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Exchangeable Random Networks

F. Bassetti, M. Cosentino Lagomarsino, and §. Mandra

Abstract. We introduce and study a class of exchangeable random graph ensembles.
They can be used as statistical null models for empirical networks, and as a tool for
theoretical investigations. We provide general theorems that characterize the degree
distribution of the ensemble graphs, together with some features that are important
for applications, such as subgraph distributions and kernel of the adjacency matrix.
A particular case of directed networks with power-law out—degree is studied in more
detail, as an example of the flexibility of the model in applications.

[. Introduction

Random graphs have attracted much interest as null and positive models for
many real-world systems involving many interacting agents, such as the Inter-
net, epidemics, and social and biological interactions (see, for instance, [Stro-
gatz 01, Newman 03a, Newman et al. 06, Montoya et al. 06]). In many of these
instances, one is naturally confronted with properties that differ from the classical
Erdoés-Rényi model. We recall that, in the Erdés-Rényi model, edges in the graph
exist independently from each other, with a fixed probability (dependent on the
dimension of the graph). While for the Erdés-Rényi model analytical expressions
for many of the relevant observable properties of the graph (such as the diameter,
clustering coefficient, component size distributions, subgraph distribution, giant
component, etc.) are available, less is known for other kinds of models. In recent
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years, in connection with the availability of large-scale data on real-life networks,
many studies addressing random graph models going beyond the Erdés—Rényi
model have appeared. Two studies that are worth mentioning are the so-called
“small-world” model [Watts and Strogatz 98] and the preferential-attachment
model [Barabasi and Albert 99], addressing the empirically observable phenom-
ena of short shortest-paths and power-law degree distributions, respectively. This
new wave of models has affected also the mathematical literature (see, for in-
stance, [Aiello et al. 01, Aiello et al. 02, Bollobds and Riordan 03b, Bollobds
and Riordan 03a, Bollobas et al. 03, Bollobas and Riordan 04a, Bollobds and
Riordan 04b, Chung and Lu 03, Chung and Lu 04, Chung and Lu 06b, New-
man 03a, Newman 03b]). Among the many recent mathematical books on the
subject, we would like to mention, for classical random graph theory, the works
by Kolchin [Kolchin 99] and by Bollobés [Bollobas 01] and, for more recent mod-
els of random graphs, the books by Chung and Lu [Chung and Lu 06a] and by
Durrett [Durrett 07]. From a statistical point of view, which we adopt here, it is
natural to seek a parameterizable stochastic model of complex graphs that would
be at the same time flexible for practical use and mathematically tractable for
theoretical exploration. Moreover, it is desirable that the qualitative properties
of the model should emerge from some simple unifying mathematical structure
rather than from ad-hoc considerations (see [Aiello et al. 02, Bollobés 01, Bol-
lobas and Riordan 03a, Bollobas et al. 03, Bollobas and Riordan 04a, Chung and
Lu 04, Newman et al. 06]).

The aim of this paper is to present a general class of random graphs that
addresses these needs. It was introduced by Bassetti et al. in a particular
case [Bassetti et al. 07], connected to the study of null models for transcrip-
tional regulation networks [Babu et al. 04]. The defining property of the graph
ensemble is the exchangeable structure of its degree correlations. This symme-
try property makes it particularly apt to be used as a statistical null model.
The most important advantages of such an approach are the following: (i)
Much as in the Erdds-Rényi model, some observables can be easily computed
analytically for finite sizes and asymptotically, rather than estimated numeri-
cally. (ii) It is fast and versatile in computational implementations and sta-
tistical applications. As we will show in the different sections of this paper,
many observables that are commonly useful in the analysis of large-scale net-
works are particularly simple to access with our ensemble. In order to show
the range of applicability, we discuss multiple applications to observables in
the model graphs rather than presenting a very detailed analysis on a single
graph feature. In the use as a null model, differently from other approaches
used in the study of transcriptional and other networks [Itzkovitz et al. 03, Rao
et al. 96, Chen et al. 05], our generating method for random graphs is not de-
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signed to conserve the degree sequence of the observed real graph, but rather as
a method to generate graphs with degree distributions having certain prescribed
properties.

The paper is structured as follows. Section 2 introduces a rather general
class of random directed network ensembles that can be produced with the same
defining principle of exchangeability, and discusses some simple variants. The
following part is intended to show how the structure of the proposed model is
useful in the the study of many relevant topological features of the ensemble. To
this aim, in Section 3 we prove some theorems that characterize the degree distri-
butions and the distribution of the size of the “hub” (or the maximally connected
node). In particular, we show that the model can generate an ensemble charac-
terized by a Poisson limit distribution for the in-degree, and a mixture of Poisson
limit distributions for the out-degree. This important property enables to ob-
tain a limit out-degree distribution with power-law tails. In the same section,
we show that the probability that the graph is disconnected goes to 1 as the size
of the graph diverges. Section 4 gives some results concerning the mean number
of subgraphs (a quantity of some importance in many applications), roots, and
leaves. Section 5 considers a particular Boolean optimization problem defined on
the graph, which emerges in statistical physics and theoretical computer science.
More precisely, we will give some results concerning the nontrivial problem of
the dimension of the kernel of the adjacency matrix. In Section 6 we briefly
comment the two variants of the main model. Finally, Section 7 contains the
detailed analysis of a simple two-parameter ensemble derived from the general
model presented in Section 2. Some of the proofs are deferred to Section 8.

2. The Model

Although the ideas we describe are applicable to both directed and undirected
graphs, we will mainly consider here the case of directed graphs. Any directed
random graph G,, with n nodes is completely specified by its adjacency matrix
X, =X(G,) = [Xi()?)]i,jzl,...,m where Xi(z) = 1 if there is a directed edge i — j,
and 0 otherwise. In many applications, such as transcription networks instead
of square matrices, one may also consider rectangular matrices. The reason for
this is that in some situations it is reasonable to assume that, while all nodes can
receive edges, only a fraction of nodes can send them out (see [Bassetti et al. 07]
for an introduction to this problem). Hence, in what follows we will deal with
rectangular matrices m, X n. As we will see in Section 7, this is a necessary
choice for networks with power-law degree distributions having exponent equal
to or less than 2 (thus with diverging average) to obtain nontrivial asymptotics.
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One of the interests of our procedure is the fact that it can produce graphs
with different in- and out-degree distributions. Naturally, if the graph is gener-
ated by throwing independently each directed edge with a fixed probability—as
in the case of (undirected) Erdés-Rényi graphs—this is not possible. In order to
build a random graph with different in- and out-degree distributions, one must
give up total independence and allow some kind of dependence among edges. In
particular, maintaining the maximal symmetry leads to the choice of exchange-
ability.

2.1.  Partially Exchangeable Random Graphs

The first general class we will consider includes directed graphs whose in- or
out-degrees, i.e., the columns or the rows of X,,, respectively, are exchangeable,
while the out- or in-degrees are stochastically independent. Differently put, our
model ensemble can be defined using the following generative algorithm. For
each row of X,,, independently, (i) throw a bias 6 from a prescribed probability
distribution 7, on [0, 1], and (ii) set the row elements of X,, to be 0 or 1 according
to the toss of a coin with bias 6. Since each row is thrown independently, the
resulting probability law is

P{X" =eiji=1,...,myj=1,...,n}

ma I . 2.1
“TI [ 65 (=) i v, (d6), (21)
]

i=17/[01

where €, ; € {0,1}, i,j = 1,...n. In other words, each row of X(G,,) is inde-
pendent from the others with exchangeable law directed by m,. One can apply
an identical procedure to the transposed matrix of X,, and switch the role of in-
and out-degrees.

It is worth recalling that a random vector, say (Y7,...,Y},), is said to be
exchangeable if its law is invariant under any permutation, that is, if for any
permutation o of {1,...,n}, (Y1,...,Y,) and (Y,(1),...,Ys(n)) have the same
law. (For an introduction to exchangeable sequences and arrays see, e.g., [Al-
dous 85].) This hypothesis is important for the use of the ensemble to produce
statistical null models, as it implies symmetry of the probability distributions
with respect to the permutation of variables, i.e., all the nodes or the agents they
represent (genes, computer routers, etc.) are given an equivalent status.

To complete the model, one has to specify the choice for m,,, which determines
the behavior of the graph ensemble. For example, in previous work [Bassetti
et al. 07], we chose the two-parameter distribution

T (df) = Z, 107 L 11(6)d6, (2.2)
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where n > a > 0 and § > 1 are free parameters, [a 1 is the indicator function
of the interval (%,1], taking the value 1 inside the interval and 0 everywhere
else, and Z, := ((n/a)?~' —1)/(8 — 1) is the normalization constant. As we
will see in Section 7, this choice produces a graph ensemble with heavy-tailed
degree sequences. As a second example, taking 7, (df)) = 65/, (df), one obtains
a directed version of the Erdds-Rényi graph.

