower bound.
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Theorem 3.52. Let d be a fixed positive integer satisfying d > 2. Suppose G is a
random 2d-regular graph. Then, with probability tending to 1 as n — oo, we have

()

P |#EO(G) < O(n) (27) ] 1,

as n — oo.

Proof of Theorem 3.52. Let ‘E, 5,4 denote the number of Eulerian orientations of a
graph chosen uniformly at random from G(n,2d). We have shown, in Theorem 3.49,

that the expectation of £, >, satisfies
[ (Zd) '
E[Zn,Zd] — 6_3/4 Tdn _zdd .

Hence, the statement of the theorem is equivalent to saying

P{En20 < VnE[E,24]} =1,

as n — oo,
Recall Chebyshev’s inequality (Theorem 3.8): for any random variable X,
Var[X]
P{|IX —EX]| >aE[X]|} < —=——5
(X~ E[X]| > aEX)) < i

By Theorem 3.49, we can assume the existence of a function c¢4(n) such that

E[E; 24] = ca(n) E[E, 4],
4d—1 2d—1
caln) > exp\ =350 =172 )\ 242

P{E, 24 > VNE[En24]} <P{| Ep2a —E[En24)| > (vVn—1)E[Ep 4]}

and

Then, we have

cqg(n)—1
< (Va7
— 0,

where we are using Chebyshev’s inequality with a = \/n — 1 and the fact that, for any
random variable X, Var[X] = E[X?] — E[X]?.
O]
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Theorem 3.52 tells us that almost every 2d-regular graph has few Eulerian
orientations, in the sense that the number of Eulerian orientations is within a linear
factor of Schrijver’s lower bound. An example of a regular graph G for which the
number of Eulerian orientations greatly exceeds Schrijver’s lower bound is the toroidal

grid (see §1.3.1). Lieb [61] showed that the number of Eulerian orientations of the
\/n x y/n toroidal grid is
3n/2 A\ "
N (G
3 22

In §3.6 we show a similar (but weaker) result for the number of Euler tours of toroidal
grids.

Let G be a particular 2d-regular graph, let G be a random orientation of G, and
let 1, denote the indicator variable for v satisfying the Eulerian condition in G. There
are 2°¢ different orientations for the edges incident with v, of which (%dd) satisfy the

Eulerian condition. Hence,
2d
(4)

Now, suppose all the I, were independent. Then the total number of Eulerian

() (2)

Theorem 3.52 tells us that this rather crude estimate actually manages to capture

orientations of G would be

the exponential factor in the number of Eulerian orientations of almost every 2d-
regular graph. Of course, in reality the orientations of the arcs at different vertices
are not independent since choosing an orientation for the arcs incident with v implies
a particular orientation on the arc v shares with each of its neighbours. However,
Theorem 3.52 confirms the intuition that this dependence cannot be very strong, at

least for large graphs.

3.5 The number of Euler tours of random Eulerian
graphs

As was the case in the previous section, we restrict our attention to the class of graphs
with fixed even degrees, and generate our random graphs using the configuration
model. In this section, as was the case in §3.4, we restrict ourselves to the regular

case. That is, we are sampling graphs from G(n,2d). Recall the BEST Theorem
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(Theorem 1.57). This gives the following relationship between the sizes of the sets of

Euler tours and arborescences of an Eulerian directed graph G-
— 1 —
|ET(G)| = —(d — 1)!"| ARB(G)|.
n

Brightwell and Winkler used this relationship to count Euler tours of an undirected
graph by counting the orbs of G. We recall (Definition 1.69) that the set of orbs of a
graph is the set of pairs

ORB(G) = {(E,4): £ €EO(G),4 € ARB(E)}.

In previous sections, we were able to obtain asymptotic estimates for the second
moments of random variables counting arborescences (and so also Euler tours) of
random d-in/d-out graphs and Eulerian orientations of random 2d-regular graphs.
Unfortunately, finding an estimate for the second moment of the number of orbs (and
so also the number of tours) of undirected graphs has proved elusive. However, we are
able to make a conjecture, and in §3.5.1 we provide some evidence, both empirical and
theoretical, as to why we think it to be true. We then explain, in §3.5.2, how, if this
conjecture holds, we will be able to obtain an asymptotic distribution for the number
of orbs of a random 2d-regular graph. Then, by almost identical arguments to those
used to prove Theorem 3.35, we would be able to show the probabilistic inequality of

Conjecture 3.4 holds.

3.5.1 Estimating the moments of O, 4

Recall the definition of an orb: the set of orbs of a graph G is the set of pairs (‘£,4)
where £ is an Eulerian orientation of G and 4 is an arborescence of ‘E. It is more
straightforward to analyse the moments of the number of orbs of a random regular
graph than the number of Euler tours. Given an estimate of any moment of the number
of orbs of a random 2d-regular graph we can immediately infer an estimate of the

corresponding moment for the number of Euler tours.

Theorem 3.53. Let d be some fixed positive integer and let n € N. Let O, be
the random variable counting the orbs of a 2d-regular multigraph obtained as the

projection of a random F € L, »,. Then,

@d)d)f

T
E[O} 24] — 7( ~d
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Proof. As in the proof of Theorem 3.47, we define an Eulerian orientation of a
configuration F € , 54 to be a partition W = SUT, where each W, is split into
equally sized sets S, and T;, such that each edge in F has one endpoint in S and one
endpoint in 7. Hence, each Eulerian orientation of a configuration F corresponds to
a directed configuration F from an instance of the directed configuration model ®,, 4.
Recall, from §3.3.1, that we defined an arborescence of a directed configuration 3
to be a partial directed configuration F  F such that 0(15/) is an arborescence of
o(F). We now define an orb of a configuration to be a pair (£, .4), where £ € EO(F)
and 4 € ARB(‘E). The expected number of orbs of a random configuration can be

computed as

where

Qn72d = {(F, f,ﬂ) :Fe szd, E e EO(F),/Q[ € ARB(E)}.

