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CHAPTER 1
INTRODUCTION

In this first chapter, we give an introduction to random graphs and complex networks. The
advent of the computer age has incited an increasing interest in the fundamental properties
of real networks. Due to the increased computational power, large data sets can now easily
be stored and investigated, and this has had a profound impact in the empirical studies on
large networks. A striking conclusion from this empirical work is that many real networks
share fascinating features. Many are small worlds, in the sense that most vertices are
separated by relatively short chains of edges. From an efficiency point of view, this general
property could perhaps be expected. More surprisingly, many networks are scale free,
which means that their degrees are size independent, in the sense that the empirical degree
distribution is almost independent of the size of the graph, and the proportion of vertices
with degree k is close to proportional to k™" for some 7 > 1, i.e., many real networks
appear to have power-law degree sequences.  These realisations have had fundamental
implications for scientific research on networks. This research is aimed to both understand
why many networks share these fascinating features, and also what the properties of these
networks are.

The study of complex networks plays an increasingly important role in science. Exam-
ples of such networks are electrical power grids and telephony networks, social relations,
the World-Wide Web and Internet, collaboration and citation networks of scientists, etc.
The structure of such networks affects their performance. For instance, the topology of
social networks affects the spread of information and disease (see e.g., [170]). The rapid
evolution in, and the success of, the Internet have incited fundamental research on the
topology of networks. See [19] and [175] for expository accounts of the discovery of net-
work properties by Barabdsi, Watts and co-authors. In [151], you can find some of the
original papers on network modeling, as well as on the empirical findings on them.

One main feature of complex networks is that they are large. As a result, their complete
description is utterly impossible, and researchers, both in the applications and in math-
ematics, have turned to their local description: how many vertices do they have, and by
which local rules are vertices connected to one another? These local rules are probabilistic,
which leads us to consider random graphs. The simplest imaginable random graph is the
Erdés-Rényi random graph, which arises by taking n vertices, and placing an edge between
any pair of distinct vertices with some fixed probability p. We give an introduction to the
classical Erd6s-Rényi random graph and informally describe the scaling behavior when the
size of the graph is large in Section 1.5. As it turns out, the Erd6s-Rényi random graph
is not a good model for a complex network, and in these notes, we shall also study exten-
sions that take the above two key features of real networks into account. These will be
introduced and discussed informally in Section 1.6.

1.1 Complex networks

Complex networks have received a tremendous amount of attention in the past decade.
In this section, we use the Internet as an example of a real network, and illustrate the
properties of real networks using the Internet as a key example. For an artist’s impression
of the Internet, see Figure 1.1.

Measurements have shown that many real networks share two fundamental properties.
The first fundamental network property is the fact that typical distances between vertices
are small. This is called the ‘small-world’ phenomenon (see [174]). For example, in Internet,
IP-packets cannot use more than a threshold of physical links, and if distances in the
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Figure 1.1: The Internet topology in 2001 taken from
http://www.fractalus.com/steve/stuff/ipmap/.

Internet would be larger than this threshold, e-mail service would simply break down.
Thus, the graph of the Internet has evolved in such a way that typical distances are
relatively small, even though the Internet is rather large. For example, as seen in Figure
1.2, the AS count, which is the number of Autonomous Systems (AS) which are traversed
by an e-mail data set, is most often bounded by 7. In Figure 1.3, the hopcount, which
is the number of routers traversed by an e-mail message between two uniformly chosen
routers, is depicted.

The second, maybe more surprising, fundamental property of many real networks is
that the number of vertices with degree k falls off as an inverse power of k. This is called
a ‘power-law degree sequence’, and resulting graphs often go under the name ‘scale-free
graphs’, which refers to the fact that the asymptotics of the degree sequence is independent
of its size. We refer to [7, 73, 149] and the references therein for an introduction to
complex networks and many examples where the above two properties hold. The second
fundamental property is visualized in Figure 1.4, where the degree distribution is plotted
on log-log scale. Thus, we see a plot of log k — log Ni, where N}, is the number of vertices
with degree k. When Ny is proportional to an inverse power of k, i.e., when, for some
normalizing constant ¢, and some exponent T,

Ni ~ enk™7, (1.1.1)

then
log Nj; ~ log ¢, — Tlogk, (1.1.2)

so that the plot of logk — log N is close to a straight line. Here, and in the remainder
of this section, we write ~ to denote an uncontrolled approximation. Also, the power
exponent 7 can be estimated by the slope of the line, and, for the AS-data, this given as
estimate of 7 &~ 2.15 — 2.20. Naturally, we must have that

> Np=n, (1.1.3)
k

so that it is reasonable to assume that 7 > 1.

Interestingly, in the AS-count, various different data sets (which focus on different parts
of the Internet) show roughly the same picture for the AS-count. This shows that the
AS-count is somewhat robust, and it hints at the fact that the AS graph is relatively
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Mieghem.

homogenous. See also Figure 1.5. For example, the AS-count between AS’s in North-
America on the one hand, and between AS’s in Europe, are quite close to the one of the
entire AS. This implies that the dependence on geometry of the AS-count is rather weak,
even though one would expect geometry to play a role. As a result, most of the models for
the Internet, as well as for the AS graph, ignore geometry altogether.

The observation that many real networks have the above properties have incited a burst
of activity in network modeling. Most of the models use random graphs as a way to model
the uncertainty and the lack of regularity in real networks. In these notes, we survey some
of the proposals for network models. These models can be divided into two distinct types:
‘static’ models, where we model a graph of a given size as a time snap of a real network,
and ‘dynamic’ models, where we model the growth of the network. Static models aim to
describe real networks and their topology at a given time instant, and to share properties
with the networks under consideration. Dynamic models aim to explain how the networks
came to be as they are. Such explanations often focus on the growth of the network as
a way to explain the power law degree sequences by means of ‘preferential attachment’
growth rules, where added vertices and links are more likely to be attached to vertices that
already have large degrees.

When we would like to model a power-law relationship between the number of vertices
with degree k and k, the question is how to appropriately do so. In Chapters 6, 7 and 8,
we discuss a number of models which have been proposed for graphs with a given degree
sequence. For this, we let F'x be the distribution function of an integer random variable
X, and we denote its probability mass function by {fx}7=,, so that

Fx(z)=P(X <z)=Y_ fi (1.1.4)
k<z

We wish to obtain a random graph model where Ny, the number of vertices with degree k,
is roughly equal to n fi, where we recall that n is the size of the network. For a power-law
relationship as in (1.1.1), we should have that

Ny ~ nfy, (1.1.5)

so that
fk X kiT,

where, to make f = {fik}721 a probability measure, we take 7 > 1, and « in (1.1.6)
denotes that the left-hand side is proportional to the right-hand side. Now, often (1.1.6)
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is too restrictive, and we wish to formulate a power-law relationship in a weaker sense. A
different formulation could be to require that

1— Fx(x) :ka o7, (1.1.7)
k>x

for some power-law exponent 7 > 1. Indeed, (1.1.7) is strictly weaker than (1.1.6), as
indicated in the following exercise:

Exercise 1.1. Show that when (1.1.6) holds with equality, then (1.1.7) holds. Find an
example where (1.1.7) holds in the form that there exists a constant C' such that

1— Fx(x)=Cz' " "(1+40(1)), (1.1.8)
but that (1.1.6) fails.

An even weaker form of a power-law relation is to require that
1 — Fx(x) = Lx(z)z' ™, (1.1.9)

where the function = — Lx(z) is a so-called slowly varying function. Here, a function
x — £(x) is called slowly varying when, for all constants ¢ > 0,

im L(cx)
2w

=1. (1.1.10)

Exercise 1.2. Show that z — logz and, for v € (0,1), z — 198 )” qre slowly varying,
but that when v =1, z+— 198?75 not slowly varying.

The above discussion on real networks has been illustrated by using the Internet as
a prime example. We close the discussion by giving references to the literature on the
empirical properties of the Internet:

1. Siganos, Faloutsos, Faloutsos and Faloutsos [165] take up where [88] have left, and
further study power laws arising in Internet.

2. In [111], Jin and Bestavros summarize various Internet measurements and study
how the small-world properties of the AS graph can be obtained from the degree
properties and a suitable way of connecting vertices.

3. In [182], Yook, Jeong and Barabdsi find that the Internet topology depends on
geometry, and find that the fractal dimension is equal to Dy = 1.5. They continue to
propose a model for the Internet growth that predicts this behavior using preferential
attachment including geometry. We shall discuss this in more detail in Chapter 8.

4. A critical look at the proposed models for the Internet, and particularly the sugges-
tion of preferential attachment in Internet was given by Willinger, Govindan, Paxson
and Shenker in [179]. Preferential attachment models shall be described informally
in Section 1.1, and are investigated in more detail in Chapters 8 and ??7.  The
authors conclude that the Barabdsi-Albert model does not model the growth of the
AS graph appropriately, particularly since the degrees of the receiving vertices in the
AS graph is even larger than for the Barabasi-Albert model. This might also explain
why the power-law exponent, which is around 2.2 for the AS-graph, is smaller than
the power-law exponent in the Barabdsi-Albert model, which is 3 (see Chapter 8 for
this result).
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5. An interesting topic of research receiving substantial attention is how the Internet
behaves under malicious attacks or random breakdown [66, 67]. The conclusion is
that the topology is critical for the vulnerability under intentional attacks. When
vertices with high degrees are taken out, then the connectivity properties of random
graph models for the Internet cease to have the necessary connectivity properties.

In the remainder of this section, we shall describe a number of other examples of real net-
works where the small-world phenomenon and the power-law degree sequence phenomenon
are observed:

1. ‘Six Degrees of Separation’ and social networks.
2. Kevin Bacon Game and the movie actor network.
3. Erddés numbers and collaboration networks.

4. The World-Wide Web.

In this section, we shall discuss some of the empirical findings in the above applications,
and discuss the key publications on their empirical properties. Needless to say, one could
easily write a whole book on each of these examples separately, so we cannot dive into the
details too much.

1.1.1 Six degrees of separation and social networks

In 1967, Stanley Milgram performed an interesting experiment. See
http://www.stanleymilgram.com/milgram.php

for more background on the psychologist Milgram, whose main topic of study was the
obedience of people, for which he used a very controversial ‘shock machine’.

In his experiment, Milgram sent 60 letters to various recruits in Wichita, Kansas, U.S.A.,
who were asked to forward the letter to the wife of a divinity student living at a specified
location in Cambridge, Massachusetts. The participants could only pass the letters (by
hand) to personal acquaintances who they thought might be able to reach the target, either
directly, or via a “friend of a friend”. While fifty people responded to the challenge, only
three letters (or roughly 5%) eventually reached their destination. In later experiments,
Milgram managed to increase the success rate to 35% and even 95%, by pretending that
the value of the package was high, and by adding more clues about the recipient, such as
his/her occupation. See [139, 173] for more details.

The main conclusion from the work of Milgram was that most people in the world are
connected by a chain of at most 6 “friends of friends”, and this phrase was dubbed “Six
Degrees of Separation”. The idea was first proposed in 1929 by the Hungarian writer
Frigyes Karinthy in a short story called ‘Chains’ [113], see also [151] where a translation
of the story is reproduced. Playwright John Guare popularized the phrase when he chose
it as the title for his 1990 play. In it, Ousa, one of the main characters says:

“Fverybody on this planet is separated only by six other people. Sixz degrees of
separation. Between us and everybody else on this planet. The president of
the United states. A gondolier in Venice... It’s not just the big names. It’s
anyone. A native in the rain forest. (...) An Eskimo. I am bound to everyone
on this planet by a trail of six people. It is a profound thought.”.

The fact that any number of people can be reached by a chain of at most 6 intermediaries
is rather striking. It would imply that two people in as remote areas as Greenland and the



1.1 Complex networks 7

Amagzone could be linked by a sequence of at most 6 “friends of friends”. This makes the
phrase “It’s a small world!” very appropriate indeed! Another key reference in the small-
world work in social sciences is the paper by Pool and Kochen [161], which was written in
1958, and has been circulating around the social sciences ever since, before it was finally
published in 1978.

The idea of Milgram was taken up afresh in 2001, with the added possibilities of the
computer era. In 2001, Duncan Watts, a professor at Columbia University, recreated Mil-
gram’s experiment using an e-mail message as the“package” that needed to be delivered.
Surprisingly, after reviewing the data collected by 48,000 senders and 19 targets in 157
different countries, Watts found that again the average number of intermediaries was six.
Watts’ research, and the advent of the computer age, has opened up new areas of inquiry
related to six degrees of separation in diverse areas of network theory such as power grid
analysis, disease transmission, graph theory, corporate communication, and computer cir-
cuitry. See the web site

http://smallworld.columbia.edu/project.html

for more information on the Small-World Project conducted by Watts.  See [174] for
a popular account of the small-world phenomenon. Related examples of the small-world
phenomenon can be found in [7] and [149].

To put the idea of a small-world into a network language, we define the vertices of the
social graph to be the inhabitants of the world (so that n ~ 6 billion), and we draw an
edge between two people when they know each other. Needless to say, we should make it
more precise what it means to “know each other”. Possibilities here are various. We could
mean that the two people involved have shaken hands at some point, or that they know
each other on a first name basis.

One of the main difficulties of social networks is that they are notoriously hard to
measure. Indeed, questionaires can not be trusted easily, since people have a different idea
what a certain social relation is. Also, questionaires are quite physical, and they take time
to collect. As a result, researchers are quite interested in examples of social networks that
can be measured, for example due to the fact that they are electronic. Examples are e-mail
networks or social networks such as Hyves. Below, I shall give a number of references to
the literature for studies of social networks.

1. Amaral, Scala, Bartélémy and Stanley [14] calculated degree distributions of several
networks, among others a friendship network of 417 junior high school students and a
social network of friendships between Mormons in Provo, Utah. For these examples,
the degree distributions turn out to be closer to a normal distribution than to a
power law.

2. In [79], Ebel, Mielsch and Bornholdt investigate the topology of an e-mail network
of an e-mail server at the University of Kiel over a period of 112 days. The authors
conclude that the degree sequence obeys a power law, with an exponential cut-off
for degrees larger than 200. The estimated degree exponent is 1.81. The authors
note that since this data set is gathered at a server, the observed degree of the
external vertices is an underestimation of their true degree. When only the internal
vertices are taken into account, the estimate for the power-law exponent decreases
to 1.32. When taking into account that the network is in fact directed, the power-
law exponent of the in-degree is estimated at 1.49, while the out-degrees have an
exponent of 2.03. The reported errors in the estimation of the exponents are between
0.10 and 0.18.

3. There are many references to the social science literature on social networks in the
book by Watts [175], who now has a position in social sciences. In [150], Newman,
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Kevin Bacon Number | # of actors
1
1902
160463
457231
111310
8168
810
81
14

OO WN O

Table 1.1: Kevin Bacon Numbers.

Watts and Strogatz survey various models for social networks that have appeared in
their papers. Many of the original references can also be found in the collection in
[151], along with an introduction explaining their relevance.

4. Liljeros, Edling, Amaral and Stanley [130] investigated sexual networks in Sweden,
where two people are connected when they have had a sexual relation in the previous
year, finding that the degree distributions of males and females obey power laws, with
estimated exponents of Tfem, & 2.5 and Tma1 =~ 2.3. When extending to the entire
lifetime of the Swedish population, the estimated exponents decrease to Tfem ~ 2.1
and Tma1 =~ 1.6. The latter only holds in the range between 20 and 400 contacts, after
which it is truncated. Clearly, this has important implications for the transmittal of
sexual diseases.

1.1.2 Kevin Bacon Game and movie actor network

A second example of a large network in the movie actor network. In this example, the
vertices are movie actors, and two actors share an edge when they have played in the same
movie. This network has attracted some attention in connection to Kevin Bacon, who
appears to be reasonably central in this network. The Computer Science Department at
Virginia University has an interesting web site on this example, see The Oracle of Bacon
at Virginia web site on

http://www.cs.virginia.edu/oracle/.

See Table 1.1 for a table of the Kevin Bacon Numbers of all the actors in this network.
Thus, there is one actor at distance 0 from Kevin Bacon (namely, Kevin Bacon himself),
1902 actors have played in a movie starring Kevin Bacon, and 160463 actors have played
in a movie in which another movie star played who had played in a movie starring Kevin
Bacon. In total, the number of linkable actors is equal to 739980, and the Average Kevin
Bacon number is 2.954. In search for “Six Degrees of Separation”, one could say that most
pairs of actors are related by a chain of co-actors of length at most 6.

It turns out that Kevin Bacon is not the most central vertex in the graph. A more
central actor is Sean Connery. See See Table 1.2 for a table of the Sean Connery Numbers.
By computing the average of these numbers we see that the average Connery Number is
about 2.731, so that Connery a better center than Bacon. Mr. Bacon himself is the 1049th
best center out of nearly 800,000 movie actors, which makes Bacon a better center than
99% of the people who have ever appeared in a feature film.

On the web site http://www.cs.virginia.edu/oracle/, one can also try out one’s own
favorite actors to see what Bacon number they have, or what the distance is between them.

We now list further studies of the movie actor network.
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Sean Connery Number | # of actors
1
2272
218560
380721
40263
3537
535
66
2

OO WN O

Table 1.2: Sean Connery Numbers

1. Watts and Strogatz [176] investigate the small-world nature of the movie-actor net-
work, finding that it has more clustering and shorter distances than a random graph
with equal edge density. Amaral et al. looked closer at the degree distribution to
conclude that the power-law in fact has an exponential cut-off.

2. Albert and Barabdsi [20] use the movie actor network as a prime example of a
network showing power-law degrees. The estimated power-law exponent is 2.3.

1.1.3 Erddés numbers and collaboration networks

A further example of a complex network that has drawn substantial attention is the
collaboration graph in mathematics. This is popularized under the name “Erd&s number
project”. In this network, the vertices are mathematicians, and there is an edge between
two mathematicians when they have co-authored a paper. See

http://www.ams.org/msnmain/cgd/index.html

for more information. The Erdés number of a mathematician is how many papers that
mathematician is away from the legendary mathematician Paul Erdés, who was extremely
prolific with around 1500 papers and 509 collaborators. Of those that are connected by a
trail of collaborators to Erdés, the maximal Erdés number is claimed to be 15.

On the above web site, one can see how far one’s own professors are from Erdés. Also,
it is possible to see the distance between any two mathematicians.

The Erdds numbers has also attracted attention in the literature. In [70, 71], the authors
investigate the Erdés numbers of Nobel prize laureates, as well as Fields medal winners,
to come to the conclusion that Nobel prize laureates have Erdés numbers of at most 8 and
averaging 4-5, while Fields medal winners have Erdés numbers of at most 5 and averaging
3-4. See also

http://www.oakland.edu/enp

for more information on the web, where we also found the following summary of the collab-
oration graph. This summary dates back to July, 2004. An update is expected somewhere
in 2006.

In July, 2004, the collaboration graph consisted of about 1.9 million authored papers in
the Math Reviews database, by a total of about 401,000 different authors. Approximately
62.4% of these items are by a single author, 27.4% by two authors, 8.0% by three authors,
1.7% by four authors, 0.4% by five authors, and 0.1% by six or more authors. The largest
number of authors shown for a single item is in the 20s. Sometimes the author list includes
“et al.” so that in fact, the number of co-authors is not always precisely known.
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Erdés Number | # of Mathematicians

0 1

1 504
2 6593
3 33605
4 83642
5 87760
6 40014
7 11591
8 3146
9 819
10 244
11 68
12 23
13 5

Table 1.3: Erdés Numbers

The fraction of items authored by just one person has steadily decreased over time,
starting out above 90% in the 1940s and currently standing at under 50%. The entire
graph has about 676,000 edges, so that the average number of collaborators per person is
3.36. In the collaboration graph, there is one large component consisting of about 268,000
vertices. Of the remaining 133,000 authors, 84,000 of them have written no joint papers,
and these authors correspond to isolated vertices. The average number of collaborators for
people who have collaborated is 4.25. The average number of collaborators for people in the
large component is 4.73. Finally, the average number of collaborators for people who have
collaborated but are not in the large component is 1.65. There are only 5 mathematicians
with degree at least 200, the largest degree is for Erdés, who has 509 co-authors. The
diameter of the largest connected component is 23.

The clustering coefficient of a graph is equal to the fraction of ordered triples of ver-
tices a,b,c in which edges ab and bc are present that have edge ac present. In other
words, the clustering coefficient describes how often are two neighbors of a vertex adjacent
to each other. The clustering coefficient of the collaboration graph of the first kind is
1308045/9125801 = 0.14. The high value of this figure, together with the fact that average
path lengths are small, indicates that this graph is a small world graph.

For the Erdés numbers, we refer to Table 1.3. The median Erdés number is 5, the mean
is 4.65, and the standard deviation is 1.21. We note that the Erdés number is finite if
and only if the corresponding mathematician is in the largest connected component of the
collaboration graph.

See Figure 1.6 for an artistic impression of the collaboration graph in mathematics taken
from

http://www.orgnet.com/Erdos.html

and Figure 1.7 for the degree sequence in the collaboration graph.
We close this section by listing interesting papers on collaboration graphs.

1. In [25], Batagelj and Mrvar use techniques for the analysis of large networks, such as
techniques to identify interesting subgroups and hierarchical clustering techniques,
to visualize further aspects of the Erdds collaboration graph.

2. Newman has studied several collaboration graphs in a sequence of papers that we
shall discuss now. In [148], he finds that several of these data bases are such that
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Figure 1.6: An artist impression of the collaboration graph in mathematics.
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Figure 1.7: The degree sequence in the collaboration graph.
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the degrees have power-laws with exponential cut-offs. The data bases are various
arXiv data bases in mathematics and theoretical physics, the MEDLINE data base
in medicine, and the ones in high-energy physics and theoretical computer science.
Also, the average distance between scientists is shown to be rather small, which is
a sign of the small-world nature of these networks. Finally, the average distance is
compared to logn/log z, where n is the size of the collaboration graph and z is the
average degree. The fit shows that these are quite close. Further results are given
in [147].

3. In Barabaési et al. [22], the evolution of scientific collaboration graphs is investigated.
The main conclusion is that scientists are more likely to write papers with other
scientists who have written many papers, i.e., there is a tendency to write papers
with others who have already written many. This preferential attachment is shown
to be a possible explanation for the existence of power laws in collaboration networks
(see Chapter 8).

1.1.4 The World-Wide Web

A final example of a complex network that has attracted enormous attention is the
World-Wide Web (WWW). The elements of the WWW are web pages, and there is a
directed connection between two web pages when the first links to the second. Thus, while
the WWW is virtual, the Internet is physical. With the world becoming ever more virtual,
and the WWW growing at tremendous speed, the study of properties of the WWW has
grown as well. It is of great practical importance to know what the structure of the WWW
is, for example, in order for search engines to be able to explore it. A notorious, but rather
interesting, problem is the Page-Rank problem, which is the problem to rank web pages
on related topics such that the most important pages come first. Page-Rank is claimed to
be the main reason of the success of Google, and the inventors of Page-Rank were also the
founders of Google (see [51] for the original reference).

In [8], the authors Albert, Jeong and Barabdsi study the degree distribution to find that
the in-degrees obey a power law with exponent 71, =~ 2.1 and the out-degrees obey a power
law with exponent 7out ~ 2.45, on the basis of several Web domains, such as nd.edu,
mit.edu and whitehouse.gov, respectively the Web domain of the home university of
Barabdsi at Notre Dame, the Web domain of MIT and of the White House.  Further,
they investigated the distances between vertices in these domains, to find that distances
within domains grown linearly with the log of the size of the domains, with an estimated
dependence of d = 0.35 4+ 2.06 log n, where d is the average distance between elements in
the part of the WWW under consideration, and n is the size of the subset of the WWW.

Extrapolating this relation to the estimated size of the WWW at the time, n = 8 - 108,
Albert, Jeong and Barabdési [8] concluded that the diameter of the WWW was 19 at the
time, which prompted the authors to the following quote:

“Fortunately, the surprisingly small diameter of the web means that all infor-
mation is just a few clicks away.”

In [127], it was first observed that the WWW also has power-law degree sequences. In
fact, the WWW is a directed graph, and in [127] it was shown that the in-degree follows a
power-law with power-law exponent quite close to 2. See also Figure 1.8.

The most substantial analysis of the WWW was performed by Broder et al. [53],
following up on earlier work in [127, 126] in which the authors divide the WWW into
several distinct parts. See Figure 1.9 for the details. The division is roughly into four
parts:

(a) The central core or Strongly Connected Component (SCC), consisting of those web
pages that can reach each other along the directed links (28% of the pages);
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Figure 1.8: The in-degree sequence in the WWW taken from [127].

(b) The IN part, consisting of pages that can reach the SCC, but cannot be reached
from it (21% of the pages);

(¢) The OUT part, consisting of pages that can be reached from the SCC, but do not
link back into it (21% of the pages);

(d) The TENDRILS and other components, consisting of pages that can neither reach
the SCC, nor be reached from it (30% of the pages).

Broder et al. [53] also investigate the diameter of the WWW, finding that the SCC
has diameter at least 28, but the WWW as a whole has diameter at least 500. This is
partly due to the fact that the graph is directed. When the WWW is considered to be an
undirected graph, the average distance between vertices decreases to around 7. Further,
it was shown that both the in- and out-degrees in the WWW follow a power-law, with
power-law exponents estimated as 7in &~ 2.1, Tout &~ 2.5.

In [2], distances in the WWW are discussed even further. When considering the WWW
as a directed graph, it is seen that the distances between most pairs of vertices within the
SCC is quite small. See Figure 1.10 for a histogram of pairwise distances in the sample.
Distances between pairs of vertices in the SCC tend to be at most 7: Six Degrees of
Separation.

We close this section by discussing further literature on the WWW:

1. In [20], it is argued that new web pages are more likely to attach to web pages
that already have a high degree, giving a bias towards popular web pages. This is
proposed as an explanation for the occurrences of power laws. We shall expand this
explanation in Section 1.6, and make the discussion rigorous in Chapter 8.
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Figure 1.9: The WWW according to Broder et al [53].

2. In [126], models for the WWW are introduced, by adding vertices which copy the

links of older vertices in the graph. This is called an evolving copying model. In some
cases, depending on the precise copying rules, the model is shown to lead to power-
law degree sequences. The paper [122] is a nice survey of measurements, models and
methods for obtaining information on the WWW, by analyzing how Web crawling
works.

. Barédbasi, Albert and Jeong [21] investigate the scale-free nature of the WWW, and

propose a preferential attachment model for it. In the proposed model for the WWW
in [20, 21], older vertices tend to have the highest degrees. On the WWW this is
not necessarily the case, as Adamic and Huberman [3] demonstrate. For example,
Google is a late arrival on the WWW, but has yet managed to become one of the
most popular web sites. A possible fix for this problem is given in [35] through a
notion of fitness of vertices, which enhance or decrease their preferential power.

. The works by Kleinberg [119, 120, 121] investigate the WWW and other networks

from a computer science point of view. In [119, 120], the problem is addressed how
hard it is to find short paths in small-world networks on the d-dimensional lattice,
finding that navigation sensitively depends upon how likely it is for large edges to
be present. Indeed, the delivery time of any local algorithm can be bounded below
by a positive power of the width of the box, except for one special value of the
parameters, in which case it is of the order of the square of the log of the width
of the box. Naturally, this has important implications for the WWW, even though
the WWW may depend less sensitively on geometry. In Milgram’s work discussed
in Section 1.1.1, on the one hand, it is striking that there exist short paths between
most pairs of individuals, but, on the other hand, it may be even more striking
that people actually succeed in finding them. In [119], the problem is addressed
how “authoritative sources” for the search on the WWW can be quantified. These
authoritative sources can be found in an algorithmic way by relating them to the
hubs in the network. Clearly, this problem is intimately connected to the Page-Rank
problem.
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Figure 1.10: Average distances in the Strongly Connected Component of the WWW taken
from [2].

1.2 Scale-free, small-world and highly-clustered random graph
processes

As described in Section 1.1, many real-world complex networks are large. They share
similar features, in the sense that they have a relatively low degree compared to the max-
imal degree n — 1 in a graph of size n, i.e., they are ‘sparse’. Further, many real networks
are ‘small worlds’, ‘scale free’ and ‘highly clustered’. These notions are empirical, and,
hence, inherently not very mathematically precise. In this section, we describe what it
means for a model of a real network to satisfy these properties.

Many of real-world networks as considered in Section 1.1, such as the World-Wide Web
and collaboration networks, grow in size as time proceeds. Therefore, it is reasonable to
consider graphs of growing size, and to define the notions of scale-free, small-world and
highly-clustered random graphs as a limiting statement when the size of the random graphs
tend to infinity. This naturally leads us to study graph sequences. In this section, we shall
denote a graph sequence by {Gr}az1, where n denotes the size of the graph G,, i.e., the
number of vertices in Go,.

Denote the proportion of vertices with degree k in G,, by P,é"), ie.,

1 n
(n) _
P =~ > L. (1.2.1)
=1

where DE") denotes the degree of vertex i € {1,...,n} in the graph G, and recall that
the degree sequence of GG, is given by {P,E")}z":o. ‘We use capital letters in our notation to
indicate that we are dealing with random wvariables, due to the fact that G,, is a random
graph. Now we are ready to define what it means for a random graph process {G, }52; to
be scale free.

We first call a random graph process {Gr }n=1 sparse when

lim P = py, (1.2.2)

n—00
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for some deterministic limiting probability distribution {px}izo. Since the limit ps in
(1.2.2) is deterministic, the convergence in (1.2.2) can be taken as convergence in probabil-
ity or in distribution. Also, since {px }32, sums up to one, for large n, most of the vertices
have a bounded degree, which explains the phrase sparse random graphs.

We further call a random graph process {Gn}n=1 scale free with exponent T when it is
sparse and when

. log pi
A e (k) T (1.2:3)

exists. Thus, for a scale-free random graph process its degree sequence converges to a
limiting probability distribution as in (1.2.2), and the limiting distribution has asymptotic
power-law tails described in (1.2.3). This gives a precise mathematical meaning to a
random graph process being scale free. In some cases, the definition in (1.2.3) is a bit too
restrictive, particularly when the probability mass function k +— pi is not very smooth.
Instead, we can also replace it by

i log [1 — F(k)] L
Jim S8R 1, (1.2.4)

where F(z) = Zy<1py denotes the distribution function corresponding to the probability
mass function {pr}32o. In particular models below, we shall use the version that is most
appropriate in the setting under consideration. See Section 1.3 below for a more extensive
discussion of power laws.

We say that a graph process {Gr}n= is highly clustered when

lim OGD( = C(;(x, > 0. (125)

n—oo

We finally define what it means for a graph process {Gr}nz; to be a small world.
Intuitively, a small world should have distances that are much smaller than those in a
lattice or torus. When we consider the nearest-neighbor torus T, 4, then, and when we
draw two uniform vertices at random, their distance will be of the order r. Denote the size
of the torus by n = (2r + 1)%, then the typical distance between two uniform vertices is of
the order n'/?, so that it grows as a positive power of n.

Let H, denote the distance between two uniformly chosen connected vertices, i.e., we
pick a pair of vertices uniformly at random from all pairs of connected vertices, and we
let H,, denote the graph distance between these two vertices. Here we use the term graph
distance between the vertices v1,v2 to denote the minimal number of edges in the graph
on a path connecting v1 and v2. Below, we shall be dealing with random graph processes
{Gr}3Z; for which G, is not necessarily connected, which explains why we condition on
the two vertices being connected.

We shall call H,, the typical distance of G,,. Then, we say that a random graph process
{Gn}Z1 is a small world when there exists a constant K such that

lim P(H, < Klogn) =1. (1.2.6)
n—oo
Note that, for a graph with a bounded degree dmax, the typical distance is at least (1 —
€)logn/log dmax with high probability, so that a random graph process with bounded
degree is a small world precisely when the order of the typical distance is optimal.

For a graph G, let diam(G,) denote the diameter of G, i.e., the maximal graph
distance between any pair of connected vertices. Then, we could also have chosen to
replace Hy, in (1.2.6) by diam(Gr). However, the diameter of a graph is a rather sensitive
object which can easily be changed by making small changes to a graph in such a way that
the scale-free nature and the typical distance H, do not change. For example, by adding a
sequence of m vertices in a line, which are not connected to any other vertex, the diameter
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of the graph becomes at least m, whereas, if m is much smaller than n, H, is not changed
very much. This explain why we have a preference to work with the typical distance H,,
rather than with the diameter diam(G»).

In some models, we shall see that typical distances can be even much smaller than log n,
and this is sometimes called an ultra-small world. More precisely, we say that a random
graph process {Gr}n21 is an ultra-small world when there exists a constant K such that

lim P(H, < Kloglogn) = 1. (1.2.7)

n—oo

There are many models for which (1.2.7) is satisfied, but diam(Gy)/logn converges in
probability to a positive limit. This once more explain our preference for the typical graph
distance H,,.

We have given precise mathematical definitions for the notions of random graphs being
highly clustered, small worlds and scale free. This has not been done in the literature
so far, and our definitions are based upon a summary of the relevant results proved for
random graph models. We believe it to be a good step forward to make the connection
between the theory of random graphs and the empirical findings on real-life networks.

1.3 Tales of tails

In this section, we discuss the occurrence of power laws. In Section 1.3.1, we discuss
the literature on this topic, which dates back to the twenties of the last century. In Section
1.3.2, we describe the new view points on power laws in real networks.

1.3.1 Old tales of tails

Mathematicians are always drawn to simple relations, believing that they explain the
rules that gave rise to them. Thus, finding such relations uncovers the hidden structure
behind the often chaotic appearance. A power-law relationship is such a simple relation.
We say that there is a power-law relationship between two variables when one is propor-
tional to a power of the other. Or, in more mathematical language, the variable k and the
characteristic f(k) are in a power-law relation when f(k) is proportional to a power of k,
that is, for some number T,

F(k) =CE™. (1.3.1)

Power laws are intimately connected to so-called 80/20 rules. For example, when
studying the wealth in populations, already Pareto observed a huge variability [157]. Most
individuals do not earn so much, but there are these rare individuals that earn a substantial
part of the total income. Pareto’s principle was best known under the name ‘80/20 rule’,
indicating, for example, that 20 percent of the people earn 80 percent of the total income.
This law appears to be true much more generally. For example, 20 percent of the people
own 80 percent of the land, 20 percent of the employees earn 80 percent of the profit
of large companies, and maybe even 20 percent of the scientists write 80 percent of the
papers. In each of these cases, no typical size exists due to the high variability present,
which explains why these properties are called ‘scale-free’.

Intuitively, when a 80/20 rule holds, a power law must be hidden in the background!
Power laws play a crucial role in mathematics, as well as in many applications. Power laws
have a long history. Zipf [184] was one of the first to find one in the study of the frequencies
of occurrence of words in large pieces of text. He found that the relative frequency of words
is roughly inversely proportional to its rank in the frequency table of all words. Thus, the
most frequent word is about twice as frequent as the second most frequent word, and about
three times as frequent as the third most frequent word, etc. In short, with k the rank of
the word and f(k) the relative frequency of k™" most frequent word, f(k) oc k=7 where T
is close to 1. This is called Zipf’s law.
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Already in the twenties, several other examples of power laws were found. Lotka [132]
investigated papers that were referred to in the Chemical Abstracts in the period from
1901-1916, and found that the number of scientists appearing with 2 entries is close to
1/2% = 1/4 of the number of scientists with just one entry. The number of scientists
appearing with 3 entries is close to 1/32 = 1/9 times the number of scientists appearing
with 1 entry, etc. Again, with f(k) denoting the number of scientists appearing in k entries,
f(k) o< k77, where 7 now is close to 2. This is dubbed Lotka’s Law. Recently, effort has
been put into explaining power-laws using ‘self-organization’. Per Bak, one of the central
figures in this area, called his book on the topic “How nature works” [18].

Power-law relations are one-step extensions of linear relations. Conveniently, even when
one does not understand the mathematical definition of a power law too well, one can still
observe them in a simple way: in a log-log plot, power laws are turned into straight lines!
Indeed, taking the log of the power-law relationship (1.3.1) yields

log f(k) =logC — Tlogk, (1.3.2)

so that log f(k) is in a linear relationship with log k, with coefficient equal to —7. Thus,
not only does this allow us to visually inspect whether f(k) is in a power-law relationship
to k, it also allows us to estimate the exponent 7! Naturally, this is precisely what has
been done in order to obtain the power-law exponents in the examples in Section 1.1.
An interesting account of the history of power-laws can be found in [140], where possible
explanations why power laws arise so frequently are also discussed.

1.3.2 New tales of tails

In this section, we discuss the occurrence of power-law degree sequences in real networks.
We start by giving a heuristic explanation for the occurrence of power law degree sequences,
in the setting of exponentially growing graphs. This heuristic is based on some assumptions
that we formulate now.

We assume that

(1) the numbter of vertices V(t) is growing ezponentially at some rate p > 0, i.e.,
V(t) =~ e

(2) the number N (t) of links into a vertex at some time ¢ after its creation is N (t) ~ e*.
(Note that we then must have that 8 < p, since the number of links into a vertex
must be bounded above by the number of vertices.) Thus, also the number of links
into a vertex grows exponentially with time.

We note that assumption (1) is equivalent to the assumption that
(17) the lifetime T since its creation of a random vertex has law
P(T >t) =e ", (1.3.3)
so that the density of the lifetime of a random vertex is equal to
fr(t) = pe™"". (1.3.4)

Then, using the above assumptions, the number of links into a random vertex X equals

P(X > i) ~i /P, (1.3.5)
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since it is equal to

P(X > i) /Oo Fr(®)P(X > i|T = t)dt

= / pe” PP(X >4|T = t)dt
0

oo
= p/ eitpll{eﬁt>i}dt
0

oo .
~ p/ e P dt ~ e—(logZ)p/ﬁ ~ i—p/ﬁ7
(logi)/B

where ¢ denotes the indicator of the event £. Stretching the above heuristic a bit further
yields

P(X =i) =P(X >i—1) = P(X > i) ~ i #/FD, (1.3.6)
This heuristic suggests a power law for the in-degrees of the graph, with power-law exponent
7 = p/B+ 1> 2. Peculiarly, this heuristic does not only explain the occurrence of power
laws, but even of power laws with exponents that are at least 2.

The above heuristic only explains why the in-degree of a vertex has a power law. An
alternative reason why power laws occur so generally will be given in Chapter 8. Interest-
ingly, so far, also in this explanation only power laws that are at least 2 are obtained.

While power-law degree sequences are claimed to occur quite generally in real networks,
there are also some critical observations, particularly about he measurements that produce
power laws in Internet. In [128], it is argued that traceroute-measurements, by which the
Internet-topology is uncovered, could be partially responsible for the fact that power-law
degree sequences are observed in Internet. Indeed, it was shown that applying similar
methods as traceroute-measurements to certain subgraphs of the Erdés-Rényi random
graph exhibit power-law degree sequences. Clearly, the Erdés-Rényi random graph does
not have power-law degree sequences, so that this observation is an artefact of the way
the measurements are performed. The point is that in Internet measurements, subgraphs
are typically obtained by exploring the paths between sets of pairs of vertices. Indeed,
we obtain a subgraph of the Internet by only taking that part of the network that appear
along a path between the various starting points and destinations, and this is the way how
traceroute is used in Internet. Assuming that paths are all shortest-paths, i.e., there is
shortest-path routing, vertices with a high degree are far more likely to appear in one of the
shortest paths between our initial set of pairs of vertices. Therefore, such data sets tend
to overestimate the degrees in the complete network. This bias in traceroute data was
further studied in [1, 65], in which both for Erdés-Rényi random graphs and for random
regular graphs, it was shown that subgraphs appear to obey a power-law.

While the above criticism may be serious for the Internet, and possibly for the World-
Wide Web, where degree distributions are investigated using web-crawling, there are many
networks which are completely available that also show power-law degree sequences. When
the network is completely described, the observed power-laws can not be so easily dismissed.
However, one needs to be careful in using and analyzing data confirming power-law degree
sequences. Particularly, it could be that many estimates of the power-law degree exponent
T are biased, and that the true values of 7 are substantially larger. Possibly, this criticism
may give an argument why so often power laws are observed with exponents in the interval
(2,3).

1.4 Notation

In these notes, we frequently make use of certain notation, and we strive to be as
consistent as possible. We shall denote events by calligraphic letters, such as A, B,C and



20 Introduction

E. We shall use l¢ to denote the indicator function of the event £. We shall use capital
letters, such as X,Y, Z,U,V,W, to denote random variables. There are some exceptions,
for example, F'x and Mx denote the distribution function and moment generating function
of a random variable X, and we emphasize this by writing the subscript X explicitly. We
say that a sequence of events {&, }nzg occurs with high probability when limp, . P(E,) = 1.
We often abbreviate this as whp. We call a sequence of random variables {X by iid.
when they are independent, and X; has the same distribution as X for every i = 2,...,n.

We shall use special notion for certain random variables, and write X ~ BE(p) when X
has a Bernoulli distribution with success probability p, i.e., P(X =1) =1-P(X =0) =
We write X ~ BIN(n,p) when the random variable X has a binomial distribution With
parameters n and p, and we write X ~ Poi(A) when X has a Poisson distribution with
parameter .

Furthermore, we write f(n) = o(g(n)) as n — co when g(n) > 0 and lim,— |f(n)|/g(n) =
0. We write f(n) = O(g(n)) as n — oo when g(n) > 0 and limsup,,_, . | f(n)|/g(n) < co
Finally, we write f(n) = ©(g(n)) as n — oo if f(n) = O(g(n)) and g(n) = O(f(n)).

1.5 The Erd6s-Rényi random graph: introduction of the model

In the previous sections, we have described properties of real networks. These networks
are quite large, and in most cases, it is utterly impossible to describe them explicitly. To
circumvent this problem, random graph models have been considered as network models.
These random graphs describe by which local and probabilistic rules vertices are connected
to one another. The use of probabilistic rules is to be able to describe the complezity of the
networks. In deterministic models, often too much structure is present, making the arising
networks unsuitable to describe real networks. This approach introduces randomness in
network theory, and leads us to consider random graphs as network models. However, it
does not tell us what these random graph models should look like.

The field of random graphs was established in the late fifties and early sixties of the last
century. While there were a few papers appearing around (and even before) that time, one
paper is generally considered to have founded the field [84]. The authors Erdés and Rényi
studied the simplest imaginable random graph, which is now named after them. Their
graph has n elements, and each pair of elements is independently connected with a fixed
probability. When we think of this graph as describing a social network, then the elements
denote the individuals, while two individuals are connected when they know one another.
The probability for elements to be connected is sometimes called the edge probability. Let
ERn,(p) denote the resulting random graph. This random graph is named after its inventors
Erdds and Rényi who introduced a version of it in [84] in 1960. Note that the precise model
above is introduced by Gilbert in [91], and in [84] a model was formulated with a fixed
number of edges (rather than a binomial number of edges). It is not hard to see that the
two models are intimately related (see e.g., Section 4.6, where the history is explained in a
bit more detail). The Erdés-Rényi random graph was named after Erdés and Rényi due to
the deep and striking results proved in [84], which opened up an entirely new field. Earlier
papers investigating random graphs are [81], using the probabilistic method to prove graph
properties, and [167], where the model is introduced as a model for neurons.

Despite the fact that ER,(p) is the simplest imaginable model of a random network,
it has a fascinating phase transition when p varies. Phase transitions are well known
in physics. The paradigm example is the solid-fluid transition of water, which occurs
when we move the temperature from below 0° to above 0°. Similar phase transitions
occur in various real phenomena, such as magnetism or the conductance properties of
porous materials. Many models have been invented that describe and explain such phase
transitions, and we shall see some examples in these notes. As we will see, the Erdés-Rényi
random graph exhibits a phase transition in the size of the maximal component, as well as
in the connectivity of the arising random graph.
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Indeed, if p = A\/n with A < 1, then ER,(p) consists of many small components having
at most size ©(logn). If, otherwise, A > 1 the graph consists of one giant component of
O(n) and some small components which have size ©(logn). (Recall the notation in Section
1.4.) These properties shall be explained and proved in full detail in Chapter 4. In Chapter
5, we shall also investigate the size for the largest connected component when A = 1, and
for which A the Erd6s-Rényi random graph is connected.

A rough outline of the ideas behind the proof in Chapters 4-5 is given below. The
necessary probabilistic ingredients are described in Chapter 2, for example, stochastic
orderings, convergence of random variables, and couplings. In Chapter 3, we describe
branching processes, which prove to be extremely useful in the analysis of the Erdés-Rényi
random graph and many other related random graph models.

To describe these preliminaries, let us investigate the cluster of a vertex in an Erdés-
Rényi random graph. We say that u,v € {1,...,n} are connected when there exists a path
of occupied bonds connecting the two vertices v and v, and we write this as u +— v. We
let the cluster of v, i.e., the connected component containing v, be equal to

Cv) ={y:v+—y} (1.5.1)

where, by convention, v is connected to v, so that v € C(v). Let |C(v)| denote the number
of vertices in C(v). Then, the size of the largest connected component of ER,, (p) is equal
to

[Cmax| = max |C(v)]. (1.5.2)

ved{l,..., n}

Naturally, the law of C(z), and, therefore also of |Cmax|, depends sensitively on the value
of p.

To describe the largest connected component, we explore the different clusters one by
one. We start with vertex 1, and explore all the edges that are incident to 1. The endpoints
of these edges are clearly elements of the cluster C(1). Therefore, the exploration of the
edges starting from 1 gives rise to a subset of vertices that are in C(1), namely, precisely
the vertices that are at distance 1 in the random graph ER,(p) from the vertex 1, i.e.,
the direct neighbors. Denote the number of different neighbors by X;. Note that the
distribution of the number of direct neighbors X; is equal to a binomial random variable
with parameters n — 1 and p, i.e., X1 ~ BIN(n — 1, p).

When X; = 0, then C(1) = {1}, and we have explored the entire cluster of vertex 1.
However, when X7 > 1, then there is at least one direct neighbor of 1, and we next explore
its direct neighbors. We denote i1, ...,ix, the vertices that are direct neighbors of 1, where
we order these such that i; <i2 < ... <ix,.

We now explore the neighbors of ;. Naturally, when we wish to explore the elements
of C(1), we are only interested in those neighbors of 1 for which we do not yet know that
they are part of C(1). When we fix the number of direct neighbors X1, then this number
of neighbors of i; again has a binomial distribution, now with parameters n — 1 — X; and
probability of success p. Denote the number of vertices by X2. We emphasize here that the
conditional distribution of X5 given X5 is BIN(n—1— X1, p), but the marginal distribution
of X5 is not binomial.

When X; > 2, we can also explore the direct neighbors of 5 that are not yet part of C(1),
and this number, which we denote by X3, has, conditionally on X; and X3,distribution
BIN(n — 1 — X1 — Xo,p). This is called breadth-first search. In general, when we explore
the (i + 1)** vertex of the cluster of vertex 1, we obtain a random number of newly added
vertices, denoted by X;11, which are part of C(1), and of which the law is BIN(N;,p),
where

leTL*l*Xl**XZ, 221,2, (153)

Before exploring the " vertex, the number of vertices whose neighbors we have not yet
investigated is equal to
1+Xi+...+ X5 —14, (1.5.4)
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that is, the number of vertices of which we have decided that they are part of the cluster
of vertex 1 minus the number of vertices which have been fully explored. This process
continues as long as there are unexplored or active vertices, i.e., it continues as long as

1+Xi+...+Xi—i>1. (1.5.5)
Since finally we explore all vertices in the cluster, we obtain that
IC(1)| =min{i: X1 +...+ X; =i —1}. (1.5.6)

Similarly, we can explore the clusters of the other vertices that are not elements of C(1).
Say that j € {1,...,n} is the smallest element that does not belong to C(1). Then, in
a similar way as above, we can explore C(j), the cluster of j. Note, however, that, since
j & C(1), the vertices in C(1) should now be removed from the procedure. Therefore, the
number of available vertices decreases. This phenomenon is sometimes called the depletion
of points effect.

It is well known that when n is large, then the binomial distribution with parameters
n and p = A\/n is close to the Poisson distribution with parameter A. More precisely, we
have that

k
IP’(BIN(n,/\/n) :k) :e—*%+o(1), k=0,1,.... (1.5.7)

The probability mass function f = e_AAk—T is the probability mass function of the Poisson

distribution with parameter A. In fact, this result can be strengthened to saying that the
proportion of vertices with degree k£ converges in probability to the Poisson probability
mass function fg, i.e., ER(n,\/n) is a sparse random graph process. In particular, for
every fixed i, if we were to know that Xi,...,X; are not too large (which is true if X
were Poisson random variables with parameter A), then

NZ':?’L*l*Xl*“'in%?’L. (158)

Thus, we have that a binomial random variable with parameters N; and success probability
p = A/n is approximately Poisson distributed with parameter A\. With this approximation,
the random variables {X;}52, are independent and identically distributed, which is often
abbreviated by i.i.d. in these notes. In this approximation, we see that the number of
unexplored vertices satisfies a recurrence relation given by

SI~1+X7+...+ X —1, (1.5.9)

up to the point where S; = 0, and where {X; }$2; are i.i.d. Poisson random variables with
parameter \. We write

T*=min{s: S; =0} =min{i: X7 +...+ X; =i — 1} (1.5.10)

for the first time at which S; = 0. In the above simplified model, the random variable T~
could be infinite, while in (1.5.6) this is clearly impossible. In (1.5.10), we explore vertices
in a tree, and the ‘" explored individual gives rise to X children, where {X;}72: are
i.i.d. Poisson random variables with parameter A\. The above process is called a branching
process with a Poisson offspring distribution with parameter or mean A.

Branching processes are simple models for the evolution of a population, and have
received considerable attention in the mathematical literature. See [16, 97, 102] for intro-
ductions to the subject. Branching processes have a phase transition when the expected
offspring varies. When the expected offspring exceeds 1, then there is a positive probability
of survival forever, while if the expected offspring is at most 1, then the population dies out
with probability one. This phase transition for branching processes is intimately connected
to the phase transition on the random graph.
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We describe the phase transition on the random graph in Chapter 4. In that chapter, the
exploration description of connected components described above will be crucial. In order
to make the above steps rigorous, we need some preliminaries. In Chapter 2, we describe the
probabilistic preliminaries, such as stochastic ordering, convergence of random variables,
coupling theory and martingales. For example, stochastic domination allows us to make
the intuition that X;+1 ~ BIN(NV;,p) when N; < n is smaller than a binomial random
variable with parameters n and p precise. Convergence of random variables is the right
notion to show that a binomial distribution with parameters n and p = A\/n is close to the
Poisson distribution with parameter A\. A coupling of these two random variables allows
us to give a bound on their difference. In Chapter 3, we describe branching processes.
We prove the phase transition, and relate super critical branching processes conditioned
to die out with subcritical branching processes. We pay particular attention to branching
processes with a Poisson offspring distribution.

While the Erdés-Rényi random graph is a beautiful model displaying fascinating scaling
behavior for large graphs and varying edge probabilities, its degrees are mot scale-free,
rendering it unrealistic as a network model. Indeed, its typical degree size is the average
degree, and there is little variability in it. In particular, no hubs exist. More precisely, the
degree of any vertex in an Erdds-Rényi random graph with edge probability p = A\/n is
precisely equal to a binomial random variable with parameters n—1 and success probability
p = A/n. As aresult, the limiting degree of any vertex is equal to a Poisson random variable
with mean A. It is well known that Poisson random variables have thinner tails than power
laws. In fact, Poisson random variables have exponential tails. See the discussion below
(1.5.7), and see Section 5.3 for a proof of the fact that the Erdés-Rényi random graph with
edge probability p = A\/n is sparse.

Therefore, to model networks more appropriately, we are on the hunt for scale-free
random graph models! Remarkably, the fact that the Erdés-Rényi random graph is not a
suitable network model was already foreseen by the masters themselves [84]:

“Of course, if one aims at describing such a real situation, one should re-
place the hypothesis of equiprobability of all connections by some more realistic
hypothesis.” .

How do power laws arise then in networks, and what can we learn from that? In the next
section, we shall describe three models for scale-free networks.

1.6 Random graph models for complex networks

As explained in Section 1.5, Erd6s-Rényi random graphs are not scale free, whereas, as
explained in Section 1.1, many real networks are scale free. In Chapters 6, 7 and 8, we
describe three scale-free random graph models. In Chapter 6, we describe the generalized
random graph. The philosophy of this model is simple: we adapt the random graph in such
a way that it becomes scale free. For this, we note that the degrees of the Erdds-Rényi
random graph with edge probability p = A\/n are close to to a Poisson random variable
with mean A. As mentioned before, these are not scale free. However, we can make these
degrees scale free by taking the parameter A to be a random variable with a power law.
Thus, to each vertex ¢, we associate a random variable W;, and, conditionally on W;, the
edges emanating from ¢ will be occupied with a probability depending on i. There are
many ways in which this can be done. For example, in the generalized random graph [52],
the probability that edge between vertices s and t, which we denote by st, is occupied,
conditionally on the weights {W;}i—, is equal to

WW;

= Wi+ L (1.6.1)

pst
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where L, = >, W; is the total weight of the graph, and different edges are conditionally
independent given {W;}i_;. In Chapter 6, we shall prove that this further randomization
of the Erdds-Rényi random graph does, in the case when the W, are i.i.d. and satisfy a
power law, lead to scale-free graphs. There are various other possibilities to generalize the
Erd8s-Rényi random graph, some of which will also be discussed. See [60, 152] for two
specific examples, and [44] for the most general set-up of generalized random graphs.

In the second scale-free random graph model, the idea is that we should take the degrees
as a start for the model. Thus, to each vertex i, we associate a degree D;, and in some way
connect up the different edges. Clearly, we need that the sum of the degrees L, = > | D;
is even, and we shall assume this from now on. Then we think of placing D; half-edges
or stubs incident to vertex i, and connecting all the stubs in a certain way to yield a
graph. One way to do this is to attach all the stub wniformly, and this leads to the
configuration model. Naturally, it is possible that the above procedure does not lead to
a simple graph, since self-loops and multiple edges can occur. As it turns out, when the
degrees are not too large, more precisely, when they have finite variance, then the graph
is with positive probability simple. By conditioning on the graph being simple, we end
up with a uniform graph with the specified degrees. Sometimes this is also referred to as
the repeated configuration model, since we can think of conditioning as repeatedly forming
the graph until it is simple, which happens with strictly positive probability. A second
approach to dealing with self-loops and multiple edges is simply to remove them, leading
to the so-called erased configuration model. In Chapter 7, we investigate these two models,
and show that the degrees are given by the degree distribution, when the graph size tends
to infinity. Thus, the erasing and the conditioning do not alter the degrees too much.

The generalized random graph and configuration models describe networks, in some
sense, quite satisfactorily. Indeed, they give rise to models with degrees that can be
matched to degree distributions found in real networks. However, they do not explain how
the networks came to be as they are. A possible explanation for the occurrence of scale-free
behavior was given by Albert and Barabdsi [20], by a feature called preferential attachment.
Most real networks grow. For example, the WWW has increased from a few web pages
in 1990 to an estimated size of a few billion now. Growth is an aspect that is not taken
into account in Erdés-Rényi random graphs, but it would not be hard to reformulate them
as a growth process where elements are successively added, and connections are added
and removed. Thus, growth by itself is not enough to explain the occurrence of power
laws. However, viewing real networks as evolving in time does give us the possibility to
investigate just how they grow.

So, how do real networks grow? Think of a social network describing a certain pop-
ulation in which a newcomer arrives, increasing it by one element. He/She will start to
socialize with people in the population, and this process is responsible for the connections
to the newly arrived person. In an Erdés-Rényi random graph, the connections to the
newcomer will be spread uniformly over the population. Is this realistic? Is the newcomer
not more likely to get to know people who are socially active, and, therefore, already have a
larger degree? Probably so! We do not live in a perfectly egalitarian world. Rather, we live
in a self-reinforcing world, where people who are successful are more likely to become even
more successful! Therefore, rather than equal probabilities for our newcomer to acquaint
him-/herself to other individuals in the population, there is a bias towards individuals who
already know many people. When we think of the degree of elements as describing the
wealth of the individuals in the population, we live in a world where the rich get richer!

Phrased in a more mathematical way, preferential attachment models are such that new
elements are more likely to attach to elements with high degree compared to elements with
small degree. For example, suppose that new elements are born with a fixed amount of
edges to the older elements. Each edge is connected to a specific older element with a
probability which is proportional to the degree of that older element. This phenomenon
is now mostly called preferential attachment, and was first described informally by Albert
and Barabdsi [20]. See also the book [19] for a highly readable and enthusiastic personal



1.7 Notes and discussion 25

account by Barabédsi. Albert and Barabdsi have been two of the major players in the
investigation of the similarities of real networks, and their papers have proved to be very
influential. See [7, 8, 9, 20]. The notion of preferential attachment in networks has lead the
theoretical physics and the mathematics communities to study the structure of preferential
attachment models in numerous papers. For some of the references, see Chapter 8.

While the above explanation is for social networks, also in other examples some form
of preferential attachment is likely to be present. For example, in the WWW, when a new
web page is created, it is more likely to link to an already popular site, such as Google,
than to my personal web page. For the Internet, it may be profitable for new routers to
be connected to highly connected routers, since these give rise to short distances. Even in
biological networks, a more subtle form of preferential attachment exists.

In Chapter 8, we shall introduce and study preferential attachment models, and show
that preferential attachment leads to scale-free random graphs. The power-law exponent of
the degrees depends sensitively on the precise parameters of the model, such as the number
of added edges and how dominant the preferential attachment effect is, in a similar way
as the suggested power law exponent in the heuristic derivation in (1.3.6) depends on the
parameters of that model.

In Chapters 6, 7 and 8, we investigate the degrees of the proposed random graph models.
This explains the scale-free nature of the models. In Chapters ??, 7?7 and 77, we investigate
further properties of these models, focussing on the connected components and the distances
in the graphs. As observed in Section 1.1, most real networks are small worlds. As a
result, one would hope that random graph models for real networks are such that distances
between their elements are small. In Chapters 7?7, 7?7 and 7?7, we shall quantify this,
and relate graph distances to the properties of the degrees. A further property we shall
investigate is the phase transition of the largest connected component, as described in
detail for the Erd6s-Rényi random graph in Chapter 4.

1.7 Notes and discussion






CHAPTER 2
PROBABILISTIC METHODS

In this chapter, we describe basic results in probability theory that we shall rely on in these
notes. We describe convergence of random variables in Section 2.1, coupling in Section 2.2
and stochastic domination in Section 2.3. In Section 2.4 we describe bounds on random
variables, namely the Markov inequality, the Chebychev inequality and the Chernoff bound.
Particular attention will be given to binomial random variables, as they play a crucial role
throughout these notes. In Section 2.5, we describe a few results on martingales. Finally,
in Section 2.6, we describe some extreme value theory of random variables. In this chapter,
not all proofs are given.

2.1 Convergence of random variables

In the random graph with p = A/n, for some A > 0, we note that the degree of a vertex
is distributed as a BIN(n — 1,p) random variable. When n is large, and np = A is fixed,
then it is well known that a BIN(n — 1, p) is close to a Poisson random variable with mean
A. In Chapter 4, we make heavy use of this convergence result, and a version of it is stated
in Theorem 2.9 below.

In order to formalize that

BIN(n,p) =~ Poi(np), (2.1.1)

we need to introduce the notions of convergence of random variables. For this, we note
that random variables are defined to be functions on a sample space. It is well known
that there are several possible notions for convergence of functions on function spaces. In
a similar fashion, there are several notions of convergence of random variables, three of
which we state in the following definition. For more background on the convergence of
random variables, we refer the reader to [36].

Definition 2.1 (Convergence of random variables).

(a) A sequence X, of random variables converges in distribution to a limiting random
variable X when
lim P(X, <z)=P(X < z), (2.1.2)

n—o0

for every x for which F(z) =P(X < x) is continuous. We write this as X, N ¢

(b) A sequence X, of random variables converges in probability to a limiting random
variable X when, for every e > 0

lim P(|X, — X| > ¢) =0. (2.1.3)
n—o0

We write this as X, Iy x.

(c) A sequence X, of random variables converges almost surely to a limiting random
variable X when
P(lim X, =X)=1. (2.1.4)

n—00

We write this as X, —3 X.

27
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It is not hard to see that convergence in probability implies convergence in distribution.
The notion of convergence almost surely is clearly the most difficult to grasp. It turns out
that convergence almost surely implies convergence in probability, making it the strongest
version of convergence to be discussed in these notes. We shall mainly work with conver-
gence in distribution and convergence in probability.

There are also further forms of convergence that we do not discuss, such as convergence
in L' or L?. We again refer to [36], or to introductory books in probability, such as
[37, 89, 90, 94].

There are examples where convergence in distribution holds, but convergence in prob-
ability fails:

Exercise 2.1. Find an example of a sequence of random variables where convergence in
distribution occurs, but convergence in probability does not.

Exercise 2.2. Show that the sequence of random variables { Xy }n—1, where X,, takes the
value n with probability % and 0 with probability 1 — % converges both in distribution and
in probability to 0.

We next state some theorems that give convenient criterions by which we can conclude that
random variables converge in distribution. In their statement, we make use of a number
of functions of random variables that we introduce now.

Definition 2.2 (Generating functions of random variables). Let X be a random variable.
Then

(a) The characteristic function of X is the function

ox(t) =E[e"¥], teR (2.1.5)
(b) The probability generating function of X is the function

Gx(t) = E[t7], teR. (2.1.6)
(¢) The moment generating function of X is the function

Mx(t) =E[e"], teR. (2.1.7)

We note that the characteristic function exists for every random variable X, since |e"*| = 1

for every t. The moment generating function, however, does not always exist.

Exercise 2.3. Find a random variable for which the moment generating function is equal
to +oo for every t # 0.

Theorem 2.3 (Criteria for convergence in distribution). The sequence of random variables

{Xn}nl1 converges in distribution to a random variable X

(a) if and only if the characteristic functions ¢n(t) of X, converge to the characteristic
function ¢x(t) of X for allt € R.

(b) when, for some € > 0, the moment generating functions My, (t) of X, converge to
the moment generating function Mx(t) of X for all |t| < e.
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(c) when, for some e > 0, the probability generating functions Gn(t) of Xn converge to
the probability generating function Gx (t) of X for all |t| <1+ ¢ for some e > 0.

(d) when the X, are non-negative and integer-valued, and the moments E[X];] converge
to the moments E[X"]| of X for each r = 1,2, ..., provided the moments of X satisfy

lim EX7Jr™

700 T‘!

=0 VYm=0,1,... (2.1.8)

(e) when the moments E[X]] converge to the moments E[X"] of X for eachr =1,2,...,
and Mx (t), the moment generating function of X, is finite for t in some neighborhood
of the origin.

Exercise 2.4. Show that a Poisson random variable satisfies the moment condition in
(2.1.8).

Exercise 2.5. Prove that when X is a Poisson random variable with mean X, then
E[(X).]=\". (2.1.9)

Exercise 2.6. Show that the moments of a Poisson random variable X with mean \ satisfy
the recursion
E[X™] = AE[(X + 1)™]. (2.1.10)

We finally discuss a special case of convergence in distribution, namely, when we deal
with a sum of indicators, and the limit is a Poisson random variable. We write (X), =
X(X —1)---(X —r 4 1), so that E[(X),] is the 7" factorial moment of X.

For a random variable X taking values in {0,1,...,n}, the factorial moments of X
uniquely determine the probability mass function, since

P(X = k) = Z(—l)k”%’ @1.11)

r=k

see e.g. [42, Corollary 1.11]. To see (2.1.11), we write

Iixopy = <)k(> (1 - 1)X_k, (2.1.12)

using the convention that 0° = 1. Then, by Newton’s binomial, we obtain

Ty = (if) > (X’“> =31 (if) (X’“> (2.1.13)

n

where, by convention, we take that (,C

binomials, we arrive at

) = 0 when £ < 0 or £ > n. Rearranging the

Tix=r; = Z(—l)k+T%, (2.1.14)
= k!

where r = k + i, and taking expectations yields

P(X = k) = ZH)“T%: (2:1.15)

r=k
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which is (2.1.11). Similar results also hold for unbounded random variables, since the sum

n

T_Zk(—l)’“”(f[f)]i;?ll! (2.1.16)

is alternatingly smaller than P(X = k) (for n even) and larger than P(X = k) (for n odd).
This implies the following result:

Theorem 2.4 (Convergence to a Poisson random variable). A sequence of integer-valued
random variables {X,}ar1 converges in distribution to a Poisson random variable with
parameter A when, for allr =1,2,...,

lim E[(X,),] = A" (2.1.17)
n—oo
Exercise 2.7. Show that if
: E[(X)r] _
nlgr;();l e 0, (2.1.18)
then also
_ _ o _1\kt+r E[(X)?"]
P(X =k) = ;( 1) o BT (2.1.19)

and use this to conclude that when limp_ oo E[(Xn)r] = E[(X),] for all r > 1, where X,,

and X are all integer-valued non-negative random variables, then also X, <4 X.

Theorem 2.4 is particularly convenient when dealing with sums of indicators, i.e., when

Xo=> Iin, (2.1.20)

i€In
where I; ,, takes the values 0 and 1 only, as the following result shows:

Theorem 2.5 (Factorial moments of sums of indicators). When X =3
indicators, then

et I; is a sum of

E(X).)= Y E[[Ll= Y P, ==L =1), (2.1.21)
01 yeeeyip €L =1 01 yeeeyip €L

where 377 denotes a sum over distinct indices.

,,,,, i€l
Exercise 2.8. Prove (2.1.21) for r = 2.

Exercise 2.9. Compute the factorial moments of a binomial random variable with param-
eters n and p = A\/n and the ones of a Poisson random variable with mean X\, and use this
to conclude that a binomial random variable with parameters n and p = \/n converges in
distribution to a Poisson random variable with mean A.



2.1 Convergence of random variables 31

Proof of Theorem 2.5. We prove (2.1.21) by induction on r > 1 and for all probability
measures P and corresponding expectations E. For r = 1, we have that (X); = X, and
(2.1.21) follows from the fact that the expectation of a sum of random variables is the sum
of expectations. This initializes the induction hypothesis.

In order to advance the induction hypothesis, we first note that it suffices to prove the
statement for indicators I; for which P(I; = 1) > 0. Then, for r > 2, we write out

E[(X)] =Y E[L, (X —1)--- (X —r +1)]. (2.1.22)

i €T

Denote by P;, the conditional distribution given that I;; = 1, i.e., for any event E, we

have P(E (I m
_ Ny =
P (E) = —P(Iil —) . (2.1.23)
Then we can rewrite
E[l;( X -1) (X —r+1)] =P =1E;, [(X —1)--- (X —r+1)]. (2.1.24)
We define
Y=X-L,= Y I, (2.1.25)
JET\{i1}

and note that, conditionally on I;; = 1, we have that X =Y + 1. As a result, we obtain
that

E,[(X-1)(X—=r+1)]=Ey[Y - (Y =r+2)] =Ei, [(Y)r-1]. (2.1.26)
We now apply the induction hypothesis to E;, [(Y)T_l], to obtain
E,[(V)ea]= Y By(lp=-=1L=1). (2.1.27)
i2yenir €I\{i1}

As a result, we arrive at

E(X)]=Y P, =1 > PBy(l,=-=1L =1). (2.1.28)

i1 €T i9,..ir €Z\{i1}

We complete the proof by noting that

P(liy =1)Pi,(liy =--- =1, =1)=P(L;; =L, =--- =1, =1), (2.1.29)
and that . *
> > = > . (2.1.30)
i1€Z i2,eeyip €IN{i1}  B1,-ees ir€L
a

There also exist multidimensional versions of Theorems 2.4 and 2.5:

Theorem 2.6 (Convergence to independent Poisson random variables). A vector of integer-

valued random variables {(X1,n, ..., Xan)}ne1 converges in distribution to a vector of in-
dependent Poisson random variable with parameters Ai,. .., A\q when, for allri,...,rq € N,
lim E[(X1,n)r - (Xan)rg) = AT AL (2.1.31)

n—r oo
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Theorem 2.7 (Factorial moments of sums of indicators). When X =3, 7 Iix for all
l=1,...,d are sums of indicators, then
E[(Xi)r o (Xaw)rd = > o > PP =1v=1,...,d&s=1,...,r).
i iler iDL Wer,
(2.1.32)

Exercise 2.10. Prove Theorem 2.7 using Theorem 2.5.

The fact that the convergence of moments as in Theorems 2.3, 2.4 and 2.6 yields conver-
gence in distribution is sometimes called the method of moments, and is a good way of
proving convergence results.

2.2 Coupling
For any A fixed, it is well known that, when n — oo,
BIN(n, A/n) —s Poi(\). (2.2.1)

In general, convergence in probability implies convergence in distribution, so that also
convergence in distribution follows. To prove this convergence, we will use a coupling
proof. Couplings will be quite useful in what follows, so we will discuss couplings, as well
as the related topic of stochastic orderings, in detail. An excellent treatment of coupling
theory is given in [172], to which we refer for more details.