A naturally interesting problem is to characterize the general forms of the
probability measure m,, that lead to graph ensembles with qualitatively different
characteristics. In Section 3 we shall give some results in this direction. Note
that a general way of producing the distribution 7, for each n, starting form a
given “seed” F (F being a fixed distribution function on R™), is easily described
by the following assumption:

Foz) = _ /[0711 o (d6). (2.3)

With the above assumption, F,, is a well-defined distribution function on [0, 1]
whenever F'(n) > 0, which certainly holds for large enough values of n.

2.2.  Completely Exchangeable Graphs

The method described in Section 2.1 of generating exchangeable graphs is quite
general, so one can imagine many simple variants. For example, one can con-
sider the following algorithm: (i) throw a bias 6 from a prescribed probability
distribution m,, and (ii) set all the elements of X,, to be 0 or 1 according to the
toss of a coin with bias . The resulting probability law, say @, is

Q{Xi(,j) =e;t,j=1,.. ,7n} = ‘/[0 ; gzi,j em‘(l _ 9)”2721‘,1' Ei.jﬂ_n(da)'

For any e; ; in {0,1}, 4,j = 1,...n, that is under @, {Xi(f;);z',j =1,...,n} are
exchangeable, with de Finetti measure m,,.

2.3.  Hierarchical Models

Another possible variant considers a hierarchy of probability distributions to
generate the bias of the coins. In this case one can take

QX =eiji=1,..myj=1,...,n}=

Moy Z?:l Ci,j n—>"_.e; j
i f[o,1] 0; (1—0;) L e T (03] ) An (dev),
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where )\, is a probability on Rt and 7, (df|a) is a kernel on [0,1] x RT; that
is, for every o in R*, m,(-|v) is a measure on the Borel o-field of [0, 1] and, for
every measurable subset B of [0,1], a — 7, (B|a) is measurable.

3. Connectivities

We will continue the main discussion considering the case of partially exchange-
able graphs of Section 2.2. Some brief comments on the other variants are
reported in Section 6. In the rest of the paper, with the exception of Section 6,
we suppose that all the random elements are defined on the same probability
space (2, F, P) and we denote by E(Y) the mathematical expectation of a given
random variable Y with respect to P. With a slight abuse of notation, we shall
use indifferently the random graph G,, and its adjacency matrix X,, = [Xl(zl)]”
3.1, In and Out Connectivity

The first quantities that we want to characterize are the graph degree distri-
butions. The random variable Z,,, ; := Y i Xi(z) represents the in-degree of
the jth node in the random graph, while S, ; := Z?:l Xi(z) can be seen as the
out-degree of the ith node (1 < i < m,,). Note that (Z,,, 1,...,Zm,.n) are iden-
tically distributed as well as (Sy.1,...,Snm, ). Moreover, (Sy.1,..., . m,) are
independent, and each S, ; is a sum of exchangeable Boolean random variables,
while (Z, 1,1 Zm, n) are dependent. Clearly, the mean degrees are equal
to mppn and nu,, respectively, where p, = P{Xi(z) =1} = f[O,l] 07, (dB) is
the probability of the link ¢ — j. Note that, while in the Erdés—Rényi model
np, = A for every n, in this case npu,, generally depends on n. On the other hand,
when (2.3) is in force, using the well-known fact that E(Y') = 0+°O(1 — G(y))dy
for any positive random variable Y with distribution function G, one gets

Ny = /[0)1] nfm,(do) = /O" <1;(7};()x)> dx,

and hence, if p := fOJrOO xdF(z) < 400, it follows that nu, = p+ o(1). The
(marginal) degree distributions are given by

n

P{S,;=k} = <k> o 08 (1 — 0)"F 7, (dh) (3.1)

and
mpy

P =1 = (77 b2 = e (32)



Bassetti et al.: Exchangeable Random Networks 363

With the above expressions, the problem of determining the asymptotic distri-
bution of (Z,,, 1)n>1 and (Sp1)n>1 is simply cast as a central limit problem
for triangular arrays. In fact, while for (Z,,, 1)n>1 a classical central limit the-
orem (CLT) for triangular arrays of independent random variables works, for
(Sn,i)n>1 one needs a CLT for exchangeable random variables. General CLTs
for exchangeable random variables are well known (see, for instance, [Fortini
et al. 96, Regazzini and Sazonov 97]). Here the situation is particularly simple,
since we are dealing with zero—one random variables. Consequently, we need
only a simple ad-hoc CLT, for exchangeable Boolean random variables.

Let 6,, be a random variable taking values in [0,1] with distribution ,, and
set T}, := nf,. The next proposition shows that, under a set of reasonable as-
sumptions on 7}, the limit law of (Sp,1),>1 is a mixture of Poisson distributions,
while the limit law of (Z,,1),>1 is a simple Poisson distribution.

Proposition 3.1. (CLT.) If (T),)n>1 converges in distribution to a random variable T
with distribution function F', then, for every integer j > 1,

) o [ Y A _
nErfOOP{SW—k}—E{k!Te ]_/O e AR (k=0.1,..).
(3.3)

Moreover, if for some X > 0 and for a sequence (an)n>1

lim a,E(T,)= lim na, Om, (do) = A

n—-+4oo n—-+4oo [071]
holds true, then, for every integers k > 0 and j,

) Aee=A

with m, = [na,] ([x] being the integer part of x).

Remark 3.2. (a) If (2.3) holds true, then the distribution of T" is F. Indeed, in this
case,
F(z)

. < _ . ~ < _ . _ > )
nEIEoo P{T, <z} ngrfoo P{6, <z/n} nErJrrloo Fn) F(x) (x >0)

(b) It is worth noticing that as a corollary of Theorem 5 in [Fortini et al. 96] one
has that the convergence of T}, is a necessary and sufficient condition in order
to obtain a Poisson mixture as a limit law for (Sy, ;),>1. Hence, the first part of
the previous proposition can be proved invoking such a theorem. Nevertheless,
for the sake of completeness, we shall give here a simple direct proof.
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Proof of Proposition 3.1. Since T, := n0~n, by (3.1) one has

(e (-3 e

n 1 T n(l—k/n)
én(@) = (k) e (1- E) '

E[(bn(Tn)] = E[¢(Tn)] + Ry,

where ¢(z) = Laz"e™ and R, = E[¢,(T)] — E[¢(T5)]. 1t is plain to check that
¢n, converges uniformly on every compact set to ¢. Moreover, since (T),),>1 con-
verges in distribution, by Prohorov’s theorem (see, e.g., [Kallenberg 02, Theorem
16.3]) it should be tight, that is, for every e > 0 there exists K > 0 such that
sup,,>1 P{|T»| > K} < e. Hence, one gets that

P{S,; =k} =E

where

Now,

lim |R,| < lm [sup |¢n(z) — o(x)| +2P{|T,| > K}] < 2e.

n—-+4oo n—-+o0o \z\<K

At this stage, the first part of the thesis follows immediately; indeed, (73,)n>1
converges in distribution if and only if E[f(T,,)] — E[f(T)] for every bounded
continuous function f, and ¢ is bounded and continuous.

The second part of the thesis follows by the classical Poisson approximation
to binomial distribution using (3.2). Indeed,

A
= —(1+o(1
po = =1+ o(1)
and [na,] = m, with na, — +oo. To see this last fact, observe that, since T},
converges in distribution to 7', 8,, goes to zero in probability. Using this last
fact, it is easy to see that E#, = f[O-l} O, (df) goes to zero, hence na, must
diverge. 0

Since (3.3) is a mixture of Poisson distributions with weight given by F', the
above result can be used to “discharge” the choice of 7, on the perhaps more
intuitive choice of the mixing distribution F'. Clearly, the emergence of heavy-
tailed distributions is not a simple consequence of (2.1) but depends on the choice
of m,. The following example describes a mixing probability that gives rise to a
compact out-degree distribution.

Example 3.3. Take
__ ™
Cl—em

7, (d) e e (v >0),
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or, in other words, assume (2.3) with F(z) = [ ve 7'dt =1 — e~ 7*. With this
choice, according to Proposition 3.1, the limit distribution of S, ; is an expo-
nential mixture of Poisson distribution. Precisely, we find it to be a geometric
distribution; indeed,

“+oo tk
lim P{S,; =k} = 7/ —eteT Mt
0

n—-+0o0o k!
i oo (k+1)—1 i
= e Vdy=———T(k+1
K1+ )k /0 Y Y= Ty et R
i —k
=—(1+ k=0,1,...).
T )
Moreover, a,, = 1 and X\ = 1/~ satisfy the conditions of Proposition 3.1, yielding
—kg—1/v
. o 0 e
i Pz =k = T

As a generalization of the previous example, take, instead of an exponential
distribution, a gamma distribution, i.e.,

x rar—1,—~t
Yt e
F(x) = / ——dt r > 0).
@= [ (r>0)
It is easy to check that the limiting distribution is a negative binomial distribu-
tion with parameter r. That is,

. o B r+k—1 ~ " k B
nEIPOOP{SnJ =k} = < i > <—1+7) (I+7) (k=0,1,...).