To enumerate the elements of ﬁn,Zd’ we first partition W into S and 7. Then, we
enumerate the triples (F,E,4) corresponding to that partitioning. Each partitioning
of W into § and T gives rise to an instance of the directed configuration model ®,, 4,
and, therefore, we can compute the number of triples (F, £, 4) with E consistent with
S and T using Lemma 3.27. Note that we never need to consider the generation of F,
as this is implicit in E. From Lemma 3.27, we see that the number of partial directed

configurations that project to arborescences in an instance of ®,, 4 is
nd"(dn—1),_.

Given an arborescence A4, there are dn —n+ 1 arcs that need to be added to complete
E, and (dn—n+ 1)! ways to choose configuration edges for these arcs. Finally, we
note that there are (zj)n ways to partition W into S and T. Hence, the number of

elements in ﬁn@d 18
— 2d\"
|Qn,2d| = d nd (dn—l)!.

Dividing by
(2dn)!
(dn)!2dn

and applying Stirling’s formula (3.70) we find

N 2d\ d\" [mn
]E[ n,2d]_><<d>ﬁ> 7 U]

’Qn,Zd | —
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As in the case of Eulerian orientations, we can infer an estimation for [£[O,, 2,4] from

the estimation of E[0;, ,,] by conditioning on there being no loops or double edges.

Theorem 3.54. Let d be some fixed positive integer and let n € N. Let O,, 54 denote
the random variable counting the orbs of a random G € G(n,2d). Then,

2\ 1\ "
s [ ((4)d
E[On2d] — €/ V7 (7) -

Proof. The theorem follows from the result of Bollobas [11] (see Theorem 3.15) and
from calculations already carried out in the proofs of Theorem 3.30 and Lemma 3.32.

Let L and D count the number of loops and double edges in a random configuration
F € €, 24, and let LM and DY count the number of loops and double edges in F when

(F,’E,A4) is chosen randomly from
Q24 ={(F,E,4):F€Q,,4,E € EO(F),4 € ARB(E)}.

We can estimate E[O,, 24] as

P[LM) =D =0
P[L=D = 0]

E[On 4] = E[O} 24]

From the classic result of Bollobas [11] (Theorem 3.15), we have

2d—1 (2d—1)?
2 4

P@:D:m—mm(— ):mmﬂﬂ+u®. (3.86)
Thus, it remains to estimate P[L{!) = D(1) =0).

Recall how we enumerated the elements of ﬁn,Zd in Theorem 3.47 by first
partitioning W into S and 7'. Each partition of W into S and 7" gives rise to an instance
of the directed configuration model &, 4, and an equal number of elements of ﬁn,m
arise from each choice of S and T'. Hence, the expected number of loops in F, when
(F,E,A4) is chosen uniformly at random from ﬁn,2da is equal to the expected number

of loops in F, when (F, 4) is chosen randomly from

®,q={(F,4):Ec®,4,4€ARB(E)},
as defined in the proof of Theorem 3.30 and Lemma 3.32. Hence, by arguments already

presented in the proof of Theorem 3.30

my—m

E[LM] —

—d—1,
m
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since now my = d’n and m = dn. Similarly, the expected number of double edges can
be obtained as the expected number of double arcs and directed 2-cycles in F when
(13,)71) is chosen uniformly at random from 5,1701. Hence, by arguments presented in

Theorem 3.30 and Lemma 3.32, we have

]E[D(l)] . (m22;12m)2 n (mZ/”;)z_l
=dd-1).

It is straightforward to check that the factorial moments of L™ and DO converge
jointly. Hence, L(!) and pW converge to a pair of independent Poisson random

variables with means d — 1 and d(d — 1), respectively. We can now estimate
PIL™M) = DY) = 0] — exp(—d®+1).

Combining our estimate of P[L = D = 0] and P[L)) = D(1) = 0] gives

E[O,24] PILY =D =]
E[0;,,]  P[L=D=0] — exp(3/4). -

Let 7,24 be the random variable counting Euler tours of a random 2d-regular
graph. Applying the BEST theorem to Theorem 3.53 and Theorem 3.54, i.e.,
multiplying by n=!(d — 1)!", we get

. n ((Dar\"
BT 24] — dn\Tod | >

2d n
3/4 | T (d)d!
E[Tn,2d] — e an < X

We have not been able to obtain an asymptotic estimate for the second moment,

but make the following conjecture.

Conjecture 3.55. Let d be a fixed integer satisfying d > 2. For each n € N, we define
O;,zd to be the random variable counting the number of orbs of a graph G obtained
as the projection of a random F € Q,, o4 and define Oy 24 to be the random variable

counting the number of orbs of a random 2d-regular graph. Then,
E[(000)°] | [2d—T
E[O] 4] 2d -2’

E[0; 1] 1 1
B[O 02 P (‘2(201— 1) 42d— 1)2> '




Chapter 3. Euler tours of Random Graphs 137

We now discuss the motivation behind Conjecture 3.55, and present some empirical
evidence that seems to support it. The principal reason we believe (or, rather,
hope) Conjecture 3.55 to be true comes from the next section: if Conjecture 3.55
holds then we can apply Janson’s Theorem (Theorem 3.19) with ¥,, = 7,24 and X; ,
counting i-cycles to obtain an asymptotic distribution for 7, 54 (and, hence, confirm
Conjecture 3.4).

The key to establishing Conjecture 3.55 is enumerating the elements of the set

Ezn,Zd ={(F,E,2,2,2"):F € Qy24,E,E €EO(F),4 € ARB(E), 4 € ARB(Z')}.
This should be achievable by combining the proofs of the two previous sections. First,
we partition W into SUT and S’ UT’, as per the proof of Theorem 3.47. Then, we want
to enumerate the set of tuples (F, E,E', 4, 4") with S, T, §', and T’ defining £ and ‘E’.
For example, by Theorem 3.28, we can compute that the number of elements of §n72d
in which EN‘E’ or £@ E is empty is
421
d—1

(2n)!.

