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—— Abstract

Preferential attachment graphs are random graphs designed to mimic properties of real word
networks. They are constructed by a random process that iteratively adds vertices and attaches
them preferentially to vertices that already have high degree. We prove various structural asymptotic
properties of this graph model. In particular, we show that the size of the largest r-shallow clique

2
O MmO Furthermore, there exists a one-subdivided clique of size

minor in G7, is at most log(n)
log(n)l/ 4. Therefore, preferential attachment graphs are asymptotically almost surely somewhere
dense and algorithmic techniques developed for structurally sparse graph classes are not directly
applicable. However, they are just barely somewhere dense. The removal of just slightly more than a
polylogarithmic number of vertices asymptotically almost surely yields a graph with locally bounded

treewidth.
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1 Introduction

Large scale complex networks occur for example in the context of social-, biological, and
technical networks. Even though these are vastly different environments, all these networks
follow the same common laws. Many models [18, 23, 19, 8, 20] have been proposed that aim
to mimic complex networks. The most prominent model might be the preferential attachment
graph model (also called Barabasi—Albert model) [3]. These graphs are created by a random
process that iteratively adds new vertices and randomly connects them to already existing
ones. Every time a new vertex is added, it is connected to the remaining graph via m
random edges. Thereby, the probability that an edge from the new vertex to another vertex
v is drawn is proportional to the current degree of v (see Section 2.3 for a more rigorous
definition). The vertices are denoted by v1,vs,vs,... in order of insertion. We denote the
preferential attachment graph with n vertices and nm edges by GJ,.

This process creates a certain imbalance: The degree of low-degree vertices is unlikely
to increase and the degree of high-degree vertices is likely to increase even further. This so
called “the rich get richer”-effect has has been widely recognized as a reasonable explanation
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of the heavy tailed degree distribution of real networks. The preferential attachment model
is particularly interesting from the point of mathematical analysis because of its simple
formulation and interesting characteristics.

1.1 Previous Results

There exists a wide range of results on the asymptotic structure of preferential attachment
graphs (for an overview see [31]). The radius of these graphs has been shown to be logar-
ithmic [5, 12], which means they exhibit small world behavior [1, 21]. Various aspects of their
degrees have been studied [13, 2, 24, 29, 28|. In particular, the degree distribution follows a
power-law with exponent three [6]. However, unlike many real networks [32, 30], preferential
attachment graphs have a vanishing clustering coefficient [7]. This result has been obtained
by bounding the number of certain subgraphs in preferential attachment graphs. For example,
the expected number of triangles or I-cycles in G?, has been shown to be log(n)®™) for fixed
I and m [7], which is lower than what is to be expected in real networks [22].

1.2 Our Results

In this work, we obtain new insights to the clustering behavior of preferential attachment
graphs. We show that there is a cluster centered around a logarithmic number of tightly
connected hubs that has previously not been discussed. On the other hand, removing these
central hubs asymptotically yields a graph in which every r-neighborhood is a tree with
at most one extra edge. In particular, at most two neighbors of a vertex are connected.
This drastically bounds the local clustering coefficient. In summary, we show that the first
logarithmically many vertices are the main source of structural complexity in preferential
attachment graphs and removing them yields a locally extremely sparse graph.

We prove these results one by one. At first, we show that preferential attachment
graphs contain one-subdivisions of cliques of logarithmic size. A one-subdivision is the graph
obtained by replacing every edge with a path of length two.

» Theorem 9. There exists a constant ¢ such that for m,n € N, m > 2, n > ¢, the
preferential attachment graph GT, contains a one-subdivided clique of size at least log(n)*/4
with a probability of at least 1 — e~ log(n)!/* /e

Graph classes which contain subdivided cliques of logarithmic size cannot for example
be planar or have bounded treewidth. In fact, they are somewhere dense, as we will
discuss later on. The previous theorem is complemented by showing that removing the first
polylogarithmically many vertices of a preferential attachment graph leaves a graph with a
locally extremely sparse, tree-like structure.

» Corollary 13. There exists a constant ¢ such that for ,n,m € NT and b = Dog(n)ded]
the graph G% [Vpt1,...,V,] contains a.a.s. no subgraph with up to | vertices and more edges
than vertices.

Forbidding subgraphs with more edges than vertices is quite restrictive. The previous
statement states that for a fixed m, removing log(n)o(ﬂ) vertices leads asymptotically to a
graph in which all connected subgraphs with [ vertices have either [ or [ — 1 edges, i.e., they
are either a tree or a tree with one extra edge. This means for example that the removal of
log(n)°M vertices yields asymptotically a graph with no cliques of size four. It also yields
the following statement about tree-like neighborhoods in preferential attachment graphs.
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» Theorem 16. There exists a constant ¢ such that for r,n,m € NT and b = [log(n)”2mTc ,
a.a.s. every r-neighborhood of GI' [Upy1, ..., U] is either a tree or a tree with one additional
edge.