Moreover,
(L)k e~/

i PAZny =k} = =

In the above example, mixturing the Poisson distribution with exponential
weights proves insufficient to produce a power-law distribution. In other in-
stances, a suitable choice of F' in (3.3) can give rise to an out-degree probability
distribution with heavy tails. Consider the following example.

Example 3.4. Assume a slight generalization of (2.2), i.e.,
7u(d0) = 271075 g(n0) 2 11(60)db, (3.4)

with 0 < ¢1 < g(7) < 3 < +o0 for every 7 in [0, +00) and

1
Zy = 6" g(n)de.

a/n
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Note that (3.4) satisfies (2.3) with

it Pg(t)dt
Fle)= [ t=6g(t)dt

Hence, it is straightforward to verify that Proposition 3.1 yields

L[ Betg(t)dt
KU [0 =By (t)dt

Jim P{S,, =) = e (h)

We now show that such a distribution is a power-law-tailed distribution. In order
to prove this, let us consider first the special case in which g = 1, i.e., the older
(2.2). With this choice, we get

£—1 _ +o00
lim P{S, =k} = w/ th=Be~tdt

n—-400 |

= qa,p.1(k) =: pa,s(k) (k> 0).

Hence, if k > 3, write

path) =600 (N~ g ¢

and note that, by the well-known asymptotic expansion for the gamma function,

% = kiﬁ(l +o(1)) as k — +o0.

Moreover,
kB
I(k+1)

Consequently, we get

/ th=Petdt = o(1)  as k — +oo.
0

_ 1
ps(k) = 07 (5= 1) (1 + o(1).
Now note that, since
c1 C2
—Pa,8(k) < qap.g(k) < —pap(k),
Co C1
k — ga p,q(k) has power-law tails also for g # 1.

Finally, the following example shows a more complex, already mixtured dis-
tribution, leading to a heavy tail.
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Example 3.5. Given a > 1 and s > 1, set, for every positive z,

1 oo -
— —z(e"—1).s—1 —T(a—l)d
fos(®) = T3 5,0) /0 ‘ T "

where ®(z,s,a) is the well-known Lerch transcendent, defined as ®(z,s, ) :=
> koo 2F(a+ k)73, for every complex z with |z| < 1. (See, for instance, [Grad-
shteyn and Ryzhik 00, 9.550].) Note that f, () > 0. Moreover, by means of the
following integral representation I'(s)®(z, s, ) = f0+oo 5= tem (@) (T —2)~ldr
(see [Gradshteyn and Ryzhik 00, 9.556]), one can check that fOJrOO fa,s(x)dx = 1.
In other words, f, s defines a density distribution. Note that f, s is itself a
mixture of exponential densities. Indeed, it can be rewritten as

Ts—le—f(a—l)

fa_s($) = /""00(87_ _ 1)e—r(eT—1) dr
’ 0 T(s)®(1,s,a)(e” — 1)

/ e log” ! (u+1)
= ue du,
0 F(S)(I)(lvsva)(u+ 1)a+1

with
+o0 s—1,—7(a—1) +o00 1 s—1 1
/ U drz/ S Ct N WY
0 F(S)(I)(l,S,Oé)(ET - 1) 0 F(S)(I)(lvsva)(u+ 1)a+
It can be verified, with the help of Fubini’s theorem and the already mentioned

integral representation of the Lerch transcendent, that for every real ¢ with
lql <1,

“+o0 tk

“+o0
> (ig)* /O Ee—tfw(t)dt: /O ettt f, J(t)dt

_ D(ig,s,0) (ig)*
- O(1,s,0) Z O(1,s,a)(a+ k)

k>0

(where i := v/—1), from which it follows that

+OOtk . 1
—e astdt: .
/0 ¢ Jasdt = g

Hence, if one takes an exchangeable random graph G,,, with mixing distribution
satisfying (2.3) with

Fz) = / " faa(t)dr,
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then the limit law of S, ; is given by

+oo 4k
lim P{S,, = k} / ¢ s (1)t = B(1,5,0) Mo+ )
0 .

n—-+o0o

for every k > 0.

As Examples 3.3-3.5 show, the model can produce graphs with disparate fea-
tures, depending on the choice of the probability distribution of the coin biases.
In particular, it is interesting to investigate under which conditions do heavy-
tailed distributions emerge as limit distributions of the out-degree. If one sup-
poses that T, converges in law to a random variable with probability distribution
function F', we have shown how the question can be reduced to the problem of
determining under which conditions on F' the probability defined by (3.3) has
heavy tails. It is worth noticing that mixtures of Poisson distributions have been
extensively studied (see, e.g., [Grandell 97]). Let us briefly recall some useful
properties of such distributions. First of all, if

+o0 1

r e / SRR (k>0,i=12)
0 .

for two distribution functions Fy and F» with F;(z) = 0 for every x < 0, then

Fy = F. (This simple fact was first noticed in [Feller 48]; see also [Grandell 97,

Theorem 2.1(i)].) Hence, one hopes to recover many properties of

ARt RV
Dk ::/0 Et e "dF(t)
from the properties of F'. In particular, Theorem 2.1 in [Willmot 90] states that
if F' has a density f with respect to the Lebesgue measure or to the counting
measure, such that

f(x) = L(z)z® exp{=fa}(1 + o(1)) as z — +oo,

where L is locally bounded and varies slowly at infinity, > 0, —co < a < 400
(with < =1 if § =0), then

k
pr = L(k)p~ e+t (ﬁ) E*(1+o0(1)  ask — +oo.

Recall that a slowly varying function L is a measurable function such that

lim L(xt)/L(z) =1

r——+00
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for every positive ¢t. Under no assumptions on F' we have the following very
simple lemma.

lemma 3.6. Let F be a distribution function with F(x) = 0 for every x < 0, and
set py = f0+oo %tke_tdF(t). Then, for every positive v,

Z k'pr < +00
k>0

if and only if

—+o0
/ PAF(#) < +oo.
0

The proof is deferred to Section 8.

It is also worth mentioning that a random variable 7" is a mixture of Poisson
distribution if and only if its generating function Gr(s) = E(s7) is absolutely
monotone in (—oo, 1), that is, if Ggpn)(s) > 0 for every integer n and s in (—oo, 1).
(See [Puri and Goldie 79] and [Grandell 97, Proposition 2.2].) Finally, we recall
that the sequence (pg)r>1 inherits many properties from F. For example, (pi)r>1
has a monotone density if ' has a monotone distribution, (pg)r>1 has log-convex
density if F' has log-convex distribution, and (py)x>1 is infinitely divisible if F is
so. (For more details see, for instance, [Grandell 97, Steutel and van Harn 04].)

The next subsections will deal with the computation of interesting observables
that go beyond the degree distributions.

3.2.  The Hub Size

As a first example of observable, we discuss the size of the so-called hub, i.e.,
the node having maximal out-degree among the nodes (thus, in many concrete
networks, being the most important for routing and the most vulnerable to
attack; see, e.g., [Bollobds and Riordan 03b]). The hub size is defined by the
expression
Hy = max (S,,).
1=1,...,mp

In particular, the most interesting case for the behavior of the hub is when
the tail of the out-degree is power-law, as this means that there can be no
characteristic size for the hub. As we will explain, it is interesting to give an
analytical expression of the limit law of this quantity under a suitable rescaling.
The idea is very simple: by stochastic independence, it is clear that P{H, <
xby} = (1 — P{Sp1 > xb,})™", where x > 0 is any positive number. Now,
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after setting L := sup{y > 0 : limsup,[yb,]/n < 1}, if we can prove that
P{Sp1 <ab,} =1—g(z)/my + o(1/m,) for any z < L, then

lim P{H,, < zb,} = e_g(I)H[O)L)(QJ) + 11,4 00) (z).

We will show that, in some situations, it is possible to determine explicitly g,
bn, and L. The following proposition concerns the hub behavior in case of heavy
tails for the out-degree.