As another example, consider the number of elements of ﬁngd satisfying 42U 4’ C
ENE'. That is, the case when both the arborescences are contained in the portion of
edges the Eulerian orientations agree on. Suppose we have |S, NS, | = d,, for some

vector of non-negative integers d = (dy,dy, .. .,d,) satisfying

Since AUA4' C ENE’, the number of ways we can choose 4, 4" and ENE' is, by

Theorem 3.28,
n? 2
- (Hdv) m!,
m(m—n) \ 1,

where m =Y, d,. Then, since there are no edges from A4 or 4" in E®E, the number
of ways we can choose the remaining edges of E (and so also F and ) is (dn —m)!.
Letting ¢; = |[{v : d, = i}|, we can see that the number of elements of ﬁn,Zd satisfying

404 CENE is

2 2ci
() B o))
d cot+ci+-+cg=n €0,C1,---,C4 i—1 1

n? (Y ic;)!(dn — Y ic;)!
T (Liie)(n— Licr)!
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Table 3.1: Critical ratio ford =2

It is clear that computing this value alone, which could be seen as one of the “easy
cases” in the computation of |fln72d\ takes as much work as proving Theorem 3.28 and
Theorem 3.47.

We make the conjecture that, in general, the number of triples, for a particular ¢ is

something like
d d
d* (Y ici)!(dn—Y ici)! f(c), (3.87)
i=1 i=1

for some rational function f(c¢). If this is the case, then Conjecture 3.55 could
be proven (or disproven) by the argument used to prove Theorem 3.47 with f(c)
incorporated into /(c). However, we have not been able to derive a nice expression
in the form of (3.87). Once we allow edges from 4 and A’ to occur in ENE’ or
E@E', the situation grows more complicated as we now have two types of edges
(those in ENE’ and those in E@® E’) and the argument used to prove Theorem 3.28
does not work. Despite this, it seems an expression of the form given in (3.87) should
exist.

Although we have not been able to prove Conjecture 3.55 we have obtained some
empirical evidence to support it, see Table 3.1. This data was generated as follows:
for each n we generated n’ different 4-regular graphs using the random generation

algorithm of Steger and Wormald [83]; then, for each G we computed an estimate for
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|ET(G)|, Zg, using Algorithm 5 with N = n?. We then computed two values
1
7(1 Y Z:
( ) = l’l_2 e G

1
7(2 Zzz
()_n_2 G
G

The ratio Z,/(Z;)? was taken as an approximation of the critical ratio of O, 4,

E[O; 4]

’

E[On,él 2

In Table 3.1 we have graphed it against the number of vertices n, with the conjectured

critical ratio marked by a green line at

1 1 3
——— —=1. 225.
exp( G 36)\/g 0083225

3.5.2 The asymptotic distribution of O, >,

The main result of this section is contingent on a positive answer to Conjecture 3.55.
Assuming Conjecture 3.55, we proceed to show how we can obtain an asymptotic
distribution for the number of orbs (or Euler tours) of a random 2d-regular graph.
Let X; , denote the number of i-cycles in a random F € Q, ; and let A; = @ As
stated previously, it is well known that the variables X; , are asymptotically independent
Poisson random variables with means A;. Hence, Condition 1 of Theorem 3.19 is

satisfied by X; ,. The next lemma establishes Condition 2 of Theorem 3.19 for ¥, =

On,Zd-

Lemma 3.56. Let X; ,, count the number of directed i-cycles in a graph G € G*(n,2d).

Then, for any fixed set of integers j, ja,..., jx we have

E |0}, 1T, (Xi,n)ji] ko
BlOL] L
where u; = %
Proof. We start establishing .
—EEE?[Z*";] S (3.88)

for i > 1. Convergence of the factorial moments then follows for similar reasons as

before (see Lemma 3.51).
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Let G, denote the number of i-cycles which can occur in a configuration €2, 54,
as defined in Lemma 3.51. Then, for the same reasons as were given in the proof of
Lemma 3.51 we have

E[O}; 24 Xin
E[0} 24]

where we now define ﬁn,Zd to be the set

= ’Cl,n

P[CCF: (F,E,4) € Qua4l,

§n72d = {(F7 %,,‘Zl) :Fe Qn,2d7 Ee EO(F>7'q € ARB(‘Z)} :

From the proof of Lemma 3.51, we already know

(n);(2d)'(2d —1)"  (n)'(2d)'(2d — 1)’
2i - 2i '

|Ci,n‘ =

Thus, it remains to estimate the probability P[C C F: (F, E, 4) € Q,24].

Let C € G ,. We want to count the number of elements of ﬁn,Zd with C C F. We can
achieve this by following a similar approach to that used in the proof of Lemma 3.51.
We start by choosing a partition of W into S and 7T as per the proof of Lemma 3.51.
First, we assign the endpoints of the edges of C to S and 7. A vertex v on C is said to
be balanced if one of the edges incident with v on C has a point from S, and one has
a point from 7,; we say a vertex v is negatively (resp. positively) imbalanced if both
edges incident with v on C contain a point from S, (resp. 7;). Given a particular choice
of j positively and negatively imbalanced vertices, the number of ways to choose S and

T is (see proof of Lemma 3.51)

() i) (45) -

Next, we choose which of the edges of C are to lie in 4. For each balanced vertex

we have two choices: the edge with a point from S, is either contained in A4 or it is not.
For each negatively balanced vertex there are three choices: we could have exactly one
of the two edges contained in 4, or we could have that neither of them are. Finally, the
edge corresponding to the arc leaving any positively imbalanced vertex in A4 cannot be
contained in C. The intersection of any arborescence A4 with C is a set of directed paths.
Suppose this intersection contains k paths ending in negatively imbalanced vertices
(these must necessarily be paths of length 1), and / paths ending in balanced vertices.
Then ANC contains j+ k + [ components, since each positively imbalanced vertex
must necessarily be the endpoint of a path in the intersection. Suppose R is the set of

endpoints of these paths and let P, denote the path ending in v, for each v € R.
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Next, we want to choose the remaining edges in 4. The argument is similar to that
in Lemma 3.32: choosing the remainder of 4 is equivalent to choosing a arborescence
on (V\C)UR, where we have contracted the path ending in v to a single vertex, for
each v € R. For v € R, let x, denote the points in J,cp, T, that are not used by edges
in C and let y, be equal to the number of points from |J,cp, S, not used in edges of C.