In general, two random variables X and Y are coupled when they are defined on the
same probability space. This means that there is one probability law P such that P(X €
E|Y € F) are defined for all events FE and F. This is formalized in the following definition,
where it is also generalized to more than one random variable:

Definition 2.8 (Coupling of random variables). The random variables (X1, ..., X,) are
a coupling of the random variables X1, ..., X, when (X1,...,X,) are defined on the same

probability space, and are such that the marginal distribution of X, is the same as the
distribution of X; for alli=1,...,n, i.e., for all measurable subsets E of R, we have

P(X; € E) =P(X, € E). (2.2.2)

The key point of Definition 2.8 is that while the random variables X1, ..., X,, may be de-

fined on different probability spaces, the coupled random variables (X' 1,...,Xn) are defined

on the same probability space. The coupled random variables (X 1,...,Xn) are related to
the original random variables Xi,..., X, by the fact that the marginal distributions of

(Xl, ..., X») are equal to the random variables X1, ..., X,. Note that one coupling arises
by taking (Xl, .. ,Xn) to be independent, with X} having the same distribution as X;.
However, in our proofs, we shall often make use of more elaborate couplings, which give
rise to stronger results.

Couplings are very useful to prove that random variables are somehow related. We
now describe a general coupling between two random variables which makes two random
variables be with high probability equal. We let X and Y be two random variables with

P(X =) = pa, P(Y =y) = qy, reX,yely (2.2.3)
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where {pz}zcx and {qy }yey are any two probability mass functions on two subsets X and
Y of the same space. Then, we define the random vector (X,Y") by

P(X =Y =z) = min{ps, ¢z}, (2.2.4)

PR =z, =y)= Pz= min{pfgm}‘;,(%_; Tlin{py, wh) oy, (2.2.5)

First of all, this is a probability distribution, since

S (e~ min{pe, a:}) = 30— mingpe, a2} = 3 3 po — gl (2.2.6)

x x

Exercise 2.11 (Coupling and total variation distance). Prove (2.2.6).

The distance between discrete probability distributions {ps }zcx and {¢z }ecx in (2.2.6) is
called the total variation distance between the discrete probability mass functions {pg }zex
and {¢z }zcx. In general, for two probability measures u and v, the total variation distance
is given by

iy () = max |u(A) — v(A)], (22.7)

where pu(A) and v(A) are the probabilities of the event A under the measures p and v.
When p and v are the distribution functions corresponding to two discrete probability
mass functions p = {pz}zecx and ¢ = {gz}zcx, so that, for every measurable A with

A C X, we have
u(A) = pr, v(A) = Z qz, (2.2.8)

TEA €A
then it is not hard to see that

1
drv(p,q) = 5 D Ipe — gz, (2.2.9)

When F' and G are the distribution functions corresponding to two continuous densities
f={f(@)}zer and g = {g(x) }zer, so that for every measurable A C R,

;L(A):/Af(m)dx, v(A) :/Ag(as)dav7 (2.2.10)

then we obtain )

drv(f,9) =5 /:x} |f(z) — g(a)|da. (2.2.11)

Exercise 2.12 (Total variation and L'-distances). Prove (2.2.9) and (2.2.11).

We now continue investigating the coupling in (2.2.4) for two discrete random variables.
By construction,

P(X=2)=p., P =y)=gq, (2.2.12)
so that X and ¥ have the right marginal distributions as required in Definition 2.8. More-
over, we have that, by (2.2.6),

PE£T)= Y (pa — min{pfgz}‘;(qy_ ; Tlin{py, a})

1
3 > Ipe — | = drv(p, q). (2.2.13)
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It turns out that this is an optimal or maximal coupling. See [172] for details. Indeed,
we have that for all x,

P(X =Y =2) <P(X =2) =P(X ==z) = p,, (2.2.14)

and also . . .
PX=Y=z)<PY =2)=PY =2) = ¢, (2.2.15)

so that for any coupling we must have that
P(X =V = 2) < min{pa, 0. }. (2.2.16)

Therefore, any coupling must be such that
PX=Y)=) PX=Y=x)<) min{ps, ¢} (2.2.17)
As a result, we have that, for any coupling,
S ) 1
P(X#V)21-) min{pe, g} = 5 ) lpe — e, (2:2.18)

The coupling in (2.2.4) attains this equality, which makes it the best coupling possible, in

the sense that it maximizes P(X =Y).

In these notes, we will often work with binomial random variables which we wish to
compare to Poisson random variables. We will make use of the following theorem, which
will be proved using a coupling argument:

Theorem 2.9 (Poisson limit for binomial random variables). let {I;};=1 be independent
with Iy ~ BE(p;), and let X\ ="  pi. Let X =3 | I; and let Y be a Poisson random

variable with parameter . Then, there exists a coupling (X, Y) of (X,Y) such that
P(X #Y) <> pi. (2.2.19)
i=1

Consequently, for every A > 0 and n € N, there exists a coupling (X,f/), where X ~
BIN(n,A\/n) and Y ~ Poi()\) such that

(2.2.20)

Exercise 2.13. Let X ~ BIN(n,A\/n) and Y ~ Poi(\). Write f; = P(X = i) and
gi = P(Y =14). Prove that Theorem 2.9 implies that drv(f,g) < A\*/n. Conclude also that,
for every i € N,

IP(X =) —P(Y =14)| < A*/n. (2.2.21)

Proof of Theorem 2.9. Throughout the proof, we let I; ~ BE(p;) and assume that {I; }i—;
are independent, and we let J; ~ Poi(p;) and assume that {J;}i-, are independent. In the
proof, we write

Piz =P = x) = pillz—1y + (1 — pi) Lgg—oy, Gie =P(Ji =x) = 67“% (2.2.22)
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for the Bernoulli and Poisson probability mass functions.
For each pair I;, J;, the maximal coupling (I;, J;) described above satisfies

1—p; forz=0,
P(ly=J;=2) = min{prz,q1,a} = pie P’ forz=1, (2.2.23)
0 for x > 2,

where we have used the inequality 1 —p; < e™?¢ for x = 0. Thus, now using that 1 —e 7 <
Di,

P(li #J)=1-P(; =Ji) =1— (1 —p;) —pie " =p;(1 —e ") < pj. (2.2.24)

Next, let X = > I and Y = > J;. Then, X has the same distribution as X =

S I;, and Y has the same distribution as Y = 327 J; ~ Poi(p1 + --- + p,). Finally,
by Boole’s inequality and (2.2.24),

P(X £Y) < P( U{fz e j@}) < ZP(L # Ji) < ZP? (2.2.25)
i=1 i=1 i=1
This completes the proof of Theorem 2.9. O

For p = {ps} and ¢ = {qz}, the total variation distance drv(p,q) is obviously larger
than 1|p. — ga|, so that convergence in total variation distance of p(n) = {pz(n)} to a
probability mass function p = {p,} implies pointwise convergence of the probability mass
functions lim,— o pz(n) = pe for every z. Interestingly, it turns out that these notions are
equivalent:

Exercise 2.14. Show that if limp— 0 px(n) = ps for every x, and p = {p=} is a probability

mass function, then also limp— oo drv(p(n),p) = 0.

2.3 Stochastic ordering

To compare random variables, we will rely on the notion of stochastic ordering, which
is defined as follows:

Definition 2.10 (Stochastic domination). Let X and Y be two random variables, not
necessarily living on the same probability space. The random variable X is stochastically
smaller than the random variable Y when, for every x € R, the inequality

P(X <z)>P(Y < ) (2.3.1)

holds. We denote this by X <Y.

A nice coupling reformulation of stochastic ordering is presented in the following lemma:

Lemma 2.11 (Coupling definition of stochastic domination). The random variable X is
st?c@astically smaller than the random wvariable Y if and only if there exists a coupling
(X,Y) of X,Y such that

P(X <Y)=1. (2.3.2)
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Proof. When P(X <Y) =1, then

P(Y<x> P(Y <z)=P(X <Y <x)
P(X <z)=P(X < ), (2.3.3)

so that X is stochastically smaller than Y.
For the other direction, suppose that X is stochastically smaller than Y. We define the
generalized inverse of a distribution function F' by

F~'(u) = inf{z € R: F(z) > u}, (2.3.4)

where u € [0,1]. If U is a uniform random variable on [0, 1], then it is well-known that the
random variable F~!(U) has distribution function F. This follows since the function F~*
is such that

F ') >z precisely when u> F(x). (2.3.5)

Denote by Fx and Fy the marginal distribution functions of X and Y. Then (2.3.1) is
equivalent to

Fx(z) > Py () (2.3.6)

for all z. Tt follows that, for all u € [0, 1],

Fi'(u) < Fy'(u). (2.3.7)

Therefore, since X = Fx'(U) and Y = Fy '(U) have the same marginal distributions as
X and Y, respectively, it follows that

P(X <Y)=PFx'(U) < Fy ' (U)) =1. (2.3.8)

O

There are many examples of pairs of random variables which are stochastically ordered,
and we will now describe a few.

Binomial random variables. A simple example of random variables which are stochas-
tically ordered is as follows. Let m,n € N be integers such that m < n. Let X ~ BIN(m,p)

and Y ~ BIN(n,p). Then, we claim that X < Y. To see this, let X = > I and
Y = >0 Ii, where {I;}§2, is an i.i.d. sequence of Bernoulli random variables, i.e.,

P(Ii=1)=1-P(I; =0) = p, i=1,...,n, (2.3.9)
and I, I, ..., I, are mutually independent. Then, since I; > 0 for each i, we have that
P(X <Y)= (2.3.10)

Therefore, X <Y.

The stochastic domination above also holds when X = BIN(n—Z,p) and Y = BIN(n, p),
when Z is any random variable that takes non-negative integer values. This domination
result will prove to be useful in the investigation of the Erdés-Rényi random graph.
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Poisson random variables. Another example of random variables which are stochas-
tically ordered is as follows. Let A, € R be such that A < pu. Let X ~ Poi(\) and
Y ~ Poi(y). Then, X < Y. To see this, let X ~ Poi()\),Z ~ Poi(y — \), where X and Z
are independent, and let Y=X+2. Then, Y ~ Poi(u). Moreover, since Z > 0 for each
i, we have that

“<>

P(X <Y)=1. (2.3.11)

Therefore, X <Y.

Exercise 2.15. Let X and Y be normal distributions with equal variances o2 and means
px <py. Is X 2Y?

Exercise 2.16. Let X and Y be normal distributions with variances 0% < o2 and equal
means p. Is X XY ?

2.3.1 Consequences of stochastic domination

In this section, we discuss a number of consequences of stochastic domination, such as
the fact that the means of a stochastically ordered pair of random variables is ordered as
well.

Theorem 2.12 (Ordering of means for stochastically ordered random variables). Suppose
X RY. Then
E[X] < E[Y]. (2.3.12)

Proof. We apply Lemma 2.11. Let X and Y have the same law as X and Y, and be such
that X <Y with probability 1. Then

E[X] = E[X] < E[Y] = E[Y]. (2.3.13)
=

Theorem 2.13 (Preservation of ordering under monotone functions). Suppose X <Y,
and g: R — R is non-decreasing. Then g(X) < g(Y).

Proof. Let X and Y have the same laws as X and Y and be such that X < YV (see

Lemma 2.11). Then, g(X) and ¢g(Y') have the same distributions as g(X) and ¢(Y), and

g(X) < ¢g(Y) with probability one, by the fact that g is non-decreasing. Therefore, by
Lemma 2.11, the claim follows. O

2.4 Probabilistic bounds

We will often make use of a number of probabilistic bounds, which we will summarise
and prove in this section.

Theorem 2.14 (Markov inequality). Let X be a non-negative random variable with E[X] <

oo. Then,
E

X]

P(X >a) <
(Xza) <=

(2.4.1)
In particular, when X is integer valued with E[X] < m, then

P(X =0)>1—m. (2.4.2)
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By (2.4.2), if the integer random variable has a small mean, then it must be equal to
0 with high probability. This is called the first moment method, and is a powerful tool to
prove results.

Proof. Equation (2.4.1) follows by
aP(X > a) < E[XT{x>q) < E[X]. (2.4.3)

Theorem 2.15 (Chebychev inequality). Assume that X is integer valued with Var(X) =

o2. Then,
2

]P’(|X ~ E[x]| > a) <% (2.4.4)

In particular, when X is integer valued with E[X] > m and Var(X) = o2, then

(2.4.5)

5;\ Q,

P(X =0) <

By (2.4.5), if the integer random variable has a large mean, and a variance which is
small compared to the square of the mean, then it must be positive with high probability.
This is called the second moment method.

Proof. For (2.4.4), we note that
P(]X —E[x]| > a) = P((X —E[X])? > ag), (2.4.6)

and apply the Markov inequality. For (2.4.5), we note that
2
<72

P(X =0) <P(X - B[x] > Blx)) < Tl) < 7

< EXP (2.4.7)

O

We will often rely on bounds on the probability that a sum of independent random variables
is larger than its expectation. For such probabilities, large deviation theory gives good
bounds. We will describe these bounds here. For more background on large deviations, we
refer the reader to [72, 101, 155].

Theorem 2.16 (Cramér’s upper bound, Chernoff bound). Let {X;}i2, be a sequence of
i.i.d. random variables. Then, for all a > E[X1],

]P’(ZXi > na) < e @) (2.4.8)
i=1
while, for all a < E[X4],
P(in < na) <e @), (2.4.9)
i=1
where, for a > E[X1],
I(a) = sup (ta —log E[etxl]), (2.4.10)
>0
while, for a < E[X1],
I(a) = sup (m ~log E[e“‘l]). (2.4.11)

t<0
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Note that the function t — ta — logE[e**!] is concave, and the derivative in 0 is a —
E[X1] > 0 for a > E[X1]. Therefore, for a > E[X1], the supremum of ¢ — (ta —log E[e'*1])
will be attained for a ¢ > 0 when E[etxl} exists in a neighborhood of ¢ = 0. As a result,
(2.4.10)—(2.4.11) can be combined as

I(a) = Sl:p (ta —log E[etxl]). (2.4.12)

Proof. We only prove (2.4.8), the proof of (2.4.9) is identical when we replace X; by —X;.
We rewrite, for every t > 0,

P(ZX,- > na) - P(etﬂ?l Xi > et”“) < e"MeR [e@f;l X} (2.4.13)
i=1

where we have used Markov’s inequality in Theorem 2.14. Since {X;};2; is a sequence of
i.i.d. random variables, we have

}E[efZ?:l X] = B[], (2.4.14)
so that, for every t > 0,
P(Y x> na) < (e*mE[e”ﬁ})”. (2.4.15)
=1

Minimizing the right-hand side over ¢ > 0 gives that

P(ZXZ 2 na) S e*"S“Ptzo (taflog]E[etXI]) ) (2416)

i=1

This proves (2.4.8). O

Exercise 2.17. Compute I(a) for {X;}i2, being independent Poisson random variables
with mean A. Show that, for a > A,

]P’(ZXZ- > na) < e (2.4.17)
i=1
where Ix(a) = a(log (a/X\) — 1) + . Show also that, for a < A
P(in < na) < e @), (2.4.18)
i=1

Prove that Ix(a) > 0 for all a # A.

2.4.1 Bounds on binomial random variables

In this section, we investigate the tails of the binomial distribution. We start by a
corollary of Theorem 2.16:
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Corollary 2.17 (Large deviations for binomial distribution). Let X, be a binomial random
variable with parameters p and n. Then, for all a € (p, 1],

]P’(Xn > na) < einI(a), (2.4.19)
where 1
a —a
I(a) = alog (5) +(1-a) log(l_p). (2.4.20)
Moreover,
I(a) > I,(a) (2.4.21)
where
In(a) = A —a—alog (N a) (2.4.22)

is the rate function of a Poisson random variable with mean \.

We can recognize (2.4.22) as the rate function of a Poisson random variable with mean
A (recall Exercise 2.17). Thus, Corollary 2.17 suggests that the upper tail of a binomial
random variable is thinner than the one of a Poisson random variable.

Proof. We start by proving (2.4.19), using (2.4.8). We note that, by (2.4.10), we obtain a
bound with I(a) instead of I,, where, with X; ~ BE(p),

I(a) = sup (ta—log]E[etXl]) = sup (ta—log (pet-i-(l—p))) =alog (%)—i—(l—a) log (1 — ;)

>0 —
(2.4.23)
We note that, for ¢ > 0,
pet +(1—p)=1+ple' —1) < el D, (2.4.24)
so that
I(a) > sup (ta — ple’ — 1)) =p—a—alog(p/a) = I(a). (2.4.25)
t
O

We continue to study tails of the binomial distribution, following [109]. The main bound
is the following:

Theorem 2.18. Let X; ~ BE(p;),
random variables, and write X =

it =1,2,...,n, be independent Bernoulli distributed
X and X\=E[X] =>""_ | pi. Then

P(X > E[X] + ) < exp (-ﬁ) : t>0; (2.4.26)
P(X < E[X] - t) < exp (f%) , >0, (2.4.27)

Further similar bounds under the same conditions and, even more generally, for indepen-
dent random variables X; such that 0 < X; < 1, are given, for example, in [27, 98] and
[13, Appendix A].

Exercise 2.18. Prove that Theorem 2.18 also holds for the Poisson distribution by a
suitable limiting argument.
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Proof. Let Y ~ BIN(n, A\/n) where we recall that A = 3" | p;. Since z — log x is concave,
we have that for every zi,...,x, € R,

i % log(z;) < log (% ixl) (2.4.28)

=1 i=1
As a result, for every real u, upon taking the logarithm,

n
Ble"™] = T (1 + (" = 1)p) = " Bz 7 s =00 (2.4.29)

=1

< los(H(e®=DA/n) (1 + (" — 1)>\/n)n =E[e""].
Then we compute that, for all © > 0, by the Markov inequality,

IP(X > E[X] + t) < efu(]E[X]th)E[euX] < efu(]E[X]th)E[euY} _ 67u(>\+t)(1 _p_"_peu)n7
(2.4.30)

where p = A\/n and using that E[X] = A.

When ¢t > n — A, the left-hand side of (2.4.30) equals 0, and there is nothing to prove.
For A +t < n, the right-hand side of (2.4.30) attains its minimum for the u satisfying
e =A+t)(1—-p)/(n—A—1t)p. This yields, for 0 <t <n — A,

)\ A+t _ )\ n—A—t
P(X > A+1) < </\—+t) (#) . (2.4.31)

The bound is implicit in [57] and is often called the Chernoff bound, appearing for the first
time explicitly in [153].
For 0 <t <n— X, we can rewrite (2.4.31) as

P(X > A+1) <exp <—)\<p G) —(n=Ap (n__t/\>> , (2.4.32)

where p(z) = (1 4+ z)log(1+ z) —z for > —1 (and ¢p(z) = oo for z < —1). Replacing X
by n — X, we also obtain, again for 0 <t < n — J,

P(X < A—1) < exp (—)\cp G) (=N (n L A)) , (2.4.33)

Since ¢(z) > 0 for every z we can ignore the second term in the exponent. Furthermore,
©(0) = 0 and ¢'(z) = log(1 + z) < =, so that ¢(z) > x?/2 for 2 € [—1,0], which proves
(2.4.27). Similarly, ¢(0) = ¢'(0) = 0 and, for = € [0, 1],

w1 1 B z? "
Ll i (e E R (2(1 +x/3)> ’ (24.34)
so that ¢(x) > x?/(2(1 4 x/3)), which proves (2.4.26). O

2.5 Martingales

In this section, we state and prove some results concerning martingales. These results
will be used in the remainder of the text. For more details on martingales, we refer the
reader to [94, 178].

We assume some familiarity with conditional expectations. For the readers who are
unfamiliar with filtrations and conditional expectations given a o-algebra, we start by
giving the simplest case of a martingale:
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Definition 2.19 (Martingale). A stochastic process { My }n—qg is a martingale process if
E[|Mn|] < o0 for allm >0, (2.5.1)

and
E[Mn+1|Mo, Ml, ey Mn] = Mn fO’I‘ alln 2 0. (252)

As can be seen from (2.5.2), a martingale can be interpreted as a fair game. Indeed, when

M,, denotes the profit after the n'" game has been played, then (2.5.2) tells us that the
expected profit at time n 4+ 1 given the profits up to time n is equal to the profit at time n.

Exercise 2.19. Show that when {My}5o is a martingale process, then p = E[My,] is
independent of n.

We now give a second definition, which we will need in Chapter 8, where a martingale
is defined with respect to a more general filtration.

Definition 2.20 (Martingale definition general). A stochastic process { My }org is a mar-
tingale process with respect to {Xn}nzo if

E[|M,]] < oo for alln >0, (2.5.3)
M, is measurable with respect to the o-algebra generated by (Xo,...,Xn), and

E[Mn+1|Xo, ..., Xn] = M, for alln > 0. (2.5.4)

For X, = M, the definitions in (2.5.2) and (2.5.4) coincide.

Exercise 2.20. Let {X;}52, be an independent sequence of random variables with E[| X;|] <
oo and E[X;] = 1. Show that, for n >0,

M, =[x (2.5.5)

is a martingale.

Exercise 2.21. Let {X;}{2, be an independent sequence of random variables with E[| X;|] <
oo and E[X;] = 0. Show that, for n >0,

M, = iXi (2.5.6)
1=0

is a martingale.

Exercise 2.22. Let M, = E[Y|Xo,...,Xn] for some random variables {X;}2y and Y
with E[|Y]] < 0o and {Xn}azo. Show that {My,}nZo is a martingale process with respect
to {Xn}neo- {Mn}nlg is called a Doob martingale.

In the following two sections, we state and prove two key results for martingales, the
martingale convergence theorem and the Azuma-Hoeffding inequality. These results are
a sign of the power of martingales. Martingale techniques play a central role in modern
probability theory, partly due to these results.
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2.5.1 Martingale convergence theorem
We start with the martingale convergence theorem:

Theorem 2.21 (Martingale convergence theorem). Let {M,}n>o be a martingale process
with respect to {Xn}neo satisfying

E[|Mn|] < B for alln > 0. (2.5.7)

Then, M, X5 M.., for some limiting random variable M., which is finite with probability
1.

The martingale convergence theorem comes in various forms. There also is an L*-
version, for which it is assumed that E[M?] < M uniformly for all n > 1. In this case,
one also obtains the convergence limy, oo E[M2] = E[M2]. Theorem 2.21 is an adaptation
of the L'-martingale convergence theorem, for which one only needs that {Mn}5lo is a
submartingale, i.e., when we assume (2.5.7), but (2.5.4) is replaced with

E[M 1| Xo, ..., Xn] > M, for all n > 0. (2.5.8)

See e.g., [94, Section 12.3].

Exercise 2.23. Prove that when the martingale { My, }5q is non-negative, i.e., when M, >

0 with probability 1 for all n > 1, then M, <25 M., to some limiting random variable M
which is finite with probability 1.

Exercise 2.24. Let {X;}72, be an independent sequence of random variables with E[X;] =
1 and for which X; > 0 with probability 1. Show that the martingale
M, =[x (2.5.9)

converges in probability to a random variable which is finite with probability 1. Hint: Prove
that E[|M,,|] = E[M,] = 1, and apply Exercise 2.23.

Exercise 2.25. Fori=1,...,m, let {M{'}22 be a sequence of martingales with respect
to {Xn}nzo. Show that
M, = m”égc M (2.5.10)
i—

is a submartingale with respect to { X, }aro.

Proof of Theorem 2.21. We shall prove Theorem 2.21 in the case where M, is a submartin-
gale.

We follow the proof of the martingale convergence theorem in [94, Section 12.3]. The
key step in this classical probabilistic proof is ‘Snell’s up-crossings inequality’. Suppose
that {m, : n > 0} is a real sequence, and [a,b] is a real interval. An up-crossing of [a, b]
is defined to be a crossing by m of [a,b] in the upwards direction. More precisely, let
T = min{n : m, < a}, the first time m hits the interval (—oo,a], and 7> = min{n >
T\ : my, > b}, the first subsequent time when m hits [b, c0); we call the interval [T, T3] an
up-crossing of [a,b]. In addition, for k > 1, define the stopping times T, by

Tok—1 = min{n > Tok_2 : mn < a}, Tor = min{n > Tok—1 : my > b}, (2.5.11)

so that the number of up-crossings of [a, b] is equal to the number of intervals [Tog—1, Tok]
for k > 1. Let Up(a,b;m) be the number of up-crossings of [a,b] by the subsequence
mo, mi,...,Mn, and let U(a,b;m) = limp—oo Un(a,b;m) be the total number of up-
crossings of m.
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Figure 2.1: Up-crossings

Let { M, }52o be a submartingale, and let Uy (a, b; M) be the number of up-crossings of
[a,b] by M up to time n. Then the up-crossing inequality gives a bound on the expected
number of up-crossings of an interval [a, b]:

Proposition 2.22 (Up-crossing inequality). If a < b then

E[Un(a, b ) < S0 = 0)7]

b—a ’
where (M, — a)* = max{0, M,, — a}.
Proof. Setting Z,, = (M,, —a)*, we have that Z, is a non-negative submartingale because
E[|My|] < E[|Mn|] + |a| < co. Furthermore, for every random variable X and a € R,

E[(X —a)+] > E[X — a]+, (2.5.12)
so that

Zn < (E[Muir|Xo, ..., Xa] =) | SE[(Mais = )] X, Xo] = ElZuna | Xo, ..., X,
where we first used the submartingale property E[M;,1|Xo,

(2.5.13)

..y Xn] > M, followed by

(2.5.12). Up-crossings of [a,b] by M correspond to up-crossings of [0,b — a] by Z, so that
Un(a,b; M) =U,(0,b —a; Z).
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Let [Tog—1,Tox], for k > 1, be the up-crossings of Z of [0,b— a], and define the indicator
functions
7= { 1 if i € (Tok—1,T2x] for some k,

0 otherwise (2.5.14)

Note that the event {I; = 1} depends on Mo, M1, ..., M;_1 only. Since Mo, M1,...,M;—1
are measurable with respect to the the o-algebra generated by (Xo,...,X;-1), also I; is
measurable with respect to the o-algebra generated by (Xo,...,X;—1). Now

(b — a)Un(O, b— a; Z) S zn:(Zl — Zz‘fl)lz‘ (2.5.15)

i=1

since each up-crossing of [0,b — a] by Z contributes an amount of at least b — a to the
summation. The expectation of the summands on the right-hand side of (2.5.15) is equal
to

E[(Z; — Zi_1)I;] =E [E[(Zi — Zi-)L| Xo, ..., Xi_l]] — E[L(E[Zi| Xo, ..., Xi1] — Zi1)]
<E[E[Z:|Xo,. .., Xi1] — Zi1) = E[Z] — E[Zi_1],

where we use that I; is measurable with respect to the o-algebra generated by (Xo, ..., Xi—1)
for the second equality, and we use that Z is a submartingale and 0 < I; < 1 to obtain the
inequality. Summing over 7 and take expectations on both sides of (2.5.15), we obtain

(b — a)E[Un(0,b — a; 2)] < E[Z,] — E[Z0] < E[Z,], (2.5.16)
which completes the proof of Proposition 2.22. O

Now we have the tools to give the proof of Theorem 2.21:

Proof of Theorem 2.21. Suppose {M,}sZ, is a submartingale and E[|M,,|] < B for all n.
Let A be defined as follows

A ={w : My (w) does not converge to a limit in [—oo, c0]}.

The claim that M, converges is proved if we show that P(A) = 0. The set A has an
equivalent definition

A = {w: liminf M, (w) < limsup My (w)}
= U {w : liminf M, (w) < a < b < limsup M, (w)}
a,beQ:a<b
= U A
a,beQ:a<b

However,
Aap CH{w : U(a,b; M) = oo},
so that, by Proposition 2.22, P(A,) = 0. Since A is a countable union of sets Agp, it
follows that P(A) = 0. This concludes the first part of the proof that M, converges almost
surely to a limit M.
To show that the limit is bounded, we use Fatou’s lemma (see Theorem A.13 in the
appendix) to conclude

E[| M. || = Eflim inf [ M,|] < liminf E[|M,] < sup E[|M,]] < oo,

so that, by Markov’s inequality (recall Theorem 2.14),
P(Ms < 00) =1.
This completes the proof of Theorem 2.21. O
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2.5.2 Azuma-Hoeffding inequality

We continue with the Azuma-Hoeffding inequality, which provides exponential bounds
for the tails of a special class of martingales:

Theorem 2.23 (Azuma-Hoeflding inequality). Let {My}5>o be a martingale process with
the property that, with probability 1, there exists K, > 0 such that

|My, — Mp—1| < Kp for alln >0, (2.5.17)

where, by convention, we define M_, = pn = E[M,] (recall also Ezercise 2.19). Then, for

every a > 0,
2

a

Theorem 2.23 is very powerful, as it provides tails on the distribution of M,. In many
cases, the bounds are close to optimal. The particular strength of Theorem 2.23 is that
the bound is valid for alln > 1.

Proof. For 1 > 0, the function g(d) = e¥? is convex, so that, for all d with |d| < 1,
1

evd < 51— d)e ™ + %(1 +d)e?. (2.5.19)
Applying this with d = D to a random variable D having mean 0 and satisfying P(|D| <
1) = 1, we obtain

1 _ 1 1, _
E[e??] < E[5(1 - D)e Yy S+ D)e¥] = 5 e Yge?). (2.5.20)
We can use that (2n)! > 2"n! for all n > 0 to obtain that
1 _ vy ,(/}277, 1/}211 _ 1,/;2/2
S (e +e") = > 2 <> g =¢ % (2.5.21)
n>0 n>0
By Markov’s inequality in Theorem 2.14, for any 6 > 0,
P(My, — p > z) = P("Mn 1) > %) < e 07 g[!Mn—r)], (2.5.22)

Writing D,, = M,, — M,,_1, we obtain

E[ee(Mn*M)] _ E[60(1\47L717l")60D7L]‘
Conditioning on Xo, ..., X,—1 yields

1
E[e?Mn=m) | Xo, ..., Xn_1] = "Mn-1=WE[Pn | Xo, . X ] < e Pn-1mm) exp(5 0>°K?),
(2.5.23)
where (2.5.20) and (2.5.21) are applied to the random variable D, /K, which satisfies

E[Dn|Xo, ..., Xn-1] = E[My|Xo,..., Xn-1]—E[Mn_1|Xo,..., Xn-1] = Mp_1—Mp_1 =0.
(2.5.24)
Taking expectations on both sides of (2.5.23) and iterate to find

1 1 _
E[69<M"7‘M)] < E[69<M"717H>] exp(i HQKZ) < exp (2 62 ZK?) . (2.5.25)
i—0
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Therefore, by (2.5.22), for all 6 > 0,
12" o2
P(M, — p>z) <exp <n9x + 5 0 E_O Ki> . (2.5.26)

The exponential is minimized, with respect to 8, by setting 6 = /> " K?2. Hence,

.’L‘Q

Using that also —M,, is a martingale, we obtain by symmetry that

2
P(M, — p < —z) < exp G%) . (2.5.28)
1=0 Kz

Adding the two bounds completes the proof. O

Exercise 2.26. Show that Theorem 2.23 implies that for X ~ BIN(n,p) with p <1/2

P(|X —np| > a) < Zexp{ - %(1&77]@2} (2.5.29)

Exercise 2.27. Let {X;}{2q be an independent identically distributed sequence of random
variables with E[X;] =0 and |X;| < 1, and define the martingale { My }n=o by

M, = 30X, (25.30)
=0
Show that )
P(|M,| > a) < 2exp ( - ;—n) (2.5.31)

Take a = x+/n, and prove by using the central limit theorem that P(|M,| > a) converges.
Compare the limit to the bound in (2.5.31).

2.6 Order statistics and extreme value theory

In this section, we study the largest values of a sequence of i.i.d. random variables. For
more background on order statistics, we refer the reader to [80]. We will be particularly
interested in the case where the random variables in question have heavy tails. We let
{Xi}i=, be an i.i.d. sequence, and introduce the order statistics of {X;}i—, by

Xay <X < < X, (2.6.1)

so that Xy = min{X1,..., X}, X2 is the second smallest of {X;}i-;, etc. In the
notation in (2.6.1), we ignore the fact that the distribution of X ;) depends on n. Sometimes
the notation X(1.n) < Xy < -++ < X(nin) is used instead to make the dependence on n
explicit. In this section, we shall mainly investigate X (., i.e., the maximum of X1,..., X,.
We note that the results immediately translate to X, by changing to —Xj.

We denote the distribution function of the random variables {X;}i; by

Fx(z) =P(X; < z). (2.6.2)
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Before stating the results, we introduce a number of special distributions. We say that
the random variable Y has a Fréchet distribution if there exists an o > 0 such that

0, y<0,

exp{—y "} y>0. (2.6:3)

P(Yﬁy)—{

We say that the random variable Y has a Weibull distribution if there exists an a > 0 such
that

P(Y <y) = {iXP{_(_y)a}’ z i gf (2.6.4)

We say that the random variable Y has a Gumbel distribution if

P(Y <y) =exp{—exp{-y}}, ye€ER (2.6.5)

One of the fundamental results in extreme value theory is the following characterization
of possible limit distributions of X(,,:

Theorem 2.24 (Fisher-Tippett theorem, limit laws for maxima). Let {X,}neo be a se-
quence of i.i.d. random variables. If there exists norming constants ¢, > 0 and d, € R and
some non-degenerate distribution function H such that

X —
T o iy, (2.6.6)

where Y has distribution function H, then H is the distribution function of a Fréchet,
Weibull or Gumbel distribution.

A fundamental role in extreme value statistics is played by approximate solutions w, of
[1 — Fx(un)] = 1/n. More precisely, we define u, by

up, = inf{u:1— Fx(u) > 1/n}. (2.6.7)

We shall often deal with random variables which have a power-law distribution. For such
random variables, the following theorem identifies the Fréchet distribution as the only
possible extreme value limit:

Theorem 2.25 (Maxima of heavy-tailed random variables). Let {X,}nZo be a sequence
of i.i.d. unbounded random variables satisfying

1 — Fx(z) = 2" "Lx(z), (2.6.8)
where © — Lx(z) is a slowly varying function, and where 7 > 1. Then

X n
Sy, (2.6.9)

Un
where Y has a Fréchet distribution with parameter o =T — 1 and u, is defined in (2.6.7).

Exercise 2.28. Show that when (2.6.8) holds, then u, is regularly varying with exponent
1

T—1"

For completeness, we also state two theorems identifying when the Weibull distribution
or Gumbel distribution occur as the limiting distribution in extreme value theory:
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Theorem 2.26 (Maxima of bounded random variables). Let {X,}2o be a sequence of
i.7.d. random variables satisfying that Fx(xx) =1 for some xx € R and

1— Fx(xx —a ') =2 *Lx(x), (2.6.10)
where © — Lx(z) is a slowly varying function, and where o > 1. Then

w 4y, (2.6.11)

where Y has a Weibull distribution with parameter o, and d,, = xx —u, where u,, is defined
in (2.6.7).

Theorem 2.27 (Maxima of random variables with thin tails). Let {X,}n—o be a sequence
of i.i.d. bounded random variables satisfying that F(xr) =1 for some xr € [0,00], and

L-Fattal) _ g (2612)

li

where x — a(x) is given by

a(x) = /;F 11:75((2&. (2.6.13)

Then
w Ly, (2.6.14)

where Y has a Gumbel distribution, and dn = a(un) where uy is defined in (2.6.7).

We next assume that the random variables { X; }i=, have infinite mean. It is well known
that the order statistics of the random variables, as well as their sum, are governed by u,,
in the case that 7 € (1,2). The following theorem shows this in detail. In the theorem
below, F1, Ea, ... is an i.i.d. sequence of exponential random variables with unit mean and
I'y =E1+ E>+...+ Ej, so that I'; has a Gamma distribution with parameters j and 1.

It is well known that when the distribution function F of {X;}i-, satisfies (2.6.8), then
>, X has size approximately pt/ =1, just as holds for the maximum, and the rescaled
sum n~ /(=D >, X converges to a stable distribution. The next result generalizes this
statement to convergence of the sum together with the first order statistics:

Theorem 2.28 (Convergence in distribution of order statistics and sum). {X,}nzo be a
sequence of i.i.d. random variables satisfying (2.6.8) for some T € (1,2). Then, for any
keN,

)
Un Un

(ﬁ {M};) s ({6321, asn - o0, (2.6.15)

where (n,{&:}521) is a random vector which can be represented by
n=Y T =, (2.6.16)
Jj=1

and where u, is slowly varying with exponent 1/(17 — 1) (recall Exercise 2.28). Moreover,

kYD B 1 as bk — oo (2.6.17)
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Proof. Because T — 1 € (0, 1), the proof is a direct consequence of [129, Theorem 1’], and
the continuous mapping theorem [36, Theorem 5.1], which together yield that on R x R*,
equipped with the product topology, we have

(s#,2) % (5%, 2), (2.6.18)

where S# = uy' Lo, Z™ = ug'(Dinnys - -, D1y, 0,0,..), and Z; = T; V070 5 > 1
Finally, (2.6.17) follows because by the weak law of large numbers,

Fki 1, (2.6.19)

and & =T, /7Y, O

Interestingly, much can be said about the random probability distribution P; = &;/n,
which is called the Poisson-Dirichlet distribution (see e.g., [158]). For example, [158, Eqn.
(10)] proves that for any f: [0,1] - R, and with « =7 —1 € (0, 1),

E[Zf(Pi)] = m/o Fw)u > 1 —w)* ' du. (2.6.20)

2.7 Notes and discussion

Notes on Section 2.1. For a through discussion on convergence issues of integer random
variables including Theorems 2.4-2.6 and much more, see [42, Section 1.4].

Notes on Section 2.4. Theorem 2.16 has a long history. See e.g., [72, Theorem 2.2.3]
for a more precise version of Cramér’s Theorem, which states that (2.4.8)—(2.4.9) are sharp,
in the sense that —< logP(L 3" | X; < a) converges to I(a). See [155, Theorem 1.1] for
a version of Cramér’s Theorem that includes also the Chernoff bound.

Notes on Section 2.5. This discussion is adapted after [94]. For interesting examples of
martingale argument, as well as adaptations of the Azuma-Hoeffding inequality in Theorem
2.23, see [63].

Notes on Section 2.6. Theorem 2.24 is [80, Theorem 3.2.3]. Theorem 2.25 is [80,
Theorem 3.3.7]. Theorem 2.26 is [80, Theorem 3.3.12]. Theorem 2.27 is [80, Theorem
3.3.27]. For a thorough discussion of extreme value results, as well as many examples, we
refer to the standard work on the topic [80].



CHAPTER 3
BRANCHING PROCESSES

Branching processes will be used in an essential way throughout these notes to describe
the connected components of various random graphs. To prepare for this, we describe
branching processes in quite some detail here. Special attention will be given to branching
processes with a Poisson offspring distribution, as well as to branching processes with a
binomial offspring distribution and their relation (see Sections 3.5 and 3.6 below). We start
by describing the survival versus extinction transition in Section 3.1, and provide a useful
random walk perspective on branching processes in Section 3.3. For more information
about branching processes, we refer to the books [16, 97, 102].

3.1 Survival versus extinction

A branching process is the simplest possible model for a population evolving in time.
Suppose each organism independently gives birth to a number of children with the same
distribution. We denote the offspring distribution by {p;}{2,, where

p; = P(individual has ¢ children). (3.1.1)

We denote by Z,, the number of individuals in the nt" generation, where, by convention,
we let Zg = 1. Then Z,, satisfies the recursion relation

Zn—l
Zn =Y Xnu (3.1.2)
i=1

where {X,, i }n,i>1 is a doubly infinite array of i.i.d. random variables. We will often write
X for the offspring distribution, so that {X, i}n,i>1 is a doubly infinite array of i.i.d.
random variables with X,, ; ~ X for all n, .

One of the major results of branching processes is that when E[X] < 1, the population
dies out with probability one (unless X;,; = 1 with probability one), while if E[X] > 1,
there is a non-zero probability that the population will not become extinct. In order to
state the result, we denote the extinction probability by

n=P(En: Z, =0). (3.1.3)

Theorem 3.1 (Survival v.s. extinction for branching processes). For a branching process
with i.i.d. offspring X, n =1 when E[X] < 1, while n < 1 when E[X] > 1. When E[X] =1,
and P(X = 1) < 1, then n = 1. Moreover, with Gx the probability generating function of
the offspring distribution X, i.e.,

Gx(s) = E[s™], (3.1.4)

the extinction probability n is the smallest solution in [0,1] of

n==Gx(n). (3.1.5)

51
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0 1

Figure 3.1: The solution of s = Gx(s) when E[X] < 1,E[X] = 1,E[X] > 1 respectively.
Note that E[X] = G (1), and G’x(1) > 1 precisely when there is a solution n < 1 to
n=Gx(n).

Proof. We write
= P(Z, = 0). (3.1.6)

Because {Z, = 0} C {Z,+1 = 0}, we have that n, 1T 7. Let
Gn(s) = E[s?"] (3.1.7)

denote the generating function of the n*" generation. Then, since for an integer-valued
random variable X, P(X = 0) = Gx(0), we have that

N = Gn(0). (3.1.8)

By conditioning on the first generation, we obtain that

Gn(s) = E[s”"] = ZpiIE[SZ"|Z1 =i = Zpianl(s)i. (3.1.9)

Therefore, writing Gx = G, for the generating function of X; 1, we have that
Gn(s) = Gx(Gn-1(9)). (3.1.10)

When we substitute s = 0, we obtain that 7, satisfies the recurrence relation
Nn = Gx(Nn-1). (3.1.11)

See Figure 3.2 for the evolution of n — n,.
When n — oo, we have that 1, 1 7, so that, by continuity of s — Gx(s), we have

n = Gx(n). (3.1.12)

When P(X = 1) = 1, then Z, = 1 a.s., and there is nothing to prove. When, further,
P(X <1) =1, but p=P(X =0) > 0, then P(Z, =0) =1—- (1 —p)" — 1, so again
there is nothing to prove. Therefore, for the remainder of this proof, we shall assume that
P(X <1)<1.
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Figure 3.2: The iteration for n — 7, in (3.1.11).

Suppose that ¢ € [0, 1] satisfies ¥ = Gx(¢). We claim that n < 1. We use induction to
prove that n,, < v for all n. Indeed, o = 0 < %, which initializes the induction hypothesis.
To advance the induction, we use (3.1.11), the induction hypothesis, as well as the fact
that s — Gx(s) is increasing on [0, 1], to see that

N = Gx(Mn-1) < Gx () =, (3.1.13)

where the final conclusion comes from the fact that ) is a solution of 1) = Gx (¢). Therefore,
Nn < 7, which advances the induction. Since 70, 1T 7, we conclude that n < ¢ for all
solutions 9 of ¢ = Gx(1)). Therefore, n is the smallest such solution.
We note that s — Gx(s) is increasing and convex for s > 0, since
G%(s) =E[X(X —1)s* %] > 0. (3.1.14)
When P(X < 1) < 1, then E[X(X — 1)s¥72] > 0, so that s — Gx(s) is strictly increasing
and strictly convex for s > 0. Therefore, there can be at most two solutions of s = Gx (s) in
[0,1]. Note that s = 1 is always a solution of s = G x(s), since G is a probability generating
function. Since Gx(0) > 0, there is precisely one solution when G’x(1) < 1, while there
are two solutions when G'% (1) > 1. The former implies that n = 1 when G’ (1) > 1,
while the latter implies that 7 < 1 when G’% (1) < 1. When G’ (1) = 1, again there is
precisely one solution, except when Gx(s) = s, which is equivalent to P(X = 1) = 1. Since
G’ (1) = E[X], this proves the claim.
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01 2 3 4)

Figure 3.3: The survival probability ( = (, for a Poisson branching process with mean
offspring equal to A. The survival probability equals ( = 1 — n, where n is the extinction
probability.

In many cases, we shall be interested in the survival probability, denoted by ¢ = 1—n, which
is the probability that the branching process survives forever, i.e., { = P(Z, > 0 Vn > 0).
See Figure 3.3 for the survival probability of a Poisson branching process with parameter
A, as a function of A.

Exercise 3.1. Show that n = 0 precisely when po = 0.
Exercise 3.2. When the offspring distribution is given by

Pe = (1 = p)Lz=0y + Pliz=2}, (3.1.15)
we speak of binary branching. Prove that n =1 when p < 1/2 and, for p > 1/2,

1—-p
=& 3.1.16
n » ( )

Exercise 3.3 ([16], Pages 6-7.). Let the probability distribution {pr}i~o be given by

pr =b(1—p)* ' fork=1,2,...;
1.1
{po =1-0b/p for k=0, (3.1.17)

so that, for b = p, the offspring distribution has a geometric distribution with success
probability p. Show that the extinction probability n is given by n = 1 if u = E[X] = b/p* <
1, while, with the abbreviation g =1 — p,

1—
n = T“p. (3.1.18)

Exercise 3.4 (Exercise 3.3 cont.). Let the probability distribution {py}ieo be given by
(3.1.17). Show that Gn(s), the generating function of Zy, is given by

2
Hn 17;77 ) s
1—pn- Lo (“ — hen b # p*;
G(s) = p o+ 17(&) when b # p;
ur—n

ng—(ng—p)s — 2
puy—— when b = p°.

(3.1.19)
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Exercise 3.5 (Exercise 3.4 cont.). Conclude from Ezercise 3.4 that, for {pr}izy in
(3.1.17),

Pt AL when b < p?;

]
P(Zn >0, 3m > n such that Zyn = 0) = 7+, when b = p*; (3.1.20)
(;;Zn" when b > p.

We continue by studying the total progeny T of the branching process, which is defined as
T=> Zn. (3.1.21)
n=0

We denote by Gr(s) the probability generating function of T, i.e.,
Gr(s) = E[sT]. (3.1.22)

The main result is the following:
Theorem 3.2 (Total progeny probability generating function). For a branching process
with i.i.d. offspring X having probability generating function G x (s) = E[s™], the probability
generating function of the total progeny T satisfies the relation

Gr(s) = sGx(Gr(s)). (3.1.23)
Proof. We again condition on the size of the first generation, and use that when Z; = i,
for j =1,...,4, the total progeny T; of the 4" child of the initial individual satisfies that

{T};}5=1 is an i.i.d. sequence of random variables with law equal to the one of T'. Therefore,
using also that

T=1+Y 1T, (3.1.24)
j=1

where, by convention, the empty sum, arising when ¢ = 0, is equal to zero, we obtain

Gr(s) = ZpiIE[sT|Zl =i = sZpiE[sTlJr”""Ti] = sZpiGT(s)i = sGx(Gr(s)).
i=0 i=0 i=0
(3.1.25)
This completes the proof. O

Exercise 3.6 (Exercise 3.2 cont.). In the case of binary branching, i.e., when p is given

by (3.1.15), show that
1—+/1—4s2
Gr(s) = T‘qu. (3.1.26)

Exercise 3.7 (Exercise 3.5 cont.). Show, using Theorem 3.2, that, for {pi}7= in (3.1.17),

GT(S) — \/(p + S(b _pq))2 _;;f)qqs(p - b) - (p + SbQ) (3.1‘27)
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3.2 Family moments

In this section, we compute the mean generation size of a branching process, and use
this to compute the mean family size or the mean total progeny. The main result is the
following theorem:

Theorem 3.3 (Moments of generation sizes). For all n > 0, and with p = E[Z;] = E[X]
the expected offspring of a given individual,

E[Z,) = u™. (3.2.1)
Proof. Recall that

Zp—1
Z’n = Z XTL,i7 (322)
i=1

where {Xp,,i}n,i>1 is a doubly infinite array of i.i.d. random variables. In particular,
{Xn,i}i>1 is independent of Z,,_1.

Exercise 3.8. Complete the proof of Theorem 3.3 by conditioning on Z,—1 and showing

that
Zn—1

IE[ Z Xn,ilZn-1 = m] = mu, (3.2.3)
i—1

so that
E[Z,]) = pE[Zn-1]. (3.2.4)

Exercise 3.9. Prove that {u™"Zn}n>1 is a martingale.

Exercise 3.10. When the branching process is critical, note that Z,, —25 0. On the other
hand, conclude that E[Z,] =1 for alln > 1.

Theorem 3.4. Fizn > 0. Let u = E[Z1] = E[X] be the expected offspring of a given
individual, and assume that u < 1. Then

P(Z, > 0) < pu™. (3.2.5)

Exercise 3.11. Prove Theorem 8.4 by using Theorem 8.3, together with the Markov in-
equality (2.4.1).

Theorem 3.4 implies that in the subcritical regime, i.e., when the expected offspring u < 1,
the probability that the population survives up to time n is exponentially small in n.

Theorem 3.5 (Expected total progeny). For a branching process with i.i.d. offspring X
having mean offspring pu < 1,

E[T] = ﬁ (3.2.6)

Exercise 3.12. Prove (3.2.6).
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3.3 Random-walk perspective to branching processes

In branching processes, it is common to study the number of descendants of each gener-
ation. For random graph purposes, it is often convenient to use a different construction of
a branching process by sequentially investigating the number of children of each member
of the population. This picture leads to a random walk formulation of branching processes.
For more background on random walks, we refer the reader to [169] or [94, Section 5.3].

We now give the random walk representation of a branching process. Let X1, Xa,...
be independent random variables with the same distribution as X;; in (3.1.2). Define
S0, 51, ... by the recursion

So =1,
‘ (3.3.1)
Si:SZ‘_1—|—X¢—1:X1—|—...—|—XZ'—(Z—1).
Let T be the smallest ¢ for which S; = 0, i.e., (recall (1.5.10))
T=min{t:S; =0} =min{t: X1 +...+ X =¢t —1}. (3.3.2)

If such a t does not exist, then we define T' = +o0.

The above description is equivalent to the normal definition of a branching process, but
records the branching process tree in a different manner. For example, in the random walk
picture, it is slightly more difficult to extract the distribution of the generation sizes. To
see that the two pictures agree, we shall show that the distribution of the random variable
T is equal to the total progeny of the branching process as defined in (3.1.21), and it is
equal to the total number of individuals in the family tree of the initial individual.

To see this, we note that we can explore the branching process family tree as follows.
We let X denote the children of the original individual, and set S; as in (3.3.1). Then,
there are S1 = X7 — 1 unexplored individuals, i.e., individuals of whom we have not yet
explored how many children they have. We claim that after exploring i individuals, and
on the event that there are at least ¢ individuals in the family tree, the random variable
S; denotes the number of individuals of whom the children have not yet been explored:

Lemma 3.6 (The interpretation of {S;}724). The random process {Si}iZo tn (3.3.1) has
the same distribution as the random process {S;}i2o, where S; denotes the number of
unexplored individuals in the exploration of a branching process population after exploring
i individuals successively.

Proof. We shall prove this by induction on i. Clearly, it is correct when i = 0. We next
advance the induction hypothesis. For this, suppose this is true for S;_;. We are done when
Si—1 = 0, since then all individuals have been explored, and the total number of explored
individuals is clearly equal to the size of the family tree, which is T by definition. Thus,
assume that S;_1 > 0. Then we pick an arbitrary unexplored individual and denote the
number of its children by X;. By the independence property of the offspring of different
individuals in a branching process, we have that the distribution of X; is equal to the
distribution of Zi, say. Also, after exploring the children of the i*® individual, we have
added X; individuals that still need to be explored, and have explored a single individual,
so that now the total number of unexplored individuals is equal to S;—1 + X; — 1, which,
by (3.3.1) is equal to S;. This completes the proof using induction. O

Lemma 3.6 gives a nice interpretation of the random process {S;}{2, in (3.3.1). Finally,
since the branching process total progeny is explored precisely at the moment that all of
its individuals have been explored, it follows that 7" in (3.3.2) has the same distribution as
the total progeny of the branching process.

Exercise 3.13. Compute P(T = k) for T in (3.3.2) and P(T = k) for T in (3.1.21)
explicitly, for k = 1,2 and 3.
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The branching process belonging to the recursion in (3.3.1) is the following. The population
starts with one active individual. At time %, we select one of the active individuals in the
population, and give it X; children. The children (if any) are set to active, and the
individual becomes inactive.

This process is continued as long as there are active individuals in the population. Then,
the process S; describes the number of active individuals after the first ¢ individuals have
been explored. The process stops when S; = 0, but the recursion can be defined for all ¢
since this leaves the value of T' unaffected. Note that, for a branching process, (3.3.1) only
makes sense as long as ¢ < T, since only then S; > 0 for all i < T. However, (3.3.1) in
itself can be defined for all i > 0, also when S; < 0. This fact will be useful in the sequel.

Exercise 3.14 (Exercise 3.2 cont.). In the case of binary branching, i.e., when the offspring
distribution is given by (3.1.15), show that

P(T=k) = I%IP’(SO =Sk41=0,8>0V1<i<k), (3.3.3)

where {S;}§2, is a simple random walk, i.e.,
Si=Yi+ - +Yi, (3.3.4)
where {Y;}{21 are i.i.d. random variables with distribution
P(Yi=1)=1-P(Y; = —1) = p. (3.3.5)

This gives a one-to-one relation between random walks excursions and the total progeny of
a binary branching process.

Denote by H = (X1,...,Xr) the history of the process up to time 7. We include
the case where 7' = oo, in which case the vector H has infinite length. A sequence
(z1,...,x¢) is a possible history if and only if the sequence z; satisfies (3.3.1), i.e., when
s; > 0 for all 4 < t, while sy = 0, where s; = x1 + -+ z; — (i — 1). Then, for any t < oo,

P(H = (z1,...,2:)) = szi. (3.3.6)

Note that (3.3.6) determines the law of the branching process when conditioned on extinc-
tion.

We will use the random walk perspective in order to describe the distribution of a
branching process conditioned on extinction. Call the distributions p and p’ a conjugate
pair if

P =1"""pa, (3.3.7)
where 7 is the extinction probability belonging to the offspring distribution {p.}32, so
that n = Gx(n).

Exercise 3.15. Prove that p' = {p,}32¢ defined in (3.3.7) is a probability distribution.

The relation between a supercritical branching process conditioned on extinction and its
conjugate branching process is as follows:

Theorem 3.7 (Duality principle for branching processes). Let p and p’ be conjugate off-
spring distributions. The branching process with distribution p, conditional on extinction,
has the same distribution as the branching process with offspring distribution p’.
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The duality principle takes a particularly appealing form for Poisson branching pro-
cesses, see Theorem 3.13 below.

Proof. 1t suffices to show that for every finite history H = (z1,...,x¢), the probability
(3.3.6) is the same for the branching process with offspring distribution p, when conditioned
on extinction, and the branching process with offspring distribution p’. Fix a t < co. First
observe that

P({H = (z1,...,x+)} Nextinction)
P(extinction)
=0 'P(H = (21,...,2)), (3.3.8)

P(H = (z1,...,x¢)|extinction) =

since a finite history implies that the population becomes extinct. Then, we use (3.3.6),
together with the fact that

t t t t
[Tee =I#en 0 =0 === I 0, = n ] ph. (3.3.9)
i=1 i=1 =1 =1

since 1 + ...+ x¢ =t — 1. Substitution into (3.3.8) yields that
P(H = (21,...,x¢)|extinction) = P'(H = (z1,...,2¢)), (3.3.10)
where P’ is the distribution of the branching process with offspring distribution p’. O

Exercise 3.16. Let Gq(s) = E'[s*1] be the probability generating function of the offspring
of the dual branching process. Show that

1
Ga(s) = EGX (ns). (3.3.11)
Exercise 3.17. Let X' have probability mass function p' = {pl,}22, defined in (3.3.7).
Show that when 1 < 1, then

E[X'] < 1. (3.3.12)

Thus, the branching process with offspring distribution p’ is subcritical.

Another convenient feature of the random walk perspective for branching processes is that
it allows one to study what the probability is of extinction when the family tree has at
least a given size. The main result in this respect is given below:

Theorem 3.8 (Extinction probability with large total progeny). For a branching process
with i.i.d. offspring X having mean p = E[X] > 1,

—Ik
e
where the exponential rate I is given by
I = sup (t — logE[e"*]) > 0. (3.3.14)

t<0
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Theorem 3.8 can be reformulated by saying that when the total progeny is large, then
the branching process will survive with high probability.
Note that when g = E[X] > 1 and when E[e'*] < oo for all ¢ € R, then we can also
write
I = sup (t —log E[etx]), (3.3.15)
t

(see also (2.4.12)). However, in Theorem 3.8, it is not assumed that E[e‘*] < oo for all
t € R! Since X > 0, we clearly do have that E[e’*] < oo for all ¢ < 0. Therefore, since
also the derivative of t +— t — logE[e'*] in t = 0 is equal to 1 — E[X] < 0, the supremum
is attained at a t < 0, and, therefore, we obtain that I > 0 under no assumptions on the
existence of the moment generating function of the offspring distribution. We now give the
full proof:

Proof. We use the fact that T = s implies that Ss = 0, which in turn implies that X; +
...+ Xs =s—1<s. Therefore,

Pk <T <o0) <> P(Se=0)< Y P(X1+...4+Xs <s). (3.3.16)
s=k s=k

For the latter probability, we use (2.4.9) and (2.4.11) in Theorem 2.16 with a = 1 < E[X].
Then, we arrive at

e—]k

Pk<T<oo)<» e
s=k

O

3.4 Supercritical branching processes

In this section, we prove a convergence result for the population in the n'* generation.
Clearly, in the (sub)critical case, the limit of Z, is equal to 0, and there is nothing to
prove. In the supercritical case, when the expected offspring is equal to p > 1, it is also
known that (see e.g., [16, Theorem 2, p. 8]) limp oo P(Z, = k) = 0 unless k = 0, and
P(limy— oo Zn = 0) = 1 — P(limp—00 Zn, = 00) = 7, where 7 is the extinction probability
of the branching process. In particular, the branching process population cannot stabilize.
It remains to investigate what happens when 1 < 1, in which case lim,,_, o Z, = 00 occurs
with positive probability. We prove the following convergence result:

Theorem 3.9 (Convergence for supercritical branching processes). For a branching pro-
cess with i.i.d. offspring X having mean p = E[X] > 1, p~"Z, X5 WL, for some random
variable W, which is finite with probability 1.

Proof. We use the martingale convergence theorem (Theorem 2.21), and, in particular, its
consequence formulated in Exercise 2.23. Denote M,, = u~ " Z,, and recall that by Exercise
3.9, {M,};2; is a martingale. By Theorem 3.3, we have that E[|M,|] = E[M,] = 1, so
that Theorem 2.21 gives the result. O

Unfortunately, not much is known about the limiting distribution W,,. Its probability
generating function Gw (s) = E[s"*°] satisfies the implicit relation, for s € [0, 1],

Gw(s) = Gx (Gw(s'™)). (3.4.1)
Exercise 3.18. Prove (3.4.1).
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We next investigate when P(W, >0)=1—-n=(:

Theorem 3.10 (Kesten-Stigum Theorem). For a branching process with i.i.d. offspring
X having mean p = E[X] > 1, P(W. = 0) = n precisely when E[X log X]| < co. When
E[X log X] < oo, also E[W.] = 1, while, when E[X log X] = oo, P(W, =0) =1.

Theorem 3.10 implies that P(W., > 0) = 1 — n, where 7 is the extinction probability
of the branching process, so that conditionally on survival, the probability that W, > 0
is equal to one. Theorem 3.10 was first proved by Kesten and Stigum in [116, 117, 118].
It is remarkable that the precise condition when W, = 0 a.s. can be so easily expressed
in terms of a moment condition on the offspring distribution. A proof of Theorem 3.10
is given in [16, Pages 24-26], while in [137] a conceptual proof is given. See [75, Proof
of Theorem 2.16] for a simple proof of the statement under the stronger condition that
E[X?] < oo, using the L*-martingale convergence theorem (see also below Theorem 2.21).

Theorem 3.10 leaves us with the question what happens when E[X log X] = co. In
this case, Seneta [163] has shown that there always exists a proper renormalization, i.e.,

there exists a sequence {c,}nz; with limp e c}/" = p such that Z,/c, converges to a
non-degenerate limit. However, ¢, = o(u"), so that P(W. =0) = 1.

Exercise 3.19. Prove that P(W. > 0) = 1 — n implies that P(W., > 0| survival) = 1.

Exercise 3.20. Prove, using Fatou’s lemma (Theorem A.13), that E[W.] < 1 always
holds.

We continue by studying the number of particles with an infinite line of descent, i.e., the
particles of whom the family tree survives forever. Interestingly, these particles form a
branching process again, as we describe now. In order to state the result, we start with
some definitions. We let Z{" denote those particles from the n'™™ generation of {Z;}32,
that survive forever. Then, the main result is as follows:

Theorem 3.11 (Individuals with an infinite line of descent). Conditionally on survival,
the process {Z}02, is again a branching process with offspring distribution p> =

{py>)}izo given by pi™ =0 and, for k> 1,
(o0) 1 - J j—k J
Pe =7 LT =m)p;. (3.4.2)
j=k
Moreover, since
u) = E[20) = u = E[21], (3.4.3)

this branching process is supercritical with the same expected offspring as {Zn }aey itself.

Comparing Theorem 3.11 to Theorem 3.7, we see that in the supercritical regime, the
branching process conditioned on extinction is a branching process with the dual (subcrit-
ical) offspring distribution, while, conditional on survival, the individuals with an infinite
line of descent for a (supercritical) branching process.

(o0)

Exercise 3.21. Prove that p is a probability distribution.

Proof of Theorem 3.11. We let A., be the event that Z, — oco. We shall prove, by
induction on n > 0, that the distribution of {Z,(C"")}Z:O conditionally on A, is equal to
that of a {Z}7_o, where {Z;}3%, is a branching process with offspring distribution p(>’
given in (3.4.2). We start by initializing the induction hypothesis. For this, we note that,
on A.,, we have that Zéoo) = 1, whereas, by convention, Zo = 1. This initializes the

induction hypothesis.
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To advance the induction hypothesis, we argue as follows. Suppose that the distribution
of {Z™}r_y, conditionally on A, is equal to that of {Z1}7_o. Then, we shall show that
also the distribution of {Z,im)}z:é, conditionally on A.., is equal to that of {Zk}ZIS By
the induction hypothesis, this immediately follows if the conditional distributions of Zf;fl
given {Z\>™)}7_, is equal to the conditional distribution of Z,11 given {Zy}7_o.

The law of Zn+1 given {Zk}Z:o is that of an independent sum of Zn i.i.d. random
variables with law p>. Now, the law of Z{¥ given {Z;™'}7_, is equal to the law of Z\7)
given Z, and each individual with infinite line of descent in the n*® generation gives rise
to a random and i.i.d. number of individuals with infinite line of descent in the (n + 1)
generation with the same law as Z{‘x’) conditionally on A... As a result, to complete the
proof of (3.4.2), we must show that

P(Z{™ =k |Ax) = p). (3.4.4)

For k = 0, this is trivial, since, conditionally on A.,, we have that Z{“’) > 1, so that
both sides are equal to 0 for £ = 0. For k > 1, on the other hand, the proof follows by
conditioning on Z;. We have that, for £ > 1, Ziw) = k implies that Z; > k and that A,
occurs, so that

P(Z{ =k |Ax) = CT'P(Z( = k) = ¢ P(Z{ =k |21 = j)P(Z1 = j)
Jjzk

=y <£> 7 (= n)p;, (3.4.5)

jzk

since each of the j particles has infinite line of descent with probability ( =1 — 7, so that
P(Z{™ =k |Z1 = j) = P(BIN(j, 1 —n) = k).

We complete the proof of Theorem 3.11 by proving (3.4.3). We start by proving (3.4.2)
when p < co. For this, we write, using that for £ = 0, we may substitute the right-hand
side of (3.4.2) instead of py™ = 0, to obtain

P> = "kpe) = Zk% > (}1) (=),
k=0 k=0 > j=k
1 J FA A .
:Ezpj k 1 7’ (1—77)72621%((]):
. o =0 J

oo

ips = (3.4.6)
0

This proves (3.4.2) when p < co. When p = 0o, on the other hand, we only need to show
that 1> = oo as well. This can easily be seen by an appropriate truncation argument,
and is left to the reader. O

Exercise 3.22. Prove (3.4.2) when p = oco.

With Theorems 3.11 and 3.9 at hand, we see an interesting picture emerging. Indeed, by
Theorem 3.9, we have that Z,u~™ <% W, where, if the X log X-condition in Theorem
3.10 is satisfied, P(W. > 0) = ¢, the branching process survival probability. On the other
hand, by Theorem 3.11 and conditionally on A, {Z5}52, is also a branching process

—n a.s;

with expected offspring ji, which survives with probability 1. As a result, Z&u~™ &%
W) where, conditionally on A., P(WS? > 0) = 1, while, yet, 20> < Z, for all



3.5 Properties of Poisson branching processes 63

n > 0, by definition. This raises the question what the relative size is of Z{> and Z,,
conditionally on A.. This question is answered in the following theorem:

Theorem 3.12 (Proportion of particles with infinite line of descent). Conditionally on
survival,

(o0)
Zg 25 ¢. (3.4.7)

Theorem 3.12 will prove to be quite useful, since it allows us sometimes to transfer results
on branching processes which survive with probability 1, such as {Z{*}22 conditionally
on survival, to branching processes which have a non-zero extinction probability, such as
{Zn}no-

Proof of Theorem 3.12. We first give the proof in the case where the mean offspring u is
finite. Applying Theorem 3.11 together with Theorem 3.9 and the fact that, condition-
ally on survival, E[Z{™] = u (see (3.4.3)), we obtain that there exists W such that
ZLu™™ — W), Moreover, by Theorem 3.10 and the fact that the survival proba-
bility of the branching process in {Z{™'}o2, equals 0 (recall Exercise 3.1), we have that
P(W ) > 0) = 1. Further, again by Theorem 3.9 now applied to {Z,}22,, conditionally
on survival, Z, /u™ converges in distribution to the conditional distribution of W, condi-
tionally on W., > 0. Thus, we obtain that Z{/Z, converges a.s. to a finite and positive
limit R.

In order to see that this limit in fact equals ¢, we use that the distribution of Z{>
given that Z, = k is binomial with parameters k probability of success {. As a result,
since as n — oo and conditionally on survival Z, — oo, we have that Z°/Z,, converges
in probability to ¢. This implies that R = ( a.s.

O

3.5 Properties of Poisson branching processes

In this section, we specialize the discussion of branching processes to branching processes
with Poisson offspring distributions. We will denote the distribution of a Poisson branching
process by PY. We also write T™ for the total progeny of the Poisson branching process,
and X for a Poisson random variable.

For a Poisson random variable X ™ with mean A, we have that the probability generating
function of the offspring distribution is equal to

oo

Gi(s) = By [sX7] = sie**% _ A, (3.5.1)

Therefore, the relation for the extinction probability 7 in (3.1.5) becomes
m o= e, (3.5.2)
where we add the subscript A to make the dependence on X explicit.
For A < 1, the equation (3.5.2) has the unique solution 1y = 1, which corresponds
to certain extinction. For A > 1 there are two solutions, of which the smallest satisfies

m € (0,1). As Py (T™ < o0) < 1, we know

P5(T* < 00) = 7. (3.5.3)

Add proof when p = co!
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We recall that H = (X7,...,X7) is the history of the branching process, where again
we have added superscripts * to indicate that we mean a Poisson branching process. Then,
conditionally on extinction, a Poisson branching process has law p’ given by

i Cany ()’

pi=n)pi=e s L ?f) ; (3.5.4)
where we have used (3.5.2). Note that this offspring distribution is again Poisson with
mean

Ha = ANy, (3.5.5)

and, again by (3.5.2),
pae M = e N = de (3.5.6)

Therefore, we call p < 1 < X\ a conjugate pair if

pe = xe N (3.5.7)

T 1

Since x +— xe™ * is first increasing and then decreasing, with a maximum of e™" at x =1,
the equation pe™" = Xe™™ has precisely two solutions, a solution x < 1 and a solution
A > 1. Therefore, for Poisson offspring distributions, the duality principle in Theorem 3.7
can be reformulated as follows:

Theorem 3.13 (Poisson duality principle). Let p < 1 < X be conjugates. The Poisson
branching process with mean X\, conditional on extinction, has the same distribution as a
Poisson branching process with mean .

We further describe the law of the total progeny of a Poisson branching process:

Theorem 3.14 (Total progeny for Poisson BP). For a branching process with i.i.d. off-
spring X, where X has a Poisson distribution with mean X,

P (T" =n) = (A”n#e**”, (n>1). (3.5.8)

In the proof below, we make heavy use of combinatorial results, more in particular, of
Cayley’s Theorem. In Section 3.7 below, we give a more general version of Theorem 3.14
valid for any offspring distribution, using the random-walk Hitting-time theorem.

Exercise 3.23. Use Theorem 3.1/ to show that, for any X\, and for k sufficiently large,
Pi(k < T* < 00) < e Ak, (3.5.9)
where Iy = A —1—log \.