Proposition 3.7. Suppose there exist two positive constants 0, c,, a sequence of posi-
tive numbers (Cyn)n>1, and a sequence of functions (ryn)n>1, such that for every
tin (0,1)

1
7rnd6‘ =Cnn7 7 + rn(t),
AM (06) = €y s+ D)

Cyn — Cp, and

Jo ra(®)lP 71 (1 — gy lesl=tay ) (L)
B([bnz] + 1,1 — [byz]) ’

Mp
with by, == my/" and B(a, p) := fol u® (1 —w)?~'du. Then,

lim P{H, < [zb,]} = e "Tjo 1)(x) + [ 1o0) (7).,

n—-+4oo

where
L :=sup{y > 0 : limsup[ym/")/n < 1}.

n—-+4oo

Proof. First of all let us start by recalling the well-known relation

0
n t[bnr] 1—¢ n—[bnr]—ldt
k=[zb,]+1 ([ nx] +1,n—- [ nf])

where B(a, 3) = fol to~ 11 — t)P~Ldt = T(a)T'(b)/T'(a + b). (See, e.g., [Magnus
et al. 66, Section 9.2.5].) Hence, by (3.1), (3.6), and Fubini’s theorem, one gets
(Z) 05 (1 — 0)"Fm, (d0)

n

P{Sya > abul} = [

0:1] e[z, ]+1
nf[bnm]fldt

_ 0 ¢lonl(1 —¢)
= /[0)1] /0 B([bna] + 1,1 — [bnx])wn(de)
1

1
= tlonel(1 — yn=leal =L (1) dt,
B([bnx]—l—l,n—[bnx])/o ( ) n(®)
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with
Fr(t) = / n(d6) = P16, > t).
(t,1]

Now, by hypothesis,
1

F(t) = Cnn Ty

+ 7 (t).
Then,

P{S,1 > [zb,]} =

1 Enm
B([bnz] + 1,n — [bpx]) nn

1
/ tlenal=n(q — pyn=lonel=1gt L R, (z)
0

with
1 / [bna] n—[bna]—1 ( 1 )
()t (1 — ¢ n =o|— ).
B([bnz] + 1,1 — [byx]) Ji 11 ®) ( ) My,

Finally, using once more the asymptotic expression I'(n+a)/T'(n+b) = n®~*(1+
o(1)) as n — 400, one obtains

1 (epgma P(n+ DT([bpx] +1—1n)
P{S, 1> [zb,]} = e ( w1 T(n+ 1—n)T(bna] + 1) + 0(1))

= () o),

P{Sus > [aba]} = — [ 1 o1)]. O

n

R, (z) =

which is

We give now two simple conditions that imply the validity of (3.5), and can be
useful in concrete applications. The first conditions will be used in the example
that we spell out in detail in the second part of this paper (Proposition 7.2).

Lemma 3.8. If for some o> 0, C < 400, and n > 0,

rn ()] < € ({nt < a}(1+ (nt)™") +n7"),
then (3.5) holds true provided that my, is such that m,/n" = o(1).
Proof. Set G, := [zb,] and

1
Bn+14+d,n—

a/n
I.(d) = m, / thntd(1 —)n=Fn=lqy,
“ B( Bn) Jo t=0
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Hence,

1
(511 + ]-7”_511)

x/a/n - tﬁn(l—t)”*ﬁnfldtjLi
0 (nt)n nn

—C {In(o) + L (—7) i 5751;1(;”1;177% n_—ﬂ%) N 0(1)}

< O {1, (0) + In(=m)B," +0(1) }

It remains to show that I,,(0) + I,(—n)5,," = o(1). With the help of the Sirling
formula, one has

<
mp| Ry (2)] < Cmy, {B

__ myI'(n+1+d) /a/n B td n—fn—1
In(d) = LB+ 1+d)(n—6n) Jo =1 dat

mpl'(n+1+d o\ Bntd—1
=" TG+ 1(+ ;)F(—; _) 5 (E)
< Cimy, exp{log(a)(1 +d + Bn)}(n + 1+ d)"+4H1/2
PPt d+1(G, 4 1+ d)Patd+1/2(n — 3, )n—Ba—1/2
x exp{—(n+1+d)+ B, +1+d+n— 08}
exp{log(e)(1 + d + B,) }(1 + Ld)n(1+555)

n d+1/2 Bn+1/2
gn+d+1/2(1+ %"d)ﬁn(u = )(1 _ %n)"(l—T)

exp{log(a)(1 +d + B,) — log(ﬁn)(% +d+ Bn)}
[(1— %)n/ﬁn]ﬁn—ﬁﬁ/n

= C’lm

S CZmn

1 2
< Cum xp {log(a) (1 + d+ ) ~ 1os() (5 +a+.5,) + (8, - 2 )}
< Cyexp{log(my) — CsBn log(Bn)}-
Since [, = xl/”m,l/n(l +0(1)) and m,ll/n/n = 0(1) the thesis follows easily. O

We conclude this subsection observing that when (2.3) is in force,

. :F(n)—1+1—F(nt)
/( A0 = 1= F) o ,

hence it is natural to assume some hypotheses on 1 — F(z). In particular, recall
that a distribution function F' is in the domain of attraction of the extreme value
Fréchet distribution if and only if

sup{z : F(z) <1} = +o0 and 1—-F(x)= xinL(x), (3.7)



Bassetti et al.: Exchangeable Random Networks 313

where L is a slowly varying function (see [Galambos 87]). This means that (3.7)
holds if and only if given a sequence of independent and identically distributed
random variables (£),>1 with common law F,

lim Pla,' max{&,....&} <a}=e " (@>0)

for a suitable normalizing sequence (a,,),. In point of fact, (3.7) is not sufficient,
in our case, to ensure that r, is a reminder of the right order. Hence, we need a
heavier requirement.

Lemma 3.9. Assume that (2.3) is in force with
)
1 F() = S b))
for some n >0 and 0 < ¢, < 400, with

1 1
|h($)|<A(E+xT2) (x> 0,4 < +00,01,d2 > 0).

Then, (3.5) holds true with my/n" = o(1).

Proof. Assume that §; = § and 02 = 6. In the same notation as in the proof of
Proposition 3.7,

_ % cph(nt)
ralt) = Ty LA+ Fos e
Now,
1
R, :=R,(x) = / ()t (1 — ) lonel =1 gy
) = Bl 7 L~ o)) Sy D
=RY +RY,
with
1+ h(n)) 1 B 3
R(l) — Cn( / t[bnw] 1 — )" [bnz] Lt
" F(n)nm  B([byx] + 1,n — [bpx]) Jig 1] ( )
_ol+h@n)
- F(Tl)’fln - O(mn )
and

1 a1 Coh(nt)
R® — / flonz] (] _ pyn—lbnzl—1_Cn gt
B([bnz] + 1,n — [byx)) [0,1] ( ) F(n)(nt)"
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Finally,
cn2A by — (n+6 n—[bnz]—1
n5+nB([bnx]n+ 1,n — [bnx]) /[0,1] e — g
B([bpz] +1—n—d,n — [bpx))
n®t1B([byz] + 1,n — [bpx])
.94 L([bpx] +1—n—0)'(n+1)
ot (n 4+ 1 —n — §)D([bpz] + 1)

+1)%+n by \°T7 1
<eon— < ¢ 2A/904n [ 2n .
= O st ([opa] + D)ot = 2] b2

IR <

= ;24

for a suitable constant A’; hence, since b} = m,,, |R,(12)| = o(m;1). The general
case follows in the same way. O

Example 3.10. As an example it is easy to see that

0/7

(x >0,a>0,7>0)

satisfies the assumption of Lemma 3.9. In point of fact,

am o [ — (a4 x)"
1 — F = — —_—
() o T [ (x+a)n ] ’
hence
Ih(z)| < M.

x"
If £ <1, then |h(z)] < (14 «)?/2", while if z > 1,

(@) < (142)" - 1.

Since t — t" is a Lipschitz function of constant n(1+«)7! on [1,1+a], if z > 1,
it follows that (1 +a/z)" =1 <n(1+a)" 1+ a/z -1 =51+ a)" ta/z. In
summary,

|h(z)| < A E + xin] .

4. Some Nonlocal Features of the Graphs

In this section, we deal with the subgraphs content and the mean number of
roots and leaves of the model of Section 2.1.
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4.1.  Subgraphs

The simple exchangeable structure of the generated random graphs makes it

possible to compute easily the mean value of the number of subgraphs “of a

given shape” contained in the graph, which can be used for the discovery of

“network motifs” [Shen-Orr et al. 02, Milo et al. 02, Milo et al. 04, Matias 06].
Consider a subgraph, with k& nodes and m edges, given by

H = {i1 —i@,1), 5010 = G(1my)s 12 = 6@2,1)5 -+ 55k = G(1)s -+ -5 5k = L(,mp) }s

: k
with »°." , m; = m. Of course,

P{H € G} = / 6, (d6,)
1

0527, (dbs) . . / 0" (dO).
[0,

[0,1] [0,1]

Denote by ¥ the set of all subgraphs isomorphic to H contained in the complete
n graph and by N(H), the cardinality of such set. Since the number Ny (G,,) of
graphs isomorphic to H contained in G,, can be clearly written as

Nu(Gn) =Y g€ G},

geT

it follows that
ENu(Gn)] = N(H)P{H € G,};

indeed, by exchangeability, P{g € G,,} = P{H € G,,} for every g in %.