Then, for each v € R, we have
x,=(d—-1)|P,],

if the first and last vertices of P, are both balanced or the first vertex of P, is negatively

imbalanced and the last vertex is positively imbalanced,
xy=(d—-1)|P,|+1,

if the first vertex of P, is negatively imbalanced and either |P,| = 1 or the last vertex is
balanced, and
xy,=(d-1)P|—1,

if the last vertex is positively imbalanced and either |P,| = 1 or the first vertex of P,
is balanced. We have y, equal to either d —2, d — 1, or d, depending on whether v is
negatively imbalanced, balanced, or positively imbalanced.

Choosing the remainder of A is equivalent to choosing a tree on (V\C)UR in
which there are d points available for incoming and outgoing arcs of each v ¢ C. For
each v € R, there are x, points available for incoming arcs and y, points available for
outgoing arcs.

By Lemma 3.27, the number of ways to choose the remaining edges for 4 and E

such that R gives the roots of the components of 4NC, is
n(d—2)"d—Dld""F(dn—i—1)!,

since we have ¥ cpx, +d(n—i) = dn—i. Hence, the number of arborescences 4 with

R as the roots of the components in 4NC is
n2/ =K (d —2)K(d — 1) a" Y dn— i),

since we must choose which of the two arcs leaving each imbalanced vertex in R is
contained in 4.
Suppose j = 0. That is, C is a directed cycle in E. We note that CN A4 cannot be

equal to C. Hence, in this case, we must have / > 0. Summing over all choices for R
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gives
i .
Z (;) (d— l)ld"_’(dn—i— N'=@"—d"")(dn—i—1)!.
I=1
Then, by (3.89), the number of elements of ﬁn,Zd with C C F in which C has no

imbalanced vertices in £ is

2n (zj)n (ﬁ) i (d"—d" Y (dn—i—1)! (3.90)

On the other hand, suppose that j > 0. Each of the positively imbalanced vertices
of C will be the endpoint of a path in C N 4. Hence, in this case we can have [ = 0.

First, we sum over /, to get

DO
ZZJ (1—2]) (d—1) =d" 2.
i—o\ !

Then, we sum over k to get
j . k
: i\ [(d—-2 .
27 — | =d’.
%) (%)

Hence, the number of elements of ﬁn,Zd with C C F in which C has a particular set of

Jj imbalanced vertices in ‘E is, for each j > 0,

(2 () (1) i oo

Combining (3.90) and (3.91), and summing over all choices for the sets of

imbalanced vertices we get that the number of (F,E,4) € ﬁn,m with C C Fis

() (i) o0 (£6) (44) )

We have shown, in Lemma 3.51, that

B () (5 42 -
“\2j)\ 4 2\ d 2d

Hence, the number of (F, E, 4) € Q,, 54 with C C Fis

(e ).

Dividing by the number of elements in ﬁn,Zda

— 2d\"
il = (%) ) natan— 1
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gives

_ 1 1
P[CCF: (F Q el B Bl I
CCF:(FE,A) € ”’Zd]—>2ldln’< (2d—1)‘>

Finally, multiplying by |G »| gives (3.88). O

Now, if Conjecture 3.55 was true, we could apply Janson’s theorem to obtain an
asymptotic distribution for Z,. For i > 3 we have

1

Sl:—m

Hence,

. 2_1 1 _1 2d —1 B 1 _ 1
27"18,' ) Z i(2d—1) - 210g <2d—2 22d—1) 4(2d—1)*"

i>3 i>3

Thus, O, 24 and X;, would satisfy the conditions of Janson’s Theorem if Conjec-

ture 3.55 was true, in which case we would have

On,Zd _>H (1 +;)Zi
]E[On,Zd] i>3 (2d - 1)i ,
where the Z; are Poisson random variables with mean A; = (Zdz—:l)l This could then be

used to infer a concentration result of the form

On.Zd _1/2]
P ‘ >n —1,
[E[On,zd] -

as n — oo, of which Conjecture 3.4 would be an immediate corollary.

3.6 Euler tours of the grid

We close this chapter by presenting some examples of simple 4-regular graphs for
which Algorithm 4 and Algorithm 5 have exponential running time. The graphs we

consider are the m X n square grids with toroidal boundaries.

Definition 3.57. The m x n toroidal grid, denoted G(m,n), is the 4-regular graph
with vertex set {(i,j) : 0 <i <m,0 < j < n} and an edge joining each (i,j) to
(i£1 mod m,j+1 mod n).

Remark 3.58. In the following, for ease of presentation, we assume all addition of row
and column indices is done modulo m and n, respectively. Hence, the set of edges is
G(n,m) is given by {{(i,/),(i£1,j£1)}:0<i<m—1,0<j<n—1}.
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Golin et al. [39] claim that we can exactly count Euler tours of G(m,n) using
the transfer matrix method. This is the same method used in [61] and [6] to obtain
the exponential growth rate of the number of Eulerian orientations of the square and
triangular lattices, respectively. This is certainly true — we can define a transfer matrix
for counting many combinatorial structures defined on G(m,n) — but Golin et al. do
not provide any calculations or even a description of the transfer matrix used. As we
shall see, just defining an appropriate transfer matrix is not exactly straightforward.
Moreover, the (naive) algorithm based on the transfer matrix we define is sure to be
very inefficient, even for relatively small values of m.