Proof of Theorem 3.14. The proof of Theorem 3.14 relies on Cayley’s Theorem on the
number of labeled trees [55]. In its statement, we define a labeled tree on {1,...,n} to be
a tree of size n where all vertices have a label in {1,...,n} and each label occurs precisely
once. We now make this definition precise. An edge of a labeled tree is a pair {vi,v2},
where v1 and vz are the labels of two connected vertices in the tree. The edge set of a tree
of size n is the collection of its n — 1 edges. Two labeled trees are equal if and only if they
consist of the same edge sets. A labeled tree of n vertices is equivalent to a spanning tree
of the complete graph K, on the vertices {1,...,n}. Cayley’s Theorem reads as follows:
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Theorem 3.15 (Cayley’s Theorem). The number of labeled trees of size n is equal to
n" 2. Equivalently, the number of spanning trees of the complete graph of size n equals
n—2

n

Proof. We need to prove that the number of spanning trees in a complete graph on n points
is equal to n" 2. We first show that any spanning tree has at least one vertex of degree 1.
Suppose, on the contrary, that all vertices in the spanning tree T" have degree at least 2.
Fix an initial vertex, and perform a walk by traversing one of its edges. Then again choose
an edge that we have not yet chosen from the current position, and repeat. Since the graph
is finite, there must be a moment that, from the current position, we cannot choose an
edge we have not chosen before. Since each vertex has at least two edges, this means that
the final vertex has been visited at least twice, which, in turn, means that there exists a
cycle contradicting the statement that T is a tree.

We now complete the proof. Let ri,7r2,...,7; be non-negative integers with sum n.
Then the multinomial coefficient ( " ) is defined by the relation

T1,72,..,Tk

T1,72y...,Tk

(1 +a2+... 4+ ax)" :Z ( " >x§1:r;2---x;’“, (3.5.10)

where the sum is over all k-tuples (r1,72,...,7%) which sum to n.
Since (x1 + o2+ ...+ )" = (x1 + T2+ ...+ k)" (@1 F 2+ ... +xp), it follows that

k
n n—1
= . 3.5.11
(7‘1,7’2,...,1’%) Z(?j,...,ml,...,?%) ( )

i=1

Denote the number of spanning trees on the complete graph of size n for which the degrees
are di,dsa,...,dn, i.e., the degree of vertex i equals d;, by t(n;di,da,...,dn). Then, the
total number of spanning trees equals Zdl o, tnidide, . dn).

Clearly, t(n;d1,dz,...,dys) is 0 if one of the d; is zero. The value of t(n;d1,dz,...,dn)
depends only on the multiset of numbers d; and not on their order. Therefore, we may
assume without loss of generality that di > d2 > ... > d,, so d, = 1 since there is at
least one vertex with degree equal to one. Take the vertex v, corresponding to d,. This
vertex is joined to some vertex v; of degree d; > 2, and any of the remaining vertices is a
candidate. Therefore,

n—1
t(nidi,da, ... dp) =D tn—1lidy,...,di—1,...,dn 1) (3.5.12)
=1
It is trivial to check by hand that

t(n;di,da, ..., dy) = (dl - 1” - 2d B 1) (3.5.13)

for n = 3. Since the numbers of the left-hand side, respectively on the right-hand side, of
(3.5.13) satisfy the recurrence relation (3.5.12), respectively (3.5.11) it follows by induction
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that (3.5.13) is true for all n, that is,

|
-

n

t(n;dhdg,...,dn): t(n—l;dh...,di—1,...,dn,1)
i=1
_nfl n—3
_1:1 di—1,...,di —2,...,dn1—1
n—2
= . .5.14
(dl—l,...,di—l,...,dn_l—1,dn—1) (3.5.14)

We have added an extra argument d, — 1 to the multinomial coefficient, which does not
alter its value since d, —1 = 0. In (3.5.10), replace n by n — 2, take r; = d; — 1 and z; = 1,
to find

nn_Q = Z t(n;dl7d2>'“7dn)‘ (3515)

This completes the proof. O

Exercise 3.24. Use the above proof to show that the number of labeled trees with degrees
di,...,dn, where d; is the degree of vertex i, equals

n—2
tn; i, da, - dn) = <d1—1,...,d,-—1,...,dn_1—1,dn—1>'

We show that Cayley’s Theorem is equivalent to the following equality:
Lemma 3.16. For every n > 2, the following equality holds:

n—1

Zzl' S H o _n—;. (3.5.16)

=1 ni+...4+n;=n—1j5=1

Proof. We use the fact that a tree of size n is in one-to-one correspondence with the degree
of vertex 1, which we denote by i, and with the labeled subtrees that hang off the i direct
neighbors of vertex 1, where we distinguish the vertices which are direct neighbors of 1.
See Figure 3.4.

Denote the size of the subtrees by ni,...,n;, so that n1 +...+mn; =n — 1. There are
(n—1)!

A 3.5.17

nil---n;! ( )

ways of dividing the labels 2,...,n into ¢ groups. There are n;lj72 trees of size nj, so that

there are n?j -1 possible trees of size n; with a distinguished vertex. Since the tree of size
n does not change by permuting the i trees located at the neighbors of 1 and since there
are 1! of such permutations, in total, we have

(n— 1) P B H (3.5.18)

z' ni!

ways of choosing the i trees located at the direct neighbors of 1 together with their distin-
guished neighbors of 1.
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°® the root of the tree

O  distinguished subtree vertices

normal subtree vertices

TL2:4

Figure 3.4: One-to-one correspondence of a labeled tree and (i, T4, ..., T;).

By summing over i, we obtain the total number of trees of size n is equal to

n—1 i nj—1

1 n;
> 5 > (n= ] = (3.5.19)
i=1 ny+...4n;=n—1 j=1 J

By Cayley’s Theorem, Theorem 3.15, we therefore obtain that

n—1 i njfl
n—2 _ 1 | n;
=5 > =] (3.5.20)
i=1 " nit..tn;=n—1 j=1 J
Dividing by (n — 1)! and using that % = %!_1, we arrive at the claim. O

We now complete the proof of Theorem 3.14. We use induction. For n = 1, the first
individual of the branching process must die immediately, which has probability e ™. Since
(3.5.8) is also equal to e~ for n = 1, this initializes the induction hypotheses (3.5.8).

To advance the induction, we condition on the number i of children of the initial indi-
vidual at time 0. We denote the size of the total progenies of the ¢ children by ni,...,n;,
respectively, so that T* = n is equivalent to ni + ...+ n; = n — 1. Therefore,

n—1 3 i
* * — )\1 * *
PA(T" =n)=) e *ﬁ > [[PA(T" =ny). (3.5.21)
i=1 S ni4..4n;=n—14=1

By the induction hypothesis, and since n; < n — 1, we obtain that

()\’flj)njil ef)\nj

nj!

P(T* = n;) = (3.5.22)
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Therefore, using that Z;:I(nj —-1)=n—-i-1,

= X (Any)
Y B I E
i=1 ni+...4n;=n—-1j5=1

n—1 -1

=e Ay ;1, > H o (3.5.23)

=1 ni+...4+n;=n—1j5=1

Lemma 3.16 now completes the first proof of Theorem 3.14. O
Exercise 3.25. Verify (3.5.8) forn=1,2 and n = 3.

When the Poisson branching process is critical, i.e., when A = 1, then we can use Stirling’s
Formula to see that

Py(T* =n) = 2r) 0321+ O(n™ ). (3.5.24)

This is an example of a power-law relationship that often holds at criticality. The above
n~3/2 behavior is associated more generally with the distribution of the total progeny
whose offspring distribution has finite variance (see e.g., [11, Proposition 24]).

In Chapter 4, we will investigate the behavior of the Erdds-Rényi random graph by
making use of couplings to branching processes. There, we also need the fact that, for
A > 1, the extinction probability is sufficiently smooth (see Section 4.4):

Corollary 3.17 (Differentiability of the extinction probability). Let nx denote the extinc-
tion probability of a branching process with a mean \ Poisson offspring distribution. Then,

forall A > 1,
d o _mA =)

= ST ) < (3.5.25)

where py is the dual of \.

Proof. The function 71, which we denote in this proof by n(}), is decreasing and satisfies

1) = B (I" < o0) = 3 e AT (3.5.26)

and thus
& )\’I’L n—1 o N )\TL n—2

On the other hand,

EX[T*|T* -t : —A”L”)n oLy 3.5.28
)x[ | <OO]7]P)§(T*<OO)ZTL € - )\ Z )l’ ( )
n= n=1

so that

~ 200 = VBT [T < o] — "B (1 < o] 4 1, (3529
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where we have made use of the fact that

iefml ()\71)"72 _ ie*kﬂ(n B )\n n—2 i l )\n n—1 3 ie*kﬂ ()\n)n72
n=1 = 1 ’

o (n—2)! A( nfl)! = (n—1)!
_ n(A) * * * _ = —An ()\n)’ﬂ !
= EX[T*|T" < o] ;e N
:%Qmwmﬂ<@—§ma*<my (3.5.30)

By the duality principle and Theorem 3.5,

E[T*|T* < oo] =

where px = An(X), by (3.5.5). Hence,

d _ 1) 1 n(A)
_ N —pN)
= o) (3.5.31)
O

3.6 Binomial and Poisson branching processes

When dealing with random graphs where the probability of keeping an edge is A\/n,
the total number of vertices incident to a given vertex has a binomial distribution with
parameters n and success probability A/n. By Theorem 2.9, this distribution is close
to a Poisson distribution with parameter A\. This suggests that also the corresponding
branching processes, the one with a binomial offspring distribution with parameters n
and A\/n, and the one with Poisson offspring distribution with mean A, are close. In the
following theorem, we make this statement more precise. In its statement, we write Py p
for the law of a Binomial branching process with parameters n and success probability p.

Theorem 3.18 (Poisson and binomial branching processes). For a branching process with
binomial offspring distribution with parameters n and p, and the branching process with
Poisson offspring distribution with parameter X\ = np, for each k > 1,

Pnp(T > k) =PX(T" > k) + ex(n), (3.6.1)

where T and T™ are the total progenies of the binomial and Poisson branching processes,
respectively, and where
222
< — PX(T™ > s). 3.6.2
ler(n)] < = ; AT = s) (3.6.2)
In particular, |ex(n)] < %
Proof. We use a coupling proof. The branching processes are described by their offspring
distributions, which are binomial and Poisson random variables respectively. We use the
coupling in Theorem 2.9 for each of the random variables X; and X; determining the
branching processes, where X; ~ BIN(n,\/n), X; ~ Poi()\), and where
)\2
P(X; # X]) < - (3.6.3)
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We use P to denote the joint probability distributions of the binomial and Poisson branching
processes, where the offspring is coupled in the above way.
We start by noting that

Prp(T > k) =P(T >k, T > k) +P(T >k, T" < k), (3.6.4)

and
PXT*">k)=PT >kT " >k)+P(T" >k T<k). (3.6.5)

Subtracting the two probabilities yields
P (T > k) —PX(T* > k)| <P(T > kT <k)+P(T*>kT<k). (3.6.6)

We then use Theorem 2.9, as well as the fact that the event {T" > k} is determined by
the values of X1,..., Xx_1 only. Indeed, by (3.3.1), by investigating X1, ..., Xx_1, we can
verify whether there exists a t < k such that X; +---+ X; = ¢ — 1, implying that T < k.
When there is no such ¢, then 7" > k. Similarly, by investigating X7,..., X}_;, we can
verify whether there exists a ¢ < k such that X7 +---+ X; =t — 1, implying that T < k.

When T > k and T* < k, or when T* > k and T < k, there must be a value of s < k
for which X5 # X;. Therefore, we can bound, by splitting depending on the first value
s < k where X5 # X7,

-1
P(T>kT <k)<S P(X;=X;Vi<s—1,X.#X,T>k), (3.6.7)

1

x

S

where {X;}{2, are i.i.d. Poisson random variables with mean A and {X;};2, are i.i.d.
binomial random variables with parameters n and p. Now we note that when X; = X
for all 4 < s — 1 and T > k, this implies in particular that X; + ... + X > ¢ for all
¢ < s — 1, which in turn implies that T > s. Moreover, the event {T™ > s} depends only
on X7,...,X;_ 1, and, therefore, is independent of the event that X, # XJ. Thus, we
arrive at the fact that

k—1

P(T > kT <k) <> P(T" > s X, # XI)

=N"P(T* > 5)P(X. # X2). (3.6.8)

By Theorem 2.9,
) (3.6.9)

so that
A
P(T > kT <k)<— P(T* > s). .6.1
(T2 kT <k)< > P(T" > 5) (3.6.10)
An identical argument yields that

P(T* >k, T <k) <> P(T*>s)P(X, #X})

S P(T" > ). (3.6.11)
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We conclude from (3.6.6) that

* * 2A2 = * *
[Pnp(T > k) = PX(T* > k)| < =2 D PX(T™ > ). (3.6.12)
n s=1
This completes the proof of Theorem 3.18. O

3.7 Hitting-time theorem and the total progeny

In this section, we derive a general result for the law of the total progeny for branching
processes, by making use of the Hitting-time theorem for random walks. The main result
is the following:

Theorem 3.19 (Law of total progeny). For a branching process with i.i.d. offspring dis-
tribution Z, = X,

1
P(T =n)= E]P’(X1+~-~+Xn:nfl), (3.7.1)
where {X;}i—1 are i.i.d. copies of X.
Exercise 3.26. Prove Theorem 3.14 using Theorem 3.19.

Exercise 3.27. Compute the probability mass function of a branching process with a bi-
nomial offspring distribution using Theorem 3.19.

Exercise 3.28. Compute the probability mass function of a branching process with a geo-
metric offspring distribution using Theorem 3.19. Hint: note that when {X;};j—, are i.i.d.
geometric, then X1 + --- + X, has a negative binomial distribution.

We shall prove Theorem 3.19 below. In fact, we shall prove a more general version of
Theorem 3.19, which states that

k
IP(T1+---+Tk:n):E]P’(X1+m+Xn:n—k), (3.7.2)

where T4,...,T) are k independent random variables with the same distribution as T'.
Alternatively, we can think of 71 + --- 4+ Tk as being the total progeny of a branching
process starting with k£ individuals, i.e., when Zy = k.

The proof is based on the random walk representation of a branching process, together
with the random-walk hitting time theorem. In its statement, we write Py for the law of
a random walk starting in k, we let {Y;}{2; be the i.i.d. steps of the random walk, and we
let S, = k+ Y1 4+ --- 4+ Y, be the position of the walk, starting in k, after n steps. We
finally let

To = inf{n : S, =0} (3.7.3)

denote the first hitting time of the origin of the walk. Then, the hitting-time theorem is
the following result:

Theorem 3.20 (Hitting-time theorem). For a random walk with i.i.d. steps {Y;}§2, sat-
isfying that
P(Y; > —1) =1, (3.7.4)

Pi(To = n) = ~P(S» = 0). (3.7.5)
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Theorem 3.20 is a remarkable result, since it states that, conditionally on the event {S, =
0}, and regardless of the precise distribution of the steps of the walk {Y¥;}:2; satisfying
(3.7.4), the probability of the walk to be at 0 for the first time at time n is equal to £.
Equation (3.7.2) follows from Theorem 3.20 since the law of T1 + - - - + T} is that of a the
hitting time of a random walk starting in k with step distribution Y; = X; — 1, where
{X:}i2, are the offsprings of the vertices. Since X; > 0, we have that Y; > —1, which
completes the proof of (3.7.2) and hence of Theorem 3.19. The details are left as an
exercise:

Exercise 3.29. Prove that Theorem 3.20 implies (3.7.2).

Exercise 3.30. Is Theorem 3.20 still true when the restriction that P(Y; > —1) = 1 is
dropped?

Proof of Theorem 3.20. We prove (3.7.5) for all k > 0 by induction on n > 1. When n =1,
then both sides are equal to 0 when k& > 1 and k = 0, and are equal to P(Ys = —1) when
k = 1. This initializes the induction.

To advance the induction, we take n > 2, and note that both sides are equal to 0 when
k = 0. Thus, we may assume that k£ > 1. We condition on the first step to obtain

Pr(To =n) = > Pp(To = n|Yi = s)P(Y1 = s). (3.7.6)
s=—1
By the random-walk Markov property,
k+s
n—1
where in the last equality we used the induction hypothesis, which is allowed since k > 1
and s > —1, so that k£ + s > 0. This leads to

]P)k(To = n) = Z

s=—1

We undo the law of total probability, using that Pk s(Sn—1 = 0) = Px(S, = 0]Y1 = s), to
arrive at

Pe(To =n|Y1 =5) =Prys(To=n—1) = Pts(Sn_1 = 0), (3.7.7)

k+s
n—1

Prta(Sn_1 = 0)P(Y: = s). (3.7.8)

Pr(To = n) = i (k + 8)Pr(Sn = 0|1 = 8)P(Y1 = s) = P (S = 0)(k+Ek[Y1|Sn = 0}),

(3.7.9)

where Eg[Y1|S, = 0] is the conditional expectation of Y1 given that S, = 0 occurs. We
next note that the conditional expectation of E;[Y;|S, = 0] is independent of i, so that

1 1 = k
Ex[Y1|Sn =0] = — Ex[Yi|Sn =0] = —E Yi|Sn =0 = ——, 3.7.10
1S, = 0] = 53 BuYIS, =0l = DB VIS 0] == @3710)
since .7 | V; =S, —k = —k when S, = 0. Therefore, we arrive at
1 k k
Pu(Tp =n) = —— [k - E]Pk(sn = 0) = ~Pi(Sn = 0). (3.7.11)
This advances the induction, and completes the proof of Theorem 3.20. O

Exercise 3.31. Eztend the hitting-time theorem, Theorem 3.20, to the case where {Y;}i—,
is an exchangeable sequence rather than an i.i.d. sequence, where a sequence {Y;}i—; is
called exchangeable when its distribution is the same as the distribution of any permuta-
tion of the sequence. Hint: if {Y;}i—, is exchangeable, then so is {Yi};j—1 conditioned on
S, Yi= k.
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3.8 Notes and discussion

Notes on Section 3.5. The proof of Theorem 3.15 is taken from [131]. Theorem 3.14,
together with (3.5.2), can also be proved making use of Lambert’s W function. Indeed,
we use that the generating function of the total progeny in (3.1.23), for Poisson branching
process, reduces to

Gr(s) = seMOTH=1), (3.8.1)

Equation (3.8.1) actually defines a function analytic in C\[1,c0), and we are taking the
principal branch. Equation (3.8.1) can be written in terms of the Lambert W function,
which is defined by W (z)e"® =z, as Gr(s) = —W(—sAe™*)/A. The branches of W are
described in [69], where also the fact that

n—1

W) =-> " (o). (3.8.2)

n!

is derived. Theorem 3.15 follows immediately from this equation upon substituting = =
Ae™ and using that the coefficient of s™ in Gr(s) equals P(T = n). Also, since nx =
limgp1 G (s) = —W(=Xe™*)/\. This also allows for a more direct proof of Corollary 3.17,
since

d  d[W(=Xe?)
S = [, (3.8.3)
and where, since W (z)e"® =z,
oy 1 W()
W'(x) T W) (3.8.4)

We omit the details of this proof, taking a more combinatorial approach instead.

Notes on Section 3.7. The current proof is taken from [99], where also an extension
is proved by conditioning on the numbers of steps of various sizes. The first proof of the
special case of Theorem 3.20 for k = 1 can be found in [156]. The extension to k > 2 is
in [115], or in [78] using a result in [77]. Most of these proofs make unnecessary use of
generating functions, in particular, the Lagrange inversion formula, which the simple proof
given here does not employ. See also [94, Page 165-167] for a more recent version of the
generating function proof. In [177], various proofs of the hitting-time theorem are given,
including a combinatorial proof making use of a relation in [76]. A proof for random walks
making only steps of size £1 using the reflection principle can for example be found in [94,
Page 79].

The hitting-time theorem is closely related to the ballot theorem, which has a long
history dating back to Bertrand in 1887 (see [123] for an excellent overview of the history
and literature). The version of the ballot theorem in [123] states that, for a random walk
{Sn}5% starting at 0, with exchangeable, nonnegative steps, the probability that S, < m
for all m = 1,...,n, conditionally on S, = k, equals k/n. This proof borrows upon
queueing theory methodology, and is related to, yet slightly different from, our proof.

The ballot theorem for random walks with independent steps is the following result:

Theorem 3.21 (Ballot theorem). Consider a random walk with i.i.d. steps {X;}i2, taking
non-negative integer values. Then, with Sy, = X1+ -+ X the position of the walk after
m steps,

Po(Sm <m for alll1 <m <n|S, =n—k) = % (3.8.5)
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Exercise 3.32. Prove the ballot theorem using the hitting-time theorem. Hint: Let S,, =
k+ (Sn —n) — (Sn—m —n+m), and note that Sy, < m for all 1 < m < n precisely when
!

Sy, >0 for all0 < m < n, and { Sy, }rm—o is a random walk taking steps Yo, = Sy —Sp_1 =
Xn—m — 1.



CHAPTER 4
PHASE TRANSITION FOR THE ERDOS-RENYI
RANDOM GRAPH

In this chapter, we study the connected components of the Erdés-Rényi random graph.
In the introduction in Section 4.1, we will argue that these connected components can
be described in a similar way as for branching processes. As we have seen in Chapter
3, branching processes have a phase transition: when the mean offspring is below 1, the
branching process dies out almost surely, while when the expected offspring exceeds 1,
then it will survive with positive probability. The Erdés-Rényi random graph has a related
phase transition. Indeed, when the expected degree is smaller than 1, the components are
small, the largest one being of order logn. On the other hand, when the expected degree
exceeds 1, the there is a giant connected component which contains a positive proportion
of all vertices. This phase transition can already be observed for relatively small graphs.
For example, Figure 4.1 shows two realizations of Erdés-Rényi random graphs with 100
elements and expected degree close to 1/2, respectively, 3/2. The left picture is in the
subcritical regime, and the connected components are tiny, while the right picture is in the
supercritical regime, and the largest connected component is already substantial. The aim
of this chapter is to quantify these facts.

The link between the Erdés-Rényi random graph and branching processes is described
in more detail in Section 4.2, where we prove upper and lower bounds for the tails of
the cluster size (or connected component size) distribution. The connected component
containing v is denoted by C(v), and consists of all vertices that can be reached from
v using occupied edges. We sometimes also call C(v) the cluster of v. The connection
between branching processes and clusters is used extensively in the later sections, Section
4.3-4.5. In Section 4.3, we study the subcritical regime of the Erdés-Rényi random graph.
In Sections 4.4 and 4.5 we study the supercritical regime of the Erdés-Rényi random graph,
by proving a law of large numbers for the largest connected component in Section 4.4 and
a central limit theorem in Section 4.5.

In Chapter 5, we shall investigate several more properties of the Erdés-Rényi random
graph. In particular, in Section 5.1, we study the bounds on the component sizes of
the critical Erdés-Rényi random graph, in Section 5.1.3 we describe the weak limits of the
connected components ordered in size at criticality, in Section 5.2 we study the connectivity
threshold of the Erdds-Rényi random graph, while in Section 5.3 we prove that the Erdos-
Rényi random graph is sparse and identify its asymptotic degree sequence.

4.1 Introduction

In this section, we introduce some notation for the Erdés-Rényi random graph, and prove
some elementary properties. We recall from Section 1.5 that the Erdés-Rényi random graph
has vertex set [n] = {1,...,n}, and, denoting the edge between vertices s, ¢ € [n] by st, st
is occupied or present with probability p, and absent or vacant otherwise, independently
of all the other edges. The parameter p is called the edge probability. The above random
graph is denoted by ER,(p).

Exercise 4.1 (Number of edges in ER,(p)). What is the distribution of the number of
edges in the Erdds-Rényi random graph ER,(p)?

75
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Figure 4.1: Two realizations of Erd6s-Rényi random graphs with 100 elements and edge
probabilities 1/200, respectively, 3/200. The three largest connected components are or-
dered by the darkness of their edge colors, the remaining connected components have edges
with the lightest shade.

Exercise 4.2 (CLT for number of edges in ER,(p)). Prove that the number of edges in
ER.(p) satisfies a central limit theorem and compute its asymptotic mean and variance.

We now introduce some notation. For two vertices s,¢ € [n], we write s «— ¢ when
there exists a path of occupied edges connecting s and ¢. By convention, we always assume
that v +— v. For v € [n], we denote the connected component containing v or cluster of v
by

C(v) ={z € [n]: v+ z}. (4.1.1)

We denote the size of C(v) by |C(v)|. The largest connected component is equal to any
cluster C(v) for which |C(v)| is maximal, so that

|Cmax| = max{|C(v)|: v=1,...,n}. (4.1.2)

Note that the above definition does identify |Cmax| uniquely, but it may not identify Cmax
uniquely. We can make this definition unique, by requiring that Cmax is the cluster of
maximal size containing the vertex with the smallest label. As we will see, the typical size
of Cimax will depend sensitively on the value .

We first define a procedure to find the connected component C(v) containing a given
vertex v in a given graph G. This procedure is closely related to the random walk per-
spective for branching processes described in Section 3.3, and works as follows. In the
course of the exploration, vertices can have three different statuses: vertices are active,
neutral or inactive. The status of vertices is changed in the course of the exploration of
the connected component of v, as follows. At time t = 0, only v is active and all other
vertices are neutral, and we set Sop = 1. At each time ¢, we choose an active vertex w in an
arbitrary way (for example, by taking the smallest active vertex) and explore all the edges
ww’, where w’ runs over all the neutral vertices. If there is an edge in G connecting the
active vertex w and some neutral vertex w’, then we set w’ active, otherwise it remains
neutral. After searching the entire set of neutral vertices, we set w inactive and we let St
equal the new number of active vertices at time t. When there are no more active vertices,
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i.e., when S; = 0 for the first time, the process terminates and C(v) is the set of all inactive
vertices, i.e., |[C(v)| = t. Note that at any stage of the process, the size of C(v) is bounded
from below by the sum of the number of active and inactive vertices.

Let wy be the " active vertex of which all edges to neutral vertices are explored. Let
X denote the number of neutral vertices w’ with w,w’ € G. Let S; be the total number of
active vertices at time ¢. Similarly as for the branching process in (3.3.1), we can represent
this procedure with the recursive relation

So=1, Si=8_1+X;—1 (4.1.3)

The variable X, is the number of vertices that become active due to the exploration of
the ¢™" vertex, and after its exploration, the ¢ explored vertex becomes inactive. Thus,
if S¢—1 denotes the number of active vertices after the exploration of (¢ — 1) vertices, then
St = Si—1+ Xt — 1 denotes the number of active vertices after the exploration of ¢ vertices.
This explains (4.1.3).

The above description is true for any graph G. We now specialize to the random
graph ER,,(p), where each edge can be independently occupied or vacant. As a result, the
distribution of X; depends on the number of active vertices at time ¢t —1, i.e., on S;_1, and
not in any other way on which vertices are active, inactive or neutral. More precisely, each
neutral w’ in the random graph has probability p to become active. The edges ww’ are
examined precisely once, so that the conditional probability for ww’ € ER,(p) is always
equal to p. After t — 1 explorations of active vertices, we have ¢t — 1 inactive vertices and
Si—1 active vertices. This leaves n— (t —1) —S;—1 neutral vertices. Therefore, conditionally
on Si_1,

XtNBIN(n—(t—l)—St_l,p). (4.1.4)

We note that the recursion in (4.1.3) is identical to the recursive relation (3.3.1). The
only difference is the distribution of the process {X;}i—;, as described in (4.1.4). For
branching processes, {X;}i=; is an i.i.d. sequence, but for the exploration of connected
components, we see that this is not quite true. However, by (4.1.4), it is ‘almost’ true as
long as the number of active vertices is not too large. We see in (4.1.4) that the parameter
of the binomial distribution decreases. This is due to the fact that after more explorations,
fewer neutral vertices remain, and is sometimes called the depletion of points effect.

Let T be the least ¢ for which S; =0, i.e.,

T = inf{t : S; = 0}, (4.1.5)

then |C(v)| = T, see also (1.5.10) for a similar result in the branching process setting. This
describes the exploration of a single connected component. While of course the recursion
in (4.1.3) and (4.1.4) only makes sense when S;_1 > 1, that is, when ¢ < T, there is no
harm in continuing it formally for ¢ > T'. This will be prove to be extremely useful later
on.

Exercise 4.3 (Verification of cluster size description). Verify that T' = |C(v)| by computing
the probabilities of the events that {|C(v)| = 1}, {|C(v)| = 2} and {|C(v)| = 3} directly, and
by using (4.1.4), (4.1.3) and (4.1.5).

We end this section by introducing some notation. For the Erdés-Rényi random graph,
the status of all edges {st : 1 < s < ¢t < n} are i.i.d. random variables taking the value
1 with probability p and the value 0 with probability 1 — p, 1 denoting that the edge
is occupied and 0 that it is vacant. We will sometimes call the edge probability p, and
sometimes \/n. We will always use the convention that

p="=. (4.1.6)

We shall write Py for the distribution of ER,(p) = ER.(\/n).
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Exercise 4.4 (CLT for number of edges in ER,(\/n)). Prove that the number of edges
n ER,(A\/n) satisfies a central limit theorem with asymptotic mean and variance equal to
An/2.

Exercise 4.5 (Mean number of triangles in ER,, (A/n)). We say that the distinct vertices
(4,4, k) form an occupied triangle when the edges ij, jk and ki are all occupied. Note that
(4,4, k) is the same triangle as (i,k, j) and as any other permutation. Compute the expected
number of occupied triangles in ER,(\/n).

Exercise 4.6 (Mean number of squares in ER,(A/n)). We say that the distinct vertices
(4,7, k,1) form an occupied square when the edges ij, jk, kl and li are all occupied. Note
that the squares (i,7,k,1) and (i,k,j,1) are different. Compute the expected number of
occupied squares in ER, (A\/n).

Exercise 4.7 (Poisson limits for number of triangles and squares in ER,(\/n)). Show
that the number of occupied triangles in an Erdds-Rényi random graph with edge probability
p = A/n has an asymptotic Poisson distribution. Do the same for the number of occupied
squares. Hint: use the method of moments in Theorem 2.4.

Exercise 4.8 (Clustering of ER,(A/n)). Define the clustering coefficient of a random
graph G to be

E[Ad]
CCq = ——= 4.1.7
G E[WG]’ ( )
where
AG = Z ]l{ij,ik,jk occupied} s We = Z ﬂ{zg,zk occupied} (418)
i,J,k€EG i,5,k€EG

Thus, Ac is sixz times the number of triangles in G, and Wq is two times the number of
open wedges in G, and CCg is the ratio of the number of expected closed triangles to the
expected number of open wedges. Compute CCq for ER,(A\/n).

Exercise 4.9 (Asymptotic clustering of ER,(A\/n)). Show that We /n — A2 by using the
second moment method. Use Exercise 4.7 to conclude that

’I’LAG d 3

—Y, 4.1.
WG H)\2 ) ( 9)

where Y ~ Poi(A\?/6).

4.1.1 Monotonicity of Erdés-Rényi random graphs in the edge probability

In this section, we investigate Erdés-Rényi random graphs with different values of p, and
show that the Erdés-Rényi random graph is monotonically increasing in p, using a coupling
argument. The material in this section makes it clear that components of the Erdds-Rényi
random graph are growing with the edge probability p, as one would intuitively expect.
This material shall also play a crucial role in determining the critical behavior of the
Erdés-Rényi random graph in Section 5.1 below.

We use a coupling of all random graphs ER,(p) for all p € [0,1]. For this, we draw
independent uniform random variables for each edge st, and, for fixed p, we declare an
edge to be p-occupied if and only if Us; < p. The above coupling shows that the number
of occupied bonds increases when p increases. Therefore, the Erdés-Rényi random graph
ER.,(p) is monotonically increasing in p. Because of the monotone nature of ER,(p) one
expects that certain events and random variables grow larger when p increases. This is
formalized in the following definition:
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Definition 4.1 (Increasing events and random variables). We say that an event is in-
creasing when, if the event occurs for a given set of occupied edges, it remains to hold when
we make some more edges occupied.

We say that a random variable X is increasing when the events {X > z} are increasing
for each x € R.

An example of an increasing event is {s <— t¢}. An example of a monotone random
variable is |C(v)| and the maximal cluster |Cmax|, where

|Crmax| = m%‘{‘ |C(v)]. (4.1.10)

Exercise 4.10. Show that |Cmax| is an increasing random variable.

Exercise 4.11. Is the event {v € Cmax} an increasing event?

4.1.2 Informal link to Poisson branching processes

We now describe the link to Poisson branching processes in an informal manner. The
results in this section will not be used in the remainder of the chapter, even though the
philosophy forms the core of the argument. Fix A > 0. Let S§,S7,..., X, X5,...,H"
refer to the history of a branching process with Poisson offspring distribution with mean
A and So, S1,..., X1, Xo,..., H refer to the history of the random graph, where Sp, S1, ...
are defined in (4.1.3) above. The event {H* = (z1,...,x¢)} is the event that the total
progeny T of the Poisson branching process is equal to ¢, and the values of X7,..., X/
are given by 1, ..., z:. Recall that P} denotes the law of a Poisson branching process with
mean offspring distribution A. Naturally, by (3.3.2), we have that

t=min{i:s; =0} =min{i: z1 + ...+, =i — 1}, (4.1.11)

where
so =1, Si = Si—1 +x; — 1. (4.1.12)

For any possible history (z1,...,z:), we have that (recall (3.3.6))
PX(H" = (21,...,2:)) = [ [PAX] = x), (4.1.13)
where { X[ }52, are i.i.d. Poisson random variables with mean A, while
t
P)\(H = (Ctl, e ,Jit)) = H]P)\(Xl = $1|X1 = T1y... ,Xi,1 = itifl),
i=1

where, conditionally on X1 = x1,...,X;—1 = z;—1, the random variable X; is binomially
distributed BIN(n — (i — 1) — s;—1, A\/n), recall (4.1.4) and (4.1.12).

As shown in Theorem 2.9, the Poisson distribution is the limiting distribution of bino-
mials when n is large and p = A\/n. When m(n) = n(1 4 o(1)) and A, are fixed, then we
can extend this to

. N X
Tim. P(BIN(m(n),)\/n) - z) = e (4.1.14)
Therefore, for every t < oo,
lim Px(H = (z1,...,2:)) =PX(H" = (z1,...,2)). (4.1.15)

n—00

Thus, the distribution of finite connected components in the random graph ER,(A/n) is
closely related to a Poisson branching process with mean A. This relation shall be explored
further in the remainder of this chapter.
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Figure 4.2: A picture of the inclusion {|C(1)| > k} C {T* > k}.

4.2 Comparisons to branching processes

In this section, we investigate the relation between connected components and binomial
branching processes. We start by proving two stochastic domination results for connected
components in the Erdés-Rényi random graph. In Theorem 4.2, we give a stochastic upper
bound on |C(v)|, and in Theorem 4.3 a lower bound on the cluster tails. These bounds will
be used in the following sections to prove results concerning |Cmax|-

4.2.1 Stochastic domination of connected components

We prove the following upper bound, which shows that each connected component is
bounded from above by the total progeny of a branching process with binomial offspring
distribution:

Theorem 4.2 (Stochastic domination of the cluster size). For each k > 1,
Pup(IC()| > k) < Pup(TZ 2 k), e, [C(Y)] =T7, (4.2.1)

where T= is the total progeny of a binomial branching process with parameters n and p.

Proof. We note that the only distinction between the recursions (4.1.3) and (3.3.1), where
X,; has a binomial distribution with parameters n and p, is that the parameter of the
binomial distribution decreases in (4.1.3), see in particular (4.1.4), while it remains fixed in
(3.3.1). The conditional distribution of X; given Xi,..., X;_1 is stochastically dominated
by X7 ~ BIN(n, p), which is independent of X1, ..., X;_1. In formulae, we let {I;; }1<i<j<n
and {Ji; }1<i<j<n be two ii.d. sequences of BE(p) random variables, and we write v; for
the i*" explored vertex, then (recall (4.1.4))

S;—1+(i—1)
X; = Z Ivlj, )(Z-Z =X; + Z Jij, (4.2.2)
JEA;—1 j=1

where A;_1 is the set of inactive or neutral vertices at time ¢ — 1, which has size |4;_1| =
n—S;—1 — (i —1). Then {X71}$2; is an i.i.d. sequence of BIN(n,p) random variables.
Further, the event {|C(1)| > k} is increasing in the variables (X1,..., Xy), i.e., when
{|C(1)| > k} occurs, and we make any of the random variables X; larger, then {|C(1)| > k}
continues to occur. As a result, {|C(1)| > k} C {T® > k}, where TZ = min{i : S7 = 0},
and
S =X74...+X7—(i—1), (4.2.3)

and where {Xf}fil is an i.i.d. sequence of BIN(n, p) random variables. See Figure 4.2 for
a depiction of the fact that {|C(1)| > k} C {T'= > k}. Finally, by (3.3.1), T= is the total
progeny of a branching process with binomial offspring distribution with parameters n and
p- O

Exercise 4.12 (Upper bound for mean cluster size). Show that, for A < 1, EA[|C(v)|] <

1/(1— ).
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4.2.2 Lower bound on the cluster tail

We prove the following lower bound, which shows that the probability that a connected
component has size at least k£ is bounded from below by the probability that the total
progeny of a branching process with binomial offspring distribution exceeds k, where now
the parameters of the binomial distribution are n — k and p:

Theorem 4.3 (Lower bound on cluster tail). For every k € [n],
Prp(IC(1)| > k) > Prip(T= > k), (4.2.4)

where T= is the total progeny of a branching process with binomial distribution with pa-
rameters n — k and success probability p = A/n.

Note that, since the parameter n— k on the right-hand side of (4.2.4) depends explicitly
on k, Theorem 4.3 does not imply a stochastic lower bound on |C(1)].

Proof. We again use a coupling approach. We explore the component of 1, and initially
classify the vertices n —k+2,...,n as forbidden, which means that we do not explore any
edges that are incident to them. Thus, the possible statuses of the vertices are now active,
neutral, inactive and forbidden.

During the exploration process, we will adjust this pool of forbidden vertices in such a
way that the total number of forbidden, active and inactive vertices is fixed to k. Note
that, initially, the vertex 1 is the only active vertex, there are no inactive vertices and the
initial pool of forbidden vertices {n — k +2,...,n} has size k — 1. Thus, initially, the total
number of forbidden, active and inactive vertices is fixed to k. We can only keep the total
number of forbidden, active and inactive vertices fixed to k as long as the total number of
active and inactive vertices is at most k. This poses no problems to us, because, in order
to determine whether the event {|C(1)| > k} occurs, we may stop the exploration at the
first moment that the number of active and inactive vertices together is at least k, since
|C(v)] is at least as large as the number of active and inactive vertices at any moment in
the exploration process.

We only explore edges to vertices that are not forbidden, active or inactive. We call
these vertices the allowed vertices, so that the allowed vertices consist of the neutral vertices
with the forbidden vertices removed. When an edge to an allowed vertex is explored and
found to be occupied, then the vertex becomes active, and we make the forbidden vertex
with the largest index neutral. As a result, for each vertex that turns active, we move
one vertex from the forbidden vertices to the neutral vertices, thus keeping the number of
allowed vertices fixed at n — k.

In formulae, we let {I;;}1<i<j<n be an i.i.d. sequences of BE(p) random variables, and
we write (recall (4.1.4))

Xi= Z Lo, Xi = Z Togj, (4.2.5)

JEA—1 JEA 1k

where A;_1 1 is the set of inactive vertices which are not forbidden at time ¢ — 1, which
has size |A;—1,5] = n — k. Then {X=}2, is an i.i.d. sequence of BIN(n — k,p) random
variables.

As long as the number of vertices that are active or inactive is at most k, we have that
the total number of forbidden, active and inactive vertices is precisely equal to k. We
arrive at a binomial branching process with the specified parameters n — k and success
probability p. Since the connected component C(1) contains all the vertices that are found
to be active or inactive in this process, we arrive at the claim. O

The general strategy for the investigation of the largest connected component [Cmax| is as
follows. We make use of the stochastic bounds in Theorems 4.2—4.3 in order to compare the
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cluster sizes to binomial branching processes. Then, using Theorem 3.18, we can make the
comparison to a Poisson branching process with a parameter that is close to the parameter
A in ER,(A/n). Using the results on branching processes in Chapter 3 then allows us to
complete the proofs.

By Theorems 4.2-4.3, the connected components of the Erdés-Rényi random graph are
closely related to binomial branching processes with a binomial offspring with parameters
n and p = A/n. By Theorem 3.1, the behavior of branching processes is rather different
when the expected offspring is larger than 1 or smaller than or equal to 1. In Theorems
4.2-4.3, when k = o(n), the expected offspring is close to np ~ A. Therefore, for the
Erdés-Rényi random graph, we expect different behavior in the subcritical regime A < 1,
in the supercritical regime A > 1 and in the critical regime A = 1.

The proof of the behavior of the largest connected component |Cmax| is substantially
different in the subcritical regime where A < 1, which is treated in Section 4.3, compared
to the supercritical regime A > 1, which is treated in Section 4.4. In Section 4.5, we prove
a central limit theorem for the giant supercritical component. The critical regime A = 1
requires some new ideas, and is treated in Section 5.1.

4.3 The subcritical regime

In this section, we derive bounds for the size of the largest connected component for the
Erdés-Rényi random graph in the subcritical regime, i.e., when A = np < 1. Let I denote
the large deviation rate function for Poisson random variables with mean )\, given by

In=X—1-1log(N). (4.3.1)

Recall Exercise 2.17 to see an upper bound on Poisson random variables involving I, as
well as the fact that Iy > 0 for all A # 1.

The main results when A < 1 are Theorem 4.4, which proves that |Cmax| < alogn with
high probability, for any a > I/\_l, and Theorem 4.5, where a matching lower bound on
|Cmax| is provided by proving that |Cmax| > alogn with high probability, for any a < I;l.
These results are stated now:

Theorem 4.4 (Upper bound on largest subcritical component). Fiz A < 1. Then, for
every a > I/\_l, there exists a § = d(a, \) > 0 such that

P (|Cmax| > alogn) = O(n™°%). (4.3.2)

Theorem 4.5 (Lower bound on largest subcritical component). Fiz A < 1. Then, for
every a < I ', there exists a § = d(a, \) > 0 such that

P (|Cmax| < alogn) = O(n™°%). (4.3.3)

Theorems 4.4 and 4.5 will be proved in Sections 4.3.2 and 4.3.3 below. Together, they
prove that |Cmax|/logn RN I;lz
Exercise 4.13 (Convergence in probability of largest subcritical cluster). Prove that The-
orems 4.4 and 4.5 imply |Cmax|/logn — It
4.3.1 Largest subcritical cluster: strategy of proof of Theorems 4.4 and 4.5
We start by describing the strategy of proof. We denote by

Zoe =Y Ljew)izk (4.3.4)
v=1
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the number of vertices that are contained in connected components of size at least k. We
can identify [Cmax| as

|Cmax| = max{k : Z>, > k}, (4.3.5)
which allows us to prove bounds on |Cmax| by investigating Z>, for an appropriately chosen
k. In particular, (4.3.5) implies that {|Cmax| > k} = {Z>r > k}:

Exercise 4.14 (Relation |Ciax| and Z>x). Prove (4.3.5) and conclude that {|Cmax| > k} =
{Z>1 > k}.

To prove Theorem 4.4, we use the first moment method or Markov inequality (Theorem

2.14). We compute that

Ex[Z=x] = nPA(IC(1)| > k), (4.3.6)
and we use Theorem 4.2 to bound P(|C(1)| > ky) for k, = alogn for any a > I; .
Therefore, with high probability, Z>, = 0, so that, again with high probability, |Cmax| <
kn. This proves Theorem 4.4. For the details we refer to the formal argument in Section
4.3.2.

To prove Theorem 4.5, we use the second moment method or Chebychev inequality
(Theorem 2.15). In order to be able to apply this result, we first prove an upper bound
on the variance of Z>, see Proposition 4.7 below. We further use Theorem 4.3 to prove a
lower bound on Ex[Z>4, ], now for k,, = alogn for any a < I '. Then, (2.4.5) in Theorem
2.15 proves that with high probability, Z>x, > 0, so that, again with high probability,
|Cmax| > kn. We now present the details of the proofs.

4.3.2 Upper bound on the largest subcritical cluster: proof of Theorem 4.4

By Theorem 4.2,
PA(IC(v)| > 1) < P (T > 1), (4.3.7)
where T is the total progeny of a branching process with a binomial offspring distribution

with parameters n and p = A/n. To study P, ,(T > t), we let {X;}22; be an i.i.d. sequence
of binomial random variables with parameters n and success probability p, and let

Si=X14...+ X —(t—1). (4.3.8)

Then, by (3.3.2) and (3.3.1), we have that
Prp(T > ) < Ppp(Si > 0) =Ppp(X1 +...+ Xy > t) <e (4.3.9)
by Corollary 2.17 and using the fact that X1 + ...+ X; ~ BIN(nt, A/n). We conclude that
PA(IC(v)] > ) < e (4.3.10)

Therefore, using Exercise 4.14, the Markov inequality (Theorem 2.14) and again with
kn = alogn,

Px(|Cimax| > alogn) < Px(Zsk, > 1) < Ex[Z>s,]

=nPy(|C(1)| > alogn) < n'~*e> = O(n™?), (4.3.11)
whenever a > 1/Ix and with § = alx — 1. This proves that with high probability the
largest connected component is bounded by alogn for every a > I L O

We now give a second proof of (4.3.10), which is based on a distributional equality of S,
and which turns out to be useful in the analysis of the Erdds-Rényi random graph with
A > 1 as well. The result states that S; is also binomially distributed, but with a different
success probability. In the statement of Proposition 4.6 below, we make essential use of
the formal continuation of the recursions in (4.1.3) and (4.1.4) for the breadth-first search,
defined right below (4.1.4). Note that, in particular, S; need not be non-negative.
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Proposition 4.6 (The law of S;). For all t € [n],
Si+(t—1) ~B1N(n—1,1— (1—p)‘). (4.3.12)

We shall only make use of Proposition 4.6 when |C(v)| > ¢, in which case S; > 0 does
hold.

Proof. Let N; represent the number of unexplored vertices, i.e.,
Nt :n—t—St. (4313)

Note that X ~ BIN(m,p) holds precisely when ¥ = m — X ~ BIN(m,1 — p). It is more
convenient to show the equivalent statement that for all ¢

N; ~ BIN (n —1,(1 - p)t). (4.3.14)

Heuristically, (4.3.14) can be understood by noting that each of the vertices {2,...,n}
has, independently of all other vertices, probability (1 — p)* to stay neutral in the first ¢
explorations. More formally, conditionally on S;, we have that X; ~ BIN(n — (t — 1) —
S¢-1,p) by (4.1.4). Thus, noting that No =n — 1 and

Nt:n—t—Stzn—t—Stfl—Xt—i—l
=n—(t—1)—S;—1 —BIN(n— (t —1) — S;_1,p)
= N;—1 — BIN(N;_1,p) = BIN(N;_1,1 — p), (4.3.15)

the conclusion follows by recursion on t. O

Exercise 4.15 (A binomial number of binomial trials). Show that if N ~ BIN(n,p) and,
conditionally on N, M ~ BIN(N, q), then M ~ BIN(n,pq). Use this to complete the proof
that Ny ~ BIN(n — 1, (1 — p)").
To complete the second proof of (4.3.10), we use Proposition 4.6 to see that
PA(|C(v)| > £) < P(S; > 0) < PA(BIN(n — 1,1 — (1 —p)') > ¢). (4.3.16)

Using Bernoulli’s inequality 1 — (1 — p)? < tp, we therefore arrive at
tA . st sBIN(n, )
PA(|C(v)| > t) < Px(BIN(n, =) > t) §m>1£1€ Exle o
n s>

=mine [l + 9(eS —1)]" < min et (4.3.17)
s>0 n s>0

where we have used the Markov inequality (Theorem 2.14) in the second inequality, and
1+ <€ in the last. We arrive at the bound

Pr(|C(v)] > t) < e A, (4.3.18)

which reproves (4.3.10). O
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4.3.3 Lower bound on the largest subcritical cluster: proof of Theorem 4.5

The proof of Theorem 4.5 makes use of a variance estimate on Z>,. We use the notation
Xzk(A) = Ey |:|C(U)|]1{\C(v)\2k}]~ (4.3.19)
Note that, by exchangeability of the vertices, x>« () does not depend on v.
Proposition 4.7 (A variance estimate for Zs,). For every n and k € [n],
Vary(Zsi) < nxsi(A). (4.3.20)

Proof. We use that

Vars(Zox) = 37 [BA(CO)| 2 k. C()| > ) — BA(CE)| > WBA(CG) > B)]. (43.21)

i,j=1
We split the probability Px(|C(¢)| > k, |C(j)| > k), depending on whether i <— j or not:
Pa(IC(i)| = K, IC(7)| = k) =PA(IC(2)| = ki <— j) + PA(IC(d)] = K, [C(5)| = ki > ).

J
(4.3.22)
Clearly,

Pr(IC@) =1 ICG)| = ky i+ )
=Pa(IC@)| = Li = HPA(CH)] 2 k | [CG) = 1,0+ j). (4.3.23)

When |C(i)| = and ¢ < j, then all vertices in the components different from the one of
i, which includes the components of j, form a random graph where the size n is replaced
by n — . Since the probability that |C(j)| > k in ER,(p) is increasing in n, we have that

PA(IC()] > k||C(0)| = Li > §) <PA(IC(H)| > k). (4.3.24)
We conclude that
PA(IC(@)| = LIC(G)| = ki < j) = PA(IC(9)| = DPA(IC(J)| = k) <0, (4.3.25)
which in turn implies that
Varx(Zs=x) < Y PA(IC(i)| > k,i +— j). (4.3.26)
i,j=1
Therefore, we arrive at the fact that, by the exchangeability of the vertices,

Vary(Zsy) < i Pr(|C(2)] > k,i +— )

ij=1

=3 Ba[lgeayzr Lecy]

i=1 j=1

= _Ei [ﬂ{wwzm > ﬂ{jecu)}] : (4.3.27)
i=1 j=1
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Since 377, Lgjecqyy = |C(i)], we arrive at
Vara(Z=r) < Y EA[CH)[I(icq 2] = nEAIIC) [ Tgie)zr] = nxr(V).  (4.3.28)

O
Proof of Theorem 4.5. To prove Theorem 4.5, it suffices to prove that Px(Z>x, = 0) =
O(rf‘s)7 where k, = alogn with a < I/\_l. For this, we use the Chebychev inequality
(Theorem 2.15). In order to apply Theorem 2.15, we need to derive a lower bound on
Ex[Z>)] and an upper bound on Var(Zs;).
We start by giving a lower bound on Ej[Z5,]. We use that

Ex[Z5k] = nPsi(N), where Psi.(X) =Pa(|C(v)| > k). (4.3.29)

We take k = k, = alogn. We use Theorem 4.3 to see that, with 7" a binomial branching
process with parameters n — k, and p = A/n,

P> (A) > Prk, p(T > alogn). (4.3.30)

By Theorem 3.18, with 7™ the total progeny of a Poisson branching process with mean
An = )\%7

R A1
Pp_k, »(T > alogn) =P, (T* > alogn) + 0(%). (4.3.31)
Also, by Theorem 3.14, we have that
Py, (T" > al I W7 oS W S CEL L 4.3.32
/\n( —a’ogn)f Z )\n( - )7 Z k' € N ( b )
k=alogn k=alogn
By Stirling’s formula,
k
Kl = (g) V2rk(1 + o(1)), (4.3.33)

so that, recalling (4.3.1), and using that I, = I + o(1),

1

P(T* > alogn) = A" Z —
V2rk?

k=alogn

e k(1 4 0(1)) = e~ Ialosnlite() (4 3 34)

As a result, it follows that, with k, = alogn and any 0 < a < 1 — I a,
Ex[Z>k,] = nPsg, (A) > nt =) (Fe@) 5 o (4.3.35)
We next bound the variance of Z>, using Proposition 4.7. By (4.3.10),

Ko ) = 30 Pai() £ 30 e 0D

t=knp, t=kn
e_(kn_l)lk

=O(n "™). (4.3.36)

1—eIx
We conclude that, by Proposition 4.7,

Vary(Zsk,) < nxsk, (A) < O(n' M), (4.3.37)
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while
]E)\ [szn] Z ’I’La. (4338)

Therefore, by the Chebychev inequality (Theorem 2.14),

VarA(Zan) < O(nl—al—Qa) _ O(n_6)7 (4.339)

P\ (Z =0)<
>\( >kn )— ]EA[Zan]Q =

when we pick § = 2a — (1 — Ixa), and 0 < o < 1 — Ia such that 6 = 2a— (1 — Ixa) > 0.
Finally, we use that
PA(Conax| < ki) = P(Zs,, = 0), (4.3.40)

to complete the proof of Theorem 4.5. O

4.4 The supercritical regime

In this section, we fix A > 1. The main result proved in this section is the following
theorem. In its statement, we write {x = 1 — ) for the survival probability of a Poisson
branching process with mean offspring A.

Theorem 4.8 (Law of large numbers for giant component). Fiz A > 1. Then, for every
v € (3,1), there exists a 6 = 6(v, \) > 0 such that

P (‘\cmax| - Qn’ > n) = 0(n™"). (4.4.1)

Theorem 4.8 can be interpreted as follows. A vertex has a large connected component
with probability ¢x. Therefore, there are of the order {xn vertices with large connected
components. Theorem 4.8 implies that all these vertices in large components are in fact
in the same connected component, which is called the giant component. We first give an
overview of the proof of Theorem 4.8.

4.4.1 Strategy of proof of law of large numbers for the giant component

In this section, we give an overview of the proof of Theorem 4.8. We again crucially
rely on an analysis of the number of vertices in connected components of size at least k,

Zsow =Y e =k}- (4.4.2)

v=1
We first pick k = k, = K logn for some K > 0 sufficiently large. Note that
E[Z5k,] = nPA(|C(v)| > k). (4.4.3)

We evaluate Py (|C(v)| > k») using the bound in Theorem 4.3. Indeed, we prove an estimate
on the cluster size distribution in Proposition 4.9 below, which states that for k,, = K logn
and K sufficiently large

BA(IC()| 2 kn) = Gr(1+ 0(1). (4.4.4)

Then we show that, for £ = k, = Klogn, for some K > 0 sufficiently large, there is
with high probability no connected component with size in between k, and an for any
a < Cx. This is done by a first moment argument: the expected number of vertices in such
connected components is equal to Ex[Zsk,, — Z>an], and we use the bound in Proposition
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4.9 described above, as well as Proposition 4.10, which states that, for any o < (», there
exists J > 0 such that
P (kn < [C(v)] < an) < e *n7. (4.4.5)

Therefore, for K > 0 sufficiently large, there is, with high probability, no cluster with size
in between k,, and an.

We next use a variance estimate on Z>, in Proposition 4.12, which implies that with
high probability, and for all v € (3,1),

|Z2k, — BEx[Z2x,]] < 0. (4.4.6)

We finally use that for 2a > (), and on the event that there are no clusters with size in
between k, and an, and on the event in (4.4.6), we have

szn = |Cmax|- (447)

The proof of Theorem 4.8 follows by combining (4.4.3), (4.4.6) and (4.4.7). The details
of the proof of Theorem 4.8 are given in Section 4.4.4 below. We start by describing the
cluster size distribution in Section 4.4.2, and the variance estimate on Z>, in Section 4.4.3.

4.4.2 The supercritical cluster size distribution

In this section, we prove two propositions that investigate the tails of the cluster size
distribution. In Proposition 4.9, we show that the probability that |C(v)] > k is, for
kn > alogn, close to the survival probability of a Poisson branching process with mean A.
Proposition 4.9 implies (4.4.4).

Proposition 4.9 (Cluster tail is branching process survival probability). Fiz A > 1 and
let n — oo. Then, for k, > alogn where a > I;l and I is defined in (4.3.1),

BAlC)] 2 k) = G+ 0(22). (448)

Proof. For the upper bound on Py (|C(v)| > k), we first use Theorem 4.2, followed by
Theorem 3.18, to deduce

BAIC()] > hn) < BusyulT 2 k) SB(T" > k) +0(M), (449)

where T and T, respectively, are the the total progeny of a binomial branching process
with parameters n and A\/n and a Poisson mean A branching process, respectively. To
complete the upper bound, we use Theorem 3.8 to see that

P(T* > k) = PL(T" = 00) + P (kn < T" < 00)

=G +0E Ny =0+ o(%") (4.4.10)

as required.
For the lolyver bound, we use Theorem 4.3 again followed by Theorem 3.18, so that, with

* * kn
PA(IC(0)] > kn) > Pogo, sym(T > k) > P, (T > k) + o(;), (4.4.11)

where now T and T, respectively, are the the total progeny of a binomial branching process
with parameters n — k, and A/n and a Poisson mean ), branching process, respectively.
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By Exercise 3.23 for k, > alogn with a > I/\_l,

* * — kn
B (T 2 k) = G, + 0™ 0) = 61, + (2. (1.4.12)

Now, furthermore, by the mean-value theorem,

d kn
Mo =M+ (o = Ao,y =m+0(5), (4.4.13)
for some A;, € (An, ), where we use Corollary 3.17 for A > 1 and A, — A = 2. Therefore,
also (x,, = (40 ( k; ) Putting these estimates together proves the lower bound. Together,
the upper and lower bound complete the proof of Proposition 4.9. O

We next show that the probability that k, < |C(v)| < an is exponentially small in k,:

Proposition 4.10 (Exponential bound for supercritical clusters smaller than (xn). Fiz
A > 1 and let k, — oo. Then, for any a < (x, there exists a J = J(a, A) > 0 such that

Py (kn < |C(v)| < an) < Ce™*n7. (4.4.14)

Proof. We start by bounding

P (kn < |C(v)| < an) Z Pa(|C(v Z PA(S: = 0), (4.4.15)

t=ky, t=ky,

where we recall (4.1.3). By Proposition 4.6, we have that S; ~ BIN(n—1,1—(1—p)")+1—t.
Therefore, with p = A\/n,

P(S; = 0) = Py (BIN(n —L1-(1-p)) =t— 1). (4.4.16)

To explain the exponential decay, we note that, for p = A\/n and t = an,

1-(1-p)f=1- (1 - %)an = (1—e ) (1+0(1)) for large n. (4.4.17)

Aa

The unique solution to the equation 1 —e™ "% = a is a = (x:

Exercise 4.16 (Uniqueness solution of Poisson survival probability equation). Prove that

the unique solution to the equation 1 — e ** = « is o = (x, where (s is the survival
probability of a Poisson branching process with parameter \.

If o < ¢, then o < 1 — ™%, and thus the probability in (4.4.16) drops exponentially.
We now fill in the details. First, by (4.4.16) and using that 1—p < e™?, so that 1—(1—p)* >
1—e Pt
Px(S; = 0) = IP’)\<BIN(n— L1-(1-p))=t— 1) < ]P’A(BIN(n— L1—(1-p)) <t- 1)

< Py (BIN(n, 1—(1-p)) < t) < Py (BIN(n, 1—e?) < t). (4.4.18)

By Exercise 4.16, the solution o = nt to 1 — e™* = a is given by a = (. It is easy to

verify that if & < ¢x and X > 1, then there exists § = (e, A) > 0 such that, for all 5 < a,

1-M<eM<1— (1468 (4.4.19)
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Write X ~ BIN(n, 1-— efpt) and t = fn, where k,/n < 8 < a. Then, by (4.4.19),
B(1+6)n < EA[X] < ABn. (4.4.20)
Hence,
P (S, < 0) < Py (BIN(n, 1—e ) < t) < PA(X < EA[X] — B0n), (4.4.21)
and Theorem 2.18 gives that, for every t < an,
PA(Sy < 0) < e POn/2A = =107/, (4.4.22)

We conclude that, with J = J(a, \) = §2/2,

Pa(kn < |C(v)] < am) < > P(S; =0) < et <1—e e (4.4.23)
t=kny, t=kn
This completes the proof of Proposition 4.10. O

We finally state a consequence of Proposition 4.10 that shows that there is, with high
probability, no cluster with intermediate size, i.e., size in between k, = Klogn and an.
Corollary 4.11 implies (4.4.5):

Corollary 4.11 (No intermediate clusters). Fiz k, = Klogn and a < {x. Then, for K

sufficiently large, and with probability at least 1 — n™%, there is no connected component
with size in between k, and an.

Proof. We use that the expected number of clusters with sizes in between k, and an, for
any a < (y, is equal to

Ex[Zsk, — Zsani1] = nPa(kn < |C(v)| < an) < Cne” ™7, (4.4.24)

where we have used Proposition 4.10 for the last estimate. When k, = Klogn, and K
is sufficiently large, the right-hand side is O(n~%). By the Markov inequality (Theorem
2.14),

P30 : ki < [C(0)] < an) = Pa(Zot, — Zoanss 2 1) < BalZor, — Zoansa] = O(n ™).
(4.4.25)
This completes the proof of Corollary 4.11. O

Exercise 4.17 (Connectivity and expected cluster size). Prove that the expected cluster
size of a given vertex
x(A) = Exflc()]], (4.4.26)

satisfies
Xx(A) =14 (n—1)Px(1 +— 2). (4.4.27)

Exercise 4.18 (Connectivity function). Prove that (4.4.1) and Corollary 4.11 imply that,
for A>1,
Pa(1 +— 2) = ¢3[1 + o(1)]. (4.4.28)

Exercise 4.19 (Supercritical expected cluster size). Prove that (4.4.1) implies that the
expected cluster size satisfies, for A > 1,

X(A) = Gn(1 4 o(1)). (4.4.29)
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4.4.3 Another variance estimate on the number of vertices in large clusters

The proof of Theorem 4.8 makes use of a variance estimate on Zs,. In its statement,
we use the notation

X<r(A) = EA[|IC(v) [ 1gjc(0)<k3]- (4.4.30)
Proposition 4.12 (A second variance estimate on Zs,). For every n and k € [n],
Vary(Zs,) < (Ak 4+ Dnx<r(N). (4.4.31)

Note that the variance estimate in Proposition 4.12 is, in the supercritical regime, much
better than the variance estimate in Proposition 4.7. Indeed, the bound in Proposition 4.7
reads

Vara(Zsi) < nxsi(N). (4.4.32)

However, when A > 1, according to Theorem 4.8 (which is currently not yet proved),
|C(1)| = ©(n) with positive probability. Therefore,
nx=k(A) = ©(n?%), (4.4.33)

which is a trivial bound. The bound in Proposition 4.12 is at most ©(k?n), which is much
smaller when k is not too large. We will pick k = k, = ©(logn), for which the estimate
in Proposition 4.12 is much better. In Section 4.4.4, we shall see that Proposition 4.12
implies (4.4.6).

Proof. Define
Zaw =Y Wjew)|<k}- (4.4.34)

v=1

Then, since Z., = n — Z>, we have
Vary(Zsi) = Varx(Z<y). (4.4.35)
Therefore, it suffices to prove that Var(Z.,) < (Ak + 1)nx<x(A). For this, we compute

Vara(Zo) = 3 [PA(ICG)] < k,ICG)| < k) = PA(CE)| < WPA(CG)] < k)] (4.4.36)
Q=1
We again split, depending on whether 7 +— j or not:

n

Vara(Z<) = Y [PA(ICE)| < k. [C()| < kyi > 5) = PA(IC()] < R)PA(IC()| < k)]

i,j=1
+ ) PA(IC()] < Ky [C()] < kyi < ). (4.4.37)
i,j=1
We compute explicitly, using that |C(¢)| = |C(j)| when i +— 7,

n

> BA(ICG)| < K, [CG)| < ki §) = D Ba[lgeq<r) Licjy]

ij=1 ij=1

> Ea[Mgeay<ry Y Ty
i1 i=1

= ZEA[\C(i)\ﬂ{\C(¢>\<k}] =nx<(A).  (4.4.38)

=1
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To compute the first sum on the right hand-side of (4.4.37) we write that, for [ < k,

PA(IC@)] =1 1CG) < ki< )

=Pa(IC(0)| = DPA(i «4 4|ICGE)| = DPA(ICG)| < K|IC(E)| = 1,0+ j).  (4.4.39)
See Exercise 4.20 below for an explicit formula for Py (i + ]HC )| = 1). We bound
(i < j|IC(i)] =1) < 1, to obtain
PA(IC()| = 1,1C(7)| < kyi < ) < PA(IC(0)] = DPA(IC()| < K[IC@)| = 1,0 < 3).
(4.4.40)

Now we use that, when |C(¢)| = I and when i < j, the law of |C(j)] is identical to the
law of |C(1)| in a random graph with n — [ vertices and edge probability p = A/n, i.e.,

Pux(IC()| < K|IC(E)| = 1,i + j) = Puoia(IC(1)| < k), (4.4.41)
where we write P, » for the distribution of ER(m, A/n). Therefore,

PA(IC(H)| < k[IC()| = L, i <+ 5) (4.4.42)
=Pnoa(|C(D)] < k) =Paa(IC(L)] < k) + Proia(IC(D)] < k) = Ppa(IC(1)] < k).

We can couple ER(n — [, p) and ER,(p) by adding the vertices {n — 1+ 1,...,n}, and by
letting st, for s € {n—1+1,...,n} and t € [n] be independently occupied with probability
p. In this coupling, we note that P,_; A (|C(1)] < k) — P, x(JC(1)] < k) is equal to the
probability of the event that |C(1)| < k in ER(n — [,p), but |C(1)] > k in ER,(p). If
IC(1)] < k in ER(n — [,p), but [C(1)] > k in ER,(p), it follows that at least one of the
vertices {n — [ 4+ 1,...,n} must be connected to one of the at most k vertices in the
connected component of vertex 1 in ER(n —1, p). This has probability at most lkp, so that,
by Boole’s inequality,

PA(ICG)| < ki< 5lIC@)| = 1) = PA(IC()] < k) < < (4.4.43)

n
Therefore,

n

Y [BA(CO) < b, [C()I < ki 5) = PA(IC(0)] < k)PA(IC()] < k)]

ij=1
)\kl )\k:
< ZZ (@) =1) ZEA IC(D)[Dgicciyi<ky] = nkAx<r(A),  (4.4.44)
=1 4,5 1,7
which, together with (4.4.37)—(4.4.38), completes the proof. O

Exercise 4.20 (Connectivity with given expected cluster size). Show that

[—1
n—1

Pa(1 4 2]C(1)|=1) =1— (4.4.45)

4.4.4 Proof of law of large numbers of the giant component in Theorem 4.8

We fix v € (3,1), @ € ((x/2,{x) and take k, = K logn with K sufficiently large. Let
En be the event that

(1) |Z>k, —n| < n';
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(2) there does not exist a v € [n] such that k, < |C(v)| < an.
Then, in the proof of Theorem 4.8 we use the following lemma:

Lemma 4.13 (|Cmax| equals Zs;, with high probability). The event &, occurs with high
probability, i.e., PA(ES) = O(n™?), and, on the event &,

[Cimax| = Zxk,, - (4.4.46)

Proof. We start by proving that &, occurs with high probability. For this, we note that
&S equals the union of complements of the events in (1) and (2) above, and we shall bound
these complements one by one.
We start by proving that Px(|Z>, —néx| > n*) = O(n~%). For this, we use Proposition
4.9 to note that
EA[ZE;%] = nPA(|C(’U)‘ >kn) =nly + O(kn)7 (4.4.47)

and therefore, for n sufficiently large and since k, = o(n"),
{122k, = Ex[Zzr, ]| <17 /2} C{|Z51, —nCi| < 0"} (4.4.48)

By the Chebychev inequality (Theorem 2.15), and using Proposition 4.12 as well as x <x,, (A) <
kn, we then obtain that

PA(1Z2k, = nCal <1%) > Pa(|Z2k, — EalZ54,]] <n”/2) > 1 —4n"*"Var(Zz4,,)
>1—dn' " (\kp 4 kn) > 1 -0, (4.4.49)

for any § < 2v — 1 and n sufficiently large, since k, = K logn.
By Corollary 4.11,

Px(3v € [n] such that k, < |C(v)] < an) < n~°. (4.4.50)

Together, (4.4.49)-(4.4.50) imply that Py (E5) = O(n™?%).