For example, let us consider the k-cycles. A subgraph H is called a k-cycle
if it has the form i1 — i2 — -+ — i, — i1. If N, (G,) denotes the number of
k-cycles contained in G,,, then

BN, (6] =2() ). (11)

Things are slightly more complicated for rectangular matrices because in the
evaluation of N(H) one needs to take into consideration also the constraints
given by the fact that only m,, nodes can send outgoing edges. In what follows
we will discuss mainly the case of square matrices.

As we shall see, in the study of transcriptional networks, the 3-cycle iy —
l2,12 — 13,13 — 11 is called the feedback loop (£fbl), while the feedforward loop
(f£1) is a triangle of the form i; — is — i3,i; — i3. Following the procedure
described above, one gets

BN (G)] =2} )
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As for the evaluation of feedforward loops, we have

n

= 2 itn T . .
BN @l =6(;) [ raan) [ omutan 42)

It is worth mentioning that, in principle, it is possible to compute analyti-
cally the variance, as well as any other moment, of the number of subgraphs
isomorphic to a given subgraph. However, computations become lengthy and
cumbersome rather soon. As an example, we considered the variance of the
number of feedback loops and feedforward loops.

The key point is evaluating EN:s1 (G)? and ENze (Gr)%.  Again, for the
sake of symplicity, we will deal only with square matrices. It is clear that
ENz1(Gn)? = Yieq Yoses P{s,t € Gn}, where T is the set of all feedback
loops contained in the complete n graph. Analogously one obtains ENz1; (G, )?
taking as ¥ the set of all feedforward loops. Simple calculations give

s =1§) 13 i 25) 5

#600-3) (5 )t + a2 +2( )+ 8D,

where 6;,, = fol Oim,(df). As for N1, the computations are longer, but es-
sentially the same. The problem is that P{s,t € G, } can take many different
expressions depending on s and ¢. With straightforward but tedious calculations,
one gets

s = (o5 (o ()3 C) (7)o

with
Ay, =601 102, + 367 02,0 + 601,005 ,, + 303, + 03 .,
By, = 300105 ,, + 1807 ,,03 ,, + 665 ,, + 1807 ,,03.n
+ 1201 1102,1n03,5 + 662,n03,n + 303,
Cp = 6007 ,,03 ,, + 1203 ,, + 24011021030 + 1207, 04,1,
Dy, = 3607 ,,65 .-
Hence,

VarWasn(G) = 12(3 ) ("5 it + 60— 3) (5 ) kb + 283,

o)t ot 4 ) Rt
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and

Var(Nes (Gn)) = (’;) A+ (n—3) (;‘) By

(e o
with R, = [(5) = ("3°)).

4.2.  Roots and Leaves

We say that ¢ is a root if there is no edge of the kind j — i but there is at least
one edge of the kind i — j with j # i. Loops do not count. Conversely, we say
that i is a leaf if there is no edge of the kind ¢ — j but there is at least one
edge of the kind j — 7 with j # i. Again we exclude loops and isolated points.
Let £(G,,) be the number of leaves in G, and JR(G) the number of roots in G,,.
Of course, £(G,) = Y1, £i(Gy) and R(Gr) = > Ri(Gy), where £,(G,,) is
equal to 1 if 7 is a leaf of G, and 0 otherwise and, similarly, %;(G) =1 ifiis a
root of GG, and 0 otherwise. It follows that

Ri(Gy) =1 %XM:O 1-1¢ > Xi;=0¢],
j=1 j

and analogously,

n Mn

Li(Gn) =TI Xij=0p [1-IS > X;;=0
=1 =1,
Hence,
E[Li(Gn)] = (1 = pn)™" (1 = P{Sy 1, = 0}) (4.3)
and
E[R;(Gn)] = (1= (1= p)™ 1) P{Sni = 0, } (4.4)
and then

E[&(Gr)] = n(1 = pn)™" (1 = P{Sy—1,; = 0}),
E[mi(Gn)] =my(l—(1— U71)mn71)P{S7z,i =0}.
43.  Connected Components

One of the classic and most studied problems in the mathematics of random
graphs is the existence and the size of the so-called giant component (see, for
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instance, [Bollobds and Riordan 04b, Chung and Lu 06b, Chung and Lu 03,
Chung and Lu 06a, Durrett 07] and references therein). This is, in principle, an
important property if one wants to use the ensemble as a null or positive model
for a real-world system. In many empirical instances, such as the Internet, the
World Wide Web, and many biological networks, the existence of a very large
component can be observed directly. For this reason, if this property is absent, a
model could have limited applications. Of course, in our model the existence of
a giant component depends on the choice of the measure 7,,. A detailed study of
this problem is beyond the scope of this work, and it will be dealt with in future
papers. While, for the moment, we did not prove any general theorem, in some
interesting case, such as the power-law model defined by (2.2), one can study
the problem numerically. In this case, our simulations indicate the emergence
of a giant component for all values of the parameters, which makes the model
attractive for applications (see also [Bassetti et al. 07]). On general grounds, it
is not hard to see that for this example the probability that G, has only one
connected component goes to zero as n diverges (at least for 5 > 2 and square
matrices). This is a consequence of a more general proposition.

Proposition 4.1. Let m,, = n and assume that lim, oo (1 — p1,)" "1 P{S,; = 0} =
a >0, then
lim P{G, is connected} = 0.

n—-+4oo

Proof. If Y(n) = Y"1 | Y, , with Y, = I{S,,; =0, Z,, = 0}, then

) L Ver(¥() B ()
P{G, is connected } < P{Y(n) =0} < B2 () 1= E(Y2(n))’

Since E(Y'(n)) = nE(Y1,,) =nP{S,,;=0,Z,,; =0} and
E(Y (n)?) = nE(Y?,) + n(n — 1)E(Y1,,Y2,n)
= TLP{Sn,l = 0, Zn,l = 0}
+ TL(TL - 1)P{Sn71 =0, Zn71 =0, Sn72 =0, ZTL72 = 0}
=n(1— )" P P{Sp1 =0} +n(n — 1)(1 — p,)*" 2P{S, 1 = 0}?,

we get

P{G, is connected }

<1- (1 = pn)?" 2 P{Sn1 = 0}?
T = PP (S = 08 + (1= )" P{Sn = 0F

Taking the limit for n — 400 gives the thesis. O
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5. Threshold Properties in the Kernel of A,,

Another interesting facet of the exchangeable graph ensemble is its connection
with the theory of systems of random equations over finite algebraic structures.

This problem has fairly important applications in the theory of finite-state
automata, the theory of coding, cryptography, and combinatorial optimization
problems (satisfiability, coloring). Problems of this kind arise in many branches
of science, ranging from statistical physics (theory of glasses) to information
theory (e.g., low-density parity-check codes). (See, e.g., [Erdés and Rényi 64,
Erdés and Rényi 68, Kolchin 99, MacKay 99, Mézard et al. 02, Mézard et al. 03,
Murayama and Okada 03, Levitskaya 05].)

One interesting problem in random linear systems over finite algebraic struc-
tures is to prove a threshold property for the random graph G,, with adjacency
matrix X,, of dimension m,, X n. More precisely, one aims to prove that if m,,
and n diverge with n/m,, — v < 1, then an abrupt change in the behavior of the
rank of the matrix X,, occurs when the parameter v exceeds a “critical” value
~.. This property can be expressed in terms of the total number of hypercycles
in Gy, defined as

S(X,) = 2Ker(n) 1 = on=me (X)) — 1, (5.1)

where N(X,,) is the number of nontrivial (i.e., nonzero) solutions of the linear
system in GFq (the field with elements 0 and 1)

X2z =g, 0. (5.2)

Problems of this kind have been extensively studied for a few ensembles of ran-
dom graphs. (See, for instance, [Kolchin 99, Theorem 3.5.1] and [Levitskaya 05,
Theorem 1].)

In the next proposition, we give an exact expression for the mean value of
the number of solutions of the linear system (5.2). This expression can be used
to prove the existence of a threshold property for S(X,,). Moreover, the same
expression is a first step for a more exhaustive characterization of solution space,
which shall be dealt with in a forthcoming paper. All the proofs of this section
are deferred to Section 8.

In order to state the next proposition, we introduce the following notations.
Define

&n(i) = /[0)1](1 —20)"'m,(dO)

and
ZnZ{jE{O, 1, .. TL} |§n(]):0}
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Proposition 5.1. Assume that X,, is a random adjacency matriz of dimension m, X n
with law (2.1). Then,

whenever Z, is the empty set.

Using the previous result one easily obtains the following large deviation esti-
mate.