We now discuss the problem of counting the Euler tours of G(m,n) and devise
a transfer matrix for the problem. We illustrate how this approach can be used to
derive exact expressions for | ET(G(m,n))| by computing the number of Euler tours for
G(2,n) and G(3,n). In general, this leads to a polynomial-time algorithm for counting
the Euler tours of G(m,n), for fixed m, albeit one with an exponential dependence on
m. Finally, we discuss why Algorithms 4 and Algorithm 5 will not behave like an fpaus
or an fpras for ET(G(m,n)), even when one of m and n is bounded.

Recall the definition of a transition system from §1.3.2. Each transition system
T of G(m,n) defines a decomposition of G(m,n) into a set of disjoint cycles, which
we denote by C(T). If C(T) has a single element, then T defines an Euler tour of
G(m,n). Let V; = {(i,j) : 0<i<m—1,0 < j<k—1}. We say a partial transition
system, defined only on V4, is legal if it can be extended to a transition system defining
an Euler tour of G(m,n). Each partial transition system 7 defined on V), decomposes
the subgraph induced by V; into a set of disjoint paths and cycles. The paths in this
decomposition will include the trailing horizontal edges joining column 0 and column
n—1, and column k — 1 and column k. A necessary condition for a partial transition
system 7" defined on V}, to be legal is for there to be no cycles in the decomposition of
Vi induced by T. Hence, each legal partial transition system 7" decomposes V; into a

set of m paths, where each one of the end-edges of these paths is contained in the set
{{GE0),(,n—1}:0<i<m—1}U{{(i,k—1),(i,k)}:0<i<m—1}.

We classify the legal transition systems on V; by the set of perfect matchings
on {lo,l1,...,lm—1,r0,71,-..,rm—1}, denoted P(m), by identifying /; with the edge
{(i,0),(i,n — 1)} and r; with the edge {(i,k —1),(i,k)}. Then, to each legal T we
assign the class C € P(m), where the edges of C correspond to the endpoints of the

paths in the decomposition of V; induced by 7. Clearly, the set of classes is the same
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for any k.

For C,C’ € P(m), we define A(C, ') to be the the number of transition systems on
Vier1 \ Ve = {(i,k) : 0 <i <m— 1} which extend a transition system on V; with class
C to a transition system on Vi with class C’. Then A is a P(2m) x P(2m) matrix,

where P(2m) is the number of perfect matchings on Ko,:

pam - ()2

Consider the effect of choosing a transition system on
Vk+l\Vk: {(l,]) 0<i<m— 1}.

The only illegal transition system on Vi \ V is the one in which { (i, k), (i + 1 mod m)}
is paired with {(i,k),(i—1 mod m,k)}, for each i = 0,1,...,m — 1. Each other
transition system defines a set of edge-disjoint paths, where each path has its end-edges

in the set
G k—=1),(i,k)}:0<i<m—1}U{{(i,k),(i,k+1)}:0<i<m—1}

Hence, we can identify the legal transition systems on Vi \ Vi with the set of

1
m—1

edge {(i,k—1),(i,k)} and r} corresponds to the edge {(i,k),(i,k+1)}. Suppose the

perfect matchings on {/j,/],...,! Fo:Tps--->Fy_1}, Where [/ corresponds to the
perfect matching contains llfr;. for i > j. Then exactly one of the following must hold

(see Figure 3.1 for an example):

1. The horizontal edge {(i,k—1),(i,k)} is paired with the upwards vertical edge
{(i,k),(i+ 1,k)} at (i,k), the downwards vertical edge {(/' —1,k),(/',k))} is
paired with the horizontal edge {(/',k),(i',k+ 1} at (i',k), and the horizontal
edge {(t,k—1),(¢,k)} is paired with the horizontal edge {(¢,k), (t,k+ 1) at (z,k)
foreacht € [0..j — 1|U[i+ 1.m —1];

2. The horizontal edge {(i,k—1), (i,k)} is paired with the downwards vertical edge
{(i,k),(i — 1,k)} at (i,k), the downwards vertical edge {(i' + 1,k),(/,k))} is
paired with the horizontal edge {(/,k),(i',k+ 1} at (/,k), and the horizontal
edge {(t,k—1),(¢,k)} is paired with the horizontal edge {(¢,k), (,k+ 1) at (¢,k)
foreacht € [j+1..i—1];

A similar situation holds for i < j or edges [;I; or r;r’;.. Hence, we can enumerate

the set of matchings which can correspond to transition systems on a particular column
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Figure 3.1: Two possibilities for transition systems extending Vi to Vi1 in G(n,6) with

edge lé’lrﬁ. Solid (resp. broken) edges are paired together.

of G(n,m) as follows. Let M represent an arbitrary matching on {l},/{,...,I/ _,} and
{ro,r},...,r,_1 }. Choose a decomposition of the cycle (0,1,...,m— 1) into a number
of edge disjoint paths. Then, for each i which is not the endpoint of one of these paths
we set I/r; € M. Each other i occurs as the endpoint of exactly two paths: label one of
these I/ and the other r/. Collapsing each of these paths to a single edge-pairing gives
the remaining edges in M.

Given C € P(m) for V; and M, a matching for V., \ Vi, we obtain ' by identifying
ri with I in M, and renaming 7/ as r;. The result is either a set of 2-paths that contract to
give the perfect matching C’, or some set of edges including at least one cycle. In this
latter case, the transition system defining M does not extend a legal transition system
on V; of class C to alegal transition system on Vj_ . Finally, we note that each M yields
a different ¢’ when applied to C, so A(C, ') is just the number of transition systems
on Vi1 \ Vi that yield the M which extends C to (', if it exists, and 0 otherwise.

Suppose [/rl € M for all i. There are 2m distinct transition systems which yield
M: m ways to decompose (0,1,...,m— 1) into a single path and then 2 ways to label
the endpoints. Alternatively, for each i, there is a pair of transition systems where /! is
connected to r; by a path that uses all the vertical edges, and such that for j # i, I is
connected to r} by a path consisting of two vertical edges. These are the only transition
systems that gives rise to the matching M with [/r} € M for all i. Hence, A(C, C) = 2m.