To prove (4.4.46), we start by noting that {|Z>,, — (n| < n”} C {Zsx, > 1}. Thus,
|Comax| < Zsi,, when the event £, holds. In turn, |Cmax| < Zs&, implies that there are
two connected components with size at least k,. Furthermore, since &£, occurs, there are
no connected components with sizes in between k, and an. Therefore, there must be
two connected components with size at least an, which in turn implies that Z>,, > 2an.
When 2a > () and n is sufficiently large, this is in contradiction with Z>;,, < (in+n”.
We conclude that (4.4.46) holds. O

Proof of Theorem 4.8. By (4.4.46), we have

P/\(“Cmax| - C}xn‘ S nl’) 2 IP))\ ({||Cmax| - Ckn| S nu} N gn) = P)\(gn) 2 1-—- O(n_6)7
(4.4.51)
since, by Lemma 4.13 and on the event &, [Cmax| = Z>, and |Z>x, — nlx| < n”. This
completes the proof of the law of large number of the giant component in Theorem 4.8. [
4.4.5 The discrete duality principle

Using the results we can construct a duality principle for Erdés-Rényi random graphs
similar to the duality principle for branching processes:

Theorem 4.14 (Discrete duality principle). Let px < 1 < A be conjugates as in (3.5.7).
Conditionally, the graph ER,(\/n) with the giant component removed is close in law to
the random graph ER(m, £2), where the variable m = [nny] is the asymptotic number of
vertices outside the giant component.
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We will see that the proof follows from Theorem 4.8, since this implies that the giant
component has size n — m = (3n(1 + o(1)). In the statement of Theorem 4.14 we make
use of the informal notion ‘close in law’. This notion can be made precise as follows. Let
ER.(\/n) be ER,(\/n) with the giant component removed. We write P4 for the law of
ER,(A/n), and we recall that Py, ,, denotes the law of ER(m, ). Let £ be an event which
is determined by the edges variables. Then, if limy, 00 Py, (€) exists, then

lim P, (&) = lim Py, ., (€). (4.4.52)
n— o0 m—r o0
We shall sketch a proof of Theorem 4.14. First of all, all the edges in the complement of
the giant component in ER,, (p) are independent. Furthermore, the conditional probability
that an edge st is occupied in ER,(p) with the giant component removed is, conditionally
on |Cmax| = n — m, equal to
A A
240 (4.4.53)
n  mmn
Now, m = nan, so that the conditional probability that an edge st is occupied in ER,, (p)
with the giant component removed, conditionally on [Cmax| & (xn, is equal to

A A (4.4.54)
n m m’ o

where we have used (3.5.2) and (3.5.5), which implies that Anx = px. Therefore, the
conditional probability that an edge st is occupied in ER, (p) with the giant component
removed, conditionally on |Cmax| = (a1, is equal to £

Exercise 4.21 (Second largest supercritical cluster). Use the duality principle to show that
the second largest component of a supercritical Erdds-Rényi random graph C(2y satisfies

Cal #, -1

oo 7l (4.4.55)

4.5 The CLT for the giant component

In this section, we prove a central limit theorem for the giant component in the super-
critical regime, extending the law of large numbers for the giant component in Theorem
4.8. The main result is as follows:

Theorem 4.15 (Central limit theorem for giant component). Fiz A > 1. Then,

wr““'% Ny (4.5.1)

. . . . 1—
where Z is a normal random variable with mean 0 and variance o3 = $(=¢x)

AR

We shall make use of the exploration of connected components to prove Theorem 4.15. In
the proof, we shall make essential use of Theorem 4.8.

In order to present the proof, we start with some introductions. Fix k = k,, which
will be chosen later on. We shall explore the union of the connected components of the
vertices {1,...,k}. When k — co and using Theorem 4.8, this union contains the largest
connected component Cmax, and it cannot be larger than |Cmax| + kbn, where b, < Klogn
is an upper bound on the second largest component. As a result, when k is o(n”) with
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v < %, this union of components is equal to [Cmax| + 0(y/n). As a result, a central limit
theorem for the union of components implies one for |Cmax|. We now describe the size of

the union of the components of {1,...,k}.
Let Sy be the total number of vertices in {k+1,...,n} that are connected to the vertices
{1,...,k}. Then, it is not hard to see that
S1 ~BIN(n —k,1— (1 -p)*). (4.5.2)
Then, for m > 1, let
S = Sm_1+ Xm — 1, (4.5.3)
where
X NBIN(n—Sm_l - (m+k:—2),p). (4.5.4)

Equations (4.5.3) and (4.5.4) are similar to the ones in (4.1.3) and (4.1.4), but they are
adapted to the case where we explore the connected component of more than one vertex.
We next derive the distribution of S; in a similar way as in Proposition 4.6.

Proposition 4.16 (The law of S; revisited). For allt € [n],
Sy + (t—1) ~BIN(n — k,1 — (1 —p)"* ). (4.5.5)

Moreover, for all l,m € [n] satisfying I > m, and conditionally on Spm,
Si+ (1 —m) — S ~ BIN(n —(mAk—1)—Sm,1—(1— p)l*m). (4.5.6)

For k = 1, the equality in distribution (4.5.5) in Proposition 4.16 reduces to Proposition
4.6.

Proof. For t = 1, the claim in (4.5.5) follows from (4.5.2). For ¢ > 1, let N; represent the
number of unexplored vertices, i.e.,

Nt :n—(t—l—k—l)—St. (457)
It is more convenient to show the equivalent statement that for all t > 1
N; ~BIN(n — k, (1 —p)"™* 7). (4.5.8)

To see this, we note that each of the vertices {k +1,...,n} has, independently of all other

vertices, probability (1 — p)*t*~1 to stay neutral in the first ¢ explorations. More formally,
conditionally on St—1, and by (4.5.4), we have that X; ~ BIN(n —Sic1i—(t+k—2),p) =

BIN(N¢—1,p) by (4.5.4). Thus, noting that N1 ~ BIN(n — k, (1 — p)*) and

Ne=n—(t+k—-1)—Si=n—(t+k—1)—5 1 - X, +1
=n— (t + k — 2) — St,1 — BIN(Nt,Lp)
= N;_1 — BIN(N;_1,p) = BIN(N;_1,1 — p), (4.5.9)

the conclusion follows by recursion on m > 2 and Exercise 4.15. We note that (4.5.9) also
implies that for any [ > m,

N; ~ BIN(Ny,, (1 —p)'™™). (4.5.10)
Substituting N,, =n — (m + k — 1) — S, this implies that
n—(+k—1)—S ~ BIN(n —(mA+k—1) = Sm, (1 — p)l*’") (4.5.11)

:n—(m+k—1)—Sm—B1N<n—(m+k—1)—Sm,1—(1—p)l*”),
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which, in turn, is equivalent to the statement that, for all [ > m and, conditionally on S,,,
S+ (I —m) — S ~ BIN(n —(mAk—1)—Sm1—(1 —p)l*m), (4.5.12)

O

We now state a corollary of Proposition 4.16 which states that S|, satisfies a central limit
theorem. By convention, we let Sp = k. In its statement, we make use of the asymptotic
mean
pe=1—t—e (4.5.13)

and asymptotic variance

ve=e M1 —e ). (4.5.14)
The central limit theorem for Sy, reads as follows:
Corollary 4.17 (CLT for S,,). Fizk = k., = o(y/n). Then, for everyt € [0,1], the random

S|nt) —nHt

variable N

converges in distribution to a standard normal random variable.

Proof. The statement follows immediately from the central limit theorem for the binomial
distribution when we can show that

E[S|nt)] = npe + o(v/n), Var(S|ne)) = nve + o(n). (4.5.15)
Indeed, by the central limit theorem for the binomial distribution we have that

Sint] —E[S|n
L”—M N4 (4.5.16)
Var(SLmJ)

where Z is a standard normal random variable.

Exercise 4.22. Prove that if X, = BIN(an,pn), where Var(X) = anpn(l — pn) — o0,

then x
L N (4.5.17)
anpn(l — pn)

where Z is a standard normal random variable. Use this to conclude that (4.5.15) implies
(4.5.16).

Now we can further write

S\nt] — Nt Var(S|nt)) Sine) — E[Sine)]  E[S|ne)] — e
_ + . (4.5.18)
AVALLP nv \/Var(SWJ ) \/Var(SWJ )

By (4.5.15), we have that the last term converges to zero, and the factor 4/ %ﬂﬁ””)

converges to one. Therefore, (4.5.15) implies the central limit theorem.
To see the asymptotics of the mean in (4.5.15), we note that

E[S|nt)] = (n — k)(l -1~ %)W“k‘l) — (Int] — 1) = npe + o(v/n), (4.5.19)

as long as k = o(y/n). For the asymptotics of the variance in (4.5.15), we note that

Var(Spn) = (n— k)(1 - %)WHH (1-(1- %)WH’H) — v+ o(n),  (45.20)
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as long as k = o(n). O
Proof of Theorem 4.15. Let |C<y| be the size of the union of the components of the vertices
1,..., k. Then we have that

|C<k| ~ min{m : S, = 0}. (4.5.21)

Let kK = k, = logn. Then, by Theorem 4.8, the probability that none of the first k,
vertices is in the largest connected component is bounded above by

EA[(%)W =o(1). (4.5.22)

Therefore, with high probability, |[C<x| > |Cmax|- On the other hand, by Corollary 4.11
for 2a > () and Theorem 4.8, with high probability, the second largest cluster has size at
most K logn. Hence, with high probability,

|C§k| S ‘Cmaxl + (k — 1)K10g n. (4523)

We conclude that a central limit theorem for [Cmax| follows from one for |C<;| with k = log n.
The central limit theorem for |C<,| is proved by upper and upper bounds on the prob-

abilities Cor| ¢
<k| — QAN
B )

For the upper bound, we use that (4.5.21) implies that, for every ¢,

Pr(|C<i| > €) = PA(¥m < £: Sy > 0). (4.5.24)

Applying (4.5.24) to £ = my = |nx + /1], we obtain

IC<k| — Can _ .
N (7\% > :p) =Py(Vm < my : Sy > 0) < Py(Sm, > 0). (4.5.25)

Now we use (4.5.13), (4.5.15) and p¢, = 0, and writing u} for the derivative of ¢ — pu, to
see that

E[Sm,] = npc, +vnzpe, +o(v/n) = Vnz(he ™ —1)4o(v/n) = Vnz(Ae ** —1)+o0(yv/n),
(4.5.26)
where we note that Ae™** —1 < 0 for A > 1.

Exercise 4.23. Prove that, for A > 1, we have pi¢c, =0 and /L/Q\ =X —1<0.
The variance of Sy, is, by (4.5.14) and (4.5.15),

Var(Sm, ) = nvc, + o(n). (4.5.27)

As a result, we have that

Smy —E[Sm,] _ z(1 —Xe™*)
Pyx(Sm, >0)="P = =2 + o(1). 4.5.28
A(Sa > 0) = Py (FZ= =) + o) (4.5.28)
By Corollary 4.17, the right-hand side converges to
— e x
]}D(Z > z(1 = Ae™™) )) =P(Z > x), (4.5.29)

V¢
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where Z’ has a normal distribution with mean 0 and variance v¢, (1 —Xe )72, We finally
note that, by (3.5.2) and ¢x = 1 — 9y, we have that 1 — ¢, = e~ *%*, so that

vey, =€ (A —e M) = G(1-CG). (4.5.30)

By (4.5.30), the variance of the normal distribution appearing in the lower bound can be
rewritten as 1
Y G =6 (4.5.31)

1 e )2~ (T-A+ A2

By (4.5.25), this completes the upper bound.
For the lower bound, we again use the fact that

Px(|cgk\ — > x) — PA(Ym < mq : Sm > 0), (4.5.32)

where we recall that mgy = [n{x + z+/n]. Then, for any £ > 0, we bound from below

Pr(Vm < my : Sm > 0) > Py(Ym < myg : Sm > 0, Sm, > ev/n)
=Px(Sm, >evn) —Pr(Sm, >evn,Im < my : S, =0).
(4.5.33)

The first term can be handled in a similar way as for the upper bound. Indeed, repeating
the steps in the upper bound, we obtain that, for every € > 0,

— e x
7> z(1— e )+e

Vex

Pr(Sm, > evn) = IP’( ) +o(1). (4.5.34)

The quantity in (4.5.34) converges to P(Z' > z), where Z’ has a normal distribution with
mean 0 and variance oy, as € | 0.
We conclude that it suffices to prove that

Pr(Sm, > evn,Im < my : Sm = 0) = o(1). (4.5.35)
To bound the probability in (4.5.35), we first use Boole’s inequality to get

may—1
PA(Sm, > eV, 3m < mg : S =0) < Y Py(Sm =0, Sm, >ev/n). (4.5.36)

m=1

For m < an with a < (), we can show that, when k = K logn and K sufficiently large,
and uniformly in m < an,

PA(Sm = 0) = o(n™"). (4.5.37)
Exercise 4.24. Prove that, uniformly in m < an with a < {x, and when k = K logn with
K sufficiently large, (4.5.37) holds. Hint: make use of (4.5.5) in Proposition 4.16.

We continue by proving a similar bound for m > an, where a < {» can be chosen
arbitrarily close to {x. Here we shall make use of the fact that, for m close to (an,
Ex[Xm] < 1, so that m — Sy, for m > an is close to a random walk with negative drift.
As a result, the probability that S, = 0, yet Sm, > e/n is exponentially small.

We now present the details of this argument. We bound

Pr(Sm =0, 8m, > evn) <Px(Sm, >evn | Sm =0) (4.5.38)
—P, (BIN(n —(mtk—=1),1=(1=p)™ ™) > (ma —m) + E\/ﬁ)7
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since, by (4.5.6) in Proposition 4.16 and conditionally on Sy, = 0,
Sy + (1 —m) ~ BIN(n— (m+k—1),1-(1 —p)l*m).

We pick k = () — ¢, for some € > 0 which is very small. Then, using that 1 — (1 — a)b <ab
for every a,b with 0 < a < 1,b > 1, we arrive at

I-(1-p)™ " =1-(1- i)’"w—m < Alma —m)

- - (4.5.39)

As aresult, with X = BIN (n—(m+k—1), 1—(1—p)m"”7m), and using that n—(m+k—1) <
n—m<n(l—_(+¢)and p=\/n,
Ex[X]=n—(m+k—-1]1—1—-p)" "] < (ms —m)A(1 —(x +&). (4.5.40)

Since A > 1, we can use that A(1 — () = Ae™** < 1 by Exercise 4.23, so that, taking
€ > 0 so small that A(1 — () +¢) < 1 —¢, we have

E[X] < (1 —¢)(mz —m). (4.5.41)
Therefore,

PA(Sm = 0, 8m, > ev/n) < Pa(X —E[X] > ¢((me — m) + V1) ). (4.5.42)

By Theorem 2.18, with ¢ = £((m. — m) + y/n) and using (4.5.41), we obtain

t2
PA(Sm = 0,8m, >evn) < exp (2((1 —€)(ma —m) +t/3)>
t2
< exp (‘ 2((me —m) + 2&\/6/3)> ' e

Thus, for ms —m > e4/n, since t > e(m, — m), we have
Pr(Sm =0, 5m, > evn) < exp (—352(mZ —m)/8) = o(n™h), (4.5.44)
while, for m, —m < ey/n, since t > €/n, we have
P (Sm =0, Sm, >evn) <exp (—3ev/n/8) = exp (—ev/n/2) = o(n™h). (4.5.45)
The bounds (4.5.37), (4.5.44) and (4.5.45) complete the proof of Theorem 4.15. O

4.6 Notes and discussion

Notes on Section 4.1. There are several possible definitions of the Erdés-Rényi random
graph. Many of the classical results are proved for ER(n, M), which is the random graph
on the vertices [n] obtained by adding M edges uniformly at random. Since the number
of edges in the Erdés-Rényi random graph has a binomial distribution with parameters
n(n — 1)/2 and p, we should think of M corresponding roughly to pn(n — 1)/2. Also,
writing Py, for the distribution of ER(n, M), we have that Py and Py, are related as

n(n—1)/2
PA(E)= > Pu(E)P(BIN(n(n—1)/2,p) = M), (4.6.1)
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where E is any event. This allows one to deduce results for ER(n, M) from the ones for
ER(n, p) and vice versa. The model ER(n, M) was first studied in [83], the model ER(n, p)
was introduced in [91], and a model with possibly multiple edges between vertices in [17].

The random graph ER(n, M) has the advantage that we can think of the graph as
evolving as a process, by adding the edges one at a time, which also allows us to investigate
dynamical properties, such as when the first cycle appears. This is also possible for ER(n, p)
using the coupling in Section 4.1.1, but is slightly less appealing.

We refer to the books [13, 42, 109] for more detailed references of the early literature
on random graphs.

Notes on Section 4.2.

Notes on Section 4.3. The strategy in the proof of Theorems 4.4 and 4.5 is close in
spirit to the proof in [13], with ingredients taken from [47], which, in turn, was inspired by
[49, 50]. In particular, the use of the random variable Z5, has appeared in these references.
The random variable Zx also plays a crucial role in the analysis of |Cmax| both when A > 1
and when \ = 1.

Exercise 4.25 (Subcritical clusters for ER(n, M)). Use (4.6.1) and Theorems 4.4—4.5 to
show that |Cmax|/logn — I" for ER(n, M) when M = n\/2.

Notes on Section 4.4.

Exercise 4.26 (Supercritical clusters for ER(n, M)). Use (4.6.1) and Theorem 4.8 to show
that |Cumax|/n — Cx for ER(n, M) when M = n\/2.

Exercises 4.25 and 4.26 show that ER(n, M) has a phase transition when M = n\/2 at
A=1

Notes on Section 4.5. The central limit theorem for the largest supercritical cluster was
proved in [138],{159] and [23]. In [159], the result follows as a corollary of the main result,
involving central limit theorems for various random graph quantities, such as the number
tree components of various size. Martin-Lof [138] studies the giant component in the
context of epidemics. His proof makes clever use of a connection to asymptotic stochastic
differential equations, and is reproduced in [75]. Since we do not assume familiarity with
stochastic differential equations, we have produced an independent proof which only relies
on elementary techniques.



CHAPTER 5
THE ERDOS-RENYI RANDOM GRAPH
REVISITED*

In the previous chapter, we have proved that the largest connected component of the Erdds-
Rényi random graph exhibits a phase transition. In this chapter, we investigate several
more properties of the Erdés-Rényi random graph. We start by investigating the critical
behavior of the size of largest connected component in the Erdés-Rényi random graph
by studying p = 1/n in Section 5.1. After this, in Section 5.2, we investigate the phase
transition for the connectivity of ER,(p), and for p inside the critical window, compute
the asymptotic probability that the Erdés-Rényi random graph is connected. Finally, in
Section 5.3, we study the degree sequence of an Erdés-Rényi random graph.

5.1 The critical behavior

In this section, we study the behavior of the largest connected component for the critical
value p = 1/n. In this case, it turns out that there is interesting behavior, where the size
of the largest connected component is large, yet much smaller than the size of the volume.

Theorem 5.1 (Largest critical cluster). Fiz A = 1. There exists a constant b > 0 such
that for all w > 1 and for n sufficiently large,

P, (w*1n2/3 < |Conax| < wn2/3) >1- % (5.1.1)

Theorem 5.1 shows that the largest critical cluster obeys a non-trivial scaling result.
While |Cmax| is logarithmically small in the subcritical regime A < 1 by Theorem 4.4, and
|Cmax| = ©(n) in the supercritical regime A > 1 by Theorem 4.8, at the critical value
A = 1, we see that the largest cluster is ©(n?/®). The result in Theorem 5.1 shows that
the random variable |Cmax\n72/ 3 is tight, in the sense that with high probability, we have
|Cmax|n ™3 < w for w sufficiently large. Also, with high probability, |Cmax|n ™2/ > w ™,
so that with substantial probability, |Cmax| = ©(n?/?).

5.1.1 Strategy of the proof

In the proof, we make essential use of bounds on the expected cluster size, as well as
on the tail of the cluster size distribution. We will formulate these results now. We define
the tail of the cluster size distribution by

Por (M) = BA(IC(v)] > k). (5.1.2)

We study the tail of the distribution of |C(v)| for the critical case A = 1 in the following
theorem:

rng/s, there exist constants
0 for some k > 0, and c2

Proposition 5.2 (Critical cluster tails). Fizx A = 1. For k
0 < c < c2 < oo with ey = ei(r) such that min,<, c1(r)
independent of r, such that for n sufficiently large

<
>

L<pa() <2

N (5.1.3)

e
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Proposition 5.2 implies that the tails of the critical cluster size distribution obey similar
asymptotics as the tails of the total progeny of a critical branching process. See (3.5.24),
from which it follows that

P(T" > k) = (%)1/2151/2[1 Ok (5.1.4)

However, the tail in (5.1.3) is only valid for values of k that are not too large. Indeed, when
k > n, then P>,(1) = 0. Therefore, there must be a cut-off above which the asymptotics

fails to hold. As it turns out, this cut-off is given by rn?/3. The upper bound in (5.1.3)
holds for a wider range of k, in fact, the proof yields that (5.1.3) is valid for all k.

Exercise 5.1 (Tail for critical branching process total progeny). Prove (5.1.4) using
(3.5.24).

We next study the critical expected cluster size
Ex[IC[] = x (). (5.1.5)

Proposition 5.3 (Bound on critical expected cluster size). There exists a constant K > 0
such that for all A <1 andn > 1,

x(\) < Kn'/3, (5.1.6)
Proposition 5.3 is intuitively consistent with Theorem 5.1. Indeed, in the critical regime,
the expected cluster size receives a substantial amount from the largest cluster. Therefore,

intuitively, for any v € [n],

X(1) ~ Ea[[C(0)[Lvecmany] = EillCmax|Lgvecimay ] (5.1.7)

where ~ denotes an equality with an uncontrolled error.
When [Cnax| = ©(n?/?), then

En[[Conax| Tgvecuma] ~ 7/ °P1(v € Cmax)- (5.1.8)

Furthermore, when |Ciax| = ©(n?/?), then

n2/3

P1(v € Crnax) ~ = — = n='3, (5.1.9)
Therefore, one is intuitively lead to the conclusion
x(1) ~n'/3, (5.1.10)

Exercise 5.2 (Critical expected cluster size). Prove that Proposition 5.2 also implies that
x(1) > en'’? for some ¢ > 0. Therefore, for A\ = 1, the bound in Proposition 5.3 is
asymptotically sharp.

Propositions 5.2 and 5.3 are proved in Section 5.1.2 below. We will first prove Theorem
5.1 subject to them.

Proof of Theorem 5.1 subject to Propositions 5.2 and 5.3. We start with the upper bound
on |Cmax|. We again make use of the fundamental equality {|Cmax| > k} = {Z>1 > k},
where we recall that

Zoi =Y Ljjew)zk}- (5.1.11)
v=1
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By the Markov inequality (Theorem 2.14), we obtain

Py (|Cmax| > wn®?) = P1(Z, 275 > wn®?) <w™'n T PRA[Z, 28] (5.1.12)
By Proposition 5.2,
2/3 C2
Ei[Z,,,2/8] = nP,,2/5(1) < n®/ 7 (5.1.13)
so that
C2

]Pl (lcmax| > W’I’Lg/g) <

< (5.1.14)

Equation (5.1.14) proves a stronger bound than the one in Theorem 5.1, particularly for
w > 1 large.

For the lower bound on |Cmax|, we first note that for w < b, there is nothing to prove.
The constant b > 0 will be taken large, so that web shall assume that w > x~!, where
Kk > 0 is the constant appearing in Proposition 5.2.

We use the Chebychev inequality (Theorem 2.15), as well as {|Cmax| < k} = {Z>1 = 0},
to obtain that

Vari(Z,,,-1,2/3)

Py (Cmax| < w™'0*®) = P1(Z,,, 1,205 =0) < Bz, wanf (5.1.15)
By (5.1.3), we have that
EilZ,, 1,2/3] =nP.  1,2/5(1) > c1v/wn®?, (5.1.16)
where we used that w > k™!, and ¢; = min, <, c1(r) > 0. Also, by Proposition 4.7, with
k, = w_1n2/3,
Var: (Zy,,-1,2/3) < nXo-1,2/5(1) = RE[IC) Loy m0-1n2/y)- (5.1.17)

By Proposition 5.3, we can further bound
Vari(Z,,-1,2/3) < nXs,-1,2/5(1) < nx(1) < Kn*/?. (5.1.18)
Substituting (5.1.15)—(5.1.18), we obtain, for n sufficiently large,

4/3
Kn T K (5.1.19)

20.).

—1_2/3
Pl(‘cmaxl <w n ) < C%wn‘l/?’ 3

We conclude that

Py (w_1n2/3 < |Cmax| < wn2/3) =1 —P1(|Cmax| < w_1n2/3) —P1(|Crnax| > wn2/3)

K
21— - 2>
Aw w3/

b
- — 1.2
2, (5.1.20)

when b = Kcl_2 + c2. This completes the proof of Theorem 5.1 subject to Propositions 5.2
and 5.3. (I

5.1.2 Proofs of Propositions 5.2 and 5.3
We start by proving Proposition 5.2.
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Proof of Proposition 5.2. We fix A < 1. Theorem 4.2 gives
Poi(N) S Pup(T > k), (5.1.21)

where we recall that P, ), is the law of a binomial branching process with parameters n
and p = A\/n, and T its total progeny. By Theorem 3.18, for A =1,

Pox(N) S PX(T" > k) + ex(n), (5.1.22)
where, by (3.6.2),
k
2 * *
lex(n)] <~ Elek(T > s), (5.1.23)

and where we recall that P} is the law of a (critical) Poisson branching process, i.e., a
branching process with Poisson offspring distribution with parameter A, and 7™ is its total
progeny.

By (3.5.24), it follows that there exists a C' > 0 such that for all A <1 and s > 1,

* * * * C
Therefore, we can also bound |eg(n)| for all A <1 and k£ < n by
k
1 C VEk _ 4aC
<IN L <cyc¥t <2 1.
\ek(n)lfn;\/g,wn <7 (5.1.25)
since k < n. We conclude that, for all A <1 and k < n,
5C
Psi(N) < 7 (5.1.26)

In particular, taking A = 1 prove the upper bound in (5.1.3).
We proceed with the lower bound in (5.1.3), for which we make use of Theorem 4.3 with

k < rn?/3. This gives that
Pi(|IC(1)| > k) > Pr—i p(T > k). (5.1.27)
where T is the total progeny of a binomial branching process with parameters n — k <

n—rn?? and p = 1/n. We again use Theorem 3.18 for A, =1 — rnTY3 > 1 - k/n, as in
(5.1.22) and (5.1.23). We apply the one-but-last bound in (5.1.25), so that

Pule()] 2 ) 2 B, (1 2 1) — 2OV 5 g (e 5 gy - 2007 (5.1.28)
We then use Theorem 3.14 to obtain, since \,, < 1,
> . " 4C\/r
Pa(IC(1)] > k) > ;PM(T =1) - nz/{
R N ) s W [V
=> TR e
t=Fk
~ * * — 4C T
> S BT = t)e Pt — n2>3[’ (5.1.29)

-
Il
B

where, for A, = 1 —rn~ /% and by (4.3.1),

In, = An—1—log A = %(An 124+ 0( — 1P). (5.1.30)
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Exercise 5.3 (Equality total progeny probabilities). Prove that

) 1 s
( 2, e ’\t:Xe I (T = t). (5.1.31)

Therefore, for n sufficiently large,

2k
I —1ln,—1)2 ° 4C\/r
PA”C(D'EMEZ,@E(T — e 3 OnDH0+ (1>>_n27>3f
t=

NG n2/3

9—3/2 4
> 70671@@,;1)2(1“(1)) _ 027/\? > Cl(r)7 (5.1.32)
\/E n \/E

since A, — 1 = —rn~'/3 and where ¢ (r) = 0(273/267T3 —44/r) > 0 for r < &, for some
K > 0 sufficiently small. This completes the proof of Proposition 5.2. (I

2k
>3 C ~10n-1ttor) _ 4CVT
t=k

Exercise 5.4 (A first sign of the critical window). Adapt the proof of Proposition 5.2 to
the case where p = (1 +60n"'/3)/n, where 6 € R.

Proof of Proposition 5.3. Define
Tn(A) = PaA(1 +— 2), (5.1.33)

where we have added a subscript n to make the dependence on the graph size explicit. We
add a subscript n to x»(\) = EA[|C(v)]|] as well to make its dependence on the size of the
graph explicit. Note that, by exchangeability of the vertices, (see also Exercise 4.17)

XA =Ex[ D Tpenny] =D Paw+— 1) = (n—1)7()) + 1. (5.1.34)

v=1

Therefore, Proposition 5.3 follows from the bound
(1) < Kn=%/3, (5.1.35)

For this, we will use a bound on the derivative of A\ — 7,(\) with respect to A. This
derivative exists, see also Exercise 5.5 below.

Exercise 5.5 (Differentiability of connectivity function). Show that A\ — T (\) is differ-
entiable. Hint: 7,(\) is a polynomial of bounded degree in .

Fix A =1 — n~/3, and note that
B =70+ [ Ti@da, (5.1.36)

where 7;,(\) denotes the derivative of 7,,()\) with respect to \.

Since |C(v)| is stochastically smaller than the total progeny T of a binomial branching
process with parameters n and p = \/n, we have that x,(\) < E, ,[T] by Theorem 2.12.
By Theorem 3.5 (see also Exercise 4.12),

Xn(A) < Enp[T] = 1 s (5.1.37)



106 The Erdés-Rényi random graph revisited*

Using (5.1.34), we conclude that

1/3
Tn(A) = - i 1(Xn(A) -1)< % <n 3, (5.1.38)

This bounds the first term in (5.1.36). For the second term we will make use of a bound
on the derivative of A — 7, (), which is formulated in the following lemma:

Lemma 5.4 (A bound on the derivative of the connectivity function). There ezists a
constant Cr > 0 independent of a, A and n such that, or all A\ <1, n>1 anda <1,

() < an”?Pxn (1) + Cr s, (5.1.39)
a

Before proving Lemma 5.4, we complete the proof of Proposition 5.3 subject to Lemma
5.4:

Proof of Proposition 5.3 subject to Lemma 5.4. Substituting the bound in Lemma 5.4 into
(5.1.36) and using (5.1.38), we obtain

(1) <n 2P 4 %Xn(l) + %n*“’/:”. (5.1.40)

For n sufficiently large and for a = %, and by (5.1.34), we have %, (1) < 37,(1)/4. Thus
we obtain, for n sufficiently large,

IN

(1) %Tn(l) + 20 + 1) 23, (5.1.41)
so that, again for n sufficiently large,
(1) < (8C, + 4)n /3. (5.1.42)

This completes the proof of (5.1.35), with K = 8C; + 4, and (5.1.35) in turn implies
Proposition 5.3. U

Proof of Lemma 5.4. We need to bound
() = lim é[fn(A +e) = (V)] (5.1.43)

We use the coupling of all random graphs ER,,(p) for all p € [0, 1] in Section 4.1.1, which
we briefly recall here. For this coupling, we take n(n — 1)/2 independent uniform random
variables Us; for each edge st. For fixed A, we declare an edge st to be A-occupied when
Ust S )\/n

The above coupling shows that the number of occupied bonds increases when X increases.
We recall that an event is increasing when, if the event occurs for a given set of occupied
edges, it remains to hold when we make some more edges occupied. For example, the event
{1 +— 2} that there exists an occupied path from 1 to 2, is an increasing event. As a
consequence of the above coupling, we obtain that A — 7,,()\) is increasing, and that

(A4 e) — mm(A) = P(1 &5 2,1 24 2), (5.1.44)

where we write 1 <> 2 for the event that 1 is connected to 2 in the A-occupied edges.
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Equation (5.1.44) implies that there must be at least one edge that is (A + €)-occupied,
but not A-occupied. When ¢ | 0, this edge becomes unique with high probability, since the
probability that there are at least two of such edges is bounded by £2.

The probability that a given edge is (A + €)-occupied, but not A-occupied is equal to
¢/m, of which the factor ¢ is canceled by the factor £ in (5.1.43). Moreover, this edge,

£

which we denote by st, must be such that 1 %@ 2, but if we turn st occupied, then 1 29

does occur. Thus, we must have that 1 & s and 2 & t, but 1 <ﬁAL> 2. Therefore, we
obtain the remarkable identity

/ 1
A)=— Pr(l 4> 5,2 1,1 2). 5.1.45
nN = DR ez nl ek 2) (5.1.45)
We can perform the sums over s and ¢ to obtain

1 1
) = EEA[g n{lés}n{wt}n{l%z}] = B [COIC@ ] (5.146)

We condition on [C(1)| =1 and 1 <ﬁ2L> , and note that

EA[IC@) | 1) = 1,1 < 2] = Xnt (nd)s (5.1.47)
where we write A\, = )\"T*l. Therefore, we arrive at
1 n
) ==> P D= Dxni(An). 1.4
Tn(A) n; A(CM)] = Dxn—1(An,1) (5.1.48)

We split the sum over [ between | < a®n?® and | > a?n?/3. For | < a*n?/®, we use that
Xn—1(An,t) < Xn(A) < xn(1), (5.1.49)
since I — xn—1(An,1) is decreasing.

Exercise 5.6 (Monotonicity properties expected cluster size). Prove that I — xn—i(An,i)
is mon-increasing and decreasing for A > 0. Hint: Xn#()x%) is equal to the expected
cluster size in the random graph ER(n — I, \/n).

We conclude that

n

TN < () Y ECMl =0+ S IEACW)] = Dxni(). (5.150)

1<a2n2/3 1>a2n2/3

S

For | > a®n?/3, we use that xn(A) < (1 — A\)~! (compare to the argument in (5.1.37)), so
that,

1 n 1 n
_ < = — < — .
Xn l()\n,l) =71_ )\n,l I %(1 — )\) +)\ =7 5 (5 1 51)
since n/l > 1. Therefore,
1 n
h(A) < —xn(1) Sore@) =0+ > Pale) =1). (5.1.52)

1<a2n2/3 I>a2n2/3
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We bound, using Proposition 5.2,

Do Y Baemi=n< > Y Baem) =1

S (e =1)

1<a2n2/3 1<a2n2/3 i=1 i<a2n2/3 1=i
= Y Pl =i < D Pi(leD)] =)
i<a2n2/3 i<a2n2/3
< Y Z<com's (5.1.53)
i§a2n2/3\ﬂ

where we use that c2 in Proposition 5.2 is independent of r. Furthermore, we again use
Proposition 5.2 to bound

- Cc _
> BA(CI =1 = Poya,on(V) S Pyyoas(1) < —n” 2 (5.1.54)

1>a2n2/3

Substitution of (5.1.53)—(5.1.54) into (5.1.52) proves

mh(A) < Can™**x, (1) + %n*l/?’. (5.1.55)
Replacing Ca by a, this is equivalent to

() < an” By, (1) + %271_1/3, (5.1.56)
which, in turn, is equivalent to (5.1.39). O

Exercise 5.7 (A bound on the derivative of the expected cluster size). Use (5.1.48) and
(5.1.49) to prove that

0 2
—x(A) < x(\ 1.
o XA = x(V)7, (5.1.57)
and use this inequality to deduce that, for all A <1,
) > ! (5.1.58)

X7+ (A =1)°
5.1.3 Connected components in the critical window revisited

In this section, we discuss the critical window of the Erd6s-Rényi random graph. By
Theorem 5.1, we know that, for p = 1/n, the largest connected component has size roughly
equal to n?/3. As it turns out, such behavior is also seen for related values of p. Namely,
if we choose p = (1 + tn71/3)/n, then we see similar behavior appearing for the largest
connected component size. Therefore, the values of p for which p = (l—l—tn*l/?’)/n are called
the critical window. We start by discussing the most detailed work on this problem, which
is by Aldous [12], following previous work on the critical window in [40, 108, 134, 136].

The point in [12] is to prove simultaneous weak convergence of all connected components
at once. We start by introducing some notation. Let |C(;)(t)| denote the 5 largest cluster
of ERn(p) for p = (1 4 tn~%?)/n. Then one of the main results in [12] is the following
theorem:

Theorem 5.5 (Weak convergence of largest clusters in critical window). For p = (1 +
tn='/3)/n, and anyt € R, the vector C(t) = (n™2/3|Ca1y (t)|, n~2|Cs) ()], n2/3|Cis ()], - . )
converges in distribution to a random vector v = (Vi(t))i>1-



5.2 Connectivity threshold 109

Thus, Theorem 5.5 is stronger than Theorem 5.1 in three ways: (1) Theorem 5.5 proves
weak convergence, rather than tightness only; (2) Theorem 5.5 considers all connected
components, ordered by size, rather than only the first one; (3) Theorem 5.5 investigates
all values inside the critical window at once.

While [12] is the first paper where a result as in Theorem 5.5 is stated explicitly, sim-
ilar results had been around before [12], which explains why Aldous calls Theorem 5.5 a
‘Folk Theorem’. The beauty of [12] is that Aldous gives two explicit descriptions of the
distribution of the limiting random variable (Cf,, ], C(s),Cls), . . .), the first being in terms of
lengths of excursions of Brownian motion, the second in terms of the so-called multiplicative
coalescent process. We shall intuitively explain these constructions now.

We start by explaining the construction in terms of excursions of Brownian motion. Let
{W(s)}s>0 be standard Brownian motion, and define

W'(s) = W(s) +ts —s°/2 (5.1.59)
be Brownian motion with an (inhomogeneous) drift ¢ — s at time s. Let

B'(s) = W'(s) — min W'(s") (5.1.60)

0<s’'<s

correspond to the process {W(s)}s>o reflected at 0. We now consider the excursions of
this process, ordered in their length. Here an excursion v of {B*(s)}s>0 is a time interval
[1(7),7(7)] for which B*(I(v)) = B'(r(v)) = 0, but B*(s) > 0 for all s € (I(7),7(7)). Let
the length || of the excursion 7 be given by r(y) — (). As it turns out (see [12, Section
1] for details), the excursions of {B’(s)}s>0 can be ordered by decreasing length, so that
{ﬁ : j > 1} are the excursions. Then, the limiting random vector C™ has the same
distribution as the ordered excursions {7} : j > 1}. The idea behind this is as follows. We
make use of the random walk representation of the various clusters, which connects the
cluster exploration to random walks. However, as for example (4.5.4) shows, the step size
distribution is decreasing as we explore more vertices, which means that we arrive at an
inhomogeneous and ever decreasing drift, as in (5.1.59). Since, in general, random walks
converge to Brownian motions, this way the connection between these precise processes
can be made.

To explain the connection to the multiplicative coalescent, we shall interpret the t-
variable in p = (1 4+ tn~'/3)/n as time. We note that when we have two clusters of
size zn*/® and yn?/® say, and we increase t to t + dt, then the probability that these
two clusters merge is roughly equal to the number of possible connecting edges, which is
zn?/? x yn2/3 = myn4/3 times the probability that an edge turns from vacant to occupied
when p increases from p = (1+tn"/3)/n to (14 (t+dt)n"'/%)/n, which is dtn~*/3. Thus,
this probability is, for small dt close to

zydt. (5.1.61)

Thus, distinct clusters meet at a rate proportional to the rescaled product of their sizes.
The continuous process which does this precisely is called the multiplicative coalescent,
and using the above ideas, Aldous is able to show that the limit of C*™ equals such a
multiplicative coalescent process.

5.2 Connectivity threshold

In this section, we investigate the connectivity threshold for the Erd6s-Rényi random
graph. As we can see in Theorem 4.8, for every 1 < A < oo, the largest cluster for the
Erdds-Rényi random graph when p = A\/n is (xn(1l + o(1)), where ¢x > 0 is the survival
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probability of a Poisson branching process with parameter A. Since extinction is certain
when the root has no offspring, we have

G<1-P(Zi=0)=1-¢"<1. (5.2.1)

Therefore, the Erdds-Rényi random graph with edge probability p = A\/n is with high
probability disconnected for each fixed A < co. Here, we use the terminology “with high
probability” to denote an event of which the probability tends to 1. We now investigate
the threshold for connectivity for an appropriate choice A = \,, — co. Theorem 5.6 and
its extension, Theorem 5.9, were first proved in [83].

Theorem 5.6 (Connectivity threshold). For A —logn — oo, the Erdds-Rényi random
graph is with high probability connected, while for A—logn — —oo, the Erdds-Rényi random
graph is with high probability disconnected.

In the proof, we investigate the number of isolated vertices. Define
n
Y = Z Ii, where Ii = ]1{|C(i)\:1} (5.2.2)
=1

for the number of isolated vertices. Clearly, when Y > 1, then there exists at least one
isolated vertex, so that the graph is disconnected. Remarkably, it turns out that when
there is no isolated vertex, i.e., when Y = 0, then the random graph is also with high
probability connected. See Proposition 5.8 below for the precise formulation of this result.
By Proposition 5.8, we need to investigate the probability that Y > 1. In the case where
A — logn| — oo, we make use of the Markov and Chebychev inequality (Theorems 2.14
and 2.15) combined with a first and second moment argument using a variance estimate
in Proposition 5.7. We will extend the result to the case that A = logn + ¢, in which case
we need a more precise result in Theorem 5.9 below. The main ingredient to the proof of
Theorem 5.9 is to show that, for A = logn + t, Y converges to a Poisson random variable
with parameter e”* when n — co.

To prove that Y > 1 with high probability when A —logn — —oo, and Y = 0 with high
probability when A — logn — oo we use the Markov inequality (Theorem 2.14). We make
use of an estimate on the mean and variance of Y:

Proposition 5.7 (Mean and variance of number of isolated vertices). For every A < n/2,

2

EA[Y] = ne (1 + O(e™ ")), (5.2.3)
and, for every A < n,
Vara(Y) < EalY] + ﬁEA Y. (5.2.4)

Proof. Since |C(i)] = 1 precisely when all edges emanating from ¢ are vacant, we have,
using 1 —z <e %,

A

)" < neten. (5.2.5)

EA[Y] = nBA(IC()] = 1) = n(1 - 2

Also, using that 1 —z > e~ for 0 <z< %, we obtain

EalY] = nPA(|C(1)] = 1) > ne” "D w1+ 0)

2
2 A =22

> ne MR = pe e W (5.2.6)
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This proves (5.2.3).
To prove (5.2.4), we use the exchangeability of the vertices to compute

IEA[YQ] =nPr(|C(1)| =1) + n(n— 1Pr(|C(1)| = 1,|C(2)| = 1). (5.2.7)
Therefore, we obtain

Vara(Y) = n[PA(IC(1)]| = 1) = Pa(|C(1)] = L,[C(2)] = 1)]
+n?[Pa(lC(1)] = 1,|C(2)] = 1) — PA(|C(1)| = 1)?]. (5.2.8)

The first term is bounded above by E\[Y]. The second term can be computed by using
(5.2.5), together with

PA(C(1)] = 1,C(2)] = 1) = (1 — 2)*3, (5.2.9)

n

Therefore, by (5.2.5) and (5.2.8), we obtain

A —
PA(lC(1)] = 1,1C(2)] = 1) = Pa(lC(1)] = 1)* = Pa(lC(1)] = 1)*[(1 - ) F-1]
A 2
=——7—P(C(1)| =1)". 5.2.10
S Plew =t 6210
We conclude that
Vary (V) < Ea[Y] + i /\IEA[Y]Z. (5.2.11)
O
Proposition 5.8 (Connectivity and isolated vertices). For all0 < A < n,
Py (ERH(A/n) connected) <PA(Y =0). (5.2.12)
Moreover, if there exists an a > 1/2 such that A > alogn, then, for n — oo,
Py (ERn (A/n) connected) =Py(Y =0) +o(1). (5.2.13)
Proof. We use that
Py (ERn()\/n) disconnected) =Pr(Y > 0) + Py (ERn(/\/n) disconnected, Y = 0).
(5.2.14)
This immediately proves (5.2.12).

To prove (5.2.13), we make use of a computation involving t¢rees. For k = 2,...,n, we
denote by X the number of occupied trees of size equal to k on the vertices 1,...,n that
cannot be extended to a tree of larger size. Thus, each tree which is counted in X has
size precisely equal to k, and when we denote it’s vertices by v1, ..., vk, then all the edges
between v; and v ¢ {v1,...,v,} are vacant. Moreover, there are precisely k — 1 occupied

edges between the v; that are such that these occupied edges form a tree. Note that a
connected component of size k can contain more than one tree of size k, since the connected
component may contain cycles. Note furthermore that, when ER,(A\/n) is disconnected,
but Y = 0, there must be a k € {2,...,n/2} for which X > 1.
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We conclude from Boole’s inequality and the Markov inequality (Theorem 2.14) that

Py (ERn(/\/n) disconnected, Y = 0) <P, ( UZfQ { Xk > 1})

n/2 n/2
<D PA(X 2 1) <) Ea[Xy. (5.2.15)
k=2 k=2

Therefore, we need to bound Ex[X4]. For this, we note that there are () ways of choosing k

vertices, and, by Cayley’s Theorem 3.15, there are k¥ =2 labeled trees containing k vertices.
Therefore,

Ex[X] = (Z) K2 g, (5.2.16)

where g is the probability that any tree of size k is occupied and all the edges from the
tree to other vertices are vacant, which is equal to

W ()T Q) e e

We conclude that
"2 ik
Ex[Xk] < n/\’HTe*W (n=k), (5.2.18)

If we further use that k! > k*e™*, and also use that A > 1, then we arrive at

EA[X)] < n(e)\)kk—ge_%k(”_k). (5.2.19)

Since A r» e~ nk(=k) g decreasing in A, it suffices to investigate A = alogn for some
a>1/2. For k € {2,3,4}, for A = alogn for some a > 1/2,

Ex[Xk] < n(eX) e ™ = o(1). (5.2.20)
For all k < n/2 with k > 5, we bound k(n — k) > kn/2, so that
Ex[Xx] < n(exe *?), (5.2.21)

As a result, for A = alogn with a > 1/2, and all k¥ > 5, and using that A — Ae M2 s
decreasing for A\ > 2,

Ex[Xx] < n'™F/4, (5.2.22)
We conclude that
n/2 n/2
P (ERn(A/n) disconnected, Y = o) <SS EX] <Y 0 M —0(1).  (5.2:23)
k=2 k=2
O

Proof of Theorem 5.6. The proof makes essential use of Proposition 5.8. We start by
proving that for A —logn — —oo, the Erdds-Rényi random graph is with high probability
disconnected. We use (5.2.3) to note that

EA[Y] =ne *(1+0(1)) = e M8 (1 4 0(1)) — co. (5.2.24)
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By the Chebychev inequality (Theorem 2.15), and the fact that A < logn,

Ex[Y]+ 25EA[Y]? 1 A
N [Y]A2 =E\[Y] '+ "~ —0. (5.2.25)

= <
PA(Y = 0) < "

Proposition 5.8 completes the proof that for A — logn — —oo, the Erd6s-Rényi random
graph is with high probability disconnected.

When A —logn — oo with A < 2logn, then, by the Markov inequality (Theorem 2.14)
and (5.2.5),

PA(Y =0)=1-Py\(Y >1) >1-E\[Y] >1—ne *O(1) = 1. (5.2.26)

Since the connectivity is an increasing property, this also prove the claim for A—logn — oo
with A > 2logn. Therefore, the claim again follows from Proposition 5.8. O
5.2.1 Critical window for connectivity”

In this section, we investigate the critical window for connectivity, by considering con-
nectivity of ER,(A/n) when A = logn + t for fized t € R. The main result in this section
is as follows:

Theorem 5.9 (Critical window for connectivity). For A = logn+t — oo, the Erdds-Rényi
random graph is connected with probability e_eit(l +0(1)).

Proof. In the proof, we again rely on Proposition 5.8. We fix A = logn + ¢ for some ¢t € R.

We prove a Poisson approximation for Y that reads that Y Ny , where Z is a Poisson
random variable with parameter

lim EA\[Y]=e ", (5.2.27)

n—>00

where we recall (5.2.3). Therefore, the convergence in distribution of Y to a Poisson random
variable with mean e~* implies that

PA(Y =0) = e o BT () =7 4 0(1), (5.2.28)

and the result follows by Proposition 5.8.

In order to show that Y —% Z , we use Theorem 2.4 and Theorem 2.5, so that it suffices
to prove, recalling that I; = lyjc(;)=13, for all r > 1,

lim E[(Y),] = nli—>Holo_ Z Pa(liy = =1, =1) =", (5.2.29)
L yeeeylp

where the sum ranges over all i1,...,i, € [n] which are distinct. By exchangeability of
the vertices, Px(I;; = --- = I;, = 1) is independent of the precise choice of the indices

i1,...,%r, SO that
Px(liy = =15,=1)=Px\(Lh=---=1.=1). (5.2.30)
Using that there are n(n —1)--- (n —r + 1) distinct choices of i1, ..., i, € [n], we arrive at

|

E(Y),] = ——Py(li ==L = 1). (5.2.31)

(n—r)!
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The event {I; = --- = I, = 1} occurs precisely when all edges st with s € [r] and t € [n]
are vacant. There are r(r—1)/24+r(n—7r) = r(2n—7r—1)/2 of such edges, and since these
edges are all independent, we arrive at

PA(Il =...=1.= 1) — (1 _ %)T‘(?n—r-l)/Q
=(1- %)nr(l — %)—r(r+1>/2 =n""EA[Y] (1 +0(1)), (5.2.32)

using that Ex[Y] = n(1 — A/n)""*. Thus,

. _ . . —r r __ _—tr
nhﬁngo E[(Y),] = nhﬁnolo n=n) T)!n EAlY]" =e ™, (5.2.33)
where we use (5.2.27). This completes the proof of Theorem 5.9. O

Exercise 5.8 (Second moment of the number of isolated vertices). Prove directly that the
second moment of Y converges to the second moment of Z, by using (5.2.10).

5.3 Degree sequence of the Erdés-Rényi random graph

As described in Chapter 1, the degree sequences of various real networks obey power
laws. Therefore, in this section, we investigate the degree sequence of the Erdds-Rényi
random graph for fixed A > 0. In order to be able to state the result, we first introduce
some notation. We write
AP

Ha

for the Poisson distribution with parameter X\. Let D; denote the degree of vertex i and
write

pr=e k>0, (5.3.1)
P = 1 i L p,—k) (5.3.2)
n =1 '

for the empirical degree distribution of the degrees. The main result is as follows:

Theorem 5.10 (Degree sequence of the Erdés-Rényi random graph). Fiz A > 0. Then,
for every €, such that \/ne, — oo,

]P’A(méxx Ipy — pi| > en) — 0. (5.3.3)

Proof. We note that

EA[P™] = PA(D1 = k) = (”;;1>(A)k(1A)”_k_{ (5.3.4)

n n
Furthermore,
- -1\, A\ n—k— = .
- ()@ =S - v ) s
k=0 k=0

where X ™ is a Poisson random variable with mean A, and X,, is a binomial random variable
with parameters n — 1 and p = A\/n. We will use a coupling argument to bound this
difference. Indeed, we let X denote a binomial random variable with parameters n and
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p = A/n. Since we can couple X and X, such that the probability that they are different
is precisely equal to p = A/n, we obtain

> |P(Xn =k) —P(X =k)| < A (5.3.6)
k=0 n
Therefore, for all k > 0,
e 2
S TIP(X* =k) - P(X, =k)| < % +P(X* £ X) < A Z’\ , (5.3.7)
k=0

where we have also used Theorem 2.9. Since )‘+T’\2 < &, we have just shown that

D oneo Ik — Ex[P{"]] < en/2 for n sufficiently large. Thus, it suffices to prove that

P ; B —EAPC)| > ) = o(1), (53.5)

For this, we use Boole’s inequality to bound

P (max [P0~ AP0 > ) < glm(%"’ SERIZD). (5.89)
By the Chebychev inequality (Theorem 2.15),
Py (|P™ — EA[P(V]] > %") < 4e, 2 Var, (P{). (5.3.10)
We then note that
Vary (P(™) = %[]P’A(Dl = k) —Px(D; = k)Q]
n- ! [BA(Dy = Dz = k) ~ BA(Dy = £)7]. (5.3.11)

We now use a coupling argument. We let X, X5 be two independent BIN(n — 2, \/n)
random variables, and I1,Is two independent Bernoulli random variables with success
probability A/n. Then, the law of (D1, D2) is the same as the one of (X1 + I, Xo + I1)
while (X1 + I1, X2 + I2) are two independent copies of the Di. Then,

PA(Dy = Dy = k) = Py ((X1 + 0, X2+ 1) = (, k)), (5.3.12)

PA(D; = k)® = Py ((X1 T 1, X + ) = (K, k)), (5.3.13)

o that QLG cmcoel |

PA(Dy = Dy = k)—P(Dy = k)? < Py ((X1+11, Xot11) = (k, k), (X1+11, Xo+1o) # (k, k)).

(5.3.14)
When (X1 + I, X2 + L) = (k, k), but (X1 + I1, X2 + I2) # (k,k), we must have that
I1 75 IQ. If [1 = 1, then 12 =0 and X2 = k, While, if Il = 0, then IQ =1 and X1 = k
Therefore, since X; and X2 have the same distribution,

PA(D1 = D2 = k) — P5(D1 = k)* < Z2P\(X1 = k). (5.3.15)
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We conclude from (5.3.11) that
2A+1)

Vary (P{™) < R (X = k), (5.3.16)
so that, by (5.3.9)-(5.3.10),
n n 422+ 1) &
P (max [P B[] > en/2) < 250 > B(xi =
D NS (5.3.17)
ean
This completes the proof of Theorem 5.10. O

In Chapter 6 below, we give an alternative proof of Theorem 5.10, allowing for weaker
bounds on &,. In that proof, we use that the Erdés-Rényi random graph is a special case
of the generalized random graph with equal weights. See Theorem 6.7 below.

5.4 Notes and discussion

Notes on Section 5.1. We list some more recent results. In [110], a point process de-
scription is given of the sizes and number of components of size en?/3. In [160], an explicit,
yet involved, description is given for the distribution of the limit of |Cmax|n72/ 3. The
proof makes use of generating functions, and the relation between the largest connected
component and the number of labeled graphs with a given complexity [. Here, the com-
plexity of a graph is its number of edges minus its number of vertices. Relations between
Erdés-Rényi random graphs and the problem of counting the number of labeled graphs
has received considerable attention, see e.g. [41, 100, 135, 168, 180, 181] and the references
therein. Consequences of the result by Pittel [160] are for example that the probability
that |Cmax|n_2/3 exceeds a for large a decays as e_“a/8 (in fact, the asymptotics are much
stronger than this!), and for very small a > 0, the probability that \Cmax|n_2/3 is smaller
2

than a decays as e™“*

for some explicit constant ¢ > 0. The bound on the upper tails
of [Cmax|n /2 is also proved in [145], and is valid for all n and a, with the help of relatively
simple martingale arguments. In [145], the bound (5.1.14) is also explicitly proved.

The equality in (5.1.45) is a special example of Russo’s formula, see [93]. Russo’s
Formula has played a crucial role in the study of percolation on general graphs, and states

that for any increasing event E on ER,,(p), we have that
OP(E)
ap

= Z]P’(st is pivotal for E), (5.4.1)
st

where we say that an edge st is pivotal for an increasing event E when the event E occurs in
the (possibly modified) configuration of edges where st is turned occupied, and the event E
does not occur in the (possibly modified) configuration of edges where st is turned vacant.
See [5, 6, 24] for examples where pivotal edges play a crucial role.

The relation between the Erdés-Rényi random graph and coalescing processes can also
be found in [31, Section 5.2] and the references therein. In fact, ER,(p) for the entire regime
of p € [0,1] can be understood using coalescent processes, for which the multiplicative
coalescent is most closely related to random graphs.

Notes on Section 5.2. Connectivity of the Erdés-Rényi random graph was investigated
in the early papers on the subject. In [83], versions of Theorems 5.6-5.9 were proved for
ER(n, M). Bollobés gives two separate proofs in [42, Pages 164-165].
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Notes on Section 5.3. The degrees of Erd6s-Rényi random graphs have attracted con-
siderable attention. In particular, when ordering the degrees by size as diy > dz2 > -+ > dy,
various properties have been shown, such as the fact that there is, with high probability,
a unique vertex with degree di [85]. See [39] or [42] for more details. The result on the
degree sequence proved here is a weak consequence of the result in [?, Theorem 4.1], where
even asymptotic normality was shown for the number of vertices with degree k, for all k
simultaneously.






INTERMEZZO: BACK TO REAL NETWORKS 1I...

Theorem 5.10 shows that the degree sequence of the Erdés-Rényi random graph is close to
a Poisson distribution with parameter A. A Poisson distribution has thin tails, for example,
its moment generating function is always finite. As a result, the Erdés-Rényi random graph
cannot be used to model real networks where power law degree sequences are observed.
Therefore, several related models have been proposed. In this intermezzo, we shall discuss
three of them.

The first model is the so-called generalized random graph (GRG), and was first intro-
duced in [52]. In this model, each vertex ¢ € {1,...,n} receives a weight W;. Given the
weights, edges are present independently, but the occupation probabilities for different
edges are not identical, but moderated by the weights of the vertices. Naturally, this can
be done in several different ways. The most general version is presented in [44], which we
explain in detail in Chapter ??. In the generalized random graph, the edge probability of
the edge between vertex ¢ and j (conditionally on the weights {W;}i) is equal to

iWj
S 11— L1
P = L W, (1

where the random variables {W;};; are the weights of the vertices, and L, is the total
weight of all vertices given by

L, = in (1.2)
i=1

We shall assume that the weights {W;};_; are independent and identically distributed.

The second model is the configuration model, in which the degrees of the vertices are
fixed. Indeed, we write D; for the degree of vertex ¢, and let, similarly to (I.2), L, =
Z?:l D; denote the total degree. We assume that L,, is even. We will make a graph where
vertex i has degree D;. For this, we think of each vertex having D, stubs attached to it.
Two stubs can be connected to each other to form an edge. The configuration model is
the model where all stubs are connected in a uniform fashion, i.e., where the stubs are
uniformly matched.

The third model is the so-called preferential attachment model, in which the growth of
the random graph is modeled by adding edges to the already existing graph in such a way
that vertices with large degree are more likely to be connected to the newly added edges.
See Chapter 8 for details.

All these models have in common that the degree sequence converges to some limiting
distribution which can have various shapes, particularly including power laws. For the
generalized random graph and the configuration model, this is proved in Chapter 6 and
Chapter 7 respectively. For the preferential attachment models, we will defer this proof
to Chapter 8. In Chapters 6-8, we shall focus on properties of the degree sequence of
the random graphs involved. We shall study further properties, namely, the connected
components and distances in these models, in Chapters ?7-?7, respectively.

In Chapters 6-8 we shall be interested in the properties of the degree sequence of a
graph. A natural question is which sequences of numbers can occur as the degree sequence
of a simple graph. A sequence {d1,dz,...,dn} with di < ds <--- <d, is called graphic if
it is the degree sequence of a simple graph. Thus, the question is which degree sequences
are graphic? Erdés and Gallai [82] proved that a degree sequence {d1,d2, ..., d,} is graphic
if and only if 7 | d; is even and
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k n
> di<k(k—1)+ Y min(k,d), (1.3)

i=k+1

for each integer k < n — 1. The fact that the total degree of a graph needs to be even
is fairly obvious:

Exercise 5.9 (Handshake lemma). Show that for every graph, and d; the degree of vertex
j we have that 37", d; is even.

The necessity of (1.3) is relatively easy to see. The left side of (I.3) is the degree
of the first k vertices. The first term on the right-hand side of (I1.3) is the twice the
maximal number of edges between the vertices in {1,...,k}. The second term is a bound
on the total degree of the vertices {1,...,k} coming from edges that connect to vertices
in {k+1,...,n}. The sufficiency is harder to see, see [58] for a simple proof of this fact,
and [164] for seven different proofs. Arratia and Liggett [15] investigate the asymptotic
probability that an i.i.d. sequence of n integer random variables is graphical, the result
being in many cases equal to 0 or 1/2, at least when P(D even) # 1. The limit is equal to
0 when limy, o nP(D; > n) = oo and 1/2 when lim,— o nP(D; > n) = 0. Interestingly,
when lim,_,o nP(D; > n) = ¢ for some constant ¢ > 0, then the set of limit points of the
probability that {Ds, ..., Dy} is graphical is a subset of (0,1/2). The proof is by verifying
that (I.3) holds.



CHAPTER 6
INHOMOGENEOUS RANDOM GRAPHS

In this chapter, we discuss inhomogeneous random graphs, in which the equal edge proba-
bilities of the Erd6s-Rényi random graph are replaced by edge occupation statuses that are
independent, and are moderated by certain vertex weights. These weights can be taken
to be deterministic or random, and both options have been considered in the literature.
An important example, on which we shall focus in this chapter, is the so-called generalized
random graph. We shall see that this model gives rise to random graphs having a power-law
degree sequence when the weights have a power law distribution. As such, this is one of the
simplest adaption of the Erdés-Rényi random graph having a power-law degree sequence.

This chapter is organised as follows. In Section 6.1, we introduce the model. In Section
6.2, we investigate the degree of a fixed vertex in the generalized random graph, and in
Section 6.3, we investigate the degree sequence of the generalized random graph. In Section
6.4, we study the generalized random graph with i.i.d. vertex weights. In Section 6.5 we
show that the generalized random graph, conditioned on its degrees, is a uniform random
graph with these degrees. In Section 6.6, we study when two inhomogeneous random graphs
are asymptotically equivalent, meaning that they have the same asymptotic probabilities.
Finally, in Section 6.7, we introduce several more models of inhomogeneous random graphs
similar to the generalized random graph that have been studied in the literature, such as
the so-called Chung-Lu or random graph with prescribed expected degrees and the Norros-
Reittu or Poisson graph process model. We close this chapter with notes and discussion in
Section 6.8.

6.1 Introduction of the model

In the generalized random graph, each vertex has a weight associated to it. Edges are
present independently given these weights, but the occupation probabilities for edges are
not identical, but are rather moderated by the vertex weights. These weights can be fized or
deterministic. When the weights are themselves random variables, they introduce a double
randomness: firstly there is the randomness introduced by the weights, and secondly there
is the randomness introduced by the edge occupations, which are conditionally independent
given the weights.

In the generalized random graph model, the edge probability of the edge between vertices
¢ and j is equal to

__ . (GRG) __ W;Wj
Pij = Dij = 0o+ wi'UJj7 (6.1.1)

where w = (w;);c[n) are the weights of the vertices, and £, is the total weight of all vertices
given by

l, = Zw (6.1.2)
i=1

We denote the resulting graph by GRG,, (w). Without loss of generality, we shall assume
that w; > 0. Note that when, for a particular ¢ € [n], w; = 0, then vertex ¢ will be isolated
with probability 1, and, therefore, we can omit ¢ from the graph. The vertex weights
moderate the inhomogeneity in the random graph, vertices with high weights have higher
edge occupation probabilities than vertices with low weights. Therefore, by choosing the
weights in an appropriate way, this suggests that we can create graphs with flexible degree
sequences. We shall investigate the degree structure in more detail in this chapter.
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122 Inhomogeneous random graphs

A special case of the generalized random graph is when we take w; = %, in which case

pij = A/n for all 4, j € [n], so that we retrieve the Erdés-Rényi random graph ER,, (A\/n).

Exercise 6.1 (The Erdés-Rényi random graph). Prove that p;; = A\/n when w; = n\/(n—
A) for all i € [n].

Naturally, the topology of the generalized random graph sensitively depends upon the
choice of the vertex weights w = (wi);e[n). These vertex weights can be rather general.
In order to describe the empirical proporties of the weights, we define their empirical
distribution function to be

1 n
Fo(x) = > Muw,<ay, x>0 (6.1.3)
=1

We can interpret F, as the distribution of the weight of a uniformly chosen vertex in [n]:

Exercise 6.2 (The weight of a uniformly chosen vertex). Let V be a uniformly chosen
vertez in [n]. Show that the weight wy of V' has distribution function F,.

We denote the weight of a uniformly chosen vertex in [n] by W, = wy, so that, by
Exercise 6.2, W,, has distribution function F,. We often assume that the vertex weights
satisfy the following regularity conditions:

Assumption 6.1 (Regularity conditions for vertex weights).
(a) Weak convergence of vertex weight.
There exists a distribution function F' such that

W, -5 W, (6.1.4)

where Wy, and W have distribution functions F,, and F, respectively.
Equivalently, for any x for which x — F(x) is continuous,

nh_)nolo F.(z) = F(x). (6.1.5)

(b) Convergence of average vertex weight.

lim E[W,] = E[W], (6.1.6)

where Wy, and W have distribution functions F,, and F, respectively. Further, we assume
that E[W] > 0.
(c¢) Convergence of second moment vertex weight.
lim E[W;] = E[W?]. (6.1.7)
n—oo
Assumption 6.1(a) guarantees that the weight of a ‘typical’ vertex is close to a random
variable W. Assumption 6.1(b) implies that the average degree in GRG,, (w) converges (see
Exercise 6.4 below), while Assumption 6.1(c) ensures also the convergence of the second
moment of the degree. In most of our results, we shall assume Assumptions 6.1(a)-(b), in
some we also need Assumption 6.1(c).

Exercise 6.3 (Bound on weights by Assumption 6.1). Prove that Assumptions 6.1(a) and
(b) imply that
m?)iwi = o(n). (6.1.8)
i€[n
Prove that Assumptions 6.1(a) and (c) imply that

max w; = o(y/n). (6.1.9)

i€[n]
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Exercise 6.4 (Average degree in GRG,(w)). Let E(GRGn,(w)) denote the number of
edges in the graph GRG, (w). Prove that Assumptions 6.1(a) and (b) imply that

1 1
—E =— i . 1.
~E[E(GRGn(w))] = — Z pij — E[W] (6.1.10)
1<i<j<n
Thus, Assumptions 6.1(a) and (b) guarantee that GRG,(w) is sparse.

We now discuss two key examples of choices of vertex weights.

Key example of generalized random graph with deterministic weights. Let F
be a distribution function for which F(0) = 0 and fix

w; = [1 — F]~'(i/n), (6.1.11)

where [I — F]™! is the generalized inverse function of 1 — F defined, for u € (0,1), by
[1—F) "(u) = inf{s: 1 — F](s) < u}. (6.1.12)
By convention, we set [I — F]~!(1) = 0. Here the definition of [I — F]™' is chosen such
et [1—F) "1 —u) = F '(u) = inf{z : F(z) > u}. (6.1.13)

We shall often make use of (6.1.13), in particular since it implies that [1 — F]~*(U) has
distribution function F' when U is uniform on (0,1). For this choice,

n n n—1
1 1 1
Fu(z) =~ 2; Nwi<ay = 2; Lp-r-t6/m<ey = o 2;) L mr0-d)<ay
1= 1= ]:

n—1 n—1
1 1 1
== > Lpriyeny = > Lscpy = E(LnF(w)J +1) A1, (6.1.14)
Jj=0 Jj=0

where we write 7 = n — ¢ in the third equality and use (6.1.13) in the fourth equality.

Exercise 6.5 (Assumption 6.1(a)). Prove that Assumption 6.1(a) holds for (w:);c(n) as
in (6.1.11).

Note that by (6.1.14), we obtain F,,(z) > F(z) for every x > 0, which shows that W,
is stochastically dominated by W. In particular, this implies that for increasing functions
z — h(x),

LS hiw,) < EIROW)] (6.1.15)

We now study some properties of the weights in (6.1.11):

Exercise 6.6 (Moments of w and F [87]). Prove that u + [1 — F]~"(u) is non-increasing,
and conclude that, for every non-decreasing function x +— h(z) and for w; as in (6.1.11),

% i h(ws) < E[h(W)], (6.1.16)

where W is a random variable with distribution function F.
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Exercise 6.7 (Moments of w and F' [87] (Cont.)). Set a > 0, assume that E[W<] < co
where W is a random variable with distribution function F. Use Lebesgue’s dominated
convergence theorem (Theorem A.10) to prove that for w; as in (6.1.11),

% > wit = E[We]. (6.1.17)
1=1

Conclude that Assumption 6.1(a) holds when E[W] < oo, and Assumption 6.1(b) when
E[W?] < co.

An example of the generalized random graph arises when we take, for some a > 0 and
T>1,

0 forx <a
F(z) = - 1.1
() {1 —(a/x)™""  for z > a, (6.1.18)
for which
[1—F) ') =au /7Y, (6.1.19)
so that
w; = a(i/n) Y. (6.1.20)

Exercise 6.8 (Bounds on w). Fir (w;)ie[n) as in (6.1.11). Prove that when
1—F(z) <cx 7Y, (6.1.21)

then there exists a ¢’ > 0 such that w; < wi < ¢n7T for all j € [n], and all large enough
n.

The generalized random graph with i.i.d. weights. GRG can be studied both
with deterministic weights as well as with independent and identically distributed (i.i.d.)
weights. The GRG with deterministic weights is denoted by GRG, (w), the GRG with i.i.d.
weights by GRGn(W). Since we often deal with ratios of the form WiW;/(3 ¢\, W),
we shall assume that P(W = 0) = 0 to avoid situations where all weights are zero.