1.3 Sparsity

An often observed property of real networks is a relatively low average degree. For example
in a social network, the vast majority of members only has relatively few neighbors, especially
compared to the set of all potential neighbors. This leads us to a concept called structural
sparsity [25]. Sparsity has been deeply studied and has lead to many interesting results. In
particular, there exists a large body of work focusing on algorithmic applications of sparsity
(for example [4, 9, 14, 16, 17]). Many graph problems that are hard for general graphs
become easier on structurally sparse graph classes.

Sparsity is not a property of single graphs, but a property of graph classes. An import-
ant cornerstone of sparsity theory are nowhere dense and somewhere dense graph classes
introduced by NeSettil and Ossona de Mendez [25]. These graph classes are defined using
shallow topological clique minors. A graph G contains an r-shallow topological clique minor
of size k if a subgraph of G is isomorphic to a graph obtained by subdividing a k-clique
up to 2r times. The size of the largest r-shallow topological clique minor of a graph G is
denoted by w(G V7). A graph class is nowhere dense if for every radius 7 and every graph
G in the graph class, w(G V) < f(r) for some function f(r) independent of the graph size.
Conversely, if w(G V r) is unbounded for some 7, the graph class is said to be somewhere
dense. Every graph class is either nowhere or somewhere dense. For a rigorous definition of
these two concepts see Section 2.4.

Nowhere dense graph classes generalize many different sparse graph properties such as
bounded degree, planarity, bounded treewidth, bounded genus or bounded expansion [25]. An
important algorithmic result is that every problem definable in first-order logic can be solved
in almost linear time on nowhere dense graph classes [16]. On the other hand, somewhere
density defines for many problems a natural barrier in tractability. The model checking
problem for first-order logic on monotone somewhere dense graph classes is AW|[x]-complete
and therefore as hard as on general graphs [16].

In order to lift deep algorithmic results for sparse graph classes to random graphs, people
started analyzing which random graph models are somewhere or nowhere dense in the
limit. Roughly speaking, a random graph model is asymptotically almost surely (a.a.s.)
nowhere dense if for large graphs w(G V r) is with probability one bounded by some function
f(r) independent of the graph size and a.a.s. somewhere dense if it is with probability one
unbounded. If a random graph model is a.a.s. nowhere dense it is not a.a.s. somewhere
dense, and vice versa. However, it is possible that a random graph model is neither a.a.s.
somewhere nor a.a.s. nowhere dense. Again, for more details see Section 2.4.

Erdés-Rényi graphs, random intersection graphs, Chung-Lu graphs, and the configuration
model have been classified with respect to a.a.s. somewhere and nowhere density [26, 10, 15].
This has lead directly to efficient algorithms on random graphs. Preferential attachment
graphs are known not to be a.a.s. nowhere dense [10] but a complete classification remained
open. In this work, we show that shallow topological clique minors have polylogarithmic size
and therefore that the preferential attachment model is a.a.s. somewhere dense.

» Theorem 1. Let r € NT, m > 2. Then a.a.s. log(n)"/* < w(G?, Vr) < log(n)Cr*)mOr)
In particular G}, is a.a.s. somewhere dense.
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This is a direct consequence of Theorem 9 and Theorem 15. Our result implies that algorithmic
techniques developed for nowhere dense graph classes do not directly transfer to preferential
attachment graphs. However, shallow topological clique minors have only polylogarithmic
size. Hence, preferential attachment graphs are “just barely” somewhere dense. In particular,
the removal of few vertices places the random graph model a.a.s. in a very sparse graph
class, where all connected subgraphs of bounded diameter are “tree-like.” Note that locally
bounded treewidth implies nowhere denseness [25].

» Theorem 17. Let m € Nt and g(n): N — N be a function with g(n) = w(1). If we
remove the first log(n)g(") vertices from G7., the remaining graph has a.a.s. locally bounded
treewidth.

2 Preliminaries

2.1 Graph Notation

We use common graph theory notation [11]. Furthermore, an r-neighborhood is an induced
subgraph with radius at most r.

2.2 Probabilities and Random Graph Models

In this work, a random graph model (such as the preferential attachment model) is a sequence
G = (Gn)nen, where G,, is a probability distribution over undirected simple graphs with n
vertices (this means graphs have no self-loops or multi-edges). In slight abuse of notation,
we also write G, for the random variable which is distributed according to G,,. This way, we
can lift graph notation to notation for random variables of graphs: For example edge set and
clique number of a random graph G,, are represented by random variables E(G,) and w(G,).