1

Now, suppose there is exactly one pair i # j with [;r;,[;r; € M. This can arise as a
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result of two transition systems: choose a decomposition of (0,1,...,m — 1) into two
paths by breaking the cycle at i and j and then label the endpoints so that /; and r; are
opposite endpoints of one path. Similarly, there are two transition systems yielding
each matching M with [;l;,r;r; € M for exactly one pair i # j. Hence, in this case we
have A(C, (') =2.

In all other cases, there is a single transition system on Vi, 1\Vj that gives rise to
M. Hence, A(C,C') € {0,1,2,2m}.

Let x(C) = 1 if lir; € C for all i and x(C) = 0 otherwise, and let y(C) =1 if

identifying /; with r; in C gives rise to a single m-cycle and y(C) = 0 otherwise. Then,
|ET(G(m,n))| = xA™y" .

For any fixed constant m, A is a constant-sized matrix so, in theory, we can compute
|ET(G(m,n))| in polynomial time. However, the number of rows in A,

@

mi2m’
grows very quickly, e.g., for m = 10, A has 654729075 rows and the same number of
columns, making computation impractical. It may be possible to exploit structure in
A to simplify the computation, as Lieb [61] and Baxter [6] did for the transfer matrix
counting Eulerian orientations.

For example, if /;/; € C, then A(C, C) # 0 only if /i/; € C'. Hence, we could exploit
the use of an ordering on P (m) such that C < (’ if there are fewer edges of the form /;/;
in C than are in C’. If the rows and columns of A satisfy such an ordering then A has a
structure similar to a block-diagonal matrix; see Proposition 3.59 and Proposition 3.59
below for examples. With such a matrix, we know there will be large contiguous blocks
consisting entirely of Os. Indeed, it was a structure similar to this that enabled Lieb and
Baxter to compute asymptotic estimates of the number of Eulerian orientations of the
grid and triangular lattice.

In the following we use A[S] to denote the square sub-matrix of S with rows and
columns indexed by S. We use I, to denote the n X n matrix which has value 1 in each
entry on the diagonal, and is 0 everywhere else, and use J,, to denote the n X n matrix

with all entries equal to 1.

Proposition 3.59. The number of Euler tours of the 2 X n toroidal grid, G(2,n), is,
asymptotically,
(2n+3)6" 1 -2t
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Proof. There are 3 perfect matchings on K4, so the transfer matrix for counting Euler

tours of the 2 x n toroidal grid has 3 entries. These are

4 2 2
A=12 4 2
0 06

It is straightforward to calculate A”. Firstly, we observe that A”[0, 1] = (A0, 1])" and

21]-

Moreover, it is clear that we also have A% ; = 6" since A3 3 is the only non-zero value

2n—1(3n_|_1) 2n—1(3n_1)
2n—1(3n_1) 2n—1(3n+1)

in the third row. Finally, we can calculate AS | = A%, = 2n6" 1. Hence, we have

20=1(3m+1) 2713 —1) 2n6"!
A= | 2n7l(3n 1) 21374 1) 2n6™!
0 0 6"

Finally, x = (1,0,0) and y = (0,1, 1), from which we can deduce the claimed value for
|ET(G(2,n))|. O

The number of transition systems of G(2,n) is 9". Hence, the probability that

Algorithm 4 will generate an Euler tour on a particular orientation is ~ (%)n

Proposition 3.60. The number of Euler tours of the 3 x n toroidal grid G(3,n) is

4 4
~20" — 14" — _5" 42"
3 30 T

Proof. There are 15 pairings on {l,l»,l3,r1,r2,r3}, each of which can arise from the
transition system on a single column of G(n,3). Table 3.2 enumerates these pairings,
along with the number of transition systems on Vi, \V; that each arise from, and
whether each of them extends to an Euler tour. With the ordering given in Table 3.2

we can write the transfer matrix A as

Al By G G G
B Ay ¢ G C
A= 0 0O Dy 0 O |,
0 0 0 D

0 0 0 0 D
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No.| o | #TS| ET [ No.| o |#Ts | ET

1 No | 2 & 1 | Yes

3 % Yes | 4 | X 2 | No
>< 4

5 No 6 - 2 No
2 0

7 I I No 8 I 1 Yes
N ”

9 |1 Yes | 10 2 | No

! .

TN Yes | 12 |0 1] 1 | vYes
1] l }

13 | .. No | 14 | /1] 1 | Yes
%

15 I Yes

where A| = 53+ J3, B =2J3, Ci =13 +J3 and D = 215 + 6J3.

Table 3.2: Pairings for m = 3
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Moreover, this

block structure is preserved over taking powers of A; that is, there exist 3 x 3 matrices

A,,B,,C, and D,, such that

A}’l

Observe that
A, B,

B, A,

so we can calculate the values of these entries independently.

S
oo

n Cn
G
D

n

oo
S

>
3

o O O
o O O
= s

0
0
n

A, B
By Ay

Claim 3.61.
14" 42" —2.5"
A, =5"I;+ i J3
6
Proof. We write
A B
b Sl -+
B, A

0 |.
0

G Gy
G, G
0
Dy,
0 D

and D, = (D;)",

and B, =

n

14"

6

_on
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and expand the powers of this sum by the binomial theorem?. Observing that

(A o]
2/ if jmod2=0
—J J 0 Jé‘
[ J; 0 ] [ 0 2/ ] B - -
0 J 23 0 | i i ’
3 3 To J§ -
2/ . if jmod2 =1
\ L J3 0 i
we find .
ki _1\k k_(_1\k
B2k ] 3:(2 ”ng 3k s ])kJ§
25 I 3 7(271) Jé‘ 3 +(271) J§
from which the claimed values for A,, and B,, follow. U]