Both models have their own merits (see Section 6.8 for more details). The great advan-
tage of independent and identically distributed weights is that the vertices in the resulting
graph are, in distribution, the same. More precisely, the vertices are completely exchange-
able, like in the Erdds-Rényi random graph ER,(p). Unfortunately, when we take the
weights to be i.i.d., then in the resulting graph the edges are no longer independent (de-
spite the fact that they are conditionally independent given the weights):

Exercise 6.9 (Dependence edges in GRG,(W)). Let (Wi)icm be an i.i.d. sequence of
weights for which E[W?] < co. Assume further that there ewists ¢ > 0 such that P(W <
€) = 0. Prove that

nP(12 present) = nlP(23 present) — E[WW], (6.1.22)

while
n’P(12 and 23 present) — E[W?]. (6.1.23)

Conclude that the status of different edges that share a verter are dependent whenever
Var(W) > 0.
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When the weights are random, we need to specify the kind of convergence in Assumption
6.1, and we shall assume that the limits hold in probability. We now investigate the
conditions under which Assumption 6.1(a)-(c) hold. The empirical distribution function
F,, of the weights is given by

1 n
Fo(@) = =% Ww,<a)- (6.1.24)
=1

When the weights are independently and identically distributed with distribution function
F, then it is well-known that this empirical distribution function is close to F' (this is the
Glivenko-Cantelli Theorem). Therefore, Assumption 6.1(a) holds.

6.2 Degrees in the generalized random graph

In this section, we study the degrees of vertices in GRG, (w). In order to state the
main results, we start with some definitions. Given weights w = (w;);c[n), we let the
probability that the edge ij is occupied be equal to p;; in (6.1.1), and where we recall that

by, = Zie[n] w;. We write Dy, = D,i") for the degree of vertex k in GRG,(w). Thus, Dy is
given by

Dy =Y Xy, (6.2.1)
j=1
where Xj; is the indicator that the edge kj is occupied. By convention, we set X;; = Xj;.
The main result concerning the degrees is as follows:

Theorem 6.2 (Degree of GRG with deterministic weights). Assume that Assumption
6.1(a)-(b) hold. Then,

(a) there exists a coupling (Dk, Zk) of the degree Dy of vertex k and a Poisson random
variable Zi with parameter wy, such that it satisfies

P(Dy, # Z1) < 12’—’% (1 +2 (6.2.2)

n

ohrh)

In particular, Dy can be coupled to a Poisson random variable with parameter wy.

(b) When p;; given by (6.1.1) are all such that lim, oo pi; = 0, the degrees D1,...,Dm,
of vertices 1,...,m are asymptotically independent.

Before proving Theorem 6.2, we state a consequence for the degree sequence when the
weights are given by (6.1.11). To be able to state this consequence, we need the following
definition:

Definition 6.3 (Mixed Poisson distribution). A random variable X has a mized Poisson
distribution with mizing distribution F when, for every k € N,

e
k'

where W is a random variable with distribution function F'.

P(X = k) = Efe (6.2.3)

The next exercises investigate some properties of mixed Poisson random variables:

Not every random variable can be obtained as a mixed Poisson distribution (recall
Definition 6.3). In the following exercises, aspects of mixed Poisson distributions are further
investigated.
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Exercise 6.10 (Not every random variable is mixed Poisson). Give an example of a
random variable that cannot be represented as a mixed Poisson distribution.

Exercise 6.11 (Characteristic function of mixed Poisson distribution). Let X have a
mized Poisson distribution with mizing distribution F' and moment generating function
My, i.e., fort € C,

My (t) = Ele"™], (6.2.4)
where W has distribution function F. Show that the characteristic function of X is given

by _ _
bx(t) = E[e"™X] = My (e —1). (6.2.5)

Exercise 6.12 (Mean and variance mixed Poisson distribution). Let X have a mized
Poisson distribution with mizing distribution F'. Ezxpress the mean and variance of X into
the moments of W, where W has distribution function F'.

Exercise 6.13 (Tail behavior mixed Poisson). Suppose that there exist constants 0 < ¢1 <
co < 0o such that
cr' 7T <1 - F(z) < cox' 7. (6.2.6)

Show that there exist 0 < ¢} < ch < oo such that the distribution function G of a mized
Poisson distribution with mizing distribution F satisfies

Az'TT <1-G(z) < cha' 7. (6.2.7)

By Theorem 6.2, the degree of vertex i is close to Poisson with parameter w;. Thus,
when we choose a vertex uniformly at random, and we denote the outcome by V', then the
degree of that vertex is close to a Poisson distribution with random parameter wy = W,.

Since W, Lw by Assumption 6.1, this suggests the following result:

Corollary 6.4 (Degree of uniformly chosen vertex in GRG). Assume that Assumption
6.1(a)-(b) hold. Then,

(a) the degree of a uniformly chosen vertex converges in distribution to a mized Poisson
random variable with mixing distribution F';

(b) the degrees of m uniformly chosen vertices in [n] are asymptotically independent.

We now prove Theorem 6.2 and Corollary 6.4:

Proof of Theorem 6.2. We make essential use of Theorem 2.9, in particular, the coupling of a

sum of Bernoulli random variables with a Poisson random variable in (2.2.19). Throughout
(n)

this proof, we shall omit the dependence on n of the weights, and abbreviate w; = w;

We recall that .
Di = X, (6.2.8)
i=1

where Xj; are independent Bernoulli random variables with success probabilities pr; =
W W,

T By Theorem 2.9, there exists a Poisson random variable Vi, with parameter
nTWEW;

WEW;
A = E —_— (6.2.9)
5 b + wpw;

and a random variable ﬁk where ﬁk has the same distribution as Dy, such that

2, .2 n 2

PN ~ wkw] 2 wj
P(Dr V) <3S p2, =S R o251 (6.2.10)

j; ’ g;g (bn + wiw;)? j=1 &
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Thus, in order to prove the claim, it suffices to prove that we can, in turn, couple Vi to a
Poisson random variable Z; with parameter wyg, such that

w
P(Yi # Z) § = + ’“. (6.2.11)
For this, we note that
k
wkwj Wk o
A < zk: < gwj = wy. (6.2.12)

Let €k = Wk — Ar > 0. Then, we let Vi, ~ Poi(ex) be independent of ?}c, and write
Zy = Yi + Vi, so that

P(Yi # Zx) = P(Vk #0) = P(Vk > 1) < E[Vi] = 5. (6.2.13)

To bound &g, we note that

n 2
 wpw; (i B 1 ) Wi
€k = Wk — Z ln + WEW; o j;wkw] /l U + WrW; + Ln + w,%

n

n 2

n 2
wiwy wi wiw} o/ 1 w?
= — — ). .2.14
Jzzléné +wkw])+£ +wk*g +Z 2 wk(€n+;£%) (6 )

We conclude that

N

2

P(Di # Z1) < P(Dy, # Vi) + P(Vi # Z1) < 2u? Z el ALY 7 (6.2.15)

as required. This proves Theorem 6.2(a).
To prove Theorem 6.2(b), it suffices to prove that we can couple (D;);c[m] to an inde-

pendent vector (f)i)ie[m] such that

]P’((D Yictm) # (Di)icim ):0(1). (6.2.16)

To this end, we recall that X;; denotes the indicator that the edge ij is occupied. The
random variables (X;;)i1<i<j<n are independent Bernoulli random variables with param-
eters (pij)i<i<j<n given in (6.1.1). We let (ij)1§i<j§n denote an independent copy of
Xij)i<i<j<n, and let, for i =1,...,n,

bi = ZXZ/J + zn: Xij. (6.2.17)

j<i j=it1

Then, we observe the following: (1) Since (X};)1<i<j<n is an independent copy of (Xi;)1<i<j<n,
the distribution of D; is equal to the one of D;, for every i = 1,...,n. n. (2) Set i < j. While

D; and D; are dependent since they both contain X;; = Xj;, f)l contains X;;, while D;-

contains X = X{J, which is an independent copy of X;;. We conclude that (ﬁi)ie[m] are
sums of independent Bernoulli random variables, and, therefore, are independent. (3) Fi-
nally, (D:)icpm] # (Di)ie[m) precisely when there exists at least one edge ij with i,j € [m)]
such that X;; # X/, Slnce Xi; and X, are Bernoulli random variables, X;; # X/, implies
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that either X;; = 0,Xj; =1 or X;; = 1,X/; = 0. Thus, by Boole’s inequality, we obtain
that

m

P((Di)icpm # (Di)icim) <2 Z Xy=1)=23 p (6.2.18)

= ij=1

By assumption, limp— o pi; = 0, so that (6.2.16) holds for every m > 2 fixed. This proves
Theorem 6.2(b). O

Exercise 6.14 (Independence of a growing number of degrees for bounded weights). As-
sume that the conditions in Corollary 6.4 hold, and further suppose that there exists a € > 0
such that e < w; < e for every i, so that the weights are uniformly bounded from above
and below. Then, prove that we can couple (D;);c[m) to an independent vector (ﬁi)ie[m]
such that (6.2.16) holds whenever m = o(y/n). As a result, even the degrees of a growing
number of vertices can be coupled to independent degrees.

Proof of Corollary 6.4. By (6.2.2) together with the fact that max;cj,j w; = o(n) by
Exercise 6.3 we have that the degree of vertex k is close to a Poisson random variable with
parameter wg. Thus, the degree of a uniformly chosen vertex in [n] is close in distribution
to a Poisson random variable with parameter wy, where V' is a uniform random variable
in [n]. This is a mixed Poisson distribution with mixing distribution equal to wy .

Since a mixed Poisson random variable converges to a limiting mixed Poisson random
variable whenever the mixing distribution converges in distribution, it suffices to show
that the weight W, = wy of a uniform vertex has a limiting distribution given by F'. This
follows from Assumption 6.1(a), whose validity follows by (6.1.14) (see also Exercise 6.4).

The proof of part (b) is a minor adaptation of the proof of Theorem 6.2(b). We shall
only discuss the asymptotic independence. Let (Vi);c[m] be independent uniform random
variables. Then, the dependence between the degrees of the vertices (V;);c[m] arises only
through the edges between the vertices (Vi)icim]. Now, the expected number of occupied
edges between the vertices (Vi)ie[m], conditionally on (V;);e[m, is bounded by

m

S e <2 0t a(ge) caw

i,j=1 INES

The random variables (wv;);c(m] are i.i.d., so that the expected number of occupied edges
between m uniformly chosen vertices is equal to

[( Z wy, ) ] —nVar(wvl) + m(#n_l)E[wvl}Q. (6.2.20)
We can bound
Var(wy,) < E[wy, ] < (%?ﬁwi)E[wVJ = o(n), (6.2.21)

by Exercise 6.3. Therefore, the expected number of edges between the vertices (V;);em)
is o(1), so that with high probability there are none. We conclude that we can couple
the degrees of m uniform vertices to m independent mixed Poisson random variables with
mixing distribution w‘(/"). Since these random variables converge in distribution to inde-
pendent mixed Poisson random variables with mixing distribution F', this completes the
argument. O
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6.3 Degree sequence of generalized random graph

Theorem 6.2 investigates the degree of a single vertex in the generalized random graph.
In this section, we extend the result to the convergence of the empirical degree sequence.
For k > 0, we let

n 1 <
P = b > - (6.3.1)
i=1

denote the degree sequence of GRG, (w). Due to Theorem 6.2, one would expect that this
degree sequence is close to a mixed Poisson distribution. We denote the probability mass
function of such a mixed Poisson distribution by py, i.e., for & > 0,

—Wwik].

=Rl

(6.3.2)

Theorem 6.5 shows that indeed the degree sequence (P{™)x>0 is close to the mixed Poisson
distribution with probability mass function (p)r>o in (6.3.2):

Theorem 6.5 (Degree sequence of GRG,, (w)). Assume that Assumptions 6.1(a)-(b) hold.
Then, for every e > 0,

P(i 1P — pi| > e) 0, (6.3.3)
k=0

where (pr)izo is given by (6.3.2).

Proof of Theorem 6.5. By Exercise 2.14 and the fact that (px)iZo is a probability mass
function, we have that >3°  |P{") — pi| = 2dvv(P™,p) — 0 if and only if maxj2, [Py —
pr| — 0. Thus, we need to show that, for every e > 0, ]P’( maxp— |P,£") —pr| > s) converges
to 0. We use that

oo}

P(niix [P — il > ) < kZ_OPﬂP;") —pi| > €). (6.3.4)
Note that
E[P™] = P(Dv = k), (6.3.5)
and, by Corollary 6.4(a), we have that
lim P(Dv = k) = py. (6.3.6)

n—00

Also, it is not hard to see that the convergence is uniform in k, that is, for every ¢ > 0,
and for n sufficiently large, we have

m}?XHE[P,i”)] —pr| < % (6.3.7)
Exercise 6.15 (Uniform convergence of mean degree sequence). Prove (6.3.7).
By (6.3.4) and (6.3.7), it follows that, for n sufficiently large,
]P’(m]?x P — py| > s) < ZPOP,;") —E[P™)| > 5/2). (6.3.8)

k=0
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Note that, by Chebychev inequality (Theorem 2.15),

4
PP — B[R] > £/2) < 5 Var(P™), (6.3.9)
so that -
IP’(max|P(") — i >£) < iz Var(P™). (6.3.10)
ax | Py Ze) < a2 3.
We use the definition in (6.3.1) to see that
. 1
E[(P{")?] = — > P(Di=D;=k) (6.3.11)
i,5€([n]

= S BDi=R 45 S B(Di=D; = kE(D; = D; = )

i€[n] 1,j€[n]: i#]
Therefore,
1
Var(P{") < = ST [P(D; = k) — P(D; = k)] (6.3.12)
n i€(n]
1
+— > [P(Di=D; =k)—P(D; = k)P(D; = k)].
ij€ln]: i
We let
Xi= > I, X;= > Iy, (6.3.13)
k€[n]: k#i,j k€n]: k#i,5

where (Iij); je[n) are independent BE(p;;) random variables. Then, the law of (D;, Dj) is
the same as the one of (X;+1i;, X;+1i;) while (Xs;+1i5, X;+1;;), where Ij; is independent
of (Isj)i,jen) has the same dlstrlbutlon as I;;, are two 1ndependent random variables with
the same marglnals as D; and D;. Then,

P(D; = D; = k) = ]P’((Xi VL X+ 1y) = (K, k)), (6.3.14)
P(D; = K)P(D; = k) = ]P)((Xi + 1, X+ L) = (K, k)), (6.3.15)

so that
P(D; = D; = k) — P(D; = k)P(D; = k) (6.3.16)

P((Xi + Lij, Xj 4 Lij) = (k, k), (Xi + Lij, X + i) # (k,k))

When (X[-i-][J,X —I—I”) (
Li; # ij If I;; = 1, then IZ' =
Therefore,

,k), but (X; + Lij, X; + Ii;) # (k, k), we must have that
0 and X; = k, while, if I;; = 0, then I}; =1 and X; = k.
P(D; = D; = k) — B(D; = k)B(D; = k) < 2pi;[P(D; = k) + P(D; = k)].  (6.3.17)
We conclude from (6.3.12) that
1
pmy<
> Var(P") < ~+ Z pij =0, (6.3.18)
k>0 i,j€[n]

since >, ic, Pis = O(n) (recall Exercise 6.3). O O
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6.4 Generalized random graph with i.i.d. weights

We next state a consequence of Theorem 6.2, where we treat the special case where
(wi)icn) are independent and identically distributed. In this case, we have that, condi-
tionally on the weights (W;);¢c[n], the edge ij is occupied is equal to

WW;

= —d 4.1
Dij Lo + Wi W, (6 )

where .
Ln=> W, (6.4.2)

=1

denotes the total weight. Note that there now is double randomness. Indeed, there is
randomness due to the fact that the weights (W;);c[n) are random themselves, and then
there is the randomness in the occupation status of the edges conditionally on the weights
(Wi)icin)- We denote the resulting graph by GRG,(W). By Exercise 6.9, the edge statuses
are not independent.

We now investigate the degrees and degree sequence of GRG,, (W ):

Corollary 6.6 (Degrees of GRGL(W)). When (Wi)ic[n are i.i.d. random variables with
distribution function F with a finite mean, then

(a) the degree Dy, of vertex k converges in distribution to a mized Poisson random vari-
able with mizing distribution F;

(b) the degrees D1, ..., Dm of vertices 1,...,m are asymptotically independent.

To see that Corollary 6.6 follows from Theorem 6.2, we note that when (Wi)icn =
(w;)ie[n], where W; are i.i.d. with distribution function F, we have that E[W;]/¢, — 0,
since E[W;?] = oz(n) follows when W has a finite mean:

Exercise 6.16 (Bound on sum of squares of i.i.d. random variables). Show that when
(Wi)iem) are i.i.d. random variables with distribution function F' with a finite mean, then

1~ 2 ¢
Ly w5 (6.4.3)
i=1
Hint: Show that maxj—, Wi = op(n), by using that

IP’(I?:alx W; >en) < ;P(Wl >en)
=nP(W > en). (6.4.4)
Then use a variant of the Markov inequality (Theorem 2.14) to show that P(W > en) =
o(L).
Theorem 6.2 is an extension of [52, Theorem 3.1], in which Corollary 6.6 was proved
under the extra assumption that W; have a finite (1 + £)—moment.

Theorem 6.7 (Degree sequence of GRG,.(W)). When (W) are i.i.d. random vari-
ables with distribution function F' with a finite mean, then, for every € > 0,

11»(;0 |PC) — pe| > e) -0, (6.4.5)

where (pr)heo s the probability mass function of a mized Poisson distribution with mizing
distribution F.
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We leave the proof of Theorem 6.7, which is quite similar to the proof of Theorem 6.5,
to the reader:

Exercise 6.17 (Proof of Theorem 6.7). Complete the proof of Theorem 6.7, now using
Corollary 6.4, as well as the equality

BI(PY] = 5 S B(Di=D; = k)

1<i,j<n

(6.4.6)

I

|
=
S

Il
=
_|_

o
=
S

Il
S

Il
=

1<i<j<n

We next turn our attention to the case where the weights (W;);c[, are i.i.d. with infinite
mean. We denote the distribution of W; by F'.

Exercise 6.18 (Condition for infinite mean). Show that the mean of W is infinite precisely
when the distribution function F' of W satisfies

/Ooo[l — F(x)]dz = oo. (6.4.7)

Our next goal is to obtain a random graph which has a power-law degree sequence with
a power-law exponent 7 € (1,2). We shall see that this is a non-trivial issue.

Theorem 6.8 (Degrees of GRG, (W) with i.i.d. conditioned weights). When (W:);c[n)

are i.1.d. random variables with distribution function F, and let (Wi(”))ie[n] be i.1i.d. copies
of the random wvariable W1 conditioned on W1 < a,. Then, for every a, — oo such that
an = o(n),

(a) the degree D\" of vertex k in the GRG with weights (W;M)ie[n], converges in dis-
tribution to a mized Poisson random variable with mizing distribution F';

(b) the degrees (DE"))ie[m] of vertices 1,...,m are asymptotically independent.

Proof. Theorem 6.8 follows by a simple adaptation of the proof of Theorem 6.2 and will
be left as an exercise:

Exercise 6.19 (Proof of Theorem 6.8). Prove Theorem 6.8.

We finally show that the conditioning in Theorem 6.8 is necessary by proving that if we
do not condition the weights to be at most a., then the degree distribution changes:

Theorem 6.9 (Degrees of GRG,, (W) with i.i.d. infinite mean weights). When (W:);c[n)
are i.1.d. random variables with distribution function F satisfying that for some T € (1,2),

lim 2" '[1 - F(z)] = c. (6.4.8)

T — 00
Let the edge probabilities (pij)i<i<j<n conditionally on the weights (Wi);cn) be given by

W, W,

i , (6.4.9)
n =T+ WiW;

pij =

Then
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(a) the degree Dy of vertex k converges in distribution to a mized Poisson random vari-
able with parameter YW1, where

N = c/ (14 z) 2~ V. (6.4.10)
0

(b) the degrees (Di)icim) of vertices 1,...,m are asymptotically independent.

The proof of Theorem 6.9 is deferred to Section 6.5 below. We note that a mixed Poisson
distribution with mixing distribution YW does not obey a power law with exponent 7:

Exercise 6.20 (Tail of degree law for 7 € (1,2)). Let the distribution function F satisfy
(6.4.8), and let Y be a mized Poisson random variable with parameter W™, where W has
distribution function F. Show that Y is such that there exists a constant ¢ > 0 such that

P(Y >y) =cy ' (1+0(1)). (6.4.11)

As a result of Exercise 6.20, we see that if we do not condition on the weights to be at
most a,, and if the distribution function F' of the weights satisfies (6.4.8), then the degree
distribution always obeys a power law with exponent 7 = 2.

We note that the choice of the edge probabilities in (6.4.9) is different from the choice in

(6.4.1). Indeed, the term L, in the denominator in (6.4.1) is replaced by n7 7 in (6.4.9).
Since, when (6.4.8) is satisfied,

Lon~ 71 -4 8, (6.4.12)

where S is a stable random variable with parameter 7 — 1 € (0,1), we expect that the
behavior for the choice (6.4.1) is similar (recall Theorem 2.28).

6.5 Generalized random graph conditioned on its degrees

In this section, we investigate the distribution of GRG, (w) in more detail. The main re-
sult in this section is that the generalized random graph conditioned on its degree sequence
is a uniform random graph with that degree sequence (see Theorem 6.10 below).

We start by introducing some notation. We let X = (Xjj)i<i<j<n, where X;; are
independent random variables with

where p;; is given in (6.1.1). Then, with g;; = 1 — p;;, we have that, for z = (zi;j)1<i<j<n,

Tij l—x;j
PX=2)= [] pia; " (6.5.2)

1<i<j<n

We define the odd-ratios (ri;)1<i<j<n Dy

Pij

ri; = . 6.5.3
= (653)

Then 1

Tij
i; = —, i = —, 6.5.4
Pij 1+ 7y qij 1+, ( )
so that

PX=a)= [[ —— ] - (6.5.5)

1+ 74
1<i<j<n Rz 1<i<j<n
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We now specialize to the setting of the generalized random graph, and choose
Tij = Uilly, (6.5.6)
for some weights {u;}j—;. Later, we shall choose

Wi

U; = ; 6.5.7
Vi (057
in which case we return to (6.1.1) since
Tij Ui Uj W W;
i = = = . 6.5.8
iy 1+ Tij 1+ Uiy ln + W; W5 ( )
Then, with
Gu = ] O +uu), (6.5.9)
1<i<j<n
we obtain
P(X=2)=Gw) " [ (wu)™ =G J]u, (6.5.10)
1<i<j<n i=1
where {d;(z)}i, is given by
di(z) = @i, (6.5.11)
j=1

i.e., di(z) is the degree of vertex i in the generalized random graph configuration x =
Zij)1<i<j<n. By convention, we assume that z;; = 0, and we recall that z;; = x;;.

Exercise 6.21 (Equality for probability mass function GRG). Prove the last equality in
(6.5.10).

From (6.5.10), and using that > P(X = z) = 1, it follows that

H 1+ uiuj) =Gu) = Z ﬁufi(x). (6.5.12)

1<i<j<n z i=1

Furthermore, it also follows from (6.5.10) that the distribution of X conditionally on
{d:(X) = d;V1 < i < n} is uniform. That is, all graphs with the same degree sequence
have the same probability. This wonderful result is formulated in the following theorem:

Theorem 6.10 (GRG conditioned on degrees has uniform law). The GRG with edge
probabilities (pij)i<i<j<n given by

Ui Uj

pij = m7 (6.5.13)
conditioned on {d;(X) =d;Vi =1,...,n}, is uniform over all graphs with degree sequence
{di}i=y.

Proof. For z satisfying d;(z) = d; for all ¢ = 1,...,n, we can write out
P(X ==
P(X = oldi(X) = divi = 1,...om) = g :(diw :)17 —
= P(X = 2) (6.5.14)

Zy:di(y):diVi ]P)(X = y) .
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By (6.5.10), we have that (6.5.14) simplifies to

i %@
P(X =z|di(X)=d;Vi=1,...,n) = i=1 % o
Dyed; ()=dyvi LLim 45"
| u?i
Zy:di(y):diVi i UG
_ 1
#y:di(y) =diVi=1,...,n}’
that is, the distribution is uniform over all graphs with the prescribed degree sequence. [J

We next compute the generating function of all degrees, that is, for t1,...,t, € R, we
compute, with D; = d;(X),

E[ﬁtf”'] =3 P(X =2) ﬁt?i“’). (6.5.16)

(6.5.15)

By (6.5.10) and (6.5.12),

]E[_Ult?i] =G(w) " Y [J(uit)™ = % (6.5.17)

where (tu); = tiu;. By (6.5.9), we obtain

n ) 1+ ustiuit;

IE“ |t.D"} = I el 6.5.18
L1 14 14 usu; ( )
i=1 1<i<j<n

Therefore, we have proved the following nice property:

Proposition 6.11 (Generating function of degrees of GRG,(w)). For the edge probabili-
ties given by (6.1.1) and (6.5.7),

E[f[ltf)i]_ [ Lttt (6.5.19)

V4 W W5
1<i<j<n n + Wiw;

Exercise 6.22 (Alternative proof Theorem 6.2). Use Proposition 6.11 to give an alterna-
tive proof of Theorem 6.2.

Exercise 6.23 (Degree of vertex 1 in ER,,(A\/n)). Show that for the Erdds-Rényi random
graph with p = A/n, the degree of vertex 1 is close to a Poisson random variable with mean
A by using (B.119). Hint: Use that the Erddés-Rényi random graph is obtained by taking
Exercise 6.24 (Asymptotic independence of vertex degrees in ER,(M\/n)). Show that
for the Erdds-Rényi random graph with p = \/n, the degrees of vertices 1,...,m are
asymptotically independent.

We finally make use of Proposition 6.11 to prove Theorem 6.9:

Proof of Theorem 6.9. We study the generating function of the degree Dj. We note that

1

itk L+ WilWen™ 71

E[tP+] = IE[H M] (6.5.20)
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Denote ¢, : R — R by
1+ twx

w = . 6.5.21
Gulz) = I (65:21)
Then, by the independence of the weights (w:);c[n), we have that
E[tP* Wi = w] = E[H o (Wm*ﬁ)] = b ()", (6.5.22)
itk
where .
Yn(w) = IE[(;Sw (Wm*ﬁ)] . (6.5.23)
We claim that 1
Yn(w) =1+ E(t —Dyw " +o(n™h). (6.5.24)
This completes the proof since it implies that
B[P Wi = w] = ¢ (w)™ " = D7 (1 4 0(1)), (6.5.25)
which in turn implies that
lim E[tP¢] = E[e® D", (6.5.26)

n—>00

Since E[e*~D"Wk _1] is the probability generating function of a mixed Poisson random
variable with mixing distribution YW, ' (see Exercise 6.25), (6.5.24) indeed completes
the proof.

Exercise 6.25 (Identification of limiting vertex degree). Prove that ]E[e(t*l)wwpl] is the

probability generating function of a mized Poisson random variable with mizing distribution
T—1
YW

We complete the proof of Theorem 6.9 by showing that (6.5.24) holds. For this, we first
note

__1
n(w) = E[ g (Win~71)]
=1+ JE[qsw(Wm*ﬁ) - 1]. (6.5.27)
Exercise 6.26 (A partial integration formula). Prove that for every function h: [0, 00) —

R, with h(0) = 0 and every random variable X > 0 with distribution function F, we have
the partial integration formula

E[h(X)] = /0 "W @)1 - F(a)]da. (6.5.28)
Applying (6.5.28) to h(z) = ¢uw (xnffiil) — 1 and X = W yields
Un(w) = 14071 [ gl on )L - F@)lda

0

g /OOO o (2)[1 — F(zn=T)da. (6.5.29)
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Thus,
[ dula)

’
mT*l

n(thn (w) — 1) (n7T2)" 1 — F(zn771)]dz. (6.5.30)

0
By assumption, 7 ![1 — F(z)] is a bounded function that converges to c. As a result, by
the Dominated convergence theorem (Theorem A.10),

oo

lim w() (nﬁx)771[1 - F(mnﬁ)]d:c =c iG] dx. (6.5.31)

/
T—1 T—1
n—oo Jq x 0 xT

Exercise 6.27 (Conditions for dominated convergence). Verify the conditions for domi-
nated convergence for the integral on the left-hand side of (6.5.31).

We complete the proof of (6.5.24) by noting that
tw w(1 + twz) w(t—1)

’
= —_ = J. 2
% (@) 14wz (1 + wx)? (1 4+ wzx)?’ (6.5.32)
so that o (@) ( )
Cpy(x) , [ wlt-1 B L
C ) xT—l dr = CA WCZCL‘ = ’Y(t 1)w . (6.5.33)
O

6.6 Asymptotic equivalence of inhomogeneous random graphs

There are numerous papers that introduce models along the lines of the generalized ran-
dom graph, in that they have (conditionally) independent edge statuses. The most general
model has appeared in [44]. In this paper, the properties of such random graphs (such as
diameter, phase transition and average distances) have been studied using comparisons to
multitype branching processes. We shall return to [44] in Chapter ??. We start by inves-
tigating when two inhomogeneous random graph sequences are asymptotically equivalent,
following the results of Janson in [107].

In this section, we shall investigate when two random graphs are asymptotically equiv-
alent. We shall start by introducing this notion for general random variables. Before we
can do so, we say that (X,F) is a measurable space when X is the state space, i.e., the
space of all possible outcomes, and F the set of all possible events. We shall be particularly
interested in discrete measurable spaces, in which case &' is a discrete set and F can be
taken to be the set of all subsets of X'. However, all notions that will be introduced in this
section, can be more generally defined.

Definition 6.12 (Asymptotic equivalence of sequences of random variables). Let (X, Fy)
be a sequence of measurable spaces. Let P, and Qn be two probability measures on (Xn, Fr).
Then, we say that the sequences (Pn)p=1 and (Qn)m=1 are asymptotically equivalent if, for
every sequence £, € F, of events, we have

lim Pp(En) = Qu(En) = 0. (6.6.1)

Thus, (Pr)a=; and (Qn)5Z; are asymptotically equivalent when they have asymptoti-
cally equal probabilities. In practice, this means that there is asymptotically no difference
between (Pn)az; and (Qn)n=;.

The main result that we shall prove in this section is the following theorem that gives a
sharp criterium on when two inhomogeneous random graph sequences are asymptotically
equivalent. In its statement, we write p = (pij)i<i<j<n for the edge probabilities in
the graph, and IRG,(p) for the inhomogeneous random graph for which the edges are
independent and the probability that the edge ij is present equals p;.
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Theorem 6.13 (Asymptotic equivalence of inhomogeneous random graphs). Let IRG, (p)
and IRG,(q) be two inhomogeneous random graphs with edge probabilities p = (pij)1<i<j<n
and q = (qgij)1<i<j<n respectively. Assume that there exists e > 0 such that maxi<i<j<n Pij <
1 —e. Then IRG,(p) and IRG.(q) are asymptotically equivalent when

lim > i —a5)” _ (6.6.2)

n— oo )
1<i<j<n Dij

When the edge probabilities p = (pij)i<i<j<n and ¢ = (qij)1<i<j<n are themselves random
variables, with maxi<;<j<n pij < 1—¢ a.s., then IRG,(p) and IRG,(q) are asymptotically
equivalent when

2
> Py —aw)” = (6.6.3)
1<i<j<n Pij

We note that, in particular, IRG,(p) and IRG,(q) are asymptotically equivalent when
they can be coupled in such a way that P(IRG,(p) # IRG,(q)) = o(1). Thus, Theorem
6.13 is a quite strong result. The remainder of this section shall be devoted to the proof
of Theorem 6.13. We start by introducing the necessary ingredients.

There is a strong relation between asymptotic equivalence of random variables and
coupling, in the sense that two sequences of random variables are asymptotically equivalent
precisely when they can be coupled such that they agree with high probability. Recall the
results in Section 2.2 that we shall use and extend in this section. Let p = (pg)zcx and
q = (¢=)zex be two discrete probability measures on the space X, and recall that the total
variation distance between p and g is given by

1
dTV(p, q) = 5 Z |pa: - qx|. (664)

(2.2.17)-(2.2.18), we see that two sequences of discrete probability measures p™ =
)

By
(PN zex and ¢ = (¢8)zex are asymptotically equivalent when

drv(p™,q™) — 0. (6.6.5)
In fact, this turns out to be an equivalent definition:

Exercise 6.28 (Asymptotic equivalence and total variation distance). Use (2.2.7) and
Definition 6.12 to prove that p'™ = (p§)wecx and ¢ = (¢§)zex are asymptotically
equivalent if and only if drv(p™, ¢™) — 0.

When p and ¢ correspond to BE(p) and BE(q) distributions, then it is rather simple to
show that

dov(p,q) = Ip —ql. (6.6.6)

Now, for IRG,(p) and IRG,(q), the edge occupation variables are all independent BE(p;;)
and BE(g;;) random variables. Thus, we can couple each of the edges in such a way that
the probability that a particular edge is distinct is equal to

drv(pij, @i5) = |pis — @ijl, (6.6.7)
so that we are led to the naive bound

drv(IRG (), IRGn(9)) < > Ipij — aij, (6.6.8)

1<i<j<n
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which is far worse than (6.6.2). As we shall see later on, there are many examples for which

g2 . .
Zl§i<]’§n % = o(1), but Zlgiq‘gn |pi; — ¢ij| # o(1). Thus, the coupling used in

the proof of Theorem 6.13 is substantially stronger.

To explain this seeming contradiction, it is useful to investigate the setting of the Erdés-
Rényi random graph ER,(p). Fix p and ¢, assume that ¢ < p and that p < 1 —e. Then,
by Theorem 6.13, ER,,(p) and ER,(q) are asymptotically equivalent when

> Pl 2= 0 - ), (6.6.9)

1<i<j<n Pij

when we assume that p > e/n. Thus, it suffices that p — ¢ = o(n"2/2). On the other
hand, the right-hand side of (6.6.8) is o(1) when p — ¢ = o(n~2), which is rather stronger.
This can be understood by noting that if we condition on the number of edges M, then the
conditional distribution of ER,,(p) conditionally on M = m does not depend on the precise
value of p involved. As a result, we obtain that the asymptotic equivalence of ER,(p) and
ER,,(q) follows precisely when we have asymptotic equivalence of the number of edges in
ERn,(p) and ER,(g). For this, we note that M ~ BIN(n(n—1)/2,p) for ER,(p), while the
number of edges M’ for ER,,(q) satisfies M’ ~ BIN(n(n —1)/2,q). By Exercise 4.2 as well
as Exercise 4.22, we have that binomial distributions with a variance that tends to infinity
satisfy a central limit theorem. When M and M’ both satisfy central limit theorems with
equal asymptotic variances, it turns out that the asymptotic equivalence of M and M’
follows when the asymptotic means are equal:

Exercise 6.29 (Asymptotic equivalence of binomials with increasing variances [107]). Let
M and M’ be two binomial random variables with M ~ BIN(m,p) and M’ ~ BIN(m, q) for
some m. Show that M and M’ are asymptotically equivalent when m(p — q)/ /mp = o(1).

We apply Exercise 6.29 with m = n(n — 1)/2 to obtain that ER,(p) and ER,(q) are
asymptotically equivalent precisely when n*(p—q)?/p = o(1), and, assuming that p = \/n,
this is equivalent to p — ¢ = o(n~%/2). This explains the result in Theorem 6.13 for the
Erdos-Rényi random graph, and also shows that the result is optimal for the Erdds-Rényi
random graph.

We now proceed by proving Theorem 6.13. In this section, rather than working with
the total variation distance between two measures, it is more convenient to work with
the so-called Hellinger distance, which is defined, for discrete measures p = (pz)scx and
q = (qz)wex by

du(p, q) = \/; > (Vpr — V). (6.6.10)

It is readily seen that dg and drv are quite intimately related:

Exercise 6.30 (Total variation and Hellinger distance). Prove that, for discrete probability
measures p = (pT)TEX and q= (Qm)zEX;

du(p, q)® < dov(p, q) < 2" °du(p, q). (6.6.11)

Exercise 6.31 (Asymptotic equivalence and Hellinger distance). Use Ezxercises 6.28 and
6.30 to prove that p™ = (pi)uecx and ¢™ = (¢{V)zex are asymptotically equivalent if
and only if du(p™,q¢™) — 0.

We define
p(p,q) = 2du(BE(p), BE(q))* = (vp — va) + (VI—p— V1—0)*, (6.6.12)
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and note that A )
plp,a) S(p—a)’ (0~ +(1—p)7). (6.6.13)
Exercise 6.32 (Bound on Hellinger distance Bernoulli variables). Prove that p(p,q) <
-0’ +0-p)7).
In particular, Exercise 6.32 implies that when p <1 — ¢, then

p(p.q) <Clp—q)°/p (6.6.14)

for some C = C(e) > 0. Now we are ready to complete the proof of Theorem 6.13:

Proof of Theorem 6.13. Let IRG,(p) and IRG,(q) with p = (pij)i<icj<n and q =
(¢i)1<i<j<n be two inhomogeneous random graphs. The asymptotic equivalence of IRG, (p)
and IRG,(q) is equivalent to the asymptotic equivalence of the edge variables, which are
independent Bernoulli random variables with success probabilities p = (pi;)1<i<j<n and
q = (gij)1<i<j<n. In turn, asymptotic equivalence of the edge variables is equivalent to
the fact that du(p, q) = o(1), which is what we shall prove now.

For two discrete probability measures p = (pz)ecx and ¢ = (¢z)scx, we denote

H(p,q) =1— %dH(p, q)° = ;{ NS (6.6.15)

We shall assume that
X=x"x...xxm (6.6.16)

is of product form, and, for z = (z1,...,zm) € X,
m m
Pz = Hpg} dz = Hq;? (6617)
=1 =1

are product measures, so that p and ¢ correspond to the probability mass functions of
independent random variables. Then, due to the product structure of (6.6.15), we obtain

H(p,q) = [[H®",q™). (6.6.18)

For IRG,(p) and IRG,(q) with p = (pij)i<i<j<n and g = (gij)1<i<j<n, the edges are
independent, so that

Hpa)= [ (- 2o ), (6.6.19)

L 2
1<i<j<n

du(p,q) = /2 —2H(p,q). (6.6.20)

As a result, du(p, q) = o(1) precisely when H(p,q) =1+ o(1). By (6.6.19) and using that
(1-z)(1—-y)>1—z—yand1—z<e ”, we obtain

so that

1-= 3" p(pijoaiy) < H(p,q) < e 2 Zrsicin #Pisais), (6.6.21)

1<i<j<n

N =

so that H(p,q) = 1 — o(1) precisely when >, ., p(pij, ;) = o(1). By (6.6.14), we
further obtain that when maxi<i<j<n pi; < 1 — € for some ¢ > 0, then

Z p(pij, qi;) < C Z M:o(l), (6.6.22)

1<i<j<n 1<i<j<n Dij
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by (6.6.2). This completes the proof of the first part of Theorem 6.13. For the second part,
we note that if (6.6.3) holds, then we can find a sequence ¢,, such that

P( (pig — 4is)” En) =1 o(1). (6.6.23)
2 Pij
1<i<j<n

Then, the asymptotic equivalence of IRG,(p) and IRG.(q) is, in turn, equivalent to the
(Pij—aij)* <
DPij -

en. For the latter, we can use the first part of Theorem 6.13. O

asymptotic equivalence of IRGn(p) and IRGn(q) conditionally on 32, .,

In fact, tracing back the above proof, we see that under the assumptions of Theorem 6.13,
we also obtain that p(p,q) > c(p — q)?/p for some ¢ = c(¢) > 0. Thus, we can strengthen
Theorem 6.13 to the fact that IRG, (p) and IRG,(q) are asymptotically equivalent if and
only if (6.6.2) holds.

6.7 Related inhomogeneous random graph models

We now discuss two examples of inhomogeneous random graphs which have appeared
in the literature, and are related to the generalized random graph. We start with the
expected degree random graph.

6.7.1 Chung-Lu model or expected degree random graph
In this section, we prove a coupling result for the degrees of the Chung-Lu random

graph, where the edge probabilities are given by

p(CL) — wéwj Al, (6.7.1)

ij
n
where again

l, = Zn:w (6.7.2)
=1

When max?_; w? < £,, we may forget about the maximum with 1 in (6.7.1). We shall as-
sume max!_; w? < £, throughout this section, and denote the resulting graph by CL,,(w).
Naturally, when -2t is quite small, there is hardly any difference between edge weights

Vin
pij = % and p;; = w;‘:’j. Therefore, one would expect that these models behave

rather similarly. We shall make use of Theorem 6.13, and investigate the asymptotic
equivalence of CL,(w) and GRG,(w):

Theorem 6.14 (Asymptotic equivalence of CL and GRG with deterministic weights).
The random graphs CL,(w) and GRG,(w) are asymptotically equivalent precisely when

> wi=o(n?), (6.7.3)

i€[n]
where W, is the weight of a uniformly chosen vertex in [n].

Proof. We make use of Theorem 6.13. For this, we compute, for fixed ij, and using the
fact that 1 — 1/(1 +z) < z,

2, 2
L _ . _ Wiwj o Wiw, _ wiw; [1 _ 1 } w; wj 6.7.4
2 Dij ‘, En"_wiwj ‘. 1+ wé& > ﬁ% ( . )
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Moreover, since w; = o(y/n) by Assumption 6.1(a)-(c) and Exercise 6.3, for n sufficiently
large

Wi W;
i = ————— > wyw;/(20y), 7.

Pij én—&-wiwj_wwj/( ) (6.7.5)

we arrive at

(CL) ) . a2
3 M <20, Y whel < E;J(Zw?) = o(1), (6.7.6)
1<i<j<n Dij 1<i<j<n i=1

by (6.7.3). O

When Assumption 6.1(a)-(c) hold, Exercise 6.3 implies that max;c[,) wi = o(y/n), so that

> wi=o(vn) Y wi=on®*)E[Wr] = o(n?). (6.7.7)

i€[n] i€[n]
Thus, we have proved the following corollary:

Corollary 6.15 (Asymptotic equivalence of CL and GRG). Assume that Assumption
6.1(a)-(c) hold. Then, the random graphs CL,(w) and GRG.,(w) are asymptotically equiv-
alent.

We can prove stronger results linking the degree sequences of CL, (w) and GRG,(w)
for deterministic weights given by (6.1.11) when E[W] < oo, by splitting between vertices
with small and high weights, but we refrain from doing so.

6.7.2 Norros-Reittu model or the Poisson graph process

n [152], the authors introduce a random multigraph with a Poisson number of edges in
between any two vertices ¢ and j, with parameter equal to w;w;/£,. The graph is defined
as a graph process, where at each time ¢, a new vertex is born with an associated weight w;.
The number of edges between i and ¢ is Poi(w;w:/¢:) distributed. Furthermore, at each
time each of the older edges is erased with probability equal to w:/¢;. We claim that the
number of edges between vertices ¢ and j at time ¢ is a Poisson random variable with mean
wj_,wJ , and that the number of edges between the various pairs of vertices are independent.
To see this, we start by observing a useful property of Poisson random variables:

Exercise 6.33 (Poisson number of Bernoulli variables is Poisson). Let X be a Poisson
random variable with mean A, and let (I;);2, be an independent and identically distributed
sequence of BE(p) random variables. Prove that

Y=>"1 (6.7.8)

has a Poisson distribution with mean Ap.

We make use of Exercise 6.33 to prove that the number of edges between vertices i and
j at time t is a Poisson random variable with mean wz L and that the number of edges
between different pairs are independent. Indeed, makmg repeated use of Exercise 6.33
shows that the number of edges at time ¢ between vertices ¢ and j, for ¢ < j, is Poisson
with parameter

t
WiW;5 Ws W W5 ls_ Wi W5
- I o-==72 11 == (6.7.9)
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as required. The independence of the number of edges between different pairs of vertices
follows by the independence in the construction of the graph.

The Norros-Reittu graph process produces a multigraph. However, when the weights
are sufficiently bounded, it can be seen that the resulting graph is with positive probability
simple:

Exercise 6.34 (Simplicity of the Norros-Reittu random graph). Compute the probability
that the Norros-Reittu random graph is simple at time n.

Exercise 6.35 (The degree of a fixed vertex). Assume that Assumptions 6.1(a)-(b) hold.
Prove that the degree of vertex k in the Norros-Reittu graph at time n has an asymptotic

mized Poisson distribution with mizing distribution F', the asymptotic distribution function
of Wh,.

We now discuss the Norros-Reittu model at time n, ignoring the dynamic formulation
given above. We shall denote this graph by NR,, (w). The Norros-Reittu is a multigraph,
for which the probability that there is at least one edge between vertices ¢ and j exists is,
conditionally on the weights (w:)ic[n), given by

wiws
(NR) —

pij =1—e tn s (6710)

and the occupation status of different edges is independent.

We next return to the relation between the various random graph models discussed in
this section. We shall fixe the weights to be equal to (w;);c[n], and compare the generalized
random graph, Chung-Lu model and Norros-Reittu model with these weights. The latter
is denoted by NR, (w).

We say that a random graph G, is stochastically dominated by the random graph
G, when, with (Xij)i1<i<j<n and (X};)1<i<j<n denoting the occupation statuses of the

edges in G, and G, respectively, there exists a coupling ((Xij)1§i<j§n7 (X{j)1§i<j§n) of

(Xij)1§i<j§n and (Xz{j)lgi<j§n such that

P(Xi; < X[;Vi,j € [n]) = 1. (6.7.11)
We write G, =< G, when the random graph G, is stochastically dominated by the random
graph G,.

Exercise 6.36 (Stochastic domination of increasing random variables). Let G, < G},. Let
the random variable X (G) be an increasing random variable of the edge occupation random
variables of the graph G. Let X,, = X(G,) and X, = X(G%,). Show that X,, < X,.

When the statuses of the edges are independent, then (6.7.11) is equivalent to the bound
that, for all 4,j € [n],
pij = P(Xi; = 1) <pj; =P(Xi; = 1). (6.7.12)

We note that, by (6.7.12) and the fact that, for every = > 0,

xr
142

<1-—e* <max{z, 1}, (6.7.13)
we have that
GRG, (w) = NR,(w) < CL,(w). (6.7.14)

This provides a good way of comparing the various inhomogeneous random graph models
discussed in this chapter.

Exercise 6.37 (Asymptotic equivalence of IRGs). Assume that Assumptions 6.1(a)-(c)
hold. Show that NR,, (w) is asymptotically equivalent to GRG,(W).
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6.8 Notes and discussion

Notes on Section 6.1. In the generalized random graph studied in [52], the situation
where the vertex weights are i.i.d. is investigated, and ¢,, in the denominator of the edge
probabilities in (6.1.1) is replaced by n, which leads to a minor change. Indeed, when the
weights have finite mean, then ¢, = E[W]n(1 + o(1)), by the law of large numbers. If we
would replace ¢, by E[W]n in (6.1.1), then the edge occupation probabilities become

Wi Wy
EWIn + wiw;’ (6:8.1)
so that this change amounts to replacing w; by w;/y/E[W]. Therefore, at least on a
heuristic level, there is hardly any difference between the definition of p;; in (6.1.1), and
the choice p;; = nf:;”:jﬂj in [52].

In the literature, both the cases with i.i.d. weights as well as the one with deterministic
weights have been studied. In [59, 60, 61, 64, 133], the Chung-Lu model, as defined in
Section 6.7, is studied with deterministic weights. In [87], general settings are studied,
including the one with deterministic weights as in (6.1.11). In [52], on the other hand, the
generalized random graph is studied where the weights are i.i.d., and in [87] for several
cases including the one for i.i.d. degrees, in the case where the degrees have finite variance
degrees, for the Chung-Lu model, the Norros-Reittu model, as well as the generalized
random graph.

The advantage of deterministic weights is that there is no double randomness, which
makes the model easier to analyse. The results are also more general, since often the
results for random weights are a simple consequence of the ones for deterministic weights.
On the other hand, the advantage of working with i.i.d. weights is that the vertices are
exchangeable, and, in contrast to the deterministic weights case, not many assumptions
need to be made. For deterministic weights, one often has to make detailed assumptions
concerning the precise structure of the weights.

Notes on Section 6.2. The results in this section are novel, and are inspired by the
ones in [52].

Notes on Section 6.3. The results in this section are novel, and are inspired by the
ones in [52].

Notes on Section 6.4. Theorem 6.9 is [52, Proof of Theorem 3.2], whose proof we
follow. Exercise 6.20 is novel.

Notes on Section 6.5. The proof in Section 6.5 follows the argument in [52, Section 3].

Notes on Section 6.6. Theorem 6.13 is [107, Corollary 2.12]. In [107], there are many
more examples and results, also investigating the notion of asymptotic contiguity of random
graphs, which is a slightly weaker notion than asymptotic equivalence, and holds when
events that have vanishing probability under one measure also have vanishing probabilities
under the other. There are deep relations between convergence in probability and in
distribution and asymptotic equivalence and contiguity, see [107, Remark 1.4].

Notes on Section 6.7. The expected degree random graph, or Chung-Lu model, has
been studied extensively by Chung and Lu in [59, 60, 61, 64, 133]. See in particular the
recent book [62], in which many of these results are summarized.



CHAPTER 7
CONFIGURATION MODEL

In this chapter, we investigate graphs with fixed degrees. Ideally, we would like to inves-
tigate uniform graphs having a prescribed degree sequence, i.e, a degree sequence which
is given to us beforehand. An example of such a situation could arise from a real-world
network, of which we know the degree sequence, and we would be interested in generating
a random graph with precisely the same degrees.

As it turns out, it is not a trivial task to generate graphs having prescribed degrees,
in particular, because they may not exist (recall (I.3) on page 120). We shall therefore
introduce a model that produces a multigraph with the prescribed degrees, and which,
when conditioned on simplicity, is uniform over all simple graphs with the prescribed
degree sequence. This random multigraph is called the configuration model. We shall
discuss the connections between the configuration model and a uniform simple random
graph having the same degree sequence, and give an asymptotic formula for the number
of simple graphs with a given degree sequence.

This chapter is organized as follows. In Section 7.1, we shall introduce the configuration
model. In Sections 7.2, we shall investigate properties of the configuration model, given
that the degrees satisfy some regularity conditions. We shall investigate two ways of turning
the configuration model into a simple graph, namely, by erasing the self-loops and multiple
edges, or by conditioning on obtaining a simple graph. For the latter, we compute the
asymptotic probability of the configuration model to be simple. This also allows us to
compute the asymptotic number of graphs with a given degree sequence in the case where
the degrees are not too large. In Section 7.4, we shall discuss the tight relations that
exist between the configuration model conditioned on being simple, and the generalized
random graph conditioned on its degrees. This relation shall prove to be quite useful when
deducing results for the generalized random graph from those for the configuration model.
In Section 7.5, we treat the special case of i.i.d. degrees. We close this chapter in Section
7.6 with notes and discussion.

7.1 Introduction to the model

Fix an integer n. Consider a sequence d = (di)icn). The aim is to construct an
undirected (multi)graph with n vertices, where vertex j has degree d;. Without loss of
generality, throughout this chapter, we shall assume that d; > 1 for all j € [n], since when
d; = 0, vertex j is isolated and can be removed from the graph. One possible random
graph model is then to take the uniform measure over such undirected and simple graphs.
Here, we call a graph simple when it has no self-loops and no multiple edges between any
pair of vertices. However, the set of undirected simple graphs with n vertices where vertex
j has degree d; may be empty. For example, in order for such a graph to exist, we must

assume that the total degree
b= d (7.1.1)
J€ln]

is even. We wish to construct a simple graph such that (d;);c[n) are the degrees of the
n vertices. However, even when £, = eln] d; is even, this is not always possible, as
explained in more detail in (I.3) on page 120.

Exercise 7.1 (Non-graphical degree sequence). Find a simple example of a (d:)icin) sat-
isfying that £, = Zje[n] d; is even, for which there is no simple graph where vertex ¢ has

145
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degree d;.

Since it is not always possible to construct a simple graph with a given degree sequence,
instead, we can construct a multigraph, that is, a graph possibly having self-loops and
multiple edges between pairs of vertices. One way of obtaining a uniform multigraph with
the given degree sequence is to pair the half-edges attached to the different vertices in a
uniform way. Two half-edges together form an edge, thus creating the edges in the graph.

To construct the multigraph where vertex j has degree d; for all j € [n], we have n
separate vertices and incident to vertex j, we have d; half-edges. Every half-edge needs
to be connected to another half-edge to build the graph. The half-edges are numbered in
an arbitrary order from 1 to ¢,. We start by randomly connecting the first half-edge with
one of the ¢,, — 1 remaining half-edges. Once paired, two half-edges form a single edge of
the multigraph. Hence, a half-edge can be seen as the left or the right half of an edge. We
continue the procedure of randomly choosing and pairing the half-edges until all half-edges
are connected, and call the resulting graph the configuration model with degree sequence d,
abbreviated as CM,(d).

Unfortunately, vertices having self-loops, as well as multiple edges may occur. However,
we shall see that self-loops and multiple edges are scarce when n — oo. Clearly, when
the total degree ¢, = Zj €n) d; is even, then the above procedure produces a multigraph
with the right degree sequence. Here, in the degree sequence of the multigraph, a self-loop
contributes two to the degree of the vertex incident to it, while each of the multiple edges
contributes one to the degree of each of the two vertices incident to it.

To explain the term configuration model, we now present an equivalent way of defining
the configuration model. For this, we construct a second graph, with vertices 1,...,¢,.
These vertices in the new graph will correspond to the edges of the random multigraph
in the configuration model. We pair the vertices in a uniform way to produce a uniform
matching. For this, we pair vertex 1 with a uniform other vertex. After this, we pair the
first not yet paired vertex to a uniform vertex which is not yet paired. The procedure stops
when all vertices are paired to another (unique) vertex. We denote the resulting graph
by Conf, (d). Thus, Conf,(d) can be written as Conf, (d) = {io(i): i € [¢»]}, where o (7)
is the label of the vertex to which vertex i € [{,] is paired. The pairing of the vertices
1,...,4, is called a configuration, and each configuration has the same probability.

Exercise 7.2 (The number of configurations). Prove that there are (2m — 1)!! = (2m —
1)(2m — 3)---3 - 1 different ways of pairing vertices 1,...,2m.

To construct the graph of the configuration model from the above configuration, we
identify vertices 1,...,d; in Conf,(d) to form vertex 1 in CM,(d), and vertices d; +
1,...,d1+dz in Conf, (d) to form vertex 2 in CM, (d), etc. Therefore, precisely d; vertices
in Conf,(d) are identified with vertex j in CM,(d).

In the above identification, the number of edges in CM,, (d) between vertices i,j € [n] is
the number of vertices in Conf, (d) that are identified with i € CM,(d) and are paired to
the vertex in Conf, (d) that is identified with vertex j € CM,(d). As a consequence, the
degree of vertex j in CM,(d) is precisely equal to d;. The resulting graph is a multigraph,
since both self-loops and multiple edges between vertices are possible. We can identify
the graph as CMy(d) = (Xij)i,je[n], where X;; is the number of edges between vertices
1,7 € [n] and Xj; is the number of self-loops of vertex 4 € [n], so that, for all ¢ € [n],

di=Xi+ Y Xij. (7.1.2)

J€ln]

Here, the number of self-loops of vertex i, X;;, appears twice, so that a self-loop contributes
2 to the degree. Since the uniform matching of the ¢, vertices in Conf,(d) is sometimes
referred to as the configuration, the resulting graph CM,(d) is called the configuration
model.
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We note (see e.g. [108, Section 1]) that not all multigraph has the same probability,
i.e., not every multigraph is equally likely and the measure obtained is not the uniform
measure on all multigraphs with the prescribed degree sequence. Indeed, there is a weight
1/4! for every edge of multiplicity j, and a factor 1/2 for every self-loop:

Proposition 7.1 (The law of CM,(d)). Let G = (zi5); je[n) be a multigraph on the vertices
[n] which is such that
di =i+ Y . (7.1.3)
J€ln]
Then,
1 Hie[n] di!
(€n — D Hie[n] 2%i ngigjgn x5!

Proposition 7.1 implies that if we condition on the graph as being simple, then the
resulting graph is a uniform simple graph with the prescribed degree sequence. Here, we
call a graph G = (xi5); je[n) simple whenever x;; € {0,1} for every 4,j € [n] with ¢ # j,
and z;; = 0 for every i € [n], i.e., there are no multiple edges and no self-loops.

P(CM,.(d) = G) =

(7.1.4)

Proof. By Exercise 7.2, the number of configurations is equal to (¢, — 1)!!. Each configu-
ration has the same probability, so that

P(CM,(d) = G) =

|
8

(7.1.5)

where N(G) is the number of configurations that, after identifying the vertices, give the
multigraph G. We note that if we permute the half-edges incident to a vertex, then the
resulting multigraph remains unchanged, and there are precisely [, e d;! ways to permute
the half-edges incident to all vertices. Some of these permutations, however, give rise to the
same configuration. The factor z;;! compensates for the multiple edges between vertices
i,7 € [n], and the factor 2%¢ compensates for the fact that the paring kl and [k in Conf,, (d)
give rise to the same configuration. O

Exercise 7.3 (Example of multigraph). Let n = 2, di = 2 and d2 = 4. Use the direct
connection probabilities to show that the probability that CMy(d) consists of 3 self-loops
equals 1/5. Hint: Note that when di = 2 and d2 = 4, the graph CM,(d) consists only of
self-loops precisely when the first half-edge of vertexr 1 connects to the second half-edge of
vertex 1.

Exercise 7.4 (Example of multigraph (Cont.)). Let n = 2, di = 2 and d2 = 4. Use
Proposition 7.1 to show that the probability that CMy(d) consists of 3 self-loops equals 1/5.

The flexibility in choosing the degree sequence d gives us a similar flexibility as in
choosing the vertex weights w in Chapter 6. However, in this case, the choice of the vertex
degrees gives a much more direct control over the topology of the graph. For example, for
CM,,(d), it is possible to build graphs with fixed degrees, or where all degrees are at least
a certain value. In many applications, such flexibility is rather convenient. For example,
it allows us to generate a (multi)graph with precisely the same degrees as a real-world
network, so that we can investigate whether the real-world network is similar to it or not.

The configuration model with fixed degrees has a long history, see e.g. [42, Section 2.4].
One specific example is to take the degrees all equal, in which case we speak of a random
reqular graph.

As in Chapter 6, we shall again impose regularity conditions on the degree sequence d.
In order to state these assumptions, we introduce some notation. We denote the degree of
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a uniformly chosen vertex V in [n| by D, = dv. The random variable D,, has distribution
function F,, given by

Fo(x) = Z Dga;<ay- (7.1.6)
]

j€n
We assume that the vertex degrees satisfy the following regularity conditions:

Assumption 7.2 (Regularity conditions for vertex degrees).
(a) Weak convergence of vertex weight.
There exists a distribution function F' such that

D, -4 D, (7.1.7)

where D, and D have distribution functions F,, and F', respectively.
Equivalently, for any x,
lim F,(x) = F(z). (7.1.8)

n—00

(b) Convergence of average vertex degrees.

lim E[D,] = E[D], (7.1.9)

where Dy, and D have distribution functions F,, and F, respectively. Further, we assume
that P(D > 1) = 1.
(c¢) Convergence of second moment vertex degrees.

lim E[D;] = E[D?]. (7.1.10)
Similarly to Assumption 6.1 in Chapter 6, we shall almost always assume that Assump-
tions 7.2)(a)-(b) hold, and only sometimes assume Assumption 6.1(c). We note that, since
d; only takes values in the integers, so does D,,, and therefore so must the limiting random
variable D. As a result, the limiting distribution function F' is constant between integers,
and makes a jump P(D = z) at € N. As a result, the distribution function F' does have
discontinuity points, and the weak convergence in (7.1.7) usually only implies (7.1.8) at
continuity points. However, since Fj, is constant in between integers, we do obtain the
implication:

Exercise 7.5 (Weak convergence integer random variables). Let (D) be a sequence of

integer random variables such that D, -4 D. Show that, for all x € R,

lim Fy(z) = F(z), (7.1.11)

n—oo
and that also limy_,oo P(Dy, = x) = P(D = x) for every x € N.

Instead of defining CM,(d) in terms of the degrees, we could have defined it in terms
of the number of vertices with fixed degrees. Indeed, let

ne =Y g,—r) (7.1.12)

1€[n]

denote the number of vertices with degree k. Then, clearly, apart from the vertex labels,
the degree sequence d is uniquely determined by the sequence (nx)x>0. Then, Assumption
7.2(a) is equivalent to lim, o nr/n = P(D = k), while Assumption 7.2(b) is equivalent to
limy, 00 Y pso kne/n = E[D].

We next describe two canonical ways of obtaining a degree sequence d such that As-
sumption 7.2 holds.
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The configuration model with fixed degrees moderated by F'. Fix a distribution
function F' of an integer random variable D. We take the number of vertices with degree
k to be equal to

ni = [nF (k)] — [nF(k —1)], (7.1.13)
and take the corresponding degree sequence d = (di);c[n) the unique ordered degree se-
quence compatible with (nx)r>0. Clearly, for this sequence, Assumption 7.2(a) is satisfied:

Exercise 7.6 (Regularity condition for configuration model moderated by F'). Fiz CM,,(d)
be such that there are precisely ny, = [nF (k)] — [nF(k — 1)] vertices with degree k. Show
that Assumption 7.2(a) holds.

The nice thing about our example is that
1
F, (k) = ﬁ[nF(k)] (7.1.14)

In particular, D, = D, since Fy(xz) > F(z) for every . As a result, Assumption 7.2(b)
holds whenever E[D] < oo, and Assumption 7.2(c) whenever E[D?] < co:

Exercise 7.7 (Regularity condition for configuration model moderated by F' (Cont.)). Fiz
CM,,(d) be such that there are precisely ni, = [nF (k)] — [nF(k — 1)] vertices with degree
k. Show that Assumption 7.2(b) holds whenever E[D] < co.

The configuration model with i.i.d. degrees. The next canonical example arises by
assuming that the degrees D = (D;);c[n) are an i.i.d. sequence of random variables. When
we extend the construction of the configuration model to i.i.d. degrees D, we should bear
in mind that the total degree
Lo=Y_ D (7.1.15)
i€[n]
is odd with probability close to 1/2, as the following exercise shows:

Exercise 7.8 (Probability of i.i.d. sum to be odd). Assume that (D;);>1 is an i.i.d.
sequence of random variables. Prove that L, =3 D, is odd with probability close to

1/2. For this, note that

i€[n]

P(Ly, is odd) = %[1 - E[(—1)Ln]]. (7.1.16)
Then compute
E[(—-1)""] = ¢p, (m)", (7.1.17)
where
¢p, (t) = E[e"""] (7.1.18)

is the characteristic function of the degree D1. Prove that, when P(D even) # 1, |¢p, ()| <
1

1, so that P(Ly is odd) is exponentially close to 3.

There are different possible solutions to overcome the problem of an odd total degree
L., each producing a graph with similar characteristics. We make use of the following
solution: If L, is odd, then we add a half-edge to the n'" vertex, so that D, is increased
by 1, ie., di = D; + {1, oad,i=n}. This single half-edge will make hardly any difference
in what follows, and we will ignore this effect. Also, we warn the reader that now D,
has two distinct meanings. The first is the distribution of the degree of a random vertex
D,, = dv, the second the n'® element of the sequence D = (Di)ie[n]. In what follows, we
shall always be clear about the meaning of D,,, which is always equal to D,, = dy unless
explicitly stated otherwise.

It is not hard to see that Assumption 7.2 follows from the Law of Large Numbers:
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Exercise 7.9 (Regularity condition for configuration model with i.i.d. degrees). Fiz CM,(d)
with degrees d given by di = D; + 1, odd,i=n}, where (Di)iciy) is an i.i.d. sequence of
integer random variables. Show that Assumption 7.2(a) holds, whereas Assumption 7.2(b)

and (c) hold when E[D] and E[D?], respectively, are finite. Here the convergence is replaced

with convergence in probability.

Organization of the remaining chapter. In this chapter, we study the configuration
model both with fixed degrees, as well as with i.i.d. degrees. We focus on two main results.
The first main result shows that when we erase all self-loops and combine the multiple
edges into one, then we obtain a graph with asymptotically the same degree sequence.
This model is also referred to as the erased configuration model, see also [52, Section 2.1].

In the second main result, we investigate the probability that the configuration model
actually produces a simple graph. Remarkably, even though there could be many self-loops
and multiple edges, in the case when the degrees are not too large, there is an asymptotically
positive probability that the configuration model produces a simple graph. Therefore, we
may obtain a uniform simple random graph by repeating the procedure until we obtain a
simple graph. As a result, this model is sometimes called the repeated configuration model.
The fact that the configuration model yields a simple graph with asymptotically positive
probability has many interesting consequences that we shall explain in some detail. For
example, it allows us to compute the asymptotics of the number of simple graphs with a
given degree sequence.

7.2 Erased configuration model

We first define the erased configuration model. We fix the degrees d. We start with the
multigraph CM,,(d) and erase all self-loops, if any exist. After this, we merge all multiple
edges into single edges. Therefore, the erased configuration model yields a simple random
graph, where two vertices are connected by an edge if and only if there is (at least one)
edge connecting them in the original multigraph definition of the configuration model.