Proposition 5.2. If m,, = [%] (v <1) and (T0))n>1 converges in distribution to a
random variable T with distribution function F, then

lim log(EN(Xn)) = sup O,(z)=:1,,

n—+toomn z€[0,1]
with

O, (x) :=

log (1 + /[0 N )e_mdF(t)> — v (zlog(z) + (1 — z)log(1l — ) + 10g(2))] ,

whenever Z, is the empty set for n large enough.

Combining the previous result with (5.1), it is clear that, under the hypotheses
of Proposition 5.2, the mean number of hypercycles ES(X,,) can be written as

ES(X,) = (1 + o(1))(2" ™nerr P, — 1)

— (1+0(1)) (exp {n (fv - (% - 1) os(2 >} )

where P, is a function of n that is at most polynomial, i.e., 1/nlog(P,) = o(1)
(as n — +00). Hence, if I, > (1/v — 1)log(2), it follows that ES(X,,) diverges
exponentially in n as n goes to +oo, while if I, = (1/y — 1)log(2), it is sub-
exponential, that is, for some b > 0, ES(X,,)/n® goes to zero as n diverges.

In point of fact, we have the following lemma.

Lemma 5.3. If f[o ooy HAF () < +o0, then

sup O,(z) > 0,(0) = <% — 1) log(2).

z€[0,1]
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If
log(x) </ te%tdF(t)) =o(1) (x —0), (5.3)
[0,400)

then there exists a 7. such that for any v < 7.

sup ©(a) = 0,(0) = (£ 1) og(2),

z€[0,1]

while for v > ~.

sup ©,(z) > O,(0) = (% - 1) log(2).

z€[0,1]

In particular, if
1—F(t) =t PL(t) (5.4)

with 0 < f < 1 and L a slowly varying function, then (5.3) holds true.

In other words, under the hypotheses of Proposition 5.2, if (5.3) holds true,
then there exists a constant 0 < . < 1 such that

) ES(X,) [0 for some b =b(y) > 0 if v < 7.,
notoo nb | +oo forevery b>0if v > ..

That is, the above mentioned threshold property holds.

6. Other Models

In this short section we give some comments about the other two models pre-
sented in Sections 2.2-2.3.

6.1.  Completely Exchangeable Graphs

Most of the properties and quantities discussed in Sections 3, 4, and 5 can be eas-
ily established for the totally exchangeable case. Again, p, := Q{Xi(z) =1} =
f[o,l] 07, (df) and, for instance, the degree distributions (for a square adjacency
matrix) are given by

QS =k} = Q(Zny = k) = (Z) 05 (1 — 6", (d6).

[0,1]

Hence, for instance, we have the following proposition.
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Proposition 6.1. If (T7,),>1 converges in distribution to a random variable T with
distribution function F', then, for every integer j > 1,

k ek
Jim_Q{Sn, = k}:E[k|T ]:/0 SeTdR(®)  (k=0,1,...)

and

n—-+4oo

1 +oo 4k
lim Q{Z,, = k}:]EbT’“e—T] :/ %e‘tdF(t) (k=0,1,...).
. O .

For this model, quantities such as the mean number of subgraphs, roots, and
leaves are again easily computed analytically along the same lines described in
Section 4. For example, for motifs

QIHEeG,Y = [ 6™r(ds),
[0.1]

when

H = {iy = i@,1), 5010 = G(1my)s 12 = 42,1)s -+ 55k = G(k1)s -+ 5 Ik = S(kymp) )}
. k

with ), ; m; = m. Hence,

EQNu(Gn)) = N(H)Q{H € Gn}.

Finally, throwing triangular matrices with the same algorithm, one can easily
generate models for undirected graphs.

6.2.  Hierarchical Models

One interesting use of this variant is that it can be exploited to produce directed
graphs having power-law tailed in- and out-degree distributions with different
exponents. To illustrate this point, we will consider the following example.

Example 6.2. If v > 8 > 2, A > 0, A\y(da) o< Ij4,n/9007 "da and 7, (df]a) o
Lia/n07df, then Q*{S,1 = k} = a1k (1 + o(1)) and Q*{Z,1 = k} =
c2k™7(1 + o(1)). Indeed, it is easy to check (by means of a usual dominated
convergence argument) that

_1 _1 AV 1 +oo +oo
Jim Q*{Su1 =k} = G / / P TR e dtd o
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and, moreover,

—1)(y=1)AY—1 proe ¥
(8 )(Vk' ) / / QP11 =B ot ddoy
. A «

—1 1
= ,Z — 5PA,5(/€) - f—ﬁpA,»y(k).

In the same way it is easy to check that limy_.1 oo Q*{Z,,1 = k} = pu (k) with
u=A(B-1)/(8-2).

1. A Simple Two-Parameter Model

In this section, we focus our attention on random graphs generated by assum-
ing (2.2), and we shall specialize the results of previous sections to this two-
parameter model. This model has been suggested by a biological application.
Hence, before presenting the results, we briefly recall the main features of a
transcription network.

Transcription networks are directed graphs that represent regulatory interac-
tions between genes. Specifically, the link a — b exists if the protein coded by
gene a affects the transcription of gene b in mRNA formed by binding along DNA
in a site upstream of its coding region [Babu et al. 04]. For a few organisms,
such as E. coli and S. cerevisiae, a significant fraction of the wiring diagram of
this network is known [Lee et al. 02, Guelzim et al. 02, Salgado et al. 01, Har-
bison et al. 04]. The topological features of the graphs can be studied to infer
information on the large-scale architecture and evolution of gene regulation in
living systems. For instance, the connectivity and the clustering coefficient have
been considered [Guelzim et al. 02]. For this kind of analysis, one has to consider
null ensembles of random networks with some topological invariant compared to
the empirical case. The idea behind it is to establish when and to what extent
the empirical topology deviates from the “typical case” statistics of the null en-
semble. For example, a topological feature that has led to relevant biological
findings, in particular for transcription, is the occurrence of small subgraphs—or
“network motifs” [Milo et al. 02, Milo et al. 04, Wolf and Arkin 03, Yeger-Lotem
et al. 04].

As usual in statistical studies, the choice of the invariant properties for the
randomized counterpart is delicate. For instance, the null ensemble used for
motif discovery usually conserves the degree sequences of the original network.
The observed degree sequences for the known transcription networks roughly
follow a power-law distribution for the out-degree, with exponent between one
and two, while being Poissonian in the in-degree [Guelzim et al. 02, Cosentino
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Lagomarsino et al. 05]. These features suggest considering also alternative null
models for directed random graphs with Poisson in-degree distribution and (ap-
proximately) power-law out-degree distribution, which can be easily generated
with our model under (2.2). In the remainder of the paper, we will discuss this
case in more detail, showing explicit calculations of the observables discussed in
the previous sections.

1.1. In and Out Connectivity
By simple calculations from (2.2), we get the following:

o If 1 < <2, then

2-p
(B—1)a11-(2) 1 o’ 1(3-1)
n = - = 14+0(1)] asn — +oo.
,LL (2 _ 5)”571 1 . (%)176 nﬁ,l 2 _ 5 [ ( )]
e If 3 =2, then
Uy = (logn —loga) = 1Oﬂa[l +o0(1)] asn — +oo.
n—oa n

o If 3> 2 then

_B=1(E)
T (=) o

[e3

a(-1)
52

[1+o0(1)] asn— +oc.

The next proposition, which is a consequence of Proposition 3.1, shows that
Sp,i is asymptotically power-law distributed, while Z,, ;, at least with a suit-
able choice of m,,, is asymptotically Poisson distributed. One has to distinguish
among the different possible scalings for u,,. More precisely, we have the follow-
ing.

Proposition 7.1. Assume that (2.2) holds true. Then, for every o> 0 and 8 > 1,

lim P{S, ; =k} =pas(k) (7 >0,k>0).

n—-+4oo

Moreover, if > 2 and m,, = [0n] (§ € (0,1], [y] being the integer part of y),
then

: e AP :
where A = 6?5(6_5)1). If B =2 and m,, = [6n/log(n)], then
—da § k
lm P{Zm,,; =k} = 0D g ks 0).

n—-oo !
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If1 < B <2 and m, = [on’~1], then

. e~k )
where A\ = %.

It is worth noticing that asking for a degree distribution that brings to an
out-degree having a power-law tail with divergent mean (8 < 2) poses a heavy
constraint on the number of regulator nodes (the rows of the matrix).

1.2. Subgraphs

We will discuss mainly the case of square matrices, where calculations are simpler
and conceptually equivalent.