By a similar calculation we can obtain

20" 2"
Dy =2"l+ s

Now, observe that C,, =A1C,—1 +B1C,—1 +C1D,,—1. Hence, if we let C, = x,I3 + y,J3

we can derive linear recurrences for x, and y,, which can be solved for
! (5"=2"
x, = =(5"=2");
"3
1
Vn = 6(2-20”—2- 14" —5"42").
From Table 3.2 we obtain
y - (07 17 1707070707 ]‘7 1707 17 ]‘70’ 17 1) )
from which we can calculate |ET(G(3,n))]. O

The number of transition systems of G(3,n) is 27". Hence, the probability of
Algorithm 4 generating an Euler tour of any iteration is ~ (%)n For m = 4 the
transfer matrix has 105 rows and 105 columns, making direct computations of the
n-th power impractical. In both [61] and [6] the authors obtain the exponential growth
rate of |[EO(G(n,n))| by calculating the maximum eigenvalue of the transfer matrix
A. This is made possible by the fact that the number of Eulerian orientations is equal
to the trace of A”. Moreover, the transfer matrix for Eulerian orientations is block
diagonal, so it is sufficient to restrict analysis to a single block. In the case of the

transfer matrix for Euler tours things become more difficult because (a) the number of

2This is possible since all the matrices involved commute multiplicatively
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Euler tours is not obtainable in terms of something simple like the trace and (b) the
matrix is not block diagonal so we need to compute all/more entries of A”. Although
this complexity prevented us from deriving exact values or asymptotic estimates for
|ET(G(m,n))|, we were able to obtain a crude upper bound on the number of Euler
tours of G(m,n), which is sufficient to show that Algorithm 4 and Algorithm 5 require

exponential running time on G(m,n), for any m and n.

Proposition 3.62.
|ET(G(n,m)| < 80"+

Proof. The set of cycles of the form ((2i,2/), (2i+1,2j),(2i+1,2j+1),(2i,2j+ 1))
for0 <i<m/2and 0 < j <n/2is aset of nm/4 vertex-disjoint 4-cycles. The number
of transition systems containing any particular k-subset of these cycles is 3%,
Hence, by inclusion-exclusion, the number of transition systems containing none of
these cycles is
n%/*f ("m/ 4) (—1)k3m—4k _ goym/4
k=0 k ’
and this is certainly greater than the number of Euler tours of G(n,m). [l
There are 3 choices for the transition system at each vertex of G(n,m), so
|TS(G(n,m))| is equal to 3™". Hence, we can bound the probability Algorithm 4
generates an Euler tour of G(n,m) on any particular iteration as
ET(G(m,n 80\ ""/*
resiGmayl < (1) 652
which tends to O as either m or n goes to infinity. Hence, we can conclude that
Algorithm 4 does not have the behaviour of an fpaus, and Algorithm 5 does not have
the behaviour of an fpras, on G(m,n).
In light of the conjectured asymptotic distribution of 7, 4 it is not wholly surprising
that G(m,n) has exponentially fewer Euler tours than transition systems. There are at

least nm 4-cycles in G(m,n): for0 <i<m—1and 0 < j <n— 1 we have the cycle
((@,)), (i +1,)),((+1,j+1),Gj+1)),

where addition of the first and second coordinate is taken modulo n and modulo m,

respectively. Then, the factor of W corresponding to i = 4 is

80 nm
(s1)
for the class Gx containing G(m,n), and thus we can expect that the value of T n4 for

graphs in this class will almost surely be exponentially smaller than E[T, 4].



Chapter 4
Conclusions

In this thesis, we addressed the complexity of generating and counting Eulerian
orientations and Euler tours. Firstly, we analysed the complexity of exactly counting
random Eulerian orientations of planar graphs. We then investigated the running time
of a particular Markov chain Monte Carlo algorithm for generating random Eulerian
orientations of planar graphs with a distribution that is close to uniform. Secondly,
we studied the problem of generating and counting Euler tours of Eulerian graphs
and digraphs. Although there are many positive results for the directed case of this
problem, almost nothing is known for the undirected case. Indeed, the structure of this
problem seems to make it particularly difficult to analyse Markov chain Monte Carlo
algorithms. Hence, we shifted our focus to investigating the running time of a simple
algorithm on random Eulerian graphs and digraphs.

In Chapter 2 we showed that the complexity of counting Eulerian orientations of
planar graphs is #P-complete. Although there already exists an algorithm which can
approximately count the Eulerian orientations of any Eulerian graph, we considered
an alternative approach to this problem for planar graphs. We showed that a different
approach, using a well-known Markov chain (the face-reversal Markov chain M g,
a.k.a. Glauber Dynamics) mixes rapidly on the Eulerian orientations of triangular
lattice, which are of practical importance as configurations of an ice-type model studied
in statistical physics. These results complement existing results for the square lattice
and are of a practical value as it is this algorithm that physicists tend to use in practice.
However, we also showed that this chain is torpidly mixing on the set of Eulerian
orientations of certain planar graphs containing a bounded face with a large number
of edges (linear in the size of the graph). The only rapid mixing results for this chain

are on the Eulerian orientations of the square and triangular lattices; however, one
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would expect that it mixes rapidly for a larger class of graphs. We were not able to
determine the class of planar graphs for which it should be rapidly mixing. However,
we were able to develop some intuition. For example, suppose that, in every planar
graph G, the cut with the worst (smallest) conductance is of the form used in the proof
of Theorem 2.27. That is, there exists some face Y € ¥ (G), such that we can partition

Q = EO(G) into two sets S and S satisfying

LLVEES, 9z(Y) < @max (V)/2;

2. Every transition (of M &) from S to S reverses the edges of ;
3. D(S) =D(Mg).

Let k =|n|. There are 2k orientations of the edges of M, and, therefore, the fraction of
Q in which yis clockwise oriented is > 2~k Thus, if k is a constant, we would expect
the conductance of S to be at least bounded below by some inverse polynomial. Thus,

we make the following conjecture:

Conjecture 4.1. Let k be some fixed constant and suppose G is a planar graph that
can be embedded in the plane such that none of the bounded faces have more than k

edges. Then the face-reversal chain is rapidly mixing.