2.3 The Preferential Attachment Graph Model

In this work we focus on the preferential attachment random graph model which we describe
in this subsection. It has been ambiguously defined in the original article by Barabasi and
Albert [3]. The model generates random graphs by iteratively inserting new vertices and
edges. It depends on a parameter, usually denoted by m, which indicates the number of edges
attached to each newly created vertex. We follow the rigorous definition of Bollobds et al. [6]:
For a fixed parameter m the random process is defined by starting with a single vertex and
iteratively adding vertices, thereby constructing a sequence of graphs @}m éfn, . ,an, where
G!. has t vertices and mt edges (of which some may be self-loops). We define d!, (v) to be
the degree of vertex v in the graph G?,. The random process for m = 1 works as follows. A
random graph is started with one vertex v; that has exactly one self-loop. This graph is G1.
We then define the graph process inductively: Given Gt~ with vertex set {vy,...,v;_1}, we
create GY by adding a new vertex v; together with a single edge from v; to v;, where i is
chosen at random from {1,...,t} with

t—1

Pr[i = s] = B
L =t
2t — 1 -

This means we add an edge to a random vertex with a probability proportional to its degree
at the time.
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For m > 1, the process can be defined by merging sets of m consecutive vertices in C_v”lm
/

to single vertices in G*, [6]. Let v,... v/, be the vertices of G7**. The graph G!, with
vertices vy, ..., v is constructing by merging vzifl)mﬂ, ..., v}, into a single vertex v;. The

graph G?  is a multigraph. The number of edges between vertices v; and v;. in Gt equals the

number of edges between the corresponding sets of vertices in G7*t. Self-loops are allowed.

We obtain a simple random graph G, from G7, by removing all self-loops and replacing
multiple edges with a single edge.

2.4 Sparsity

At first, we define nowhere and somewhere density as a property of graph classes and then
lift the notation to random graph models. There are various equivalent definitions and we
use the most common definition based on shallow topological minors.

» Definition 2 (Shallow topological minor [27]). A graph H is an r-shallow topological minor
of a graph G if a graph obtained from H by subdividing every edge up to 2r times is isomorphic
to a subgraph of G. The set of all r-shallow topological minors of a graph G is denoted by
G Vr. We define the mazimum clique size over all shallow topological minors of G as

w(GVr)= max w(H).
HeGvVr
» Definition 3 (Nowhere dense, somewhere dense [25]). A graph class G is nowhere dense
if there ewists a function f, such that for all v and all G € G, w(GVr) < f(r). A graph
class G is somewhere dense if for all functions f there exists an r and a G € G, such that

w(GVr)> f(r).

Observe that a graph class is somewhere dense if and only if it is not nowhere dense. We
lift these notions to random graph models using the following two definitions.

» Definition 4 (a.a.s. nowhere dense, a.a.s. somewhere dense). A random graph model G is
a.a.s. nowhere dense if there exists a function f such that for all

lim Pr[w(G, Vr) < f(r)] =1.

n— oo

A random graph model G is a.a.s. somewhere dense if for all functions f there is an r such
that

lim Prjw(G, Vr) > f(r)] =1

n—oo
While for graph classes the concepts are complementary, a random graph model can be
neither a.a.s. somewhere dense nor a.a.s. nowhere dense (e.g., if the random graph model is
either the empty or the complete graph, both with a probability of 1/2).

3 Lower Bounds

In this section we show that preferential attachment graphs are a.a.s. somewhere dense. We
do so by analyzing the probability that a preferential attachment graph of size n contains a
one-subdivided clique of size at least k = log(n)/4
We show that lim,,_,., p, = 1. The proof works as follows: We start with a small preferential
attachment graph and pick a set of k vertices with high degree. These will be the principal

vertices of the one-subdivided clique. We then add vertices to the graph according to the

as a subgraph. Let this probability be p,.
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preferential attachment process. A one-subdivided clique of size k arises if for every pair of
principal vertices v and w, a new vertex u is added that is adjacent to both v and w. We
show that after n = k%2%” vertices have been inserted, with high probability there is at least
one connecting vertex for every pair of principal vertices.

We now describe an urn experiment that illustrates for a pair of principal vertices v,w
the probability that a new vertex u is connected to both u and v. This experiment has no
connection to Polya Urns and is solely used for illustrative purposes. The experiment consists
of multiple rounds. In the ith round (we assume 7 > 10), we define an urn containing 4 balls,
where /Ti] balls are red, 1/[i] balls are blue, and the rest is black. In each round we draw
two balls uniformly at random from the urn. The experiment succeeds if we draw a red and
a blue ball in the same round. It is easy to see that the probability of success in the ith
round equals 2(1/[]/i)?. We observe that eventually the experiment succeeds because

1— 1—2(_)):1.
il;[o ( !

This experiment behaves similarly to the process of connecting two principal vertices. Two
principal vertices are connected in round i if the vertex v; is connected to both principal
vertices. The expected degree of the first vertex in a preferential attachment graph of size 4
is proportional to v/i. If we (naively) assume that the degrees of u and v at time i are at all
times exactly v/i then a new vertex throws an edge to v or w with probability proportional to
V/i/i and is connected to both with probability roughly 2(v/i/i)2. Therefore, the probability
that in the ith step a new vertex u connects both v and w is proportional to the probability
that in the ith round of the urn experiment a red and a blue ball is drawn. Using similar
arguments we show in this section that the success probability of building a one-subdivided
clique also is high.

If we however alter the urn experiment and assume that in the ¢th round there are only
about v/i/log(i) red or blue balls we cannot guarantee success because

= Vi/ log(i)\2
1- 12(,)) 1.
11__1[0( ! ?
This means if the expected value of the degrees were just a logarithmic factor smaller then
our proof would not work. This suggests that preferential attachment graphs are “just barely”
a.a.s. somewhere dense. This also means we need lower bounds which guarantee that the
degrees of our principal vertices are not much smaller than their expected value, e.g., at most
a constant factor off. Bounds which guarantee a factor of 1/log(7) would not be sufficient.