121, E-cycdes. Under (2.2), using (4.1), if 8 > 2, then

g _ 1 [aB-1)7"
i FEWG) =  [F7557]
li L E(Ne, (Gn)) = =
P logye V(G = g

and if 1 < 8 < 2, then

. 1 1L ((B=1a’1\"
WH 2nk<2—ﬁ>EWCk(G"”:H( =5 ) |

122, Triangles. The feedforward loop is a classical example of “network motif,”
i.e., it is overrepresented in known transcription networks. Conversely, feedback
loops (which in principle could form switches and oscillators) are usually under-
represented (“anti-motifs”) in transcription networks [Shen-Orr et al. 02, Milo
et al. 04].

Here, we evaluate, for our model, the mean number of feedback loops versus
feedforward loops. Under (2.2), (4.2) yields

5_ 1)2 1 B 1 B
ENis1 (G :6(”)71(7/ 02 ﬁda/ 6'~5dp.
ffl( ) 3 [(5)5_1_1]2 a/n a/n
Hence, if § > 3, then

lim ENon (Gy)) = =D

noe B-0)(F-7) Sl BN (Cn) =
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if 8 = 3, then

o BN (Go) =
if 2 < 8 <3, then

a’(B—1)?

EWNen(Gn) = G- =3

lim
n—-+o0o n3*5

if 8 =2, then
1
lim ——E(N:n1 (Gn)) = o

n—-+oo n log n

and finally, if 1 < § < 2, then

0 2(3 1

lim ;E(J\/’ffl(Gn)) = m

n—-+o0o n5*25

At this stage one can give the scaling behavior of the ratio of the mean number
of feedback and feedforward loops, which is

nf-1 if 1<p<2,
n/(logn)? if B=2,

%N 3-8 if 2<p3<3,
fbl( n) logn if ﬂ: 37

where A = 3(8 — 2)%(8 —3)"1(3 —1)"! > 1. Here and in what follows we
use a, ~ b, to denote a, = b,(1+ o(1)) as n — +oo. Thus, the £f1 always
dominates, although there is a wide range of regimes. Note that the dominance of
feedforward triangles is even stronger if one considers the rectangular adjacency
matrices discussed in Section 7.1. For example, for 1 < § < 2 and rectangular
matrices with m,, = nf~1, we calculate

IE-/\/ffl (Gn)

_— ~

EA/fbl (Gn)
As for the variances, for instance, one obtains

n>2-F) if 1<p<2,
Var(Newi (Gr)) ~ { (logn)* it g=2,

$ag=5)? if B>2.
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1.3. Roots and Leaves
By simple computations, from (4.4) we obtain the following:
o If 1 < <2, then

B-1 s

1i£n n%ﬁ log[E(9Ri(Gn))] = — —

and hence E(R;(G,)) ~e 25 "

o If 3 =2, then
li log[E(R:i(Gr))] = —
im o 0glE(R(G.))] = —a
and hence E(R;(G)) ~ ==.

o If 3> 2 then
limE(R;(Gy)) = (1 — e~ 52%)pg 5(0).

Analogously, from (4.3) we derive the following:
o If 1 <3< 2, then

ﬁ_laﬁfl

1
lim = log[1L ~ B(:(Gn))pa,s (0) '] = ~5—

B-1 B—1,2-8

and hence E(L;(G,)) ~ (1 —e =8¢ )Pa,5(0).
o If § =2, then
: 1 -1 _
lim Togn log[l = E(£:(Gn))Pa,p(0)” ] = —a

and hence E(£;(Gr)) ~ (1 — =5 )pa,s(0).
o If 3> 2 then

lim B(L:(Gn)) = (1 — ¢ 7%)(1 = pa5(0));

Combining all the previous statements, we get E(£(G,,)) ~ n while

e 1< B <2,
E(R(Gn)) ~{ nl- if3 =2,
n if 8> 2,

where \? = gf_éaﬁ“.
In concrete applications, these properties can be used, for example, to impose
a well-defined scaling for the roots-to-leaves ratio of the null network ensemble.
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14.  The Hub

In Section 3.2, we already explored the implications on the limit laws of the
maximally connected node of a power-law distributed out-degree. Using that
result under (2.2), it is possible to prove an explicit limit theorem for the size of
the hub.

Proposition 7.2. For 3 > 2 and for every positive number x,

H, -
lim P{b— < x} = e~ (/®)" (7.1)

n—-+4oo n

with my, =n and by, =n"P=Y_ For 3 =2 and for every positive number z,

lim P {ﬂ < x} = e*(o‘/””)ﬁ_1

n—-+4oo bn

with m,, = b, =n/logn. Finally, for 1 < 3 <2 and m,, = n71,

. H, (e x)B1
lim P{— < x} = e~ (@/2) ]1(071)(33) +H[17OO)($)

n—-+4oo n

for every positive x.

Remark 7.3. (a) Recall that e_("‘/m)ﬁflﬂ[mﬂo)(a:) is the Frechet type II extreme
value distribution, that is, one of the three kinds of extreme value distributions
that can arise from the limit law of the maximum of independent and identically
distributed random variables.

(b) Note that in the last case the limit distribution is not exactly of extreme
value kind and the probability of finding a hub of size n is asymptotically finite
and equal to 1—e~(®”"", This concentration effect was already noted [Itzkovitz
et al. 03] for another kind of random graphs ensemble.

Proof of Proposition 7.2. Let 5 > 2. In the same notation of the proof of Proposi-
tion 3.7,

8-1
BN g a 1-8 a
F"(t)_ﬂ{ﬁét}nﬁfl—aﬁfl(t _1)+H{ﬁ>t}’

hence n = — 1,

and
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The thesis follows from Proposition 3.7 and Lemma 3.8, noticing that

|7 ()] §C<((nﬂ%+1)ﬂ{% >t}+#).

Arguing essentially in the same way, one can prove the statements for g < 2.

For 3 > 2 one can guess that E[H,] ~ n'/(®=1 as claimed in the analysis of
another scale-free random graph ensemble [Itzkovitz et al. 03]. In point of fact,
we have the following proposition.

Proposition 7.4. If 5 > 2 and d is such that 3 —d > 1, then

Proof. We begin with the case d = 1. In Proposition 7.2 we proved that (Y;,)n>1 :=
(H,/nY)p>1 converges in distribution with v = 1/(8 — 1). So, it is enough to
prove that (Y;,),>1 is uniformly integrable, i.e.,

lim  sup E[|Y,|I =0.
Jm supE[Yn [Ty, j>r] =0

(See, for instance, [Kallenberg 02, Lemma 4.11].) Note, first, that

+oo
E[|Yo Ty, 2] <LP{ﬂ >L}+/ <1—P{E <x}) dz.
ni= nYy L n”y

Now, by (7.1),
H, g
LP{—7 > L} <CL(1—e LY
n

for a suitable constant C;. Hence, limy,_. o sup,, LP{H,/nY > L} = 0. As for
the second term, setting Fg, (x) = P{S,, < z}, one has

1—P{H—: < x} =1 [Fs, (an")]"

— 1 - exp{nlog(Fs, (an™))}
[using 1 — e* < —x]

< —nlog(1—(1 - Fs,(zn")))

< (14 Co)n(l — Fg, (xn?)).

/LJFOO <1 — P{H—;I < x}) de < (1+ 02)/+oo n(l — Fs (zn?))dz =: I,

L



390 Internet Mathematics

B—2
since 1 — Fg, (xn”) =0 if znY > n, that is, if x > n5-1,

, _ _(B-)(+Con /’“"251/1
" nﬁ_l(aglq _nﬁ—l—l) L a/n,

Now, if L > (8 —1)/n7, then [xn"] +1 > 0 for every x > L; hence,

(Z) 058 (1 — 9)"*dfdz.

=[zn7]+1

nf2p-1 n

Ingcgnz—ﬁ/ 3 (Z)B(n—k+1,k—6+1)dw

L k=[zn7]+1

MY D41 " T(k—B+1)
_ 2—f 7
Csn /L T(n—pB+2) 2. NS

’I’Lﬁ_zﬁfl n 1
< C4n/ Z k—gdx

L

k=[zn7]+1

it follows that

I <c/+°° A V<o
ne L \0]) T T TP )

The proof of the case with d > 1 follows an identical procedure, with /¢ in
place of z and L'/ in place of L. O
1.5.  Random Linear System in GIF
Under (2.2) one has
1 b=t
— ,B-1 _
F(z) = a (5—1)/ it = (“W) (@>a).

[e3

Hence, applying Lemma 5.3, one has that, if 1 < § < 2, then there exists a
constant 7y.() such that

lim

n—-+4oo n

ES(X,) [0 for some b = b(y) if v < v.(6),
b | +oo forevery b>0if v > v.(6).