In Chapter 3 we analysed the number of Eulerian orientations and Euler tours of
random graphs. In particular, we were able to obtain asymptotic distributions for
the number of Euler tours of a random d-in/d-out directed graph and the number of
Eulerian orientations of a random 2d-regular graph. Intuitively, one would expect that
these results would combine to enable us to find an asymptotic characterisation of the
distribution of the number of Euler tours of a random 2d-regular graph. However, this
result proved elusive. We did, however, make a conjecture regarding the ratio of the
second moment and the square of the first (for the random variable counting Euler
tours of a random 2d-regular graph). In §3.5, we showed how, if this conjecture is
true, we would be able to obtain an asymptotic distribution for the number of Euler
tours of a random 2d-regular graph. Although we did not prove this conjecture, we
did perform an empirical investigation which provided some evidence to support it;
see Table 3.1. Not only do our empirical studies support the conjecture upon which the
proof of the asymptotic distribution depends, but the corresponding ratio of the random
variable counting Eulerian orientations of 2d-regular graphs (obtained in §3.4) matches
the conjectured ratio for the random variable counting Euler orientation of random 2d-

regular graphs.
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In the case of Euler tours of d-in/d-out directed graphs we were able to show that
almost every digraph G € @(n,d) has close to the maximum number of Euler tours
possible. A consequence of this is that a pair of simple algorithms, Algorithm 4 and
Algorithm 5, satisfy the conditions of an fpras and an fpaus respectively, for the Euler
tours of almost every d-regular Eulerian digraph. It is already known that we can
sample Euler tours of every Eulerian orientation in polynomial time so this result is
not so interesting in itself. However, unlike other polynomial time algorithms for this
problem, Algorithm 4 and Algorithm 5 generalise naturally to the undirected case.
That is, if the conjectured asymptotic distribution for the number of Euler tours of
undirected 2d-regular graphs is true, and we have provided (reasonably) convincing
evidence of this, then Algorithm 4 and Algorithm 5 will be an fpaus and an fpras for
the Euler tours of almost every 2d-regular graph.

The asymptotic distributions of Chapter 3 suggest a strong connection between the
number of short cycles of different lengths and the number of Euler tours of graphs.
This matches the results of §3.6, where we showed that the toroidal grid, which has
many short cycles, has much less Euler tours than the expected value. This also relates
to the work of Lieb [61] and Baxter [6] on the Eulerian orientations of the square and
triangular lattices. Our analysis of the number of Eulerian orientations of random 2d-
regular graphs, presented in §3.4 shows that the number of Eulerian orientations of
each of these lattices is very far from typical. It would be interesting to try to prove
a non-probabilistic result along the lines of the asymptotic distribution results, e.g.,
showing that graphs which do not have many short cycles, or possibly graphs with
large girth, have a number of Euler tours (resp. Eulerian orientations) that is close the
expected value we can obtain from Theorem 3.53 (resp. Theorem 3.49).

To conclude, we have, in the work presented this thesis, extended the body of
knowledge regarding the problems of counting Euler tours and Eulerian orientations
in several ways. We have analysed the complexity of exactly counting Eulerian
orientations of planar graphs. We have made some further progress towards classifying
the planar graphs on which the natural face-reversal Markov chain is rapidly mixing.
Finally, in the most significant part of this thesis, we have made progress towards
obtaining an algorithmic result on the complexity of sampling and approximately
counting Euler tours of random graphs. The problem of sampling (and approximately
counting) Euler tours in polynomial time is, as explained in §1.3.2, a hard open
problem in the area of sampling algorithms. We hope that the work presented in

Chapter 3 of this thesis will prove useful to future students of this problem.



Appendix A

The interlace Matrix approach to

counting Euler tours

An alternative approach to the determinant method (Theorem 1.57 and Theorem 1.59)
for counting Euler tours of directed graphs was provided by Macris and Pulé in [64].
The justification for the claimed result in [64] was by complicated analytic calculation,
but Lauri attempted to provide a combinatorial proof in [59]. Unfortunately, both
these attempted proofs are false. In this section we explain the approach and provide a

counter-example.

Definition A.1. Let G be a 2-regular Eulerian digraph on V = {1,2,...,n} and let T
be some arbitrary Euler tour of G. We say u and v interlace on 7 if they alternate on
T;thatis, T = (u...v...u...v...). We use u ~ v to denote “u and v interlace on T ”

The interlace matrix of 7 is then defined as

1 fu~vandu<v;

I(T)uy=4 —1 ifu~vandu>v;

)

0 otherwise.

Macris and Pulé make following claim.

Claim A.2. Let G be a 2-regular Eulerian digraph on' V = {1,2,...,n}, and let I,, be
the n x n identity matrix. Then, for any Euler tour T of G,

[ET(G)| = [l +1(T)].-

However, there exists a simple example for which the above claim does not hold!

Suppose we have the Eulerian orientation £ of Ks given in Figure A.1. The Laplacian

155



Appendix A. The interlace Matrix approach to counting Euler tours

156

Figure A.1: Counter-example to Claim A.2

matrix of this Eulerian orientation is

2
0
—1
—1
0

-1
2
0

—1
0

0
-1

2

0
—1

0
0

—1

2
—1

—1
—1

0
0
2

By the BEST theorem, we can easily compute the number of Euler tours of E to be
11. Now, consider the Euler tour 7 € ET(E): (1,5,4,2,3,4,1,2,5,3). The interlace

matrix of 7 is

0
-1
-1

0
—1

1
0
-1
—1
0

1

1

0
—1
—1

S = = O

S = O =

Calculating the determinant |Is 4+ 1(‘7)| gives 15! Thus, even for this small example

Claim A.2 does not hold.
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