Unfortunately the probability distribution of the degree of a vertex is only well centered
around its expected value if its initial degree is already large (Proposition 5). We therefore
use Lemma 6 to find in a graph of size k* with high probability k vertices with a degree of
roughly k. These vertices will be our principal vertices. For large k, their degree is centered
closely around its expected value for our technique to work.

In our proof of Theorem 9 we argue that with high probability for every pair of principal
vertices there will eventually be a vertex which is connected to both. One may try to prove
this by showing that with high probability the degrees of the principal vertices are well
centered at all times of the random process (roughly v/i in the ith round for every i) and
then showing that the probability that the principal vertices will be connected under this
condition is high. However, it is highly non-trivial to bound the probability that an edge is
inserted during the preferential attachment process under the condition that something else
will happen afterwards. Therefore this approach does not work easily. It is much easier to
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condition under events that happen before in the random process. We therefore analyze the
random process over time and interleave the concentration bounds of the principal vertices
with bounds on the event that a new vertex connects a pair of principal vertices. This
interleaved analysis works as follows: Let B; be the event that the degree of the principal
vertices is at least half their expected degree at time step ¢ of the random process. We
prove B; to be likely. For j slightly larger than 7, one can easily obtain a good bound on
the probability that a new edge of the jth vertex is connected to a principal vertex under
the assumption B;. Our calculations work in a way where whenever we assume a new event
B; the small probability Pr[B;] is added to our failure probability (see Lemma 8). So if
we were to assume all events B;, B;y1, Bit2,... our bound quickly becomes meaningless
as the sum Pr[B;] + Pr[B; 1] + Pr[Bis2] + --- quickly becomes larger than one. But if we
assume exponentially spaced events B;, Ba;, By;, Bs;, ... our bound on the failure probability
stays small enough and new vertices are still likely to be connected to our principal vertices,

allowing us to show in Theorem 9 that G5 contains a large one-subdivided clique.

The results of this section build upon the following concentration bound for vertex degrees.

We define di% (S) = > g d? (v) as the summed degree of S in GZ,.

vesS ¥'m

» Proposition 5 ([13], Theorem 19). Fort,m,d € N*, 0 <e <1/2, S C {v1,..., v} with
Pr[d!,(S) = d] # 0 and d > log(log(3tm))e 200

Pef(1 -0y < a8) < (e for atn >t [ d(9)=d] 21—

This bound is strong if the initial degree df, (S) is large. At first, we show that there are
some vertices which have a reasonably high degree after a short number of steps.

» Lemma 6. There exists a constant ¢ such that for k,m € N, k > ¢ with probability at least
1 — ke=%/¢ there exists a set of vertices X C {v1,...,vi2}, | X| =k such that d’f: (z) > mk/2
forallx € X.

Proof. We partition the first k2 vertices into k sets of k vertices. Let S be one of these sets.

Since |S| = k and every vertex has at least degree m, we know that d’,fj (S) > mk. Therefore

P [d’“4(5) <1 kﬂ < ip [d¥(S) =d] - P [dk“(S) < LB g ‘ 4% (S) —d}
r|d,, _2m _dzmkrm = r|d,, < 5\ 52 m =d|.

Since k > ¢, we can choose ¢ sufficiently large to always guarantee ¢ > 22%° and mk >
220010 log(mk?). Using t = k2, n = k*, and ¢ = 1/2, Proposition 5 bounds the term above
by at most

Z Pr [dﬁ:(S) =d] e < gmkle,
d=mk

With a probability of at least 1 — ke=*/¢ each of the k sets have at time k* a total degree of
at least mk?/2 by the union bound. We define z; to be the vertex in the ith set that has the
highest degree after k* steps. Since the set contains k vertices, z; has a degree of at least
mk/2. We set X = {z1,..., 21} <

We now bound the probability that two principal vertices v,, v, become connected under
the condition that they have high degree.

14:7
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» Lemma 7. We consider the preferential attachment process with m > 2. Let k € N and
a,b < k*. Let B; be the event that di,(v,),d:, (vp) > m\i/4k. Let A;; with k* < j < be
the event that the first two edges of at least one of the vertices vy, ...,v; are incident to v,
and vy, respectively. Then PI'[AFFLQ,L' \ Ajﬂ-, B;] < e TmoR? for k* <iand j <i.

Proof. Let u > 0. Pr[A;1q ity | Bi] is the probability that vertex v;4,, is adjacent to both
v, and v, under the condition that v, and v, have degree at least mﬂ/ 4k at some earlier
time ¢. When vertex v;4,, is inserted, the random process draws m > 2 edges from v;, to
earlier vertices. The probability that some vertex is chosen equals its degree divided by the
total number of edges in the graph at this time. The degree of v, and v, is at least m+/ /4k
at this point in time. Also there is a total of at most 2(i + u)m edges in the graph. We can

therefore bound
mﬂ/élk 2 Vi 2
PrlAivuitu | Bl 2 (m77———) =(0—7—) -
MAivwivu | Bil (2(z+u)m) (8(z+u)k>

The same argument holds if we additionally assume some of the earlier vertices not to be
adjacent to both v, and v. Let j < i. Then

) Vi \?
PrlAituitu | Ajitu—1,Bi] > (m> .