We next introduce some notation. We denote the degrees in the erased configuration
model by D" = (D{*”);¢[n), s0 that

DI =d; —2s; —my, (7.2.1)

where (di)ie[n] are the degrees in the configuration model, s; = z;; is the number of self-
loops of vertex 4 in the configuration model, and

mi = (v — )ls,,. 1 (7.2.2)
i
is the number of multiple edges removed from 1.
Denote the empirical degree sequence (p;”)) x>1 in the configuration model by

|
P = - Z Dga; =k} (7.2.3)
i€[n]

and denote the related degree sequence in the erased configuration model (P,ier)) k>1 by

1
(er) _
P = n g[ ]H{Dger):k}. (7.2.4)

From the notation it is clear that (p”)k>1 is a deterministic sequence since (d;)ic[n) is
deterministic, while (P{™”)x>1 is a random sequence, since the erased degrees (Dier))ie[n]
is a random vector.
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Exercise 7.10 (Mean degree sequence equals average degree). Prove that

oo

m_ 1 Ln
> kpY = - > di= - (7.2.5)
i€[n]

k=1

Now we are ready to state the main result concerning the degree sequence of the erased
configuration model:

Theorem 7.3 (Degree sequence of erased configuration model with fixed degrees). For
fized degrees d satisfying Assumption 7.2(a)-(b), the degree sequence of the erased config-
uration model (P,i”r))kzl converges to (pr)r>1. More precisely, for every e > 0,

IP’(; |PCD — py| > 5) 0. (7.2.6)

Proof. By (77) and the fact that pointwise convergence of a probability mass function is
equivalent to convergence in total variation distance (recall Exercise 2.14), we obtain that

: (n) _ —
lim > [py” —pr| = 0. (7.2.7)
k=1
Therefore, we can take n so large that
> Ik = pel < /2. (7.2.8)
k=1

We start by proving the result under the extra assumption that

maxd; = o(\/n), (7.2.9)

i€[n]

For this, we bound P(3"3%, |P\™ — pi”’| > €/2). For this, we use (7.2.1), which implies
that Df” # d; if and only if 2s; + m; > 1. We use

= er n 1 =
Z |P1i ) _pi )| < ~ ZZ |]1{D1(:er):k} — Ngg,—ry ], (7.2.10)
k=1 k=1 1

and write out that
H{Df”:k} = Nga;=ny = H{Dgcr):k,dpk} - H{D§“’<k,di:k}
= a1, >0} (]lwge”:k} — Tg—i3)- (7.2.11)
Therefore,
|]1{D§e"):k} = La=ry| < ]l{5i+mi>0}(]l{D§er)=k} + Tga,=r}), (7.2.12)
so that

(er) (n)
pOIEICIIED 9 DL RN T
k=1

k=1i€[n]

1 oo
< n Z Wis;+m; >0 Z (H{DSQ")zk} + Il{di:k})
k=1 ‘

i1€[n]

2 2
== > Agem, 50y < - > (i 4 ma). (7.2.13)

i€[n] i€[n]
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We denote the number of self-loops by S,, and the number of multiple edges by M,,, that
is

1
S, = 'Z s Mn=g 'Z mi. (7.2.14)
i€[n] i€[n]
Then, by (7.2.13),
IP’(Z |PCD — ] > 5/2) < P(2S, +4M, > en/2), (7.2.15)
k=1

so that Theorem 7.3 follows if
P(2S,, + 4M,, > en/2) — 0. (7.2.16)

By the Markov inequality (Theorem 2.14), we obtain

P(2S, +4M, > en/2) < ;in(E[Sn} + 2E[M.,.]). (7.2.17)
Bounds on E[S,] and E[M,] are provided in the following proposition:

Proposition 7.4 (Bounds on the expected number of self-loops and multiple edge). The
expected number of self-loops S in the configuration model CM,(d) satisfies

E[Sa] < ) ?—2 (7.2.18)

i€[n] "
while the expected number of multiple edges M,, satisfies
d?\ 2
1< 2y 2.
E[M]_2(Zen) (7.2.19)

i€[n]

Proof. For a vertex i, and for 1 < s < t < d;, we define I ; to be the indicator of the
event that the half-edge s is paired to the half-edge t. Here we number the half-edges, or
half-edges, of the vertices in an arbitrary way. Then

Sa=> Y. ILuu (7.2.20)
i€[n] 1<s<t<d;
Therefore,
1
ESa =Y > Ellul=) 5%i(di — DE[12,:], (7.2.21)
i€[n] 1<s<t<d; i€[n]

since the probability of producing a self-loop by pairing the half-edges s and ¢ does not
depend on s and t. Now, E[I12;] is equal to the probability that half-edges 1 and 2 are
paired to each other, which is equal to (¢, — 1)~*. Therefore,

1 di(d; — 1 d?
E[Sh] = 5 > % <> o (7.2.22)
i€[n] n i€[n] n

Similarly, for vertices ¢ and j, and for 1 < s1 < s2 < d; and 1 < ¢1 # t2 < d;, we define
Isitq,s0t2,i5 t0 be the indicator of the event that the half-edge s; is paired to the half-edge
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t1 and half-edge s3 is paired to the half-edge to. If Is ¢, 55t5,55 = 1 for some s1¢1 and sata,
then there are multiple edges between vertices ¢ and j. It follows that

1
M < 2 Z Z Z Lsyty,50t2,ij5 (7.2.23)
1<i#j<n 1<s1 <sp<d; 1<t1#t2<d;

so that

Z Z Z E[[slt1,52t2,ij]

1<iz#j<n 1<s1<sz<d; 1<t1#t2<d;

> di(di = 1)d;(dj — DE[T11,22,45]. (7.2.24)

1<i#j<n

l\')\»—t

Now, since I11,22,;; is an indicator, E[I11,22,:;] is the probability that I11,22,;; = 1, which is
equal to the probability that half-edge 1 of vertex ¢ and half-edge 1 of vertex j, as well as
half-edge 2 of vertex ¢ and half-edge 2 of vertex j are paired, which is equal to

1

E[I11,22,i5] = m

(7.2.25)

Therefore,

D (Sl =) 2( i it~ 1))’
Y A4l —1)(n —3) — 2 ’
(7.2.26)

"\ di(di — 1)d;(d; —
EMW S Y S0, 3

i,j=1

where we use that 8(¢, —1)(¢, — 3) > 02 since ¢,, > 4. Since M,, = 0 with probability one
when ¢,, < 3, the claim follows. O

To complete the proof of Theorem 7.3 in the case that max;c(,) di = o(y/n) (recall (7.2.9)),
we apply Proposition 7.4, we obtain

Z TQL = o(v/n). (7.2.27)

i€n

The bound on E[M,,] is similar. By (7.2.17), this proves the claim.
To prove the result assuming only Assumption 7.2(a)-(b), we start by noting that As-
sumption 7.2(a)-(b) implies that max;c(, di = o(n) (recall, e.g., Exercise 6.3). We note

that 77, \P,i”) (")\ > ¢ implies that the degrees of at least en vertices are changed by
the erasure procedure. Take a, — oo arbitrarily slowly, such that there are at most en/2
vertices i € [n] of degree d; > an. Then, 33 | [P — p{’| > ¢ implies that the number
of vertices of degree at most a,, whose degrees are changed by the erasure procedure is at
least en/2. Let

Sn(an) = Z Siﬂ{diﬁan}’ Z mzll{d <an} (7.2.28)
i€[n] ze [n]

denote the number of self-loops and multiple edge incident to vertices of degree at most
an. Then, it is straightforward to adapt Proposition 7.4 to show that

di g, <a,y i g, <any d;
E[Sn(an)] < > ——=2b 0 B[Ma(an)] <2 —s) 3 i (1229)

. Ln
i€[n]
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Therefore, IE[S (an)] < an,IE[M (an)] € an max;epy) dj. Take a, sosmall that a, max ey d; =
1dj =o(n

o(n) (Whlch is possible since max;ci, )), then
P(2Sn(an) +4Mp(an) > en/2) < in (E[Sn(an)] + 2E[Mpn(an)]) = o(1), (7.2.30)
as required. O

7.3 Repeated configuration model and probability simplicity

In this section, we investigate the probability that the configuration model yields a
simple graph, i.e., the probability that the graph produced in the configuration model
has no self-loops nor multiple edges. Then the asymptotics of the probability that the
configuration model is simple is derived in the following theorem:

Theorem 7.5 (Probability of simplicity of CM,(d)). Assume that d = (di)ic[n) satisfies
Assumption 7.2(a)-(c). Then, the probability that CM,,(d) is a simple graph is asymptoti-

v/2—v%/4

cally equal to e~ , where

v =E[D(D - 1)]/E[D]. (7.3.1)
Theorem 7.5 is a consequence of the following result:

Proposition 7.6 (Poisson limit of self-loops and multiple edges). Assume that d =
(di)icpn) satisfies Assumption 7.2(a)-(c). Then (Sn, My) converges in distribution to (S, M),
where S and M are two independent Poisson random variables with means v/2 and v? /4.

Indeed, Theorem 7.5 is a simple consequence of Proposition 7.6, since CM,,(d) is simple
precisely when S;, = M,, = 0. By the weak convergence result stated in Proposition 7.6 and
the independence of S and M, the probability that S,, = = 0 converges to e #STHM
where ps and pa are the means of the limiting Poisson random variables S and M. Usmg
the identification of the means of S and M in Proposition 7.6, this completes the proof of
Theorem 7.5. We are left to prove Proposition 7.6.

Proof of Proposition 7.6. Throughout the proof, we shall assume that S and M are two
independent Poisson random variables with means v/2 and v? /4.

We make use of Theorem 2.6 which imply that it suffices to prove that the factorial
moments converge. Also, S, is a sum of indicators, so that we can use Theorem 2.7 to
identify its factorial moments. For M,,, this is not so clear. However, we define

My = Z Z Z Isyty 800,45 (7.3.2)

1<i<j<n 1<s1<sa<d; 1<t #t2<d;

so that, by (7.2.23), M, < M.,.. We shall first show that with high probability M, = M.

Note that M, < M, precisely when there exist vertices i # j such that there are at least
three edges between i and j. The probability that there are at least three edges between
and j is bounded above by

di(di — 1)(di — 2)d;(d; — 1)(d; —2)
(bn —1)(ln — 3) (€, — 5) '

Thus, by Boole’s inequality, the probability that there exist vertices ¢ # j such that there
are at least three edges between i and j is bounded above by

(7.3.3)

“~ di(d;i — 1)(d; — 2)d;(d; — 1)(dj —2)
Z (ln —1)(ln, — 3)(lr, — 5) = o(1), (7.3.4)

i,j=1
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since d; = o(y/n) when Assumption 7.2(a)-(c) holds (recall Exercise 6.3) as well as £, > n.
We conclude that the probability that there are 4, j € [n] such that there are at least three
edges between i and j is o(1) as n — oo. As a result, (Sn, M,) converges in distribution
to (S, M) precisely when (S, M,) converges in distribution to (S, M).

To prove that (S, M,) converges in distribution to (S, M), we use Theorem 2.6 to see
that we are left to prove that, for every s,r > 0,

. ~ - z S L T
Jim E[(8.).(0%).) = (5) () (7.3.5)
By Theorem 2.7,
E[(Sn)s(Mn),] = > P(I%, =...=1%, =1%, =...= I:;?) =1), (7.3.6)
W mM ez,
m(2) ..... m(?)éIz
where
Iy ={(st,i) i € [n],1 < s <t < di}, (7.3.7)
Ty = {(s1t1,82t2,4,j) : 1 <i < j<m1<s1 <sy<di,] <t1#t2<d;}, (7.3.8)

and where, for m™ = (st,i) € Z; and m® = (s1t1, sate, i, ) € Iz,

1 2
I,(an = Lst,i, I ()2) = Isyty,59t9,i5- (7'3'9)

m

Now, by the fact that all half-edges are uniformly paired, we have that

1
PIY, =...=1", =1%, =...=1%, =1) = , 7.3.10
( m(D) (D m(® m® ) Hfig’“(fn 1 2i) ( )
unless there is a conflict in the attachment rules, in which case
1) _ _ 7 _gy@  _ _ 72  _ _
P(Imgl) =...= Imgl) = 1m<12) =...= Imng) =1)=0. (7.3.11)

Such a conflict arises precisely when a half-edge is required to be paired to two different
other half-half-edges. Since the upper bound in (7.3.10) always holds, we arrive at

~ * * 1
E nj)s Mn T <
[CONCZARESEEDS f ) (e [ P (s wy wrre

mgl),4.4,mgl)€llmgz),.4.,m£2)612

BT =) (B = s+ VBT =) (Bl =r )y

(bn —1)(ln —3) -+ (b —1 —2s —4r) ' o
Since |Z1], |Z2|, £» all tend to infinity, and s, remain fixed, we have that

. ~ I 51 A v 1 A
llﬁsipE[(Sn)s(Mn)r] = (nll_{r;o —n) (nh_{r;o H) . (7.3.13)

Now,
N Y | di(di —1)
lim — = M~ EE[ | - = v/2, (7.3.14)

n—00 n
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by Assumption 7.2(b)-(c). Further, again by Assumption 7.2(b)-(c) and also using that
d; = o(y/n) by Exercise 6.3, as well as £, > n,

lim 1Z2| _ lim 1 Z Mdj(dj—l)

n— oo Z% n—oo {2

|
~~
T._
85
:‘*—‘
M
|
S
=
&
[\

LD S e S (L)

i€ln] i€[n]

This provides the required upper bound.
To prove the matching lower bound, we note that, by (7.3.11),

* * 1 ~
2 DD s s Sl (CORCLR

=0

I oy o, @ o

= . - 1 e Ms My e, My
= Z Z (b —1)(ln —3) - (b — 1 — 25 — 4r)’ (7.3.16)
2

where the indicator [ DD ezy m® o m® is equal to one precisely when there is a
s 1 ™

,,,,,,,,,,,

conflict in m{",..., m{ >,m§2), ...,m{?. There is a conflict precisely when there exist a

vertex ¢ such that one of its half-edges s must be paired to two different half-edges. For
this, there has to be a pair of indices in m{",...,m{", m{®,...,m® which create the
conflict. There are three such possibilities: (a) the conflict is created by mfl”,mzl) for
some a,b; (b) the conflict is created by m{", m{® for some a,b; and (c) the conflict is
created by m?, mbz) for some a,b. We shall bound each of these possibilities separately.
In case (a), the number of m", ¢ € {1,...,s}\{a,b} and m{”’,d € {1,...,r} is bounded
by |Z1|°72|Z2|". Thus, comparing with (7.3.12), we see that it suffices to prove that the

number of conflicting mS”, m{" is o(|Z1|*). Now, the number of conflicting m&", m" is

bounded by
ZdS—o(de—1)7 (7.3.17)

i€[n]

where we use that d; = o(y/n), as required.
In case (b), the number of m{",c € {1,...,s} \ {a} and m{’,d € {1,...,7} \ {b} is
bounded by |Z1|*~!|Z2|""", while the number of conflicting mS"”, m{” is bounded by

Zd32d2_o(2dd—1), (7.3.18)

i€[n] j€[n] i€[n]

where we again use that d; = o(y/n), as required.

In case (c), the number of m{", ¢ € {1,...,s} and m’,d € {1,...,7r}\{a, b} is bounded

by |Z1]°|Z2|""2, while the number of conflicting m&?, m; ) is bounded by

S d Z &3 d= 0( 3 didi — 1))4, (7.3.19)

i€[n] ke[n] i€[n]

where we again use that d; = o(1/n), as required. This completes the proof. O
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Exercise 7.11 (Characterization moments independent Poisson variables). Show that the
moments of (X,Y), where (X,Y) are independent Poisson random variables with param-
eters pux and py are identified by the relations, for r > 1,

E[X"] = uxE[(X +1)"1], (7.3.20)

and, forr,s > 1,
E[X"Y®] = py B[ X" (Y +1)°7"]. (7.3.21)

Exercise 7.12 (Alternative proof of Proposition 7.6). Give an alternative proof of Propo-
sition 7.6 by using Theorem 2.3(e) together with Ezercise 7.11 and the fact that all joint
moments of (Sn, My) converge to those of (S, M), where S and M are two independent

. . . 2
Poisson random variables with means & and “-.

Exercise 7.13 (Average number of triangles CM). Compute the average number of occu-
pied triangles in CM,, (d).

Exercise 7.14 (Poisson limit triangles CM). Show that the number of occupied triangles
in CM,,(d) converges to a Poisson random variable when Assumption 7.2(a)-(c) holds.

7.4 Configuration model, uniform simple random graphs and
GRGs

In this section, we shall investigate the relations between the configuration model, uni-
form simple random graphs with given degrees, and the generalized random graph with
given weights. These results are ‘folklore’ in the random graph community, and allow to
use the configuration model to prove results for several other models.

Proposition 7.7 (Uniform graphs with given degree sequence). For any degree sequence
(di)ien), and conditionally on the event {CMn(d) is a simple graph}, CMy(d) is a uniform
simple random graph with the prescribed degree sequence.

Proof. We recall that the graph in the configuration model is produced by a uniform
matching of the corresponding configuration of half-edges. By Exercise 7.15 below, we note
that, conditionally on the matching producing a simple graph, the conditional distribution
of the configuration is uniform over all configurations which are such that the corresponding
graph is simple:

Exercise 7.15 (A conditioned uniform variable is again uniform). Let P be a uniform
distribution on some finite state space X, and let U be a uniform random variable on X.
Let Y C X be a non-empty subset of X. Show that the conditional probability P(-|U € Y)
gwen that U is in Y is the uniform distribution on ).

We conclude that Proposition 7.7 is equivalent to the statement that every simple graph
has an equal number of configurations contributing to it, which follows from Proposition
7.1. O

Exercise 7.16 (Poisson limits for self-loops, multiple edges and triangles). Assume that the
fized degree sequence (d;);e[n) satisfies Assumption 7.2(a)-(c). Let T, denote the number
of triangles in CM,(d), i.e., the number of i,j, k such that ¢ < j < k and such that there
are edges between i and j, between j and k and between k and i. Show that (Sn, My, Tr)
converges to three independent Poisson random wvariables and compute their asymptotic
parameters.

An important consequence of Theorem 7.5 is that it allows us to compute the asymptotic
number of graphs with a given degree sequence:
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Corollary 7.8 (Number of graphs with given degree sequence). Assume that the degree
sequence (di)ic(n) satisfies Assumption 7.2(a)-(c), and that ln =3, di is even. Then,
the number of simple graphs with degree sequence (di)icjn) is equal to

efu/27u2/4 (zn - 1)”
Hie[n] dz'

Proof. By Proposition 7.7, the distribution of CM,(d), conditionally on CM,(d) being
simple, is uniform over all simple graphs with degree sequence d = (di);cjn)- Let Q(d)
denote the number of such simple graphs, and let G denote any simple random graph with
degree sequence d = (d;);c[n]- Recall from the proof of Proposition 7.1 that N(G) denotes
the number of configurations that give rise to G. By Proposition 7.1, we have that N(G)
is the same for all simple G. Recall further that the total number of configurations is given
by (£n — 1)!I. Then,

(14 0(1)). (7.4.1)

(€, — 1)

By Proposition 6.11, for any simple graph G,
N(@G) = [] d. (7.4.3)
i€[n]
Proposition 7.7 then yields the result. O

A special case of the configuration model is when all degrees are equal to some r. In this
case, when we condition on the fact that the resulting graph in the configuration model
to be simple, we obtain a uniform reqular random graph. Uniform regular random graphs
can be seen as a finite approximation of a regular tree. In particular, Corollary 7.8 implies
that, when nr is even, the number of regular r-ary graphs is equal to

e—(r—1>/2—<r71>2/4%(1 +o(1). (7.4.4)

Exercise 7.17 (The number of r-regular graphs). Prove (7.4.4).

Exercise 7.18 (The number of simple graphs without triangles). Assume that the fized
degree sequence (di);cin) satisfies Assumption 7.2(a)-(c). Compute the number of simple
graphs with degree sequence (di)ic[n) not containing any triangle. Hint: use Ezercise 7.16.

A further consequence of Theorem 7.5 is that it allows to prove a property for uniform
graphs with a given degree sequence by proving it for the configuration model with that
degree sequence:

Corollary 7.9 (Uniform graphs with given degree sequence and CM, (d)). Assume that
d = (di)ic[n) satisfies Assumption 7.2(a)-(c), and that €, = 3, (. di is even. Then,
an event &, occurs with high probability for a uniform simple random graph with degrees
(di)ie[n) when it occurs with high probability for CMy(d).

Corollary 7.9 allows a simple strategy to study proporties of uniform simple random
graphs with a prescribed degree sequence. Indeed, CM,,(d) can be constructed in a rather
simple manner, which makes it easier to prove properties for CM,, (d) than it is for a uniform
random graph with degrees d. For completeness, we now prove the above statement.
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Proof. Let UGn(d) denote a uniform simple random graph with degrees d. We need to
prove that if lim, e P(CM,(d) € &) = 0, then also lim,_,. P(UG,(d) € &) = 0. By
Proposition 7.7,

P(UG,(d) € &) = P(CM,(d) € &,|CM,(d) simple) (7.4.5)
_ P(CM,(d) € &,,,CM,(d) simple)
P(CM,(d) simple)
P(CM,(d) € &)
— P(CM,(d) simple) "

By Theorem 7.5, for which the assumptions are satisfied by the hypotheses in Corollary
7.9, liminf, o P(CM, (d) simple) > 0. Moreover, lim, o P(CM,(d) € &;) = 0, so that
P(UG,(d) € &;) — 0, as required. O

As a consequence of Proposition 7.7 and Theorem 6.10, we see that the GRG condition-
ally on its degrees, and CM,,(d) with the same degrees conditioned on producing a simple
graph, have identically the same distribution. This also partially explains the popularity of
the configuration model: Some results for the Erdés-Rényi random graph are more easily
proved by conditioning on the degree sequence, proving the result for the configuration
model, and using that the degree distribution of the Erdds-Rényi random graph is very
close to a sequence of independent Poisson random variables. See Chapters 7?7 and 77. We
shall formalize this ‘folklore’ result in the following theorem:

Theorem 7.10 (Relation between GRG,, (w) and CM,,(d)). Let D; be the degree of vertex
i in GRGn(w) defined in (6.2.1), and let D = (D;);e[n). Then,

P(GRG,(w) =G| D =d) =P(CM,(d) = G | CM,(d) simple). (7.4.6)

Assume that D = (D;);cjn) satisfies that Assumptions 7.2(a)-(c) hold in probability and

that P(CM,,(D) € £,) — 1, where CM,,(D) denotes the configuration model with degrees
equal to the (random) degrees of GRGn(w), and P(CM, (D) € &,) is interpreted as a

function of the random degrees D. Then, by (7.4.6), also P(GRGy(w) € £,) — 1.

We note that, by Theorem 6.5, in many cases, Assumption 7.2(a)-(c). These properties
are often easier to verify than the event &, itself. We also remark that related versions
of Theorem 7.10 can be stated with stronger hypotheses on the degrees. Then, the state-
ment becomes that, when an event &, occurs with high probability for CM,,(d) under the
assumptions on the degrees, £, also occurs with high probability for GRG, (w).

Proof. Equation (7.4.6) follows from Theorem 6.10 and Corollary 7.9, for every simple
graph G with degree sequence d, as these two results imply that both GRG,(w) condi-

tionally on D = d and CM,(d) conditionally on being simple are uniform simple random
graphs with degree sequence d. By (7.4.6), for every event &,

P(GRG,(w) € &, | D =d) =P(CM,(d) € &, | CM,,(d) simple). (7.4.7)
We rewrite

P(GRG,(w) € £5) = E[P(GRGn(w) c&l | D)] (7.4.8)

E[P(CMH(D) € £ | CM, (D) simple)]

(s simiey) " 1) (79

IN
=
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By assumption, P(CM,, (D) € £5) —s 0. Further, since the degrees D satisfies Assumption
7.2(a)-(c),

P(CM,, (D) simple) —= e=*/2>7*"/4 5 (7.4.10)
Therefore, by Dominated Convergence (Theorem A.11), we obtain that

Jm B (a1 smargy) 1 =

so that we conclude that lim,— .o P(GRG,(w) € &) = 0, as required. O

7.5 Configuration model with i.i.d. degrees

In this section, we apply the results of the previous sections to the configuration model
with i.i.d. degrees. Indeed, we take the degrees (D;);>1 to be an i.i.d. sequence. Since the
total degree 3, (. D; is with probability close to 1/2 odd (recall Exercise 7.8), we need
to make sure that the total degree is even. Therefore, by convention, we set

di = DZ + ]I{Zje[n] Dj; odd,i=n}> (751)
and set
Ln = Z dl = Z D’ + H{Ziem D; odd}- (752)
1€[n] 1€[n]

Often, we shall ignore the effect of the added indicator in the definition of d,,, since it shall
hardly make any difference.

We note that, similarly to the generalized random graph with i.i.d. weights, the in-
troduction of randomness in the degrees introduces a double randomness in the model:
firstly the randomness of the weights, and secondly, the randomness of the pairing of the
edges given the degrees. Due to this double randomness, we need to investigate the degree
sequence (P{™)52, defined by

o1
P == Na=ny- (7.5.3)

i€[n]

If we ignore the dependence on n of d,, then we see that (P,i"))iozl is precisely equal to
the empirical distribution of the degrees, which is an i.i.d. sequence. As a result, by the

Strong Law of Large Numbers, we have that
P %% p, = P(Dy = k), (7.5.4)

so that the empirical distribution of i.i.d. degrees is almost surely close to the probability
distribution of each of the degrees. By Exercise 2.14, the above convergence also implies

that drv(P™, p) 2% 0, where p = (pr)k>1 and P™ = (P,i"))kzl.
The main results are the following:

Theorem 7.11 (Degree sequence of erased configuration model with i.i.d. degrees). Let

(Di)icin) be an i.i.d. sequence of finite mean random variables with P(D > 1) = 1. The

degree sequence of the erased configuration model (Py™ )i>1 with degrees (Ds)ic(n] converges
to (pk)k>1. More precisely,

P> P —pr| 2 €) = 0. (7.5.5)

k=1
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Proof. By Exercise 7.9, when E[D] < oo, Assumption 7.2(a)-(b) hold, where the conver-
gence is in probability. As a result, Theorem 7.11 follows directly from Theorem 7.3. [
We next investigate the probability of obtaining a simple graph in CM, (D):

Theorem 7.12 (Probability of simplicity in CM,,(D)). Let (D;);>1 be an i.i.d. sequence
of random wvariables with Var(D) < oo and P(D > 1) = 1. Then, the probability that

CM, (D) is simple is asymptotically equal to e_”/Q_”2/4, where v = E[D(D — 1)]/E[D].

Proof. By Exercise 7.9, when E[D] < oo, Assumption 7.2(a)-(b) hold, where the conver-
gence is in probability. As a result, Theorem 7.12 follows directly from Theorem 7.5. [

We finally investigate the case where the mean is infinite, with the aim to produce a
random graph with power-law degrees with an exponent 7 € (1,2). In this case, the graph
topology is rather different, as the majority of edges is in fact multiple, and self-loops
from vertices with high degrees are abundant. As a result, the erased configuration model
has rather different degrees compared to those in the multigraph. Therefore, in order to
produce a more realistic graph, we need to perform some sort of a truncation procedure.
We start by investigating the case where we condition the degrees to be bounded above by
some a, = o(n), which, in effect reduces the number of self-loops significantly.

Theorem 7.13 (Degree sequence of erased configuration model with i.i.d. conditioned
infinite mean degrees). Let (D{");c|n) be i.i.d. copies of the random variable D conditioned
on D < an. Then, for every an = o(n), the empirical degree distribution of the erased
configuration model (P,ie"))zozl with degrees (DE"))ie[n] converges to (pr)k>1, where pr, =
P(D = k). More precisely,

PO |PEY = prl > €) = 0. (7.5.6)
k=1

Theorem 7.13 is similar in spirit to Theorem 6.8 for the generalized random graph, and
is left as an exercise:

Exercise 7.19 (Proof of Theorem 7.13). Adapt the proof of Theorem 7.11 to prove The-
orem 7.13.

O

We continue by studying the erased configuration model with infinite mean degrees in

the unconditioned case. We assume that there exists a slowly varying function = — L(x)
such that

1—F(z) = 2" " L(x), (7.5.7)

where F(z) = P(D < z) and where 7 € (1,2). We now investigate the degree sequence in
the configuration model with infinite mean degrees, where we do not condition the degrees
to be at most a,. We shall make substantial use of Theorem 2.28. In order to describe
the result, we need a few definitions. We define the (random) probability distribution
P = (P;)i>1 as follows. Let, as in Theorem 2.28, (E;);>1 be i.i.d. exponential random
variables with parameter 1, and define I'; = 37", Ej. Let (D;)i>1 be an i.i.d. sequence
of random variables with distribution function Fp in (7.5.7), and let D(y.ny = Din1.n) >
-+ > D(1.ny be the order statistics of (Di)ie[n]. We recall from Theorem 2.28 that there

exists a sequence un, with unn™*/"~Y slowly varying, such that

u:ll (Ln7 {D(i)}?il) i> Z Fj_l/(‘r_l)7 (Fi_l/(T_l))izl . (758)

Jj=1
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o DY and & =17V and let

We abbreviate n = >

so that, by (7.5.8),

S P=1 (7.5.10)

However, the P; are all random variables, so that P = (P;);>1 is a random probability
distribution. We further write Mp; for a multinomial distribution with parameters k and
probabilities P = (P;);>1, and Up p, is the number of distinct outcomes of the random
variable Mp p, , where Dy, is independent of P = (P;);>1 and the multinomial trials.

Theorem 7.14 (Degree sequence of erased configuration model with i.i.d. infinite mean
degrees). Let (D;);>1 be i.i.d. copies of a random variable D1 having distribution function
F satisfying (7.5.7). Fiz k € N. The degree of vertex k in the erased configuration model
with degrees (D;)ic[n) converges in distribution to the random variable Up p, , where P =
(Py)i>1 ts given by (7.5.9), and the random variables Dy, and P = (P;);>1 are independent.

Theorem 7.14 is similar in spirit to Theorem 6.9 for the generalized random graph.

Proof. We fix vertex k, and note that its degree is given by Djy. With high probability,
we have that Dy < logn, so that Dy is not one of the largest order statistics. Therefore,
Dy, is independent of (n,&1,&2,...). The vertex k now has Dy, half-edges, which need to
be connected to other half-edges. The probability that any half-edge is connected to the
vertex with the j*® largest degree is asymptotic to

Pj(”) = Din_js1my/Ln, (7.5.11)

where, by Theorem 2.28 (see also (7.5.8)),

(P{)jo1 =5 (&/m)531- (7.5.12)

Moreover, the vertices to which the Dy half-edges are connected are close to being inde-
pendent, when Dy < logn. As a result, the Dy half-edges of vertex k are paired to Dy
vertices, and the number of edges of vertex k that are paired to the vertex with the ¢t"
largest degree are asymptotically given by the i*" coordinate of M P D, - The random
variable MPW)ka converges in distribution to Mp p,. We note that in the erased configu-
ration model, the degree of the vertex k is equal to the number of distinct vertices to which
k is connected, which is therefore equal to the number of distinct outcomes of the random
variable Mp,Dk7 which, by definition, is equal to Up,Dk. O

We next investigate the properties of the degree distribution, to obtain an equivalent
result as in Exercise 6.20.

Theorem 7.15 (Power law with exponent 2 for erased configuration model with infinite

mean degrees). Let the distribution function F of Dy, satisfy (7.5.7) with L(z) = 1. Then,
the asymptotic degree of vertex k, which is given by Up p, satisfies that

P(Upp, >z) <z (7.5.13)

The result in Theorem 7.15 is similar in spirit to Exercise 6.20. It would be of interest
to prove a precise identity here as well.
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Proof. We give a sketch of proof only. We condition on Dy = [xbL for some b > 1.
Then, in order that Up p, > x, at least x/2 values larger than z/2 need to be chosen. By
(2.6.17), we have that the probability that value k is chosen, for some large value k, is close

to k71/<T71>/17. Therefore, the probability that a value at least k is chosen is close to
R S (7.5.14)

Moreover, conditionally on Dy = [2%], the number of values larger than x/2 that are
chosen is equal to a Binomial random variable with (:cb] trials and success probability

qu =27/ (7.5.15)

Therefore, conditionally on Dy = [mb], and using Theorem 2.18, the probability that at
least x/2 values larger than x/2 are chosen is negligible when, for some sufficiently large
C >0,

|2 q. — g\ > Clog zv/z%¢y. (7.5.16)

Equations (7.5.15) and (7.5.16) above imply that b=1— (7 —2)/(7 —1) =1/(7 — 1). As
a result, we obtain that

P(Upp, > z) <P(Dy, > [2"]) <2707 D =71, (7.5.17)
O

7.6 Notes and discussion

Notes on Section 7.1. The configuration model has a long history. It was introduced
in [38] to study uniform random graphs with a given degree sequence (see also [42, Section
2.4]). The introduction was inspired by, and generalized the results in, the work of Bender
and Canfield [26]. The original work allowed for a careful computation of the number of
graphs with prescribed degrees, using a probabilistic argument. This is the probabilistic
method at its best, and also explains the emphasis on the study of the probability for the
graph to be simple. It was further studied in [141, 142], where it was investigated when
the resulting graph has a giant component. We shall further comment on these results in
Chapter 77 below.

Notes on Section 7.2. The result in Theorem 7.3 can be found in [106]. The term
erased configuration model is first used in [52, Section 2.1].

Notes on Section 7.4. Corollary 7.9 implies that the uniform simple random graph
model is contiguous to the configuration model, in the sense that events with vanishing
probability for the configuration model also have vanishing probability for the uniform
simple random graph model with the same degree sequence. See [107] for a discussion of
contiguity of random graphs. Theorem 7.10 implies that the generalized random graph
conditioned on having degree sequence d is contiguous to the configuration model with
that degree sequence, whenever the degree sequence satisfies Assumption 7.2(a)-(c).

Notes on Section 7.5. A version of Theorem 7.11 can be found in [52]. Results on
the erased configuration model as in Theorems 7.14-7.15 have appeared in [33], where
first passage percolation on CM,, (D) was studied with infinite mean degrees, both for the
erased as well as for the original configuration model, and it is shown that the behavior in
the two models is completely different.






CHAPTER 8
PREFERENTIAL ATTACHMENT MODELS

The generalized random graph model and the configuration model described in Chapters
6 and 7, respectively, are static models, i.e., the size of the graph is fized, and we have
not modeled the growth of the graph. There is a large body of work investigating dynamic
models for complex networks, often in the context of the World-Wide Web. In various
forms, such models have been shown to lead to power-law degree sequences, and, thus, they
offer a possible explanation for the occurrence of power-law degree sequences in random
graphs. The existence of power-law degree sequences in various real networks is quite
striking, and models offering a convincing explanation can teach us about the mechanisms
which give rise to their scale-free nature.

A possible and convincing explanation for the occurrence of power-law degree sequences
is offered by the preferential attachment paradigm. In the preferential attachment model,
vertices are added sequentially with a number of edges connected to them. These edges are
attached to a receiving vertex with a probability proportional to the degree of the receiving
vertex at that time, thus favoring vertices with large degrees. For this model, it is shown
that the number of vertices with degree k decays proportionally to k=3 [46], and this result
is a special case of the more general result that we shall describe in this chapter.

The idea behind preferential attachment is simple. In an evolving graph, i.e., a graph
that evolves in time, the newly added vertices are connected to the already existing vertices.
In an Erd6s-Rényi random graph, which can also be formulated as an evolving graph, where
edges are added and removed, these edges would be connected to each individual with equal
probability.

Exercise 8.1 (A dynamic formulation of ER,(p)). Give a dynamical model for the Erdds-
Rényi random graph, where at each time n we add a single individual, and where at time n
the graph is equal to ER,(p). See also the dynamic description of the Norros-Reittu model
on Page 142.

Now think of the newly added vertex as a new individual in a social population, which
we model as a graph by letting the individuals be the vertices and the edges be the ac-
quaintance relations. Is it then realistic that the edges connect to each already present
individual with equal probability, or is the newcomer more likely to get to know socially ac-
tive individuals, who already know many people? If the latter is true, then we should forget
about equal probabilities for receiving ends of the edges of the newcomer, and introduce
a bias in his/her connections towards more social individuals. Phrased in a mathematical
way, it should be more likely that the edges be connected to vertices that already have a
high degree. A possible model for such a growing graph was proposed by Barabasi and
Albert [20], and has incited an enormous research effort since.

Strictly speaking, Barabdsi and Albert in [20] were not the first to propose such a model,
and we shall start by referring to the old literature on the subject. Yule [183] was the first
to propose a growing model where preferential attachment is present, in the context of
the evolution of species. He derives the power law distribution that we shall also find in
this chapter. Simon [166] provides a more modern version of the preferential attachment
model, as he puts it

“Because Yule’s paper predates the modern theory of stochastic processes, his
derivation was necessarily more involved than the one we shall employ here.”

The stochastic model of Simon is formulated in the context of the occurrence of words in
large pieces of text (as in [184]), and is based on two assumptions, namely (i) that the

165
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probability that the (k + 1) word is a word that has already appeared exactly 4 times is
proportional to the number of occurrences of words that have occurred exactly ¢ times, and
(ii) that there is a constant probability that the (k + 1)** word is a new word. Together,
these two assumptions give rise to frequency distributions of words that obey a power law,
with a power-law exponent that is a simple function of the probability of adding a new
vertex. We shall see a similar effect occurring in this chapter. A second place where the
model studied by Simon and Yule can be found is in work by Champernowne [56], in the
context of income distributions in populations.

In [20], Barabdsi and Albert describe the preferential attachment graph informally as
follows:

“To incorporate the growing character of the network, starting with a small
number (mo) of vertices, at every time step we add a new vertex with m(< mg)
edges that link the new vertex to m different vertices already present in the
system. To incorporate preferential attachment, we assume that the probability
II that a new vertex will be connected to a verter i depends on the connectivity
ki of that vertex, so that Il(ki) = ki/}_; k;. After t time steps, the model

leads to a random network with t + mo vertices and mt edges.”

This description of the model is informal, but it must have been given precise meaning in
[20] (since, in particular, Barabdsi and Albert present simulations of the model predicting
a power-law degree sequence with exponent close to 7 = 3). The model description does
not explain how the first edge is connected (note that at time ¢t = 1, there are no edges,
so the first edge can not be attached according to the degrees of the existing vertices),
and does not give the dependencies between the m edges added at time ¢. We are left
wondering whether these edges are independent, whether we allow for self-loops, whether
we should update the degrees after each attachment of a single edge, etc. In fact, each of
these choices has, by now, been considered in the literature, and the results, in particular
the occurrence of power laws and the power-law exponent, do not depend sensitively on the
respective choices. See Section 8.7 for an extensive overview of the literature on preferential
attachment models.

The first to investigate the model rigorously, were Bollobds, Riordan, Spencer and
Tusnady [46]. They complain heavily about the lack of a formal definition in [20], arguing
that

“The description of the random graph process quoted above (i.e, in [20], edt.)
is rather imprecise. First, as the degrees are initially zero, it is not clear how
the process is started. More seriously, the expected number of edges linking a
new vertex v to earlier vertices is Y, I(k;) = 1, rather than m. Also, when
choosing in one go a set S of m earlier vertices as the neighbors of v, the
distribution of S is not specified by giving the marginal probability that each
vertex lies in S.”

One could say that these differences in formulations form the heart of much confusion
between mathematicians and theoretical physicists. To resolve these problems, choices had
to be made, and these choices were, according to [46], made first in [45], by specifying the
initial graph to consist of a vertex with m self-loops, and that the degrees will be updated
in the process of attaching the m edges. This model will be described in full detail in
Section 8.1 below.

This chapter is organized as follows. In Section 8.1, we introduce the model. In Section
8.2, we investigate how the degrees of fixed vertices evolve as the graph grows. In Section
8.3, we investigate the degree sequences in preferential attachment models. The main result
is Theorem 8.2, which states that the preferential attachment model has a power-law degree
sequence. The proof of Theorem 8.2 consists of two key steps, which are formulated and
proved in Sections 8.4 and 8.5, respectively. In Section 8.6, we investigate the maximal
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degree in a preferential attachment model. In Section 8.7, we also discuss many related
preferential attachment models. We close this chapter with notes and discussion in Section
8.8.

8.1 Introduction to the model

In this chapter, we prove that the preferential attachment model has a power-law degree
sequence. We start by introducing the model. The model we investigate produces a graph
sequence which we denote by {PA:(m, §)}¢2;, which for every ¢ yields a graph of ¢ vertices
and mt edges for some m = 1,2,... We start by defining the model for m = 1. In this
case, PA1 (1) consists of a single vertex with a single self-loop. We denote the vertices
of PA4(1,0) by {v{",...,v{"}. We denote the degree of vertex v{" in PA:(1,5) by D;(t),
where a self-loop increases the degree by 2.

Then, conditionally on PA:(1,6), the growth rule to obtain PA;;1(1,9) is as follows.
We add a single vertex vifl having a single edge. This edge is connected to a second
end point, which is equal to v{}); with probability (1 + &)/(¢t(2 + &) + (1 + 6)), and to a
vertex v{" € PA.(1,8) with probability (D;(t) + 8)/(t(2 +8) 4+ (1 +5)), where § > —1is a
parameter of the model. Thus,

140 fori=t+1
P(vf) — vV |[PA(1,8)) = HEpn) o) ) ’
w@rntary  fori€ftl.

(8.1.1)

Exercise 8.2 (Non-negativity of D;(t) 4+ d). Verify that D;(t) > 1 for all i and t, so that
Di(t)4+ 6 >0 for all 6 > —1.

Exercise 8.3 (Attachment probabilities sum up to one). Verify that the probabilities in
(8.1.1) sum up to one.

The model with m > 1 is defined in terms of the model for m = 1 as follows. We

start with PA,,:(1,8/m), and denote the vertices in PA,,:(1,8/m) by v{",... v{}). Then
we identify v{",...,v%) in PAn:(1,6/m) to be vi™ in PA¢(m,d), and vl ... 05
in PAm:(1,6/m) to be v{™ in PA(m,d), and, more generally, vf;’_l)m“,...,vﬁz in

PA.i(1,6/m) to be v§™ in PA;(m,§). This defines the model for general m > 1. The
above identification procedure is sometimes called the collapsing of vertices. We note that
PA;(m, ) is a multigraph with precisely ¢ vertices and mt edges, so that the total degree
is equal to 2mt.

Exercise 8.4 (Total degree). Prove that the total degree of PAi(m,d) equals 2mit.

In order to explain the description of PA;(m,d) in terms of PA,,+(1,5/m), we note that
an edge in PA,,:(1,d/m) is attached to vertex v\’ with probability proportional to the

weight of vertex v,(cl), where the weight is equal to the degree of vertex v,il) plus §/m. Now,

vertices UE;)_l)m+1, .. ,vﬁl in PA,.:(1,0/m) are identified or collapsed to vertex ’U;m)

PA;(m,d). Thus, an edge in PA;(m,d) is attached to vertex v](."") with probability propor-

1) (1)
e yma1r e Vjme
)

of the vertices UE;)_l)m_H, e ,U;:n is equal to the degree of vertex U;m), this probability is

proportional to the degree of vertex vj(-m) in PA;(m,d) plus §. We note that in the above
construction and for m > 2, the degrees are updated after each edge is attached. This is
what we refer to as intermediate updating of the degrees.

The important feature of the model is that edges are more likely to be connected to
vertices with large degrees, thus making the degrees even larger. This effect is called

in

tional to the total weight of the vertices vE Since the sum of the degrees
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Figure 8.1: Preferential attachment random graph with m = 2 and é = 0 of sizes 10, 30
and 100.

preferential attachment. Preferential attachment may explain why there are quite large de-
grees. Therefore, the preferential attachment model is sometimes called the Rich-get-Richer
model. It is quite natural to believe in preferential attachment in many real networks. For
example, one is more likely to get to know a person who already knows many people,
making preferential attachment not unlikely in social networks. However, the precise form
of preferential attachment in (8.1.1) is only one possible example.

The above model is a slight variation of models that have appeared in the literature. The
model with § = 0 is the Barabdsi-Albert model, which has received substantial attention
in the literature and which was first formally defined in [45]. We have added the extra
parameter ¢ to make the model more general.

The definition of {PA¢(m, §)}$2; in terms of {PA4(1,/m)}2, is quite convenient. How-
ever, we can also equivalently define the model for m > 2 directly. We start with PA;(m, J)
consisting of a single vertex with m self-loops. To construct PA¢41(m,d) from PA(m,d),
we add a single vertex with m edges attached to it. These edges are attached sequentially
with intermediate updating of the degrees as follows. The e'® edge is connected to vertex
vim')7 for i € [t], with probability proportional to (D;(e —1,t) + ), where, fore=1,...,m,
Di(e,t) is the degree of vertex i after the e™ edge is attached, and to vertex v{] with
probability proportional to (D¢+1(e—1,t)+ed/m), with the convention that D:41(0,t) = 1.
This alternative definition makes it perfectly clear how the choices missing in [20] are made.
Indeed, the degrees are updated during the process of attaching the edges, and the initial
graph at time 1 consists of a single vertex with m self-loops. Naturally, the edges could
also be attached sequentially by a different rule, for example by attaching the edges in-
dependently according to the distribution for the first edge. Also, one has the choice to
allow for self-loops or not. See Figure 8.1 for a realization of {PA(m,d)}i2; for m = 2
and 6 = 0, and Figure 8.2 for a realization of {PA;(m,d)}2; for m =2 and § = —1.

Exercise 8.5 (Collapsing vs. growth of the PA model). Prove that the alternative definition
of {PA¢(m,d)}i2, is indeed equal to the one obtained by collapsing m consecutive vertices
in {PA¢(1,6/m)}Z,.

Exercise 8.6 (Graph topology for § = —1). Show that when § = —1, the graph PA:(1,6)

consists of a self-loop at vertex vil), and each other vertex is connected to vil) with precisely
one edge. What is the implication of this result for m > 17

In some cases, it will be convenient to consider a slight variation on the above model
where, for m = 1, self-loops do not occur. We shall denote this variation by {PA{" (m, §)}¢>2
and sometimes refer to this model by model (b). To define PA{”(1,5), we let PAS(1,0)
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Figure 8.2: Preferential attachment random graph with m = 2 and 6 = —1 of sizes 10, 30
and 100.

consist of two vertices v{" and v{" with two edges between them, and we replace the
growth rule in (8.1.1) by the rule that, for all ¢ € [t],

D;(t)+46

SRR (8.1.2)

P(viyy — iV [PAY(1,6)) =
The advantage of this model is that it leads to a connected graph. We again define the
model with m > 2 and § > —m in terms of {PA{”(1,8§/m)}:2, as below Exercise 8.3.
We also note that the differences between {PA;(m,§)};>1 and {PA{” (m, ) }+>2 are minor,
since the probability of a self-loop in PA:(m,d) is quite small when ¢ is large. Thus,
most of the results we shall prove in this chapter for {PA;(m,d)};>1 shall also apply to
{PA" (m, §)};>2, but we shall not state these extensions explicitly.

Interestingly, the above model with § > 0 can be viewed as an interpolation between the
models with § = 0 and § = co. We show this for m = 1, the statement for m > 2 can again
be seen by collapsing the vertices. We again let the graph at time 2 consist of two vertices
with two edges between them. We fix a € [0,1]. Then, we first draw a random variable
X1 taking values 0 with probability o and X¢41 = 1 with probability 1 —«. The random
variables {X:}:2, are independent. When X;;1 = 0, then we attach the (¢ + 1) edge to
a uniform vertex in [t]. When X;y1 = 1, then we attach the (¢ + 1)** edge to vertex i € [t]
with probability D;(t)/(2t). We denote this model by {PA,(SZ’/)(LQ)};ZL When a > 0 is
chosen appropriately, then this is precisely the above preferential attachment model:

Exercise 8.7 (Alternative formulation of PA¢(1,4)). Fora = %, the law of {PAS" (1, 0)}52,
ts equal to the one of {PA(1,6)}2;.

Exercise 8.8 (Degrees grow to infinity a.s.). Fiz m = 1. Prove that D;(t) £ oo.
Hint: wuse that, with {I;}{2; a sequence of independent Bernoulli random variables with

P(I; =1) = (1+6)/(t(2+68) + 1 +6), we have that 3" _, I, < D;(t). What does this imply
form > 17

8.2 Degrees of fixed vertices

We start by investigating the degrees of given vertices. To formulate the results, we
define the Gamma-function t — T'(t) for t > 0 by

() = /000 e dr. (8.2.1)
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We also make use of the recursion formula

T(t+ 1) = tT(t). (8.2.2)

Exercise 8.9 (Recursion formula for the Gamma function). Prove (8.2.2) using partial
integration, and also prove that I'(n) = (n — 1)! forn=1,2,....
The main result in this section is the following:

1

Theorem 8.1 (Degrees of fixed vertices). Fiz m = 1 and § > —1. Then, D;(t)/t?+3
converges almost surely to a random variable &; as t — oo, and

Lt + DI — 515)

L(t 4 $25)T(4)

E[D;(t) + 6] = (1 + ) (8.2.3)

In Section 8.6, we shall considerably extend the result in Theorem 8.1. For example,
we shall also prove the almost sure convergence of mazimal degree.

Proof. Fix m = 1. We compute that

E[Di(t +1) + 6| Di(t)] = Di(t) + 6 + E[Di(t + 1) — Di(t)| Di(t)]
D;(t)+ 06
2+0)t+1+6
2+8)t+2+6
(2+8)t+1+6
24+0)(t+1)

=D;(t)+d+

= (Di(t) +9)

= (D;(¥) +5)m. (8.2.4)
Using also that
) _ 1+6 _ 24+8)(E—-1)+2406
ED@) +0l =140+ G- nr1+s - U Herni-n+1+9
B (24 0)i
B CRs T S (8.2.5)
we obtain that )

146 2+0)(s+1)

s=i—1
is a non-negative martingale with mean 1. As a consequence of the martingale convergence
theorem (Theorem 2.21), as t — oo, M;(t) converges almost surely to a limiting random
variable &;.
We compute that

[[ @Dstied g otsiy T+ #r0 w2
St +es+2+6 0 Al s+l D+ DTG — 55)
It is not hard to see that, using Stirling’s formula,
Ll+a) _ a4 o)), (8.2.8)

T(t)
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1
Therefore, we have that D;(t)/t2+5 converges in distribution to a random variable M;
F(i_ 2‘}’5 )
T(i)
1
at time t is at most of order ¢2+5. Note, however, that we do not yet know whether

P(& = 0) = 0 or not!
Exercise 8.10 (Asymptotics for ratio I'(t +a) /T'(t)). Prove (8.2.8), using that [92, 8.327]
eI <T(t+1) < e 'tV 2me (8.2.9)

O
Note that we can extend the above result to the case when m > 1, by using the relation
between PA¢(m, ) and PA,,:(1,5/m). This implies in particular that

having expected value (1 + 6) . In particular, the degrees of the first ¢ vertices

where we have added a subscript m and a superscript ¢ to denote the values of m and §
involved.

Exercise 8.11 (Mean degree for m > 2). Prove (8.2.10) and use it to compute E2,[D;(t)].
Exercise 8.12 (A.s. limit of degrees for m > 2). Prove that, for m > 2 and any i > 1,
D;(t)(mt) "V @GH/m) L5 e here

mi

G= Y. &, (8.2.11)

j=(i—1)m—+1
and &; is the almost sure limit of D;(t) in {PA4(1,6/m)}2;.
Exercise 8.13 (Mean degree for model (b)). Prove that for PA (1,6), (8.2.3) is adapted

to
L(t + 515)0(i)

L0+ 555)
We close this section by giving a heuristic explanation for the occurrence of a power-

law degree sequence in preferential attachment models. Theorem 8.1 in conjunction with
Exercise 8.12 implies that there exists an a., such that, for ¢,¢ large, and any m > 1,

t\1/(2+8/m)
E[D;(t)] ~ am(g) .

E[D;(t) + 6] = (1 + ) (8.2.12)

(8.2.13)

When the graph indeed has a power-law degree sequence, then the number of vertices with
degrees at least k will be close to ctk~ ("~ for some 7 > 1 and some ¢ > 0. The number
of vertices with degree at least k at time ¢ is equal to Nxx(t) = >.'_ Ip,(1y>k}. Now,
assume that in the above formula, we are allowed to replace ip,)>x} by Lg[D;t))>k}

(there is a big leap of faith here). Then we would obtain that

t t
Nawt) ~ 3 Desioconziy ~ 21 yevsm
i=1 i=1 ™A =

t
246/m 1, —(245/m
= Z]l{iﬁtafn+5/mk—(2+8/m)} = tap, /A, (8.2.14)
i=1
so that we obtain a power-law with exponent 7 — 1 =2+ §/m, so that 7 = 3 + §/m. The
above heuristic shall be made precise in the following section, but the proof will be quite
a bit more subtle than the above heuristic!
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8.3 Degree sequences of preferential attachment models

The main result establishes the scale-free nature of preferential attachment graphs. In
order to state the result, we need some notation. We write

t
1
Pi(t) = I Z L, (t)=k} (8.3.1)
=1

for the (random) proportion of vertices with degree k at time ¢. For m > 1 and § > —m,
we define {px}72 to be the probability distribution given by pr =0 for k=0,...,m —1
and, for kK > m,

§ T(k+0)T(m+2+45+2)

=24+ — 8.3.2
pe = ( +m)1“(m+5)1“(k+3+5+%) (8:3.2)
For m =1, (8.3.2) reduces to
B T'(k + 6)I'(3 + 26)
Pe= 4O S s s 4 0 (8.3.3)

Also, when § = 0 and k > m, (8.3.2) simplifies to

_2(M(m+2)  2m(m+1)
P Tk 3)T(m)  k(h+ D(E+2) (8.3.4)

We start by proving that {px}2, is a probability distribution. For this, we note that, by
(8.2.2),

L(k+a) _ 1 ( I'(k+a) 71“(k+1+a)) (8.3.5)
Dk+b) b—a—1\T(k—1+0) I'(k + b) e
Applying (8.3.5) toa=4d,b=3+3d + %, we obtain that, for k > m,
_F(m+2+5+%)( I(k+06) _ D(k+1+96) ) (8.3.6)
b I'(m +9) T(k+2+0+2) T(k+3+5+2)/ o
Using that pr = 0 for K < m, and by a telescoping sum identity,
T(m+2+6+ 2 r b
Yopk=) pe= ( ) (m+9) =1 (8.3.7)

T'(m +6) T(m+2+d5+2)

E>1 k>m

Thus, since also py > 0, we obtain that {py};=; indeed is a probability distribution. We
shall see that {px}32, arises as the limiting degree distribution for PA¢(m, d):

Theorem 8.2 (Degree sequence in preferential attachment model). Fiz 6 > —m and
m > 1. Then, there exists a constant C' = C(m,d) > 0 such that, as t — oo,

P ((max | Pu(t) — pi| > c,/lOTgt) = o(1). (8.3.8)

Theorem 8.2 identifies the asymptotic degree sequence of PA;(m,d) as {pr}iei. We
next show that, for k large, px is close to a power-law distribution. For this, we first note
that from (8.3.2) and (8.2.8), as k — oo,

P = emsk™ (14 0(%)), (8.3.9)
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Figure 8.3: The degree sequences of a preferential attachment random graph with m =
2,8 = 0 of sizes 300,000 and 1,000,000 in log-log scale.

where 5
T=3+—>2, (8.3.10)
m

and

R+ T(m+2+6+2) (8.311)
N I'(m+9) ' o
Therefore, by Theorem 8.2 and (8.3.9), the asymptotic degree sequence of PA:(m,d) is
close to a power law with exponent 7 = 3 4+ §/m. We note that any exponent 7 > 2 is
possible by choosing § > —m and m > 1 appropriately. The power-law degree sequence
can clearly be observed in a simulation, see Figure 8.3, where a realization of the degree
sequence of PA;(m,¢) is shown for m =2, § = 0 and ¢ = 300,000 and ¢ = 1,000, 000.

The important feature of the preferential attachment model is that, unlike the configu-
ration model and the generalized random graph, the power law in PA.(m, ) is explained
by giving a model for the growth of the graph that produces power-law degrees. There-
fore, preferential attachment offers a convincing explanation as to why power-law degree
sequences occur. As Barabdsi puts it [19]

Cm,s

“...the scale-free topology is evidence of organizing principles acting at each
stage of the network formation. (...) No matter how large and complex a
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network becomes, as long as preferential attachment and growth are present it
will maintain its hub-dominated scale-free topology.”.

Many more possible explanations have been given for why power laws occur in real networks,
and many adaptations of the above simple preferential attachment model have been studied
in the literature, all giving rise to power-law degrees. See Section 8.7 for an overview of
the literature.

The remainder of this chapter shall be primarily devoted to the proof of Theorem 8.2,
which is divided into two main parts. In Section 8.4, we prove that the degree sequence
is concentrated around its mean, and in Section 8.5, we identify the mean of the degree
sequence. In the course of the proof, we also prove results related to Theorem 8.2.

Exercise 8.14 (The degree of a uniform vertex). Prove that Theorem 8.2 implies that the
degree at time t of a uniform vertex in [t] converges in probability to a random variable
with probability mass function {pk}he;.

Exercise 8.15 (Degree sequence uniform recursive tree [105]). In a uniform recursive tree

we attach each vertexr to a uniformly chosen old verter. This can be seen as the case where

m =1 and § = co of {PA" (m,8)}i>2. Show that Theorem 8.2 remains true, but now with
— o9—(k+1)

P =2 .

8.4 Concentration of the degree sequence

In this section, we prove that the (random) degree sequence is sufficiently concentrated
around its expected degree sequence. We use a martingale argument which first appeared
in [46], and has been used in basically all subsequent works proving power-law degree
sequences for preferential attachment models. The argument is very pretty and general,
and we spend some time explaining the details of it.

We start by stating the main result in this section. In its statement, we use the notation

t
Ne(t) => p, )=k} = tPx(t) (8.4.1)
=1

for the total number of vertices with degree k£ at time t.

Proposition 8.3 (Concentration of the degrees). Fix 6 > —m and m > 1. Then, for any
C >my/8, ast — oo,

P(mgx INk(t) — E[N(1)]] > Cy/tlog t) =o(1). (8.4.2)

We note that Theorem 8.2 predicts that Ny (¢) = tpr. Thus, at least for k for which py
is not too small, i.e., tpr > /tlogt, Proposition 8.3 suggests that the number of vertices
with degree equal to k is very close to its expected value. Needless to say, in order to
prove Theorem 8.2, we still need to investigate E[Ny(t)], and prove that it is quite close to
tpr. This is the second main ingredient in the proof of Theorem 8.2 and is formulated in
Proposition 8.4. We first prove Proposition 8.3.

Proof. We start by reducing the proof. First of all, Ni(t) = 0 when k& > m(t + 1).
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Therefore,

IF’(mkaX|Nk(t) — E[N:()]| 2 C\/tlogt) = IP’( max  |Ni(t) — E[Ng(t)]] > C’\/tlogt)

k<m(t+1)
m(t+1)
< ¥ IP’(|Nk(t) —E[N:(t)]] = C\/t logt).
k=1
(8.4.3)
We shall prove that for any C' > m+/8, uniformly in & < m(t + 1),

P(\Nk(t) —E[Nu(t)]| > C\/¢ logt) —o(t™), (8.4.4)

which would complete the proof of Proposition 8.3.

For n =0,...,t, we denote by

M, = E[N(t)|PA,(m,6)] (8.4.5)

the conditional expected number of vertices with degree k at time ¢, conditionally on the
graph PA,, (m,§) at time n € {0,...,t}. We shall show that {M,}}_, is a martingale.
Firstly, since Ni(t) is bounded by the total number of vertices at time ¢, we have
Ni(t) <t, so that
E[|M,|] = E[M,] = E[Nk(t)] < t < co. (8.4.6)

Secondly, by the tower property of conditional expectations, and the fact that PA,(m,d)
can be deduced from PA,, s(n + 1), we have that, for all n <¢ — 1,

E[My41|PA,(m, )] = E[E [Ne()[PAs(n + 1)] ‘PAn(m 5)]
= E[Nk(t)|PAn(m, 0)] = M, (8.4.7)

so that {M,},—, satisfies the conditional expectation requirement for a martingale. In
fact, { My} is a so-called Doob martingale (see also Exercise 2.22).

Therefore, {M,}%_, also satisfies the moment condition for martingales. We conclude
that {M,};—_, is a martingale process with respect to {PA, (m,d)},—o. This is the first
main ingredient of the martingale proof of (8.4.4).

For the second ingredient, we note that M, is identified as

Mo = E[N(t)|PA,5(0)] = E[Nk(1)], (8.4.8)
Since PA,, 5(0) is the empty graph. Furthermore, M, is trivially identified as
M, = E[Ni(t)[PA:(m, 8)] = Ni(t), (8.4.9)
since one can determine Ny (t) from PA:(m,d). Therefore, we have that
Ni(t) — E[Ng(t)] = My — Mo. (8.4.10)
This completes the second key ingredient in the martingale proof of (8.4.4).
The third key ingredient is the Azuma-Hoeffding inequality, Theorem 2.23. For this, we

need to investigate the support of |M,, — M,,_1]. We claim that, for all n € [t], a.s.,

|M,, — My 1| < 2m. (8.4.11)
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In order to prove this, we note that

M,, = E[Ny,(t)|PA,( ZIP’ = k|PA,(m,d)), (8.4.12)
and, similarly,
M1 = ZP = k|PA,_1(m,d)), (8.4.13)
so that
My — My = ZIP’ = k[PA,(m,8)) — P(Di(t) = k|PA,—1(m,d)).  (8.4.14)

i=1

Thus, we need to investigate the influence of the extra information contained in PA,, (m, d)
compared to the information contained in PA,_1(m,d). For any s = 1,...,t, conditioning
on PA,(m, ) is the same as conditioning to which vertices the first sm edges are attached.
Thus, in PA,,_1(m, §), we know where the edges of the vertices v{™, ..., v{™) are attached
to. In PA,(m,d), we have the additional information of where the m edges originating
from the vertex v{™ are attached to. These m edges effect the degrees of at most m other
vertices, namely, the receiving ends of these m edges.

For the conditional expectations given PA,(m,d), we need to take the expectation with
respect to all possible ways of attaching the remaining edges originating from the vertices

(m)

Vg 1y - vém) As explained above, only the distribution of the degrees of the vertices in
PA:(m, 5) to which the m edges originating from v(™ are connected are effected by the
knowledge of PA,(m,d) compared to PA,_1(m,d). This number of vertices is at most
m, so that the distribution of the degrees of at most 2m vertices is different in the law of
PA¢(m,d) conditionally on PA,_1(m,d) compared to the law of PA¢(m,d) conditionally
on PA,,(m,d). This implies (8.4.11).

The Azuma-Hoeffding’s Inequality (Theorem 2.23) then yields that, for any a > 0,

]P’(|Nk(t) — E[Nk(8)]] > a) < e wam, (8.4.15)

Taking a = Cv/Tlogt for any C' with C? > 8m? then proves that
P(INk(t) — E[Nk(1)]| = C/tlogt) < 2 (ox )27 _ o4 1), (8.4.16)
This completes the proof of (8.4.4), and thus of Proposition 8.3. (I

The above proof is rather general, and can also be used to prove concentration around
the mean of other graph properties that are related to the degrees. An example is the
following. Denote by

N (t Z Ni(t (8.4.17)

the total number of vertices with degrees at least k. Then we can also prove that N> (t)
concentrates. Indeed, for C' > v/8m,

]P’(|N2k( ) — E[Ns.(t)]| > Cy/tlogt ) = o(t™ ). (8.4.18)

The proof uses the same ingredients as given above for N> (t), where now we can make
use of the martingale
M;, = E[N=,(t)|PA,(m, d)]. (8.4.19)

Exercise 8.16 (Concentration of the number of vertex of degree at least k). Prove (8.4.18)
by adapting the proof of Proposition 8.3.
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8.5 Expected degree sequence

The main result in this section investigates the expected number of vertices with degree
equal to k. We denote the expected number of vertices of degree k in PA;(m, d) by

Ni(t) =E[tPx(1)]. (8.5.1)

The main aim is to prove that Ni(t) is close to pxt, where py is defined in (8.3.3). This is
the content of the following proposition:

Proposition 8.4 (Expected degree sequence). Fix § > —m and m > 1. Then, there exists
a constant C' = C(5, m) such that for allt > 1 and all k € N,

[Nk (t) — prt| < C. (8.5.2)

The proof of Proposition 8.4 is split into two separate cases. We first prove the claim for
m =1 in Section 8.5.1, and extend the proof to m > 1 in Section 8.5.2.

Exercise 8.17 (The total degree of high degree vertices). Use Propositions 8.4 and 8.3
to prove that for I = I(t) — 0o as t — oo such that t1°~7 > K+/tlogt for some K >
0 sufficiently large, there exists a constant B > 0 such that with probability exceeding
1—o(t™"), for all such I,
> Di(t) = Bu*. (8.5.3)
:D; () >1

Show further that, with probability exceeding 1 — o(t™"), for all such I,
Nx(t) > V. (8.5.4)

8.5.1 Expected degree sequence for m =1

In this section, we study the expected degree sequence when m = 1. We adapt the
argument in [43]. We start by writing

E[Ni(t + 1)|PA(1,8)] = Ni(t) + E[Ny(t + 1) — Ni(£)|PA(1,5)]. (8.5.5)

Conditionally on PA,(1,¢), there are four ways how Ny (¢ + 1) — Ni(t) can be unequal to
zero:

(a) The end vertex of the (unique) edge incident to vertex véj_)l had degree k — 1, so that
its degree is increased to k, which happens with probability %. Note that
there are Nj_1(t) end vertices with degree k — 1 at time ¢;

b) The end vertex of the (unique) edge incident to vertex v''), had degree k, so that
t+1

+9 Note

its degree is increased to k + 1, which happens with probability m.

that there are Ni(t) end vertices with degree k at time ¢;

(c) The degree of vertex vy}, is one, so that Ni(t) is increased by one, when the end

vertex of the (unique) edge incident to vertex v} is not v{}’;, which happens with
probability 1 — %;

(d) The degree of vertex Uéj_)l is equal to two, so that Na(t) is increased by one, when

the end vertex of the (unique) edge incident to vertex vt(rl is equal to vérl, which

happens with probability %.
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The changes in the degree sequence in cases (a) and (b) arise due to the attachment of

the edge (thus, the degree of one of the vertices vil), . ,vil) is changed), whereas in cases

(c) and (d) we determine the degree of the added vertex véi)l.

Taking all these cases into account, we arrive at the key identity

k—1+46
t(2+9) + (1+9)
k+6
2+ 08) + (149)

1+6
+ﬂ{’“:”(1_ t(2+6)+(1+6))

1456
+]1{’“:2}t(2+5)+(1+5)‘

E[Nk(t—i-l)—Nk(t)‘PAt(l,(S)} = Nkfl(t)

Ni(t)

(8.5.6)

Here, k > 1, and for k = 0, by convention, we define
No(t) = 0. (8.5.7)
By taking the expectation on both sides of (8.5.6), obtain

B[Nk (t +1)] = E[Nk ()] + E[Nk(t + 1) — Ni(8)]
=E[Nk(t)] + E[E[Nk(t + 1) — Ni(t)|PAL(1,6)]]. (8.5.8)

Now using (8.5.6) gives us the explicit recurrence relation that, for k > 1,

Ne(t+1) = Nu(t) + %mﬂ(w

k+6 -
TH2+0) + (1+6)N'“(t)

1+0
Doy (1= oot o
ey ( t(2—|—6)+(1—|—5))

1406
M G o w s

(8.5.9)
Equation (8.5.9) will the the key to the proof of Proposition 8.4 for m = 1. We start by
explaining its relation to (8.3.3). Indeed, when Ny (t) ~ tpk, then one might expect that
Ni(t+1) — Ni(t) = p. Substituting these approximations into (8.5.9), and approximating

t/(t(24+6) 4+ (14+46)) =~ 1/(246) and % ~ 0, we arrive at the fact that py must

satisfy the recurrence relation, for k > 1,

k146 k+6
Pr = 216 Pk—1 5 +5pk —+ Il{k:l}, (8.5.10)

where we define pop = 0. We now show that the unique solution to (8.5.10) is (8.3.3). We

can rewrite
k—1+496 249

krat20 T kr2r 20
When k£ = 1, using that pp = 0, we obtain

Tiker)- (8.5.11)

P =

244

. 512
3+26 (8:5.12)

p1 =
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On the other hand, when k > 1, we arrive at

_k—149
P . (8.5.13)
Therefore, using (8.2.2) repeatedly,
_ T(k+0)I'(4429) (24 0)T(k+6)I'(4 + 20)
e Pk +3+200(1+0)™ ~ (3+20)0(k+3+20)0(1+0)

_ 2+ (k+ I3 +26)
- D(k+3+20)L(1+06) ’ (8.5.14)

and we see that the unique solution of (8.5.10) is pg in (8.3.3).
The next step is to use (8.5.9) and (8.5.10) to prove Proposition 8.4 for m = 1. To this
end, we define
Ek(t) = Nk(t) — tpkA (8.5.15)

Then, in order to prove Proposition 8.4 for m = 1, we are left to prove that there exists a
constant C' = C(§) such that
max lex(t)] < C. (8.5.16)

The value of C will be determined in the course of the proof.
Now we deviate from the proof in [43]. In [43], induction in k was performed. Instead,
we use induction in ¢. First of all, we note that we can rewrite (8.5.10) as

(t+ D)pr = tpr + pi

= tput P s = b B
SRR e r o (e LR o e LT
+ (2}% - t(2+5)i(1+5))(k_1+6)p’“‘1
- (Qi(; - t(2+5):_(1+5))(k+6)pk- (8.5.17)
We abbreviate
k() = —(Qié - t(2+6)i(1+6))((k+5)pk - (k?—l-i-(S)pkfl), (8.5.18)
Vi(t) = m(ﬂ{k:m — Ngr=13)- (8.5.19)

Then, (8.5.9) and (8.5.17) can be combined to yield that

ek—1(t) + ki (t) + e (t)-
(8.5.20)

k+46 k—1+496
at+D)=(1- s rar0)* O mr s ae s

We prove the bounds on e (t) in (8.5.16) by induction on ¢t > 1. We start by initializing
the induction hypothesis. When ¢ = 1, we have that PA; 5(1) consists of a vertex with a
single self-loop. Thus,

Ni(1) = Npesy. (8.5.21)
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Therefore, since also pr < 1, we arrive at the estimate that, uniformly in k& > 1,
lex(1)] = |Nk(1) = p| < max{Nk(1),pr} < 1. (8.5.22)

We have initialized the induction hypothesis for ¢t =1 in (8.5.16) for any C > 1.
We next advance the induction hypothesis. We start with £ = 1. In this case, we have
that €o(t) = No(t) — po = 0 by convention, so that (8.5.20) reduces to

et = (1- myl@) R (8) + (D). (8.5.23)

We note that

1+9
T T ATY) >0, (8.5.24)
so that
e+ 01 < (1= g g1 O+ RO+ )l (3.5.25)

Using the explicit forms in (8.5.18) and (8.5.19), it is not hard to see that there are universal
constants C,, = Cx(d) and C,, = C,(d) such that, uniformly in k > 1,

)] < Calt+ 17 ()] < Oyt + 1) (8.5.26)
Exercise 8.18 (Formulas for Cy and Ck). Show that C, = 1 does the job, and C. =
SUPk21(k + 5)Pk = (1 + 5)171 = u?i#

Using the induction hypothesis (8.5.16), as well as (8.5.26), we arrive at

146
lex (t+1)] SC(“t +

BT agy) tG oD (85.27)

Next, we use that ¢(2+0) + (1 +6) < (¢ + 1)(2+ ), so that

RS EY
ler(t+1)| < C — (t+1) (cm —(Ch + cw)) <0, (8.5.28)
whenever 946
> — . 0.
C> 1 5(Cat ) (8.5.29)

This advances the induction hypothesis for k = 1.
We now extend the argument to k > 2. We again use (8.5.20). We note that

k+o
-7 8.5.30
t2+0)+1+90) — ( )
as long as
E<t(244)+1. (8.5.31)

We will assume (8.5.31) for the time being, and deal with k& > (2 + &) + 2 later.
By (8.5.20) and (8.5.31), we obtain that, for kK > 2 and § > —1, so that k — 1+ > 0,

k+9
ent+ 1 < (1= s

k—1+4+46
(2+5)+(1+6))|8k(t)|+t

mkk—l(ﬂl + |kk ()| + & (B)]-

(8.5.32)
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Again using the induction hypothesis (8.5.16), as well as (8.5.26), we arrive at

k+0 k—1+6 o
m“+m300’auwﬂwuwﬂ+ PR e R AR

- 0(1 - m) +(CotCHE+1)7 (8.5.33)

As before,
H2+8) + (1+6) < (t+1)(2+96), (8.5.34)

so that
—1 C

len(t+1)| < C— (t+1) (515—aa+cﬁ)§a (8.5.35)

whenever
C>(2+46)(C.+C,). (8.5.36)

Finally, we deal with the case that k > ¢(2+ d) + 2. Note that k > ¢(2+ ) +2 >t +2
when ¢ > —1. Since the maximal degree of PA(1,0) is t+2 (which happens precisely when
all edges are connected to the initial vertex), we have that N (t+1) = 0 for k > ¢t(249)+2.
Therefore, for k > t(2 4 6) + 2,

lex(t + 1) = (£ + D)px. (8.5.37)

By (8.3.9) and (8.3.10), uniformly for k > ¢(2+d) +2 > t 4+ 2 for 6 > —1, there exists
a Cp = Cp(0) such that

pr < Cp(t+ 1)~ G+, (8.5.38)
For § > —1, and again uniformly for k >t + 2,

(t+Dpe < Cp(t + 1)~ < . (8.5.39)

Therefore, if C > Cp, then also the claim follows for k > ¢(2+6)+2. Comparing to (8.5.29)
and (8.5.29), we choose
w’ Cp}. (8.5.40)

czmw{@+&mu+0ﬁ7 5

This advances the induction hypothesis for k£ > 2, and completes the proof of Proposition
8.4 when m =1 and § > —1. O

8.5.2 Expected degree sequence for m > 1*

In this section, we prove Proposition 8.4 for m > 1. We adapt the argument in Section
8.5.1 above. In Section 8.5.1, we have been rather explicit in the derivation of the recursion
relation in (8.5.9), which in turn gives the explicit recursion relation on the errors €4 (t) in
(8.5.20). In this section, we make the derivation more abstract, since the explicit derivations
become too involved when m > 1. The current argument is rather flexible, and can, e.g.,
be extended to different preferential attachment models.