While, if 8 > 2, no threshold property holds since fOJrOO zdF(x) < +00.
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8. Appendix

Proof of Lemma 3.6. Let k > ~, where k is an integer. By hypothesis,

T(k+1) /+°° =y
T = L ——eTO)
T+ D~ ), Th—rrn¢ €0

where G(z) = f(o 2] t7dF(t). Summing both sides on k, one can write

M+[y]+1 +oo
I'(k+1
> ﬁpk = /O Sy (t)e ™" dG(t)

k=[]+1

with
M+['Y]+1 tk_»y+1 trn+1/,Y

M
dyar(t) = ) Th—v+1) ZI‘m—Fw—i—l)

k=[v]+1 =0

and v, := [y] + 1 —~. Hence,

o D(m + 7] +2 +oo -
Z ;m+y+1))pm+l+['y] :A Oy (t)e th(t). (8.1)

m=0

Now, for every t > 0 and v, in (0,1), by 5.2.7.20 in [Prudnikov et al. 86], one
has

—+oo
tm+”’v
li = _ t)e
M—lg-l ¢V7 ( ) rnzo F(m—l— V’y 4 1) g(l/y; )e ’

where

1 T
g(vy, ) = m/o e Tdr.

Moreover, ¢ a(t) > 0 and the convergence is clearly monotone. Hence, taking
the limit as M goes to +oo in (8.1), by monotone convergence one obtains

7] +2)

“+o0
P (m + T(m + vy + 1) i = /0 gl DETAE(E),

with fOJrOO g(vy, t7dF (t) < +oo if and only if

+oo

Z L(m+ [y +2)T(m+ vy + 1) Dy < +00.

m=0
Now, since g(vy, ) is a distribution function, one has f0+°° g(vy, EVdF (t) < +o0
if and only if f0+oo t7dF (t) < +o00. Moreover, since

L(m+ ] +2)T(m+ vy +1)7" = (m+ [y] + 1) pagarpy (1 + o(1))
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as m — +00,

“+o0

Z C(m+ N+ 2)T(m+ vy + 1) Prgity < +00
m=0
if and only if
—+oo
Z (m+ [+ 1) Pty < +o00,
m=0
which proves the lemma. 0

Proof of Proposition 5.1. Denote by M (m,,, n) the set of all m,, xn adjacency matrices.
The number of solutions of linear system X% 2 =g, 0 is defined as

NXp) = > Xz =cg, 0}.

z€GFy'™

Now note that Lt (1)
_|_ _ xT
{x =gr, 0} = g

and write

ENXa) = D P{Xa=4) ) ﬁ1+(—1)ii:?<An>ifzi

Ap €M (my,n) z€GF,'™ j=1

Using (2.1), rewrite the last expression as

EN(Xy)

=27 Z Z /[0,1]Mn [ﬁ 7rn(dai)‘| ﬁ (1 + (_1)22171(An)ij90i)

2€GF'™ Ap €M (may,n) i=1 j=1
(it ooy
j=1i=1

=2 " Z / ﬁwn(d&-) ﬁ Z (1 + (_1)27;"1(An)ijzi)
[0,1]mn 524

zeGFy'™ J=1(A,);EGFy™
xH@MMa-ml“”ﬂ’
i=1

where (4,); = {(An)1j, - s (An)m,;} and (A,);; is the element in position
(i,7) of matrix A,,. Since the above expression in square brackets is independent
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of j, EN(X,,) can be written as

EN(X) =27 3 / [H m(den]

z€GFy'™ i=1

My,

% Z (1+( qlar)Haal _ 1aL

a€GFy'™

At this stage note that

Z 1_[9aI _ laL:1

a€GFy'™ i=1
and then
EN(X,) =27 Y / Hwn (db;) ]
wEGF;n" [0 1]7 ™o li=1
< |1 4 Z nm tasx; H 9;” (1 o ei)l—ai
aEGFL'™ 1=1
—_9n Z / Hﬂ'n(d@)]
zegrypn Y 0™ [i=1
T Tipn \Gi 1—a;
1+ D (=nme)™ (1 -6y ] .
i=1a,€GF,
After summing over a;, we have
EN (X Y / [Hwn(dﬁi) 1+H 1—6;(1— —1)%)1 .
segrypn 0™ [
(8.2)
Now, using
1—(=1)*

H{Cf =GF, 0} = 9 ,

where z =z + 1 in GFs, (8.2) can be written as

EN (X Y /01] N l]‘[wn d9;)

z€GF,'™

1+ H (]. — 26; H{fl =GF, 0})‘| .

i=1
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Moreover, since
(1 — 260, 1{Z; =g, 0}) = (1 — 20;) 7 =em=0%
we can rewrite the mean number as

EN(X,)=2"" ) / [ﬁm(dm)

zeGFy'™

M n

1 T (26,70

i=1

After the expansion of the last square bracket, we obtain

n My,

EN(X,) =2~ ”Z < > I > / (1 — 20;)H{Fi=0e0}5

i=1x;EGF2
:2”2( )H > & ({zi =cr, 0}4) .
j=1 i=1xz,€GF

Finally, it is easy to see that the last sum is independent of 7. Then,

EN(X,,) = 2*"i (?) l > & ({o =cr, 0}))

My,

j=1 7€GF;
ZQ"Z() (14 &)™ O
Jj=1

Proof of Proposition 5.2. First of all, observe that
E ™" ( ) exp {n¢n (—])} ,
n

() = "2 log(1 + €a(am) = "% log (1 . {(1 - %) ]) |

where

Now recall that one of the most classical examples of a large deviation estimate

is
( > M far (/M)

= swp (1)~ {wlogla) + (1~ 2)log(1 — ) +log(2)}]

lEP—‘
1B
3
=)=
=
(0]
gME
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whenever limas— oo SUP,epo,1) [ fa(2) — f(2)] = 0, f being a continuous function
on [0,1]. (See, e.g., [Ellis 06, Theorems 7.1 and 10.2].) Hence, the thesis follows
if we prove that for every K < +o00

1
lim  sup [on(2) — ~log [ 14 / 2R | =0, (8.3)
v [0,400)

n—-4o0o |$|§K

To prove (8.3) it is enough to prove that for every K < 400

Mz
<1 o 2TM> o 672Tw

E
M

lim sup

= 0. 8.4

t

Since Ths converges weakly to T" and e™* is a bounded and continuous function

on [0, 4+00), then

lim Ele 2™ — 72T = 0. (8.5)
M—+o00

Moreover we claim that

lim E

i =0. (8.6)

L2\ o,
M

To prove this last claim, set ¢,(z) = (1 — =)" and note that ¢, converges

uniformly on every compact set to e~ *. Hence, given K,

lim  sup |pap(z) —e | =0.
Mﬂ*"omgKl )

Moreover, since (Tar)ar>1 is tight, for every e there exists K > 0 such that
sup > P{|Tm| > K} < e. Now, |(1 — 24)M — 72T | < 2, and then

2T \ M
lim E (1——M> — e ?Tm

M—+co M

< lim [sup |¢pnm(x) —é(2)| + 2P{|Tm| > K} < 2e.
M=o ja| <K

That is (8.6). Finally, given a,b in [—1,1] and = > 0,

xr T d xr
la® = b"[ < sup |——y"[la—b| = zl|a —b;
y€e[—1,1] dy
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hence, since 0 < Thy < M, one has —1 <1 — QTWM < 1 and then

E (1 — %)Mr — e_QTI]
<E|(1- QTWM)Mz — 2| | R|e2The _ o= 2T (8.7)
i {E (1 B QTWM)M _ e 2Tu| 4 Rje2Tu _ 62T|} '
Combining (8.5), (8.6), and (8.7), we get (8.4). 0

Proof of Lemma 5.3. Note that, for every x in (0, 1),

d 2 ) te T FdF (1)
Lo (o) = o™
dx L4 [io o) €7 2"1dF (t)

~ —ylogx + vlog(l — z).

Hence, if f[o ooy HAF (t) < 400, then lim, o+ d/dz ©(x) = +00 and then © is
strictly increasing in a neighborhood of 0. This last fact implies that

sup O,(z) > 0,(0) = <l - 1) log(2).
z€[0,1] Y

If (5.3) holds true, then lim, .o+ d/dx ©,(z) = —oo, and hence there exists 7.
such that for any v < 7,

1
s 0,() = 0(0) = (- 1) 1oxc2)

Now set
T +o0 400
A(z) :/ tdF(t) and H(s) ::/ te " dF(t) :/ e SdA(t).
0 0 0

The well-known Karamata tauberian theorem (see, e.g., [Feller 71]) yields that,
given ¢ > 0 and L slowly varying, H(s) ~ s~ ?L(1/s) as s goes to 0 if and only
if A(xz) ~2°L(z)/T'(1+ o) as « goes to +oco. Hence, it remains to prove that if
(5.4) holds true, then A(x) ~ 2 L(z)/I'(1 4 o). Observe that

A(z) = —L(z)2z' =% + /Ow s PL(s)ds.

At this stage the claim follows since it is easy to check that fow sPL(s)ds =
' =B L(z), where L(z) is still slowly varying. 0
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