We now consider the probability that no vertex in a sequence of vertices is adjacent to both
v and vp. The chain rule yields

Pr[AiJrl,Qi | Aj,iaBi] = H Pl"[f_li+u,i+u | z‘_lj,i+u—17Bi]

u=1
% \/; 2
<110~ () )
- ul:Il( 8(i +u)k
\ﬁ 2\ i 1 i 4

< — < - < 56k2 |

< (1 (16ik> ) = (1 256ik2> se o b
Imagine a sequence of events Ay, ..., A;—1 such that a preferential attachment graph

contains a large subdivided clique if any one of these events occurs. This means it is sufficient
to show that the probability Pr[ﬂo N---N Al,l] is small. Assume we can only bound the
probability of event A; under the condition B;. The following technical observation gives a
good approximation of Pr[Ag N ---N A;_] if the events B; have a high probability.

» Lemma 8. Let Ag,..., A, Bo,...,B; be events. Then
l l
Pr[/Io N---N /Il} < ZPY[BJ + H PI"[/L' | /Io N---N -’ii—l N Bz]
0=1 0=1

Proof. Let ¢ <. We apply the chain rule and the law of total probability. Then

PrlAgN---NA] =Pr[AdgN---NA;_1]Pr[A; | AgN---NA;_4]
=Pr[AdgN---NA_1]Pr[A; | AgN -+ N Ay N B Pr[B;]
+Pr[dgN---N A ] Pr[A; | AgN---N A1 0B Pr[Bi]
<Pr[AoN---NA_1]Pr[A; | Ao N -+ N Ai—q N B;] + Pr[Bj].

We can now recursively apply this inequality, and use an upper bound of 1 for all factors in
front of Pr[Bi],...,Pr[B;] when expanding the product, to get our claim. <
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We now use Lemma 6 and Lemma 7 to prove the main result of this section.

» Theorem 9. There exists a constant ¢ such that for m,n € N, m > 2, n > ¢, the
preferential attachment graph G, contains a one-subdivided clique of size at least log(n)l/4
with a probability of at least 1 — e~ log(m)'/*/c,

Proof. Let k € N. We choose n = k%2¥° which implies k > log(n)1/4 for £ > 2. We will
prove this theorem by showing that k vertices in GJ., are with high probability pairwise
connected by a path of length two and thereby span a one-subdivided clique.

We know that if a vertex has high degree early on then their degree will be centered
closely around its expected values in the future (Proposition 5). Let us therefore assume
there is a set of vertices X C {vy,..., vz}, | X| = k such that df: () > mk/2 for all x € X.
/4 We can choose
the constant ¢ high enough such that according to Lemma 6 these principal vertices exist
with a probability of at least 1 — ke~ %/¢.

We call these vertices principal vertices. Since n > ¢, we have k > log(c)

Let us fix a pair of principal vertices vy, v, and show that with high probability there is
a vertex that is adjacent to both v, and vy. The higher the degree of v, and vy the higher
the probability that a new vertex is adjacent. As in Lemma 7, we define for i > k*, B;
to be the event that d?, (v,),d’, (vy) > m+/i/4k. Again using k > log(c)!/*, we can assume
c large enough to guarantee mk/2 > log(log(3k*m))22°°. Since we have df: (vq) = mk/2,
Proposition 5 states with ¢t = k*, e = 1/2 and d > mk/2

mvi 1 [i
4k 2V k4

Pr [din(va) < mk/Z} < = mk/2 _ —l0k)]

This yields Pr[B;] = e~ I*®)|. We further define A;; with k* < j < i to be the event that

the first two edges of at least one of the vertices vj,...,v; is adjacent to both v, and wv.

We will show that v, and v, have a connecting vertex in G}, by showing that Pr[f_lk4+1)n]
converges to zero. We divide our vertices from k* + 1 ton = k42%* into k3 windows which
double in size. For 0 < i < k3 we set A; = Ak42i+17k42i+1 and B; = Bjagi. Lemma 7 states
Prid; | AgN---NA_1NB; < ¢~ ToR? By Lemma 8

Pr[Ak‘lJrl’n} = Pr[ﬁk4+1,k42k3] = Pr[,ZlO N---N Ak371]

E3—1 k3—1

< Y Pr(B]+ [ Prldi | Agn---n Ay N B]
=0 1=0
E3—1 E3—1

< 3 oWl I e
1=0 =0
< kBe 19 4 T — 3100

This means that in G}, the probability that there exists a vertex which connects the principal

—12(0)1 - According to the union bound, the probability

vertices v, and vy, is at least 1 — k3e
that for all (’;) pairs of principal vertices there exists a vertex which connects them is bounded
by 1 — (’;) k3e 12l In Lemma 7, only the first two edges of the connecting vertex are
considered. Therefore each connecting vertex may only connect a single pair of principal
vertices. This means every pair of principal vertices has a unique connecting vertex, i.e., the

principal vertices span a one-subdivided clique with probability 1 — () k3e=12(M)1,

14:9
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So far, all our calculations were based on the assumption that there are k principal
vertices with reasonably high degree in the beginning. According to Lemma 6, the probability

that k such vertices do not exist is at most ke=*/¢

. So by law of total probability, we can
add this error probability to the conditional bound to get an unconditional bound. This

means that G}, contains no one-subdivided k clique with a probability of at most
(k) 1Be-120 | po—k/e _ o-1200a(m)/ )| <
2

We can restate Theorem 9 as a lower bound on 1/2-shallow clique minors.