We make use of the fact that to go from PA¢(m,d) to PAiy1(m,d), we add precisely m
edges in a preferential way. This process can be described in terms of certain operators.
For a sequence of numbers Q = {Qx}52,, we define the operator Ti41: R® +— R* by

k+6
(240)+(1+d

k—1+6
2+0)+(1+4)

(T Qe = (15 ))Qk +3 Qio1, (8541
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where we recall that ' = §/m. Then, writing N(t) = {Nk(t)}32,, we can rewrite (8.5.9)
when m = 1 so that §' =6,

_ _ 146 1406
Ne(t +1) = (Tesr N()k + Tggomry (1 _ m) ) T (55

(8.5.42)

Thus, as remarked above (8.5.6), the operator Ti11 describes the effect to the degree
sequence of a single addition of the (¢ 4 1)** edge, apart from the degree of the newly
added vertex. The latter degree is equal to 1 with probability 1 — and equal
to 2 with probability
in (8.5.9).

In the case when m > 1, every vertex has m edges that are each connected in a prefer-
ential way. Therefore, we need to investigate the effect of attaching m edges in sequel. Due
to the fact that we update the degrees after attaching an edge, the effect of attaching the
(j + 1)** edge is described by applying the operator Tj to N(j). When we add the edges
incident to the " vertex, this corresponds to attaching the edges m(t—1)+1,...,mt
in sequel with intermediate updating. The effect on the degrees of vertices vi,...,v: is
described precisely by applying first T,,:+1 to describe the effect of the addition of the
first edge, followed by T2 to describe the effect of the addition of the second edge,
etc. Therefore, the recurrence relation of the expected number of vertices with degree k is
changed to

146
t(248)+(149)°

%. This explains the origin of each of the terms appearing

Ni(t+1) = (TTIN () + o (t), (8.5.43)
where
TS = Tongeg1) © -+ © Trnegt, (8.5.44)

and where, for K = m,...,2m, we have that ax(t) is equal to the probability that the
degree of the (t + 1)°" added vertex is precisely equal to n. Indeed, when ¢ changes to
t + 1, then the graph grows by one vertex. Its degree is equal to n with probability g (t),
so that the contribution of this vertex is equal to ay(t). On the other hand, the edges
that are connected from the (t + 1) vertex also change the degrees of the other ver-
tices. The expected number of vertices with degree k among vertices v, ..., v; is precisely
given by (T\ 7Y N(t))r. Thus, the operator 7, describes the effect to the degrees of ver-
tices w1, ..., v of the attachment of the edges emanating from vertex v;y1. This explains
(8.5.43).

When t grows large, then the probability distribution k — ax(t) is such that au,(t) is
very close to 1, while ax(t) is close to zero when k > m. Indeed, for k > m, at least one
of the m edges should be connected to its brother half-edge, so that

2m

m2(1+6)
< . 0.
k_Z alt) < e T (14 0) (8.5.45)
=m-+1
We define
Y (t) = ok (t) = Lg=my, (8.5.46)

then we obtain from (8.5.45) that there exists a constant Cy = C,(, m) such that
k()] < Co(t+1)7" (8.5.47)

The bound in (8.5.47) replaces the bound on |vyx(t)| for m =1 in (8.5.26).
Denote the operator S on sequences of numbers Q = {Qx}7>; by

k—1+96 kE+6

(m) _ _
(87Q)k =m 2m + 6 Qk-1 m2m+5

Q- (8.5.48)
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Then, for m = 1, we have that (8.5.10) is equivalent to

pr = (S + Ljpery- (8.5.49)
For m > 1, we replace the above recursion on p by pr = 0 for k¥ < m and, for k > m,

k= (S"D)k + Lmimy- (8.5.50)

Again, we can explicitly solve for p = {pr}p2;. The solution is given in the following
lemma:

Lemma 8.5 (Solution recursion for m > 1). Fiz § > —1 and m > 1. Then, the solution
to (8.5.50) is given by (8.3.2).

Proof. We start by noting that pr = 0 for £ < m, and identify p,, as

T +46
P Mom ol T (8.5.51)
so that s
2m+4 A
- - m_ 8.5.52
P mm o) +2m 8 (mto)+2+ 2 (8.5.52)
For k > m, the recursion relation in (8.5.50) becomes
m(k —1+9) E—1+446
= = Di_1. 8.5.53
Pk o) +2m o T htot2+ 20 ( )
As a result, we obtain that, again repeatedly using (8.2.2),
) F(k+6(m+34+5+2 )
T Tmtor(k+3+o+ o)
CT(k+0)T(m+3+d5+2) 2+2)
S T(m+OIk+3+5+2)(m+d+2+2)
2+ 2)(k+6)r 2+46+ 2
_ 2t )T+ OT(m 42+ )+ ) (8.5.54)
I(m+6)I'(k+3+6+ =)
O
Similarly to (8.5.17), we can rewrite (8.5.50) as
(t+ D)pr = tpr +pre = tpe + (S"p) + Lpmrmy
= (TMtp)k + Dy — Ki(t), (8.5.55)
where, writing I for the identity operator,
ri(t) = —([S" +t(I = T,71))]p),- (8.5.56)

While (8.5.56) is not very explicit, a similar argument as the ones leading to (8.5.26)
can be used to deduce an identical bound. That is the content of the following lemma:

Lemma 8.6 (A bound on kg(t)). Fiz 6 > —1 and m > 1. Then there exists a constant
Cyx = Cx(0,m) such that
ki (t)] < Cul(t +1)7". (8.5.57)
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We defer the proof of Lemma 8.6 to the end of this section, and continue with the proof
of Proposition 8.4 for m > 1.
We define, for k > m,
er(t) = Ni(t) — tpk. (8.5.58)

Subtracting (8.5.55) from (8.5.43) and writing £(¢) = {ex(¢)}72, leads to
ee(t+1) = (T e)r + rit) + v (t). (8.5.59)

In order to study the recurrence relation (8.5.59) in more detail, we investigate the prop-
erties of the operator Tt(m). To state the result, we introduce some notation. We let
Q = {Qx}72, be a sequence of real numbers, and we let Q@ = R™ denote the set of all such
sequences. For ) € 9, we define the supremum-norm to be

QI = i%jfl’|Qk|- (8.5.60)

Thus, in functional analytic terms, we consider the ¢°° norm on Q = R*.
Furthermore, we let Q,,(t) C Q be the subset of sequences for which Qr = 0 for
k>m(t+ 1), ie.,
() ={Q e Q:Qr=0 VE>m(t+1)} (8.5.61)

Clearly, N(t) € Qum(t).
We regard Tt(r'f in (8.5.44) as an operator on Q. We now derive its functional analytic
properties:

Lemma 8.7 (A contraction property). Fiz § > —1 and m > 1. Then T, maps Qun(t)
nto Qm(t + 1) and, for every Q € Qm(t),

- 1
( t(2m+0) + (m+9)

1T Qe < pITe] (8.5.62)

Lemma 8.7 implies that 7} acts as a contraction on elements of Q,,(t). Using Lemmas
8.6 and 8.7, as well as (8.5.47) allows us to complete the proof of Proposition 8.4:

Proof of Proposition 8.4. We use (8.5.59). We define the sequence ¢'(t) = {&}(t)}321 by

/

ex(t) = ex ()M p<mier)y- (8.5.63)
Then, by construction, &'(t) € Q,,(t). Therefore, by Lemma 8.7,
let + Dlloe < NTEYE Olloo + N1t +1) = (t + Dlloe + 160 |oe + [17(E) 1o
< (- G o) Ol
et +1) = et + Dl + 60 oo + 1Y)l (8.5.64)

Equation (8.5.47) is equivalent to the statement that

C
< = 5.
@l < 1 (5.5.65)
Lemma 8.6 implies that
Cy
5]l < (8.5.66)

_|_
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It is not hard to see that
le'(t+1) —e(t 4+ 1) < Cur(t+1)"71, (8.5.67)

where 7 > 2 is defined in (8.3.10). See (8.5.38)—(8.5.39) for the analogous proof for m = 1.
Therefore,

lete+ Dl < (1= sgmrg T gy IEO + T w0
Using further that, for m > 1 and § > —m,
t(2m+0)+ (m+0) < (2m+8)(t+1) (8.5.69)
we arrive at
ma+1mwg(1_G:jﬁagiﬁ)m@mm+g5i%%§£il (8.5.70)
Now we can advance the induction hypothesis
el < C. (8.5.71)

For some C > 0 sufficiently large, this statement trivially holds for ¢ = 1. To advance it,
we use (8.5.70), to see that

1 (Cy+Ce+Co)
< — < 0.
et + Dl < (1 (2m+5)(t—|—1)) + t+1 <G (8.5.72)
whenever
C>02m+90)(Cy+Ci+C). (8.5.73)

This advances the induction hypothesis, and completes the proof that |Ny(t) — pxt| < C
for m > 2. O

Proof of Lemmas 8.6 and 8.7. We first prove Lemma 8.7, and then Lemma 8.6.

Proof of Lemma 8.7. We recall that
TS = Tongeg1) © - © Trntgr, (8.5.74)

Thus, the fact that 7,}") maps Qu(t) into Qu(t+ 1) follows from the fact that Ti11 maps
Q1(t) into Q1 (¢t + 1). This proves the first claim in Lemma 8.7.

To prove that the contraction property of Tt(ri) in (8.5.62), we shall first prove that, for
alQe Qi(mt+a—1),a=1,...,m,§ > —mand §' =4§/m > —1, we have

1
I(Tmera@ll < (1~ t(2+0)+ (1+4)

)IQll. (8.5.75)
For this, we recall from (8.5.41) that

k+6
(mt+a)2+0)+(1L+0)

k—1+6
(mt+a)2+0)+ (1+0)

(Trmt+aQ)k = (1 — )Qk + Qr—1.

(8.5.76)
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When Q € Qi(mt + a), then, for all k for which Qy # 0,
k+0o

— 1 0.
mite-DE1)F50) 01 (8.5.77)
and, for k > 2, also
k—1+56
1]. 5.
mita-DEr a1 < 01 (8.5.78)
As a consequence, we have that
k46
Tntta o <8 1- oo
Tea@lle < w0 [(1= i a1
k—1+56
R Cear— Ny o +5/)”Q”°°]

- (- )
(mt+a—1)2+0) + (1+0)

Q- (8.5.79)

Now, by (8.5.79), the application of Tinttq to an element @ of Q1(mt + a — 1) reduces its
norm. By (8.5.74), we therefore conclude that, for every Q € Q. (),

1
T Qo < || T o < (1- -
ITEQl < ITmess@lle < (1= gy ey ) 1@
1
=(1— ooy 0.
( t(2m+§)+(m+6))”QH (8.5.80)
since 6’ = §/m. This completes the proof of Lemma 8.7. O
Proof of Lemma 8.6. We recall
k(t) = ([5<m> il — T;rf)}p)k. (8.5.81)

We start with

T = Togry 0+ 0 Tmigr = (I + (Tonery = 1)) 00 (I + (Tmegr — 1)) (8.5.82)

Clearly,
k+9 E—1+6
Tig1—1 = - 1. 8.5.83
(T =D =~y ar @ Tigro raro @ G589
When sup,, k|Qr| < K, then there exists a constant C' such that
sup‘((TtH - [)Q)k‘ < C (8.5.84)
k —t+1

Moreover, when sup, k%|Qx| < K, then there exists a constant C' = C such that, when
u,v > t,
C
Tus1—1)o(Tys1—1 < —. 8.5.85
Sl;-p|(( +1 )O( +1 )Q)k| = (t+1)2 ( )
We expand out the brackets in (8.5.82), and note that, by (8.5.85) and the fact that the
operators T, are contractions that the terms where we have at least two factors T, — I
lead to error terms. More precisely, we conclude that, when sup, kQ\Qk\ <K,

m

(T = Qe+ Y (Tmira — DQ), + Ex(t,Q), (8.5.86)

a=1
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where, uniformly in k& and Q for which sup, k*|Qx| < K,
Cx
Ei(t 5.
|Ex(t, Q)] < O (8.5.87)
As a result, we obtain that
(T =Tk = =D ((Tomira — Q) — Ex(t, Q). (8.5.88)
a=1
Furthermore, for every a = 1,...,m,
1
(Tnita = DQ), = — (ST Q) + Fia(t, Q) (8.5.89)
where, uniformly in k, @ for which sup, k|Qkx| < K anda=1,...,m,
C/
Fy.o(t 5.
|Fr,a(t, Q)] < Gr 1 (8.5.90)
Therefore, we also obtain that
m 1 .
S ((Tnira = DQ), = 75 Q)i+ Fult,Q), (8.5.91)
a=1
where
Q) =) Fra(t,Q). (8.5.92)
a=1
We summarize from (8.5.88) and (8.5.91) that
(8™ +¢(I = T{INIQ), = —tFu(t, Q) — tEK(t,Q), (8.5.93)
so that
re(t) = (IS 4+ t(I = T{))p), = —tFx(t, p) — tEk(t,p). (8.5.94)
We note that by (8.3.9) and (8.3.10), p satisfies that
sup k*pr < C,, (8.5.95)
k
so that we conclude that
5()]| = St;p‘([S(’") +t(I - TY) p])k’ < sup (| Ex(t, p)] + |F(t,p))
! /
HCk +Ck) _ Cx +Ck (8.5.96)

S+ T t+1
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8.5.3 Degree sequence: completion proof of Theorem 8.2

We only prove the result for m = 1, the proof for m > 1 being identical. By Proposition
8.4, we obtain that
max |E[Nk(t)] — prt| < C. (8.5.97)

Therefore, by Proposition 8.3 we obtain
P(m}fmx INk(t) — put| > C(1 + Mtlogt)) = o(1), (8.5.98)

which, since Py (t) = Ni(t)/t, implies that

P(mkax |Pe(t) — pi| > %(1 + Mtlogt)) = o(1). (8.5.99)

Equation (8.5.99) in turn implies Theorem 8.2. O

8.6 Maximal degree in preferential attachment models

In this section, we shall investigate the maximal degree and the clustering of the graph
PA¢(m,d). In order to state the results on the maximal degree, we denote

M, = max Di(t). (8.6.1)

The main result on the maximal degree is the following theorem:

Theorem 8.8 (Maximal degree of PA;(m,d)). Fizm >1 and 6 > —m. Then,
Mot~ 71 &% (8.6.2)

with P(p = 0) = 0.

Below, we shall be able to compute all moments of the limiting random variables &;
of D;(t)t~*/+%)  We do not recognize these moments as the moments of a continuous
random variable.

Exercise 8.19 ([?]). Fix m =1 and 6 > —1. Then, prove that for all t > i

LI + 1£2)

P(Di(t) = j) < Cj 5>, (8.6.3)
TD(t+ $E2)r(i)
where C1 =1 and s
j-1+
Cj = jTijl. (864)

Mori [143] studied various martingales related to degrees, and used them to prove that
the maximal degree of {PA¢(m,d)}i2; converges a.s. We shall reproduce his argument
here, applied to a slightly different model. See also [75, Section 4.3]. We fix m = 1 for the
time being, and extend the results to m > 2 at the end of this section.

In [143], the graph at time 1 consists of two vertices, 0 and 1, connected by a single
edge. In the attachment scheme, no self-loops are created, so that the resulting graph is
a tree. The proof generalizes easily to other initial configurations and attachment rules,
and we shall adapt the argument here to the usual preferential attachment model in which
self-loops do occur and PA;(1,8) consists of one vertex with a single self-loop. At the !
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step, a new vertex is added and connected to an existing vertex. A vertex of degree k is
chosen with probability (k + 6)/n(t) where § > —1 and n(t) = t(2+46) + 1 + § is the sum
of the weights for the random graph with ¢ edges and ¢ vertices.

Let X, (t) = D;(t)+ be the weight of vertex j at time ¢, let A;(t4+1) = X;(t+1)—X; ().
If j <t, then

P(Aj(t+1) = 1{PA4(1,6)) = X;(t)/n(t). (8.6.5)
From this, we get
E(X,(t + 1)[PA:(1,6)) = X, (1) (1 n %) (8.6.6)

so ¢ X;(t) will be a martingale if and only if ¢;/ci+1 = n(t) /(1 + n(t)).
Anticipating the definition of a larger collection of martingales we let

L(t+ $2)
er(t) = ——20 . t>1,k>0, (8.6.7)
T(t 4 &249)
For fixed k > 0, by (8.2.8),
cr(t) =t/ (1 4 0(1)) ast — oo (8.6.8)

Using the recursion I'(r) = (r — 1)I'(r — 1) we have

1+6

ck(t+1) t+ 555 n(t)
= = ) 8.6.9
cx(t) t+ 5 n)+k ( )

In particular, it follows that c1(¢) X (¢) is a martingale for ¢ > j. Being a positive martingale
it will converge a.s. to a random variable &;, as discussed in full detail in Theorem 8.1. To
study the joint distribution of the X;(¢) we make use of a whole class of martingales. We
first introduce some notation. For a,b > —1 with a —b > —1, where a, b are not necessarily

integers, we write
a I'(a+1)
= . 6.1
<b) T+ Dla—b+1) (8.6.10)

The restriction on a, b is such that the arguments of the Gamma-function are all strictly
positive. Then the following proposition identifies a whole class of useful martingales
related to the degrees of the vertices:

Proposition 8.9 (A rich class of degree martingales). Let r > 0 be a non-negative integer,
ki,k2, ... kr > —max{1,1 4+ 6}, and 0 < j1 < ... < jr be non-negative integers. Then,
with k=3 ki,

Z; () = cx(t) H (X”(t)]:ki B 1) (8.6.11)

is a martingale for t > max{j,, 1}.

The restriction k; > —max{1,1 + §} is to satisfy the restrictions a,b,a — b > —1 in
(8.6.10), since X;(t) > 14 4. Since 6 > —1, this means that Proposition 8.9 also holds for
certain k; < 0.

Exercise 8.20 (Martingale mean). Use Proposition 8.9 to show that, for allt > max{j,, 1},

E[Z; ;D) = f[ cxUi) <kk+ 6) ; (8.6.12)

i=1 cKi71 (]’L)

where K; = 23:1 ke.
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Proof. By considering the two cases Aj;(t) = 0 or A;(t) = 1, and using (8.6.10) and
I'(r) = (r — 1)I'(r — 1), it is easy to check that, for all k,

Xit+D)+k—1\ [X;(0)+k—1\D(X;(t+1) +k)
k N k I'(X;(t) + k)

_ <Xj(t) Z k= 1) <1 n k)?jj((tt))) . (8.6.13)

At most one X (¢) can change, so that

11 (1 - kXA]’(i) ) = (1 + Z kXA]”( ; ) (8.6.14)

i=1
Together, (8.6.13) and (8.6.14) imply that
(X, 1)+ R — k:A] X5, + ki —1

¢ 1 d ’ . 6.1
(00 ) - (ot I (0 o

Since P(A;(t + 1) = 1|PA¢(1,6)) = X;(t)/n(t), using the definition of Z5 (1) and taking
expected value,

_ cr(t+1) > i ki _
E(@w@+1mm4L®)_ZMﬁ) oD <1+7ﬁﬂ = Z; 1(0), (8.6.16)
where k = )", ki and the last equality follows from (8.6.9). O

Being a non-negative martingale, Zf', z(t) converges. From the form of the martingale, the
convergence result for the factors, and the asymptotics for the normalizing constants in
(8.6.8), the limit must be []_, ¥ JT (ki 4 1), where we recall that &; is the almost sure
limit of D;(¢)t~'/ 2+ Here we make use of (8.2.8), which implies that

(Xj“) S 1) = X, (0" (1 + O(1/X, (1)), (8.6.17)

together with the fact that D;(t) *% oo (see Exercise 8.8).
Our next step is to check that the martingale converges in L*. To do this we begin by
observing that (8.6.8) implies ¢, (£)?/cam(t) — 1 and we have

c+k—1\" [ T@+k) \° T@+k) Ttk
( k >_(F(a:)I‘(k+1)> T I(z) T(x)T(k+1)2 (8.6.18)

Now we use that  — I'(z + k)/T'(z) is increasing for k > 0, so that

e+k—1\"_D@+2k) Da+k) _ (s+2%—1) (2
< k > = Iz +k) T'(z)I'(k+1)2 _< o )(k) (8.6.19)

From this it follows that

Z; (1) < CrZs (1), (8.6.20)

7,k
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where
“ 2k,
Cr = 1:[1 <k > (8.6.21)

Therefore, Z]—.J;(t) is an L?—bounded martingale, and hence converge in L'.
Taking r = 1 we have, for all j > 1 integer and k € R with k£ > 0,

Elg/T(k +1)] = lim B[Z;4(1)] = EIZ;4()] = cx()) (’“ . 5). (8.6.22)

U(Gi+33)
rG+EEEey’
integers, and all £ non-negative,

Recalling that c;(j) = we thus arrive at the fact that, for all 7 non-negative

LG+ 558) T(k+1+9)

(G + 552) T(1+9)

El¢j] = (8.6.23)

It is, as far as we know, unknown which random variable has these moments, but we can
see that the above moments identify the distribution:

Exercise 8.21 (Uniqueness of limit). Prove that the moments in (8.6.23) identify the
distribution of &; uniquely. Prove also that P(§; > x) > 0 for every x > 0, so that &; has
unbounded support.

Exercise 8.22 (A.s. limit of D;(t) in terms of limit Di(t)). Show that &; has the same
distribution as

J
&[] B (8.6.24)
k=1
where By has a Beta(1, (2 + 0)k — 1)-distribution.

Exercise 8.23 (Martingales for alternative construction PA model [143]). Prove that when
the graph at time 0 is given by two vertices with a single edge between them, and we do not
allow for self-loops, then (8.6.22) remains valid when we instead define

T(t+ 525)

T(t+ 552)

cn(t) = t>1,k>0. (8.6.25)

We complete this discussion by showing that P(§; = 0) = 0 for all j > 1. For this, we
use (8.2.8), which implies that, for kK > —max{1,1+ 6},

. X;(t) \* .
hmsupE[(tl/é(Jrl)) } < A limsupE[Z; (t)] < oo. (8.6.26)

t—o0 t—o0

Since § > —1, we have —1 — § < 0, so that the a negative moment of X;(t)/t'/ (%
remains uniformly bounded. This implies that P(¢§; = 0) = 0. Indeed, we use that
X;(t)/tY/ 2+ 25 ¢ which implies that X (t)/tY/ 2+ N &;, so that, using the Markov
property (Theorem 2.14), for every € > 0 and k € (—max{1,1+ 6},0),

, , B X;(t) \F _
P <e) = hgsoliplP’(Xj(t)/t”uH) <e) < limsupe kE[(tl/fz(+?s)) } =0(=™").
(8.6.27)
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Letting ¢ | 0, we obtain that P(§; = 0) = 0.
We next move on to study the maximal degree M;. Let M; denote the maximal degree
in our random graph after ¢ steps, and, for ¢t > j, let

Mj (t) = max Z»;,l(t). (8628)

0<i<j

Note that M;(t) = c1(t)(M; + 8). We shall now prove that M (t) <% sup;2, &t

Proof of Theorem 8.8 for m = 1. We start by proving Theorem 8.8 for m = 1. Being a max-
imum of martingales, {M;(t)}52, is a non-negative submartingale. Therefore, M;(t) =% u
for some limiting random variable p, and we are left to prove that p = sup,>4 ;-

Since Z;1(¢)" is a submartingale for every k > 1, and Z;1(t)" converges in L' to &},
we further have that

E[Z;1(t)*] < E[g)). (8.6.29)
Then, using the trivial inequality
t
M, (t)F = [max, Zia(t)k < 2. Zia(t)", (8.6.30)

and (8.6.29), we obtain
> e(h), (8.6.31)
=0

J

E[M:()*) < 3 EIZ(0)") < Y Elg] = T(k+1) (k Z 5>

which is finite by (8.6.8) if k > 2+ 6. Thus M(t) is bounded in L* for every integer
k > 2+ 6, and hence bounded and convergent in L? for any p > 1. Therefore, to prove
that p = sup;5&;, we are left to prove that M:(t) converges to sup,s,§; in LF for some

Let k > 2+ 4 be fixed. Then, by a similar inequality as in (8.6.30),

t

E[(M(t) — M;(t)*] < > E[Zia(t)"] (8.6.32)

i=j+1

Since M;(t) is a finite maximum of martingales, it is again a non-negative submartingale
which each converge almost surely and in L* for any k > 2 + 8, its almost sure limit is
equal to maxo<;<; & = p;, Therefore, the limit of the left-hand side of (8.6.32) is

E[ ( lim ¢/ 6, — uj)k] (8.6.33)

t—o0

while the right-hand side of (8.6.32) increases to (compare to (8.6.29))

> EEF = k!(k’:‘S) > e(i), (8.6.34)

i=j+ i=j+1

which is small if j is large by (8.6.8). Recall that TRACRRDY Y At . Therefore, we obtain
that

lim E[(u - uj)’“] - 0. (8.6.35)

Jj—o0
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Hence lim;_ o til/(H‘S)Mt = p as claimed.
When m > 2, then the above can be used as well. Indeed, in this case, we have that by
Exercise 8.12, D;(t)(mt) ™Y GF0/m) 225 ¢! where

mi

G= > &, (8.6.36)

j=(i—1)m+1

and &; is the almost sure limit of D;(t) in {PA; 5/, (¢)}¢2;. This implies that M, =% p =
sup$2, &;. We omit the details. O
Since P(&1 = 0) = 0, we have that P(u = 0) = P(supjz, {; = 0) <P({1 = 0) = 0. Thus,

1/(2+96)

we see that M, really is of order ¢ and is not smaller.

8.7 Related preferential attachment models

There are numerous related preferential attachment models in the literature. Here we
discuss a few of them:

A directed preferential attachment model. In [43], a directed preferential attach-
ment model is investigated, and it is proved that the degrees obey a power law similar
to the one in Theorem 8.2. We first describe the model. Let Go be any fixed initial di-
rected graph with ¢y edges. Fix some non-negative parameters «, 3,7, din and dout, where
a+pf+v=1
We next define G(¢). In order to do so, we say that we choose a vertex according to
fi(t) when we choose vertex i with probability
fi(t)
. 8.7.1
RO (870
Thus, the probability that we choose a vertex i is proportional to the value of the function
fi(t). Also, we denote the in-degree of vertex i in G(t) by Din,i(t), and the out-degree of
vertex ¢ in G(t) by Dout,i(t).
We let G(to) = Go, where to is chosen appropriately, as we will indicate below. For
t > to, we form G(t+ 1) from G(t) according to the following growth rules:

(A) With probability «, we add a new vertex v together with an edge from v to an
existing vertex which is chosen according to Din ;(t) + din.

(B) With probability 8, we add an edge between the existing vertices v and w, where
v and w are chosen independently, v according to Din,i(t) + din and w according to
Dout,i(t) + 60ut~

(C) With probability v, we add a vertex w and an edge from an existing vertex v to w
according to Dout,i (t) + dout-

The above growth rule produces a graph process {G(t)}+>+, where G(¢) has precisely ¢
edges. The number of vertices in G(t) is denoted by T'(t), where T'(¢t) ~ BIN(¢, a + 7).

It is not hard to see that if adin + v = 0, then all vertices outside of Gy will have
in-degree zero, while if v = 1 all vertices outside of G will have in-degree one. Similar
trivial graph processes arise when ydout + @ =0 or a = 1.

Exercise 8.24 (Special cases directed PA model). Prove that if adin + v = 0, then all
vertices outside of Go will have in-degree zero, while if v = 1 all vertices outside of Go will
have in-degree one.
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We exclude the above cases. Then, [43] show that both the in-degree and the out degree
of the graph converge, in the sense that we will explain now. Denote by X;(t) the in-degree
sequence of G(t), so that

Xi(t) = Z Ups, o (6)=k1}> (8.7.2)
veG(t)

and, similarly, let Y;(t) be the out-degree sequence of G(¢), so that

Vi) = D Uingyuo=k)- (8.7.3)
veG(t)

Denote
1+61n(0[+ﬂ) 1+6out(’y+ﬁ)
a+p v+ 0 ’

Then [43, Theorem 3.1] shows that there exist probability distributions p = {pi}72, and
q = {qr}7Zo such that with high probability

Tin = 1+ 5 Tout — 1+ (874)

Xk(t) — pkt = O(t), Yk(t) — qkt = O(t)7 (8‘7.5)
while, for k — oo,
pr = Cink™ (1 4 0o(1)), gr = Cougk™ " (1 + o(1)). (8.7.6)

In fact, the probability distributions p and g are determined explicitly, as in (8.3.2) above,
and p and ¢ have a similar shape as p in (8.3.2). Also, since din, dout > 0, and a+8,v+8 < 1,
we again have that 7in, Tout € (2,00). In [43], there is also a result on the joint distribution
of the in- and out-degrees of G(t), which we shall not state here.

The proof in [43] is similar to the one chosen here. Again the proof is split into a
concentration result as in Proposition 8.3, and a determination of the expected empirical
degree sequence in Proposition 8.4. In fact, the proof Proposition 8.4 is adapted after the
proof in [43], which also writes down the recurrence relation in (8.5.20), but analyses it in
a different way, by performing induction on k, rather than on t as we do in Sections 8.5.1
and 8.5.2. As a result, the result proved in Proposition 8.4 is slightly stronger. A related
result on a directed preferential attachment model can be found in [54]. In this model,
the preferential attachment probabilities only depend on the in-degrees, rather than on the
total degree, and power-law in-degrees are proved.

A general preferential attachment model. A quite general version of preferential
attachment models is presented in [68]. In this paper, an undirected graph process is
defined. At time 0, there is a single initial vertex vo. Then, to go from G(t) to G(t + 1),
either a new vertex can be added or a number of edges between existing vertices. The
first case is called NEW, the second OLD. With probability a, we choose to apply the
procedure OLD, and with probability 1 — a we apply the procedure NEW.

In the procedure NEW, we add a single vertex, and let f = {f;}{2; be such that f; is
the probability that the new vertex generates ¢ edges. With probability 3, the end vertices
of these edges are chosen uniformly among the vertices, and, with probability 1 — 3, the
end vertices of the added edges are chosen proportionally to the degree.

In the procedure OLD, we choose a single old vertex. With probability d, this vertex is
chosen uniformly, and with probability 1 — §, it is chosen with probability proportionally
to the degree. We let g = {g:}i2; be such that g; is the probability that the old vertex
generates i edges. With probability -, the end vertices of these edges are chosen uniformly
among the vertices, and, with probability 1 — v, the end vertices of the added edges are
chosen proportionally to the degree.
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The main result in [68] states that the empirical degree distribution converges to a
probability distribution which obeys a power law with a certain exponent 7 which depends
on the parameters of the model. More precisely, a result such as in Theorem 8.2 is proved,
at least for k < ¢'/2'. Also, a version of Proposition 8.4 is proved, where the error term
E[Px(t)] — tpk is proved to be at most Mt'/?log t. For this result, some technical conditions
need to be made on the first moment of f, as well as on the distribution g. The result
is nice, because it is quite general. The precise bounds are a bit weaker than the ones
presented here.

Interestingly, also the maximal degree is investigated, and it is shown that the maximal
degree is of order 9(751/(771)) as one would expect. This result is proved as long as 7 < 3.
! Finally, the results close to those that we present here are given in [4]. In fact, the error
bound in Proposition 8.4 is proved there for m = 1 for several models. The result for
m > 1 is, however, not contained there.

Non-linear preferential attachment. There is also work on preferential attachment
models where the probability of connecting to a vertex with degree k depends in a non-
linear way on k. In [125], the attachment probabilities have been chosen proportional to k7
for some 7. The linear case was non-rigorously investigated in [124], and the cases where
v # 1 in [125]. As one can expect, the results depend dramatically in the choice of 7.
When v < 1, the degree sequence is predicted to have a power law with a certain stretched
exponential cut-off. Indeed, the number of vertices with degree k at time ¢ is predicted to
be roughly equal to tay, where

k
K 1
=1 Jl:[l T (8.7.7)

and where 1 satisfies the implicit equation that », ax = 1. When v > 1, then [124]
predicts that there is a single vertex that is connected to nearly all the other vertices. In
more detail, when v € (1 + ﬁ“, 1+ %), it is predicted that there are only finitely many
vertices that receive more than m+1 links, while there are, asymptotically, infinitely many
vertices that receive at least m links. This was proved rigorously in [154].

In [162], random trees with possibly non-linear preferential attachment are studied
by relating them to continuous-time branching processes and using properties of such
branching processes. Their analysis can be seen as a way to make the heuristic in Section
1.3.2 precise. To explain their results, let w; be the weight of a vertex of degree i. The
random tree evolves, conditionally on the tree at time ¢, by attaching the (t + 1)** vertex
to vertex 4 with probability proportional to wp,(;y—1. Let A* be the solution, if it exists,

of the equation
1=>
n=1

Then, it is proved in [162] that the degree distribution converges to pwn = {pw(k)}rz1,
where?

=
3

n

—1
w;
g w; + A

(8.7.8)

k

A* Wy
puw(k) = T 11 e (8.7.9)

=0

1On [68, Page 318], it is mentioned that when the power law holds with power law exponent T,
that this suggests that the maximal degree should grow like t1/7. However, when the degrees are
independent and identically distributed with a power law exponent equal to 7, then the maximal
degree should grow like ©(t'/(7=1))  which is precisely what is proved in [68, Theorems 2 and 5].

2The notion of degree used in [162] is slightly different since [162] makes use of the in-degree
only. For trees, we have that the degree is the in-degree plus 1, which explains the apparent
difference in the formulas.
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For linear preferential attachment models where w; = i + 1 + §, we have that A* = §, so
that (8.7.9) reduces to (8.3.3):

Exercise 8.25 (The affine preferential attachment case). Prove that, when \* = § and
w; =1+ 140, (8.7.9) reduces to (8.3.3).

Interestingly, in [162] not only the degree of a uniformly chosen vertex is studied, but
also its neighborhood. We refrain from describing these results here. These analyses are
extended beyond the tree case in [32].

Preferential attachment with fitness. The models studied in [34, 35, 86] include
preferential attachment models with random fitness. In general, in such models, the vertex
v; which is added at time ¢ is given a random fitness ((;,7:). The later vertex v; at
time ¢ > ¢ connects to vertex v; with a conditional probability which is proportional to
¢iDi(t)+n;. The variable (; is called the multiplicative fitness, and 7; is the additive fitness.
The case of additive fitness only was introduced in [86], the case of multiplicative fitness
was introduced in [34, 35] and studied further in [48]. Bhamidi [32] finds the exact degree
distribution both for the additive and multiplicative models.

Preferential attachment and power-law exponents in (1,2). In all models, and
similarly to Theorem 8.2, the power law exponents 7 are limited to the range (2, 00). It
would be of interest to find simple examples where the power law exponent can lie in
the interval (1,2). A possible solution to this is presented in [?], where a preferential
attachment model is presented in which a random number of edges can be added which
is, unlike [68], not bounded. In this case, when the number of edges obeys a power law,
then there is a cross-over between a preferential attachment power law and the power law
from the edges, the one with the smallest exponent winning. Unfortunately, the case where
the weights have degrees with power-law exponent in (1,2) is not entirely analyzed. The
conjecture in [?] in this case is partially proved by Bhamidi in [32, Theorem 40].

Universal techniques to study preferential attachment models. In [32], Bhamidi
investigates various preferential attachment models using universal techniques from continuous-
time branching processes (see [10] and the works by Jagers and Nerman [103, 104, 146])
to prove powerful results for preferential attachment graphs. Models that can be treated
within this general methodology include fitness models [34, 35, 86], competition-induced
preferential attachment models [29, 30], linear preferential attachment models as studied
in this chapter, but also sublinear preferential attachment models and preferential attach-
ment models with a cut-off. Bhamidi is able to prove results for (1) the degree distribution
of the graph; (2) the maximal degree; (3) the degree of the initial root; (4) the local
neighborhoods of vertices; (5) the height of various preferential attachment trees; and (6)
properties of percolation on the graph, where we erase the edges independently and with
equal probability.

8.8 Notes and discussion

Notes on Section 8.1. There are various ways of modeling the Rich-get-Richer or
preferential attachment phenomenon, and in these notes, we shall describe some related
models. The most general model is studied in [68], the main result being that the degrees
obey a power law. A model where the added edges are conditionally independent given
the degrees is given in [114]. A directed preferential attachment model is presented in [28].
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Notes on Section 8.2. The degrees of fixed vertices plays a crucial role in the analysis
of preferential attachment models, see e.g. [46]. In [171], several moments of the degrees are
computed for the Albert-Barabasi model, including the result in Theorem 8.1 and several
extensions.

Notes on Section 8.3. Most papers on specific preferential attachment models prove
that the degree sequences obey a power law. We shall refer in more detail to the various
papers on the topic when we discuss the various different ways of proving Proposition 8.4.
General results in this direction can be found for example in [32].

Notes on Section 8.4. The proof of Theorem 8.2 relies on two key propositions, namely,
Propositions 8.3 and 8.4. Proposition 8.3 is a key ingredient in the investigation of the
degrees in preferential attachment models, and is used in many related results for other
models. The first version, as far as we know, of this proof is in [46].

Notes on Section 8.5. The proof of the expected empirical degree sequence in Propo-
sition 8.4 is new, and proves a stronger result than the one for 6 = 0 appearing in [46].
The proof of Proposition 8.4 is also quite flexible. For example, instead of the growth rule
in (8.1.1), we could attach the m edges of the newly added vertex vﬁl‘i each independently
and with equal probability to a vertex ¢ € [t] with probability proportional to D;(t) + 4.
More precisely, this means that, for ¢ > 3,

D;(t)+ 6

Poif) = o [PA(m,0)) = 55 s

for i € [t], (8.8.1)
and, conditionally on PA¢(m,d), the attachment of the edges are independent. We can
define PA3(m, d) to consist of 2 vertices connected by m edges.

It is not hard to see that the proof of Proposition 8.3 applies verbatim:

Exercise 8.26 (Adaptation concentration degree sequence). Adapt the proof of Propo-
sition 8.3 showing the concentration of the degrees to the preferential attachment model
defined in (8.8.1).

It is not hard to see that also the proof of Proposition 8.4 applies by making the obvious
changes. In fact, the limiting degree sequence remains unaltered. A second slightly different
model, in which edges are added independently without intermediate updating, is studied
by Jordan in [112].

The original proof in [46] of the asymptotics of the expected empirical degree sequence
for 6 = 0 makes use of an interesting relation between this model and so-called n-pairings.
An n-pairing is a partition of the set {1,...,2n} into pairs. We can think about the pairs
as being points on the x-axis, and the pairs as chords joining them. This allows us to speak
of the left- and right-endpoints of the pairs.

The link between an n-pairing and the preferential attachment model with § = 0 and
m = 1 is obtained as follows. We start from the left, and merge all left-endpoints up to
and including the first right endpoint into the single vertex v;. Then, we merge all further
left-endpoints up to the next right endpoint into vertex vz, etc. For the edges, we replace
each pair by a directed edge from the vertex corresponding to its right endpoint to the
vertex corresponding to its left endpoint. Then, as noted in [45], the resulting graph has
the same distribution as G1(t). The proof in [46] then uses explicit computations to prove
that for k < ¢'/15,

E[Nk(t)] = tpu(1 + 0(1)). (8.8.2)

The advantage of the current proof is that the restriction on k in k < ¢*/1° is absent, that
the error term in (8.8.2) is bounded uniformly by a constant, and that the proof applies
tod =0 and § # 0.
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The approach of Hagberg and Wiuf in [95] is closest to ours. In it, the authors assume
that the model is a preferential attachment model, where the expected number of vertices
of degree k in the graph at time ¢ + 1, conditionally on the graph at time t solves

“‘“{1 Ne_1(t) + cx, (8.8.3)

E[Nk(t+ DIN(0)] = (1 - Z)Ni(t) -

where Ni(t) is the number of vertices of degree k at time ¢, N(t) = {Nk(t)}io and it
is assumed that a—1 = 0, and where ¢ > 0 and ar > ax—1. Also, it is assumed that
|Ni(t) — Ni(t — 1)| is uniformly bounded. This is almost true for the model considered in
this chapter. Finally, {N(¢)}{2, is assumed to be a Markov process, starting at some time
to in a configuration N (o). Then, with

k oo
Cj a;—1
= 8.8.4
o Zl+aj.H 1+ai’ ( )
3=0 i=j+1

it is shown that N¢(k)/t converges to ay.
Exercise 8.27 (Monotonicity error [95]). Show that

k .
max [E[N:(7)] — at| (8.8.5)
1S MON-increasing.

Notes on Section 8.6. The beautiful martingale description in Proposition 8.9 is due
to Mori [143] (see also [144]). We largely follow the presentation in [75, Section 4.3],
adapting it to the setting of preferential attachment models in Section 8.1. The fact that
Proposition 8.9 also holds for non-integer k; is, as far as we know, new. This is relevant,
since it identifies all moments of the limiting random variables &;, which might prove useful
in order to identify their distribution, which, however, has not been done yet.



APPENDIX A
SOME MEASURE AND INTEGRATION RESULTS

In this section, we give some classical results from the theory of measure and integration,
which will be used in the course of the proofs. For details and proofs of these results, we
refer to the books [37, 90, 74, 96]. For the statements of the results below, we refer to [90,
Pages 110-111].

Theorem A.10 (Lebesque’s dominated convergence theorem). Let X, and Y satisfy
E[Y] < 00, Xy, 2% X, and | X,| <Y almost surely. Then

E[Xn] — E[X], (A.6)
and E[|X]] < oo.

We shall also make use of a slight extension, where almost sure convergence is replaced
with convergence in distribution:

Theorem A.11 (Lebesque’s dominated convergence theorem). Let X, and Y satisfy
E[|Xn|] < 0o, E[Y] < 00, Xn -5 X, and |X,| < Y. Then

E[X,] — E[X], (A7)
and E[|X]] < oo.

Theorem A.12 (Monotone convergence theorem). Let X, be a monotonically increasing
sequence, i.e., Xn < Xpi1 such that E[|X,|] < co. Then Xn(w) T X (w) for all w and some
limiting random variable X, and

E[X,] T E[X]. (A.8)

In particular, when E[X] = oo, then E[X,] 1 co.
Theorem A.13 (Fatou’s lemma). If X, > 0 and E[| X, |] < oo, then

E[lim inf X,,] < lim inf E[X,,]. (A.9)

n— oo n— oo
In particular, if Xn(w) = X(w) for every w, then

E[X] < lim inf E[X,.]. (A.10)
n—oo
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APPENDIX B
SOLUTIONS TO SELECTED EXERCISES

Solutions to the exercises of Chapter 1.

Solution to Exercise 1.1. When (1.1.6) holds with equality, then

1-Fx(z)= > fa= > k.

Therefore, by monotonicity of x +— =77,

oo 1—71
1= Fe@) < [y Ty =

-1’
while - Iy
1— Fx(z) > /Hly_fdy = %
As a result, we obtain that
T 1
1—Fx(z) = p— 1+ O(E))

For an example where (?7?) holds, but (1.1.6) fails, we can take fory1 = 0 for k > 0 and,
for k> 1,
1 1

f2k = fer—1 - (k+1)‘r—l'

Then (1.1.6) fails, while

1= Fela) = Y fu~ T ~

k>zx

O

Solution to Exercise 1.2. Recall that a function z — L(z) is slowly varying when, for
every ¢ > 0,

. L(ex)
1 =1.
eoe L(z)
For L(z) = logx, we can compute
L 1 1 !
lim 22 gy, losler) oy, loge tloge
z—oo L(x) 200 logx z—oo  logm
For L(z) = ¢"°¢*)"  we compute similarly
lim ELe8) i los (ea))T—(log )
= lim elog(z)'Y ((1+%§;>W71)
T —r 00
= lim °8(®7 Mvloge _ g
T —r 00
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When v = 1, however, we have that L(z) = €'°®® = z, which is regularly varying with
exponent 1. O

Solutions to the exercises of Chapter 2.

Solution to Exercise 2.1. Take

¥ = Y1 for n even,
"7 )Y, forn odd,

where Y7 and Ys are two independent copies of a random variable which is such that
P(Y; = E[Yi]) < 1. Then, since Y7 and Y are identical in distribution, the sequence
{Xn}nz1 converges in distribution. In fact, {Xn}o=; is constant in distribution.
Moreover, X2, = Y1 and Xa2,4+1 = Y2. Since subsequences of converging sequences are
again converging, if {X,}n>; converges in probability, the limit of {X,}7Z; should be
equal to Y1 and to Ya. Since P(Y: # Y2) > 0, we obtain a contradiction. O

Solution to Exercise 2.2. Note that for any € > 0, we have

P(|Xn| >€) =P(Xn =n) = = — 0. (B.1)

1
n
Therefore, X, LN 0, which in turn implies that X, i) 0. O

Solution to Exercise 2.3. The random variable X with density

1

fX(-T) = mv

which is a Cauchy random variable, does the job. O

Solution to Exercise 2.4. Note that, by a Taylor expansion of the moment generating
function, if Mx (t) < oo for all ¢, then

Mx(t) = Z]E[XT];

As a result, when Mx (t) < oo for all ¢, we must have that

lim E[X" ]t =0.

T—00 r!

Thus, when ¢t > 1, (2.1.8) follows. Thus, it is sufficient to show that the moment generating
function Mx (t) of the Poisson distribution is finite for all ¢. For this, we compute

tX  th A Ak Bee (Aet)k t
Mx(t) =Ele Ze e =e Z =exp{—-A(1—¢€")} < o0,
k=0 k=0

for all ¢. 0
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Solution to Exercise 2.5. We write out
EX(X -1 (X—r+1)]=> a(@-1)--(z—7r+1)PX =)
=0

E[(X).] =
oo B A‘Z
ZZm(x—l)--~(m—r+1)e Ag
—,\TOO ANy B.2
B Ze (x—r) (B.2)
O
Solution to Exercise 2.6. Compute that
m 7/\ m 7)\ ml)\kl 7)\00 7711A m—1
= Zk o= Zk = Z (1) gy = AB[(X+1)™ ).
O

Solution to Exercise 2.7. By the discussion around (2.1.16), we have that the sum
= k). Thus, it suffices

is alternatingly larger and smaller than P(X

Sr (1) EO
to prove that, when (2.1.18) holds, then also
(X _ 5 E[(X)-]
k+'r7 _ _1\ktr _H\A )]
nhlr;oz )1k T:Zk( DA PR TTEE (B-3)
This is equivalent to the statement that
N E[(X)-]
_1\ktr =\ A )]
] ;( 1 -k~ (B-4)
To prove (B.4), we bound
‘Z k+r E[ ‘ Z -0, (B5)
by (2.1.18). O
Solution to Exercise 2.8. For r = 2, we note that
E[(X)r] = E[X”] - E[X], (B.6)
and, for X = >, ;- I; a sum of indicators,
EX*) =) E[LL]=Y P(Li=I=1)+>» P(I=1). (B.7)
irj i '
Using that E[X] = . P(I; = 1), we thus arrive at
E[(X)T] = ZIP(I'L =1I;=1), (B.8)

i

which is (2.1.21) for r = 2.
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Solution to Exercise 2.9. For the Poisson distribution factorial moments are given by
E[(X)] = A*

(recall Exercise 2.5.) We make use of Theorems 2.4 and 2.5. If X, is binomial with
parameters n and p, = A\/n, then

E[(X)k] = E[Xn(Xn —1) - (Xn—k+1)]=nn—1)...(n —k+1)p" = AF,

when p = A/n and n — co. O

Solution to Exercise 2.10. We prove Theorem 2.7 by induction on d > 1. The induc-
tion hypothesis is that (2.1.21) holds for all measures PP with corresponding expectations
E and all r1,...,74.

Theorem 2.7 for d = 1 is Theorem 2.5, which initializes the induction hypothesis. We
next advance the induction hypothesis by proving (2.1.21) for d + 1. For this, we first
note that we may assume that E[(Xat1,n)ry,,] > 0, since (Xa+1,n)ry,, > 0 and when
E[(Xdt+1,n)rg,,] =0, then (XdJrl,n),«(H_1 =0, so that (2.1.21) follows. Then, we define the
measure Px 4 by

E[(Xd+1,n)rd+1 ]15]
E[(Xd+17n)rd+1} ’

for all possible measurable events £. Then,

Px.q(€) = (B.9)

E[(X1n)rn -+ (Xam)ra(Xart)rars] = El(Kartn)ras JBox.a [ (Xin)rn -+ (Xa)ra-

(B.10)
By the induction hypothesis applied to the measure Px 4, we have that
EX,d [(Xl,n)rl "’(Xd,n)rd] = Z* Z* PX,d(I,L»(i) = 1Vl: 1,...,d&S: 1,...,7’1).
iV, en i(ld),.u,i(%)ezd
(B.11)

Next, we define the measure P;d by

P (€) = eIl (B.12)
WP =1vl=1,...,d, s=1,...,m1)’ ‘

so that
E[(Xat1,n)rg i Pxa(I) =1Vi=1,...,d, s=1,...,7m)
=E; [(Xat1n)ra, P(IY =1VI=1,...,d, s =1,...,m). (B.13)

Again by Theorem 2.5,

Bz, [(Xatin)rgpn] = > Py, (I = = 1D = 1), (B.14)

gy
(d+1 (d+1
1(1 + )7~~,1$(1+ )EId+1

Then, the claim for d 4+ 1 follows by noting that
o _ _ _ Lol L plat)
P(I;V=1Vi=1,...,d, s = 1,.,.,rl)IP’id(Ii1 =...= Il.w+1 =1) (B.15)

=P(I" =1Vi=1,...,d+1, s=1,...,m).
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Solution to Exercise 2.11. Observe that

Z Ipe — qa| = Z(Zh = ¢2)Vp,>q,1 + Z = Do) Vg, >p.} (B.16)
0=1-1= Z(Pz — ) = Z( @) p,>q,) + Z = @) g, >p,y- (BAT)

x x

We add the two equalities to obtain
Z|p:c_Qx| —22 @) Uip, >q.)-

Complete the solution by observing that

> _(pr —min(pr, g2) = Y _(0r — @) Uiy, >0,

T x

O

Solution to Exercise 2.12. The proof of (2.2.11) is the continuous equivalent of the
proof of (2.2.9). Therefore, we will only prove (2.2.9).

Let Q be the set of possible outcomes of the probability mass functions {p:} and {¢z}.
The set €2 can be partitioned into two subsets

N ={z€Q:ps>qs} and Q={z€Q:ps < gz}

Since {p,} and {g.} are probability distribution functions, the sum > _¢,(p= — ¢z) equals

zero. Therefore,
Z|px_qoc| = Z(px_qx)_ Z(pm_qw)

zEQ zeEN TEQ
0= Pe—a) = D> (Pe—d)+ Y (pr—a)
zeN zeN rEQ

Adding and subtracting the above equations yields

Dolpe—aal =2 (pe =) = -2 (po—q0).

zeQ e zE€Q

Hence, there exists a set A C Q such that [F(A) — G(A)| > >, ¢ [p2 — g=|. It remains

to show that |F(A) — G(A)| < § >, cq lpe — ga| for all A C Q.
Let A be any subset of 2. Just as the set 2, the set A can be partitioned into two
subsets
A1:Aﬂ91 and AQZAQQQ,

so that

IF(A) = G(A) = > (pr— @)+ D (o — @) | =|oa + Bal.

T€EA, TEA

Since a4 is non-negative and S84 non-positive, it holds that
|ova + Ba| < max (oa, —Ba).

The quantity a4 satisfies

aa < Z(px—qx)Z%ZWx—’hL

€N zEQ
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while 84 satisfies

Therefore,

1
F(A) = GA) < 5 Y Ipe—asl - VACE,

zeQ

which completes the proof. O

Solution to Exercise 2.13. By (2.2.13) and (2.2.18)
drv(f,9) SP(X £Y). (B.18)

Therefore, the first claim follows directly from Theorem 2.9. The second claim follows by
(2.2.9).

Solution to Exercise 2.15. Without any loss of generality we can take o2 = 1. Then
for each ¢, and with Z a standard normal variate

P(X >t)=P(Z>t—px) SP(Z2t—py) =P(Y > 1),

whence X <XY. O

Solution to Exercise 2.16. The answer is negative. Take X standard normal and
Y ~ N(0,2), then X <Y implies

P(Y >t) >P(X >t) =P(Y > tV2),
for each t. However, this is false for ¢ < 0. O

Solution to Exercise 2.17. Let X be Poisson distributed with parameter A\, then

e n el t\n
]E[etX] _ etnef)\L — o Z (Aeh) _ et

Put

g(t) = at —logE[e"] = at + A — e’
then ¢'(t) = a— Xe’ = 0 & t = log(a/\). Hence, I(a) in (2.4.12) is equal to I(a) = Ix(a) =
a(log (a/A) — 1) + A and with a > X\ we obtain from (2.4.9),

P> Xi >an) <e A,
=1

This proves (2.4.17). For a < A, we get ¢'(t) = a — Ae’ = 0 for ¢t = log(a/\) < 0 and we
get again
In(a) = a(loga/X —1) + A.
By (2.4.9), with a < X, we obtain (2.4.18).
Ix(A) = 0 and -L1,(a) = loga — log A, so that for a < A the function a +— I(a)

decreases, whereas for a > A the function a — I)(a) increases. Because Ix(A) = 0, this
shows that for all a # A, we have I(a) > 0.
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Solution to Exercise 2.19. By taking expectations on both sides of (2.5.2),
E[M,] = E[E[Mp41|M1, Mo, ..., My]] = E[M,41],
since according to the theorem of total probability:
E[E[X|Y1,..., Y]] = E[X].
O

Solution to Exercise 2.20. First we show that E[|M,|] < co. Indeed, since E[|X;|] <
o0, Vi, and since the fact that X; is an independent sequence implies that the sequence
| X;| is independent we get

n

E[| M| = []E[X:]] < oc.

i=0
To verify the martingale condition, we write

n+1

E[HXi

i=1

E[Mnt1]X1, X2, ..., Xn]

Xl,Xz,...,Xn]

(HX) E[Xns1|X1, Xo, ..o, Xn] = MuE[Xng1] = M, aus.
i=1

O

Solution to Exercise 2.21. First we show that E[|M,|] < co. Indeed, since E[|X;|] <
Vi,

E[|M,|] :E]ZXi
=1

=1

To verify the martingale condition, we write

n+1
E[M 1| My, Ma, ..., Ma] = E[>_ Xi|Xo, X1,..., X,]

i=1

> Xi + E[Xnp1|Xo, X1, Xo] = My + E[Xp1] = My, as.

i=1
O
Solution to Exercise 2.22. Again we first that E[|M,|] < co. Indeed, since E[|X;|] <

Vi,
E[|M,|] = E|E[Y|Xo,..., Xn]

< JE[]EUYHXO,...,XnH = E[]Y]] < oo.

To verify the martingale condition, we write

E[My 1| Xo, ..., Xn] ]E[E[Y|Xo, e Xo] Xo,...,Xn]

= E[Y|Xo,...,Xn] =M, +E[Xn1] =M, as.
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Solution to Exercise 2.23. Since M, is non-negative we have E[|M,|] = E[M,] = p <
M, by Exercise 2.19. Hence, according to Theorem 2.21 we have convergence to some

limiting random variable M. O
Solution to Exercise 2.24. Since X; > 0, we have M,, = :L:o X,; > 0, hence the claim
is immediate from Exercise 2.23. O

Solution to Exercise 2.25. First,

E[|M,]] < Z [[ME]] < oo. (B.19)

Secondly, since E[max{X,Y}] > max{E[X],E[Y]}, we obtain

E[Myi1|Xo, ..., Xn] = E[maxM”

nH\XO,...,Xn] > niax BIM{?, | Xo, .., Xa]  (B.20)

= maxM( D = M,, (B.21)

=0

where we use that {MS7}52, is a sequence of martingales with respect to {X,}52,.

Solution to Exercise 2.26. We can write
M, => "I —p, (B.22)
i=1

where {I;}52, are i.i.d. indicator variables with P(I; = 1) = 1 — P(l; = 0) = p. Then,
M —n has the same distribution as X —np, while, by Exercise 2.21, the sequence { M, }7Zq
is a martingale with

|Mp — My—1| = |In — p| < max{p,1 —p} <1-p, (B.23)

since p < 1/2. Thus, the claim follows from the Azuma-Hoeffding inequality (Theorem
2.23).

Solution to Exercise 2.27. Since E[X;] = 0, we have, by Exercise 2.21, that M,
>, X is a martingale, with by hypothesis,
1< My — My = Xn <1,
so that the condition of Theorem 2.23 is satisfied with a; = 8; = 1. Since E[M,] = 0, we
have =0 and 3" (a; + Bi)* = 4(n + 1), hence from (2.5.18) we get (2.5.31).
We now compare the Azuma-Hoeffding bound (2.5.31) with the central limit approxi-
mation. With a = 2v/n + 1, and o = Var(X;),

P(|Mn| > a) =P(|Mn| > zvn+1) = P(|My|/ovn+1>z/o) = 2(1 — ®(z/0)),

where ®(t) = e’/

du. A well-known approximation tells us that

\[ —t2 /2
\/7 )
so that by the central limit theorem and this approximation

P(|My,| > a) ~ OV2 o w2pper _ 0V2H D) a2 jaminye

x\/om aym

Finally 02 < 1, so that the leading order term and with a = zv/n + 1, the inequality of
Azuma-Hoefding is quite sharp! O

7=

2(1 = (1)) ~ 29(t)/t =
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Solutions to the exercises of Chapter 3.

Solution to Exercise 3.1. When n = 0, then, since 7 is a solution of n = Gx(n), we
must have that

po = Gx(0) = 0. (B.24)
O

Solution to Exercise 3.2. We note that for p = {pz}32, given in (3.1.15), and writing
g =1 — p, we have that E[X] = 2p, so that n = 1 when p < 1/2, and

Gx(s) = q+ps°. (B.25)

Since 7 satisfies n = G(n), we obtain that

n=q+pn’, (B.26)
of which the solutions are
1+/1-14

Noting further that 1 —4pg = 1 — 4p(1 — p) = 4p® —4p+ 1= (2p — 1)?, and p > 1/2, we
arrive at

1+£(2p—1)
=—— 7 B.2
n 5 (B.28)
Since n € [0,1) for p > 1/2, we must have that
1-(2p—1) 1-p
n= = . B.29
R » (B.29)
O
Solution to Exercise 3.3. We compute that
Guls) =1 bjp+ 3 b1 -t =1 by b8 (B.30)
X o p 1—gqs’ '
so that
b
p=Gy%(1) = el (B.31)

As a result, n = 1 if u = b/p> < 1 follows from Theorem 3.1. Now, when pu = b/p*> > 1,
then 1 < 1 is the solution of G x(n) = 7, which becomes

bn n, (B.32)

b
1— -+ =
p l—gn

which has the solution given by (3.1.18). O
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Solution to Exercise 3.4. We note that s — Gx(s) in (B.30) has the property that for
any points s, u, v
Gx(s) —Gx(u)  s—ul—qu
Gx(s) —Gx(v)  s—vl—qu’

Taking u = n,v = 1 and using that Gx(n) = n by Theorem 3.1, we obtain that, if n < 1,

(B.33)

Gx(s)=m _s—n_p
Gx(s)—1 s—11—gqn’ (B.34)

By (3.1.18), we further obtain that

p -1 2
= = p*/b, B.35
= (B.35)
so that we arrive at G (s) )
x(s) —n 55—
=— . B.36
Gx(s)—1 pus—1 ( )
Since Gr(s) is the n-fold iteration of s — Gx(s), we thus arrive at
Gn(s) —m 1 s—n
= B.37
Gn(s)—1 purs—1’ ( )
of which the solution is given by the first line of (3.1.19).
When g = 1, then we have that b = p?, so that
Gr(s) = 1= (a=P)s (B.38)

1—gs

We now prove by induction that Gy (s) is equal to the second line of (3.1.19). For n =1,
we have that G1(s) = Gx(s), so that the induction is initialized by (B.38).

To advance the induction, we assume it for n and advance it to n + 1. For this, we note
that, since G (s) is the n-fold iteration of s — Gx(s), we have

Gnt1(s) = Gn(Gx(9)). (B.39)

By the induction hypothesis, we have that G, (s) is equal to the second line of (3.1.19), so
that

_ng—(ng—p)G(s) _nq(l—gs)—(ng—p)(qg—(qg—p)s)
O = g — G (s) ~ ) —gs) —ngla—(a—p3)’ 40

Note that, using p =1 —g,

ng(1 —gs) — (ng — p)(¢ — (¢ — p)s) = [ng — (ng — p)a] + s[(¢ — p)(ng — p) — nq’]
(B.41)

= (n+ 1)gp — s[gp(n + 1) — p],

while

(p+nq)(1 — gs) —ng(qg — (¢ —p)s) = [(p +ng) — ng’] + s[(q — p)ng — (p + nq)q]
(B.42)

= [p+ngp] — s(n + 1)pg = plp+ (n + 1)q] — s(n + 1)pg,
and dividing (B.41) by (B.42) advances the induction hypothesis. O
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Solution to Exercise 3.5. We first note that

P(Z, > 0, 3m > n such that Z,, = 0) =P(3Im > n such that Z,, = 0)—-P(Z, = 0) = n—P(Zx

We next compute, using (3.1.19),

L=t when b £
lP’(Zn—O)—Gn(O)—{ nq# o when b#p

ptngq

(B.44)

when b = p?.

Using that = 1 when b < p? gives the first two lines of (3.1.20). When 1 < 1, so that
© > 1, we thus obtain

P(Z >0, 3m > n such that Z,, = 0) = (1 —n)[ - 71]:(1_7")’7. (B.45)
= =

This proves the third line of (3.1.20). O

Solution to Exercise 3.6. By (B.25), we have that G(s) = ¢ + ps®. Thus, by (3.1.23),
we obtain

Gr(s) = s(q + pGr (8)2), (B.46)
of which the solutions are given by
14 4/1—4s?
Gr(s) = =V~ 2P (B.47)
2sp
Since Gr(0) = 0, we must that that
1—+/1—4s2
Gor(s) = — Y- — =P (B.48)
2sp
O
Solution to Exercise 3.7. By (B.30), we have Gx(s) = 1—%—}— lisqs. Thus, by (3.1.23),
we obtain b bGe(s)
—sl1— 24228 | B.4
Gr(s) s[ p+1_qGT(S)] (B.49)

Multiplying by p(1 — ¢G(s)), and using that p 4+ ¢ = 1, leads to
pGr(s)(1—=qGr(s)) = s[(p—b)(1—¢Gr(s)) +bpGr(s)] = s[(p—b)+(b—pg)Gr(s)]. (B.50)
We can simplify the above to
paGr(s)® + (p+ s(b— pqg))G(s) + s(p — b) =0, (B.51)

of which the two solutions are given by

Since Gr(s) > 0 for all s > 0, we thus arrive at

Gr(s) = Y5O —pa))? —ziz;qs(p —b) — (p+ sba) (B.53)
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Solution to Exercise 3.8. Compute

E[Zn|Zn-1 =m] =E[X7" XnilZoo1 = m] = E[Y7, XnilZn-1 = m)]

=2t E[Xn] = mu,
so that, by taking double expectations,
ElZn] = E[B[Zn|Zn-1]] = EluZn—1] = JE[Zn-1].

O

Solution to Exercise 3.9. Using induction we conclude from the previous exercise that
E[Zn] = pE[Zn_1] = p°E[Zn_2] = ... = u"E[Z0] = p".

Hence,
Eln " Zn) = u"E[Za] = 1.

Therefore, we have that, for all n > 0, E[|u™"Z,|] = E[u""Z,] < 00
By the Markov property and the calculations in the previous exercise

E[anzl, ey anl] = E[Zn‘anl] = /Lanl,

so that, with M, = Z,/u",
1
E[Mn|Zn, ..., Zn-1] = E[My|Zn-1] = EMZn—l =My,
almost surely. Therefore, M,, = =" Z, is a martingale with respect to {Z,}nZ;. O

Solution to Exercise 3.10. For a critical BP we have u = 1, and so Z,, is a martingale.
Therefore, for all n,
E[Z,) =E[Zo] = 1.

On the other hand, if P(X = 1) < 1, then, n = 1 by Theorem 3.1, and by monotonicity,

lim P(Z, =0)=P(lim Z,=0)=n=1.

n—oo n—oo
O
Solution to Exercise 3.11.
P(Zn > 0) =P(Zn > 1) <E[Zn] = 1",
by Theorem 3.3. O
Solution to Exercise 3.12. Since T =1+ Y77 | Z,, we obtain by (3.2.1) that
E[T]:l—FiE[Zn]:1—|—iu":1/(1—u). (B.54)
n=1 n=1
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Solution to Exercise 3.13. For k = 1, we note that, in (3.3.2), {T' =1} = {X; = 0},
so that
P(T =1) = po. (B.55)

On the other hand, in (3.1.21), T' = 1 precisely when Z; = X1,1 = 0, which occurs with
probability po as well.
For k = 2, since X; > 0, we have that {T' =2} = {X: = 1, X» = 0}, so that

]P)(T = 2) = pop1- (B56)

On the other hand, in (3.1.21), T' = 2 precisely when Z1 = X171 =1 and Z> = X271 = 0,
which occurs with probability pop: as well, as required.
For k = 3, since X; > 0, we have that {T' =3} = {X1 =2, X0 = X3 =0} U{X; =
X2 =1, X3 =0}, so that
P(T = 3) = pop2 + pop?. (B.57)

On the other hand, in (3.1.21),
{T:S}:{Zl =Zy= 1,73 ZO}U{Zl =2,75 :O}, (B.58)
so that {T = 3} = {X1,1 = X2,1 = 1,X3,1 = O}U{le = 2,X2,1 = X2,2 = 0}7 which occurs

with probability p3pz + pop; as well, as required. This proves the equality of P(T = k) for
T in (3.3.2) and (3.1.21) and k = 1,2 and 3. O

Solution to Exercise 3.14. We note that
P(So = Sk41=0,8>0V1<i<k)=pP(51=1,8 >0Vl <i<k,Ser1 =0), (B.59)
since the first step must be upwards. By (3.3.2),
P(S1=1,8 >0V1<i<k, Spp1=0)=P(T=k), (B.60)

which completes the proof. O

Solution to Exercise 3.15. We note that p,, > 0 for all x € N. Furthermore,

D= 0" =n"" Y 0 =n"'G). (B.61)
=0 z=0

=0

Since 7 satisfies n = G(n), it follows also that p’ = {p,}3> sums up to 1, so that p’ is a
probability distribution. O

Solution to Exercise 3.16. We compute

= x / = xr Tr— — = x 1
Ga(s) =D s"pe=> 8" 'pa=n"">_ (ns)p. = Cx(ns). (B.62)
x=0 =

=0 =0

Solution to Exercise 3.17. We note that
EX'T=Y ap, =Y 2" 'p. = Gx(n). (B.63)
=0 =0

Now, 7 is the smallest solution of = Gx(n), and, when n > 0, Gx(0) = po > 0 by
Exercise 3.1. Therefore, since s — G (s) is increasing, we must have that G (n) < 1. O



214 Solutions to selected exercises

Solution to Exercise 3.18. Since M,, = =" Z, <% W, by Theorem 3.9, by Lebesques
dominated convergence theorem and the fact that, for y > 0 and s € [0, 1], we have that
s¥ <1, it follows that

E[s*"] — E[s">]. (B.64)

However,
—_n

E[s™"] = E[s”"/#"] = Gn(s* ). (B.65)
Since G, (s) = Gx(Gn-1(s)), we thus obtain

E[s""] = Gx (Gnoa(s" 7)) = Gx (GH ((sﬂ’l)f””)) — Gx (Gw(s'"),  (B.66)
again by (B.64).
Solution to Exercise 3.19. If M,, =0, then M,, = 0 for all m > n, so that
{M =0} = lim (M, =0} = N3Z{M, = 0}.
n— oo

On the other hand, {extinction} = {In : M,, = 0} or {swrvival} = {Vn, M, > 0}. We
hence conclude that {survival} C {M. > 0} = UsZo{M, > 0}, and so

. P(M, > 0N {survival P(M, >0
P(Mo > O|survival) = ( P(survi{val) b _ K T ) _ 1,

because it is given that P(W,. >0) =1—n. O

Solution to Exercise 3.20. By Theorem 3.9, we have that M,, = p~™"Z, 25 W, By
Fubini’s theorem, we thus obtain that

EW.] < lim E[M,] =1, (B.67)
n— o0
where the equality follows from Theorem 3.3. O

Solution to Exercise 3.25. The total offspring equals T' =1+ > | Z,, see (3.1.21).
Since we search for T' < 3, we must have EZO:1 Zn <2 or Zizl Zn < 2, because Zx > 0
for some k > 3 implies Z3 > 1,72 > 1,71 > 1, so that > .2 | Zn > 22:1 Zn > 3. Then,
we can write out

2
P(T=1) = P Z.=0)=P(Z1=0)=¢",
n=1
2
P(T=2) = PO Za=1)=P(Z1=1,2=0)=P(X11 = DP(Xz,1 = 0) = Ae”
n=1
2
P(T=3) = PO Zn=2)=P(Z1=1,Zy=1,Z3=0)+P(Z1 =2,7, =0)
n=1
= ]P(Xl,l = 1,X2,1 = 1,X3’1 = 0) +]P)(X1’1 = 2,X2,1 = 07X2’2 = 0)
2
= e et e (NY2) e e = eﬁ%%‘

These answers do coincide with P(T' = n) = 6771“,1)\%717 for n < 3.
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Solutions to the exercises of Chapter 4.