» Corollary 10. Let m > 2. Then a.a.s. w(G™, V 3) > log(n)'/4. In particular, GT, is a.a.s.
somewhere dense.

4 Upper Bounds

In this section we prove polylogarithmic upper bounds on the density of shallow topological
minors in preferential attachment graphs. In fact, we even show that it is sufficient to remove
a polylogarithmic number of vertices to make these graphs look locally almost like trees. Our
results are based on the following proposition that bounds the probability of edges occurring
between fixed vertices.

» Proposition 11 ([13], Lemma 10). Letn,m € NT, n > 2 and E C (***;"""). Then

Pr(E C E(G,)] < log(n) "V m?#1 T 1/yay.

VaVy EE

The main work is spend in Lemma 12, where we bound for [,b € N the expected number
of dense subgraphs of size [ after removing the first b vertices of the graph. This is done by
summing over all potential vertex sets (**+1;"")
proposition to bound the probability that these vertices induce a graph with many edges.
This bound is quite strong and flexible, but its dependence on five parameters b,1, k,n,m
makes it a bit unwieldy. We simplify it to obtain statements abound the size of r-shallow

minors or the density of local regions.

of a dense subgraph and using the previous

» Lemma 12. Let bl k,n,m € Nt with n > 2. The expected number of subgraphs

of G2 [vps1,-..,vn] with at most | vertices and k more edges than vertices is at most
log(n)O(Hk)sz(l-&-k)b—k.

Proof. Let H be a graph with at most [ vertices and k more edges than vertices. Let p be
the expected number of subgraphs of G¥, [vpt1,...,v,] that are isomorphic to H. We want
to find an upper bound for p. We iteratively remove every degree-one vertex from H. The
resulting graph H’ still has at most [ vertices and k more edges than vertices. Let p’ the
expected number of subgraphs of G?,[vp41, ..., v,] isomorphic to H’'. Since H' is a subgraph
of H, we have p < p'.

Let V(H') = {u1,...,u,} with v <1 and let d,...,d, be the degree sequence of V(H').
We state two inequalities that we will use later. Inequality (1) follows from ¢; > 2 and (2)
holds since the number of edges in H' is v+ k=), 6;/2.

n

Z ! 5 < / 16‘ dx < 2b1~0%/2 logn (1)
yi=b+1 \/E ' b \/'E !

~

> (=6i/2+1) =~k (2)

i=1
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For integers b < z1,...,2, < n, we consider an embedding of H’ into the graph
G [vp41, ..., U] that maps u; to v, (for 1 < i < ). According to Proposition 11, the
probability that this embedding of H' is a subgraph of G, is at most

R
5
i=1 VZTi

We use the union bound over all valid embeddings, (1), and (2) to bound

log(n)O(l+k)2mO(l+k)

n n ¥
1
P Sp/ < 2 : § : log(n)O(l+k)2mO(l+k) 5
z1=b+1 @ =bt1 i=1 VTi

n n

1 1
_ log(n)o(l+k)2m0(l+k) Z — Z -
x1=b+1 V L1 ry=b+1V .73,7 K

)

~
< log(n)o(l+k)2m0(l+k) H 2b175i/2 log(n)
i=1

(%) log(n)o(l+k)2m0(l+k)27 log(n)'ybfk < log(n)o(l+k)2m0(l+k)b7k.

For an arbitrary but fixed graph H with at most [ vertices and k more edges than vertices
we have bounded the expected number of valid embeddings p. There are at most 2l graphs

with [ vertices. Therefore, the expected number of subgraphs of GJ [vp41, . .. ,v,] with at
most [ vertices and k more edges than vertices is at most 2! log(n)C0U+k)* mOU+thp—k —
log(n)O(l+k)2mO(l+k)bfk. <

The following corollary simplifies the last lemma by choosing the specified value for b.

» Corollary 13. There erists a constant ¢ such that for [,n,m € NT and b = [log(n)* m<]
the graph G [Up41, ..., U] contains a.a.s. no subgraph with up to | vertices and more edges
than vertices.

» Lemma 14. There is a constant ¢ such that for allr,n,m € NT and b = [log(n)cr212mcrq,
G [Vpt1, - .-, Up] contains a.a.s. no r-shallow topological minor of a graph with | vertices and
more edges than vertices.

Proof. If a graph contains an r-shallow topological minor of a graph with [ vertices and
more edges than vertices then it also contains a subgraph with at most (2 +1)(l + 1) vertices
and more edges than vertices. Using this observation, this lemma follows directly from
Corollary 13. |

» Theorem 15. Let r,n,m € NT*. Fuvery r-shallow topological clique minor in G?, has a.a.s.
size at most 1og(n)0(r2)mo(r).

Proof. The previous lemma with | = 4 and b = ﬂog(n)16”2m4”] means that the graph

G [vp41, ..., U] contains a.a.s. no r-shallow clique minor of size four. Since adding the
vertices v1, ...,y to the graph can increase the size of the maximum r-shallow topological
clique minor by at most b, we immediately obtain this result. |

» Lemma 16. There is a constant ¢ such that for all r,n,m € Nt and b= flog(n)crzmcﬂ,
a.a.s. every r-neighborhood of GI',[vpy1, .. .,Un] is either a tree or a tree with one additional
edge.

14:11
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Proof. Assume an r-neighborhood which is a tree with two or more additional edges. We
build a breadth-first spanning tree T of the r-neighborhood with root v and radius r. We
pick two edges a1, a2 and by, by which are not in 7. Now there are unique paths of length
at most 2r + 1 in T between v and a1, as, b1, bo. The two edges together with these four
paths describe a graph with at most 4(2r + 1) vertices and one more edge than vertices. The
statement now follows from Corollary 13. <

» Theorem 17. Let m € Nt and g(n): N — N be a function with g(n) = w(1). If we
remove the first log(n)g(") vertices from G}, the remaining graph has a.a.s. locally bounded
treewidth.

Proof. Let G'? be the graph obtained by removing the first log(n)9™ many vertices from
GP, and let ¢ be the constant from Lemma 16. For every r € N there exists an f(r) such that
for n > f(r), G was obtained by removing at least the first [log(n)<" m"] vertices. Then
by Lemma 16, a.a.s. every r-neighborhood of G!™ is either a tree or a tree with an additional
edge and therefore has treewidth at most 2. If n < f(r) then trivially every r-neighborhood
of G/ has treewidth at most f(r). Thus, G/ a.a.s. has locally bounded treewidth. <

5 Conclusion

In our analysis of preferential attachment graphs we obtained a logarithmic lower bound
on the size of shallow clique minors, that implies that preferential attachment graphs are
a.a.s. somewhere dense. This implies that algorithmic techniques developed for nowhere
dense graph classes are not directly applicable to preferential attachment graphs. This is
complemented by matching polylogarithmic upper bounds. We further observed that the
removal of a polylogarithmic number of vertices makes the graph locally extremely sparse.
Real networks however, do not have this extremely sparse structure after removal of very
few vertices. Our results therefore yield further evidence that the preferential attachment
process alone is not sufficient to explain the structure of complex networks.

—— References

1 Réka Albert, Hawoong Jeong, and Albert-Laszlé Barabasi. Internet: Diameter of the world-
wide web. Nature, 401(6749):130, 1999.

2 Agnes Backhausz et al. Limit distribution of degrees in random family trees. Electronic
Communications in Probability, 16:29-37, 2011.

3 Albert-Laszlé Barabasi and Réka Albert. Emergence of scaling in random networks. Science,
286(5439):509-512, 1999.

4  Hans L Bodlaender, Fedor V Fomin, Daniel Lokshtanov, Eelko Penninkx, Saket Saurabh, and
Dimitrios M Thilikos. (Meta) kernelization. Journal of the ACM (JACM), 63(5):44, 2016.

5 Béla Bollobas and Oliver Riordan. The diameter of a scale-free random graph. Combinatorica,
24(1):5-34, 2004.

6  Béla Bollobas, Oliver Riordan, Joel Spencer, and Gédbor Tusnddy. The degree sequence of a
scale-free random graph process. Random Structures & Algorithms, 18(3):279-290, May 2001.

7 Béla Bollobas and Oliver M Riordan. Mathematical results on scale-free random graphs.
Handbook of graphs and networks: from the genome to the internet, pages 1-34, 2003.

8 Fan Chung and Linyuan Lu. The average distances in random graphs with given expected
degrees. Proc. of the National Academy of Sciences, 99(25):15879-15882, 2002.

9  Bruno Courcelle. Graph rewriting: An algebraic and logic approach. In Formal Models and
Semantics, pages 193-242. Elsevier, 1990.

10 Erik D. Demaine, Felix Reidl, Peter Rossmanith, Fernando Sénchez Villaamil, Somnath
Sikdar, and Blair D. Sullivan. Structural sparsity of complex networks: Bounded expansion
in random models and real-world graphs. J. Comput. Syst. Sci., 105:199-241, 2019. doi:
10.1016/j.jcss.2019.05.004.


https://doi.org/10.1016/j.jcss.2019.05.004
https://doi.org/10.1016/j.jcss.2019.05.004

J. Dreier, P. Kuinke, and P. Rossmanith

11
12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30
31

32

R. Diestel. Graph Theory. Springer, Heidelberg, 2010.

Sander Dommers, Remco van der Hofstad, and Gerard Hooghiemstra. Diameters in preferential
attachment models. Journal of Statistical Physics, 139(1):72-107, 2010.