Solution to Exercise 4.3. We start by computing P(T" = m) for m = 1,2,3. Form =1,
we get

P(T=1)=P(S; =0) =P(X; =0) =P(BIN(n —1,p) =0) = (1 —p)" "
For m = 2, we get

Pr=2) = P(51>0,5=0=PX:1>0,X1+Xo=1)=P(X; =1,X2=0)
= P(X:=1)P(X;=0|X, =1) =P(BIN(n —1,p) = 1)P(BIN(n — 2,p) = 0)
= (n=Dp(l-p)" " (1=p)" " =(n—p(l -p)*" "

For m = 3, we get

P(T'=3) = P(S1>0,5>0,5=0)=P(X; >0,X:+X2>1,X1 + X2+ X3 =2)
P(X;=1,X>=1,X5 =0) + P(X; = 2, X5 = 0, X3 = 0)
= P(X3=0Xo=1,X; = )P(X2 =1|X; = )P(X; = 1)
(X5 = 0|X2 = 0, X1 = 2)P(X, = 0| X, = 2)P(X; = 2)
= P(X3=0[S: = )P(X2 = 1|S; = DP(X; = 1)
+P(X;5 = 0[Sz = DP(X> = 0|S1 = 2)P(X; = 2)
= P(BIN(n —3,p) = 0)P(BIN(n — 2,p) = 1)P(BIN(n — 1,p) = 1)
+P(BIN(n — 3,p) = 0)P(BIN(n — 3,p) = 0)P(BIN(n — 1,p) = 2)
= (1=p)" *(n—2p(1—p)"*(n—1p(1 —p)"
+1=-p)" 1 =p)" (= 1)(n—2)p*(1 - p)"7*/2
= (n—=1)n-2p*1-p)"" "+ (n—=1)(n - 2)p*(1 - p)*"~"/2

= (- -2p 0 -~ p).

We now give the combinatoric proof. For m = 1,
P(C(v)| =1) = (1L —p)" ",
because all connections from vertex 1 have to be closed. For m = 2,
P(IC(v)| =2) = (n = p(1 - p)*" "

because you must connect one of n — 1 vertices to vertex v and then isolate these two
vertices which means that 2n — 4 connections should not be present.

For m = 3, the first possibility is to attach one vertex a to 1 and then a second vertex
b to a, with the edge vb being closed. This gives
(n=1p(1=p)"*(n=2)p(1 = p)" (1 =p)" % = (n = 1)(n — 2)p*(1 = p)*" "

The second possibility is to attach one vertex a to v and then a second vertex b to a, with
the edge vb being occupied. This gives

<n 9 1>p(1 =p)" p(l=p)" (1 =p)" P = (n N 1) p’(1—p)* "
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The final possibility is that you pick two vertices attached to vertex v, and then leave both
vertices without any further attachments to the other n — 3 and being unconnected (the
connected case is part of the second possibility)

<n; 1>p2(1 -p)" T (1-p)* T = <n y 1>p2(1 -

In total, this gives
ne n—1 n— n—1 e
(n—1)(n—2)p*(1 - p)° 8+< ) >p3(1—p)3 9+< ) )pz(l—p)3 ° (B.68)

= (- D -2 - p 01 —p+ B LD
= (n—)(n - 2p*(1 - p)*" (2 — p).
O

Solution to Exercise 4.5. We first pick 3 different elements ¢, 7,k from {1,2,...,n}
without order. This can be done in

n

3

different ways. Then all three edges ij, ik, jk have to be present, which has probability
p®. The number of triangles is the sum of indicators running over all unordered triples.
These indicators are dependent, but that is of no importance for the expectation, because
the expectation of a sum of dependent random variables equals the sum of the expected
values. Hence the expected number of occupied triangles equals:

()

Solution to Exercise 4.6. We pick 4 elements i,7,k,l from {1,2,...,n} This kan be

done in
n
4

different ways. This quadruple may form an occupied square in 3 different orders, that is
(4,4, k,0), (i,k,7,1) and (3, 4,1, k). Hence there are

3. @

squares in which all four sides should be occupied. Hence the expected number of occupied
squares equals

O
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Solution to Exercise 4.7. We define the sequence of random variables { X, }n=; where
X, is the number of occupied triangles in an Erd6s-Rényi random graph with edge prob-
ability p = A/n. Next we introduce the indicator function

Ign =

’

0 trianglea not connected,
1 triangles connected.

Now, according to (2.1.21) we have

lim E[(Xa),]= lim > P(layn=1Jagn =1, . Loy = 1). (B.69)
n—oo n—oo

a1,ag,...,ar €L

Now, there are two types of collections of triangles, namely, sets of triangles in which all
edges are distinct, or the set of triangles for which at least one edge occurs in two different
triangles. In the first case, we see that the indicators Io, n, lag,n, - - -, la,.,n are independent,
in the second case, they are not. We first claim that the collection of (a1, a2,...,a,) for
which all triangles contain different edges has size

(1+0(1)) <’;> . (B.70)

T
To see this, we note that the upper bound is obvious (since ((2)) is the number of

collections of r triangles without any restriction). For the lower bound, we note that
a; = (ki,l;,m;) for ki, l;,m; € [n] such that k; < I; < m;. We obtain a lower bound on the
number of triangles containing different edges when we assume that all vertices ki, l;, m;
for ¢ =1,...,r are distinct. There are precisely

1:[ <n N Z) (B.71)

i=0

of such combinations. When 7 is fixed, we have that

H( ; > —(1—|—o(1))<3> : (B.72)

=0

Thus, the contribution to the right-hand side of (B.69) of collections (ai,as,...,a,) for
which all triangles contain different edges is, by independence and (B.70), equal to

3

(1+o(1))(g>r(j;)r _ (1+0(1))(%)T. (B.73)

We next prove that the contribution to the right-hand side of (B.69) of collections (a1, az, . . .
for which at least one edge occurs in two different triangles. We give a crude upper bound
for this. We note that each edge which occurs more that once reduces the number of
possible vertices involved. More precisely, when the collection of triangles (a1, az,...,ar)
contains precisely 3r —1 edges for some [ > 1, then the collection of triangles (a1, az, ..., ar)
contains at most 3r — 2[ vertices, as can easily be seen by induction. As a result, the contri-
bution to the right-hand side of (B.69) of collections (a1, a2, ...,ar) (a1,az2,...,ar) contains
precisely 3r — [ edges is bounded by

)T = AT = o(1). (B.74)

ar)
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Since this is negligible, we obtain that

lim E[(X,),] = (Aj) (B.75)

n—r00 6

Hence, due to Theorem 2.4 we have that the number of occupied triangles in an Erd&s-
Rényi random graph with edge probability p = A/n has an asymptotic Poisson distribution
with parameter \*/6. O

Solution to Exercise 4.8. We have

]E[Ag]:E Z ﬂ{i]’,ik,jkoccupied} = Z E[]l{ij,ik,jkoccupied}] (B76)
i,7,k€G i,5,k€G
A 3
= —1 -2)| =
- 1m-2) (2)
and
E[WG]:E Z I[ij,jkoccupied] = Z ]E[]l{ij,jkoccupied}] (B77)
i,j,k€G i,j,k€G
A 2
=nn-1)n-2)(2) .
- D=2 (2)

This yields for the clustering coefficient
CCq = A/n.

O

Solution to Exercise 4.9. We have E [Ws] = n(n — 1)(n — 2)p*(1 — p). According to
the Chebychev inequality we obtain:

2
lim P[We —E[W]| >¢ < lim —C,
n— oo n— 00 €
2
_ g
lim P[Wo — (0)(n — D(n—(2)2("2)>¢d < lim 2¥e,
n—oo n n n—oo €

lim P[[We —n)\’|>¢ < 0.
n— oo

Hence, Wg/n —5 A2 and, therefore, n/Wa 1 /A%, We have already shown in previous
exercise that the number of occupied triangles has an asymptotic Poisson distribution with

parameter %. A¢ is three times the number of triangles and thus Ag i) 3- Poi(’\;).
Slutsky’s Theorem states that

X, s candV, -5 Y = XY, -5 ey

Hence T;ﬁ—é" LI =Y where Y ~ Poi(\*/6). O
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Solution to Exercise 4.10. We have to show that for each z, the event {|C(v)| > =}
remains true if the the number of edges increases.

Obviously by increasing the number of edges the number |C(v)| increases or stays the
same depending on whether or not some of the added edges connect new vertices to the
cluster. In both cases {|C(v)| > z} remains true.

O

Solution to Exercise 4.11. This is not true. Take two disjoint clusters which differ by
one in size, and suppose that the larger component equals Cmax, before adding the edges.
Take any v € Cmax. Now add edges between the second largest component and isolated
vertices. If you add two of such edges, then the new Cmax equals the union of the second
largest component and the two isolated vertices. Since originally v did not belong to the
second largest component and v was not isolated, because it was a member of the previous
largest component, we now have v ¢ Cmax.

O
Solution to Exercise 4.12. As a result of (4.2.1) we have
oo [e o] 1
=D PIC)| 2 k) <D Puyp(T 2 k) = [T]:m7 (B.78)
k=1 k=1
where
u = E[Offspring] = np = A.
Hence,
Ex[lC)l] < 1/(1 = A).
O
Solution to Exercise 4.14. We recall that Z>; = 2?21 gjciy >k} -
|Cmax| < k = |C(2)| < kVi, which implies that Z>, =0
|Cimax| > k = |C(2)| > k for at least k vertices = Z>y > k.
O

Solution to Exercise 4.15. Intuitively the statement is logical, for we can see M as
doing n trails with succes probability p and for each trial we throw an other coin with
succes probability q. The eventual amount of successes are the successes where both trails
ended in succes and is thus equal to throwing n coins with succes probability pq.

There are several ways to prove this, we give two of them.

Suppose we have two binomial trials N and Y both of length n and with succes rates
p, q respectively. We thus create two vectors filled with ones and zeros. For each index
i=1,2,...,n we compare the vectors and in case both entries are 1, we will see this as a
succes. The now counted amount of successes is of course BIN(n, pq) distributed.

Now we produce the first vector similarly by denoting ones and zeros for the successes
and losses in trail N. For each ’one’, we produce an other outcome by a BE(q) experi-
ment. We count the total number of successes of these experiments and those are of course
BIN(N, q) distributed. But now, this is the same as the experiment described above, since
all Bernoulli outcomes are independent. Hence if N ~ BIN(n,p) and M ~ BIN(N, q), then
M ~ BIN(n, pq).
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We will also give an analytical proof, which is somewhat more enhanced. We wish to
show that P(M =m) = () (pq)"™ (1 — pg)"~™. Off course we have

P(M =m) = ZP(N—i)~<;>-qm'(1—Q)i—m,
_ Z(?).(p)i.(l_p)ni.<;).qm.(1—q)i—m.

i=m

Rearranging terms yields

P(M =m)= 1_172])31 | < ><>1f$p)1(1_q)1

Further analysis yields

P(M =m) = (1p)n(1zq)m§i!(nnii)! m!(iiim)! (p(llqu))i

= a _p)n(l%q)m% ; (n— z)'l(z —m)! (p(ll:pq))i

ym nlm!"=m 1 (p(l ) ) k+m

= (1-p)"(

l—q Zko(n—k m)(m—i—k m)I\ 1—p
g 4 — p(l —g)\Ftm
= (=p) (1fq) m'nf 'Z) nfk m'k'( 1fp)

n g n—m k+m n—m—k _m k+m—m
= 1— 1-
<m) kZ:O < B )p (1-p) q"(1—q)

<;)pmqm 3 (nkm>pk(1—p)”_m_k(l —q)"

It is now sufficient to show that Y7 —o* (".™)p"(1 —p)" " *(1 —q)* = (1 — pg)" ™.

i(n ) (1—p)" ™ *(1 — g)F - m"_zm( km>(pl_l;q)k

k= k=0

nm1+p pQ)

yrm 1- p+p pq)

= (1-pg"™™

Now we can use this result to proof that N; ~ BIN(n, (1 — p) ) by using induction. The
initial value No =n — 1 is given, hence

No = n—1;
N, = BIN(n-1,1-p);
N; = BIN(N;,1—p)=BIN(n—1,(1-p)?);

N; = BIN(n—1,(1-p)").
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Solution to Exercise 4.16. The extinction probability n satisfies

M = Gx(m) = E[pR] = e 2™
Hence,

OG=l-m=1—e M =1_¢

This equation has only two solutions, one of which is {x = 0, the other must be the survival

probability.

Solution to Exercise 4.17. We compute that

x(A) =EA[IC(1)]] = Ex [Z ﬂ{jecm}} =14 Ea[lgeca)y]

j=1 j=2
=14+> Eallgejl=14> Pa(1¢j) =1+ (n—1)Py(1+ 2).

j=2 j=2

components ordered by their size. Relation (4.4.1) reads that for v € (

Solution to Exercise 4.18. In this exercise we denote by |Cy| > [Cioy| > .
1
5,1
29

]P’(“Cmax\ — nQ’ > n”) = O(n_‘;).

Observe that

PA(1 > 2) PA(3C(K) : 1 € C(k), 2 € C(k))

= > PA(1,2€Cw) =Pa(1,2€Cy) + > _Px(1,2 € Cay)
>1 1>2

v\2
_ w +0(n™%) + ZPA(L? €Cuw)-

n
1>2
For [ > 2, we have |C()| < K logn with high probability, hence

K?log®n

]P)A(LQ S C(z)) < 2

+0(n™?),
so that
ZPA(1,2 € C(z)) <

1>2

Together, this shows that

2 2
Klog"n 1Zg "L O 0.

Pr(l > 2) =3 +0(n™%),
for some § > 0.

Solution to Exercise 4.19. Combining Exercise 4.17 and Exercise 4.18, yields

X(\) =1+ (n— 1D (1 +0(1)) = n¢i(1 +o(1)).

O

(B.79)

O

.., the
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Solution to Exercise 4.20. We have that the cluster of i has size [. Furthermore, we

have Py (i «— j||C(i)| =) + Px (i < j||C(i)| =1) =1 Of course 4, j € [n] and j # i. So,

having i fixed, gives us n — 1 choices for j in ER,(p) and I — 1 choices for j in C(¢). Hence,
-1

Px(i < j|IC(i)| =1) = —

and thus
-1

n—1"

Pa(i < jllc()| =1) =1 -
O

Solution to Exercise 4.21. According to the duality principle we have that the random
graph obtained by removing the largest component of a supercritical Erdés-Rényi random
graph is again an Erdés-Rényi random graph of size m ~ nnx = #3* where px < 1 < X are
conjugates as in (3.5.7) and the remaining graph is thus in the subcritical regime. Hence,
studying the second largest component in a supercritical graph is close to studying the
largest component in the remaining graph.

Now, as a result of Theorems 4.4 and 4.5 we have that for some ¢ > 0

lim (u»(i‘li;;' > 1t o) el o por 0) =o.

n—soc0 logm

Hence, \ﬁ:gia%\ - I;!. But since we have that n —m = (an(1 + o(1)) and thus m =

P —
n(1 — ¢x), we have that llogm — 1 as n — co. Hence [Cmaxl 2, =1 O
ogn logn DN

Solution to Exercise 4.22. Denote

X’n - anpn
V anpn(l — pn) ’

so that we need to prove that Z,, converges is distribution to a standard normal random
variable Z. For this, it suffices to prove that the moment generating function M, (t) =
E[e*?"] of Z, converges to that of Z.

Since the variance of X,, goes to infinity, the same holds for a,. Now we write X, as
to be a sum of a, Bernoulli variables X,, = > 9" Y;, where {Yi}1<i<q, are independent
random variables with Y; ~ BE(p,). Thus, we note that the moment generating function
of X,, equals

Zn = (B.80)

My, (t) = E[e"*"] = E[e"]*". (B.81)
We further prove, using a simple Taylor expansion,

t2
log E[e"™"] = log (pne" + (1 = pn)) = pat + 5 pa(l = pn) + O(|t’pn)- (B.82)

Thus, with t, = t/\/anpn(1l — pn), we have that

w2 :
My, (t) = Mx, (tt)eanpntn — eon log E[e* 1] _ eTPn(lfpn)JrO(\tnldanpn) _ et2/2+0(1)'

(B.83)

We conclude that lim,—e0 Mz, (t) = etz/Q, which is the moment generating function of a

standard normal distribution. Theorem 2.3(b) implies that Z, SN Z, as required. Hence,
the CLT follows and (4.5.15) implies (4.5.16). O
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Solution to Exercise 4.25. We have that nA/2 edges are added in a total system
of n(n — 1)/2 edges. This intuitively yields for p in the classical notation for the ER
graphs to be p = n(ziiﬁ/z and A = n - p, so that one would expect subcritical behavior
|Conax|/logn — T 5. We now provide the details of this argument.

We make use of the crucial relation (4.6.1), and further note that when we increase M,
then we make the event \Cmax\ > k more likely. This is a related version of monotonicity
as in Section 4.1.1. In particular, from (4.6.1), it follows that for any increasing event F,
and with p = A/n,

n(n—1)/2
PA(E)= > P, (E)P(BIN(n(n—1)/2,p) =m) (B.84)

> Y P.(E)P(BIN(n(n — 1)/2,p) = m)
> IF’;(E)IP(BIN(n(n -1)/2,p) > M).

In particular, when p is chosen such that P(BIN(n(n — 1)/2,p) > M) = 1 — o(1), then
Py (E) = o(1) follows when Py (E) = o(1).

Take a > I, ' and let k,, = alogn. Then we shall first show that Py, a7 (|Coax| > kn) =
o(1). For this, we use the above monotonicity to note that, for every X,

Pr, a1 (|Cmax| > kn) < Par(|Cmax| > kn)/P(BIN(n(n —1)/2,X /n) > M). (B.85)

For any A > X, we have P(BIN(n(n—1)/2,\'/n) > M) = 1+ 0(1). Now, since A — I " is
continuous, we can take \’ > X such that [;,1 < a, we further obtain by Theorem 4.4 that
Py (|Cmax| > kn) = 0(1), so that Py as(|Cmax| > kn) = o(1) follows.

Next, take a < I, !, take k, = alogn, and we next wish to prove that Py as(|Cmax| <
kn) = o(1). For this, we make use of a related bound as in (B.84), namely, for a decreasing
event F', we obtain

n(n—1)/2
PA(F)= Y P.(F)P(BIN(n(n—1)/2,p) =m) (B.86)
> > P, (F)P(BIN(n(n — 1)/2,p) = M)

> ;;(F)IP(BIN(n(n -1)/2,p) < M).

Now, we take p = X'/n where X < A, so that P(BIN(n(n — 1)/2,p) < M) =1 — o(1).
Then, we pick A’ < X such that I;,l > a and use Theorem 4.5. We conclude that, with
high probability, [Cmax|/logn < [;1 + ¢) for any € > 0, and, again with high probability,
|Cimax|/logn > I7' —¢) for any e > 0. This yields directly that [Cmax|/logn — I, O

Solutions to the exercises of Chapter 5.

Solution to Exercise 5.1. Using (3.5.24) we see that

Py(T* > k) = (2n)"'/2 i n*2[1+0m™). (B.87)

n=~k
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The sum can be bounded from above and below by an integral as follows
/ 2 3% dg < Z n =32 < / 3% dy
k ok k—1

Computing these integrals gives

(e o)
ok~12 < Zn—3/2 <20k — 1)—1/2

n==k

Similar bounds can be derived such that

i n 320" = O(k™*/?).

n==k

Combining both bounds, it follows that

. 2\1/2 _ _
PL(T* > k) = (;) EVL 4+ 0%k
O
Solution to Exercise 5.2. Fix some r > 0, then
rn2/3 rn2/3
x(1) > > P(C) = k)= > Poy(l). (B-88)
k=1 k=1
By Proposition 5.2, we have the bounds
Per(D) 2 .
Substituting this bounds into (B.88) yields
rn2/3
C1 r..1/3
x(1) = Y — =i,
= vk
where ¢; > 0 and r > 0. O

Solution to Exercise 5.3. By Theorem 3.14, we have that

A, 1 i toenye Y
Z e Ikt]P)l(T 7t):76 (A—1—log A\t e t.

- A t!

Rearranging the terms in this equation we get

e NPT =t) =

1 (elogA>ttt_l e )ty

. e
A A t! t!
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Solution to Exercise 5.5. Let G(n) be the collection of all possible simple graphs on n
points. The set G(n, m) is the subset of G which contains all possible simple graphs on n
points which have m edges. Then,

(%)
P(1 ¢+— 2) = |g(n)|_1 Z Z P(G){1—2in ¢}

m=1 GegG(n,m)

oy ®y Y (2)’"(1_2)(3)_”111{1%“@,

m=1 Geg(n,m)

which is polynomial in A. Furthermore, the maximal degree of the polynoom is (g)

Solution to Exercise 5.6. Take some [ € N such that [ < n, then Xn_l(/\";l) is the
expected component size in the graph ER(n — [, p). We have to prove that the expected
component size in the graph ER(n — [, p) is smaller than the expected component size in
the graph ER(n — [+ 1,p) for all 0 < p < 1. Consider the graph ER(n — [ + 1,p). This
graph can be created from ER(n — [, p) by adding the vertex n — [ + 1 and independently
connecting this vertex to each of the vertices 1,2,...,n —1[.

Let C'(1) denote the component of ER(n — I, p) which contains vertex 1 and C(1) rep-
resents the component of ER(n — [ 4 1, p) which contains vertex 1. By the construction of
ER(n — 1+ 1,p), it follows that

(1—p)nt*t if k=1,
B(C()| = k) = { B(C/(1)| = k)(1—p)* +B(C' ()| =k = 1)(1— (1 —p)}") f2<k<n,
P(IC"(1)] =n)(1 = (1 —p)") if k=n-+1.

Hence, the expected size of C(1) is

n+1

Eflc(1)]] = Y P(C(1)| = k)k

n

= (=)™ 4 3 [BUC W) = B - )t +BICWD)] = k= D1~ (L= p)* )] k
+P(C' (D] =n)(1 =1 —p)")(n+1).

Rewriting this expression for the expected size of C(1) yields

Ellc()]] = (1 —p)" " +P(C'(1)] = 1)2p + iP(IC'(l)I =k)k

k=2
+ 3R (1) = )1 — (1 -5+ BIC ()] = )+ (1— (1= p)™)
k=2
> (14 p)P(C(1)] = 1) + 3 KP(C'(1) = k) > B[]
k=2
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Solution to Exercise 5.7. By (5.1.34), we have that

SN = (1= 1)

For the derivative of 7,,(\) we use (5.1.48) to obtain

A).

l

0N < S IBAC)] = Dxn (A,

X

The function [ — yn—i(A™) is decreasing (see Exercise 5.6), hence

) < xa ) S BACD)] = 1) = xa (W2,
=1
or 8 ()\)
oxXn
S (B.89)

The second part of the exercise relies on integration. Integrate both the left-hand and
the right-hand side of (B.89) between A and 1.

1 1
— <1-—-2A
Xn(A)  xa(1) T
Bring a term to the other side to obtain
1 1
< + 1=
Xn(A) Xn (1)
which is equivalent to
1

Solution to Exercise 5.8. Using (5.2.8) and (5.2.10) we see that

:n(l— i)n_l +n(n—1) (1— 2)%_3
(-2 e (-2)7).

Consider the first power, taking the logarithm yields

Ex[Y?] = nPA(IC(1)| = 1) + n(n — 1) ( A Y + 1) Pa(lc(1)] = 1)*

logn +t

logn + (n— 1) log(1l — é) =logn+ (n—1)log(l —
n n

).

Taylor expanding the logarithm gives

logn+t, logn +t logn +t,2
logn+(n—l)log(l—T)—logn—(n—l)[ - —I—O(( - ) )]
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The latter expression can be simplified to

logn — (n — 1)[lognT—|—t +O((lognT—|—t)2)] =logn — n-

2
:_t_i'_loﬂ_l'_i _‘_O(M)
n n n

_ 2
110gn—n 1t+o((logn+t) )
n

k]

and, as n tends to infinity,

logn

—t+ i +O(M)—>—t.

+7
n

n—1
lim n(l— é) =e "
n— oo n

A similar argument gives that as n — oo
AN\
lim (1 — 7) =e "
n— o0 n

lim E\[Y?]=e "(1—e"),

n— 00

Hence,

Therefore, we conclude

which is the second moment of a Poisson random variable with mean e~¢.

Solutions to the exercises of Chapter 6.

Solution to Exercise 6.1. By the definition of p;; (6.1.1), the numerator of p;; is
(nA)?(n — A)72. The denominator of p;; is

zn: ni n n\ 2_ n2\ n n\ 2_n2)\(n—/\)+(n)\)2_ n3A
n—A n—XA)  n-—2X\ n—X\) (n—X)2 T (n— A2

i=1

Dividing the numerator of p;; by its denominator gives

(nA)? A

Pis = s T o

O

Solution to Exercise 6.2. Consider the distribution function F,(z) = P(wyv < z) of a
uniformly chosen vertex V' and let > 0. The law of total probability gives that

Pwy <z) = iﬂ”(wv <z|[V=9)P(V =1)

=1

1 n
. > Mw,<as z >0, (B.90)
=1

as desired. m
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Solution to Exercise 6.4. By (6.1.14), F,.(z) = £ (|nF(z)]+1) Al. To prove pointwise
convergence of this function to F(:Jc), we shall first examine its behavior when F(z) gets
close to 1. Consider the case where < (|nF(x)|+ 1) > 1, or equivalently, [nF(z)] >n—1,

which is in turn equivalent to F(x) > “~L. Now fixing x gives us two possibilities: either
F(xz) =1 or there is an n such that F(:r) < 2=1_1n the first case, we have that

[t

=[1-1]=0. (B.91)

l[%([nF(aﬁ)j +1) /\1] _ F()| =

In the second case, we have that for large enough n

1 1 F
HE(LnF(x)J +1)A 1} — F(o)| = 'f(LnF(ac)J - M)
_|nF@ )J_nF()4r1’S o (B.92)
n n
which proves the pointwise convergence of F,, to F', as desired. O

Solution to Exercise 6.6. We note that = — F(x) is non-decreasing, since it is a
distribution function. This implies that z — 1 — F(z) is non-increasing, so that u +—
[1 — F]™*(u) is non-increasing.

To see (6.1.16), we let U be a uniform random variable, and note that

iih(wi) :]E[h([l —F]_l([Un]/n))]. (B.93)
Now, [Un]/n > U a.s., and since u + [l — F]™'(u) is non-increasing, we obtain that
[1—F]7([Un] /n) < [ F)7Y(U) a.s. Further, again since « — h(x) is non-decreasing,
h([l - F]*l([mﬂ/n)) < h(l1 = F]"1(U)). (B.94)

Thus,
. Z h(w) <E[n(1L - FI7'(0))] = E[b(W)], (B.95)

since [1 — F]7}(U) has distribution function F when U is uniform on (0,1) (recall the
remark below (6.1.13)). O

Solution to Exercise 6.7. Using the non-decreasing function h(z) = z% in Exercise
6.6, we have that for a uniform random variable U

*sz [ru-m (1) Lo,
n
- E[([l — ! ([Un]/n)) ] (B.96)
We also know that [Un]/n > U a.s., and since u — [1 — F]'(u) is non-increasing by
Exercise 6.6 and = — x® is non-decreasing, we obtain that

1

— (L= F ([Un]/n))" < — (1= FI7' ()" (B.97)

S
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The right hand side function is integrable with value E[WW¢], by assumption. Therefore,
by the dominated convergence theorem (Theorem A.10), we have that the integral of the
left hand side converges to the integral of its pointwise limit. Since [Un]/n converges in
distribution to U, we get that [1 — F]™'([Un]/n) — [1 — F]~*(U), as desired.

Solution to Exercise 6.8. By (6.1.11),
w; = [1— F]7'(i/n). (B.98)
Now apply the function [1 — F] to both sides to get
(1 — Fl(wi) = i/n, (B.99)
which, by the assumption, can be bounded from above by
i/n=[1-Fl(w) < cw, Y. (B.100)

This inequality can be rewritten to

1 1

i1 (en) ™1 > wy, (B.101)
where the left hand side is a descending function in ¢ for 7 > 1. This implies
wi <wy < eTIn I, Vi€ [n), (B.102)

1
giving the ¢’ = ¢71 as desired. O

Solution to Exercise 6.10. A mixed Poisson variable X has the property that P(X =
0) = E[e~"] is strictly positive, unless W is infinite whp. Therefore, the random variable
Y with P(Y = 1) = 1 and P(Y = 2) = 1 cannot be represented by a mixed Poisson
variable. O

1=

Solution to Exercise 6.11. By definition, the characteristic function of X is

E[¢"] =Y ¢P(X =n) =) " ( / R dw) !
n=0 n=0

where fu (w) is the density function of W evaluated in w. Since all terms are non-negative
we can interchange summation and integration. Rearranging the terms gives

E[e"™] = /Ooo fw (w)e™™ (Z (e"w) ) dw = /OOO fw (w)e™ exp(ew)dw

n!
= /OOO fw (w) exp((e” — 1)w)dw.

The latter expression is the moment generating function of W evaluated in e — 1. O
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Solution to Exercise 6.12. By the tower rule, we have that E[E[X|W]] = E[X]. Com-
puting the expected value on the left hand side gives

EE[X|W]] =) E[X|W = w]P(W = w)

=" pw Zk *w“’

=> w-P(W=w)= ]E[WL (B.103)

so E[X] = E[W]. For the second moment of X, we consider E[E[X (X —1)|W]] = E[X (X —
1)]. Computing the expected value on the left hand side gives

E[E[X (X — DW]] =Y E[X(X — )W = w]P(W = w)
= {4 Zk —1e —”“l;'
=Y w P(W =w) *wz Wl
=> w PW =w) = ]E[Wz]. (B.104)

Now, we have that Var(X) = E[X?] — E[X]? = E[W?] + E[W] — E[W]?, which is the sum
of the variance and expected value of W. O

Solution to Exercise 6.14. Suppose there exists a ¢ > 0 such that ¢ < w; < ¢! for
every i. Now take the coupling Dj as in (??). Now, by (??), we obtain that

(D1, D) # (D1, D)) <2 ipij

4,j=1
L wiwy

=9 B.105
Z ln + wle ( )

i,7=1

Now I, = Y"1, w; > ne and 2 < wiw; < €72, Therefore,
WiW; 2 g2

2 <2 =o(1 B.106
”2211 +wiw; ~ " e + €2 o(L), ( )
since m = o(y/n). O

Solution to Exercise 6.15. We have to prove

max [E[P™] — prl (B.107)

l\.‘J\ﬂ)
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We have c
mkaX\E[P,i")] Pkl < 5 © Ve E[pyY] — pi| < 3 (B.108)
Furthermore the following limit is given
lim E[P{"] = lim P(D; = k) = py. (B.109)
n— o0 n— oo
Hence we can write c
Ve 0V, Vas a, B[P — pi| < 5 (B.110)
Taking M := max M} we obtain
Ves0ImViVnsm [E[PV] — pr| < §
<~
Ve>03MmVn>nr maxy |E[P;£”)] — k| < 5.
O
Solution to Exercise 6.16. Using the hint, we get
‘ax W; > < ;>
IP’(I?:alx W; >en) < §P(Wl >en)
=nP(W1 > en). (B.111)
This probability can be rewritten, and applying the Markov inequality now gives
nP(W1 > en) = nP(liw, >eny W1 2 en) < P(W1 > en)E[W1] — 0. (B.112)
Therefore, maxj—; W; is o(n) whp, and
= ZW <= maXW -0, (B.113)
as desired. O

Solution to Exercise 6.18. Using partial integration we obtain for the mean of W;

EWi] = /Oooxf(x)dx:[a:F(:r)—m]f:O—/OooF(:r)—ldx: (}%ijanF(R)—R)—0—1—/0001—F(x)d:c

/000 1— F(x)dx

Hence,
E[W1] = o0 & / [ — F(z)de = co. (B.114)
0
O
Solution to Exercise 6.21. It suffices to prove that H1§i<j§n(uiuj)zij =TI d ()

i 1 ’
where d;(z) = > 7_, zi;.

The proof will be given by a simple counting argument. Consider the powers of uj in the
left hand side, for some k =1,...,n. For k < j < n, the left hand side contains the terms
ui’” , whereas for 1 < i < k, it contains the terms u;**. When combined, and using the fact
that x;; = x;; for all ¢, j, we see that the powers of ui in the left hand side can be written

as Zxkj. But since, z;; = 0 for all 4, this equals >°7 | @i; = di(z), as required. O
ik
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Solution to Exercise 6.22. We pick tx =t and t; = 1 for all i # k. Then,

ln + wiwgt
Et™ = ] +————
1<i<n:ith In + wiwk
= "D Dacignizn TR (B.115)
where
wW; Wit W; Wk Wi
R, = .Z. log (1+ T ) —log <1+ I ) —wy(t —1) ,Z, .
1<i<n:i#k 1<i<n:i#k
= Z log(ln + wiwgt) — log(ln + wiwy) — wi(t — 1) Z et} (B.116)
1<i<n:izk 1<i<n:izk
A Taylor expansion of z — log(a + z) yields that
x z?
log(a + z) = log(a) + -+ O(?). (B.117)

Therefore, applying the above with a = [,, and © = w;wy, yields that, for t bounded,
2 = wl_z
= O(wkzl—z) = o(1), (B.118)
i=1 "

by (?7?), so that

E[tDk] — Wkt D) Eaci<niizk %(1 +0(1))
_ ewk(t—l)(l +0(1)), (B.119)

since wy, is fixed. Since the generating function of the degree converges, the degree of
vertex k converges in distribution to a random variable with generating function e®*(~1
(recall Theorem 2.3(c)). The probability generating function of a Poisson random variable
with mean A is given by e Y which completes the proof of Theorem 6.2(a).

For Theorem 6.2(b), we use similar ideas, now taking ¢; = t; for ¢ < m and ¢; = 0 for
i > m. Then,

s[I- T Resh o[t o), @)
iy ) - w; Wy iy
i=1 1<i<m,i<j<n =
so that the claim follows. O

Solution to Exercise 6.23. The degree of vertex k converges in distribution to a random
variable with generating function e***~V . We take w; = ﬁ which yields for the
A(t—1)

generating function e?=*/n. This gives us for the degree a Poi( random variable,

A
1-\/n )
which for large n is close to a Poi(\) random variable.

Solution to Exercise 6.24. The Erd6s-Rényi Random Graph is obtained by taking
Wi = 1_% Since p;; = A/n — 0, Theorem 6.2(b) states that the degrees are asymptoti-

cally indé’i)endent.
O
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Solution to Exercise 6.25. Let X be a mixed Poisson random variable with mixing
distribution YW ™. The generating function of X now becomes

Gx(t) =E[t*] = Zt]P’

7W"'71 (’YWT_l)k]
k!

Mx

W So Wty

l—|O

=k k!
k=0
= E[e* ") (B.121)
O
Solution to Exercise 6.26. By using partial integration we obtain
Eh(X)] = / h(x
= [h@)(F() —uzo—/ W (@)[F ()~ 1]da
- (ngnoo h(R)(1 — F(R))) — h(0)(1 — F(0)) + /OOO W (2)[1 - F(x)|dz
= /000 B (z)[1 — F(x)]dz.
O

(n)

Solution to Exercise 6.28. By definition, p™ and ¢'™ are asymptotically equivalent

if for every sequence (z,) of events

lim p qft’;) =0. (B.122)
n—0o0
By taking the sequence of events z, = x € X for all n, this means that asymptotical
equivalence implies that also
lim max Ip¢” — ¢8| = lim drv(™,¢™) = 0. (B.123)
n—oo r€X n— oo

Conversely, if the total variation distance converges to zero, which means that the maximum
over all z € X of the difference p{™ — ¢{™ converges in absolute value to zero. Since this
maximum is taken over all x € X, it will certainly hold for all x € (zn) C X as well.
Therefore, it follows that for any sequence of events, pz" q;:? must converge to zero as

well, Whlch implies asymptotical equivalence. /ensol

Solution to Exercise 6.29. We recall that
drv(M,M") = sup [P(M € A) —P(M' € A)|. (B.124)
ACLZ
Now, for binomial random variables with the same m and with success probabilities p and
q respectively, we have that
P(M = k) _ (B)k(l—p
P(M'=k)  ‘q" “1—g¢

l1-p

oDy, (B.125)

)" = (
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which is monotonically increasing or decreasing for p # ¢. As a result, we have that the
supremum in (B.124) is attained for a set A ={0,...,j} for some j € N, i.e.,

drv (M, M") = sup |P(M < j) = P(M" < j)]. (B.126)

jEN

Now assume that limy o m(p — q)//mp = a € (—00,00). Then, by Exercise 4.22,

(M —mp)//mp —2 Z ~ N(0,1) and (M’ —mp)//mp —= Z'simN (a, 1), where N'(1, o)
denotes a normal random variable with mean yu and variance o%. Therefore, we arrive at
dry(M, M) = sup [P(M < j) —=P(M' < j)| =sup|P(Z < @) = P(Z' < )| +o(1)

JEN z€R

= @(a/2) — ®(—a/2), (B.127)

where z +— ®(z) is the distribution function of a standard normal random variable. Thus,
drv (M, M') = o(1) precisely when o = 0, which implies that m(p — q)//mp = o(1).

Solution to Exercise 6.30. We write

dev(p ) = 5 3 e — aal = 5 S (Ve + VEVFE — Vil

5 S VIV — Va5 S VEE - VL (B.125)

By the Cauchy-Schwarz inequality, we obtain that

> PelV/Pe — Vel < \/sz\/Z(\/ﬁ\/qu <27Y2dy4(p, q). (B.129)

The same bound applies to the second sum on the right-hand side of (B.128), which proves
the upper bound in (6.6.11).
For the lower bound, we bound

du(p, q)* = %Z(\/pfr Viz)® < %Z(\/p?+ V@) VPr — /@a| = drv(p,q).  (B.130)

Solution to Exercise 6.31. By exercise 6.28, we have that p™ = {p{”}.cx and
g™ = {qg{ }zex are asymptotically equivalent if and only if their total variation distance
converges to zero. By exercise 6.30, we know that (6.6.11) holds, and therefore also

27 2y (p™,q™) < du(p'™,¢™) < VVdrv (p, g). (B.131)
Both the left and right hand side of those inequalities converge to zero if drv (p™, ¢™) — 0,
which implies by the sandwich theorem that dy (p™, ¢™) — 0. Conversely, if d (p'™, ¢'™) —
0, by (6.6.11) we have that drv(p™,¢"™) — 0. O

Solution to Exercise 6.32. We bound

p(,0) = (Vo - v+ (V1I-p—V1-0)°’ =00 (Vo +vO) >+ (V1-p+V1-q 7).

(B.132)
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Solution to Exercise 6.33. We wish to show that P(Y = k) = e~ 7 (’\p) . We will use
that in the case of X fixed, Y is simply a BIN(X, p) random variable. We have

> ]P’(i[i:k)
_)\Az X — _)\ rx—k
- E:ke = (k> (1—p)*F = Z : 7'1@"’ "(1-p)

N O e e e (s D L p’“ N (A= Ap)”
T TR & @k >

— e (Ap)k — P (Ap)k

k! k!

=
>~<
I
z
I
=)
—~
.Mx
&
N
(]
ac)

x=0

If we define Y to be the number of edges between ¢ and j at time ¢ and X the same at
time ¢t — 1. Furthermore we define I, to be the decision of keeping edge k or not. It is

given that X ~ Poi( 71j) and I ~ BE(1 — —) According to what is shown above we
now obtain for Y to be a Poisson random variable with parameter
WiW; Wi 1 L, —W, 1 Ly WW;
1—-—)=wW;W; — =WW; = B.133
Ly - Ly )= "Liov Le YLi1 Lt L, ( )
O

Solution to Exercise 6.34. A graph is simple when it has no self loops or double edges
between vertices. Therefore, the Norros-Reittu random graph is simple at time n if for all
Xii =0, and for all 4 # j X;; =0 or X;; = 1. By Exercise 6.33, we know that the number
of edges X;; between ¢ and j at time n are Poisson with parameter wly 1. The probability
then becomes

P(NRn (w) simple) = ]P(O S Xij S 1,Vi 7& ‘])IP(X” = 0 V’L)

= J] ®&i;=0)+PXy=1)]]P(Xk =0)
1<i<j<n k=1
wiw, n 2
= H 67 n wLwJ H efk
1<i<j<n k=1
— e Yi<i<j<n # H (1+ wzwj ). (B.134)

1<i<j<n

O

Solution to Exercise 6.35. Let X;; ~ Poi(~;—2) be the number of edges between vertex

n
i and j at time n. The degree of vertex k at time n becomes Z Xkj, and because Xy is
j= 1
n
. . WrW; D1 Wi
Poisson with mean w’“ , the sum will be Poisson with mean Z ke A Wk ]K t
Jj=1 "
Wy. Therefore, since the w; are i.i.d, the degree at time n has a mixed Poisson distribution
with mixing distribution Fi,
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Solution to Exercise 6.36. Couple X,, = X(G,) and X, = X(G},) by coupling the
edge occupation statuses X;; of G, and X/; of G, such that (6.7.11) holds. Let (X, X,)
be this coupling and let E,, and E,, be the sets of edges of the coupled versions of G, and
G, respectively. Then, since X is increasing

P(X, < X,) > P(E, C E,) = P(Xy; < X[3Vi,j € [n]) = 1, (B.135)

which proves the stochastic domination by Lemma 2.11.

Solutions to the exercises of Chapter 7.

Solution to Exercise 7.1. Consider for instance the graph of size n = 4 with de-
grees {di,...,ds} = {3,3,1,1} or the graph of size n = 5 with degrees {d,...,ds} =
{4,4,3,2,1}. O

Solution to Exercise 7.2. For 2m vertices we use m pairing steps, each time pairing
two vertices with each other. For step i + 1, we have already paired 27 vertices. The next
vertex can thus be paired with 2m — 2i — 1 other possible vertices. This gives for all pairing
steps the total amount of possibilities to be

2m-1)2m—-3)---2m—(2m—2) —1) = (2m — 1)!L. (B.136)
O

Solution to Exercise 7.8. We can write

P(Ln is odd) = P((—I)L" = —1) = %(1 - E[(—l)L”D. (B.137)

To compute E[(—1)“"], we use the characteristic function ¢p, (t) = E[e*"?] as follows:
oo, (m) = E[(-1)"] (B.138)

Since (—1)f" = (=1)2P¢ where {D;}?, are i.i.d. random variables, we have for the
characteristic function of Ly, ¢r,, (1) = (¢p, (7))". Furthermore, we have

¢p, (m) = —P(D: is odd) + P(D; is even). (B.139)
Now we assume P(D; is odd) ¢ {0,1}. This gives us
—1 < P(D; is even) — P(D; is odd) < 1, (B.140)

so that |¢p, (m)| < 1, which by (B.137) leads directly to the statement that P(L,, is odd)
1

is exponentially close to 3.

O
Solution to Exercise 7.10. We compute

N o1& 1 = 1 ln
> kp = ;k(g;m:k})ﬁZZkﬂ{@:w;ZdF;

k=1 i=1 k=1 i=1
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Solution to Exercise ?7. First we shall prove that the degrees P,i") converge to some
probability distribution {pi}7>;. Obviously,

1
P = - Z b, =k, (B.141)
=1

and the variables {l{p,—x}}i=1 are ii.d. random variables with a BE(px) distribution.
Thus, by the strong law of large numbers, P “ py.

To see (?7?), we note that the mean of the degree distribution is finite precisely when
E[D;] < oo. Since pr = P(D; = k), we have

(oo}
pw="> kp. (B.142)
k=0
Now, by definition, the total degree equals
L.=Y D (B.143)
i=1

where, since the degrees are i.i.d. {D;}i=; is an i.i.d. sequence. Moreover, we have that
w=E[D;] < co. Thus, (??) follows from the strong law of large numbers, since

1< as
L, = — D; — E|D;| = . B.144
/n n?:l [Di] = p ( )
O

Solution to Exercise ??. We need to prove that (??) and (??) imply that
D kpy == kpk. (B.145)
k=1 k=1

We note that, as m — oo,

NE

kpr + o(1). (B.146)

w= kak =
k=1

Moreover, by (??), we have that

B
Il

1

oo ; 1 oo . 1 0o .
Do okp < — D k(=1 < k(k = Dp” = O0(1/m). (B.147)
k=m+1 k=m+1 k=1
Thus,
> kpl ==k —pr) +o(1). (B.148)
k=1 =1

Now, for every m fixed, by (?7?),

m

lim k(" —pr) =0, (B.149)
N —oc0
k=1
and we conclude that, by first sending n — oo followed by m — oo that 3 7>, kpgc") —

I
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Solution to Exercise 7.11. We start by evaluating (7.3.20) from the right- to the
left-hand side.

. e . e M k & Te—,u, k+1
MEICC+1Y 7] = 3G = S 1y
k=1 ' k=1 '
I O T = S T
= Y n' =) ¢~ =E[X]
n=1 =0

Now we can use the independency of the two random variables and the result above for
the evaluation of (7.3.21).

EXYT) = EIXTEDY) = EIX JavB(Y + 1) = B (Y + 1))
O

Solution to Exercise 7.12. We use a two-dimensional extension of Theorem 2.3(e),
stating that when the mixed moments E[X,Y,]] converge to the moments E[X"Y®] for each
r,s =0,1,2,..., and the moments of X and Y satisfy (2.1.8), then (X,,Y,) converges in
distribution to (X,Y’). See also Theorem 2.6 for the equivalent statement for the factorial
moments instead of the normal moments, from which the above claim actually follows.
Therefore, we are left to prove the asymptotics of the mixed moments of (Sy, My).

To prove that E[S}, M,;] converge to the moments E[S"M?], we again make use of in-
duction, now in both r and s.

Proposition 7.6 follows when we prove that

lim E[S;] = E[S"] = usE[(S +1)"""], (B.150)
and
lim E[S)M;] = E[S"M*] = unE[S"(M +1)°7"], (B.151)

where the second equalities in (B.150) and (B.151) follow from (7.3.20) and (7.3.21).
To prove (B.150), we use the shape of S,, in (7.2.20), which we restate here as

Snzzn: > avs. (B.152)

i=1 1<a<b<d;
Then, we prove by induction on r that

lim E[S7] = E[S"]. (B.153)

n—00

The induction hypothesis is that (B.153) is true for all v’ < r—1, for CM,,(d) when n — oo
and for all {d;};=; satisfying (??). We prove (B.153) by induction on r. For r = 0, the
statement is trivial, which initializes the induction hypothesis.

To advance the induction hypothesis, we write out

E[S;]:i > Ellan: S

i=1 1<a<b<d;

:Zn: > P(laps = DE[S;  Lavs = 1]. (B.154)

i=1 1<a<b<d;
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When I.;; = 1, then the remaining stubs need to be paired in a uniform manner. The
number of self-loops in the total graph in this pairing has the same distribution as

148, (B.155)

where S, is the number of self-loops in the configuration model where with degrees {d; }7_,
where dj = d; — 2, and d; = d; for all j # i. The added 1 in (B.155) originates from I,p.;.
By construction, the degrees {d;}i; still satisfy (??). By the induction hypothesis, for all
k<r—1

lim E[(S})*] = E[S"]. (B.156)
As a result,
lim E[(1+ S TN =E[(1+8). (B.157)

Since the limit does not depend on i, we obtain that

lim E[S;] =E[(1+5)""] lim > > Pl =1)

i=1 1<a<b<d;

E[(1+ )] i S0 DD

= gE[(l +8)" 1 =E[S"]. (B.158)

This advances the induction hypothesis, and completes the proof of (B.150).

To prove (B.151), we perform a similar induction scheme. Now we prove that, for all
r >0, E[S;, M,;] converges to E[S"M°] by induction on s. The claim for s = 0 follows from
(B.150), which initializes the induction hypothesis, so we are left to advance the induction
hypothesis. We follow the argument for S,, above. It is not hard to see that it suffices to
prove that, for every ij,

lim B[S, My sy ty.00t0.i5 = 1] = E[S™(1 + M)*™1]. (B.159)
n— oo

Note that when I, ¢, ,s0¢5,i; = 1, then we know that two edges are paired together to form a
multiple edge. Removing these two edges leaves us with a graph which is very close to the
configuration model with degrees {d;}}-;, where d; = d; — 2, and d; = d; — 2 and d; = d,
for all ¢ # ¢, j. The only difference is that when a stub connected to ¢ is attached to a stub
connected to j, then this creates an additional number of multiple edges. Ignoring this
effect creates the lower bound

E[S’TLM:L_1|Isltlvs2t2aij = 1] > E[S:L(Mn + 1)3_1}7 (B~16O)

which, by the induction hypothesis, converges to E[S™(1 + M)*~!,] as required.
Let I;1t1,52t2,ij denote the indicator that stub s; is connected to ti, s2 to t2 and no
other stub of vertex i is connected to a stub of vertex j. Then,

1 1
2 Z Z Z Iéltlysﬁzvij <M, < D) Z Z Z Lsyty 50t
1<izj<n 1<s1 <s2<d; 1<t1#t2<d; 1<i#j<n 1<s1<s2<d; 1<t1#t2<d;
(B.161)
Hence,
1 _
E[SiMi <5 >, D ST PUaytr sty = DE[SEM Lsyiy 0,5 = 1],

1<izj<n 1<s1<sz<d; 1<t #t2<d;

(B.162)
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and

T S 1 T s—
]E[SnMn] S 5 Z Z Z P(I;1t1132t27ij = ]‘)E[STLMTL 1|I‘;1t1,32t2,ij = 1]
1<iz#j<n 1<s1<sp<d; 1<ty #t2<d;
(B.163)
Now, by the above, ]E[SZM,SL_IHSNLSQQ,U = 1] and E[S;MS‘I\I;NI,SﬁQ,U = 1] converge
to IE{S’”(M+1)371], independently of s1t1, sat2,ij. Further,

% DD S P = 1) = 12/2, (B.164)

1<iz#j<n 1<s1<sz<d; 1<t1#t2<d;

and also

% Z Z Z P(Is,¢),50t0,5 = 1) — 1/2/2. (B.165)

1<iz#j<n 1<s1<sz<d; 1<t1#t2<d;
This implies that
E[Sp My Loty sat0.05 = 1] = E[S),_ M 1] + o(1). (B.166)
The remainder of the proof is identical to the one leading to (B.158). O
Solution to Exercise 7.13. To obtain a triangle we need to three connected stubs say

(s1,t1), (s2,t2), (s3,t3) where s1 and t3 belong to some vertex ¢ with degree d;, s2 and 1
to vertex j with degree d; and s3,t2 to some vertex k with degree di. Obviously we have

1< s < d;
1< t1 < d,
1< 52 < dy,
1< 2 < di,
1< 835 dy,
1 ts < d;.

The probability of connecting s1 to t1 is 1/(l, — 1). Furthermore, connecting sz to t2
appears with probability 1/(l,, — 3) and s3 to t3 with probability 1/(l, — 5). Of course we
can pick all stubs of ¢ to be s;, and we have d; — 1 vertices left from which we may choose
ts. Hence, for the amount of triangles we obtain

did;  (dj —1)di (di —1)(di —1) _ 5 di(d; — 1) dj(dj — 1) dy(dy — 1)
- — .

L [, =1 ln—3 ln—5 & In ln—3 ln —5
i<j<k 1<j<k
(B.167)
1/ di(d; —1)\3
)

We will show that

Z dl(dl —1) ) d]'(dj —1) ) dk(dk — 1) N 1( n dz(dz —]_))3
ln—1 ln —3 ln—5 6\ 4 In

i<j<k i=1

by expanding the righthand-side. We define

S = (zn: M)B. (B.168)

l
i=1 n
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Then, we have

S-S (HESU) a3 3 (HED)(EGD) G
by GldimD) dild— 1) de(de = 1) (B.170)

T ln ln ln ’
i#j7#k

where the first part contains n terms, the second n(n — 1) and the third n(n — 1)(n — 2).
So for large n we can say that

di(d; — 1) dj(dj —1) dr(de —1)
s Z R s e (B.171)
i£jFk

Now there are six possible orderings of i, j, k, hence
1 di(d; — 1) dj(d;j —1) di(di —1) di(d; — 1) dj(d;j —1) di(dp — 1)
1<j<k 1<j<k

(B.172)

O

Solution to Exercise 7.17. In this case we have d; = r for all ¢ € [n]. This gives us

N~ didi—1) e r(r—1)
p—nh_{lgO; » = nh_)rrolo; e =T 1. (B.173)

Furthermore we obtain
n

n
[Ta!=1]r=0Hm (B.174)
i=1 i=1
Finally we have for the total number of stubs l,, = rn. Substituting these variables in
(7.4.1) gives us for the number of simple graphs with constant degree sequence d; = r

oy on? (rn —

(rh)m

e (14 o(1)). (B.175)

O

Solutions to the exercises of Chapter 8.

Solution to Exercise 8.1. At time ¢, we add a vertex v:, and connect it with each
vertex v;, 1 < i < t with probability p. In the previous chapters, we had the relation
p= %, but since n is increasing over time, using this expression for p will not result in an
Erdos-Rényi random graph. We could off course wish to obtain a graph of size NN, thus
stopping the algorithm at time ¢ = N, and using p = %

O

Solution to Exercise 8.2. We will use an induction argument over ¢. For ¢ = 1 we have
a single vertex v, with a self-loop, hence di(1) =2 > 1.

Now suppose at time ¢ we have d;(t) > 1V,.
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At time t + 1 we add a vertex vir1. We do not remove any edges, so we only have to
check whether the newly added vertex has a non-zero degree. Now the algorithm adds the
vertex having a single edge, to be connected to itself, in which case diy1(t + 1) = 2, or
to be connected to another already existing vertex, in which case it’s degree is 1. In the
latter case, one is added to the degree of the vertex to which v;y1 is connected, thus that
degree is still greater than zero. Hence we can say that d;(t + 1) > 1V;

We can now conclude that d;(¢t) > 1 for all ¢ and ¢t. The statement d;(¢t) + d > 0 for all
6 > —1 follows directly. O

Solution to Exercise 8.3. The statement

1+9 di(t)+96
= .1

240+ (149) +;t2+6) T 19 (B.176)

will follow directly if the following equation holds:
(1+9) +Z )4 06) = t(2+0) + (149). (B.177)

Which is in its turn true if
t

> (di(t) +6) = (2 +9). (B.178)

i=1

But since Z:zl di(t) = 2t by construction, the latter equation holds. Hence, the upper
statement holds and the probabilities do sum up to one.
O

Solution to Exercise 8.6. We will again use an induction argument. At time ¢t = 1 we
have a single vertex v; with a self-loop, and the statement holds. At time ¢t = 2 we add a
vertex ve and connect it with v1 with the given probability

P(vy = v1|PA15(1)) = =—— = 1. (B.179)

Now suppose at time ¢t we have a graph with one vertex v containing a self-loop and
t — 1 other vertices having only one edge which connects it to vi. In that case di(t) =
24 (t —1) =t+ 1 and all other vertices have degree 1.
At time t + 1 we add a vertex v;41 having one edge which will be connected to v1 with
probability

t+1-1

P(vi41 — v1|PA15(t)) = — = 1. (B.180)

Hence, the claim follows by induction. O

Solution to Exercise 8.7. The proof is by induction on ¢ > 1. For ¢t = 1, the statement
is correct, since, at time 2, both graphs consist of two vertices with two edges between
them. This initializes the induction hypothesis.

To advance the induction hypothesis, we assume that the law of {PA“’ J(t)}i_, is equal
to the one of {PA(I’ (s) 2 1, and, from this, prove that the law of {PA“’ )(s)} 1 is equal
to the one of {PA(lbfs( )}._1. The only difference between P‘Aglj)5 (t+1) and PA(lljf;( ) and
between PA(f?of (t+ 1) and PAY")(t) is to what vertex the (t + 1)* edge is attached. For
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{PA(b) (t)}2, and conditionally on PA(b) 5(t), this edge is attached to vertex ¢ with proba-
bility
D;(t)+ ¢
t2+9)’
while, for {PA] ,(t)}2, and conditionally on PA} (), this edge is attached to vertex i
with probability

(B.181)

1 D;(t)
— 1l—a)—/—=. B.182
ot + (-2 (B.152)
Bringing the terms in (B.182) onto a single denominator yields
D;(t) + 2+
y, (B.183)
ot
which agrees with (B.181) precisely when 2%~ = 4, so that
a= L (B.184)
+46
O
Solution to Exercise 8.9. We write
L(t+1) = / ze "da. (B.185)
0
Using partial integration we obtain
rE+1) = [—z'e "2, +/ te' e de =0+t - / e de = tI'(¢t).
0 0
In order to prove that I'(n) = (n — 1)! for n = 1,2,... we will again use an induction
argument. For n = 1 we have
ra = / 2%e "dr = / e “dr=1=(0).
0 0
Now the upper result gives us for n = 2
r@) =1-I1)=1=(2-1). (B.186)
Suppose now that for some n € N we have I'(n) = (n —1)!. Again (8.2.2) gives us for n+1
I'(n+1)=nl'(n) =n(n—1)! =nl (B.187)
Induction yields I'(n) = (n — 1)l for n =1,2,.... O

Solution to Exercise 8.10. We rewrite (8.2.9) to be

cHTEVIT <T(t+1) < e V32 (1 + 1—%)

STE+D < (VIR ),

t

E t

tt/ ¢

;) - <) < (e) V2 (1“‘@)

WL <t < (DY o).
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Using this inequality in the left-hand side of (8.2.8) we obtain

t\t 27 1 t\t 2 1
(W71 e . OWEVIOH )
(S0 iZavt—a(l + ma—) e Y =t =
tt e r(t) tt e (1 +1/12t)

< <
t—a) =" tvi(l+12/(t—a)) ~ 97 (t-a)7  Vi-a
We complete the proof by noting that t —a = t(1+O(1/t)) and 1+1/12t =14+ 0(1/t). O

Solution to Exercise 8.11. This result is immediate from the collapsing of the vertices
in the definition of PA;(m, §), which implies that the degree of vertex v{™ in PA;(m, d) is

equal to the sum of the degrees of the vertices v’frlL)(i—l)-‘—l’ v in PA e (1,8/m). O

Solution to Exercise 8.16. We wish to prove
P(|sz(t) — E[Ps:(1)]| > C\/tlogt) —o(t™ ). (B.188)

First of all we have P5,(t) = 0 for k > mt. We define, similarly to the proof of Proposition
8.3 the martingale

My = E[Ps1.(t)|[PAm,s(n)]. (B.189)
We have
E[Mp+1|PAm,5(n)] = E[E[Poi(8)[PAm.s(n + 1] [PAm,s(n)] = E[Pos(t)[PAm.5(n)] = M.
(B.190)
Hence M, is a martingale. Furthermore, M,, satisfies the moment condition, since
E[M,] =E[Ps.(t)] <t < oo. (B.191)
Clearly, PA,, s(0) is the empty graph, hence for My we obtain
Mo = E[Ps1,(t)[PAm s(0)] = E[P>(t)). (B.192)
We obtain for M;
My = E[Ps.(t)|PAm.s(t)] = [Psr(t), (B.193)
since P> (t) can be determined when PA,, s5(¢) is known. Therefore, we have
Psi(t) — E[Ps(t)] = My — Mo. (B.194)

To apply the Azuma-Hoeffding inequality, Theorem 2.23, we have to bound |M,, — M,,_1].
In step n, m edges are added to the graph. Now P-, only changes is an edge is added
to a vertex with degree kK — 1. Now m edges have influence on the degree of at most 2m
vertices, hence, the maximum amount of vertices of which de degree is increased to k is at
most 2m. So we have |M,, — M,,—1| < 2m. The Azuma-Hoeffding inequality now gives us

a2
P(|sz(t) — E[Ps.(8)]] > a) < 2¢” EmT. (B.195)
Taking a = C+/tlogt, C? > 8m, we obtain

]P’(|P2k(t) —E[Ps1(t)]| > C\/tlog t) =o(t™). (B.196)
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Solution to Exercise 8.18. We have for ki (t) and 7% (t) the following equation.

1 t 1 t
rr(t) = (2+5_t(2+5)+(1+5))(k_1+6)p’“‘1_(2+6_t(2+6)+(1+5))(k+5)p’“’
1+6 1446
w®) = -Wk=1 o s i T W= eyt are

We start with C,. We have

1+6 1 1
t)| < < < . B.197
|7‘“()|*t(2+5)+(1+5)*t(%)+1*t+1 (B-197)
So indeed C,, =1 does the job. For ki (t) we have
1 t
= - k—1400)pr—1—(E+6 . B.1
This gives us
1 t
(] < ’2—}—57t(2—|—5)+(1+6)’.‘(k71+5)pk_17(k+5)pk’
1 t
< - .
= ‘2+6 t(2+5)+(1+6)‘ i‘;?(“‘”pk’
t2+0)+1+5)—(2+)t
= : k+ 0)pr,
| 12102+ (1+0)2+0) | sup(k + O)px
149
= -sup(k + 6)px,
’t(2+5)2+(1+5)(2+5)‘ sup(k + 0)px
1 1
= |— —5—" k 4+ 0)pk,
b t(ﬁ—g)ﬂ‘ AR
1
< |————1|sup(k + 0)px,
- ’t(%)Jrl kZI;( ke
. k+ 0)pk.
P it;r;( +0)pr
Hence, C\, = supy>;(k + 9)px
B O
Solution to Exercise 8.17. We note that
> Di(t) > IN=.(t), (B.199)

i:Dy (t)>1

where we recall that N»,(t) = #{i < t: D;(t) > [} is the number of vertices with degree
at least [.

By the proof of Proposition 8.3 (see also Exercise 8.16), there exists C; such that
uniformly for all [,

]P’(|N21(t) — E[Nx(t)]| > C1y/tlog t) —o(t™). (B.200)
By Proposition 8.4, there exists a constant C5 such that

sup |E[P;(t)] — tpi] < Co. (B.201)
1>1
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Therefore, we obtain that, with probability exceeding 1 — 0(2571)7

Ni(t) = E[NN( )] = C1y/tlogt > E[N>(t)] — E[N>2(t)] — C1y/tlogt
Z tpr — O] — Cin/tlogt > Cstl' ™™ — Cal — Ch/tlogt > Btl>™7,  (B.202)

whenever [ is such that

t'T >, and  tl,”7 > +/tlogt. (B.203)

1 1
The first Condltlon is equivalent to | < ti, and the second to | <« t2-1 (logt) 20--1).
Note that 1 = > ey for all 7 > 2, so the second condition is the strongest, and follows

when 1277 2 K\/tlog t for some K sufficiently large.
Then, for | satisfying tI>~7 > K+/tlogt, we have with probability exceeding 1 — o(t™'),

> Dit) =Bt (B.204)
Dy (£)>1
Also, with probability exceeding 1 — o(t™1), for all such I, Nx,(t) > V. O

Solution to Exercise 8.19. We prove (8.6.3) by induction on j > 1. Clearly, for every
t> 1,

: 146 ‘ s—1 LT+ 3%3)
P(Di(t) =1) = :111 (1_(2+6)(s D+ (1 +5)) - :111 (5 —1+ %g) T T+ =r +(i)
(B.205)

which initializes the induction hypothesis, since C; = 1.
To advance the induction, we let s < t be the last time at which a vertex is added to 3.
Then we have that

t

) ; j—1494 . .
PO == 2 BN =i gy (PO =P =)
s=i+j—1
(B.206)
By the induction hypothesis, we have that
. D(s — DI + 2)
P(Di(s —1)=j—1) < P H;ﬁé). (B.207)
246
Moreover, analogously to (B.205), we have that
t
. e Jj+4é
P00 =0 =9 = 11 (- Gragonrars) (3.208)
. g—1- 2';;) _T(t— 55T + 1.+g)'
g L3 D+ 0 — 553)
Combining (B.207) and (B.208), we arrive at
f D(s — DI (i+ 39) 146
P(D;(t) = j) < C._ 2+96 J
(Dilt) = 3) S:;_l( s -1+ == INC ))((2+5)(5— 1)+(1+5))
T(t— (s 4 Lto
% ( ( 2+5) ( 2+5)). (B.209)

Lt + 3306~ 555)
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We next use that

D(s =1+ 22024+ 8)(s = 1) + (14 6)) = <2+5>F<8+%

o ), (B.210)

to arrive at

i — D+ 30t - 43) -
B(D.(t) = j) < Cyy Lo 1 E0 U 5) I ﬁj) > L) J})l (B.211)
240 I'(7) F(t+m)s:iﬂ71f(s—m)
We note that, whenever [ +b,l4+14a >0and a—b+1 >0,
if(s—&-a): 1 [I‘(t+1+a)71‘(l+1+a)} 1 D(Et+1+4a) (B.212)
= T(s+b) a—b+1l T(t+b) r't+d) 1 ~a—-b+1 T@E+b) =~ 7

Application of (B.212) for a = —1,b = —%,l =i+j—1,sothata—b+1= % >0
when j > 1, leads to

. i~ 1460+ T(t—435) 1 T
P(Di(t) = j) < Cj—1? s - 249 T (3_1 (B.213)
+ (i) T(t+453) i Tt — 1)

j—1+60GE+353) 1@

A TG D+ 22)

Equation (B.213) advances the induction by (8.6.4). O

Solution to Exercise 8.24. Suppose adin +7 = 0, then, since all non-negative, we have
v =0 and either &« = 0 or &n = 0.

Since v = 0, no new vertices are added with non zero in-degree.

In case of & = 0 we have 8 = 1, and thus we only create edges in Go. Hence, no vertices
exist outside Go and thus there cannot exist vertices outside Go with in-degree non zero.
In case of din = 0 (and v = 0 still), vertices can be created outside Go, but in in it’s creation
phase we will only give it an outgoing edge. And this edge will be connected to a vertex
inside Gy, since din = 0 and the possibility to is thus zero to create an ingoing edge to a
vertex with d;(¢) = 0. Similarly, in case edges are created within the existing graphs, all
ingoing edges will be in G for the same reason. So, during all stages all vertices outside
Go will have in-degree zero.

Now suppose v = 1. Then the only edges being created during the process are those
from inside the existing graph to the newly created vertex. So once a vertex is created and
connected to the graph, it will only be able to gain out-going edges. Hence, the in-degree
remains one for all vertices outside G at all times.
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