Jan Dreier and Peter Rossmanith. Motif counting in preferential attachment graphs. In
39th IARCS Annual Conference on Foundations of Software Technology and Theoretical
Computer Science, FSTTCS 2019, December 11-13, 2019, Bombay, India, volume 150 of
LIPIcs, pages 13:1-13:14. Schloss Dagstuhl - Leibniz-Zentrum fiir Informatik, 2019. doi:
10.4230/LIPIcs.FSTTCS.2019.13.

K. Eickmeyer, A. C. Giannopoulou, S. Kreutzer, O-J. Kwon, M. Pilipczuk, R. Rabinovich, and
S. Siebertz. Neighborhood complexity and kernelization for nowhere dense classes of graphs.
In 44th ICALP, volume 80 of LIPIcs, pages 63:1-63:14, 2017. doi:10.4230/LIPIcs.ICALP.
2017.63.

Matthew Farrell, Timothy D Goodrich, Nathan Lemons, Felix Reidl, Fernando Sanchez Vil-
laamil, and Blair D Sullivan. Hyperbolicity, degeneracy, and expansion of random intersection
graphs. In International Workshop on Algorithms and Models for the Web-Graph, pages 29-41.
Springer, 2015.

Martin Grohe, Stephan Kreutzer, and Sebastian Siebertz. Deciding First-Order Properties of
Nowhere Dense Graphs. JACM, 64(3):17, 2017.

Martin Grohe and Nicole Schweikardt. First-order query evaluation with cardinality conditions.
In Proceedings of the 37th ACM SIGMOD-SIGACT-SIGAI Symposium on Principles of
Database Systems, Houston, TX, USA, June 10-15, 2018, pages 253-266. ACM, 2018. doi:
10.1145/3196959.3196970.

Michat Karonski, Edward R Scheinerman, and Karen B Singer-Cohen. On random intersection
graphs: The subgraph problem. Combinatorics, Probability and Computing, 8(1-2):131-159,
1999.

Jon Kleinberg. The Small-World Phenomenon: An Algorithmic Perspective. In Proceedings of
the 32nd Symposium on Theory of Computing, pages 163—170, 2000.

Dmitri Krioukov, Fragkiskos Papadopoulos, Maksim Kitsak, Amin Vahdat, and Maridn Boguna.
Hyperbolic geometry of complex networks. Physical Review E, 82(3):036106, 2010.

Stanley Milgram. The small world problem. Psychology Today, 2(1):60-67, 1967.

Ron Milo, Shai Shen-Orr, Shalev Itzkovitz, Nadav Kashtan, Dmitri Chklovskii, and Uri Alon.
Network motifs: simple building blocks of complex networks. Science, 298(5594):824-827,
2002.

Michael Molloy and Bruce Reed. A critical point for random graphs with a given degree
sequence. Random Structures & Algorithms, 6(2-3):161-180, 1995.

Tamés F Méri. The maximum degree of the Barabasi-Albert random tree. Combinatorics,
Probability and Computing, 14(3):339-348, 2005.

Jaroslav Nesettil and Patrice Ossona de Mendez. Sparsity. Springer, 2012.

Jaroslav Nesettil, Patrice Ossona de Mendez, and David R Wood. Characterisations and
examples of graph classes with bounded expansion. FEuropean Journal of Combinatorics,
33(3):350-373, 2012.

J. Nesetril and P. Ossona de Mendez. Grad and classes with bounded expansion I. Decomposi-
tions. European Journal of Combinatorics, 29(3):760-776, 2008.

Erol Pek6z, Adrian Roéllin, and Nathan Ross. Joint degree distributions of preferential
attachment random graphs. Advances in Applied Probability, 49(2):368-387, 2017.

Erol A Peko6z, Adrian Rollin, Nathan Ross, et al. Degree asymptotics with rates for preferential
attachment random graphs. The Annals of Applied Probability, 23(3):1188-1218, 2013.

Satu Elisa Schaeffer. Graph clustering. Computer science review, 1(1):27-64, 2007.

Remco van der Hofstad. Random graphs and complex networks, volume 1. Cambridge University
Press, 2016.

Duncan J Watts and Steven H Strogatz. Collective dynamics of ‘small-world'networks. nature,
393(6684):440, 1998.

14:13

APPROX/RANDOM 2020


https://doi.org/10.4230/LIPIcs.FSTTCS.2019.13
https://doi.org/10.4230/LIPIcs.FSTTCS.2019.13
https://doi.org/10.4230/LIPIcs.ICALP.2017.63
https://doi.org/10.4230/LIPIcs.ICALP.2017.63
https://doi.org/10.1145/3196959.3196970
https://doi.org/10.1145/3196959.3196970

	Introduction
	Previous Results
	Our Results
	Sparsity

	Preliminaries
	Graph Notation
	Probabilities and Random Graph Models
	The Preferential Attachment Graph Model
	Sparsity

	Lower Bounds
	Upper Bounds
	Conclusion

